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Abstract—Previous studies have been conducted on building
emotion recognition frameworks and enhancing their perfor-
mances using Electroencephalography (EEG) and eye tracking
signals. However, the differences between experts in art and non-
experts in emotion recognition still remain to be elucidated. In
this paper, we systematically evaluate the performance of various
computational models for emotion recognition in response to
oil paintings and identify the differences between experts in
art and non-experts. The experimental results demonstrate that
Transformer neural networks achieve the highest accuracies of
65.27% in three-category emotion recognition (negative, neutral,
and positive) in response to oil paintings. Although the overall
emotion recognition accuracies of the two groups are similar, the
mean accuracy of the non-expert group for positive emotion is
higher than that of experts, and the expert group has higher
recognition accuracy in neutral emotion than the non-expert
group. We further investigate the neural patterns of the three
emotions in the two groups. The experimental results indicate
that neural pattern differences do exist in both emotions and
artistic expertise. The parietal and occipital lobes are more
activated for positive emotion in the artistic expert group in the
alpha, beta, and gamma bands. Our proposed methods provide
an understanding of underlying emotion-expertise neurological
mechanisms and cognitive processes.

Index Terms—Artistic expertise difference, emotion recogni-
tion, oil paintings, EEG, eye tracking.

I. INTRODUCTION

Emotion is an important component of all human activities.
In recent decades, extensive efforts have been devoted to
the automatic recognition of emotional states from speech,
facial expressions, and physiological signals. As many of
the physiological signals are bodily responses and hard to
be deliberately controlled by users, physiological signals are
considered reliable and valid indicators of human emotions
evoked by different stimuli. One of the most common physio-
logical signals for measuring emotions is Electroencephalog-
raphy (EEG). As a physiological signal that directly measures
brain activities, EEG has been demonstrated to be a simple,
reliable, and easy-to-use solution for recognizing emotions and
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demonstrating the emotion-related neural patterns [1]. Similar
to EEG, eye tracking has been extensively used to detect
conscious and unconscious activities [2]. Some complex eye
tracking features, such as pupil diameter, gaze behavior, and
scan-path, are found to be reliable indicators of personality
traits, attention, and emotions.

In addition to designing the emotion recognition frame-
work using EEG and eye tracking signals and enhancing its
performance, many previous studies have focused on iden-
tifying group differences (such as gender, culture, age, efc.)
in emotion recognition. For example, Davidson et al. [3] re-
vealed significantly greater relative right-hemisphere activation
during emotion versus non-emotion trials in females. Males
showed no significant task-dependent shifts in asymmetry
between conditions. Liu et al. [1] reported that, from emotion
recognition accuracies, EEG and eye tracking can adapt to
Chinese, German, and French cultural diversities and that a
cultural in-group advantage phenomenon does exist in emotion
recognition with EEG. Langeslag et al. [4] found that, in both
younger and older groups, recognition accuracy is not affected
by emotion and that the response bias is more liberal for
unpleasant pictures.

However, few studies have explored the emotion-relevant
difference between art experts and non-experts. In fact, some
differences between the two groups viewing paintings do
exist in terms of aesthetic evaluations. For example, com-
pared with non-experts, experts in the art appreciate origi-
nal paintings more than altered versions [5] and pay more
attention to the composition (such as lines, shapes, colors,
etc.) [6]. Researchers find that the EEG phase synchronization
is higher, particularly in the delta and gamma bands in the
right hemisphere and in the posterior brain regions, when
experts are asked to imagine a painting after viewing it [7].
However, the emotion-related differences between experts in
art and non-experts still need further investigation through
quantitative models to understand the underlying emotion-
expertise neurological mechanisms and cognitive processes.

In this paper, we systematically evaluate the performance
of various computational models for emotion recognition in
response to oil paintings and compare the differences be-
tween experts in art and non-experts. The experimental results
demonstrate that Transformer neural networks achieve the
highest accuracies of 65.27% in three-category emotion recog-
nition (negative, neutral, and positive). The mean accuracy for
positive emotion of non-experts is higher than that of experts.
In contrast, the expert group has higher recognition accuracy
in neutral emotion than the non-expert group. We further
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analyze the classification results and neural patterns in two
dimensions: emotions and artistic expertise. The experimental
results indicate that neural pattern differences do exist in both
emotions and artistic expertise. The parietal and occipital lobes
are more activated for positive emotion in the artistic expert

group.
II. EMOTION EXPERIMENT DESIGN

Our emotion recognition and artistic expertise analysis rely
on EEG and eye tracking signals recorded simultaneously
from participants in response to an oil painting appreciation
followed by a rating task. The designed emotion experiment
is described in this section.

A. Participants

Twenty-four participants aged from 18 to 39 (9 males
and 15 females; age 23.50 + 4.3) were recruited from
the university for our neurophysiological experiments. Each
had normal hearing and self-reported normal or corrected-to-
normal vision. Each participant was asked to complete the
Assessment of Art Attributes (AAA), which is a classical
instrument designed to assess six formal-perceptual and six
conceptual-representational attributes [8]. Following the crite-
rion proposed in AAA, 12 of the participants (2 males and
10 females; age 23.83 + 5.34) were considered experts in
art, and the other 12 participants (7 males and 5 females;
age 23.16 + 2.97) were considered as non-experts. Each
participant was also asked to fill out the Eysenck Personal-
ity Questionnaire (EPQ) before the experiment, which could
measure the personality of an individual in three independent
dimensions: Extroversion/Introversion, Neuroticism/Stability,
and Psychoticism/Socialization [9]. Those who turned out to
be stable extroverts were selected as the subjects. To avoid
the interference of brain laterality effects to our study, all
participants enrolled were right-handed.

B. Stimuli

The way in which emotions are evoked is of great im-
portance in emotion experiments. The stimulus materials
commonly used in emotion research include sound, movie
clips, and static pictures. For our emotion experiments, 114
carefully selected oil paintings from the public artwork dataset
WikiArt were used as stimulus materials to evoke three
types of emotions (positive, neutral, and negative) [10]. The
selected oil paintings were created between the 16" and 19"
centuries. The selected paintings covered most major artistic
styles (e.g., Baroque, Rococo, Realism, Post-Impressionism)
and five genres (i.e., portrait, animal, still life, cityscape,
and landscape), thus enriching the diversity of the content of
the paintings and better evoking emotions. To eliminate the
influence of contrast, clarity, color-saturation and sharpness, all
the paintings were uniformly adjusted with Adobe Lightroom
Classic. All the paintings were manually screened and rated
by at least 7 human assessors into three emotion categories
(negative, neutral, and positive).

Trial N-1 Trial ¥ Trial N+ /
&
i ﬁ ) |
\ Hints H Painting Display }—»\ Hints H Self-assessment
5 seconds 30 seconds 5 seconds No time limit
Fig. 1. The protocol used in our emotion experiment.
C. Protocol

The detailed experimental protocol is presented in Figure 1.
There was a 5 s hint of start before each oil painting display
and a 5 s hint of rating after the oil painting display. Following
the rating hint, participants were told to report their emotional
responses with both arousal and valence dimensions. In total,
there were 60 trials for each experiment. Each trial contained
an individual painting selected from a total of 114 paintings.
In the whole experiment, EEG data were recorded using
an ESI NeuroScan System at a sampling rate of 1000 Hz
from a 62-channel active AgCl electrode cap according to
the international 10-20 system. Simultaneously, eye tracking
signals were recorded at a sampling rate of 120 Hz using a
Tobii Pro X3-120 screen-based eye tracker.

III. METHOD
A. Data Preprocessing

For EEG signals, the raw data are downsampled to 200 Hz
to accelerate data processing, reduce redundancy, and increase
the amount of information per unit time. A bandpass filter
between 1 Hz and 50 Hz is used to eliminate noise caused by
environmental factors. Since differential entropy (DE) features
performed better in the previous related work [11], we extract
the DE features from raw EEG data using short-time Fourier
transform (STFT) with 4-s non-overlapping Hanning windows.
The DE features are divided into the five frequency bands: §
(1-4 Hz), 6 (4-8 Hz), o (8-14 Hz), 5 (14-31 Hz), and y (31-50
Hz). As for eye tracking features, the same method used in
[12] is applied to extract 23 features, including pupil diameter,
fixation, saccade and blink. The detailed features are listed in
Table II. Since emotion is indicated as a continuous psycho-
physiological state, the temporal dynamics of the emotional
state should be taken into account. We apply the linear
dynamic system (LDS) approach to smooth our extracted
features, which can filter out artifacts that are not associated
with emotional states.

B. Classification Models and Implementation Details

We compare the performance of the following models:
support vector machine (SVM) with linear kernel, k-nearest
neighbors (KNN), logistic regression (LR), and a Transformer
neural network [12]. The Transformer model [12] contains L
Transformer blocks to extract features and a linear classifier
to detect emotions. Each Transformer block consists of two
sub-layers: a multi-head self-attention, and a fully connected
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TABLE I
THE AVERAGE ACCURACIES (MEAN/STD)% OF DIFFERENT FEATURES AND CLASSIFIERS IN THE EMOTION RECOGNITION TASK.

EEG . .
Model Delta Theta Alpha Beta Gamma Total Eye Tracking | EEG and Eye Tracking
LR 39.08/9.01  39.31/8.65 37.90/9.67 44.51/7.89  45.59/9.06  45.07/10.53 44.08/7.77 46.49/10.18
KNN 41.10/7.12  43.20/8.59  41.09/8.19  43.91/8.12  46.87/8.79 44.25/8.38 44.58/5.84 45.49/9.40
SVM 46.65/7.71  46.04/7.06  46.72/7.09  50.06/6.62  51.16/7.93 49.20/6.91 49.96/6.04 51.49/7.70
Transformer | 56.90/5.52  56.08/5.76  56.15/5.97 59.82/6.81  60.58/7.48 61.56/5.53 60.49/5.25 65.27/6.26
TABLE 1II ity. The improvement indicates that the two modalities have

THE DETAILS OF FEATURES EXTRACTED FROM EYE TRACKING SIGNALS.

Extracted features
Mean, standard deviation and DE
in four bands: 0-0.2 Hz, 0.2-0.4
Hz, 0.4-0.6 Hz, 0.6-1 Hz
Duration mean, duration standard

Eye tracking parameters

Pupil diameter (Left and Right)

Fixation deviation, maximum, and
frequency
Duration mean, duration standard
Saccade ..
deviation, latency, and frequency
. Duration mean, duration standard
Blink

deviation and frequency

feed-forward network. Every sub-layer is started with layer
normalization and a residual connection is around each sub-
layer to retain the information of the input features and
enhance the model stability. The number of multi-head is
denoted as H. We feed the input samples with the overlapping
time window 7' to the Transformer model and take the average
of the transformed features on each window for emotion
recognition. The hyper-parameters of our Transformer model
T, L, and H are empirically chosen based on a grid search
in [2, 4, 6], [2, 4], and [2, 4, 6], respectively. We choose
AdamW as the optimizer. The learning rate is selected from
10[=2=3:=4] The weight decay rate is set to 0.01.

The feature sets we use are: 1) EEG features; 2) eye tracking
features; and 3) both features combined. The training and
test datasets are divided based on trials, meaning that the
samples of a trial are either in the training dataset or in the
test dataset. We perform a three-fold cross-validation on the
emotion recognition task using the above classification models
and take the average accuracy of each subject as the final
performance of the models.

IV. RESULTS
A. Emotion Recognition

To evaluate the recognition performance of EEG, eye track-
ing and both combined for the three emotions, we perform
a three-fold cross-validation for each subject on three feature
sets. We compare the performance of several models including
LR, KNN, SVM, and Transformer. Table I shows the average
recognition accuracies. As shown in Table I, the high fre-
quency bands (beta and gamma bands) outperform the low
frequency bands, which is consistent with the previous work
[13]. As can be seen, the accuracy of the combination of EEG
and eye tracking is significantly higher than single modal-

strong complementary characteristics for the three emotions.
From Table I, we find that Transformer obtains the highest
performance of 61.56/5.53, 60.49/52.25, and 65.27/6.26 in
percentages on EEG, eye tracking, and the combination of
EEG and eye tracking, respectively. The results indicate that
the attention mechanism has the ability to capture the emotion-
relevant properties and achieves better performance.

B. Expertise Differences in Emotion Recognition and Neural
Patterns

To investigate the expertise differences, the confusion ma-
trices of the expert group and the non-expert group for three-
category emotion recognition using Transformer are demon-
strated in Figure 2. As illustrated in Figure 2, EEG and
eye tracking signals can better distinguish negative emotion
compared with other emotions. By comparing Figure 2(a) and
Figure 2(b), we can see that the overall emotion recognition
accuracies of the two groups are similar. However, the mean
accuracy for positive emotion of non-experts is higher than that
of experts. In contrast, the expert group has higher recognition
accuracy in neutral emotion than the non-expert group.

12.44  17.40

31.02  18.63

23.42

23.11

True Label
Positive Neutral Negative

Negative Neutral Positive
Predicted Label

(a) Expert

Negative Neutral Positive
Predicted Label

(b) Non-expert

Fig. 2. Confusion matrices of the expert group, and the non-expert group
for three-category emotion recognition using the signals of the combination
of EEG and eye tracking. Each row of the confusion matrices represents the

target class and each column represents the predicted class. The element (i,
J) is the percentage of samples in class i that is classified as class j.

To further explain the artistic expertise differences in rec-
ognizing the three emotions, we project the average EEG
features to the brain topography and obtain the stable patterns
of the three emotions for experts and non-experts, respectively.
Figure 3 depicts the average neural patterns for experts and
non-experts. By comparing Figure 3(a) and Figure 3(b), we
find that the general responses of experts are more active
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(a) Expert

(b) Non-expert

Fig. 3. The average neural patterns of the three emotions in the expert and the non-export group. The EEG features are normalized to scales between 0 and

1 and averaged within each group, respectively.

for positive emotions, while the responses of non-experts are
more active for neutral emotions. In both beta and gamma
bands, the prefrontal lobe is less activated for both experts
and non-experts, while the temporal lobes on both hemispheres
have higher activations, which is consistent with the previous
work [1]. However, the parietal and occipital lobes of experts
are more activated than those of non-experts in the alpha,
beta, and gamma bands for positive emotion. The existing
studies have shown that the beta and gamma activities in EEG
reflect cognitive processing, such as active thinking and object
recognition [14], and the EEG phase synchronization in the
gamma bands is higher when experts are asked to imagine
a painting after viewing it [7]. When appreciating the oil
paintings, the experts may analyze the oil painting with their
artistic knowledge and end up with more activations of the
parietal and occipital lobes. This result could also explain why
positive emotion evocations are less effective for expert groups
in Figure 2, as the experts pay more attention to analyzing
the oil paintings using their artistic skills, thus causing the
neural patterns to be more diverse and reducing the recognition
performance.

V. CONCLUSION

In this paper, we have systematically evaluated the perfor-
mance of various models for emotion recognition in response
to oil paintings and identified the difference between artistic
experts and non-experts. The experimental results demonstrate
that Transformer neural networks achieve the highest accura-
cies in three-category emotion recognition (negative, neutral,
and positive). The overall emotion recognition accuracies of
the two groups are similar. However, the mean accuracy for
positive emotion of non-experts is higher than that of experts,
and the expert group has higher recognition accuracy in neutral
emotion than the non-expert group. We have investigated the
neural patterns of two groups. The result shows that the neural
patterns are different in both emotions and artistic expertise.
The parietal and occipital lobes are more activated for positive
emotion in the artistic expert group. Our proposed approaches
can provide potential quantitative models of human emotions

and artistic expertise to analyze both human mental states and
behaviors.
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