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Abstract Emotion dysfunction can be an indication of mental health conditions like depression, stress,
anxiety, etc. Therefore, appropriate recognition of human emotion is crucial for early monitoring of mental
well-being. This study aims to develop a robust multilevel feature concatenation framework that effectively
integrates handcrafted and deep learning (DL) features to improve electroencephalogram (EEG)-based
emotion classification. The proposed framework is evaluated on two publicly available benchmark EEG
datasets: DEAP and DREAMER. Initially, handcrafted features extracted from the statistical, time,
frequency, and nonlinear domains are categorized into low-level features (LLF) and mid-level features
(MLF). To select the most relevant handcrafted features, statistical analysis, minimum Redundancy
Maximum Relevance (MRMR) and the Pearson correlation coefficient (PCC) are employed. In parallel, a
two-dimensional convolutional neural network (2D-CNN) is used to learn hierarchical deep features, which
are grouped into LLF, MLF, and high-level features (HLF). The handcrafted LLF and MLF are then
concatenated with the corresponding DL-based LLF, MLF, and HLF to construct a discriminative multilevel
feature representation. The resulting feature vector is classified using Support Vector Machine (SVM), K-
Nearest Neighbor (KNN), and XGBoost classifiers under a 10-fold and leave-one-subject-out (LOSO) cross-
validation protocol. Performance is evaluated using accuracy, precision, recall, F1-score, and balanced
accuracy. Experimental results demonstrate that the proposed framework consistently outperforms
existing state-of-the-art methods. Among the evaluated classifiers, SVM achieves the highest performance,
yielding accuracies of 93.07% and 98.70% for 4-class and 2-class emotion classification, respectively, on
the DEAP dataset, and 93.85% and 98.78% for 4-class and 2-class emotion classification, on the DREAMER
dataset. These results demonstrate that concatenation of handcrafted with DL-based features at different
abstraction level significantly enhances feature discriminability and classification robustness. The
proposed framework provides an effective solution for EEG-based emotion recognition, with promising
applications in affective computing, human—computer interaction, and intelligent mental health monitoring.

Keywords Convolution Neural Networks (CNN); Electroencephalogram (EEG); Emotion Recognition;
Multilevel Feature.

I. Introduction EEG signals [3], [4]. These features carry relevant

Emotion recognition plays a critical role in mental
health monitoring and treatment. Compared to
traditional methods and other physiological signal-
based approaches for mental health assessment,
electroencephalogram  (EEG) based emotion
recognition method has gained much attention due to
its several technological advantages; it is rich in
spatiotemporal information, provides direct insights into
neural processes, and enables dynamic variations in
brain activity related to various emotional states [1], [2].
machine learning (ML)-based emotion recognition
studies typically involve the extraction of handcrafted
features across various domains: time, frequency,
time-frequency, nonlinear, and their combinations from

information that can distinguish different emotional
states [5], [6]. Various handcrafted feature-based
emotion classification studies have explored different
signal decomposition techniques to decompose the
EEG signals into their different bands [7], [8], [9].
Although ML algorithms and handcrafted features
using statistical learning can yield good domain-
invariant  features for EEG-based emotion
classification, extraction of handcrafted features
requires manual selection and evaluation of relevant
channels and features. This process can also introduce
human bias and may not always capture the most
relevant features for emotion classification. Moreover,
handcrafted features might not fully exploit the rich
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information (high level-features) embedded in EEG
signals, potentially leading to suboptimal performance
in recognizing complex emotional states. Deep learning
(DL) techniques, on the other hand, leverage artificial
neural networks (ANNSs) to learn high-level features
from raw EEG data automatically. DL-based
architectures can reveal complex relationships and
patterns that may be challenging to identify with
handcrafted features. Over the past few years, DL has
gained more popularity in EEG-based emotion
recognition because it can automatically extract
hierarchical patterns from raw EEG signals. Recurrent
neural networks (RNNs), especially the long short-term
memory (LSTM) networks, and convolutional neural
networks (CNNs) are the two most commonly used
architectures in such studies [10], [11], [12], [13].
However, they also have some drawbacks, such as the
necessity of a huge amount of labeled data for model
training, making it computationally intensive and
thereby limit ing their application in real-world wearable
devices. Recent research states that lightweight DL-
based [14] models are well suited for emotion
recognition and mental health studies, especially when
real-world applications are required. Also, a few
previous studies [15], [16] have reported that
combining handcrafted and DL-based features can
significantly improve performance in mental health
classification tasks. A summary of different EEG-based
literatures for emotion classification and mental health
analysis are presented in Table 1.

Despite these advances, existing hybrid methods
[15], [16] commonly perform direct
concatenation/fusion of handcrafted and DL features.
Other studies [11], [13], have explored hierarchical,
layer-wise, or multi-level DL-based feature fusion
captured from different DL layers. However, these
strategies do not explicitly align handcrafted EEG
features with DL-based representations according to
their abstraction levels. In the proposed framework,
low-, mid-, and high-level representations are defined
based on the progressive abstraction of the features
and are established across both handcrafted and DL-
based domains. Accordingly, handcrafted features are
concatenated with CNN-derived representations at
corresponding levels before concatenation. This level-
wise cross-domain correspondence distinguishes the
proposed framework from direct hybrid concatenation
and from fusion strategies that combine multiple
learned representations without explicit
correspondence between handcrafted and learned
features. Accordingly, this study proposes a multilevel
feature concatenation framework for EEG-based
emotion classification. A 2D-CNN is used to extract
hierarchical representations from different network
stages, which are categorized into low-, mid-, and high-
level features according to their degree of abstraction.

Handcrafted EEG features derived from statistical-,
time-, frequency-, and nonlinear domains are
organized into corresponding feature levels. The
matched handcrafted and CNN-derived
representations are subsequently concatenated at
each level to obtain a unified feature representation for
emotion classification. The main contributions of this
paper are listed below:

1. In this study, multi-domain handcrafted features:
statistical, time-domain, frequency-domain, and
nonlinear features are extracted from the
preprocessed EEG signals and categorized into
low- and mid-level representations.

2. Alightweight 2-D CNN model is tailored to extract
comprehensive features from EEG that may be
missed by traditional feature extraction
techniques. These features are categorized into
low-, mid-, and high-level abstractions.

3. Finally, handcrafted features and DL features are
selectively concatenated at the relevant
abstraction level, based on statistical significance
analysis, to enhance the emotion classification
performance.

II. Method

The details of the multilevel feature-based emotion
classification technique using EEG signals are
illustrated in Fig. 1, and the corresponding
computational steps are presented in Algorithm 1. The
model primarily consists of two parts: handcrafted
feature extraction and DL-based feature extraction. In
the final stage, these features are concatenated and
classified using the support vector machine (SVM), K-
Nearest Neighbors (KNN) and eXtreme Gradient
Boosting (XG-Boost) classifiers.

A. Dataset Description

Two publicly available benchmark datasets for emotion
recognition, a dataset for emotion analysis using EEG,
physiological and video signals (DEAP) [17] and a
database for emotion recognition through EEG and
ECG signals from wireless low-cost off-the-self-
Devices (DREAMER) [18] are used in this study. The
details of the datasets are given in Table 2.
Preprocessing and Segmentation: For the
preprocessed DEAP dataset, the initial 3-second
baseline is removed, and the remaining 60-second
EEG signal is segmented into twenty non-overlapping
3-second epochs. Each epoch is represented as Eq.
(1) [19]:

Ei={x1,x2,..,xL}, i = 1,2,...,20, )
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Table 1. Related Work on EEG-based Emotion Recognition and mental health studies.

Feature

Fusion/

Study Database Representation concatenatio Emotion Classifier/ Accuracy
Used Classes Model (%)
n Strategy
Handcrafted
Bajaj et al. Custom Based on No Fusion
[71 database Multivariate 4 MC-LS-SVM 91.04
decomposition
ANN, k-NN,
Ensemble
Anuragi et DEAP, Handcrafted 2 Bagged Tree 77.9
al. [8] SEED (entropy and No Fusion 3 with 10-fold 95.7
energy feature) CV and
LOSOCV
Handcrafted No Fusion
Sh:[”[”;} ol SUSIOM  Based on DWT 4 Bi-LSTM 82.00
Gupta et SEED, Handcrafted No Fusion 4 Random 71.43
al. [9] DEAP FAWT-based 3 Forest, SVM 90.48
SVM with 10-
Khateb et Handcrafted fold cross-
al. [5] DEAP Time-, wavelet-, No Fusion 9 validation and 65.82
frequency-domain LOOCV
Wagh et Hapdcrafted _
al. [6] SEED Time- and . No Fusion 3 SVM 71.52
' frequency-domain
Sheykhiva DL-based Multilevel DL-
nd )(Iet al. Custom based feature 2 CNN + LSTM 97.42
database . 3 96.78
[10] fusion
Gao et al DL-based Multilevel DL-
' SEED Based on (TFR) based feature 3 MCNN 91.45
(1] : ;
using CWT concatenation
Tao et al. DEAP, DL-based No fusion 2 93.52
[12]  DREAMER 3 ACRNN 98.04
Piedrabue .
na et al. InfoGain Hybrid Model fusion 3 lI?/I):)bdneclj ((?\?éf&?ll)
[13] DL-based
Nsugbe et Custom Handcrafted+ DL- Direct fusion .-
al. [15] database based 2 Decision Tree 98.00
Malekzad Freiburg Handcrafted +CNN Direct fusion
eh et al. 2 CNN-RNN 99.45
[16] Bonn
Handcrafted+DL- Level-wise (98.70,
DEAP based (multilevel)low (2,4) 93.07)
Proposed /mid/high SVM (98.78,
DREAMER feature (2,4) 93.85)
concatenation

where, Ei denotes the ith EEG epoch, L =3 X fs =
384 samples, and fs=128Hz is the sampling
frequency. Each epoch was normalized using Z-score
normalization as Eq. (2) [19]:

x' =k (2)
a

where, x; is the EEG sample, x;’ is the normalized

sample, i is the mean, and o is the standard deviation
(SD) of the corresponding epoch. This normalization
ensures each epoch has a mean of zero and a variance
of 1. Similarly, for the preprocessed DREAMER
dataset, the last 180 seconds of each trial were
selected and segmented into sixty non-overlapping 3-
second epochs using the same segmentation process.
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Fig. 1. Block Diagram of the Proposed Multilevel Feature Concatenation Framework for EEG-based
Emotion Classification
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Table 2. Description of DEAP and DREAMER datasets used for emotion classification

Parameters

DEAP dataset

DREAMER dataset

Number of subjects

32 (16 males + 16 females,
average age range: 19-37 years)

23 (14 males + 9 females, average
age range: 22-23 years)

Number of trials per subject 40 18
Collected signals EEG, EOG, GSR, BVP, RSP, EEG and ECG
EMG, skin temperature
Number of EEG channels 32 14
Number of physiological peripheral 8 4
signals
Signal duration 63 seconds 65-393 seconds (mean = 199
seconds)
Sampling frequency 128 Hz 128 Hz
Emotion rating valence, arousal, dominance, Valence (V), arousal (A),
like/dislike, and familiarity dominance
Scale of emotion rating 1-9 1-5
Each epoch was normalized using the Z-score Mean (n) = lZ?’ﬂxi (3)
normalization described in Eq. (2). After segmentation, _ 5 1@y N ) 4)
the class distributions of the DEAP and DREAMER Variance (0°) = = 2i=1(%; — 1)

datasets are presented in Table 3.

Emotion Label Generation: In this study, we focused
only on arousal and valence ratings for both databases.
Valence/arousal ratings for the DEAP dataset are 1-9,
while those for the DREAMER dataset are 1-5 on the
Self-Assessment Manikin (SAM) [20] scale. For the
DEAP database, a rating <5 is considered low, and a
rating = 5 is considered high for both valence and
arousal. Similarly, for DREAMAER dataset, ratings in
the range of <3 is considered low, while ratings = 3 are
considered high for both valence and arousal planes.

Table 3. Class distribution after segmentation of
DEAP and DREAMER datasets (H: High, L: Low,
V: Valence, A: Arousal)

Dataset HV- LV- HV- LV- Total
HA HA LA LA

DEAP 9160 5920 5320 5200 25600

DREAMER 10560 7440 4620 2220 24840

B. Handcrafted Feature Extraction

After preprocessing, features from various domains:
statistical, time, frequency, and nonlinear are extracted
to capture more relevant information from the
multichannel EEG data. In this study, mean (u),
standard deviation (o), variance (0?), skewness, and
kurtosis are extracted as statistical features. The
mathematical formulations of the extracted statistical
features are given in the equations (Eq. (3)-Eq. (7))
[21]:

It measures the degree of dispersion of EEG signal
amplitudes around their mean by computing the
average of the squared deviations from the mean.

sd =VoZ = |ZTN(x; — p)?

Skewness = %2?21(?)3 (6)
Skewness measures the asymmetry of the EEG signal
amplitude distribution relative to its mean.

Kurtosis = %Z?’zl(?)“ (7)
It represents the degree of peakedness and the
presence of heavy tails in the EEG signal amplitude
distribution. In the above equations, x, represents the

input EEG signal and N denotes the total number of
EEG samples. In the time-domain analysis, the Hjorth

parameters: activity (a;), mobility (M;), and complexity
(C,) are extracted from the EEG signals, and their

®)

mathematical formulations are presented in the
equations (Eqg. (8), Eq. (9), Eq. (10)) [22]:
an = 0*(x;) (8)

It measures the variance of the EEG signal,
representing its overall signal power.

o?(x';

M, = |20 (©)

o (x;)
It represents the rate of change of the EEG signals.
Here, x; denotes the 1%t derivative of x;.

—Mn
h = u,

(10)
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It measures the variation in frequency, reflecting the
waveform irregularity of the EEG signal. Here, M',
denotes the 1st derivative of M;,. To extract frequency
domain features: alpha (a) (8—-13 Hz), beta () (13-30
Hz), theta (8) (4-8 Hz), delta (§) (0.5-4 Hz), and
gamma (y) (30—44 Hz), are separated using Welch's

periodogram method. For each frequency band, power
spectral density (PSD) and other frequency domain
features: mean frequency, mean power, peak
frequency, median frequency, and spectral edge are
determined. The PSD of the input EEG signal x; of
frequency j is computed as Eq. (11) [23]:

Algorithm 1. Algorithm of the proposed multilevel feature concatenation framework

Input: Preprocessed labeled EEG dataset X € RVXTXCXL) 'where N = number of subjects, T = number of trials,
C = number of EEG channels, and L = number of samples per window (IW); corresponding class labels Y

Output: Predicted emotion class labels Y.

1. Initialize handcrafted feature set h = {@}, deep feature set d = {@}, and final multilevel feature set Fy,;;;
= {0}

2. For each subjects = 1to N do

3. For eachtrialt = 1toT do

4. Segment the EEG signal into non-overlapping 3-second windows (W).

5. For each segment (w) do

6. For each channel ¢ = 1to C do

7. Extract handcrafted features from the statistical, time-, frequency-, and nonlinear
domains.

8. End For

9. h = handcrafted feature vector

10.

11. End For

12. End For

13. End For

14.  Apply PCA, statistical analysis, and mRMR independently to the training portion of h to obtain the
optimal handcrafted feature vector h'.

15. Divide the selected (') into low- and mid- level handcrafted features LLF, and MLF,

16. For each subjects = 1,...,N do

17. Foreachtrialt = 1to T do

18. Segment the EEG signal into non-overlapping 3-second windows (W).
19. For each windoww =1, ..., W do

20. Construct the EEG segment: X(s,t,w) € R(2x384)

21. Construct the CNN input tensor: Xc(s, t,w) € R(32x384x1)

where 32 represents EEG channels, 384 represents temporal samples, and 1 represents the
singleton CNN input-channel dimension.

22. Feed Xc(s, t,w) into the proposed 2D-CNN model.
23. End For

24. End For

25. End For

26. Block 1: F1(s,7,w) € R(16x384x32) Block 2: F2(s,r,w) € R(®X384x64) Block 3: F3(s,7,w) €
R(4*384x128) Block 4: F4(s,r,w) € R?*334x250) Block 5: F5(s,r,w) € R(1X384x512)

27. Extract:
Low-level deep feature (LLF;) = Flatten(F1), mid-level deep feature [((MLF) _d) = Flatten(F3),
and high-level deep feature (HLF)= Flatten(F5).

28. Compute the feature concatenation:
F1r = {LLFy, LLF4},
Fyrr = {MLF;,, MLF4},
Multilevel Feature (Fyyi) = {FLLF‘ Fuir, HLF}

29.  Apply SVM, KNN, and XG-Boost on Fy;;; with 10-fold and LOSO cross-validation

30. Compute accuracy, precision, recall, F1-score, balance accuracy for performance evaluation

31. Return the predicted class labels Y
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5 = lim3%), (n

where, X,(j) denotes the Fourier Transform of x; Mean
power represents the average spectral power within a
specified frequency band. Median frequency is the
frequency that divides the total spectral power into two
equal halves. Peak frequency corresponds to the
frequency at which the maximum spectral power
occurs. Spectral edge frequency is the frequency below
which 90% of the total spectral power is contained.
Amongst the most common nonlinear features, the
selected features are crucial in emotion recognition as
they capture complex patterns and relationships
present in EEG, leading to better and more robust
identification of human emotions [24]. In this study, the
nonlinear features: Hurst exponent (A), approximate
entropy (AppEn), Higuchi fractal dimension (HFD), Katz
fractal dimension (KFD), and detrended fluctuation
analysis (DFA) are extracted. The details of these
features are given as follow:

H, measures the long-term memory and persistence of
the EEG signal, indicating the presence of long-range
temporal correlations. It is represented as Eq. (12) [24]:
— log(R/0o) (12)
log(N) ’
here, R is the range of cumulative deviations, o is the
standard deviation of the EEG signal, and N is the total
number of sample points.
Cm(7)

AppEn (Sy,m,r) = In (m), (13)
AppEn, given in Eq. (13) [24] quantifies the regularity
and complexity of the EEG signal. Here, Sy represents
the EEG signal, m represents the pattern length, r is
the similarity threshold, and C,,(r) and C,,,,(r) denote
the average probabilities of finding similar patterns of
lengthm andm + 1, respectively. HFD is estimated
from the relationship L(k) < k, where L(k) is the
average curve length of the EEG signal at interval k,
and D represents the Higuchi fractal dimension (#FD)
obtained from the slope of the log L(k) versus log(1/k)
plot.

log(n) (14)
10g(n)+log%
KFD represented in Eq. (14) [24] quantifies the
geometric complexity of the EEG signal, where n is the
number of steps, L is the total curve length, and d is the
maximum distance between the first point and any
other point in the signal.

Y(m) = Xi2.(x — ) (15)
_ [1ynN 2 (16)
DFA = [Z3N_4[Y(m) = Y, (m)]
DFA given in Eq. (16) [24] quantifies the long-range
temporal correlations of the EEG signal. Here, x; is the

original EEG signal, u is the mean of the EEG signal,
Y(m) given in Eq. (15) is the integrated signal profile,

Y, (m) is the local trend of the profile in a window of
length n, and N is the total number of samples.

C. Selection of Handcrafted Features

Three different feature selection techniques: principal
component analysis (PCA), statistical analysis, and
minimum Redundancy Maximum Relevance (MRMR)
are independently applied to determine the most
relevant features from the handcrafted feature vector.
The statistical feature selection method includes the
Shapiro-Wilk (SW) or Kolmogorov-Smirnov (KS) test,
which is first used in statistical analysis to determine
the feature distribution. For feature significance a
paired t-test is conducted for features with a normal
distribution, and the Wilcoxon signed- rank (WSR) test
is performed for features with a skewed distribution. To
reduce redundant features, the Pearson correlation
coefficient (PCC) with a threshold value of 0.80 is
applied. Further, PCA is used to reduce the
dimensionality of the data. The mRMR [25] method is
used to select features that are highly relevant to the
target variable while minimizing redundancy amongst
the extracted features. Let F ={F F, ......,Fy}
denote the initial set of M candidate features extracted
from the EEG signals. Here, F; represents the j®
candidate feature, and Y denotes the corresponding
emotion class label. During feature selection,
S represents the set of features that have already been
selected. Thus, an unselected candidate feature
satisfies F; € F/S.

1. Maximum relevance:

The relevance of a candidate feature F; with respect to
the class label Y is measured using mutual information
as Eq. (17) [25]:

D(F;,Y) = 1(F;;Y), (17)
where, D(F;,Y) is the relevance of feature F; to the
class label, and I(F;; Y) denotes the mutual information
between F; and Y. A higher value of D(F;,Y) indicates
that the feature contains more information about the
target emotion class.

2. Minimum redundancy:

The redundancy of a candidate feature F; with respect
to the already selected feature set S is calculated as
Eq. (18) [25]:
1
R(F,S) = 5 Zres I(F F), (18)

where, R(F,-,S) denotes the average redundancy of a
candidate feature F; with the selected features, F;
denotes an individual feature in the selected set S,
1(F}, F;) represents the mutual information between F;
and F;, and | S| denotes the number of features
currently presentin S.

3. mRMR criterion
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The mRMR score of a candidate feature is defined as
Eq. (19) [25]:
mRMR(F;) = D(F;,Y) — R(F;,S), (19)

where mRMR(F;) is the mRMR score of candidate
feature F;. At each iteration, the candidate feature
having the highest MRMR score is selected and added
to S. Therefore, MRMR favors features that are highly
relevant to the emotion class while being minimally
redundant with the features already selected. Out of the
above three feature selection methods, the optimal
method is determined based on emotion classification
performance using the SVM classifier on handcrafted
features alone. For the DEAP dataset, out of 2016
extracted handcrafted features, mMRMR, statistical
analysis, and PCA retained 575, 592, and 457 features,
respectively. Similarly, for the DREAMER dataset, out
of 882 handcrafted features, mMRMR, statistical
analysis, and PCA retained 252, 332, and 229 features,
respectively. The emotion classification results
presented in Table 6 and Table 7 for handcrafted
features using SVM on both datasets are based on
mMRMR-selected features, which achieved the highest
performance compared to the other feature selection
methods. Therefore, mRMR is selected as the final
feature selection method for the proposed framework.

D. Extraction of DL-based (CNN) Feature

In this study, we implement a lightweight CNN model
(including only five stages) for emotion classification.
This compact architecture supports the effective
integration with the proposed multilevel feature
concatenation approach and is well suited for future
embedded hardware-based implementations. In the
proposed technique, the EEG signals are first
transformed into a 2-D tensor and fed into the
convolutional layers for feature extraction. These layers
apply filters to the input EEG data, capturing essential
patterns. Table 4 provides the detailed architecture of
the proposed 2D CNN model. Also, it uses a batch size
of 128, a 3-second window size, 250 epochs, and a
learning rate of 10™*. The output of the convolution
layer is given by Eg. (20) [26],
where, X € R((3x128)x32) 1/ and p, are the weights of
the kernel and bias, respectively. The output of the
convolution operation is passed through a Leaky ReLU
(6) activation function, which is represented as Eq. (21)
[26]:

Yy= S(Wy xX + by), (21)
where, § is defined as:

Xq Iifxe =0

Yo e cg
o if <

here, x, denotes the input value received from the
convolution layer, and Z—“ denotes negative slope

o=

coefficient of the LeakyRelLU function. Further, to avoid

overfitting of the model, a dropout layer is applied.
Finally, a dropout and a batch normalization (BN) layer
are added to obtain the final feature map, which is
represented by Eq. (22) [26] :

Yr; = BN (dropout(d(Wk *X+bk))), (22)

where, Y5 ; represents the feature maps of 5 different

stages of the proposed 2D-CNN model, and BN is the

batch normalization, which is defined as Eq. (23) [26]:
_ xj—p(xg)

BN = o2(x;i)+€ (23)
here, x; represents an individual element within the
input vector x;, € is a small constant added to prevent
division by zero. Additionally, beta and gamma are
trainable parameters that adjust the normalized values.
Each selected feature map (from the 1%, the 3", and
the last layers) is transformed into a 1-dimensional
feature vector using a flattening operation. The
flattened low-level, mid-level, and high-level feature
vectors are subsequently concatenated with the
optimized handcrafted EEG feature vector to construct
the proposed multilevel feature representation for
emotion classification. The trainable parameter counts
across successive CNN stages are 2004, 16640,
66000, 210067, and 1000600, respectively, resulting in
a total of 1295311.

E. Multi-Domain Feature Concatenation

Based on the complexity and nature of information
they capture, handcrafted features are categorized as
low- and mid-level features [26]. Basic features directly
extracted from raw EEG signals: y, o, o2, kurtosis,
skewness, and Hjorth parameters: an, Mn, and Chy, are
considered low-level features. On the other hand,
some other features, spectral edge, mean power,
median frequency, peak frequency, H, AppEn, HFD,
KFD, and DFA, which involve decomposition,
nonlinear analysis, and fractral- based transformation,
are considered mid-level features. In the CNN
architecture, the first layer extracts simple features and
deeper layers capture complex features [27], [28].
Therefore, to uncover the domain specific knowledge
and class discriminative features, features at multiple
levels of the CNN have been extracted. The DL
features are extracted after each pooling layer to have
compressed features without losing meaningful
information. Based on the statistical analysis in Table
5 and Fig. 3, the DL features are categorized as low-,
medium-, and high-level features. The low-level
features (FLr) from both the handcrafted and DL
features are concatenated, followed by the
concatenation of mid-level features (FwmLF) extracted
from both. Finally, the combined LLF and MLF are
further concatenated with the high-level features (HLF)
to create a comprehensive feature representation as
shown in Fig. 1. Mathematically, this process can be

* gamma + beta,
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Table 4. Architecture of the proposed DL model for emotion classification

Stage Input Size Layer Configuration No. of Filters Output Feature
Map/Vector Size
Input - EEG epoch - (32x384x%1)

Block 1 (32x384x1) Conv2D (4%1), LeakyReLU, Dropout 32 (16%384%32)
(0.30), Conv2D (1x2), Batch
Normalization, MaxPooling (2x1)

Block 2 (16%384%x32)  Conv2D (4x1), LeakyReLU, Dropout 64 (8%x384%64)
(0.30), Conv2D (1x2), Batch
Normalization, MaxPooling (2x1)

Block 3 (8x384x64) Conv2D (4%1), LeakyReLU, Dropout 128 (4%x384x128)
(0.30), Conv2D (1x2), Batch
Normalization, MaxPooling (2x1)

Block 4 (4x384x128)  Conv2D (4x1), LeakyReLU, Dropout 256 (2x384x256)
(0.30), Conv2D (1x2), Batch
Normalization, MaxPooling (2x1)

Block 5 (2x384%256)  Conv2D (4x1), LeakyReLU, Dropout 512 (1x384%x512)
(0.30), Conv2D (1x2), Batch
Normalization, MaxPooling (2x1)

Feature (1x384x512) Flatten - 196608

Extraction
Total - Complete CNN model - 1295311
Trainable
Parameters

expressed as Eq. (24), Eq. (25), and Eq. (26):
Fiir = {LLFy, LLF4}, (24)

Fuir = {MLFy, MLFg4} (25)
Multilevel Feature (Fyyiyi) = {F.ir, Furr, HLF}  (26)

where ‘" denotes concatenation of feature levels and
the subscripts h and d indicate the handcrafted and DL
features, respectively.

F. Emotion Classification and Hyperparameter
Tuning

A
+ arousal

Excited Happy

- valance + valance

Miserable Calm

- arousal

v

Fig. 2. Representation of emotion rating in 2-D
valence-arousal (V-A) plane [31]

To classify 4-emotion classes (Happy, Excited,
Miserable, and Calm) from the valence-arousal plane
as shown in Fig. 2 and 2-emotion classes (valence
(high/low) and arousal (high/low)) [29], [30], three
different classifiers are used. For all three classifiers:
SVM, KNN, and XGBoost hyperparameters are
optimized using a grid search method. For SVM, the
search space included: kernel = {linear, polynomial,
RBF}, C = {0.1, 1, 10, 100}, and tolerance parameter
(tol) ={0.1, 0.01, 0.001, 0.0001}. For KNN, n- neighbors
={3, 4, 5, 6} are considered. For XGBoost, n-estimators
= {50, 100, 150, 200}, max-depth = {5, 7, 9, 11}, and
learning rate = {0.001, 0.01, 0.1, 1} are used. The
optimal hyperparameters selected are a polynomial
kernel of 3 degree, C = 1, and tol = 0.001 for SVM; n-
neighbors = 4 for KNN; and n_estimators = 200, max.
depth = 11, and learning rate = 0.1 for XGBoost.
Hyperparameter tuning is performed using only the
training data and independently in every training fold.
SVM Optimization and Classification Loss: The final
multilevel feature vector is fed into the SVM classifier
for emotion classification. The optimization problem is
formulated as Eq. (27) and Eq. (28) [32] below:

min={|wl[? + c IR, & (27)
w,b,{ 2 ¢
Subjected to
Yi(WwT@(Fymuii ) +b) = 1-F;, (28)
here, Fyuy is the final multilevel feature vector of the ith

EEG sample, Y; is its class label, w and b are the SVM
weight vector and bias, §; is the slack variable, c is the
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regularization parameter, and ¢(:) denotes the kernel
mapping. The corresponding hinge classification loss is
given by Eq. (29) [32],

SVMyoss =~ ZiLy max(0,1 = Yif (Fauaesr 1)), (29)
where, f(Fyu,; ) =W @(Fyuii) + b is the SVM
decision function. The polynomial kernel used in this
study is determined as in Eq. (30) [32],

K (Fuuiei i Fvaeij) = ("% + 1), (30)
where, y,r, and d denote the kernel coefficient,
independent term, and polynomial degree,

respectively.
G. Cross-Validation Strategy

The model is evaluated using a subject-independent
10-fold and LOSO cross-validation. For 10-fold cross-
validation, the data are divided into 10 subject-
independent folds, where 9 folds are used for training
and 1 fold for testing in each iteration, and the final
performance is obtained by averaging across all folds.
In addition, LOSO cross-validation is performed by
excluding all epochs of each subject from the training
set and using them exclusively for testing, with the
procedure repeated until every subject has served as

the test subject.

Ill. Results

In this study, all experiments are performed in the
Jupyter Notebook IDE of Spyder 3.7.12 on a laptop
equipped with a 1.80 GHz CPU, 8 GB MS RAM on
Windows 10, and 4GB GPU RAM. To accelerate
training and evaluation processes, the laptop's GPU is
utilized. Specifically, TensorFlow GPU version 2.4.0 is
installed, along with CUDA Toolkit version 11.0 and
cuDNN version 8, which are compatible with the
system's GPU. In addition, the PyTorch library is used
to implement the proposed 2D-CNN model. The
proposed study consists of three main experiments. In
the first experiment, emotion classification is performed
based on a selected handcrafted EEG feature set only.
In the second experiment, DL features are extracted,
and classification is performed. Lastly, in the third
experiment, handcrafted and DL-based features are
concatenated at multiple abstraction levels and
classification is carried out. To assess the effectiveness
of the proposed emotion recognition model, accuracy,
Precision, Recall, and F1-Score [33], and balanced
accuracy metrics are used in this study.

A. Study Significance of Feature Concatenation

To study the significance of different feature
representations:  handcrafted, DL-based, and
concatenated (handcrafted and DL-based), SHapley
Additive exPlanations (SHAP) [34], [35] analysis is
conducted on the best-performing SVM classifier.
SHAP importance scores are computed separately for

each dataset and then averaged across all datasets.
The average SHAP values across all the datasets are
presented in Table 5. The results show that, when
multilevel features from both handcrafted and DL-

Table 5. Feature significance analysis for
different feature sets and abstraction levels using
SHAP

Feature Type Feature Level Average
SHAP Value
Handcrafted Low 0.6792
(h) Mid 0.6895
Combined 0.7125
DL-based (d) Low 0.6675
Mid 0.7112
Combined 0.7442
Concatenated  Low (h and d) 0.7265
Mid (h and d) 0.7415
Low(h and d), 0.8246
Mid (h and d),
High(h)

based methods are concatenated, the average SHAP
value reaches 0.8246, which is higher than using
handcrafted and DL features alone.

B. Study Significance of Multilevel
Concatenation

To study the compatibility of feature concatenation at
different levels, handcrafted low-level features are first
concatenated with each level of DL-based features.
Similarly, handcrafted mid-level features are
concatenated with each level of DL-based features.
Subsequently, mutual information (MI) analyses
between handcrafted (h) and DL-based features at
different abstraction levels are computed as Eq. (31)
[25]:

MI(h,DL) :szyp(x,y)log%' el

where, p(x,y) is the joint probability distribution of
handcrafted and DL-based features, and p(x) and p(y)
are their corresponding marginal  probability
distributions. Ml measures the amount of shared
information between the two variables.

Feature

Fig. 3 shows the MI between handcrafted and DL-
based features at different abstraction levels. The
results demonstrate that the MI between low-level
handcrafted features and low- level DL-based features
falls within the range of 0.60 to 0.95, the highest among
all other combinations, i.e., low-level handcrafted and
mid-level DL and low- level handcrafted and high-level
DL. A similar result is also observed when mid-level
handcrafted features are concatenated with mid-level
DL features, showing an Ml in the range of 0.64 to 0.91.
Furthermore, when the handcrafted and DL-based
features are concatenated at multiple levels with proper
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level selection, the SHAP value is also the highest, i.e.
0.8246.

C. Ablation Study
1. 10-Fold Cross-Validation:

To investigate the effectiveness of each feature
representation of the proposed framework, an ablation
study is conducted. Table 6 and Table 7 present the
emotion classification performance for 2-class and 4-
class using handcrafted, DL-based, and multilevel
features on the DEAP, DREAMER, and schizophrenia
datasets with a 10-fold cross-validation protocol.

Results show that, forthe DEAP dataset, the proposed
multilevel feature set achieved the highest

MI Min-Max Range with SD (Bar = Average)

—I—max=0.95 —I—max=0.95
0.8 SD=0.097 J_ 5D=0.085
c
g
H J_ ] fin=0.65
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Fig. 3. Range of Ml at different feature concatenation
level

classification accuracies of 93.07% and 98.70% for the
4-class and 2-class emotion classification tasks,
respectively, with corresponding precision, recall, and
F1-scores 0f 0.92, 0.93, 0.91 and 0.97, 0.96, 0.96 using
an SVM classifier. Compared with traditional
handcrafted multidomain features, the proposed
framework improved classification accuracy and
precision from 72.72% to 93.07% and from 0.73 to 0.93
for the 4-class task, and from 79% to 98.70% and from
0.78 to 0.97 for the 2-class task, respectively. It also
outperformed the MIMF feature by 19.84% and
12.40%, and the DL-based features by 4.23% and
6.67%, respectively, for 4-class and 2-class emotion
classification using the SVM Classifier. Furthermore,
results show that, among the evaluated classifiers,
SVM achieved higher accuracies than KNN and XG-
Boost for all feature representations. A similar trend is
also observed for the DREAMER dataset. The
proposed multilevel feature set achieved the highest
classification accuracies of 93.85% and 98.78% for the
4-class and 2-class emotion classification tasks,

respectively, with corresponding precision, recall, and
F1-scores 0f 0.91, 0.91, 0.92 and 0.97, 0.96, 0.96 using
SVM classifier. Compared with traditional handcrafted
multidomain features, the accuracies and precision
increase by 20.68%, 19%, 17.78%, and 20% for the 4-
class and 2-class emotion classification tasks,
respectively. It also outperformed the MIMF feature by
4.15% and 5.15 %, and the DL-based features by
1.00% and 0.60%, respectively using an SVM
Classifier for 4-class and 2-class emotion classes.
Similar to the DEAP dataset, the SVM classifier
consistently outperformed KNN and XG-Boost across
all feature representations. To further investigate the
generalizability of the proposed multilevel feature
concatenation framework, previous experiments are
conducted on an additional EEG-based schizophrenia
dataset [37]. Although this dataset is intended for
schizophrenia classification rather than emotion
recognition, schizophrenia is characterized by altered
neural activity and impaired emotion regulation.
Therefore, it provides a meaningful benchmark for
assessing whether the proposed multilevel feature can
generalize across different EEG-based classification
tasks while capturing neurophysiological patterns
relevant to both neurological disorders and affective
processing. Using the SVM classifier, the proposed
framework achieved the highest classification accuracy
of 98.02%, with a precision of 0.97, recall of 0.97, and
F1-score of 0.98. Results represent an improvement of
8.02 % over handcrafted multidomain features, 0.95 %
over DL-based features, and a slightly similar result to
the MIMF [38] approach.

2. LOSO Cross-Validation:

Furthermore, LOSO cross-validation is performed to
assess the subject-independent generalization of the
proposed framework. Table 8 shows that for DEAP
dataset, the proposed multilevel feature representation
with SVM classifier achieved accuracies of 91.75% and
95.98% for 4-class and 2-class classification,
respectively. Compared with KNN, the SVM achieved
accuracy improvements of 2.82% and 0.22%, while
improvements of 2.45% and 0.96% were obtained over
XGBoost for the 4-class and 2-class classification
settings. Similarly, for the DREAMER dataset, the
proposed multilevel feature representation with SVM
achieved accuracies of 91.75% and 96.88%, providing
improvements of 2.49% and 3.65% over KNN and
2.16% and 1.63% over XG-Boost for 4-class and 2-
class classification, respectively. For the schizophrenia
dataset, the proposed multilevel feature with SVM
achieved an accuracy of 96.12%, with precision, recall,
and F1-scores of 0.95, 0.95, and 0.96, respectively.
This result is 2.56% and 0.92% higher than the KNN
and XG-Boost classifier, respectively. Table 9
summarizes the mean accuracy, SD and confidence
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interval (Cl) at 90% obtained using the 10-fold and
LOSO cross-validation (CV) protocols. The proposed
multilevel feature concatenation framework with SVM
achieved the highest accuracy among the evaluated
classifiers for both datasets. Under 10-fold CV,
accuracies of 93.07% and 98.70% were obtained for 4-
class and 2-class classification, respectively, for the
DEAP dataset, while the DREAMER dataset achieved
93.85% and 98.78%. Under LOSO CV, the

corresponding accuracies were 91.45% and 95.98%
for DEAP and 91.04% and 96.88% for DREAMER. The
relatively low SD values (0.70-2.17%) with Cl at 90%
indicate stable and consistent performance across
folds and subjects.

3. Class Imbalance Effect Study

Class imbalance may bias conventional accuracy
toward the majority class and potentially overestimate

Table 6. Ablation study under 10-fold cross validation for classification of 2 and 4 emotion classes using

DEAP and DREAMER datasets

Datab Feature Classifi Emotion Classes
ase Type er 4-Classes 2-Classes
Accuracy Preci Recall F1- Accurac Precisio Recall F1-
(%) sion Score y (%) n Scor
e
Multidom SVM 72.72 0.72 0.73 0.70 79.00 0.78 0.79 0.77
ain KNN 69.70 0.68 0.69 0.68 76.18 0.73 0.76 0.75
Handcraft Boostin 71.01 0.70 0.69 0.71 77.90 0.78 0.76 0.76
ed
Features ?
DEAP  Features SVM 78.23 0.79 0.78 0.76 86.30 0.87 0.86 0.85
using KNN 75.10 0.77 0.75 0.76 83.78 0.83 0.81 0.81
MIMF Boostin 77.45 0.78 0.77 0.77 85.45 0.86 0.84 0.85
g
DL-based SVM 88.97 0.87 0.88 0.87 92.03 0.91 0.93 0.91
Features KNN 86.01 0.85 0.86 0.86 90.17 0.89 0.91 0.91
Boostin 87.67 0.87 0.88 0.87 91.06 0.91 0.92 0.92
g
Multilevel SVM 93.07 0.92 0.93 0.91 98.70 0.97 0.96 0.96
(Handcra KNN 90.20 0.89 0.90 0.89 96.16 0.95 0.95 0.95
fted + Boostin 91.70 0.91 0.91 0.90 97.12 0.96 0.96 0.95
DL- g
based)
Features
Multidom SVM 73.17 0.73 0.73 0.72 81.00 0.80 0.79 0.80
ain KNN 70.60 0.69 0.70 0.70 78.97 0.77 0.76 0.78
Handcraft Boostin 72.10 0.71 0.72 0.71 79.87 0.78 0.79 0.79
ed
Features ?
DREA- Features SVM 89.70 0.87 0.88 0.87 93.63 0.92 0.91 0.92
MER using KNN 86.95 0.86 0.87 0.86 91.23 0.90 0.89 0.89
MIMF Boostin 88.16 0.88 0.88 0.88 92.16 0.91 0.90 0.90
g
DL-based SVM 93.75 0.91 0.93 0.91 98.18 0.97 0.96 0.97
Features KNN 90.87 0.91 0.90 0.90 95.87 0.95 0.95 0.96
Boostin 92.17 0.92 0.91 0.90 97.06 0.96 0.96 0.95
g
Multilevel SVM 93.85 0.91 0.91 0.92 98.78 0.97 0.96 0.97
(Handcra KNN 91.16 0.90 0.89 0.90 96.13 0.95 0.94 0.94
fted + Boostin 92.19 0.91 0.91 0.90 97.15 0.96 0.95 0.95
DL- g
based)
Features
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classification performance. Therefore, this study also
calculates balanced accuracy (BA) as Eq. (32) [39] to
evaluate class-wise performance more fairly.

1 C TP
BA=—>c1 ,
CL TP+FN¢p

here, CL is the total number of classes, TP, denotes the
true-positive samples for class cl, and FN,; denotes the

(32)

for the 4-class and 2-class settings on the DEAP
dataset and 91.13% and 96.11% on the DREAMER
dataset respectively. For the schizophrenia dataset, a
balanced accuracy of 95.86 % is obtained for the 2-
class setting. To study the statistical significance of our
results, a two-way analysis of variance (ANOVA) test is
conducted for performance comparison of different

Table 7. Ablation study under 10-fold cross validation for binary classification of schizophrenia dataset

Database Feature Type Classifier Emotion Classes
Binary classes
Accuracy (%) Precision Recall F1-Score
Multidomain SVM 90.00 0.89 0.89 0.88
Handcrafted KNN 87.45 0.86 0.87 0.86
Features Boosting 88.97 0.87 0.88 0.88
Features using SVM 99.00 0.98 0.97 0.98
Schizophrenia MIMF KNN 96.13 0.95 0.95 0.93
Boosting 97.56 0.96 0.97 0.97
DL-based SVM 97.07 0.95 0.96 0.95
Features KNN 94.32 0.92 0.92 0.91
Boosting 95.68 0.93 0.93 0.92
Multilevel SVM 98.02 0.97 0.97 0.98
(Handcrafted KNN 95.46 0.95 0.93 0.93
+ DL-based) Boosting 97.10 0.96 0.95 0.96
Features

false-negative samples for class cl. Balanced accuracy
therefore gives equal weight to the recall of every class.
The SVM classifier with 10-fold cross-validation
achieved balanced accuracies of 91.75% and 96.00%

feature types across multiple datasets. A two-way
ANOVA was performed by considering feature type
and dataset as the two factors. The total variation is
expressed as Eq. (33) [40]:

Table 8. Ablation study under LOSO cross-validation for 2-class and 4-class emotion classification using

different datasets

Database Feature Classi Emotion Classes
Type fier 4-Classes 2-Classes
Accurac Precisi Recall F1- Accuracy Precisio Recall F1-
y (%) on Score (%) n Scor
e
DEAP Multilevel SVM 91.45 0.91 0.90 0.89 95.98 0.95 0.93 0.94
(Handcra ~— KNN 88.63 0.88 0.86 0.87 95.76 0.93 0.92 0.93
ﬂgdl_ + Boosti 89.0 0.90 0.88 0.88 95.02 0.95 0.94 0.93
based) ng
Features
DREAMER Multilevel SVM 91.75 0.89 0.90 0.90 96.88 0.95 0.94 0.95
(Handcra ~ KNN 89.26 0.88 0.87 0.88 93.23 0.93 0.93 0.92
ftgdL * Boosti 89.29 0.89 0.87 0.88 95.25 0.94 0.93 0.93
based) ng
Features
Sizophrenia Multilevel SVM - - - - 96.12 0.95 0.95 0.96
(Handcra ~ KNN - - - - 93.56 0.93 0.91 0.91
g?_d + Boosti - - - -
Bb;,sed) ng 95.20 0.94 093  0.94
Features
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SST == SSA + SSB + SSAB + SSE, (33)

(Cls) for the 2-class and 4-class emotion classification

Table 9. Calculation of mean accuracy with standard deviation (SD) and Cl at 90% under 10-fold,
and LOSO cross-validation protocols for emotion classification using different datasets

Database Cross- Feature Classifier Emotion Classes
validation  Type 4-Classes 2-Classes
protocol Mean +SD Mean +SD
Accuracy Accuracy
(%)
DEAP 10-fold Multilevel SVM 93.07 1.47 98.70 0.78
Features KNN 90.20 2.42 96.16 1.17
Boosting 91.70 2.19 97.12 0.98
DREAMER Multilevel SVM 93.85 1.51 98.78 0.70
Features KNN 91.16 2.07 96.13 0.98
Boosting 92.19 2.32 97.15 1.23
DEAP LOSO Multilevel SVM 91.45 2.17 95.98 1.67
Features KNN 88.63 3.04 95.76 1.89
Boosting 89.00 3.18 95.02 2.01
DREAMER Multilevel SVM 91.04 2.02 96.88 0.98
Features KNN 89.26 2.98 93.23 1.98
Boosting 89.29 3.22 95.25 1.03

where, SS,, SSg, SS45, and SS; denote the sum of
squares due to feature type, dataset, their interaction,
and error, respectively. The corresponding F-statistics
were calculated as in Eq. (34) [40]:
F, = MSa — MsSg Fan = MSag
AT Msg’ BT Msg’ AB T Msg
where, MS denotes the corresponding mean square. A
p < 0.05 is considered statistically significant. The test
is applied separately to accuracy, precision, recall, and
F1-score. The results show a significant difference in
the means of accuracy, precision, recall, and F1-score
across feature types (p < 0.05). Furthermore, the
confusion matrices (CM) with 90% confidence intervals

(34)

tasks with 10-fold cross-validation on the DEAP and
DREAMER datasets are presented in Fig. 4 and Fig. 5

to demonstrate the statistical robustness of the
proposed framework.

D. Comparison Study

The comparison of the proposed multilevel feature
concatenation framework with state-of-the-art methods
[11], [15], [6], [34], and [13] evaluated on the DEAP and
DREAMER datasets using a 10-fold cross validation
protocol is given in Table 10. The proposed framework
achieves emotion classification accuracies of 98.70%
and 93.07% on the DEAP dataset, and 98.78% and

Table 10. Comparison study of the proposed method with existing methods for DEAP and DREAMER

datasets
Method Year Dataset Classifier Cross-validation Emotion Classes
Protocol
2-Class 4-Class
MCNN [11] 2021 DEAP SVM 10-fold 93.7 89.10
DREAMER 92.37 88.79
Intelligent Combiner 2021 DEAP SVM 10-fold 91.14 88.07
[15] DREAMER 90.86 87.54
Time-frequency 2022 DEAP SVM 10-fold 76.30 70.65
analysis [6] DREAMER 75.70 71.25
Multimodal features 2023 DEAP SVM 10-fold 79.00 72.72
[34] DREAMER 81.00 7317
hybrid BiGRU + 2025 DEAP SVM 10-fold 97.12 92.33
BILSTM[13] DREAMER 97.45 93.32
Proposed Method 2026 DEAP SVM 10-fold 98.70 93.07
DREAMER 98.78 93.85
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Fig. 4. Confusion Matrix (CM) for 4-class emotion classification for DEAP and DREAMER datasets
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Fig. 5. Confusion Matrix (CM) for 2-class emotion classification for DEAP and DREAMER datasets

93.85% on the DREAMER dataset for 2-class and 4- closely related hybrid BiGRU + BILSTM [13], the
class classification, respectively. Compared with the proposed method achieves improvements in
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Table 11. Complexity Comparison of the proposed Model with existing models

: Inference  Accuracy Sensitivity F1-
Architectur FLOPs Parameters .

Model e (M) (K) Time (sec) (%) Score

Conformer CNN- 32229 1297 40 93.02 0.91 0.90
[41] Transformer
EEGNex [42] CNN 108389 95 66 87.67 0.86 0.87
Proposed CNN 3100 1295 19 98.70 0.97 0.96
Model

classification accuracy of 1.58 % and 0.74 % for 2-
class classification and 1.33 % and 0.53 % for 4-class
classification on the DEAP and DREAMER datasets,
respectively. Compared with MCNN [11], the proposed
framework achieves improvements of 5.00 % and 6.41
% for 2-class classification and 3.97 % and 5.06 % for
4-class classification on similar dataset and
experimental setting. The proposed method also
consistently outperforms the handcrafted feature-
based approaches [6], [34] across both datasets and a
similar validation protocol for 2-class, and 4-class
classification setting. Similarly, compared with the
Intelligent Combiner [15], which directly fuses
handcrafted and DL-based features, the proposed
framework achieves higher accuracies by 7.56 % and
handcrafted and DL-based features, the proposed
framework achieves higher accuracies by 7.56 % and
7.92 % for 2-class classification and by 5.00% and
6.31% for 4-class classification on the DEAP and
DREAMER dataset, respectively. Furthermore, the
receiver operating characteristic (ROC) analysis in Fig.
6 shows that the proposed multilevel features achieve
the highest area under the curve (AUC) of 0.91. The
complexity comparison of the proposed framework with
existing models is presented in Table 11. Results show
that the proposed CNN architecture demonstrates
substantially reduced computational complexity (3100M
FLOPs) compared to Conformer [41] and EEGNex [42].
Despite higher parameterization, it achieves a
competitive inference time (19 sec), indicating an
efficient balance between computational cost and
practical deployability for EEG-based emotion
recognition. In terms of classification performance, the
proposed model achieves the highest classification
accuracy of 98.70% with sensitivity of 0.97,
outperforming Conformer (93.02%, 0.91) and EEGNex
(87.67%, 0.86). It also attains a higher F1-score of 0.96,
compared with 0.90 for Conformer and 0.87 for
EEGNex.

IV. Discussions
A. Feature Concatenation Significance Analysis

Table 5 demonstrates that the proposed multilevel
feature concatenation framework effectively combines
handcrafted and DL-based EEG representations. The
SHAP analysis further supports this observation, as the
concatenated multilevel representation obtained an
average SHAP value of 0.8246, higher than the
individual  handcrafted and DL-based feature
representations. This indicates that when both
handcrafted and DL-based features are concatenated,
their overall contribution to the model's prediction
increases.

B. Multilevel Feature Concatenation Significance
Analysis

The MI analysis, as shown in Fig. 3 further explains the
compatibility between handcrafted and DL-based
features at different abstraction levels. The Ml between
low-level handcrafted and low-level DL-based features
ranged from 0.60 to 0.95, which was higher than the
other combinations. Similarly, the MI between mid-level
handcrafted and mid-level DL features ranged from 0.64
to 0.91. Furthermore, integrating handcrafted and DL-

ROC Curves for Different Feature Types for DEAP Database

1.0 —

o o
) )

True Positive Rate
o
>
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°
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Fig.6. ROC curves of 2-class emotion

classification for different feature types using

DEAP dataset
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based features across multiple levels, with appropriate
level selection, yields the highest SHAP value of 0.8246.
This reestablishes the importance of multilevel feature
concatenation with proper level selection as already
hypothesized. A previous study [36] reported that
different CNN layers progressively capture abstract
representations, and combining features from these
layers improves overall performance. However, they
used DL-based features alone and did not incorporate
handcrafted features at multiple abstraction levels. In
contrast, our approach leverages both handcrafted and
DL-based features across multiple levels of abstraction,
resulting in a more informative and discriminative feature
set that enhances model performance. Moreover, since
the developed DL-based feature extraction model is
lightweight, the overall approach is well-suited for real-
world applications of emotion recognition and mental
health monitoring.

C. Classification Performance and Generalizability

The ablation results obtained using both 10-fold and
LOSO cross-validation, as shown in Table 6, Table 7,
and Table 8, further demonstrate the effectiveness of the
proposed feature representation. Across DEAP and
DREAMER, the multilevel feature representation
consistently produced high classification performance,
while the SVM classifier achieved higher accuracies
than KNN and XG-Boost across the evaluated feature
representations. The schizophrenia dataset further
demonstrates the generalizability of the framework
across a different EEG-based classification task.
Although this dataset is intended for schizophrenia
classification rather than emotion recognition, the
obtained results indicate that the multilevel feature
representation can capture neurophysiological patterns
relevant to EEG-based classification.

D. Classifier Performance and Stability

The consistent advantage of SVM can be attributed to
its maximum-margin optimization, which effectively
constructs optimal decision boundaries in the high-
dimensional and discriminative feature space generated
by the proposed multilevel feature representation. In
contrast, KNN is more sensitive to overlapping feature
distributions and the curse of dimensionality, while the
tree-based partitioning strategy of XGBoost may not fully
capture the continuous relationships among the fused
EEG features. The relatively low SD values (0.70-
2.17%) with CI at 90%, as shown in Table 9, indicate
stable and consistent performance across folds and
subjects. Compared with KNN and XG-Boost, the SVM
provided accuracy improvements of up to 3.65% and
2.16%, respectively, demonstrating the effectiveness of
the proposed multilevel feature representation SVM
classifier.

E. Class Imbalance Effect Analysis

The balanced accuracy results further indicate that class
imbalance has a limited influence on the overall
performance of the proposed framework. The relatively
small differences between accuracy and balanced
accuracy suggest that the reported classification
performance is not substantially dominated by the
majority class. The consistently high balanced accuracy
across datasets further indicates that the proposed
multilevel feature representation provides robust class-
wise discrimination under imbalanced conditions.

F. Comparison and Discussion

Although the compared methods in Table 10 use the
same DEAP and DREAMER datasets, SVM classifier,
and 10-fold cross-validation protocol, they differ in their
feature representation and integration strategies.
MCNN [11] primarily relies on deep convolutional
features, whereas [6] and [34] emphasize handcrafted
time-frequency and multimodal features, respectively.
The Intelligent Combiner [15] combines handcrafted
and DL-based features, while the hybrid BiGRU +
BiLSTM method [13] focuses on sequential deep
feature learning. In contrast, the proposed framework
integrates handcrafted and CNN-derived
representations at corresponding feature levels,
enabling complementary low-, mid-, and high-level
information to be jointly exploited. The consistent
improvement over these approaches across both
datasets and classification settings suggests that level-
wise feature integration provides a more effective
representation of heterogeneous EEG features for
emotion classification. Additionally, the ROC analysis
in Fig. 6 shows that the proposed multilevel features
achieve an AUC of 0.91, further confirming their
effectiveness for EEG-based emotion classification.
Furthermore, Table 11 shows that the proposed
framework provides a favorable balance between
computational complexity and model size. Unlike
Conformer, which incorporates Transformer-based
processing, and EEGNex, which requires substantially
higher computational operations, the proposed model
maintains shorter inference time with a comparable
number of parameters. This indicates an effective
balance between computational efficiency and
classification capability for EEG-based emotion
recognition.

G. Limitations and future directions

The 10-fold cross-validation uses epoch-level
partitioning; therefore, LOSO cross-validation is
additionally performed to assess subject-independent
generalization. The  slightly reduced LOSO
performance highlights the importance of subject-wise
evaluation, which will be further investigated using
larger and more diverse EEG datasets. Balanced
accuracy is also reported to account for class
imbalance and provide an equitable assessment of
class-wise performance. The multilevel feature
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representation increases feature dimensionality and
computational requirements. Future work  will
investigate more compact feature aggregation and
dimensionality-reduction  strategies, along with
automated learning of complementary handcrafted
representations. Since the present evaluation uses
controlled benchmark datasets [17], [18], validation on
diverse populations and real-world EEG recordings is
needed to further assess generalizability. SHAP and Ml
analyses provide model-level interpretability, while
independent neurophysiological validation could
further strengthen their physiological interpretation.
Although the proposed framework is compared with
relevant lightweight EEG models [41], [42], broader
evaluation on emerging lightweight and hardware-
oriented architectures will further assess practical
applicability. Future optimization may support real-time
and wearable EEG emotion recognition, while larger
and more diverse populations will be important for
evaluating its potential in objective affective-state
assessment.

V. Conclusion

This study proposes a multilevel feature concatenation
framework that integrates handcrafted EEG features
with DL features extracted from different abstraction
levels for emotion classification. The proposed
framework generates a more discriminative feature
representation and consistently outperforms individual
handcrafted and DL feature sets as well as existing
state-of-the-art methods. Among the evaluated
classifiers: SVM, KNN, and XG-Boost, the SVM
achieved the best performance, yielding classification
accuracies of 98.70%h and 93.07% on the DEAP
dataset and 98.78% and 93.85% on the DREAMER
dataset for 2-class and 4-class emotion classification,
respectively. These findings demonstrate the
effectiveness of the proposed multilevel feature
concatenation framework for enhancing EEG-based
emotion classification. Future work will focus on
evaluating the proposed framework on larger subject-
independent datasets, assessing its robustness under
noisy wearable EEG conditions, optimizing its
computational efficiency, and validating its real-time
performance on embedded hardware platforms.
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