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3. MATERIAL AND METHODS

3.1. DATASET

A KUI emotion speech dataset was generated from
several speakers in the Kandhamal district of Odi-
sha for this study. A platform has been developed for
data preparation in the KUI language [31]. The plat-
form snapshot is shown in Fig. 1. The manual dataset
preparation takes more time. We have taken six com-

wanted background noise. The total dataset includes
2383 different utterances.

Table 2. KUI Speech emotion and its meaning

Emotion Emotion Emotion #files

(Kui)  (English)  (IPA)  Original Augmented Total
aglesl  Angry rago 397 1588 1985
69l Happy Kbusi 400 1600 2000
2l Fear b"jo 398 1592 1990
aelm Sad duhk™ 397 1588 1985
Sl Disgust  birokti 396 1584 1980
6ua Surprise  astfordzjo 395 1580 1975

3.2. METHODOLOGY

The flow diagram of speech emotion recognition is
shown in Fig. 2. KUl speech emotion recognition mainly
depends on feature extraction methods. It mostly takes
several features out of the audio streams. After feature
extraction, the features are sent into the classifier, fre-
quently referred to as input. The various emotions are
identified using the inputs. The first and foremost stage
of speech conversion is feature extraction. The vital goal
of this process is to find the details of a speech signal.
Over time, feature extraction needs to be consistent.
In speaking, it must happen regularly and dynamically.
There are several kinds of feature extraction techniques
available [32]. The Mel-Frequency Cepstral Coefficient
(MFCC) feature extraction approach is used in this paper.

3.2.1. DATA AUGMENTATION

The volume of data directly impacts the performance
of deep learning. Deep learning is subject to overfit-
ting when used with limited datasets. Typically, the first
thing that is thought about is approaching this chal-

mon emotions in the dataset: © %~ EA-@u%e,; 8¢ " % lenge from the data level [33].

a;5>%® ¢ andTHe- inéaning of the KUl emotions is
shown in Table 2.

@8l ada aege
Language Corpus Collection G

Welcome Admin Logout

Fig. 1. Speech emotion data collection platform

There are 2,383 expressions of 6 different emotions
in our dataset. At a rate of 16 kHz, each file is saved in
wave format as linear 16-bit single-channel Pulse Code
Modulation (PCM) values. We used a Zoom audio re-
corder, a laptop, and a mobile device to capture the
speech expressions. To reduce noise, it is recorded in
a studio. Our collection's male-to-female voices are
equal to avoid bias. After the completion of data collec-
tion, the sampling rate of all the recordings is checked.
The pre-processing stage involved the removal of un-
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Fig. 2. Flow diagram of KUl emotion recognition
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For low-resourced languages, gathering extra infor-
mation can be challenging. Data augmentation aims to
enhance the volume of data required for speech recog-
nition system training. Data augmentation effectively
increases current data availability and allows model
training without requiring new data. We can present the
audio data in two ways, i.e,, raw audio and spectrogram
[34]. Data augmentation, a regularisation technique,
generates new, slightly modified samples from the origi-
nal data to increase the training set. In this paper, four
data augmentation strategies are considered as follows:

i. Noise injection: We can use different types of noises
for data augmentations. Noise may be environmental,
background, white, or thick. In our case, we inject white
noise, adding a random value to the original data.

ii. Shifting time: It just moves the audio left or right.
If there is not enough trailing silence, the audio will
wrap around.

iii. Random gain: Random gain can change the am-
plitude. This method measures the loudness of the au-
dio. The original audio signal is multiplied by a random
factor, which converts into an augmented signal.

iv. Polarity: An audio time-frequency representation
is independent of polarity. An audio data augmenta-
tion that reverses the phase of an audio stream might
be beneficial for raw waveforms. All phases will cancel
out when the phase-inverted signal is added to the
original signal. In this case, the signal is multiplied by
$-1$ for the phase insertion.

3.2.2. FEATURE EXTRACTION

Mel-Frequency Cepstral Coefficient (MFCC):

The European Telecommunications Standards Insti-
tute defines the MFCC algorithm. MFCC is an efficient
method for feature extraction. It considers the frequen-
cies of human perception sensitivity, which can be
treated as one of the best tools for speech recognition.
The block diagram of MFCC is described in Fig. 3. Vari-
ous types of steps for finding the Mel-Frequency Ceps-
tral Coefficient [35] are described in eqn 1 through 5.

Pre-emphasis: This step increases energy to higher
frequencies, possibly related to vowels with more en-
ergy at low frequencies than at high frequencies. It
improves the detection accuracy and uses a filter to
increase higher frequencies.

ylnl=x[n]-a-x[n-1] (M

Where x[n] is the input signal, and y[n] is the pre-em-
phasized signal

Framing: In this step, the signal is split into small time
frames where each frame can be independently ana-
lyzed and represented as a single feature vector. The
frame time length of the extracted speech is 25-30 ms.
The overlapping of the frames is very useful to reduce
the loss of information. The advantage is not to do the
Fourier transform across the entire signal.

X, [[]=x[iR:(i+1).R-1],i=0,1,...,L-1 (2)

Here, X, [i] represents the i-th frame. R is the frame
length and L is the number of frames.

Windowing: It involves slicing the sound's waveform
into different frames. But it cannot split at the bound-
ary of the frame. For slicing, the audio signal amplitude
should drop near the edge of a frame. Therefore, it is
better to use Hamming windows to chop the signal.

X, [i]=xf [i]-w[il,i=0,1,...,R-1 (3)
Here, x [ilis the windowed frame.

Fast Fourier Transform (FFT): The frequency domain
is created from the time domain using the Fast Fourier
Transform (FFT) technique, as the time domain calcula-
tion is more complicated than the prevalence domain.

XIKI=FFT(x,) (4)
Where X[k] is the spectrum of the frame.

Mel Filter Bank: The way of receiving the sound of our
ears and the machine is different. We can differentiate
easily if we hear sound at 10HZ and 30HZ, but it is not
easy to distinguish if it becomes 1000HZ and 1020HZ.
But the machine resolution is the same at all frequencies.
Thus, the human hearing property will improve perfor-
mance. Therefore, we use the mel scale to map the ac-
tual frequency. The power spectrum uses the filter bank
to sum up the energies. This energy is applied with the
algorithm to find the mel frequency co-efficient.

Hm[k]=zi:0N-1 X[I] 'Hm [Irk]r m=or1 IIIIIM-l (5)
Here, H [Kk]is the output of the m-th filter bank. N is

the number of FFT points and M is the number of mel
filters.

KUISignal ~ [——p{ Pre-emphasis fe——p Framing [—pf Windowing [—pi FFT

MFCC Features |4 DeT Log [é=——  MelFilter Bank

Fig. 3. Block diagram of Mel-Frequency Cepstral
Coefficient

4. MODEL BUILDING

Many neural network approaches are utilized for voice
emotion recognition. Speech emotion recognition in a
low-resource KUl language has not yet been researched or
developed. This work used the Long Short-Term Memory
(LSTM) and Convolutional Neural Network (CNN) models.
Taking the above two models, we propose a hybrid model
and compare the model accuracy with performance met-
rics. We also compare the accuracy before data augmen-
tation and after data augmentation. We used Python to
implement our research work. The data were split into
three different training and testing sets for classification,
i.e., 90%-10%, 80%-20%, and 70%-30%. We also compare
the results by taking the different epoch sizes.

56 International Journal of Electrical and Computer Engineering Systems



4.1. CONVOLUTIONAL NEURAL NETWORKS
(CNN) MODEL

As Convolutional Neural Networks (CNNs) are good
atidentifying local patterns in spectrogram representa-
tions of audio data, they have become essential tools
in speech emotion recognition [13]. For this purpose,
CNNs usually have convolutional layers and pooling
layers, allowing them to extract discriminative features
from raw audio input automatically. Through multiple
layers of convolution and pooling, CNNs hierarchically
extract features at different levels of abstraction, fa-
cilitating the identification of emotional cues such as
pitch variations, spectral changes, and temporal dy-
namics in speech signals. After learning these repre-
sentations, fully connected layers are provided for clas-
sification, where the model can predict the emotional
state associated with the input speech segment. With
appropriate training data and optimization strategies,
CNNs have demonstrated promising performance in
various emotion recognition tasks, offering robustness
to noise and variability in speech signals while requir-
ing minimal preprocessing of the input data [36]. Us-
ing convolutional layers, the Convolutional Neural Net-
work (CNN) in KUl speech emotion recognition extracts
hierarchical characteristics from the speech signal rep-
resentations, as stated in equation 6.

CNN(x)=Conv1D(ReLU(BatchNorm(x))) (6)

Where x represents the input feature of the speech
signal, Conv1D denotes the 1D convolutional opera-
tion, ReLU is the rectified linear activation function and
BatchNorm represents batch normalization and accel-
erates training.

4.2. LONG SHORT-TERM MEMORY (LSTM)

Emotion recognition has demonstrated the significant
efficacy of Long Short-Term Memory (LSTM) models, es-
pecially when evaluating sequential input like speech.
Recurrent Neural Networks, or RNNs, are particularly
good at recognizing the temporal dynamics and long-
range dependencies in voice signals. By processing
speech input over time through recurrent connections
with gated memory cells, LSTMs can learn intricate pat-
terns and contextual information crucial for discerning
emotional states [27]. This capability allows them to cap-
ture nuanced features like prosody, intonation, and sub-
tle variations in speech, which indicate different emo-
tions. Furthermore, LSTMs can handle variable-length
input sequences, making them suitable for analyzing
speech segments of varying durations by integrating
LSTMs with additional layers, such as attention mecha-
nisms or combining them with other architectures like
CNNs. Researchers have demonstrated the accuracy of
LSTM models in capturing the temporal dynamics and
complex nuances inherent in emotional speech by
achieving state-of-the-art performance in speech emo-
tion recognition [37]. Itis possible to build an LSTM mod-
el for emotion recognition, as stated in eqn 7.
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c ) (7)

LSTM(x)=LSTM(x_, h_ ., ¢,

Where x symbolizes the input at that moment m ,
h . denotes the previous hidden state, a time step m-1.
¢, , represents the previous cell state at the moment

m-1 and LSTM denotes the cell operation.

4.3. HYBRID MODEL

We present a hybrid model that includes CNN and
LSTM. The convolution layer in our HYBRID model
shows the feature map sequence and recognizes signif-
icant areas and varied length utterances. In the activa-
tion layer, a non-linear activation function is used. The
Rectified Linear Unit (ReLU) has been utilized. When a
layer is dense, the Softmax activation function is ap-
plied. The design, development, and assessment of the
model, parameter selection, and feature selection for
the MFCC in the HYBRID model for emotion classifica-
tion are the primary contributions of this study.

The model uses multiple Conv1D layers with various
filter and kernel sizes (3,5), extracting significant features
from the input data. The hierarchical extraction captures
local and global patterns in the data, which is crucial for
tasks such as emotion classification, where subtle differ-
ences in the features matter. The LSTMs employed cap-
ture temporal dependencies within the sequential data,
while the CNN is excellent for spatial feature extraction,
making the proposed hybrid architecture leverage the
strengths of both architectures. After the feature extrac-
tion and sequence learning phases, the model flattens
the output from the LSTM layer and feeds it into dense
layers. The 512-unit dense layer with ReLU activation and
batch normalization processes the features before the fi-
nal classification layer, passing it to the output layer. It
uses a softmax activation function for multi-class classifi-
cation, making the model suitable for categorizing emo-
tions into distinct classes. The KUI dataset with limited
resources is used in this research. The hybrid model can
be described as a sequence of operations performed on
the input data, as stated below.

1. Input:
« Input data shape:

(batch_size, sequence_length, 1)
2. Convolutional Layers:

. Conv1D with 512 filters, kernel size 5, strides 1,
and ReLU activations, followed by batch normal-
ization and max pooling:

Conv1D 512 (x)
—BatchNormalization(x)
—MaxPool1D(x)

«  Output shape:
(batch_size, sequence_length/2,512)

3. Convolutional Layers:

. Conv1D with 512 filters, kernel size 5, strides 1,
and RelU activations, followed by batch nor-
malization and max pooling:
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Conlem(x)

—BatchNormalization(x)
—MaxPool1D(x)

«  Output shape:
(batch_size, sequence_length/4, 512)

4. Convolutional Layers:

- Convl1D with 256 filters, kernel size 5, strides 1,
and RelU activations, followed by batch nor-
malization and max pooling:

CO”V1D256(X)

—BatchNormalization(x)
—>MaxPool1D(x)

«  Output shape:
(batch_size, sequence_length/8, 256)

5. Convolutional Layers:

. Convl1D with 256 filters, kernel size 3, strides 1,
and RelU activations, followed by batch nor-
malization and max pooling:

Conv1D256(x)

—BatchNormalization(x)
—>MaxPool1D(x)

«  Output shape:
(batch_size, sequence_length/16, 256)

6. Convolutional Layers:

. Convl1D with 128 filters, kernel size 3, strides 1,
and RelU activations, followed by batch nor-
malization and max pooling:

ConvlD,, (x)
—BatchNormalization(x)
—>MaxPool1D(x)

«  Output shape:
(batch_size, sequence_length/32, 128)

7. LSTM Layer:
«  LSTM layer with 256 units, returning sequences.
8. Flatten Layer:

«  Flatten the output of the LSTM layer to prepare
it for the dense layers.

9. Dense Layers:

«  RelU activation and 512-unit dense layer are
followed by batch normalization.

«  Output shape: (batch_size, 512)

10. Output Layer:

«  Dense layer with 6 units and softmax activation
for multi-classification.

«  Output shape: (batch_size, 6)

5. PERFORMANCE MEASURE OF HYBRID DEEP
LEARNING MODELS

Performance metrics in speech emotion recognition
are crucial for evaluating the effectiveness of models in
classifying emotional states from speech signals. Com-
monly used metrics include accuracy, precision, recall,

and F1-score [38]. Mathematically, all the metrics are
represented in eqn 8 through 11.

«  Precision: Voice emotion recognition systems must
achieve high precision for practical uses in sentiment
analysis, customer service, human-computer interac-
tion, and psychology research. This guarantees that
the system can accurately recognize and react to spo-
ken language's emotional content, which is essential
for offering suitable and efficient communication in-
terfaces and services.

Precision=TP/(TP+FP) (8

Where TP denotes the number of positive instanc-
es correctly classified by the model and FP denotes
the number of negative instances incorrectly clas-
sified as positive by the model.

+  Recall: Recall in speech emotion recognition refers to
a system's or model's capacity to accurately identify
every occurrence of an emotion class from the da-
taset's total number of instances of that emotion. It
measures the system's ability to capture all relevant
instances of a specific emotion without missing any.

Recall=TP/(TP+FN) 9)

Where TP are the instances correctly identified as
positive and FN denotes instances incorrectly iden-
tified as negative.

«  Accuracy: Accuracy in speech emotion recognition
refers to the degree to which a system can correctly
identify the emotional state conveyed by human
speech. This is typically measured as the percentage
of correctly identified emotions out of the total num-
ber of emotions analyzed.

Accuracy=(TP+TN)/(TP+TN+FP+FN) (10)
Where TN denotes the number of correctly pre-
dicted negative instances.

F1 Score: An often-used statistic in speech emotion
identification is the F1 score, which assesses how
well emotion categorization models perform. The
F1 score is a model accuracy metric considering the
model's recall and precision.

F1 Score=2*(Recall*Precision)/(Recall+Precision) (11)

6. RESULTS AND ANALYSIS

The study presented in this article compares promi-
nent deep-learning algorithms to identify the emotion
from KUI speech. We have considered six emotions
QQI?}:@ (angry), 6!l (happy), AR (fear), SRIM (sad),
@I (disgust), and 68K (surprise). We have compared
the results of CNN and LSTM with our proposed HY-
BRID model. The experiment was done for data with-
out augmentation as well as with augmentation. As
mentioned before, we test deep learning models using
our KUI dataset. We use 90:10, 80:20, and 70:30 ratios
for training and testing. During the training phase, the
batch size is set to 32. First, we train the model without
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data augmentation using different parameters for our
dataset. We used 0.01 as the learning rate. Initially, we
used an epoch size of 50 in our experiment and trained
with various split ratios. The testing accuracy of CNN
is 0.91, whereas LSTM gives 0.93, and our proposed
model has a maximum accuracy of 0.94. Similarly, the
training and testing procedure was done for different
epoch sizes. The graphical representation of the testing
accuracy of all models having a split ratio of 80:20 with
varying sizes of epoch is shown in Fig. 4 through 7.

Next, we train the model with the augmented data-
set. After the data augmentation methods, our dataset
size increased to 11915, and we input it into our mod-
els. The graphical representation of testing accuracy of

Testing accuracy

Testing accuracy

all models with data augmentation having a split ratio
of 80:20 with different epoch sizes is shown in Fig. 8
through 9. Table 3 displays details of all tests’ accuracy
of both augmentation and without augmentation

It is evident in Fig. 4 to Fig. 9 that across all the epoch
sizes taken, the hybrid model consistently achieves the
highest accuracy, showing fewer fluctuations in accu-
racy, indicating a more stable training process than the
individual CNN and LSTM models. It also shows the ben-
efits of combining CNN and LSTM architectures. This is
also shown in the classification report in Tables 3 and 4.
All the models taken show convergence to a high accu-
racy over time, but the proposed hybrid model achieves
the best accuracy faster and maintains it better.

Testing accuracy
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Fig. 4. Testing Accuracy without
augmentation using epoch size 100
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Fig. 5. Testing Accuracy without
augmentation using epoch size 200
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Fig. 7. Testing Accuracy without
augmentation using epoch size 400
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Fig. 8. Testing Accuracy with
augmentation using epoch size 300
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Fig. 6. Testing Accuracy without
augmentation using epoch size 300
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Fig. 9. Testing Accuracy with
augmentation using epoch size 400

Table 3. Accuracy of different Models

Accuracy of different Models
without augmentation

with augmentation

No of epochs split-ratio
CNN LSTM HYBRID Model CNN LSTM HYBRID Model

70-30 0.81 0.92 0.93 0.91 0.93 0.95

50 80-20 0.91 0.93 0.94 0.96 0.97 0.97
90-10 0.86 0.93 0.95 0.94 0.95 0.96

70-30 0.89 0.93 0.94 0.93 0.94 0.96

100 80-20 0.93 0.94 0.95 0.96 0.96 0.97
90-10 0.91 0.95 0.95 0.94 0.96 0.97

70-30 0.91 0.94 0.95 0.95 0.95 0.96

200 80-20 0.94 0.95 0.96 0.96 0.97 0.97
90-10 0.92 0.95 0.96 0.95 0.96 0.97

70-30 0.93 0.95 0.96 0.94 0.96 0.96

300 80-20 0.94 0.95 0.96 0.94 0.95 0.97
90-10 0.92 0.95 0.95 0.94 0.96 0.97

70-30 0.91 0.93 0.94 0.94 0.95 0.96

400 80-20 0.95 0.95 0.96 0.95 0.96 0.97
90-10 0.91 0.95 0.96 0.95 0.97 0.97
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The classification metrics of all the models with dif-
ferent epoch sizes without augmentation are shown
in Table 4. Our proposed model's performance matrix
gives better results than others. The classification met-

rics of all the models with different epoch sizes with
augmentation are also shown in Table 4. Our proposed
model's performance matrix gives better results than
others in the case of data augmentation.

Table 4. Comparing various performance metrics

Comparing various performance metrics

without augmentation

Epoch Performance

with augmentation

Size indicators CNN LSTM HYBRID Model CNN LSTM HYBRID Model
70- 80- 90- 70- 80- 90- 70- 80- 90- 70- 80- 90- 70- 80- 90- 70- 80- 90-

30 20 10 30 20 10 30 20 10 30 20 10 30 20 10 30 20 10
Precision 08 088 088 090 091 091 092 092 089 089 095 093 090 098 095 093 0.91 0.97
50 Recall 084 089 082 091 095 093 093 0.95 094 091 097 09 095 097 094 095 0.99 0.94
F1-Score 082 088 085 09 093 092 092 093 091 09 09 094 092 097 094 094 0.95 0.95
Precision 091 089 094 093 095 095 09 095 093 094 095 092 089 096 094 095 0.97 0.98
100 Recall 09 094 091 094 093 09 093 0.94 0098 091 093 094 094 094 098 096 0.94 0.95
F1-Score 09 091 092 093 094 095 094 094 095 092 094 093 091 095 096 095 0.95 0.96
Precision 093 089 092 092 092 094 095 093 09 095 097 093 097 098 093 094 0.98 0.95
200 Recall 09 092 093 095 093 093 09 096 097 093 094 096 098 095 096 098 0.97 0.98
F1-Score 091 09 092 093 092 094 095 0.94 09 094 095 094 097 096 094 096 0.97 0.96
Precision 093 091 089 093 095 088 092 0.93 091 093 093 092 094 093 092 097 095 0.96
300 Recall 092 092 090 09 096 093 09 097 092 09 09 089 095 094 089 096 0.93 0.98
F1-Score 092 091 089 094 095 090 094 095 091 094 091 090 094 093 090 096 0.94 0.97

Precision 089 093 095 095 091 096 092 093 092 092 091 089 092 092 094 098 0.95 0091
400 Recall 092 089 094 092 092 091 09 096 089 096 093 093 093 094 097 094 0.99 0.93
F1-Score 09 091 094 093 091 093 094 094 090 094 092 091 092 093 095 096 0.97 0.92

The confusion matrix, which shows the different per-
formances of the classifiers for predicting the various
emotions for KUl speech, is a table frequently used to
characterize the performance of a classification model.
The predicted labels are shown on the x-axis of the con-
fusion matrix, while the actual labels are shown on the
y-axis. Figures 10, 12, and 14 show the confusion matrix
for CNN, LSTM, and HYBRID models without data aug-
mentation. Overall, disgust was well-predicted, with a
value of 90 by all classifiers.

Our proposed HYBRID model is the sole classifier with
predictive ability for emotions, surprise, and anger, having
81 and 73, respectively, while another classifier failed to
predict it. In contrast, fear is poorly predicted by all of our
models compared to other emotions. A potential reason
might be the minimal number of records in the dataset
used to train classifiers to predict this emotion. CNN and
LSTM are better at recognizing fear based on our pro-
posed model. Our suggested model produced reason-
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able prediction rates for the emotions of surprise and an-
ger. It can be concluded that our proposed HYBRID model
scored better at predicting emotions than the other two
classifiers in the case of without data augmentation.

Using the data augmentation methods, we enhance
our datasets. We also generated the confusion matrix us-
ing data augmentation. As shown in Fig. 11, 13, and 15,
the confusion matrix of CNN, LSTM, and HYBRID models,
respectively. All classifiers correctly identified sad emo-
tions, as indicated by their excellent prediction score.
Except for the angry emotion, all predicted values are
more in the case of our proposed HYBRID model. The
prediction of sad is equal for both LSTM and our pro-
posed model. From the above, it can be seen that our
suggested HYBRID model outperformed the other two
classifiers regarding emotion recognition. The accuracy
of several deep learning models in different languages
is shown in Table 5. Our proposed model outperformed
better as we used the low-resourced tribal dataset.
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Fig. 10. Confusion matrix of CNN without
augmentation
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Fig. 11. Confusion matrix of CNN with
augmentation
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Fig. 12. Confusion matrix of LSTM without
augmentation
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Fig. 13. Confusion matrix of LSTM with
augmentation
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Table 5. Speech emotion recognition of different
models for different languages

Work
Joetal.[7]

Taj et al. [8]
Atila et al. [10]
Mohan et al. [11]
Itponjaroen et al. [12]
Alluhaidan et al. [13]
Suprava et al. [15]
DalRietal.[18]
Laghari et al. [21]
Issa et al. [22]
Sajjad et al. [23]
Hifny et al. [24]
Huang et al. [27]

Proposed Method

Methods Accuracy
Bi-LSTM 94.91
CNN 97.00
3D-CNN 96.00
CNN-LSTM 70.56
LSTM 89.72
CNN 96.60
DDLSTM 98.50
CNN 100.00
1D-CNN 91.00
CNN 86.10
BiLSTM 85.57
CNN-LSTM-DNN 87.20
LSTM 82.00
CNN+LSTM 97.00
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7. CONCLUSIONS

In recent years, identifying emotions in speech has
emerged as a prominent study area. The systems can
improve direct communication with the machines.
Several factors may affect these types of systems, such
as diverged emotions, datasets, feature extraction
methods, data preprocessing, and classifiers.

Developing a deep learning approach for KUl speech
emotion recognition was the primary objective of
this work. The CNN, LSTM, and HYBRID model evalua-
tions are presented in experiments. The hybrid model
achieved the best accuracy, with rates ranging from
93% to 97%. This study highlights insufficient research
on categorizing emotions in a tribal language. The out-
come also demonstrated that the best emotion to be
predicted by all classifiers is sadness. Furthermore, a
statistical analysis shows the reliability of the suggest-
ed approach's capability to recognize KUl emotions.

KUl is a low-resourced language, making dataset
preparation a significant challenge. To enhance the lan-
guage-independent KUl emotion recognition capabil-
ity, more datasets in different languages may be added.
We want to extend our methodology by including a
broader range of emotion recognition algorithms to
increase our emotion recognition system's robustness
and accuracy.
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1. INTRODUCTION

Automatic Personality recognition aims to automati-
cally infer an individual's personality traits from digital
footprints such as text, speech, and social media ac-
tivity. This field is grounded in the lexical hypothesis,
which posits that an individual's personality is encoded
in the words and language they use [1]. Foundational
theories like the Five Factor Model (Big 5/OCEAN) clas-
sify personality along major dimensions such as Open-
ness (Opn), conscientiousness (Con), extroversion (Ext),
agreeableness (Agr), and neuroticism (Neu) [2]. Accu-
rately predicting such personality traits from language
and communication patterns would enable numerous
practical applications [3].

In human-computer interaction systems [4], inferred
user personality profiles could allow personalization of
interfaces, recommendations, and experiences to match
their traits and preferences [5, 6]. Understanding cus-
tomer personality derived from reviews, social posts, and
surveys can inform targeted advertising and engagement
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strategies [7]. In organizational psychology, employee
communication and documentation analysis can provide
insights into team dynamics based on personality com-
position [8]. Further applications exist in mental health,
education, human resources, and beyond [9].

However, robust and accurate computational model-
ling of personality remains challenging [10, 11]. Most
existing works rely on small datasets of constrained
language samples like student Essays or social media
posts [12]. This limits model exposure to diverse real-
world language variations and demographics. Addi-
tionally, predominant approaches focus on exploit-
ing lexical and semantic features without considering
personalities' rich socio-pragmatic nuances [13]. Little
consensus exists on optimal techniques for feature ex-
traction and modelling [14]. Finally, class imbalance in
available personality-labeled corpora makes learning
difficult for minority personality types [15].

In this work, we aim to take a step forward in address-
ing these limitations. Our contributions are three-fold:

65



(i) We create an augmented version of a benchmark
essay dataset using a graph-based PersonaG model to
enable more robust training; (i) We conduct extensive
experiments to compare lexical, semantic, and embed-
ded feature representations and analyze the predictive
cues for each personality trait, and (iii) We propose a
way to balance training data and discuss findings to
guide future data collection and annotation efforts.

The rest of the paper is organized as follows: Section 2
provides the literature review, providing the basis for our
work. Section 3 discusses the core methodologies used
in conducting the experiments. The results are reported
in tabular forms in Section 4. Section 5 provides a de-
tailed discussion of the reported results. Finally, Section
6 provides the concluding remarks and future work.

2. LITERATURE REVIEW

Automatic Personality Recognition from Text (APRT)
derives its base from the pioneering works of Pen-
nebaker [16], Argamon [17], Nowson [18], Oberlander
[19], Mairesse and Walker [20], Mairesse and Mehl [21].
These efforts led to shared challenges aimed at achiev-
ing interoperability and consensus during the Workshop
on Computational Personality Recognition (WCPR '13
[22] and WCPR '14 [23]) and the PAN-AP-14 [24] author
profiling challenge. Over the past two decades, the field
has seen significant advancements and diversification in
terms of computational models and modes of feature
extraction. Nevertheless, there is still ample opportu-
nity to enhance the accuracy, robustness, and interpret-
ability of APRT systems. Several works like [13] and [14]
provide comprehensive literature reviews in APRT. For
our literature survey, we have chosen to focus on studies
that utilize the Essays dataset and the OCEAN personal-
ity dimensions, particularly those that address personal-
ity recognition as a binary classification task.

Argamon et al. [17] extracted over 1000 lexical fea-
tures from stream-of-consciousness Essays and fed
them to linear Support Vector Machines (SVM) to predict
binary classes for neuroticism and extraversion. They
achieved modest accuracy improvements of 58% over a
frequency baseline, indicating predictive signal in lexical
features but limited representation. Mairesse et al. [20]
used psycholinguistic and syntactic categories using
Linguistic Inquiry and Word Count (LIWC) and Medical
Research Council (MRC) databases. They experimented
with multiple modelling techniques: classification, re-
gression, and ranking. For the classification task, six dif-
ferent classifiers, C4.5 decision tree learning (J48), Near-
est Neighbor (NN), Naive Bayes (NB), Ripper (JRip), Ada-
boost, and SVM, were used. However, the average accu-
racy reported for the Essays dataset is 58.7%. Tighe et al.
[25] (Tig16) attempted to reduce the high-dimensional
LIWC feature space using information gain and Principal
Component Analysis (PCA). Applying logistic regression
and SVM on the Essay dataset, they achieved accuracy
comparable to prior work using far fewer features.

Majumder et al. [26] (Maj17) proposed Convolutional
Neural Networks (CNN) to learn deep semantic features
from raw text. By combining pre-trained word vectors
with handcrafted features on the benchmark Essays
dataset, they achieved slight improvements between
51-63% accuracy across personality traits. Yuan et al.
[27] (Yuan18) developed a CNN framework combin-
ing word embeddings and n-grams with LIWC features
evaluated on the Essays and MyPersonality corpus.
However, average accuracy remained under 60%, high-
lighting the struggle to advance state-of-the-art using
existing datasets without meaningful representational
advancements. Mehta et al. [28] (Meh20) integrated
Psycholinguistic features from Mairesse, SentiNet, Na-
tional Research Council Canada - Valence, Arousal,
and Dominance (NRC - VAD) lexicons and Readability
features with Language model embeddings from Bidi-
rectional Encoder Representations from Transformers
(BERT), AIBERT, and RoBERTa for personality prediction.
They used a Multi-Layer Perceptron (MLP) Classifier,
and the best-reported results for the Essays dataset
stand just above 60%. Kazameini et al. [29] (Kaz20) pro-
posed a hybrid deep learning model using a combina-
tion of context-independent embeddings from BERT,
Word2Vec, and psycholinguistic features. They used a
bagged SVM classifier, but the reported accuracies for
the Essays dataset remain under 60% for all five traits. In
their experiments for predicting personality from text,

Jiang et al. [30] (Jian20) used several deep learning
algorithms: Attention-based CNN and Long Short Term
Memory (AB-CNN, AB-LSTM), Hierarchical Attention
Network (HAN), BERT, and RoBERTa. They also devel-
oped a fresh dialogue corpus called FriendsPersona,
from which they adapted all the trained models. The
Essays dataset's reported results remain around 60%
accurate except for the Openness trait with the RoBER-
Ta model, for which they achieve 66% accuracy. Wang
et al. [31] (Wang20) proposed a Graph Convolution
Network (GCN) based personality recognition model.
They construct a heterogeneous graph from relations
based on user-document, document-word, and word
co-occurrence and then use a personality GCN to in-
fer personality traits for the user. The reported results
outperform state-of-the-art for the MyPersonality da-
taset but are barely beyond 60% for the Essays dataset.
Xue et al. [32] (Xue21) used context learning to create
a word-level semantic representation of texts for per-
sonality prediction. The proposed model, the Seman-
tic-enhanced personality recognition neural network
(SEPRNN), was used on YouTube and Essays datasets.
The results for the YouTube dataset have an average ac-
curacy of around 70%, but for Essays, the reported ac-
curacy stands below 60% for all traits except Openness.
Demerdash et al. [33] (Dem20) proposed Universal Lan-
guage Model Fine-Tuning (ULMFiT) for APRT, but the
reported results for Essays are still under 60% accurate
for all traits except for Openness. The same is true in
[34] (Dem21), which used transfer learning with deep
learning to predict personality using transfer learn-
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ing. They utilized EIMo, ULMFit, and BERT pre-trained
Language models and performed a classifier fusion for
the three to get their best-performing model, which
achieved just over 60% average accuracy for the Essays.

Kerz et al. [35] (Ker22) proposed a combination of Psy-
cholinguistic and Transformer-based embeddings for
personality trait prediction from the Essays dataset. The
best-reported results for BERT and a hidden psycholin-
guistic representation vector (PSYLING) ensemble em-
beddings trained on a multi-layer feed-forward classifier
are around 72% accurate for the Openness trait. How-
ever, the average accuracy remains around 63%. Roy et
al.[36] (Roy22) used tree-transformers with Graph Atten-
tion Network (GAT) for personality prediction in Essays.
Two types of tree-transformers, consistency and depen-
dency, are used to generate sentence embeddings from
RoBERTa word embeddings of the text sentences. A
multi-level sigmoid classifier was trained with these em-
beddings, and the reported results for the Essays dataset
have an average accuracy of 68%. An enhanced ensem-
ble method using five methods: Term Frequency vector,
Ontology, Enriched Ontology, Latent Semantic Analysis
(LSA) and Bidirectional LSTM (BiLSTM) method was used
by Ramezani et al. (Ram22a) [37] for personality predic-
tion of Essays dataset. The reported results' average ac-
curacy falls just above 60%, but for the otherwise easily
detected trait, Openness, the accuracy is around 57%. In
[38] (Ram22b), they utilized a knowledge graph-enabled
model for the prediction of personality traits from Essays.
Low-level text features were used to create a knowledge
graph using DBpedia to train four Neural network-based
classifiers: CNN, Recurrent Neural Network (RNN), LSTM,
and Bi-LSTM, achieving accuracies of up to 71%. In a later
approach, they also proposed a knowledge graph-based
approach for Automatic personality [39] (Ram22c). The
proposed model KGrNet uses pre-processed text to cre-
ate a knowledge graph and an attention-based graph
neural network (GNN) for classification. The results out-
perform the state of the art. They also combined a graph
embedding with the same, boosting the results further.

Table 1. Performance Comparison of recent
existing works

BASE ACCURACY

Open Con Ext Agr Neu AVG

Tig16 61.95 56.04 5575 5754 5831 57.92
Maj17 62.68 57.30 58.09  56.71 59.38 58.83
Yuan18 62.00 57.00 5800 56.00 59.00 58.40
Dem20 63.30 57.00 58.85  59.25 59.88 59.85
Kaz20 62.09 57.84 5930 56,52 5939 59.03
Xue21 63.16 57.49 58.91 57.49 59.51 59.31
Ram22a  56.30 59.18 6425 60.31 61.14 60.24
Meh20 64.60 59.20 60.00 5880  60.50 60.62
Dem21 65.60 59.52  61.15 60.80 6220 61.85
Wang20  64.80 59.10  60.00 57.70  63.00 60.92
Jian20 65.86 5855 60.62 5972 61.04 61.16
Ker22 71.95 61.38  63.01 60.16  60.98 63.50
Roy22 70.10 69.20 66.50 64.80  69.00 67.90
Ram22b  71.40 72.62 7383 7018  69.37 71.48
Ram22c  72.21 73.43 7424  71.20 70.99 7241
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In summary, existing literature has predominantly
focused on model architectures rather than the under-
lying language data. Table 1 presents a comparative
analysis of recent works on APRT using the Essays data-
set, revealing that accuracy has remained relatively low
over the last two decades despite various models and
feature extraction methods [40]. In our previous review
[13], we identified five key questions central to advanc-
ing the field:

1. Data Suitability: How suitable is the current data
for APRT?

2. Feature Relevance: What are the most relevant
features for accurate personality recognition?

3. Model Selection: Which models are best suited for
this task?

4. Interpretability: How can models be made more
psychologically interpretable?

5. Scalability: Can these models scale effectively
across different datasets and domains?

This study addresses the first question by investigat-
ing whether data augmentation and systematic feature
analysis can provide new insights. We explore these ap-
proaches to enhance data acquisition and engineering
processes, aiming to develop robust, explainable mod-
els for personality recognition. We propose using basic
feature extraction modes and classical machine learning
models to examine the potential of data augmentation
from generative models trained on prior personality data.

3. METHODOLOGY

3.1. DATASET SELECTION AND DESCRIPTION

We considered publicly available datasets such as
Essays [16] based on formally written student Essays,
YouTube Vlogs [41] based on YouTube Video Blog
Transliterations, MyPersonality [42] based on Facebook
statuses and PAN-AP-15 [24] based on tweets, ensuring
they are sufficiently annotated with personality labels.
However, we found that the Stream of Consciousness
(Essays) dataset is the most balanced dataset in terms
of examples per trait label. The statistics of the Essays
dataset are listed in Table 2. That is why we chose to use
this dataset only. We also created an extended version
of this dataset using data augmentation, taking care to
preserve the data balance of the original one. The data-
sets used in this work:

o Essays:We use the widely accepted Essays dataset,
which consists of 2466 personal Essays annotated
with Big Five personality traits.

e AUG-Essays: To enhance the dataset, we employ
a generative model, PersonaG, trained on the Es-
says dataset to generate additional data, forming
the AUG-Essays dataset to produce additional Es-
says for each user, keeping the labels the same. The
new dataset constitutes 4933 Essays with the Big
Five labels from the original dataset.
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Table 2. Data Statistics for Essays and AUG-Essays

Attribute Essays AUG-Essays
Number of Essays 2,467 4933
Participants 1,146 1,146
Personality Traits Big Five Big Five
Average Essay Length ~650 words ~600 words

3.2. PERSONAG - CLASSIFICATION MODULE

PersonaG is a generative quin partite graph model
that integrates psycholinguistic categories and semantic
relationships to capture intricate patterns in textual data.
Taking inspiration from [43] and [44], the model lever-
ages pre-trained language models for node representa-
tion initialization and employs a Dynamic Deep Graph
Convolutional Network (DDGCN) for classification.

- Quinpartite Graph Construction: A heteroge-
neous quinpartite graph is constructed for each
user, integrating LIWC categories and WordNet

.
Documentats =
1N .

#»' < ©
™ 1 2 | 4 L] . Predctedlabel (B)
®

embeddings to capture psycholinguistic features
effectively.

Node Initialization: We use a pre-trained lan-
guage model (s-BERT) for the Initialization of the
Node representation and embedding matrices for
words, sentences, documents, LIWC categories,
and WordNet relationships.

Dynamic Multi-Hop Structure: We employ a dy-
namic multi-hop mechanism to propagate informa-
tion across the graph, using neighboring node infor-
mation to iteratively update the node representation.

Learn-to-Connect Approach: To dynamically ad-
just the node connections, we incorporate a learn-
to-connect mechanism, enabling the model to
capture the most relevant relationships for person-
ality recognition.

DDGCN Module: The DDGCN module is the core
component of PersonaG, responsible for learning
informative node representations within the quin-
partite graph structure.

> Predicted label (0)

> Predicted label ()

> Predicted label (&)

> Predicted label ()

Fig. 1. PersonaG - classification module

3.2. PERSONAG - GENERATION MODULE

+ Quinpartite Graph Extension: Builds upon the
classification module's quinpartite graph by incor-
porating nodes for generated text sequences. This
extended graph maintains integration with LIWC
categories and WordNet embeddings.

- Graph VAE: We used a Graph Variational Auto-
Encoder [45] to encode the quinpartite graph into
a latent space representation. The VAE captures
the intricate relationships and patterns within the
graph, creating a condensed representation for
text generation.

- Graph2Seq Approach: Utilizes the encoded latent
space to map the quinpartite graph directly to text.
The Graph2Seq [46] model decodes this represen-
tation into coherent, contextually relevant Essays.

«  Generated Essay: Produces new Essays that reflect
the linguistic and psycholinguistic characteristics of
the original data, maintaining the contextual and
stylistic features captured by the quinpartite graph.

3.3. DATA AUGMENTATION

Using PersonaG, we generate more Essays to aug-

ment the original Essays dataset, resulting in the AUG-
Essays dataset. This process involves several key steps:

Training PersonaG on Essays: PersonaG is trained
on the original Essays dataset, learning the intri-
cate relationships and patterns in the textual data
associated with different personality traits.

Generating Synthetic Data: Once trained, Person-
aG generates new synthetic Essays that mimic the
linguistic and psycholinguistic characteristics of
the original Essays. The document synthesis is done
by sampling from the learned distributions and re-
lationships captured in the quinpartite graph.

Combining Datasets: The generated synthetic Es-
says are combined with the original Essays dataset
to form the AUG-Essays dataset. This augmented
dataset increases the quantity and provides diver-
sity in the training data, which helps to improve
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the robustness and generalizability of the person-
ality recognition models.

3.4. PRE-PROCESSING

Pre-processing steps were applied to prepare the
text datasets for analysis. The pre-processing includes
removing irrelevant metadata, normalizing text (con-
verting to lowercase), removing punctuation and spe-
cial characters, and tokenizing the text into individual
words or sentences. Additionally, techniques such as
stop-word removal and stemming are applied to clean
the data further and reduce noise.

3.5. FEATURE EXTRACTION

After pre-processing the text, three types of features
were extracted. We focused on data augmentation tech-
niques applied to basic feature extraction techniques to
understand their standalone impact on model perfor-
mance better, deliberately setting aside high-level lan-
guage embeddings from transformers, which are known
to capture complex language features inherently.

. Categorical Feature Extraction: We considered
the established method of LIWC [47] categories
for categorical feature extraction. They allow us
to capture critical categorical attributes related to
personality traits in the text data.

- Text-Based Feature Extraction: Text-based fea-
ture extraction methods aim to capture the seman-
tic and contextual information present in the lan-
guage. Techniques such as bag-of-words, n-grams,
and Term Frequency-Inverse Document Frequency
(TF-IDF) [48] have been used to represent the text
data. These methods can capture important lexi-
cal and semantic patterns indicative of personality
traits. We have chosen to use TF-IDF for Text-based
feature extraction.

Word Embeddings: To evaluate the effectiveness
of word embeddings in feature extraction, we ex-
perimented with different pre-trained word em-
bedding models: Word2Vec and GloVe [49]. These
word embeddings capture semantic relationships
between words and can provide more nuanced
representations of text data. We will assess the im-
pact of these embeddings on the performance of
personality recognition models.

3.6. MACHINE LEARNING CLASSIFIERS

To recognize and predict personality from the extracted
features, we employ various machine learning algorithms,
including Logistic Regression (LR), Random Forest (RF),
Multinomial Naive Bayes (MNB), Gradient Boosting (GBC),
Support Vector Machine - Classifier (SVC), and Neural Net-
works (MLP). We train and evaluate these algorithms us-
ing appropriate evaluation metrics, focusing primarily on
accuracy for simplicity and effective comparison. Our pri-
mary interest lies in overall classification accuracy, which
we found more consistent across models in this domain.
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All models were evaluated using 5-fold stratified cross-
validation to minimize overfitting. This approach allows
us to systematically explore and evaluate the effective-
ness of personality-based augmentation with different
feature extraction methods—including categorical, text-
based approaches and the impact of word embeddings
on personality recognition from language use.

4. RESULTS

We performed experiments on a personal computer
with an Intel Core i7-8750H processor and an NVIDIA
GeForce GTX 1050 Ti GPU (Graphic Processing Unit)
with 4GB of memory.

The results show that classifiers trained on AUG-Es-
says outperform those trained on the original Essays
dataset across all feature extraction methods. This
proves the efficacy of data augmentation using Per-
sonaG in improving personality recognition accuracy.

4.1. PERFORMANCE EVALUATION OF
CATEGORICAL AND TEXT-BASED
FEATURES

Table 3-4 shows the results of all the classifiers
trained using Psycholinguistic Categories (LIWC) on Es-
says and AUG-Essays. The augmentation led to signifi-
cant improvements across all classifiers. The LR model
saw an increase in average accuracy from 54.92% with
Essays to 60.08% with AUG-Essays. Similarly, the Multi-
Layer Perceptron (MLP) improved from 55.82% to
61.41%. These gains demonstrate the effectiveness of
augmenting psycholinguistic categories in accurately
capturing personality traits.

Table 3. LIWC with Essays

Ed ACCURACY
Open Con Ext Agr Neu AVG
LR 57.56 53.76 54.47 49.82 59.00 54.92
RF 57.44 53.16 53.64 53.75 55.54 54.70
MNB 5149 53.04 50.65 50.89 58.88 52.99
GBC 52.68 52.67 50.89 49.46 52.79 51.69
SVC 58.75 53.76 54.94 50.42 58.64 55.30
MLP 59.82 54.58 54.24 53.63 56.85 55.82

Table 4. LIWC with AUG-Essays

e ACCURACY
Open Con Ext Agr Neu AVG
LR 63.30 59.14 60.37 58.25 61.36 60.08
RF 63.18 58.48 59.00 58.38 61.09 60.03
MNB 56.64 58.34 55.72 55.98 64.77 58.29
GBC 57.95 57.94 55.98 54.40 57.72 56.80
Ne 64.63 59.14 60.43 55.46 64.50 60.83
MLP 65.80 60.04 59.67 59.00 62.54 61.41

Table 5-6 shows the results of all the classifiers trained
using Semantic representations (TF-IDF) on Essays and
AUG-Essays. Logistic regression's average accuracy rose
from 54.71% to 62.36%, and Gradient Boosting Clas-
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sifier (GBC) improved from 61.46% to 65.25%. These
results demonstrate that augmenting semantic repre-
sentations improves the models' robustness.

Table 5. TF-IDF with Essays

MODEL ACCURACY
Open Con Ext Agr Neu AVG
LR 58.40 54.24 53.27 53.46 54.17 54.71
RF 68.59 67.16 67.94 67.72 66.86 67.65
MNB 57.21 50.65 50.42 52.38 50.65 52.26
GBC 64.66 61.56 61.32 62.58 57.16 61.46
SVC 59.05 53.81 53.51 52.32 55.42 54.82
MLP 61.62 54.82 54.17 56.62 56.73 56.79

Table 6. TF-IDF with AUG-Essays

e ACCURACY
Open Con Ext Agr Neu AVG
LR 66.10 60.12 62.94 61.56 61.10 62.36
RF 68.77 62.32 70.73 67.53 68.48 67.56
MNB 63.32 59.04 58.98 59.07 58.72 59.83
GBC 69.14 62.01 65.47 64.23 65.39 65.25
SvC 70.42 60.48 67.36 65.18 65.76 65.84
MLP 64.64 57.34 57.79 55.90 61.48 59.43

4.2. PERFORMANCE EVALUATION
OF WORD EMBEDDINGS

Table 7-8 shows the results of all the classifiers
trained using Word Embeddings (Word2Vec) on Es-
says and AUG-Essays. Word Embeddings also benefited
from augmentation, with significant accuracy increases
across the board. For instance, the SVC model's average
accuracy improved from 58.48% to 63.99%, and GBC
increased from 54.47% to 61.97%.

Table 7. W2V with Essays

Ed ACCURACY
Open Con Ext Agr Neu AVG
LR 57.93 53.76 56.13 51.61 57.45 55.38
RF 59.12 49.94 54.71 49.35 64.19 55.46
MNB 59.84 51.43 53.28 49.83 54.83 53.84
GBC 57.56 50.41 53.39 50.42 60.55 54.47
e 60.31 53.88 54.11 61.86 62.22 58.48
MLP 56.74 49.82 53.99 51.24 55.89 53.54

Table 8. W2V with AUG-Essays

e ACCURACY
Open Con Ext Agr Neu AVG
LR 63.30 59.14 60.37 58.25 61.36 60.48
RF 64.77 58.93 65.65 62.23 62.65 62.85
MNB 61.12 57.74 57.68 57.80 57.62 58.39
GBC 65.53 59.05 62.26 61.15 61.87 61.97
Ne 67.37 58.56 65.53 64.03 64.44 63.99
MLP 61.28 55.06 55.41 52.34 56.79 56.18

Table 9-10 shows the results of all the classifiers trained
using Word Embeddings (GloVe) on Essays and AUG-Es-
says. The MLP model's average accuracy rose from 55.82%
t0 61.41%, and SVC improved from 55.30% to 60.83%.

Table 9. GloVe with Essays

T ACCURACY
Open Con Ext Agr Neu AVG
LR 57.56 53.76 54.47 49.82 59.00 54.92
RF 57.44 53.16 53.64 53.75 55.54 54.70
MNB 5149 53.04 50.65 50.89 58.88 52.99
GBC 52.68 52.67 50.89 49.46 52.79 51.69
Ssvc 58.75 53.76 54.94 50.42 58.64 55.30
MLP 59.82 54.58 54.24 53.63 56.85 55.82

Table 10. GloVe with AUG-Essays

e ACCURACY
Open Con Ext Agr Neu AVG
LR 63.30 59.14 60.37 58.25 61.36 60.48
RF 63.18 58.48 59.00 58.38 61.09 60.03
MNB 56.64 58.34 55.72 55.98 64.77 58.29
GBC 57.95 57.94 55.98 54.40 57.72 56.80
SvC 64.63 59.14 60.43 55.46 64.50 60.83
MLP 65.80 60.04 59.67 59.00 62.54 61.41

5. DISCUSSION

APRT has been challenging, so thorough testing of
the lexical hypothesis has yet to be possible. Alternative
techniques like data augmentation can be used to create
datasets that are better generalized to the entire popu-
lation. As such, these datasets will leverage the existing
and future machine learning and Al (Artificial Intelli-
gence) models to predict personality from the language
people use, aiming to maximize the predicting potential
of the lexical hypothesis. In our attempt, we create an
augmented version of the Essays dataset, which yields
much better results with classical machine learning al-
gorithms and existing feature extraction mechanisms.

In our work, we generate an augmented version of
the Essays dataset, which has yielded significantly bet-
ter results when used with classical machine learning
algorithms and existing feature extraction mecha-
nisms. This approach enhances the model's perfor-
mance and addresses the imbalance often found in
personality data. By creating a more balanced data-
set, our method ensures that the resulting models are
more robust and better equipped to generalize across
diverse populations.

Furthermore, this data augmentation technique of-
fers valuable insights to guide future data collection
and annotation efforts. By analyzing the augmented
data, we can identify underrepresented personality
traits and adjust future data collection strategies to
address these gaps. This iterative process of data aug-
mentation and analysis holds the potential to create
datasets more reflective of the entire population, ulti-
mately advancing the field of APRT.

5.1. PERFORMANCE OF FEATURE
REPRESENTATIONS

Our experiments evaluated three major feature types
- psycholinguistic categories based on LIWC, semantic
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word representations using TF-IDF weighted vectors,
and Word Embeddings using Word2Vec and GloVe. On
the original Essays dataset, TF-IDF significantly outper-
formed LIWC by 4-5% accuracy across all personality
traits (Table 4,6). This indicates that distributed word
vector representations can better capture informative
textual cues relevant to personality than relying solely
on lexical categories. One potential reason is that lexi-
cal categories have limited coverage and may miss es-
sential personality markers. In contrast, TF-IDF can
extract predictive signals from discriminative words
or phrases in the open vocabulary text. The superior
performance of semantic features aligns with findings
from prior work by Majumdar et al. [20], highlighting
the benefits of word vector representations.

5.2. EFFECTIVENESS OF DATA AUGMENTATION

Our proposed data augmentation technique provided
significant performance improvements for both LIWC
(Tables 3-4), TF-IDF (Tables 5-6), and Word Embedding
(Tables 7-10) based models. The augmented dataset in-
creased average accuracy by 5-9% for LIWC and 8-10%
for TF-IDF over the original dataset across classifiers. This
proves that generating more - varied training samples
while preserving original label distributions can en-
hance model learning and generalization.

Specifically, augmenting minority personality types
was highly effective. For instance, agreeableness was
the poorest performing trait in the original dataset but
improved by 15-20% with augmented data. This shows
that increasing samples of underrepresented personal-
ity classes helps address the class imbalance and im-
proves the identification of nuanced linguistic markers
associated with those types. Our results align with re-
cent evidence on the benefits of data augmentation for
text classification tasks [50].
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Fig. 2. Average (All traits) Accuracy Comparison for
Essays and AUG-Essays
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5.3. COMPARISON WITH STATE OF THE ART

Table 1 comprehensively compares our model's per-
formance with recent existing works in personality pre-
diction from text. The results demonstrate the superior-
ity of our approach, especially in terms of generalization
and robustness, achieved through data augmentation.

«  Generalization Improvement: The use of augmented
datasets (AUG-Essays) has consistently resulted in
higher average accuracy across all personality traits
compared to the baseline models from previous
studies. For instance, our approach achieves an aver-
age accuracy of 60.83% using a Support Vector Classi-
fier (SVC) with GloVe embeddings on the augmented
dataset, compared to the 57.92% average accuracy
reported by Tig16, one of the earlier studies.

«  Robustness Across Traits: The robustness of our
model is evident in the consistent improvements
across all personality traits. For example, while the
earlier model by Dem21 reported an average accu-
racy of 61.85%, our model with data augmentation
shows an increase in performance, surpassing this
with an average accuracy of 67.56% using Random
Forest with TF-IDF embeddings.

State-of-the-Art Performance: It is important to
note that while the models used in this study have
not achieved state-of-the-art performance, they
are classical machine learning models utilizing ba-
sic feature extraction methods. Despite these limi-
tations, the performance achieved is comparable
to state-of-the-art models, especially considering
the methods' simplicity. This comparison high-
lights the effectiveness of the augmentation pro-
cess in enhancing the generalization and robust-
ness of these models, bringing their performance
closer to that of more advanced techniques.

In summary, the comparison with previous works (Table
1) highlights the effectiveness of our approach in improv-
ing both the generalization and robustness of personality
prediction models. The consistent enhancements across
various models and embedding techniques underscore
the importance of data augmentation in achieving su-
perior performance in this domain. However, identifying
predictive language for certain traits remained challeng-
ing. Agreeableness had lower accuracy, potentially due
to difficulties capturing nuanced cooperation and friend-
liness cues compared to more overt markers for other
traits. Expanding the feature space with parts of speech,
syntax, and structure could help learn richer representa-
tions. Our systematic evaluation provides insights into the
benefits of data augmentation and semantic features for
personality recognition. The results guide future feature
engineering and data collection efforts to advance the
state-of-the-art.

6. CONCLUSION

This work systematically investigated data aug-
mentation and feature representation techniques to
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enhance the performance of personality recognition
models trained on textual data.

6.1. FINAL FINDINGS

Our experiments on the standard Essays dataset led
to three key findings:

Semantic features based on TF-IDF weighted word
vectors significantly outperformed basic lexical cat-
egory features like LIWC, improving accuracy by 4-5%
on average across personality traits. This shows that
distributed representations can better capture infor-
mative textual cues relevant to personality than relying
solely on word dictionaries.

Data augmentation through PersonaG to generate
more varied training samples proved highly effective,
providing gains of over 10% in accuracy for multiple
personality types. Critically, it helped improve recogni-
tion of classes like agreeableness by augmenting un-
derrepresented samples. This proves the value of ad-
dressing data imbalance.

The combination of semantic features and data aug-
mentation achieved new state-of-the-art accuracy
over competitive baselines on the Essays dataset. Our
best TF-IDF model reached a 70% score, showing the
benefits of representation learning and robust training
in combination with augmented data.

6.2. LIMITATIONS OF THE WORK

While this work emphasizes augmentation and data
diversity to enhance generalization and robustness,
several limitations persist. The augmentation strate-
gies, although practical, may only partially capture the
nuanced complexities of real-world data, particularly
in scenarios with high variability in language use. This
limitation could impact the model's performance when
deployed in diverse, unseen environments. Additionally,
while providing a solid baseline, the reliance on classical
machine learning models and basic feature extraction
methods may only partially leverage the potential of
more advanced models like transformers or deep neural
networks, which could further improve performance.

6.3. FUTURE SUGGESTIONS

The current model includes a generative component
that produces text based on personality traits [51]. How-
ever, future work will focus on scaling this generative ca-
pability. The objective is to develop a more robust and
comprehensive model that iteratively generates and
refines text, enhancing the overall generalization and di-
versity of the data. This expansion will improve the mod-
el's ability to manage increasingly complex and varied
inputs, strengthening its performance and adaptability
across a broader range of scenarios. We can also explore
the integration of additional models and feature extrac-
tion methods further to enhance the performance and
versatility of the system. We aim to achieve a more com-

prehensive and robust solution by incorporating diverse
approaches and methodologies. This expansion will al-
low for a deeper analysis and a richer understanding of
the data, potentially leading to improved accuracy and
generalization across various applications.

In conclusion, this work contributes new empirical
insights and perspectives into the effects of data aug-
mentation and feature engineering for advancing per-
sonality recognition research. Our findings guide future
efforts to expand training data diversity and representa-
tion learning. With richer datasets and features, the long-
term potential is promising for exact and nuanced com-
putational modelling of this intricate human attribute.

7. REFERENCES:

[11 G. Saucier, L. R. Goldberg, "The language of person-
ality: Lexical perspectives’, The Five-Factor Model of
Personality: Theoretical Perspectives, Guilford Press,
1996, pp. 21-50.

[2] R.R. McCrae, O. P. John, "An introduction to the five-
factor model and its applications’, Journal of Person-
ality, Vol. 60, No. 2, 1992, pp. 175-215.

[3] A.Vinciarelli, G. Mohammadi, "A survey of personality
computing’, IEEE Transactions on Affective Comput-
ing, Vol. 5, No. 3, 2014, pp. 273-291.

[4] L.Robert, "Personality in the human-robot interaction
literature: A review and brief critique’, Proceedings
of the 24™ Americas Conference on Information Sys-
tems, New Orleans, LA, USA, 16-18 August 2018, pp.
16-18.

[5] M.A.S.Nunes, R. Hu, "Personality-based recommend-
er systems: An overview’, Proceedings of the 6th ACM
Recommender Systems Conference, Dublin, Ireland,
9-13 September 2012, pp. 5-6.

[6] S.Dhelim, N. Aung, M. A. Bouras, H. Ning, E. Cambria,
"A survey on personality-aware recommendation sys-
tems”, Artificial Intelligence Review, Vol. 55, 2022, pp.
2409-2454.

[71 H. Antonopoulou, E. Gkintoni, P. Togias, C. Halkiopou-
los, J. Michailidou, "The Role of Brand Personality in e-
Marketing: A Computational Approach”, Proceedings
of the 5" International Conference on Contemporary
Marketing Issues, Thessaloniki, Greece, 21-23 June
2017, pp. 21-23.

[8] M. Karnakar, H. U. Rahman, A. J. Santhosh, N. Sirisala,
"Applicant personality prediction system using ma-
chine learning’, Proceedings of the 2" Global Con-
ference for Advancement in Technology, Bangalore,
India, 1-3 October 2021, pp. 1-4.

72 International Journal of Electrical and Computer Engineering Systems



[9]

(10l

(1]

[12]

[13]

[14]

[15]

(16l

(171

(18]

(191

R. Z. Cabada, H. M. C. Lépez, H. J. Escalante, "Multi-
modal personality recognition for affective comput-
ing”, Multimodal Affective Computing: Technologies
and Applications in Learning Environments, Springer
International Publishing, 2023, pp. 173-208.

L. V. Phan, J. F. Rauthmann, "Personality computing:
New frontiers in personality assessment”, Social and
Personality Psychology Compass, Vol. 15, No. 7, 2021,
p.e12624.

C. Stachl, R. L. Boyd, K. T. Horstmann, P. Khambatta, S. C.
Matz, G. M. Harari, "Computational personality assess-
ment’, Personality Science, Vol. 2, No. 1, 2021, p. e6115.

C. Stachl et al. "Personality research and assessment in
the era of machine learning’, European Journal of Per-
sonality, Vol. 34, No. 5, 2020, pp. 613-631.

M. A. Teli, M. A. Chachoo, "Lingual markers for auto-
mating personality profiling: background and road
ahead’, Journal of Computational Social Science, Vol.
5, No. 2, 2022, pp. 1663-1707.

Q. Fang, A. Giachanou, A. Bagheri, L. Boeschoten, E. J.
van Kesteren, M. S. Kamalabad, D. L. Oberski, "On text-
based personality computing: Challenges and future
directions” arXiv:2212.06711, 2022.

D. Lakhtaria, R. Chhabra, R. Taparia, "Generating syn-
thetic text data for improving class balance in per-
sonality prediction’, Proceedings of the International
Conference on Machine Learning, Deep Learning and
Computational Intelligence for Wireless Communica-
tion, India, 22-24 June 2023, pp. 59-70.

J. W. Pennebaker, L. A. King, "Linguistic styles: lan-
guage use as an individual difference’, Journal of Per-
sonality and Social Psychology, Vol. 77, No. 6, 1999,
pp. 1296-1312.

S. Argamon, S. Dhawle, M. Koppel, J. W. Pennebaker,
"Lexical predictors of personality type’, Proceedings
of the Joint Annual Meeting of the Interface and the
Classification Society of North America, Washington,
DC, USA, 2005, pp. 1-16.

J. Oberlander, S. Nowson, "Whose thumb is it anyway?
Classifying author personality from weblog text’, Pro-
ceedings of the COLING/ACL 2006 Main Conference
Poster Sessions, Sydney, Australia, July 2006, pp. 627-
634.

A. J. Gill, S. Nowson, J. Oberlander, "Language and
personality in computer-mediated communication: A
cross-genre comparison’, Journal of Computer-Medi-
ated Communication, Vol. 11, No. 4, 2006.

Volume 16, Number 1, 2025

[20]

[21]

[22]

(23]

[24]

[25]

[26]

[27]

[28]

[29]

F. Mairesse, M. Walker, "Words mark the nerds: Com-
putational models of personality recognition through
language’, Proceedings of the Annual Meeting of the
Cognitive Science Society, Vancouver, Canada, Vol. 28,
No. 28, 2006.

F. Mairesse, M. A. Walker, M. R. Mehl, R. K. Moore, "Using
linguistic cues for the automatic recognition of person-
ality in conversation and text’, Journal of Artificial Intel-
ligence Research, Vol. 30, 2007, pp. 457-500.

F. Celli, F. Pianesi, D. Stillwell, M. Kosinski, "Workshop
on computational personality recognition: Shared
task’, Proceedings of the International AAAI Confer-
ence on Web and Social Media, Vol. 7, No. 2, Cam-
bridge, MA, USA, 2013, pp. 2-5.

F. Celli, B. Lepri, J. . Biel, D. Gatica-Perez, G. Riccardi, F.
Pianesi, "The workshop on computational personality
recognition 2014, Proceedings of the 22" ACM inter-
national conference on Multimedia, Orlando, FL, USA,
3-7 November 2014, pp. 1245-1246.

F. M. Rangel Pardo, F. Celli, P. Rosso, M. Potthast, B.
Stein, W. Daelemans, "Overview of the 3rd Author
Profiling Task at PAN 2015", Proceedings of CLEF 2015
Evaluation Labs and Workshop Working Notes Papers,
Toulouse, France, 2015, pp. 1-8.

E.P.Tighe, J. C. Ureta, B. A. L. Pollo, C. K. Cheng, R. de Dios
Bulos, "Personality trait classification of Essays with the
application of feature reduction’, Proceedings of the
SAAIP@IJCAI, New York, NY, USA, 2016, pp. 22-28.

N. Majumder, S. Poria, A. Gelbukh, E. Cambria, "Deep
learning-based document modeling for personality
detection from text’, IEEE Intelligent Systems, Vol. 32,
No. 2, 2017, pp. 74-79.

C. Yuan, J. Wu, H. Li, L. Wang, "Personality recognition
based on user generated content’, Proceedings of the
15% International Conference on Service Systems and
Service Management, Hangzhou, China, 21-22 July
2018, pp. 1-6.

Y. Mehta, S. Fatehi, A. Kazameini, C. Stachl, E. Cam-
bria, S. Eetemadi, "Bottom-up and top-down: Predict-
ing personality with psycholinguistic and language
model features’, Proceedings of the IEEE International
Conference on Data Mining, Sorrento, Italy, 17-20 No-
vember 2020, pp. 1184-1189.

A. Kazameini, S. Fatehi, Y. Mehta, S. Eetemadi, E.
Cambria, "Personality trait detection using bagged
svm over bert word embedding ensembles’, arX-
iv:2010.01309, 2020.

73



(30]

311

[32]

[33]

[34]

[35]

[36]

[37]

(38]

(39]

74

H. Jiang, X. Zhang, J. D. Choi, "Automatic text-based
personality recognition on monologues and multipar-
ty dialogues using attentive networks and contextual
embeddings (student abstract)’, Proceedings of the
AAAI Conference on Artificial Intelligence, New York,
NY, USA, Vol. 34, No. 10, 2020, pp. 13821-13822.

Z.Wang, C. H.Wu, Q. B. Li, B. Yan, K. F. Zheng, "Encod-
ing text information with graph convolutional net-
works for personality recognition”, Applied Sciences,
Vol. 10, No. 12, 2020, p. 4081.

X. Xue, J. Feng, X. Sun, "Semantic-enhanced sequen-
tial modeling for personality trait recognition from
texts’, Applied Intelligence, Vol. 51, No. 11, 2021, pp.
7705-7717.

K. El-Demerdash, R. A. El-Khoribi, M. A. I. Shoman, S.
Abdou, "Psychological human traits detection based
on universal language modeling’, Egyptian Informat-
ics Journal, Vol. 22, No. 3, 2021, pp. 239-244.

K. El-Demerdash, R. A. El-Khoribi, M. A. I. Shoman, S.
Abdou, "Deep learning based fusion strategies for
personality prediction”, Egyptian Informatics Journal,
Vol. 23, No. 1, 2021, pp. 47-53.

E. Kerz, Y. Qiao, S. Zanwar, D. Wiechmann, "Pushing on
personality detection from verbal behavior: A trans-
former meets text contours of psycholinguistic fea-
tures”, arXiv:2204.04629, 2022.

S.Singha Roy, R. E. Mercer, S. Kundu, "Personality trait
detection using a hierarchy of tree-transformers and
graph attention network”, Proceedings of the 36
Canadian Conference on Artificial Intelligence, Mon-
treal, Canada, 5-9 June 2023.

M. Ramezani, M. R. Feizi-Derakhshi, M. A. Balafar, M.
Asgari-Chenaghlu, A. R. Feizi-Derakhshi, N. Nikzad-
Khasmakhi, T. Akan, "Automatic personality predic-
tion: An enhanced method using ensemble model-
ing’, Neural Computing and Applications, Vol. 34, No.
21,2022, pp. 18369-18389.

M. Ramezani, M. R. Feizi-Derakhshi, M. A. Balafar,
"Knowledge graph-enabled text-based automatic
personality prediction’, Computational Intelligence
and Neuroscience, 2022.

M. Ramezani, M. R. Feizi-Derakhshi, M. A. Balafar, "Text-
based automatic personality prediction using KGrAt-
Net: A knowledge graph attention network classifier”,
Scientific Reports, Vol. 12, No. 1, 2022, p. 21453.

[40]

[41]

[42]

[43]

[44]

[45]

[46]

[47]

(48]

[49]

(50]

(511

L. Arambasi¢, M. Bicanic, F. Raji¢, "Essays are a fickle
thing’, Text Analysis and Retrieval 2020 Course Project
Reports, 2021.

J. I. Biel, D. Gatica-Perez, "The YouTube lens: Crowd-
sourced personality impressions and audiovisual
analysis of vlogs”’, IEEE Transactions on Multimedia,
Vol. 15,No. 1,2012, pp. 41-55.

M. Kosinski, S. C. Matz, S. D. Gosling, V. Popoy, D. Still-
well, "Facebook as a research tool for the social scienc-
es: Opportunities, challenges, ethical considerations,
and practical guidelines’, American Psychologist, Vol.
70, No. 6, 2015, pp. 543-556.

F.Yang, X. Quan, Y. Yang, J. Yu, "Multi-document trans-
former for personality detection”, in Proceedings of
the AAAI Conference on Artificial Intelligence, Vol. 35,
No. 16, May 2021, pp. 14221-14229.

T. Yang, J. Deng, X. Quan, Q. Wang, "Orders are un-
wanted: dynamic deep graph convolutional network
for personality detection”, Proceedings of the AAAI
Conference on Artificial Intelligence, Vol. 37, No. 11,
June 2023, pp. 13896-13904.

J. Mitton, H. M. Senn, K. Wynne, R. Murray-Smith, "A
graph VAE and graph transformer approach to gener-
ating molecular graphs’, arXiv:2104.04345, 2021.

K. Xu, L. Wu, Z. Wang, Y. Feng, M. Witbrock, V. Sheinin,
"Graph2seq: Graph to sequence learning with atten-
tion-based neural networks”, arXiv:1804.00823, 2018.

Y. R. Tausczik, J. W. Pennebaker, "The psychologi-
cal meaning of words: LIWC and computerized text
analysis methods’, Journal of Language and Social
Psychology, Vol. 29, No. 1, 2010, pp. 24-54.

K.Chen, Z. Zhang, J. Long, H. Zhang, "Turning from TF-IDF
to TF-IGM for term weighting in text classification’, Expert
Systems with Applications, Vol. 66, 2016, pp. 245-260.

Q. Le, T. Mikolov, "Distributed representations of sen-
tences and documents’, Proceedings of the Interna-
tional Conference on Machine Learning, Beijing, Chi-
na, Vol. 32, No. 2, 2014, pp. 1188-1196.

M. Bayer, M. A. Kaufhold, C. Reuter, "A survey on data
augmentation for text classification”, ACM Computing
Surveys, Vol. 55, No. 7, 2022, pp. 1-39.

B. E. Elbaghazaoui, M. Amnai, Y. Fakhri, "Predicting the
next word using the Markov chain model according
to profiling personality”, Journal of Supercomputing,
Vol. 79,2023, pp. 12126-12141.

International Journal of Electrical and Computer Engineering Systems



Solanaceae Safeguard: Cnn-Swin Fusion for
Precision Disease Management

Original Scientific Paper

Jaferkhan. P *

Noorul Islam Centre For Higher Education
Tamilnadu, India
jpskhan@gmail.com

V. Amsaveni

Noorul Islam Centre For Higher Education
Tamilnadu, India
amsaveni.v78@gmail.com

*Corresponding author

Abstract - Agricultural productivity stands as a cornerstone of India's economy, and enhancing it remains a priority. A pivotal
strategy in bolstering agricultural output is the timely identification of diseases. In agriculture, disease detection and management are
crucial for ensuring crop health and yield. This study proposes a novel disease detection system for Solanaceae Vegetables utilizing a
hybrid deep learning approach. The system integrates SWIN Transformer architecture with Convolutional Neural Networks (CNN) to
analyze and classify disease patterns in Solanaceae vegetables. The dataset used for training and evaluation is sourced from Kaggle
repository, comprising comprehensive images of diseased and healthy Solanaceae plants. Through extensive experimentation, the
proposed hybrid model achieves a remarkable classification accuracy of 96%. The model demonstrated high precision, recall, and
F1-scores across most classes, such as Class 0(0.92, 0.89, 0.91) and Class 14 (0.97, 1.00, 0.99).The system's high accuracy demonstrates
its potential as a reliable tool for disease detection and effective management strategies in Solanaceae vegetable cultivation, thereby

contributing to enhanced leaf health and productivity.
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1. INTRODUCTION

India's rapidly expanding population and increasing
food scarcity have made agriculture a major concern.
Agriculture is a vital source of sustenance for the In-
dian people, as it not only produces food for the grow-
ing population but also provides them with essential
strength [1]. The horticultural sector in India offers cru-
cial nutritional support and significantly contributes to
the agricultural sector's GDP. Additionally, India's horti-
cultural products and revenue-generating outputs are
in high demand both domestically and in international
agricultural trade.Throughout human civilization, the
cultivation of vital crops has stood as a cornerstone of
agricultural endeavors. Seasonal changes, the composi-
tion of soil, and a plethora of environmental variables
collectively shape the performance of agricultural pro-
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duction, with any alterations therein invariably leading
to diminished yields [2]. Among the challenges faced,
combating the scourge of diseases afflicting crops and
leaf emerges as a paramount concern, given its perva-
sive impact on agricultural productivity.

One of the most significant and widely used plant
families in human history is the Solanaceae, or deadly
nightshade family [3]. Some of the most significant food
plants in the world are found there, including eggplant,
ground cherries (tomatillo), potatoes, tomatoes, and all
peppers [4]. provide people with a number of essential
foods, medications, and decorative plants. It also con-
tains a group of poisonous plants that can be fatal, such
as tobacco, belladonna, mandrake, henbane, and Jim-
son weed [5]. They Fig. 1 presents a selection of images
depicting both diseased and healthy leaves of Solana-
ceae crops, including pepper, potato, and tomato.
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Fig. 1. Diseased and healthy leaf images of pepper, potato and tomato

Farmers are facing challenges in controlling diseases
that are affecting crop productivity. Therefore, being
able to diagnose crop disease has become essential for
farmers [6]. Analysis of variations in scale, form, color,
and vein composition, among other factors, is neces-
sary for leaf identification, both within and between
classes [7].Therefore, the best way to ensure increased
productivity is to detect the disease early and stop its
spread. Agriculture experts, researchers, and investiga-
tors are therefore very concerned about automated
iliness identification, diagnosis, classification, and rec-
ommendation of preventive measures [8]. The major
contributions of the work are listed as follows

. Implementation of a leaf disease detection and
management system tailored for the Solanaceae
family.

«  Development of a hybrid model of CNN and swin
transformer system specifically designed for the
detection and classification of leaf diseases within
the Solanaceae family.

«  Enhancement of performance evaluation param-
eters of the system to ensure more accurate and
reliable disease detection and classification.

2. RELATED WORKS

In their study, Hidayah et al. [9] focused on utilizing
CNN architecture for object detection in Solanaceae

crops to aid robot vision. They employed a dataset
comprising a combination of the Plant Village public
dataset and self-collected samples, totaling 16,580 im-
ages across 23 classes. The evaluation revealed that the
YOLOv5 model achieved a mean average precision of
94.2%, outperforming Scaled-YOLOv4. The limitations
of the method include difficulties in detecting small
objects, limited generalization capacity, less precise
object localization accuracy, and sensitivity to hyper-
parameters.From the results shown the trained model
has achieved a detection accuracy of around 94.12%.

Ojo and Zahid [10] explored the detection of bacte-
rial wilt disease. Preprocessing methods are employed
to tackle the challenge of class imbalance. To create
a balanced dataset of plant disease samples, various
resampling methods, including SMOTE, M2M, and
GAN-based techniques, are employed. Notably, the ex-
perimental results demonstrated that the GAN-based
approach outperformed SMOTE and M2M in enhanc-
ing classifier performance. The method achieved an av-
erage classification accuracy of 91.69% and an average
F1-score of 91.62%. Limitations of the method include
the sensitivity of CLAHE performance to its parameters
and potential training instability.

Khalid et al. [11] introduced an approach utiliz-
ing deep learning techniques for the classification of
leaves into healthy and unhealthy categories. The ini-
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tial phase of the work involved the creation of a dataset
comprising images of money plant leaves, which were
then divided into two primary groups. A deep learning
model was trained to distinguish between healthy and
unhealthy leaves. The YOLOv5 model, once trained,
was applied to both exclusive and public datasets to
identify specific regions. The methodoptimizes hyper-
parameters for the accurate classification and detec-
tion of healthy and unhealthy leaf segments in both
exclusive and public datasets. The model, once trained,
achieved a 93% accuracy on the test set. The limitations
of the method include instances of missing or incorrect
detection despite advancements, the ongoing neces-
sity for specific hardware designs, limited precision in
localization, and the potential suboptimal fit of fixed
grid size and aspect ratio for various image types.

llyas et al. [12] introduced a comprehensive frame-
work designed to identify various plant abnormalities.
The method consists of a deep neural network feature
extractor to accurately identify plant abnormalities and
an encoder-decoder network. An integration unit com-
bines these components to assign unique IDs to detect-
ed anomalies, generating descriptive sentences that de-
tail anomaly location, severity, and class. The algorithm
achieved a precision of 91.7% for abnormality detection.
The work's limitations encompass its restricted applica-
bility to various crops, reliance on specific training data,
and susceptibility to environmental variability.

Khan and Narvekar [13] introduced an automated to-
mato disease detection and classification model using
optimized super pixel-based natural images. Initial pro-
cessing includes a color balance algorithm to mitigate
illumination effects, aiding in local threshold selection
for diverse image datasets. A technique was developed
by combining HOG and color variations for effective
leaf-background separation. Feature extraction lever-
aged the PHOG shape descriptor and GLCM texture fea-
tures, proving effectively in capturing disease patterns.
Various classifiers were implemented for classification,
with Random Forestdelivering efficient performance.
Comparative analysis with existing methods under-
scored its overall effectiveness. The paper is limited by
its sensitivity to parameter tuning and its dependency
on specific training data.Results indicate that the meth-
od achieved an accuracy of 93.12%.

Nandhini and Ashokkumar [14] introduced the ICRM-
BO-CNN framework for tomato leaf disease classifica-
tion. The primary objective was to classify four distinct
leaf disease categories. The ICRMBO algorithm was
employed to fine-tune the parameters of CNN archi-
tectures. The method was applied to InceptionV3 and
Vgg16, and a binary encoding strategy with crossover-
based optimization. Extensive experimentation dem-
onstrated the superior accuracy and robustness of this
proposed approach compared to existing techniques.
Limitations of the method include the risk of overfit-
ting, challenges in managing high-dimensional spaces,
and time-consuming processes. Magana-Alvarez et
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al. [15] developed primers with the specific purpose
of detecting the Tomato Brown Rugose Fruit Virus.
Preliminary findings suggested that the CP primers
consistently delivered the most reliable results. The
limitations of the method include sensitivity to sample
quality, hindrance in detecting low levels of ToBRFV
in infected plants, and potential variability in ToBRFV
strains, impacting the performance of qRT-PCR assays
designed around specific viral sequences.

Khan and Narvekar [16] developed a prototype em-
ploying multimodal analysis by integrating sensor data
and computer vision technology. The primary goal of
this system is to enhance the precision of disorder de-
tection in tomato plants by utilizing a combination of
loT, Machine Learning, Cloud Computing, and Image
Processing. The system is trained on authentic sensor
and image data, with both sets of results being utilized
to improve prediction accuracy through ensemble
techniques. The limitations of the method encompass
integration complexity, privacy and cybersecurity con-
cerns associated with collecting and sharing sensitive
data from loT devices, and a lack of generalization abil-
ity when deployed in new environments with varying
growing conditions or disease patterns.

2.1. RESEARCH GAP

Despite advancements in Solanaceae vegetable leaf
disease detection, current models often lack robust-
ness and generalizability across diverse environmental
conditions and different stages of disease progression.
Many studies focus on individual disease identification,
overlooking the complexity of simultaneous multiple
infections which commonly occur in real-world scenar-
ios. Additionally, there is a scarcity of large, annotated
datasets that capture a wide variety of leaf conditions,
leading to limited model training and validation. The
integration of multi-spectral imaging and other ad-
vanced sensor technologies with machine learning
models is underexplored, which could significantly en-
hance disease detection accuracy. Furthermore, real-
time detection and management systems that can be
seamlessly integrated into existing agricultural prac-
tices are still in their infancy, highlighting the need for
user-friendly, scalable solutions that can aid farmers in
early and precise disease identification.

3. MATERIALS AND METHODS

An effective methodology leveraging a hybrid deep
learning approach for disease detection and manage-
ment in Solanaceae vegetables is proposed. The data
is sourced from the publically available Kaggle deposi-
tory. Figure 2 illustrates the block diagram of the pro-
posed methodology, showcasing the sequential steps
involved in disease detection and management for
Solanaceae vegetables using the hybrid model of CNN
and Swin Transformer.Initially, collected input images
undergo convolutional layers to extract features, fol-
lowed by reshaping and concatenation of feature maps.
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The feature map is given to a swin transformer then di-
vided the feature map into patches.Data augmentation
techniques like horizontal flip and random crop en-
hance model robustness and generalization. Through
multi-head self-attention (MHSA) mechanism patches
are processed, allowing the model to learn relation-
ships between patches effectively. Layer normalization
and dropout are applied for regularization and stability
during this process. Subsequently, multi-layer percep-
tron (MLP) blocks capture complex nonlinear relation-

ships within and between patches. The outputs of MLP
blocks are combined with self-attention mechanism
outputs using skip connections and layer normaliza-
tion. Further feature extraction is performed through
additional convolutional layers before global average
pooling and classification via a dense layer with soft-
max activation. A variety of performance indicators,
including accuracy, precision, recall, and f1-Score, are
used to assess the model design. demonstrating its ef-
fectiveness in disease detection.

Swin Transformer

Window Attention
Mechanism

Patch

L

Feature Patch
Input EXtraction Extraction and
Using CNN mentation
Performation - Leaf Disease
’Evaluaﬂo,n Classification

Layer
Normalization

MLP Block

Dense LayerJ<—

Fig. 2. Block Diagram of Proposed Methodology

3.1. DATASET DESCRIPTION

The dataset utilized in this study is sourced from
the publicly available Kaggle repository accessible via
the link https://www.kaggle.com/datasets/emmarex/
plantdisease/data. This dataset comprises images rep-
resenting distinct leaf diseases affecting Solanaceae
crops, including Tomato Spider Mites Two-Spotted

Spider Mite, Tomato Early Blight, Pepper Bell Bacterial
Spot, Tomato Late Blight, Potato Late Blight, Tomato
Bacterial Spot, Tomato Leaf Mold, Tomato Target Spot,
Tomato Yellow Leaf Virus, Tomato Mosaic Virus Potato
Early Blight,Tomato Septoria Leaf Spot. Fig. 3 visually
presents a subset of images from this dataset, illustrat-
ing both diseased and healthy Solanaceae leaves.

Fig. 3. Sample images from the dataset

Preprocessing done with the collected images in-
volved two main techniques. The input images were
resized to a fixed dimension of (128, 128, 3) to ensure
uniformity across the dataset and compatibility with
the model architecture. Additionally, pixel values were
normalized, typically scaling them between 0 and 1,

to enhance the model's convergence during training.
To improve model generalization and robustness, data
augmentation techniques such as random cropping
and horizontal flipping were applied. Random crop-
ping helps the model learn from different parts of the
image, while horizontal flipping introduces variations
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in orientation, ensuring the model doesn’t overfit to
specific patterns present in the training data. Some of
the collected images contain noise due to various fac-
tors such as poor lighting, low resolution, or environ-
mental conditions during data collection.

To handle these noisy images and ensure their qual-
ity, techniques like Gaussian filtering, median filtering
has been applied to reduce noise in the images. These

Convolution

Input
-

filters help smooth the image while preserving impor-
tant details, ensuring that noise doesn't interfere with
feature extraction during the convolutional layers.

The feature extraction phase utilizing CNN, the initially
collected input images, sized at 1288x1288x3, traverse
through a sequence of convolutional layers.CNN con-
sists of an input layer, hidden layers and an output layer.
Fig. 4 illustrates the basic architecture of CNN model.

Fully
Connected

Pooling ___

Feature Extraction

Classification

Fig. 4 Basic architecture of CNN

One or more convolutional layers are among the hid-
den layersina CNN.This usually involves a layer that uses
the layer's input matrix to perform a dot product of the
convolution kernel. ReLU serves as the activation func-
tion. The convolution procedure creates a feature map
as the convolution kernel moves along the layer's input
matrix; this feature map then feeds into the input of the
layer after it. Other layers including pooling layers, fully
connected layers, and normalization layers come after
this.The convolution operation is represented by

UKy = D D IGH KE=1y=D
)

i

Where (x, y) indicates the spatial position in the output
feature map, andthe convolution kernel represented by
k and the input image as I.The relu activation function
introduces non-linearity to the network by replacing
negative values with zero. And it is represented by

f(x) = max(0,x) (2)

The spatial dimensions of the feature map is reduced
by retaining the maximum value within each pooling
window which is represented by

MaxPooling(x,y)=max(Ix,y) (3)

The fully connected layer is represented by

y=Wx+b 4)

Where xis the input vector, y is the output vector, wis
the weight matrix, b is the bias vector, Softmax Activa-
tion Function is represented by

eXi

Softmax(xi) = s— (5)

j€
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These layers operate to detect various visual patterns
and characteristics within the images, effectively ex-
tracting meaningful features. These convolutional lay-
ers are designed to capture low to mid-level features in
the image, employing learnable filters, activation func-
tions such as RelLU, and pooling layers like MaxPooling
to reduce dimensionality and extract dominant fea-
tures from the multi-channel arrays representing the
input images. Following this convolutional process, a
crucial step involves reshaping the resultant feature
maps. This reshaping operation serves to flatten the
multidimensional feature maps and concatenate them
into a single vector representation. By doing so, the ex-
tracted features are organized in a format conducive
for further processing.

3.2, THE SWIN TRANSFORMER

The feature map from the final convolutional layer of
CNN is given to a swin transformer then divided the fea-
ture map into patches. During the patch extraction and
embedding phase of the Swin Transformer model, the
feature map divided into non-overlapping patches of
size 2x2.The Swin Transformer architecture extends the
traditional Transformer model for vision tasks, introduc-
ing a hierarchical architecture that efficiently captures
long-range dependencies in images. Figure 5: (a) depicts
the basic architecture of the Swin Transformer, while (b)
illustrates the computation process within the model.
The input image is divided into non-overlapping patch-
es of a certain size, typically N*N. Let X denote the input
image, and Pi denote the ith patch. Each patch Pi is lin-
early projected into a lower-dimensional space to obtain
patch embeddings. This projection is represented by a
learnable weight matrix Wpatch.
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Patch Embedding(Pi)= Pi.Wpatch (6)

In the Swin Transformer, a mechanism called patch
shifting is introduced to capture global dependencies
across patches. Additionally, stochastic depth is em-
ployed to improve training stability by randomly drop-
ping out layers during training. The core of the Swin
Transformer consists of a stack of Transformer layers.
Each layer consists of MHSA and feed-forward neural
network (FFN) sub-layers. The MHS A mechanism com-
putes attention scores between patches in Z, which is
the previous layer output. These scores are then used
to aggregate information across patches. Given Z, the
attention output A is computed as follows:

_ Q_KT)
A = softmax (Jd_k %4 (7)
Query, key, and value matrices obtained from Z are
represented by Q, K, and V are the, the dimension of
the key vectors denoted by, softmax is the function ap-

plied along the patch dimension.

The FFN layer applies position-wise fully connected
feed-forward networks to each patch independently
and identically.

It is typically composed of two linear transformations
followed by a non-linear activation function like ReLU.

Around each sub-layer, layer normalization and re-
sidual connections are applied to enhance regulariza-
tion and stability:

LayerNorm (x+Sublayer(x)) (8)

Where x represents the input to the sub-layer, and
Sub layer represents either the MHS A or FFN sub-layer.
After the transformer layer, the sequence of patch em-
beddings is aggregated, typically through mean pool-
ing or another aggregation mechanism.

The aggregated representation is then fed into a
multi-layer perceptron (MLP) head for classification.
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Fig. 5. (a) Basic block diagram of Swin Transformer (b) Computation Process

Our approach divides the feature map from the last
convolutional layer into non-overlapping patches of
size 2x2 during the patch extraction and embedding
stage. Subsequently, data augmentation techniques
like random crop and horizontal flip are applied to bol-
ster the model's robustness and generalization. Each
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patch undergoes linear projection into a lower-dimen-
sional space, resulting in patch embeddings. These
embeddings are then reshaped into sequences to be
inputted into the subsequent Transformer layers.In the
Swin Transformer, the transfer block constitutes a stack
of transformer layers, each comprising multiple atten-
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tion heads that compute attention scores between
patches. These scores facilitate the aggregation of in-
formation across patches, thereby capturing global de-
pendencies. Within each layer, the main sub-layers in-
clude the MHSAlayer, which learns linear relationships
between patches, and the FFN layer, which applies
position-wise fully connected feed-forward networks
to each patch independently and identically. Layer
normalization and residual connections are applied
around each sub-layer to ensure regularization and
stability. Additionally, features undergo further pro-
cessing through multi-layer perceptron (MLP) blocks to
capture nonlinear relationships which consist of dense
layers with ReLU activation. These Transformer layers
are pivotal in capturing long-range dependencies and
relationships between patches.

Shifted Window Transformer blocks implement a
mechanism for down sampling, which involves shifting
the window for self-attention in the spatial dimensions.

Table 1. Parameters of proposed Swin Transformer

model
Parameter Values
Patch Size (2,2)
Image_dimension 128
Label_smoothing 0.1
num_mlp 64
Learning rate le-3
Dropout rate 0.2
num_heads 8
Embed_dim 64
Shift_size 1
Window_size 2
Batch size 32
Weight decay 0.0001
Total Parameters 1172527
Trainable Parameters 1172527
Non- Trainable Parameters 0

By doing so, the Swin blocks effectively reduce the
spatial resolution of the feature maps while increasing
the number of channels, achieving down sampling in
a computationally efficient manner. This unique ap-
proach allows the Swin Transformer to capture hierar-
chical information across different scales while main-
taining computational scalability.

In the final classification step, the outputs of the MLP
blocks and the self-attention mechanism are combined
through skip connections and layer normalization. The
resulting feature maps undergo reshaping and ad-
ditional convolutional layers before being globally
pooled. This pooled representation is then fed into a
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dense layer for classification. Following this, the model
utilizes a softmax activation function to output class
probabilities based on the logits obtained from the
classification head. These logits represent the raw pre-
dictions for each class, and the softmax function is ap-
plied to derive the final class probabilities.

Effectiveness of Convolutional Layers progressively
captured different levels of abstraction, from low-
level edges and textures to high-level structures and
patterns. The multi-head self-attention mechanism
allowed the model to capture spatial relationships be-
tween different patches of the image. This significantly
improved the model's ability to focus on important re-
gions, enhancing classification performance. The com-
bination of convolutional layers, self-attention mecha-
nisms, and MLP blocks helped the model learn both lo-
cal and global features from the input images, leading
to better overall classification performance.

3.3 HARDWARE AND SOFTWARE SETUP

The model was created and trained on Google Col-
laboratory, where the entire process was completed
using Python and TensorFlow. The hardware setup pri-
marily consisted of a system equipped with a high-per-
formance processor and GPU to efficiently execute the
computational tasks involved in training and evaluat-
ing the deep learning models. An advanced processor,
Intel Core i9 or AMD Ryzen was employed to handle the
computational load effectively. A powerful GPU, NVID-
IA GeForce RTX, was utilized to accelerate the training
of deep neural networks, which typically involves in-
tensive matrix operations. The optimizer utilized dur-
ing training is Adam, and the loss function employed is
categorical crossentropy.

A batch size of 32 samples per iteration is utilized for
training, and the training process is conducted over
100 epoch. The software stack would have included
Python as the primary programming language due to
its widespread adoption and extensive libraries for ma-
chine learning and deep learning tasks. TensorFlow on
Google Collaboratory, a cloud-based platform offering
free access to GPU resources, facilitated collaborative
coding and experimentation with deep learning mod-
els in a web-based environment.

4. RESULT AND DISCUSSION

The performance of the model is evaluated through
the following parameters: precision, recall, accuracy,
and F1-score.These metrics provide insights into the
model's ability to correctly classify instances and han-
dle imbalances between classes.

Truepys + Trueyeg

Accuracy =
y Truepos + Trueyeg + Falsepos + Falseyeg (8)

. Truepgs
Precision = 9)
Truep,s + Falsep s
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True
Recall = Pos

(10)

Truepys + Falseneg

Precision * Recall
F1 — Score = 2 *

(1)

Precision + Recall

These metrics collectively offer a comprehensive un-
derstanding of the model's performance and are essen-
tial for evaluating its effectiveness in various scenarios.
An accuracy plot visualizes the model's performance
over time by showing the accuracy on the training
and validation datasets for each epoch. Fig. 6 displays
the accuracy plot of the proposed model.Initially, the
model starts with a low accuracy of around 6-7% in the
first few epochs but quickly learns and improves to ap-
proximately 38% by Epoch 10. As training progresses,
the accuracy continues to rise, reaching about 66% by
Epoch 20 and 78-80% by Epoch 30. This consistent im-
provement reflects the model's increasing ability to ex-
tract and understand relevant features from the data.In
the advanced training phases, accuracy surpasses 85%
by Epoch 40 and reaches around 94% by Epoch 50.
The final epochs show the model achieving nearly per-
fect accuracy, hovering around 98-99% and ultimately
nearing 100% by Epoch 100. Minor fluctuations in ac-
curacy, especially noticeable in epochs 81 and 93, are
typical as the model fine-tunes its parameters. These
results indicate that the hybrid model is highly effec-
tive for disease detection in Solanaceae vegetables.

Train Accuracy Over Epochs

1.0 4~ — train_accuracy

0.8

Accuracy

0.4 1

0.2 1

0 20 40 60 80 100
Epochs

Fig. 6. Accuracy Plot of Proposed Model

A loss plot displays how the loss function, which mea-
sures the error between predicted and actual values,
changes over each epoch during the training process. Fig.
7 displays the loss plot of the proposed model, highlight-
ing the changes in loss over the training and validation
phases.In the initial epochs, the model exhibits high loss
of 2.7134 as it begins to learn from the dataset. By the final
epochs, loss significantly decreases to 0.6476 at Epoch 99,
and accuracy increases dramatically , indicating effective
learning and optimization. Throughout training, loss gen-
erally decreases, but fluctuations occur, such as a slight
increase from 1.3765 at Epoch 21 to 1.4065 at Epoch 22,
due to factors like learning rate adjustments, data variabil-

ity, and complexity of patterns. Despite these fluctuations,
the model ultimately achieves stable, low loss and high
accuracy, demonstrating successful learning.
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Fig. 7. Loss Plot of Proposed Model

The classification report shows the model’s perfor-
mance on a multi-class classification task, achieving an
overall accuracy of 96%. Fig. 8 presents the classification
report, summarizing the performance metrics of the pro-
posed model, including precision, recall, and F1-score
for each class.Key metrics for each class include preci-
sion, recall, F1-score, and support. Most classes have
high precision, recall, and F1-scores, such as for Class 0
(0.92,0.89,0.91) and Class 14 (0.97, 1.00, 0.99), indicating
accurate predictions. However, Class 6 (0.81, 0.79, 0.80)
and Class 9 (0.90, 0.63, 0.74) show lower

precision recall fl-score support

-] 0.92 0.89 0.91 75

1 0.90 0.96 0.93 75

2 0.94 0.97 0.95 75

3 0.99 0.93 0.96 75

< 0.92 0.96 8.94 46

5 0.86 0.96 0.91 75

6 0.81 0.79 0.80 75

7 0.79 0.83 0.81 71

8 0.91 0.96 0.94 75

9 0.90 0.63 0.74 75

10 0.91 0.89 .90 75

11 0.88 0.80 .84 75

12 0.88 0.93 0.90 75

13 0.93 0.99 0.95 75

14 0.97 1.00 0.99 75
accuracy 0.96 1092
macro avg 0.90 0.90 .90 1092
weighted avg 0.90 0.90 0.90 1092

Fig. 8. Classification Report

Performance, highlighting areas for improvement.
The macro and weighted averages for precision, recall,
and F1-score, reflecting balanced and effective over-
all performance. Fig. 9 presents the confusion matrix,
illustrating the true versus predicted classifications of
the proposed model for each class. Table 2 showcases
a comparison between the proposed model with the
existing approaches, highlighting key performance
metric such as accuracy.
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Fig. 9. Confusion Matrix

The table presents a comparison of different meth-
odologies and their respective accuracies, highlight-
ing the performance of various models, including the
proposed method. Specifically, Hidayah et al. used CNN
and achieved an accuracy of 94.2%. Mahnoor Khalid et
al. employed the YOLOv5 model and obtained an ac-
curacy of 93%. llyas et al. developed a deep learning-
based hybrid model and reached an accuracy of 91.7%.

Saiga Khan and Meera Narvekar utilized a deep learn-
ing method and reported an accuracy of 93.12%. The
proposed method, which is a hybrid model of CNN and
Swin transformer, achieved the highest accuracy of
96%. This comparison demonstrates that the proposed
hybrid model outperforms other models listed, show-
casing its superior accuracy in disease detection and
classification for Solanaceae Vegetables.

Table 2. Comparison of the proposed model with the existing approaches

Author Methodology Accuracy
Hidayah et al Convolutional Neural Network 94.2%.
Mahnoor Khalid et al. YOLOV5 model 93%
llyas et al Deep learning-based Hybrid model 91.7%
saiga Khan et al Deep learning method 93.12%

Meera Narvekar

Proposed Method

The proposed method addresses the complexity of
simultaneous multiple infections in the current work by
leveraging a multi-head self-attention mechanism that
enables the model to attend to different regions of the
leaf image simultaneously, capturing the relationships

Volume 16, Number 1, 2025

Hybrid model of CNN and Swin transformer

96%

between various disease-affected areas. Additionally, the
combination of convolutional layers and MLP blocks al-
lows the model to extract both local and global features,
enhancing its ability to detect and classify multiple infec-
tions occurring concurrently in different parts of the leaf.
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5. CONCLUSION

Detection of plant leaf diseases is a critical issue in
agriculture, impacting yield and crop production sig-
nificantly. Solanaceae vegetables, including tomatoes,
potatoes, and peppers, are vital components of the
global food supply, playing a crucial role in ensuring
food security and meeting global nutritional needs.
This research proposes a hybrid deep learning-based
system for the early and accurate identification of
leaf diseases in Solanaceae vegetables, leveraging a
CNN-Swin Transformer model. The integration of deep
learning techniques into leaf disease detection sys-
tems allows for the development of smart, automated
solutions capable of continuous monitoring and as-
sessment of crop health. The proposed model has
been evaluated on the Plant Village dataset and has
demonstrated superior performance of 96% accuracy,
highlighting its potential for enhancing agricultural
productivity and sustainability. The major contribution
of this work lies in the hybrid integration of convolu-
tional layers, multi-head self-attention mechanisms,
and MLP blocks, creating a balanced architecture that
effectively captures both local and global features, un-
like traditional Swin Transformers which rely solely on
patch-based self-attention. This approach combines
the strengths of CNNs in capturing fine-grained local
details and self-attention mechanisms for global con-
text, offering a novel solution with improved feature
extraction and regularization for image classification
tasks, including plant disease detection, while being
computationally more efficient than full transformer-
based models. This advanced detection capability can
significantly aid farmers in implementing timely and
targeted interventions, enhancing overall crop health
and productivity. The findings of this study underscore
the potential of hybrid deep learning models in devel-
oping smart, automated solutions for continuous crop
health monitoring, thereby contributing to sustainable
agricultural practices and improved food security. The
computational complexity of integrating self-attention
mechanisms with convolutional layers increases train-
ing time and resource requirements, limiting the scal-
ability of the model for very large datasets.
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