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ABSTRACT Emotion Recognition through electroencephalography (EEG) is one of the prevailing emotion
recognition techniques achieving higher accuracy rates. Nevertheless, one of the problems is the emotion
recognition for inter-subjects where accuracy measures are lower. This happens because the EEG is a
non-stationary signal which is resulting a domain shift across recordings of subjects, even under the
same emotions, thus making emotional patterns difficult to identify. Another common observation is the
emotion recognition of inter-subject and intra-subject by using all channels originating from the standard
EEG recording mechanism. This requires higher computational resources and deep networks which are
more complex including DenseNet, ResNet, etc. In this paper, we propose a novelty emotion recognition
classification model that offers a simplified structure and employs only the selected channels from the
32 recorded channels. Residing on a standard approach of transforming EEG data – Database for Emotion
Analysis of Physiological Signals (DEAP) – into 2D images using Short-Time Fourier Transform (STFT)
EEG signals for training and analysis. Follows the channel selection approach and makes use of a simplified
2D CNN model. The channel selection adopts a search and retention approach using the selected samples
of the data. The experimental results show that the performance of the proposed architecture improves
the accuracy of the inter-subject emotion recognition using 32 channels by 9.73% and 11.7% on valence
and arousal, respectively. While the use of the proposed selected channel method, with only 10 channels,
performance increased by 3.53% and 7.2% on valence and arousal classes, respectively. Thus, by keeping a
lower complexity level, the proposed architecture attains higher performance rates.

INDEX TERMS Classification, emotion recognition, inter-subject, spectrogram.

I. INTRODUCTION
Emotion recognition based on EEG signals has been
one of the prevailing problems in the biomedical and
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signal-processing domain. There are two methods by which
the task can be achieved in emotion recognition: using physi-
ological and non-physiological signals. Recognition of emo-
tions through physiological signals, EEG, renders an accurate
analysis option because it is difficult to fake [1], [2], [3].
Nevertheless, one of the challenges in recognizing emotions
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based on this method is their validation for inter-subject or
cross-subject, or independent subjects [4], [5], [6]. Domain
shifts in the EEG recordings across subjects make emotional
pattern recognition even more difficult. The existing models
make use of a large number of channels for the recognition
problem. This often gets associated with highly complex
deep learning models requiring large memory resources and
irrelevant information [7], [8], [9], [10].

The existing studies of open-source DEAP datasets offer
32-channel EEG signals targeting different parts of brain
activity [4], [11]. The sensitivity of EEG recording may
hamper the accurate recognition problem and therefore a
need for extracting the desired information from the recorded
signals is essential. However, the problem reappears when
we reduce the number of channels, and the performance
also decreases [12], [13]. To cater to this issue, researchers
have come along opting for highly deep networks including
DenseNet, ResNets, etc [4], [11], [14] and use all the chan-
nels. This is associated with a heavy computational load and
a highly complex network architecture making the learning
carried out by the proposed network difficult to follow. How-
ever, in this study, we will still see the performance of the
proposed architecture using 32 channels as well as the results
of the channel selection method which uses 10 channels. This
is done to carry out comprehensive and comparative learning.

The pre-processing methods for detecting emotions
through EEG signals are numerous. Currently, research is
focused on converting 1D EEG signals into 2D images and
2D frame sequences. This approach offers an easier analytical
interpretation of changes in brain activation areas [15]. In the
DEAP, research using 2D images is still minimal compared to
the use of 2D frame sequences. In addition, the performance
of emotion validation for the inter-subject is lower compared
to emotion recognition for the intra-subject or dependent
subject [16]. Performance differences can be around 5% [17]
or even up to about 20% [18], [19].

Emotional recognition through EEG can be validated using
two methods, namely intra-subject and inter-subject. Intra-
subject refers to a classification model where training, test-
ing, and validation datasets are generated from the same
individual through a suitable split [18], [20], [21], [22].
Inter-subject is defined as a classification model trained
on data from a set of subjects and tested on an unseen
dataset [18] [23], [24], [25]. Accurate recognition of emotions
for inter-subject is a research challenge, and there is a need
to devise such models that render better performance mea-
sures. This contributes to broader EEG-based emotion recog-
nition implementations. The study, therefore, involves both
the intra-subject and inter-subject implementations and per-
formance comparisons for the emotion recognition problem.

The motivations and contribution of the study are as
follows:

1) The inter-subject performance is generally lower com-
pared to the intra-subject performance. This needs to
be improved.

2) Most of the previous studies looking for better emotion
recognition performance on the DEAP dataset used
32 channels, thus a channel selection architecture shall
be developed.

3) In reducing computation, the number of EEG chan-
nels needs to be reduced. Therefore, it is necessary to
develop an appropriate method for selecting potential
channels.

4) The use of highly complex and computationally inten-
sive models demands high computational resources.
Therefore, there is a need to explore simple architec-
tures offering better or comparable performance.

Based on the gaps identified above, this work offers the
following contributions:

1) tests and offers an improved version of the inter-subject
emotion recognition in both arousal and valence
classes with 32 channels and proposed selected channel
method which uses 10 channels.

2) develops a channel selection architecture to select the
channels with the significant information for classifi-
cation.

3) provides performance outcomes based on a simplified
CNN architecture having a performance level at par
with the more complex architectural networks.

The paper is structured as follows: Section I describes the
background of the problem. Section II describes research
related to emotion recognition in 2D images and 2D
frame sequences. However, we will add some non-2D-based
research as additional knowledge. Section III describes the
details of the dataset, the experimental scenarios, the pro-
posed methodology, and the evaluation. Section IV describes
the results of experimental research compared to previous
studies on both intra-subject and inter-subject validation. Part
5 is the conclusion.

II. RELATED WORK
Research related to emotion recognition using the DEAP
open-source repositories attempts to improve performance
accuracy. Intra-subject research has been carried out in many
previous studies and obtained accuracy rates above 90%,
even up to 99%. According to the existing research, intra-
subject accuracy measures are superior to inter-subject accu-
racy measures. In inter-subject research, the work is still very
rare, resulting in poor performance, using a large number
of channels, and often using a very deep architecture for
classification. The underlying model for both of these modes
remains the same, i.e., the use of 32 channels. Therefore, the
algorithm offers architectural development for classification
using the basic CNN architecture, and channel selection to
obtain the most important information from the EEG record-
ings to improve accuracy performance.

Several intra-subject studies based on 2D images originat-
ing from 32 EEG channels are available. Lin et al. focus
on converting 1D EEG into a frequency band image and
using AlexNet architecture, yielding valence and arousal
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class accuracy results of 85.50% and 87.30% [26]. Kwon
et al. conducted a multimodal study using EEG and gal-
vanic skin response (GSR) by transforming 1D EEG into
a spectrogram using CNN architecture, resulting in valence
and arousal class accuracy of 78.12% and 81.25%, respec-
tively [27] by using a variety of subjects. Research on the
combination of dimensionality reduction and architecture,
namely CNN, SAE, and DNN, in the 2D form generated from
the frequency band resulted valence and arousal accuracy of
89.49% and 92.86% [28], respectively. The research has used
a variety of subjects in training.Wang et al. use the concept of
concatenated images in treating the existing 32 channels. Two
separate models have been trained (one for valence classes
and other for arousal classes). The study resulted in validation
accuracy for valence and arousal of 99.99% and 99.98%,
respectively [14].

Several intra-subject studies based on 2D frame sequences
using 32 EEG channels are available. Yang et al. use the
CNN-LSTM model, with 8 subjects having an average accu-
racy of 90.6% and 91.03% on valence and arousal, respec-
tively [29]. Another model makes use of 32 subjects using
a single subject for training through a regional-asymmetric
convolutional neural network (RACNN) to achieve valence
and arousal accuracy of 96.65% and 97.11%, respec-
tively [16]. A study using the BiDCNN model employed
16 subjects separately and achieved average accuracy on
valence and arousal of 94.38% and 94.72%, respectively [30].
Research using graph CNNs and LSTM produces accuracy
for valence and arousal of 90.45% and 90.60%, respec-
tively [17]. The 2D frame sequence research that has used
training with various subjects is Chao’s research, which pro-
duces 68.28% and 66.73% valence and arousal accuracy
performances, respectively.

Some inter-subject studies based on 2D images have lower
performance measures. Pandey and Seeja researched 2D
images of scalograms using 32 channels and frontal channels
in the valence and arousal classes [31]. The accuracy perfor-
mance obtained for valence and arousal is 59% and 58%,
respectively, while with the frontal channel, the accuracy
performance is 61% for the valence class and 58% for the
arousal class. Another study used the Inception Resnet-V2
architecture for positive and negative emotion classes [32].
These emotions, transformed into the DEAP dataset, are
called valence classes. The performance obtained is 72.81%.

Furthermore, the highest performance for inter-subjects
research currently available is obtained by using a spec-
trogram with the DenseNet-121 and DCERNET architec-
tures, which only provide performance details on the valence
class [4]. The performance of the valence class using
Densenet-121 is 85.57%, while the performance of the
valence class using DCERNET and softmax is 88.57%, and
DCERNET and SVM is 88.10%. In addition, the valida-
tion of inter-subject emotions using the 2D frame sequences
resulted in 68% and 63% accuracy on valence and arousal,
respectively [30]. Non-2D research, such as the use of 3D

meta-learners, yields valence and arousal performance of
69.92% and 68.89%, respectively [22]. Research on 3D cubes
with inter-subjects has been carried out with valence and
arousal performances of 84% and 85% [17]. Based on pre-
vious studies, it is concluded that the highest accuracy per-
formance in the valence class is 88.57% and the arousal class
is 85%. Previous inter-subject research on the DEAP dataset
used more than 32 channels to detect emotions.

Some of the channel selection methods in the DEAP EEG
signal are also available, but limited to 2D-based. Peng et al.
perform the channel selection method through a 2D frame
sequence for intra-subject classification with accuracy of
valence 95.18% and arousal 95.58%, which the accuracy got
average from each subject [33]. Reference [12] makes use
of channel selection using the ReliefF and NCA methods.
Both of these methods are based on irradiation to form a
computer-generated holographic feature map. It has been
tested on intra-subject. We try to compare the channel selec-
tion method with research [12] because they use 10 chan-
nels, image-based and have the highest accuracy performance
on several public datasets, such as DEAP, DREAMER, and
AMIGOS, of around 80–90%. In addition, there are sev-
eral channel selection methods in the DEAP dataset that
use 10 channels in valence or arousal class or both of
them [9], [31], [34], [10]. These studies are not all 2D-based
and employ deep learning. In general, they have an accuracy
performance below 90%. Bagzir et al. got accuracy perfor-
mance results of 91.1% and 91.3% in valence and arousal
classes, respectively [34]. They used frequency band and
did not use deep learning. Based on the explanation above,
this study will choose the 10 highest channel values from
the performance metrics indicator using deep learning and
image-based.

Several non-deep learning channel selection studies or
not using 10 channels or 2D-based, have been carried out.
Li et al. selected a single channel for emotion classifica-
tion through brain rhythm sequencing using frequency sub-
bands within 10 seconds [7]. The proposed method yields
an intra-subject classification of about 70%. Msonda et al.
propose a method based on searching for channel subsets
with minimal errors by utilizing the frequency sub-band [35].
They perform inter-subject validation with a combination
of several channels that produce a valence accuracy per-
formance of around 50–60%. Reference [36] is one of the
most recent studies in 2023, proposing a channel selection
method with graph-based for intra-subject classification with
accuracy around 90% and 70% for inter-subject. In addi-
tion, channel selection still uses the old method, which is
based on the brain area. Yin et al. conduct channel selection
for inter-subject classification by developing locally-robust
feature selection (LRFS) with approximately 60% accuracy
performance for valence and arousal classes [37]. Arjun et al.
used the attention channel for inter-subject classification,
collaborating LSTM and autoencoder, and achieved accuracy
rates of 65.9% and 69.5% for valence and arousal classes,

46332 VOLUME 11, 2023



L. Farokhah et al.: Simplified 2D CNN Architecture With Channel Selection for Emotion Recognition

respectively [38]. Yang et al. used ReliefF and random forest
to select the best 10 channels and 11 channels for intra-subject
and inter-subject classification, with inter-subject perfor-
mance results of 81.27% and 82.36% in valence and arousal
classes [9]. The use of minimal channels (channel selec-
tion schemes) for inter-subject classification is yet to be
extensively explored. In addition, performance can still be
improved.

In the articles reviewed above, three problems can be iden-
tified. First, it improves accuracy performance when using
32 channels either intra-subject or inter-subject. Second, it is
desired that the research should lead to the use of minimal
channels but well-performing. Third, the architecture com-
plexity is seen as a trade-off with the performance measures.
Therefore, the proposed research targets all these gaps and
investigates inter-subject performance using minimal chan-
nels and a simplified architecture, without the need for con-
tinuous re-trainings.

III. MATERIALS AND METHOD
The architecture proposed in this study was validated on
the DEAP, public dataset. The results of the emotional val-
idation experiment using EEG are divided into two parts,
namely intra-subject and inter-subject validation. The pro-
posed method involves the processing of the raw data with
fewer preprocessing steps. The Python development environ-
ment has been used to downsample data to 128 Hz, remove
EOG artifacts, and perform bandpass frequency filtering from
4–45Hz. The rawEEGdata is transformed into a spectrogram
image using the STFT method and stored as RGB images.
This is done using the MATLAB (octave and oc2py) library
in Python. After the spectrogram is generated, the next step is
to classify emotions using a deep learning network. The archi-
tecture developed is a simplified CNN architecture compris-
ing convolution, pooling, dropout, and fully connected layers.
The combination of convolution followed by max pooling
and dropout several times serves as a feature elimination and
selection layer.

A. DEAP DATASET
The DEAP dataset has 32 participants with a composition of
50%male and 50% female samples [39]. The stimulus used is
a video with a duration of 60 seconds. The results of the EEG
recording have a duration of 63 seconds, of which 3 seconds
are the baseline. One participant has 40 recordings of the EEG
trials. The results of the EEG trial recordings have been mea-
sured using the Self-Assessment Manikin (SAM). SAM has
four emotional dimensions, namely valence, arousal, domi-
nance, and liking, with ratings 0-9. For valence and arousal
classes, emotion labels are divided into two categories: low
and high. In this study, the low class has a rating below 4.5 and
the high class is equal to or more than 4.5. The EEG tool used
is the BioSemi ActiveTwo system, which has 32 channels and
8 peripheral channels. The datasets with 32 channels have
been employed in this study.

TABLE 1. Parameter of STFT.

FIGURE 1. STFT images for individual’s recording at channel 26. a. High
valence. b. Low valence.

B. SPECTROGRAM GENERATION
Transformation of raw EEG to a 2D image spectrogram
This transforms data into time-frequency information using
the Short Time Fourier Transform (STFT). STFT provides
a better description of localization in time and frequency
using the color intensity level. The time used is the second
half sample of each EEG signal, as also discussed in several
previous studies [4], [40]. Some of the parameters used in
STFT are described in Table 1.

STFT helps activate the spectral properties of the informa-
tion contained in the individual channels. By using chunks of
information (frames and overlaps), it identifies frequencies
that exist in different parts of time. Its mathematical form is
provided as Eq. 1:

STFTx [n] = X (n, ω) =

∞∑
m=−∞

x [m]w [n− m] e−jωm (1)

where w[m] is the time window that is applied to extract the
framed signal, e−jωm infers the frequency response of the
windowed signal. The formula above describes a standard
Fourier transform applied to a framed signal, resulting in a 2D
matrix with three channels. The values contained in each of
these frequencies with time are depicted using a spectrogram.
The windowing used is Hanning, which helps to make the
frame smoother around the edges.
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FIGURE 2. Proposed method of channel selection.

FIGURE 3. Proposed architecture.

The RGB images produced (having dimensions 224 ×

224×3 by resizing the spectrograms. The dimensions have
been chosen based on the accepted input size of transfer
learning models used in this study) are further normalized for
the training operations. It helps to scale pixel values between
0 and 1 for the model to accurately infer hidden trends. All

the channels are transformed into images and later subject
to the channel selection and classification modes. A sample
of STFT images produced against channel number 26 of an
individual recording for high and low valence. They show in
Fig. 1.

C. PROPOSED CHANNEL SELECTION
The use of 32 channels is the most common method used
in previous studies for both intra-subject and inter-subject
validation experiments. So, a gap is a wider, more logical
computation that uses fewer channels for significant informa-
tion. There is a need to have fewer EEG channels with good
accuracy rates. In this research, channel selection is done by
investigating individual channels and then selecting the ten
best channels. Channel selection is based on the concept of
‘‘garbage in, garbage out.’’ The selection of channels using
the brain area will certainly be less effective during the EEG
sampling of the channel as there is a large enough amount of
noise. This is the basis for channel selection, utilizing a single
channel that has the best accuracy for emotion classification.
The first step is to determine the architecture that will be used
to detect the best channels. In this research, the DenseNet-
201 architecture is used to see the performance on individual
channels. We sampled each subject with 30% of the total
1280 samples of data for training. This was obtained from
40 trials x 32 subjects. The architecture works by taking indi-
vidual channel data samples and dividing them into training,
validation, and testing. The benchmark for channel selection
is based on precision, recall, accuracy, and F1 score. The
sequence of the proposed channel selection method is shown
in Fig. 2.

D. PROPOSED SIMPLIFIED CLASSIFICATION
ARCHITECTURE
The simplified architecture has been developed using a
combination of convolutional, pooling, dropout, and fully
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FIGURE 4. Classification network stacked architecture.

connected layers. The layers are stacked together, formu-
lating a sequential model as a combination of convolution,
max-pooling, and dropout layers several times to infer the
best features used for the emotion classification process. The
proposed architecture is shown in Fig. 3. The architecture
comprises a convolutional scheme where inference is made
with the aid of fewer layers compared to DenseNet or other
deep architectures. The architecture is hypothesized to offer
decent accuracy while keeping the complexity levels lower.
The architectural details and the number of parameters gen-
erated from the Python code running on the Google Colab
engine are shown in Fig. 3 and Fig. 4.

E. EXPERIMENTATION
Fig. 5 depicts that there are two proposed scenarios, namely
the use of the entire channel as in previous research and using
channel selection to reduce computations and offer a logical
implementation. The performance evaluation of the scenario
is measured from the performance metrics such as accuracy,
precision, recall, and F1 score. Accuracy will be used as the
main indicator.

The parameters used in the proposed network are shown in
Table 2.
The number of epochs chosen above are based on the

experimental outcomes of training and validation outcomes
(accuracy and loss figures) of the deep learning model. Two
optimizers have been tested: RMSProp and Adam, where the
latter offers better accuracy results. In addition, the categor-
ical cross-entropy loss function has been tried, but the MSE
loss function produces better results, and there are no NaN
losses during the training and validation processes, which
are generally the burst losses from the gradient. The learning

TABLE 2. Hyper parameters for the experimentation framework.

rates have been chosen to be suitably smaller for the model
to learn the training deeply as well as keep a suitable learning
complexity. The overall evaluation of the proposed architec-
ture is tested using a confusion matrix, namely accuracy, F1
score, precision, and recall. The formula used to find the
accuracy is shown in Eq. 2.

Accuracy =
TP+ TN

TP+ TN + FP+ FN
(2)

where TP, TN, FP, and FN are true positives, true negatives,
false positives, and false negatives. The precision and recall
are then evaluated, as shown in Eq. 3 and 4, respectively.

Precision =
TP

TP+ FP
(3)

Recall =
TP

TP+ FP
(4)

The next evaluation is the F-score, which is a combination of
accuracy between recall and precision. The F-score formula
is shown in Eq. 5.

F1score =
2(precision)(recall)
recall + precision

(5)

In measuring the evaluation, eight scenarios will be used,
as shown in Table 3. For inter-subject classification, it used
leave one out subject cross validation (LOOCV). LOOCV is
a standard evaluation for inter-subject classification. This can
be seen from [4], [30], and [31].

IV. RESULT AND DISCUSSION
A. CHANNEL SELECTION
In the original dataset with 32 channels for each individ-
ual, 1280 images per subject have been generated. Initially,
49.920 STFT images have been generated and later reduced
to 12.800 using the 10 selected channels under the chan-
nel selection approach. Following the approach presented in
Fig. 2, the following results have been generated against each
of the 32 channels as depicted in Table 4.

From the results presented in Table 4, the 10 best channels
were selected to be processed because they had the best
accuracy performance. These are channels 11, 12, 13, 14, 15,
23, 24, 27, 28, and 29. The analysis is carried out by taking
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FIGURE 5. Experimentation framework for comparative analysis.

TABLE 3. Proposed experimentation reference.

into account the performance of precision, recall, accuracy,
and F1 score. The selection of the best 10 channels was made

TABLE 4. Performance outcomes against individual channels.

to compare with other methods that use 10 channels, namely
the NCA and ReliefF methods [12].

B. EXPERIMENT 1: EMOTION RECOGNITION FOR
INTRA-SUBJECT
The results of the emotion recognition experiment on the
DEAP dataset, which is used in the proposed architecture,
are divided into two parts: intra-subject validation and inter-
subject validation. The first part is for intra-subject, which
is divided into 4 sub-sections: intra-1 (Exp. 1), where val-
idation is carried out using 32 channels, intra-2 (Exp. 2),
using 10 channels based on the ReliefF method; and intra-3
(Exp. 3), using the best single-channel collaboration selection
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TABLE 5. Testing performance results for intra-subject.

FIGURE 6. (a). All channel accuracy and loss on valence (b) All channel accuracy and loss on arousal.

FIGURE 7. (a). ReliefF accuracy and loss on valence (b) ReliefF accuracy and loss on Arousal.

FIGURE 8. (a). Proposed method accuracy and loss on valence (b) Proposed method accuracy and loss on arousal.

based on the proposed method. The fourth sub-section is
intra-4 (Exp. 4), which uses 10 channels based on the NCA
method. Scenarios for intra-subject validation can be seen in
Table 3.

Table 5 displays the performance results for the
intra-subject validation of emotions

As evident in Table 5, the proposed architecture produces a
good accuracy performance of above 90%. On Exp. 1, which
uses 32 channels, it produces good accuracy performance
values. In the Exp. 2, experiment using ReliefF and Exp. 4

using NCA methods [12], Exp. 3 used the proposed selected
channel. When compared with research [12], the proposed
method has a performance comparison that is quite thin. The
thing that needs to be underlined is the experiment in Table 5
using the proposed architecture for classification. In addi-
tion, compared to the paper classification [12] on the DEAP
dataset, which uses the NCA and ReliefF methods based on
holographic feature maps, they use a different CNN archi-
tecture. When using 10 channels with their architecture, the
accuracy performance of the NCA method (N-HOLO-FM)
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FIGURE 9. (a). NCA accuracy and loss on valence (b) NCA accuracy and loss on arousal.

TABLE 6. Testing performance results for inter-subject.

is 81.88% and 82.45% in the valence and arousal classes,
respectively. In the ReliefF method (R-HOLO-FM), it is
83.26% and 83.85% in the valence and arousal classes. This is
different when using the proposed architecture, which results
in increased performance accuracy on the NCA: 10.32%
and 9.85% in the valence and arousal and ReliefF method
classes, respectively, with a performance increase of 7.64%
and 8.85% in the valence and arousal classes. The proposed
channel selection method outperforms the other selection
methods in the valence and arousal classes [12]. The input for
selecting the best channel for the proposed method uses EEG
data to be classified, namely spectrogram data. The accuracy
and loss plot results in Table 5 are shown in Figures 6, 7, 8,
and 9. From the plot of the image, we can infer that there is
no overfitting.

C. EXPERIMENT 2: EMOTION RECOGNITION FOR
INTER-SUBJECT
The second part is inter-subject validation. The inter-subject
classification was performed using the proposed architecture.
In this study, inter-subject validation will be divided into two
parts, which use 32 channels and use 10 channels resulting
from the proposed reduction channel method. The first is
inter-subject with the reduced channel; this section is divided
into three sub-sections, namely, the use of 10 channels based
on the ReliefF method (Exp. 2), 10 channels from the pro-
posed method (Exp. 3), and 10 channels based on the NCA
method (Exp. 4). Leave-One-Out validation approach has

TABLE 7. Inter-subject performance of the proposed method.

been used for inter-subject validation. At a given instance of
training, one of the subjects Sn (in turn) is excluded and the
model is exposed to no samples from it. Training is completed
on the remaining 32 subjects S1to32−n. Sn data is used as a
validation data passes to the model. The same procedure is
used with each subject to get the average classification accu-
racy. In this section, specifically for the use of 10 channels
based on the ReliefFmethod, NCA, and the proposedmethod,
we use 32 subjects but only average the first 16 subjects.
This is because of the efficiency of the experimental process.
The results can be seen clearly with an average indicator of
half of the existing participants. The results of inter-subject
performance are shown in Table 6. The type of experimental
order is adapted from Table 3.
According to Table 6, the proposed selected channel pro-

vides the best performance (Exp. 3). The best detection
results were analyzed from the sum and average accuracy in
the valence and arousal classes using the best single-channel
collaboration method compared to the other methods. After
finding the best accuracy performance among the three
experiments using 10 channels, the average of all subjects
was sought. One thing that must be emphasized is that the
paper [12] only performs intra-subject classification when
reducing channels using NCA and ReliefF, and the results
in Table 6 use the proposed architecture. Using the proposed
architecture for the 10 channels, changes the performance
results compared to the previous intra-subject classification.
After that, an inter-subject classification was carried out for
the use of 32 channels (Exp. 1). In the inter-subject evaluation
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using 32 or 10 channels, the average training accuracy perfor-
mance for the valence and arousal classes is around 99%. The
average of inter-subject testing performance for 32 channels
(Exp. 1) and 10 channels (Exp. 3) is shown in Table 7.

D. COMPARISON WITH PREVIOUS RESEARCH ON
INTRA-SUBJECT EMOTION RECOGNITION
A comparison of performance with previous research is car-
ried out to validate the results obtained from this research
experimentation. This section is validation for intra-subjects.
Intra-subject validation is emotional validation using the
same subject in the training process. The results of the com-
parison of research on intra-subjects are shown in Table 8.

In Table 8, the use of 32 channels to improve performance
on the DEAP dataset is more dominant. Several studies con-
ducted training on each subject and achieved average accu-
racy. This is more common in 2D frame sequences. This is
a very minimal generalization of the model. In this study,
we used a training model for all subjects so that the model
results were rich in variance. The proposed research is better
than the method that uses 2D frame sequences. In research
based on 2D images when using 32 channels, this study is
indeed 2% smaller in valence and arousal accuracy compared
to Wang’s study in 2022. However, the proposed architec-
ture is simple and computationally less intensive. Although
Wang’s research did not mention the number of parameters
used in their proposed architecture, this can be seen from the
depth of the proposed layer in [14]. In the proposed study,
compared to Wang’s, they both use CNN architecture devel-
opment. The difference is that the architecture proposed in the
architectural research is not very deep. One of the most sig-
nificant indicators is that the number of convolution layers in
this study is only 4, while Wang’s research has 8 convolution
layers. This is a minor computational contribution to intra-
subject classification. According to several studies, lighter
computing can be called a contribution or a new focus for
more implementable artificial intelligence [4], [8], [42], [43].
On the other hand, the intra-subject classification for reduced
channels is also described. We compared with a 2D-based
study [12], which used 10 channels. The accuracy of the
proposed research is much better. We also compare with
2D frame sequence research, which has a higher accuracy
performance than ours, which is 95.18% and 95.58% for
valence and arousal class, respectively [33]. However, this
study produced accuracy through the average of each subject.
This means that there is no variation in the model. We treat
intra-subject classification by using all data subjects, namely
32 people.We only have a few previous research comparisons
when using reduced channels. This is because it is still very
limited, especially the use of deep learning. To persuade
our research, we compare it to the reduced channel method,
which does not use 10 channels or 2D-based or deep learning.
We discuss this in sub-II-related work [7], [33], [34], [36].
In discussing related work, we know that our performance
accuracy is still higher than all of them.

TABLE 8. Comparison of intra-subject performance results with previous
studies.
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TABLE 8. (Continued.) Comparison of intra-subject performance results
with previous studies.

TABLE 8. (Continued.) Comparison of intra-subject performance results
with previous studies.

E. COMPARISON WITH PREVIOUS RESEARCH ON
INTER-SUBJECT EMOTION RECOGNITION
In order to compare the performance of this study with
previous research for inter-subject classification, we will
compare using 32 channels and less than 32 chan-
nels. The results of the accuracy performance of the
proposed architecture have the best performance using
32 channels. A comparison of emotional validation perfor-
mance for inter-subjects with previous studies is shown in
Table 9.

Based on Table 9 regarding the emotional validation
of inter-subjects, we know that the proposed method,
both architecture and channel selection methods produce
better accuracy performance than previous studies. In addi-
tion, the increase in the percentage of emotion classifica-
tion in valence class for inter-subjects with 10 channels
increased by 3.53% compared to the results of the previ-
ous highest research, namely 2D-based and 3D-based [4].
For arousal class, it compares with the previous highest
research, namely 3D-based [17]. It experienced an increase
in accuracy of 7.2%. In the arousal class, if only com-
pared with similar studies in the form of 2D EEG, the
accuracy performance increased by 23.14% [22]. With the
use of 32 channels, the proposed architecture improves
valence and arousal class accuracy from another study by
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TABLE 9. Comparison of inter-subject performance results with previous
studies.

9.73 and 11.7%, respectively. However, we are having dif-
ficulty finding research comparisons for inter-subject classi-
fication in 2D-based when using 10 channels. Hence, we also
present non-2D-based, non-10-channel, or non-deep learning
research in subsection II RelatedWork. It to ensure the results
of our reduced channels research [9], [35], [36], [37], [38].
The comparison shows that the results we obtained in
this study were better than those of previous research,
even across domains. The indicator used is accuracy
performance.

TABLE 10. Comparison of parameters on architectures.

F. COMPARISON WITH PREVIOUS RESEARCH ON
INTER-SUBJECT NUMBER OF ARCHITECTURAL
PARAMETERS
A comparison of the number of architectural parameters in
the proposed inter-subject emotion validation with previous
research is shown in Table 10. We compare computations to
previous papers that state the number of parameters. In addi-
tion, our comparative focus is on the study by Pusarla et al
[4] because their research has the highest accuracy.

In table 9 and Table 10, we know that in addition to having
a better performance on inter-subject emotion classification,
we also offer a lower level of complexity on the proposed
architecture.

V. CONCLUSION
The work presented in this article focused on novelty and
a simplified architecture for the classification of EEG data
taken from DEAP open-source repositories. Three aspects
have been focused on: improving accuracy performance
when using 32 channels, both intra-subject and inter-subject.
Second, use the channel selection method to find the channel
with the most significant emotional information but good
performance. Third, the architecture complexity is seen as a
trade-off with the performance measures. It has been found
that this architecture contributes to an increase in the perfor-
mance of emotion recognition for intra-subjects when using
10 channels. In addition, the increase in accuracy perfor-
mance also occurs in emotion recognition for inter-subjects
in the DEAP dataset using both 32 channels and 10 channels.
By collaborating on the developed CNN architecture, the
proposed method outperforms the ReliefF and NCA meth-
ods with images-based or non-images-based contributions in
related work, sub II. Additionally, the results generated for
intra-subject and inter-subject classification using the simpli-
fied network architecture reveal performance on par with the
more complex networks like DeepNets and Resnet. For future
work, the channel optimization or selection method must be
further developed so that the most optimal number of chan-
nels can be obtained. In addition, it will be compared with
other datasets, so this will ensure that the channel selection
method can be used between different datasets.
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