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Abstract— Collaboration between humans and robots is be-
coming increasingly crucial in our daily life. In order to
accomplish efficient cooperation, trust recognition is vital,
empowering robots to predict human behaviors and make
trust-aware decisions. Consequently, there is an urgent need
for a generalized approach to recognize human-robot trust.
This study addresses this need by introducing an EEG-based
method for trust recognition during human-robot cooperation.
A human-robot cooperation game scenario is used to stimu-
late various human trust levels when working with robots.
To enhance recognition performance, the study proposes an
EEG Vision Transformer model coupled with a 3-D spatial
representation to capture the spatial information of EEG, taking
into account the topological relationship among electrodes.
To validate this approach, a public EEG-based human trust
dataset called EEGTrust is constructed. Experimental results
indicate the effectiveness of the proposed approach, achieving
an accuracy of 74.99% in slice-wise cross-validation and 62.00%
in trial-wise cross-validation. This outperforms baseline models
in both recognition accuracy and generalization. Furthermore,
an ablation study demonstrates a significant improvement in
trust recognition performance of the spatial representation.
The source code and EEGTrust dataset are available at
https://github.com/CaiyueXu/EEGTrust.

I. INTRODUCTION

With the advancement of artificial intelligence and
robotics, machines are evolving into autonomous systems.
These systems are gradually taking over responsibilities from
humans in various aspects of daily life, such as household
robots and self-driving vehicles. In such dynamic and un-
structured scenarios, effective cooperation between robots
and humans becomes essential. The cooperation combines
the robot’s capabilities for comprehensive planning and rapid
execution with the cognitive abilities and adaptability of hu-
mans. Trust is of critical importance for the effectiveness of
the cooperation. It significantly influences human decision-
making and the extent to which they rely on autonomous
systems [1]. For efficient and seamless cooperation with
humans, autonomous systems should be able to recognize
human trust. This recognition allows the systems to predict
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human behaviors and make trust-aware autonomous deci-
sions [2]. For instance, they may depend on the perceived
level of trust to switch between autonomous and manual
modes [3], [4], or adapt their strategies of choosing between
high-risk or conservative approaches [5], [6], [7].

It is well established that recognizing human trust in
machines is a challenging task due to the multidimensional,
dynamic, and uncertain nature of trust dynamics [8]. Re-
searchers have developed various approaches to identify and
measure human-robot trust, with subjective reporting being
one of the most commonly used methods. This approach in-
volves designing questionnaires with single or multi-question
Likert scales to assess the human trust levels [8], [9],
[10]. Representative examples of subjective reporting scales
include Muir’s 4-item Scale and Jian’s 12-item Scale [9]. Al-
though subjective reporting can intuitively and conveniently
detect human trust, it has its limitations. For one, it may
interrupt the human-robot interaction process and cannot
be used for real-time measurement. Additionally, there can
be discrepancies between the reported trust levels and the
actual trust behaviors of humans, as Chen’s study revealed
[11]. Alternatively, human trust can be inferred by observing
their behaviors and decisions, guided by the principle of
rationality [12]. Examples of behavioral measures include
physical movement, active boundary entries, and compli-
ance with suggestions [13], [14], [15], [16]. These methods
provide real-time and objective measures for human trust.
Nevertheless, these methods often have limited applicability
to specific scenarios and are challenging to generalize across
different tasks. Given these challenges and limitations, there
is an emerging need for a generalized and real-time method
for recognizing human-robot trust.

Brain activities have been proven correlated to human trust
[17], [18], [19], including trust in robots [20], [21]. EEG is a
promising solution for real-time recognition of human-robot
trust due to its ability to measure the electrical activity in
the cerebral cortex with high time resolution. However, there
have been relatively few studies in this domain [22], [23],
[24]. Akash et al. [22] first made an attempt to measure
human-robot trust using EEG and Galvanic skin response
(GSR), achieving 73% accuracy. Choo et al. [23] proposed
a framework using the convolutional neural network (CNN)
classifier that achieved an accuracy of 94.3% for estimating
multilevel trust. Ajenaghughrure et al. [24] introduced five
traditional machine learning-based ensemble trust classifier
models and achieved 60% accuracy. These studies have
demonstrated EEG is effective in measuring human-robot
trust in real-time and is promising for application in various
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domains. Nevertheless, we have noticed that existing studies
have mainly focused on trust when humans are monitoring
the robot’s performance. Little attention has been paid to trust
within the context of human-robot cooperation scenarios.
In addition, these studies have generally treated the EEG
data from various channels as sequential data, ignoring their
spatial relationships. These spatial relationships have been
shown quite related to brain activities [25], with potential
enhancement for trust recognition.

In this study, we aim to achieve measurement of human
trust levels during human-robot cooperation using EEG.
Rather than simply observing robots, we employ a human-
robot cooperation game as a stimulus to induce varying
levels of trust. To the best of our knowledge, human-robot
cooperation has not been investigated as the stimulus within
the context of EEG-based trust recognition before. Regarding
the EEG-based trust recognition model, we propose a novel
model to capture the spatial information of EEG data, which
corresponds to brain activity. Unlike previous studies that
treat EEG signals as sequential data, we utilize a 3-D spatial
representation for EEG to encode topological relationships
among EEG electrodes. With the spatial representation en-
coding EEG as an image, we adapt the Vision Transformer to
introduce spatial attention mechanisms to effectively capture
the spatial features. Our main contributions are as follows:
(1) We deploy an experimental design for EEG-based trust

recognition during collaborative interactions between
humans and robots. This design employs a human-robot
cooperation game scenario as the stimulus. Statistical
differences demonstrate that our experiment effectively
induces varying levels of human trust when cooperating
with robots.

(2) We propose an EEG Vision Transformer model to
enhance EEG-based trust recognition. This model uti-
lizes 3-D spatial representations and spatial attention
mechanisms to capture the spatial features of EEG data,
ultimately improving the performance of EEG-based
human trust recognition.

(3) To validate the proposed method for recognizing human
trust using EEG, we have constructed a public dataset.
Our method achieves 74.99% and 62.00% accuracy in
the slice-wise and trial-wise cross-validation, demon-
strating its superiority over baseline models. Addition-
ally, the ablation study further demonstrates that our
model successfully captures spatial information and
enhances model performance.

II. MATERIAL AND DATASET

A. Subjective Experiment

1) Participants: Sixteen undergraduates from Tongji Uni-
versity were recruited in this experiment (2 females, age
24.6 ± 4.2). All participants were right-handed and had
normal or corrected-to-normal vision and hearing. None of
the participants had any history of neurological disorders.
The study was approved by the institutional review board
of Tongji University. All participants signed a consent form

Fig. 1: Experimental tasks, setup and protocol for EEGTrust.
(a) Overcooked-AI game paradigm. (b) Experimental setup.
(c) Experimental protocol.

before the study. Each participant received $26 USD as
compensation after completing the study.

2) Overcooked-AI Game: The experiment was developed
from the Overcooked-AI game, a benchmark environment
for fully cooperative human-AI task performance [26]. The
game, as depicted in Fig. 1-(a), featured human and au-
tonomous agents that had been pre-trained with reinforce-
ment learning to control one chef each in the kitchen. Their
objective was to cook and serve onion soup by placing three
onions in a pot, leaving them to cook for twenty seconds,
putting the cooked soup in a dish, and serving it, earning both
players a reward of 20 scores. To achieve a high reward in the
game, the human and AI players should split up the task of
delivering onion soups on the fly and cooperate effectively.
This required them to perform tasks such as passing items
to each other and dividing tasks while also predicting each
other’s trajectories and avoiding getting in each other’s way
within a limited shared working space.

3) Trust Stimulation and Collection: Previous studies
showed that human trust in a robot is greatly influenced by
the robot’s ability and the complexity of the task [27]. In
this experiment, we used these two factors as independent
variables to stimulate different levels of trust. In terms of
robot ability, we pre-trained robots with different ability lev-
els using reinforcement learning: high-ability robot (HAR),
medium-ability robot (MAR), and low-ability robot (LAR).
The abilities included task execution capability, human intent
understanding, and cooperation with humans. We also used
five different layouts with varying levels of difficulty to test
the task complexity. Layouts 1 to 3 were relatively simple,
while 4 and 5 were more complex. To collect human trust in
the robot, we designed a questionnaire modified from Xu &
Dudek [6]. The questionnaire contained three questions. All
questions were designed as 5-point Likert scales. The first
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two questions investigated participants’ subjective feelings
regarding the robot’s ability to perform the game task and its
ability to cooperate with humans. The last question assessed
the level of human trust.

4) Experiment Protocol: The experimental setup and pro-
tocol are depicted in Fig. 1-(b) and (c). We began by briefly
explaining the Overcooked-AI game and the task to the
participants. Subsequently, participants were asked to com-
plete a survey that included demographic information, EEG-
related questionnaires, and Overcooked game familiarity.
Following the completion of consent forms and two trial
runs for familiarization, the main experiment commenced.
In total, there were five layouts and three ability levels of
robots. Participants played with each robot twice within each
layout. The layouts were presented in a fixed order from
one to five. The assignment of robots in each layout was
randomized to ensure variability and prevent bias in the
experiment. Consequently, each participant had a total of
5× 3× 2 trials. Each trial lasted for 60 seconds. Following
each trial, participants were required to complete a post-
trial questionnaire to provide trust levels. It is worth noting
that participants were reminded not to move as much as
possible during the experiment and were given 10-second
breaks between trials. After the experiment, participants were
invited to finish a final questionnaire about their overall
satisfaction with the game.

B. Dataset Construction

1) Data Acquisition and Pre-processing: During the ex-
periment, EEG data were collected using an EEG cap
(G.TEC, Inc.) that had 64 active electrodes. The electrodes
were organized according to the 10–20 system. The sample
rate was set as 250 Hz. After the experiment, the EEG
was pre-processed. Firstly, the EEG data were re-referenced
with the Common Average Reference. Next, EEG data were
bandpass filtered between 0.5 to 60 Hz and notch-filtered at
50 Hz to remove the power frequency interference. EOG and
EMG artifacts were removed using independent component
analysis (ICA) [28]. All of these pre-processing steps were
performed using EEGLAB [29] and MATLAB (MathWorks).

2) Dataset Description: EEG data from each trial were
split into non-overlapping slices of one second, known as
cropped experiments. The reason for doing the cropped
experiments was that the predictions of shorter slices were
preferred than the trial-wise predictions in real-time recogni-
tion [30]. The trust level as labels relied on subjective trust
scores after each trial. These scores were weighted averaging
the scores of the three questions and normalized to trust
and distrust. The threshold was adjusted according to each
participant’s scoring distribution to ensure a balanced dataset.

III. TRUST VISION TRANSFORMER MODEL

A. Feature Extraction

In this study, we utilize the differential entropy (DE) as
the key feature for analyzing EEG data. DE is an extension
of Shannon entropy, specifically designed to quantify the
complexity of a continuous random variable. EEG data

typically exhibits a higher level of low-frequency energy than
high-frequency energy. Thus, DE has a well-balanced ability
to distinguish EEG patterns between these low and high-
frequency energies. DE was first introduced for EEG-based
emotion recognition by Duan et al. [31]. Building upon their
work, we employed a 512-point short-term Fourier transform
with non-overlapped Hanning of 1s to extract DE features.
The original calculation formula of DE is defined as follows:

h(X) =−
∫

X
f (x)log( f (x))dx, (1)

where X is a random variable, h(X) represents the differential
entropy of the continuous random variable X , and f (x) is the
probability density function of X . If the random variable X
follows a Gaussian distribution N(µ,δ 2), the calculation of
differential entropy can be simplified as follows:

h(X) =−
∫ +∝

−∝

1√
2πσ2

e
(x−µ)2

2σ2 log
1√

2πσ2
e
(x−µ)2

2σ2 dx

=
1
2

log(2πeσ
2).

(2)

In the context of EEG analysis, EEG data is typically
decomposed into five frequency bands, δ (1-3Hz), θ (4-7Hz),
α(8-13Hz), β (14-30Hz), and γ(31−50Hz). We extract DE
features from EEG data for the last four frequency bands
(θ ,α,β ,γ). For a specific frequency band i, the DE can be
defined as

hi(x) =
1
2

log(2πeσ
2
i ). (3)

B. 3-D Spatial Representation

An EEG acquisition system involves multiple electrodes
that cover the spatial extent of the cerebral cortex. Each
electrode has neighbors, and these neighboring electrodes
collectively measure the EEG from the underlying brain
regions. In this study, we propose a spatial representation to
introduce spatial information by mapping the EEG sequence
to a mesh grid based on the physical distribution of the
electrodes. Specifically, after feature extraction, the EEG
data is represented as a sequence [s1,s2, · · · ,sn]

T ∈Rn×d f (as
illustrated in Fig 2-(a)), where n is the number of channels,
d f is the dimension of the features, and si is a d f dimensional
vector that represents the time-frequency features of the EEG
signal from the ith channel. To transform this sequence into
a mesh grid, we use a transformation matrix T ∈ Rm×m,
where m represents the size of the matrix. The values in
matrix T are determined based on the spatial distribution
of electrodes in the EEG device. Electrode locations are
mapped onto the matrix by padding the matrix with electrode
values in their corresponding positions and assigning zeros to
positions without electrodes. In the case of our EEG system,
the electrode sequence can be mapped into a 9× 9 matrix.
The transformation matrix is defined as follows:

T =



0 0 FP1 0 FPZ 0 FP2 0 0
F9 AF7 AF3 0 0 0 AF4 AF8 F10
F7 F5 F3 F1 FZ F2 F4 F6 F8

FT 7 FC5 FC3 FC1 FCZ FC2 FC4 FC6 FT 8
T 7 C5 C3 C1 CZ C2 C4 C6 T 8

T P7 CP5 CP3 CP1 CPZ CP2 CP4 CP6 T P8
P7 P5 P3 P1 PZ P2 P4 P6 P8
P9 PO7 PO3 0 POZ 0 PO4 PO8 P10
0 0 O1 0 OZ 0 O2 0 0


. (4)
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Fig. 2: The architecture of our proposed EEG Vision Transformer for trust recognition: (a) The 3-D spatial representation
of EEG data. (b) The EEG Vision Transfomer model architecture.

Through the spatial mapping, the original EEG sequence
[s1,s2, · · · ,sn]

T ∈Rn×d f can be transformed into a 3-D spatial
representation liket11 · · · t1m

...
. . .

...
tm1 · · · tmm


T

m×m

∈ Rm2×d f . (5)

This spatial representation retains the d f -dimensional feature
information while also encoding the spatial arrangement of
electrodes.

C. Vision Transformer Model

In our study, the extracted DE features with 3-D spatial
representation could be considered as an image (EEGimage).
Then we utilize the vision Transformer (ViT) architecture
[32], a variant of Transformer, to introduce the spatial
attention mechanism for the task of trust recognition from
EEG data. Fig. 2-(b) provides an overview of our model.
Since the standard Vision Transformer expects a sequence
of token embeddings as input, we first reshape the 3-D
EEGimage into a sequence of flattened 2-D fixed-size image
patches before feeding it into the model. In particular, we
divide the 3-D EEGimage x ∈ Rm2×d f into sequences of
patches xp ∈RL×(p2×d f ), where m2 = p2×L, p represents the
patch size, and L is the number of patches. The Transformer
model maintains a consistent latent vector size D across
all of its layers. Thus, we flatten the patches and map
them to D dimensions using a trainable linear projection
E ∈ R(p2×d f )×D. Similar to how BERT employs a learnable
embedding for tokens, we utilize a learnable embedding
z0

0 = xclass ∈ RD for the patch embeddings. We also include
position embedding Epos ∈ R(L+1)×Dto encode positional
information. The resulting patch embeddings z0 ∈ R(L+1)×D

are obtained as follows:

z0 = [xclass;x1
pE;x2

pE; · · · ;xL
pE]+Epos. (6)

The embedded patches are then passed into the Vi-
sion Transformer encoders, which primarily consist of six

Multiheaded Self-Attention (MSA) and MLP blocks. Layer
normalization(Norm) and residual connections are applied
before and following each block, respectively.

z
′
l = MSA(LN(zl−1))+ zl−1,(l ∈ [1,L]). (7)

zl = MLP(LN(z
′
l))+ z

′
l ,(l ∈ [1,L]). (8)

IV. RESULT AND DISCUSSION

In this section, we present our statistical analysis of
the constructed dataset to evaluate the effectiveness of the
varying trust level stimuli among different ability-level robots
and task complexity. We then verify the trust recognition
performance of our proposed model. Additionally, we have
also conducted an ablation study to reveal the contribution
of the spatial representation to the trust performance.

A. Statistical Analysis of the Dataset

The subjective ratings provided by the participant regard-
ing task difficulty and robot ability levels are reported in Fig.
3. For each layout, the trust levels vary depending on the
robot’s ability level. HAR generally has higher trust levels,
while LAR has the lowest levels. MAR falls in between.
Regarding task complexity, simpler tasks in Layouts 1, 2,
and 3 result in higher overall trust scores and clear trust dis-
tinctions. However, in Layouts 4 and 5, where the scenarios
were more complex, pre-trained robots struggled with the
tasks, leading to lower overall trust scores.

In summary, there are significant statistical differences in
trust ratings among different conditions, indicating successful
elicitation of desired trust states. Besides, there are variances
in trust ratings, indicating intra- and inter-individual varia-
tion. It is worth noting that trust states tend to have greater
variance than distrust states. This can be easily explained by
the fact that humans typically tend to have less doubt when
not trusting something or someone, but more doubt when
choosing to trust.
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Fig. 3: The distribution of participants’ trust ratings in robots
for different task difficulties and robot abilities. The rectan-
gles are the 25% ∼ 75% distribution of the self-assessment.
The horizontal line at both ends is the range within 1.5IQR.
The intermediate lines are the median line. The hollow points
are the mean value. The solid points are the outliers.

B. Trust Recognition Performance

1) Experimental Setting: We evaluate the trust recognition
performance of the proposed model through two types of
experiment settings: i) slice-wise cross-validation and ii)
trial-wise cross-validation. In the first experiment setting,
we randomly shuffle the slices among trials for each subject
and then divide them into 10 folds. One of these folds is
selected as testing data. The remaining nine folds are utilized
as training data. The evaluation process is repeated 10 times,
ensuring that each fold has been the testing data once. In the
second experiment setting, we split the data from different
trials for one subject into training and testing sets, following
the methodology of [33]. In particular, 80% of the trials are
used for the training set, and the remaining 20% trials as the
testing set. The key difference between the two validation
approaches lies in whether the slices within a single trial
appear in both the training and testing datasets. Randomly
shuffling the slices among trials before the training-testing
split could result in slices within a single trial being present
in both the training and testing data. However, in real-
time scenarios, the highly correlated slices are never seen
by the model. On the contrary, trial-wise cross-validation
makes sure that slices within a single trial will not appear in
both the training and testing datasets. Therefore, the second
experiment setting is more consistent with real applications
and can further evaluate the model’s generalization across
trials.

To demonstrate the superior performance of our model, we
compare the proposed model with traditional baseline models
including Naive Bayesian (NB) [34], K-Nearest Neighbor
(KNN) [35], Support Vector Machine (SVM) [36], and one
deep learning-based model, CNN. Various metrics are used to
evaluate the performance of models to predict trust, including
accuracy, F1 score, receiver operating characteristic curve
(ROC), and the area under the ROC (AUC). The code is
implemented using the PyTorch library. To ensure a fair
comparison, all subjects were assigned the same hyperparam-
eters. The batch size is set as 128, with a learning rate of 1e-
4. The maximum training epoch is 500. The training process
was optimized using the Adam optimizer. To guide the

Fig. 4: Mean accuracy and F1 score of each subject for trust
recognition using our proposed model.

TABLE I: Slice-wise cross-validation results: mean and
standard deviation of accuracy and F1 score of the proposed
model and baseline models.

Method ACC std F1 std
NB 58.98% 6.18% 54.69% 12.99%

KNN 65.35% 6.50% 63.15% 6.07%
SVM 70.82% 7.96% 68.12% 8.14%
CNN 74.19% 6.34% 73.79% 7.07%

Our model 74.99% 7.60% 73.41% 7.95%

training, cross-entropy loss is selected as the loss function.
Both training and testing data were shuffled.

2) Slice-wise Cross-validation Results: The accuracy and
F1 score for each subject using the proposed model are
displayed in Fig. 4. The accuracies and F1 scores achieved by
our model across all subjects are distributed from about 65%
to 90%. Notably, the model exhibits the best performance
for Sub05, boasting an accuracy of 89.00% and a F1 score
of 78.59%. Conversely, the accuracy and F1 score for Sub04
are the lowest, with 65.14% and 64.16%, respectively. These
results reveal that our proposed model consistently demon-
strates good trust recognition performance during human-
robot cooperation using EEG for each subject. Nonetheless,
the recognition performance still views individual differ-
ences.

To quantitatively compare the performance of the proposed
method and baseline methods, the average accuracy and
F1 score across all subjects are shown in Table I. The
results reveal that our proposed model achieves the highest
accuracy of 74.99%. CNN achieves the highest F1 score
of 73.79%. Among the traditional models, SVM performs
the best, with an accuracy of 70.82% and an F1 score of
68.12%. Our model surpasses the SVM model by 4.17% in
accuracy and 5.29% in F1 score. These experimental results
demonstrate that the two deep learning-based models have
similar performance and significantly outperform traditional
methods in the trial-wise cross-validation experiment.

3) Trial-wise Cross-validation Results: Table II displays
the results of the trial-wise cross-validation. Our proposed
method outperforms the others, achieving a 62.00% accuracy
and 62.59% F1 score, respectively. In contrast, the CNN
method exhibits the lowest performance, failing to recognize
trust across trials. Among the traditional models, SVM per-
forms the best. Notably, our model surpasses SVM, boasting
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TABLE II: Trial-wise cross-validation results: mean and
standard deviation of accuracy and F1 score of the proposed
model and baseline models.

Method ACC std F1 std
NB 58.47% 5.43% 57.11% 15.02%

KNN 57.24% 8.55% 56.98% 9.74%
SVM 61.90% 6.69% 58.40% 11.96%
CNN 49.97% 7.55% 41.38% 11.17%

Our model 62.00% 7.96% 62.59% 7.66%

a 0.10% higher accuracy and a 4.19% higher F1 score.
Comparing the results between slice-wise and trial-wise

cross-validation, a general trend emerges where most mod-
els experience a decrease in the trial-wise cross-validation.
Specifically, CNN fails to achieve cross-trial recognition,
indicating a significant performance drop. In our method,
accuracy decreases by 12.99%, and F1 score decreases by
10.82%. The performance gaps between the two experiment
settings may be because trust is a continuous cognitive
process in the brain, where slices within the same trials are
highly homologous. In the slice-wise cross-validation, the
slices from a single trial are included in both the training set
and the test set. This setup allows models to capture the trial-
specific features, potentially leading to higher performance.

As for the generalization of different models, our model
manifests promising performance and a reasonable level of
generalization. However, it is noted that both deep learning-
based methods exhibit more decreases in performance in
the trial-wise cross-validation compared to the traditional
methods. This suggests that most deep learning methods tend
to have lower generalization compared to SVM and KNN.
These findings emphasize the need for further research to
enhance the generalization of our model in trust recognition
tasks across trials.

C. Ablation Study

In this study, we propose the 3-D spatial representation for
EEG and adapt the Vision Transformer to introduce spatial
attention mechanisms to capture the topological information
of the brain for the recognition of human trust levels. To
further investigate the contribution of the spatial represen-
tation to the model performance, we have conducted an
ablation experiment. This experiment involves comparing the
performance of the proposed models with (Our model SP)
and without spatial representation (Our model noSP), across
both slice-wise and trial-wise cross-validation experiments.

The results of the ablation study are summarized in Table
III. Additionally, to further demonstrate the effectiveness
of the spatial representation, we select Sub05 with the
best recognition performance as a representative subject and
depict the AOC and AUC in Fig. 5. As can be seen, the
ROC curves of models with spatial representation tend to
be closer to the upper-left corner compared to those without
spatial representation. Regarding average performance across
subjects from Table III, our proposed approach with spatial
representation achieves a 13.24% higher accuracy and a
12.24% higher in slice-wise cross-validation compared to the

TABLE III: Ablation study results: mean and standard devi-
ation of accuracy and F1 score of our proposed model with
or without spatial representation.

Experiment Method ACC std F1 std

Slice-wise Our model sp 74.99% 7.60% 73.41% 7.95%
Our model nosp 61.75% 4.48% 61.17% 5.41%

Trial-wise Our model sp 62.00% 7.96% 62.59% 7.66%
Our model nosp 56.39% 6.52% 49.83% 13.22%

(a) (b)

Fig. 5: ROC curve and AUC of the EEG trust recognition
models with or without spatial representation. (a) Slice-wise
cross-validation. (b) Trial-wise cross-validation.

approach without spatial representation. Similarly, in trial-
wise cross-validation, our method with spatial representation
achieves a 6.92% higher accuracy and a 12.76% higher F1
score. These results reveal the effectiveness of our 3-D spatial
representation in capturing spatial information of EEG data,
leading to significant enhancements in recognizing human
trust levels.

V. CONCLUSIONS

In this study, we achieved successful trust recognition
in human-robot cooperation using EEG. We introduce a 3-
D spatial representation and adapt the Vision Transformer
for capturing spatial information. To validate our approach,
we construct a public dataset, EEGTrust, for EEG-based
human trust recognition during human-robot cooperation.
Slice-wise and trial-wise cross-validation results demonstrate
that our model surpasses baseline models in accuracy and
generalization for deployment.

While our work shows promise, a limitation is the per-
formance variability across subjects. Future efforts will con-
centrate on enhancing our model’s adaptability and robust-
ness to individual differences. Additionally, EEG-based trust
measurement offers potential for real-time implementation,
driving our focus towards developing a software architec-
ture for facilitating trust recognition in real-time. Another
aspect of our future work involves analyzing the relationship
among EEG signals from different brain regions to enhance
trust measurement precision and contribute to neuroscience
advancements.
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