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Abstract

Emotions can be detected through facial expressions, voice signals, and physiological signals such as Galvanic Skin Response
(GSR), Electroencephalogram (EEG), and Electrocardiogram (ECG). However, there have been limited studies on using
GSR signals for emotion detection. Emotion recognition systems (ERS) use artificial intelligence to diagnose emotions and
trigger appropriate actions accurately. This study introduces a novel lightweight deep Convolutional Neural Network
(LWDCNN) for emotion classification using GSR data. The LWDCNN model reduces computational complexity while
improving the speed and accuracy of the classification. GSR data is normalized based on suitable segmentation. A seven-
fold cross-validation technique is employed to classify emotions using LWDCNN based on the arousal and valence
dimensions. Emations are classified based on the social and non-social context of the subjects using GSR data from the
AMIGOS (A Dataset for Affect, Personality, and Mood Research on Individuals and Groups) database in both individual
(non-social) and group (social) settings. The accuracy of valence classification is 78.83% for individual settings and 79.96%
for group settings. The accuracy of arousal classification is 80.62% for individual settings and 84.42% for group settings.
This model can effectively be used to diagnose the subjects' mental health by detecting the appropriate emotions.
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1. Introduction
Brain-computer interaction (BCI) systems allow users to trigger computer actions without physical movement [1].
Affective BCI (aBCl) systems, which originated from the field of affective computing (AC), focus on enabling actions to be
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triggered by emotions [2]. The use of AC is vast, such as analyzing movie reviews for sentiment detection [3] and monitoring
the impact of online games on students' grades [4]. Within medical applications, Affective BCI (aBCl) systems are particularly
valuable for aiding in rehabilitation, movement, and interaction to mitigate the effects of conditions such as stroke, cerebral
palsy, and spinal cord injury [1]. Apart from medical applications, a BCl is also in demand for analyzing cognitive states during
marketing contexts, driver assistance, detecting students' emotions in an online classroom scenario, and advertising products.
The use of affective BCI systems can effectively detect the mental health of individuals and prevent suicidal attempts,
promoting societal balance. The emotions are classified into disgust, sadness, anger, surprise, happiness, and fear states [5, 6]
using the discrete model as suggested by Paul Ekman or into valence and arousal states using the two-dimensional model
suggested by Egger et al. [6] as revealed in Figure 1. The intensity of emotions is measured by arousal, whereas pleasantness
is measured by valence. The HVHA (High Valence and High Arousal) quadrant represents happiness, while the LVLA (Low
Valence and Low Arousal) quadrant indicates sadness. HVLA (High Valence and Low Arousal) emotions indicate calmness
and relaxation, whereas LVHA (Low Valence and High Arousal) emotions are associated with fear and anger [7].
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Figure 1.

Russel’s Model.

According to a study by Ismail et al. [5], approximately 53% of researchers use the dimensional model, while 38% use
the discrete model, and 9% use a hybrid model that combines both. Emotion Recognition Systems (ERS) mostly use
audiovisuals to elicit emotions effectively, however, some studies incorporate visual, game, and audio elements as well [5].

Affective BCI systems are not limited to neurophysiological signals such as electroencephalogram (EEG);
other physiological signals such as photoplethysmogram (PPG), galvanic skin response (GSR), and
electromyography (EMG) also have great potential in many applications. Facial signals, text signals, and biological
signals such as EEG and Electrocardiogram (ECG) have been extensively researched for emotion recognition. Moreover,
PPG [8], GSR, skin temperature [9], and rate of respiration can also be used for emotion detection.

The fusion of several modalities, such as audio-visual, speech-text, and multiple biological signals has been explored by
a few researchers for emotion recognition [10, 11]. ERS usually involves numerous steps, comprising preprocessing, feature
extraction [12], feature selection, and classification. Machine learning classifiers such as Support Vector Machine (SVM),
Ada Boost, K Nearest Neighbor (KNN), Naive Bayes, Random Forest (RF), Decision Tree (DT) are utilized for emotion
classification by extracting time and frequency features from GSR data. SVM classifiers are the most accurate for small
training sizes, while RF and DT classifiers can also provide reasonable accuracy. Some researchers believe that KNN
classifiers are faster and simpler than SVM classifiers, and they outperform them. The handcrafted feature extraction method
is used in machine learning techniques on preprocessed datasets, but deep learning techniques based on CNN perform
automatic feature extraction and classification [13]. Affective computing focuses on developing novel algorithms for feature
extraction and classification for the detection of emotions. Artificial Intelligence products powered by deep learning are
expected to replace humans in various tasks, such as transportation, medical diagnosis, driving, and emotion detection. 1D
CNN is particularly suitable for emotion classification using GSR data. However, the architecture of 1D CNN can be modified
by tuning hyperparameters.

Human experiences are shaped by social emotions, which are complex feelings that require individuals to be aware of
their own mental states as well as those of others. These emotional experiences naturally occur during spontaneous, dynamic,
and responsive interactions [14]. The social context significantly influences how emotions are perceived and rated in terms
of their valence (positive or negative) and arousal (intensity). It is crucial to examine emotion detection in group settings,
where participants experience emotions collectively, as most emotions are felt in groups. While researchers have typically
evaluated emotional models in individual contexts, there is a clear need to assess their performance in both individual and
group settings using deep learning techniques. In a classroom environment, smart bands can capture students' emotions, such
as sadness or happiness. By analyzing this data, educators can develop tailored teaching plans that enhance the learning
experience while considering the diverse needs of children. Similarly, in a cinema, smart bands can be used to monitor
audience emotions, allowing for relevant adjustments to improve the entertainment experience for the target audience.

Recent literature has primarily concentrated on developing emotion recognition models in non-social contexts, where
participants experience emotions individually. However, it is crucial to examine how social context influences emotion
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detection, as this aspect has not been thoroughly investigated. This study aims to fill this gap by classifying emotions in group
settings using a 1D convolutional neural network (CNN) model. Past studies have typically utilized complex CNN
architectures with numerous layers, which increase hardware complexity and reduce processing speed. In contrast, we
incorporate the LWDCNN architecture to enhance accuracy while minimizing complexity by using fewer parameters.
LWDCNN is designed to facilitate the implementation of CNNs on small devices, such as mobile phones.

The LWDCNN model is evaluated on two datasets: one capturing galvanic skin response (GSR) data from group settings
(social context) and another from individual settings (non-social context). The main research contributions of this study are
as follows:

e Developing a novel LWDCNN model for emotion detection using Galvanic Skin Response (GSR) data. This proposed
model incorporates fewer layers for feature extraction and classification, which enhances speed and reduces task
complexity.

e Developing the LWDCNN model with GSR data for emotion classification in two contexts: when subjects watched
short-duration videos alone (non-social context) and when they watched long-duration videos in groups (social
context).

The novelty of this study lies in the development of a lightweight deep learning convolutional neural network
(LWDCNN) model that utilizes fewer layers for feature extraction and classification. This optimization enhances the speed
of processing while simplifying the task. Moreover, the model is tested in both individual and group settings, making it the
first study to apply a 1D CNN specifically for group classification in social contexts using galvanic skin response (GSR)
data.

2. Related Works

Several publicly available databases such as DEAP [15], DREAMER [16], ASCERTAIN [17], and AMIGOS [18] have
been investigated by researchers for emotion classification through physiological signals such as ECG, EEG, GSR, PPG, ST.
Machine learning techniques, such as SVM, KNN, RF, and Decision tree classifiers, have been employed by researchers to
classify emotions using GSR signals. However, the features have to be extracted manually [19, 20] and the classification
accuracies reported are lesser. 1 D CNN techniques for emotion classification with GSR signals used by researchers are
described below. Santamaria-Granados et al. [21] preprocess GSR data from the AMIGOS database, segment it, and normalize
using standard deviation and the mean. This helps to standardize the data and make it more readily classified. Four
convolutional layers and three max-pooling layers perform feature extraction, and four fully connected layers are used for
classification. The model is trained using two hundred epochs, 90% of the data, and the leftover 10% of the data is used for
testing. The data is classified into four categories: HALV, LVHA, LVLA, and HVHA, and achieved 71% arousal accuracy
and 75% valence accuracy. Al Machot et al. [22] have classified emotions using the MAHNOB and DEAP datasets for subject-
independent classification. The normalized data is passed through the convolutional layers for classification. Three
convolutional layers, 3 max-pooling layers, and 3 fully connected layers are used. The last layer uses the Softmax function for
classification. The grid search optimization technique optimizes the number of layers and filters. Additionally, ten-fold cross-
validation is performed using the categorical cross-entropy loss function to minimize errors, while the Adam optimizer is
employed to achieve faster convergence. The data is classified into four classes: HALV, LVHA, LVLA, and HVHA. For the
subject-dependent classification, an accuracy of 85% for DEAP and 81% for MAHNOB is obtained. Dar et al. [23] normalize
the GSR data using the Z-score normalization. Two 1D Convolutional layers, 2 max-pooling layers, and a flattened layer are
followed by an LSTM layer. This is followed by three fully connected layers with a softmax function for classification. Adam
optimizer is used and a batch size of two hundred and forty is used for training the classifier. 70% of the data is used for training
and 30% for testing. The output is classified into four classes: HALV, LVHA, LVLA, and HVHA, with an accuracy of 63.67%.
Kang and Kim [24] used PPG and GSR data for classifying the emotions. They achieved an accuracy of 81.33% in the arousal
domain and 80.25% in the valence domain. The noise in the signal is reduced using the Butterworth filter, and for feature
extraction, 1 D CNN model with two convolution and pooling layers, and the encoder and decoder are used. The features from
both PPG and GSR are concatenated before classification. Two fully connected layers are used for classification. In contrast,
Dessai and Virani [25] classified emotions using GSR data with 2D CNN models by converting the CWT of the GSR signals
into scalograms and then into images that were classified using various pretrained 2D CNN models, MobileNet, DenseNet
201, InceptionResnetVV2, NASNetMobile, and EfficientNetB7. However, the 2D CNN techniques require specialized hardware
for training due to their computational complexity. Furthermore, CNN techniques are used in various studies to classify
emotions using ECG data [26-28], PPG [29], and EEG data [30-34]. Applied novel data augmentation CNN to classify
emotions using ECG data to address the issue of unbalanced data. They obtained an accuracy of 85.56% for arousal and
95.16% for valence on the DREAMER database using the seven-layer CNN model. Fan et al. [35] have used the attention
mechanism in CNN. The weight information is added to the ECG features extracted using the deep CNN [35].

3. Methodology

The block diagram for classifying emotions captured through GSR data is shown in Figure 2. The data is segmented,
normalized, and fed to the CNN model for classification. The emotions are classified into valence and arousal states.

The flowchart illustrated in Figure 3 depicts the methodology employed to classify emotions built on the GSR
data of the AMIGOS dataset [18]. The GSR signal is split into two thousand-point segments using peak-based
fiducial points, which are then normalized using Z-score normalization. Then, the dataset is split into training and
test sets, and the K-fold cross-validation procedure is applied for better results. A 1D CNN model is designed and

5102



International Journal of Innovative Research and Scientific Studies, 8(3) 2025, pages: 5100-5116

trained with a batch size of ten and one hundred eighty epochs to classify the test dataset based on valence and
arousal. The precision, recall, accuracy, and F1 score are computed, and a confusion matrix, accuracy, and loss
plot are obtained for better visualization. Further details are explained below.
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Figure 2.
Block diagram.
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Figure 3.
Flowchart.

3.1. Dataset

To validate the proposed technique, the AMIGOS dataset [18] is used which contains several physiological signals such
as EEG, GSR, and ECG.

The database consists of recordings of forty participants with diverse ages and equal gender distribution. The self-
assessment is done using the Self-Assessment Manikins (SAM) questionnaire.

SAM assisted in annotating the valence and arousal levels corresponding to participants' emotions. The participants rated
the emotions on a scale of one to ten [18]. The GSR signal is captured using the Shimmer sensor by placing two electrodes
in the middle of the left hand's index and middle fingers [25]. The Shimmer 2R sensor captures the GSR signal at a sampling
frequency of 128 Hz, with a 12-bit resolution [25].

In this study, the emotion classification is done using the GSR data of the AMIGOS dataset for the two scenarios as
described below. AMIGOS database captures GSR data in consideration of the individual and group settings of the
participants [18].

Scenario 1: Individual settings (Non-Social Context)

The subjects watched the videos individually, exploring the non-social context. The emotion elicitation for individual
settings was done using the sixteen short-duration videos of less than 250 seconds when the participants watched the videos
individually [18]. The low valence data corresponding to video 6 and video 8, and high valence data corresponding to video
1 and video 12 are obtained for individual valence classification [18]. To classify the level of arousal, the low arousal data
from video 1, video 6, and the high arousal data from video 8 and video 12 were considered [18].

Scenario 2: Group Settings (Social context)
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The subjects watched the videos together, and the social context of their experiences was explored. Additionally, for the
group settings, the emotion elicitation was done using the four long-duration videos of greater than fourteen minutes when
five groups of four participants watched the videos in groups [18].

To classify the group valence, the data related to video humber 18 is compared with the data related to video number 19
[18]. Similarly, for group arousal classification, the data corresponding to video number 17 is compared to the data
corresponding to video number 20 [18].

3.2. Segmentation

To avoid degradation of a lengthy GSR signal when passed through a deep learning structure, it needs to be suitably
segmented [25]. This encompasses extracting a complete cycle of the GSR signal from the GSR waveform. The GSR signal
waveform is indicated below in Figure 4.
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Figure 4.
GSR waveform.

The GSR signal is sampled at 128 Hz [18]. Considering the peaks as fiducial points, the signal is sampled at an interval
of 2000 sampling points.

Scenario 1: For short video classification, each recording of the participant with 8000 sampling points is fragmented into
four parts, and a total of 624 samples are obtained, with 312 samples of one class.
Scenario 2: For group classification, each recording of 14000 length is split into seven parts of length 2000 each. Hence, 119
samples per class and 238 samples for two classes are obtained.

3.3. Preprocessing Based on Z Score Normalization
The data is preprocessed using the Z-score normalization technique as mentioned in (1).

2= (1)

Where, 'x’, is the sample, '’ is the mean, and 's’ specifies the standard deviation. Z-score value indicates the amount by
which a value deviates from the mean. This transformation is crucial for attaining a zero mean and unit variance of the
features. Reducing the variation in the training data helps the CNN model to converge faster and improves its accuracy.

3.4. K-Fold Cross-Validation

Data is split into 70% training and 30% test. The training dataset is further distributed into two parts - 80% for training
and 20% for validation. The training data undergoes a seven-fold cross-validation process, where the average accuracy of all
seven folds is computed [36]. Finally, the model is tested on the 30% unseen test data, ensuring subject-independent
classification. For each training and validation, a different dataset is used. This helps us to understand the best-case and worst-
case scenarios for valence and arousal classification. K-fold cross-validation alleviates the overfitting risk and provides a
reliable model performance assessment on unseen data.
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3.5. 1D CNN Model

The configuration of a 1D-CNN is determined by several hyper-parameters, including the number of hidden CNN and
Multilayer perceptron(MLP) layers/neurons, filter (kernel) size in each CNN layer, subsampling factor in each CNN layer,
and the choice of pooling and activation functions [13]. In the hidden CNN layer, each neuron performs a sequence of
convolutions, the sum of which is passed through the activation function, followed by the sub-sampling operation [13]. The
input layer is a passive layer that receives the raw 1D signal, and the output layer is an MLP layer with the number of neurons
equal to the number of classes [13]. The CNN layers process the raw 1D data and learn to extract features that are used in the
classification task performed by the MLP-layers [13]. Both feature extraction and classification operations are fused into one
process that can be optimized to maximize classification performance. 1 D CNN model automatically extracts features using
the convolutional layers and pooling layers [13]. CNN layers filter the noise in the signal and also detect the relevant
information from the GSR signals. The convolutional operation is performed in the CNN layer on the input data. The
maximum pooling layer determines the maximum value of the data across the applied filter size. This helps in reducing the
dimension of the data. The flattened layer converts the data into a dimension vector to create a single long feature vector.
The output of the flattened layer is served as input to the fully connected layers. In these layers, all the neurons are connected.
The fully connected layer performs the classification task based on the activation function and softmax classifier.

Dropout is a technique used to randomly deactivate a certain number of neurons during training, meaning that the output
from these neurons is not included in the computations. This effectively creates a smaller network and helps reduce
overfitting. By using different subsets of neurons for training each time, the network is better able to perform on unseen data.
To further prevent overfitting, a dropout value is applied as a form of regularization. The ReLU activation function helps to
avoid the vanishing gradient problem and provides better computation performance. The softmax function for
classification transforms the raw outputs of the neural network into a vector of probabilities, enabling the prediction of the
most probable class based on the input features. The model has been trained for 180 epochs with a batch size of ten. Figure
5 indicates the layout of the proposed model.

‘ ‘»

Input [ ll\)/{)aoliin Flatten | ] Output
i Convolution 5 2 Layer Fully Connected Layer
GSR Data Layers WEE Layers Valence/Arousal
Figure 5.
1 D CNN Model.

The input signal, which has a size of 2000, is processed by the first convolutional layer. This layer has 64 filters, a kernel
size of 3, a ReLU activation function, and a dropout rate of 0.3. The processed data is then passed to the second convolutional
layer, which has 150 filters, a kernel size of 10, a ReLU activation function, and a dropout rate of 0.1. During the training
process, a batch normalization layer is used to normalize the output of intermediate layers for a batch size of 10. This helps
improve the speed of the model. Max pooling with a size of 2 and a stride of 2 is applied to reduce the dimensionality of the
GSR data, allowing the convolutional layers to extract relevant features. The flattened layer is then used to convert the 2D
array into a 1D vector, which is then fed into a dense layer. The output is classified into two classes using a softmax activation
function in the dense layer. To make deep learning models converge faster and improve their accuracy and speed, an Adam
optimizer with a learning rate of 0.001 is used. This helps minimize the categorical cross-entropy loss function that quantifies
the dissimilarity between the predicted probabilities and the true categorical labels. Figure 6 shows the architectural details
of the proposed CNN model.
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Model: "sequent ial 1"
Layer (type) Output
convld 2 (Conwvl1lD) (None,
dropout 1 (Dropout) (None,
convld 3 (Conwvl1lD) (None,
batch normalization 1 (None,
(Batch Normalization)
max poolingld 1 (None,
(Max Pooling 1D)
flatten 1 (Flatten) (None,
dense 1 (Dense) (None,
Total params: 397008 (1.51 MB)
Trainable params: 396708 (1.51 MB)
Non-trainable params: 300 (1.17 KB)

Figure 6.
Model Summary of 1D CNN Model

Shape Param #
2000, 64) 25€
2000, 64) 0

2000, 150) 96150
2000, 150) 600
1000, 150) 0
150000) 0

2) 300002

In Figure 6,” none’ indicates the batch size, which is initially set to none since the batch size is not known in advance,
2000 size of input data, 64 number of filters. The next CNN layer uses 150 filters for convolution. The batch normalization
layer normalizes data, allowing for higher learning rates and accelerating convergence. This leads to better and more efficient
neural network training, improving the network’s speed. The feature map reduces to 1000 after passing through the max
pooling layer. The flattened layer generates a vector of dimension 150,000. The dense layer classifies the output into two
classes using the softmax activation function. Trainable parameters are updated with backpropagation, while non-trainable
parameters remain static during the training period. The hyperparameters used in designing the CNN model include the
number of CNN layers, max pooling layers, filter sizes, and the number of fully connected layers, which are selected based

on optimizing the model's accuracy.

4. Results

The proposed LWDCNN model is validated on the two different scenarios mentioned above. The recall, accuracy,
precision, F1 score, and confusion matrix are obtained for the validation of the results. The K-fold cross-validation accuracies,
corresponding to seven folds for Valence Classification, are indicated in Table I, Figure 7, and Figure 8.

Table 1.

K-fold cross-validation accuracy for valence classification

K-Fold Cross Validation | Individual Settings, Valence Accuracy Group Settings, Valence Accuracy
Number % %

Fold 1 68.98 56.94
Fold 2 71 79.16
Fold 3 71.12 80.55
Fold 4 81.81 83
Fold 5 82.35 83.33
Fold 6 83.42 86.11
Fold 7 93.04 90.27
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Individual Settings,
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Figure 7.
K-fold Accuracy for Individual Settings.
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Figure 8.
K-fold Accuracy for Group settings.

To determine the best and worst-case scenarios for valence classification, a different fold is used for validation each
time. The k-fold cross-validation results help in achieving this understanding. As per Table 1, Figure 7, and Figure 8, the
worst-case accuracy obtained for individual settings is 68.98%, while for group settings, it is 56.94%. On the other hand, the
best-case accuracy obtained for individual settings is 93.04%, and for group settings, it is 90.27%. Thus, the model
demonstrates reasonably good performance for valence classification.

Table 2 and Figure 9 display the Precision, Recall, Accuracy, and F1 score for valence classification in two scenarios.

Table 2.

Performance evaluation for valence classification.
Valence Accuracy Precis-ion Recall F1 Score
Individual Settings 78.83 % 0.93 0.93 0.93
Group Settings 79.96 % 0.86 0.85 0.83
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Figure 9.
Performance evaluation for valence classification.

The model gives a better performance for Valence classification in both individual and group settings.
Similarly, the results obtained for Arousal Classification are indicated below in Table 3.

Table 3.

K-fold cross-validation accuracy for arousal classification.
K-Fold Cross Validation Number Individual Settings, Group Settings, Arousal

Arousal Accuracy % Accuracy% %

Fold 1 65.95 73.61
Fold 2 66.48 75.0
Fold 3 67.02 83.33
Fold 4 85.10 88
Fold 5 91.48 88.88
Fold 6 92.02 90.27
Fold 7 96.27 94.44

Individual Settings,
Arousal Accuracy %

110
100
0
80
70

60
.. I
Fold 1 Fold 2 Fold 3 Fold 4 Fold 5 Fold 6 Fold 7

Figure 10.
K-fold Accuracy for Individual Settings

For each training and validation, a different dataset is used. This is why the k-fold cross-validation is important. They
show the best-case and worst-case scenarios for arousal classification. Table 3, Figure 10, and Figure 11 specify that the
worst-case accuracy obtained for individual settings is 65.95% and for group settings is 73.61%, respectively. Individual
settings achieved 96.27% accuracy, and group settings achieved 94.44% accuracy in the best-case scenario. Table 4 provides
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the accuracy, recall, precision, and F1 score for the arousal classification. Overall, the model performs better for arousal
classification in both scenarios.

Group Settings , Arousal

Accuracy %

100
95
90
85
80
75
70
65
60
55

50

Fold 1 Fold 2 Fold 3 Fold 4 Fold 5 Fold 6 Fold 7

Figure 11.
K-fold Accuracy for Group settings.

Table 4.

Performance evaluation for arousal classification.
Mode Accuracy % Precision Recall F1 Score
Individual Settings 80.62 0.92 0.92 0.92
Group Settings 84.92 0.90 0.89 0.89

Furthermore, the accuracy of the Valence Arousal classification for both scenarios is presented in Table 5.

Table 5.

Valence Arousal classification accuracy.

Mode Valence Accuracy Arousal Accuracy
Individual Settings 78.83 % 80.62%
Group Settings 79.96 % 84.92%

The average accuracy obtained for individual settings is 78.83 % for Valence classification and 80.62% for arousal
classification. The average accuracy obtained for group settings is 79.96 % for Valence classification and 84.92% for arousal
classification. Figure 12 indicates the valence arousal classification accuracies.
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Individual Group Settings
Settings

100.00%
90.00%
80.00%
70.00%
60.00%
50.00%

M Valence Accuracy Arousal Accuracy
Figure 12.
Performance evaluation for Arousal classification.

The confusion matrix for the classification of Valence is displayed in Figures 13 and 14.

Confusion Matrix for GSR Short Valence Classification

80

High Valence N

60

Actual

30
Low Valence A

r20

r10

High Valence Low Valence
Predicted

Figure 13.
Confusion matrix for individual setting for Valence Classification.
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Confusion Matrix for GSR Group Valence Classification

High Valence

]
=]
=1
<
- 10
Low Valence -
-5
T —-0
High Valence Low Valence
Predicted
Figure 14.

Confusion matrix for group setting for Valence Classification.

The confusion matrix for the classification of Arousal is displayed in Figures 15 and 16.

Confusion Matrix for GSR Short Arousal Classification

80

. 70
High Arousal

60

50

Actual

- 40
- 30
Low Arousal -

- 20

- 10

T
High Arousal Low Arousal
Predicted
Figure 15.
Confusion matrix for individual setting for Arousal Classification.
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Confusion Matrix for GSR Group Arousal Classification

35

30
High Arousal

Actual

Low Arousal - - 1C

High Arousal Low Arousal
Predicted

Figure 16.
Confusion matrix for group setting for Arousal Classification.

The Accuracy, Precision, Recall and F1 scores, as indicated in Table 2 and Table 4, are obtained from the confusion
matrices using (2), (3), (4), and (5) as mentioned below. True Positive (TP) occurs when the predicted class and the actual
class of a data point are both positive. True Negative (TN) occurs when the predicted class and the actual class are both negative.
False Positive (FP) occurs when the predicted class is positive, but the actual class isnegative. False Negative (FN) occurs when
the predicted class is negative, but the actual classis positive.

TP +TN
Accuracy = ———— (2)
TP+ FP+TN+FN

TP
TP + FP

(4)

Precision =
TP
TP+FN

3

Recall =

Precision X Recall
F1Score =2 —/—MmM (5)
Precision + Recall

The graphs in Figure 17 and Figure 18 show training and validation, accuracy, and loss, respectively, for classifying
valence based on short video data.

Training and validation loss
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Figure 17.
Loss Plot.
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Training and validation accuracy

~— Training accuracy
Validation accuracy
T
Wm‘ »‘ “"’I“ 1
Al (R R {
08 . | '
\ |
" ] ’I ‘
0.7
Accuracy
0.6
0.5
sl
0 25 50 b 100 125 150 175
Number of Epochs
Figure 18.

Accuracy Plot.

5. Discussion

Manual feature extraction and machine learning classifiers have often been used for emotion classification from GSR
data. However, Dessai and Virani [25] have employed pretrained CNN models to achieve improved accuracy. Nonetheless,
the size, complexity, and cost of these 2D CNN models pose significant challenges. Moreover, the additional task of
conversion of 1D data to 2D images or scalograms using continuous wavelets needs to be undertaken. A one-dimensional
CNN has a lower computational complexity when compared to a two-dimensional CNN. An image with N x N dimensions
convolving with KxK kernel will have a computational complexity ~ O (N?K?), while in the corresponding

1D convolution (with the same dimensions, N and K) is ~ O(NK) [13]. Millions of parameters are involved in the 2D
CNNs as compared to thousands of parameters in 1D CNNs.
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Sr. No. Reference Number Physiological signals Database Methodology Convolutional | Max Pooling Fully connected Dropout Number of | Classification Accuracy
layers layers layers Classes
1 Kang and Kim [24] PPG AND GSR DEAP 1D CNN 2 2 2 0.2 2 Valence: 80.25%
Arousal: 81.33%

2 Al Machot, et al. [22] GSR DEAP, 1D CNN 3 3 3 0.2 4 a)MAHNOB:78%
MAHNOB b)DEAP:82%

3 Dar, et al. [23] GSR DREAMER, | 1D CNN-LSTM 2 2 3 05 4 a)DREAMER: 89.25%
AMIGOS b)AMIGOS :63.67%

4 Santamaria-Granados, GSR AMIGOS 1D CNN 4 3 4 0.5 2 Valence:75% Arousal:71%

etal. [21]
5 Proposed GSR: Individual Settings AMIGOS 1D CNN 2 1 1 0.3 2 Valence:78.83 %

Arousal: 80.62%

5114



International Journal of Innovative Research and Scientific Studies, 8(3) 2025, pages: 5100-5116

The shallow architectures of 1D CNNs make it much easier to implement and train. Moreover, training 2D CNNs requires
special graphical processing units. However, a CPU on a standard computer is realistic and comparatively faster for training
1D CNNs. Low computational requirements make 1D CNN models effective for emotion detection using GSR in real-time
environments, particularly on mobile phones with low processing capability and battery life. Although only a limited number
of studies have used 1D CNN models for emotion classification using GSR data, they have shown promising results. The
hyperparameters that are typically involved in the design of 1D CNN models include the number of convolution layers, fully
connected layers, number of filters, and choice of activation and pooling functions. Table 6 displays the architectural
specifications of 1D CNN models utilized by other researchers, as well as their corresponding classification accuracy.
Additionally, the proposed model is included.

Kang and Kim [24] concatenated the features extracted from the PPG and GSR signals and passed them to the fully
connected layers for classification. They achieved an accuracy of 81.33% in the arousal domain and 80.25% in the valence
domain. However, they utilized both PPG and GSR signals from the DEAP dataset, and the model is not suitable exclusively
for the GSR data.

Al Machot et al. [22] have classified emotions using the MAHNOB and DEAP datasets for subject-independent
classification. The data is classified into four classes: HALV, LVHA, LVLA, and HVHA. For the subject-dependent
classification, an accuracy of 85% for DEAP and 81% for MAHNOB is obtained. However, they designed a 1D CNN model
for four-class classification.

Dar et al. [23] categorized emotions into four classes using GSR data from the AMIGOS dataset, achieving an accuracy
of 63.67%. The output is classified into four classes: HALV, LVHA, LVLA, and HVHA, with an accuracy of 63.67%.
However, the additional LSTM layer increases the complexity of the task.

Santamaria-Granados et al. [21] classified emotions into Valence and Arousal and obtained an accuracy of 71% and
75%, respectively, using 1 D CNN model. The data is classified into four categories: HALV, LVHA, LVLA, and HVHA, and
achieved 71% arousal accuracy and 75% valence accuracy. This being the first study to implement the CNN model for emotion
detection using the GSR data, however, the complexity of the model is greater.

As observed in Table 6, the literature studies have utilized 1D CNN models with a greater number of layers, which
increases the model's complexity. In addition to this, Dar et al. have incorporated LSTM layers. The proposed model aims to
reduce the system's complexity while improving the accuracy of classification.

In this study, the emotions are classified using the proposed LWDCNN model on the Valence Arousal scale specifically
for GSR data.

The study reduced the number of convolutional and max pooling layers needed for feature extraction. Furthermore, only
one fully connected layer for classification is used, thus reducing the intricacy of the architecture and hardware requirements.
Moreover, a novel classification of emotions to explore the group settings and individual settings of the participants using
GSR data is performed. This is the first study to use a 1D CNN model on GSR data to classify emotions based on this concept.
The accuracy of the model could be enhanced further through the optimization of the hyperparameters, addressing the
limitations of the study.

6. Conclusion

A substantial amount of scientific interest exists in the use of GSR in affective brain-computer interaction studies. The
1D CNN model automatically extracts and classifies features, reducing the time required for feature extraction in time series
classification. The novel LWCNN architecture has fewer layers, which reduces complexity and hardware requirements.
Furthermore, this research introduces a novel approach to ERS by developing an LWCNN model that explores both group
settings (social context) and individual settings (non-social context) of subjects using GSR data. An accuracy of valence
classification of 78.83% for individual settings and 79.96% for group settings is obtained. The accuracy of arousal
classification is 80.62% for individual settings and 84.42% for the group settings. The model achieved reasonable valence-
arousal classification accuracy with improved precision, F1 score, and recall. Modifying the architecture of the CNN model
in terms of the hyperparameters can further improve the accuracy of emotion classification.

Notably, the accuracy of group settings outperforms the accuracy obtained from individual settings. Furthermore, the
LWDCNN model was tested on unseen data, enabling subject-independent classification. Thus, this study makes a significant
contribution to the field of affective computing using GSR signals.

In the future, baseline removal methods can be utilized to remove noise, thereby enhancing classification accuracy. The
LWDCNN model can also be adapted for other physiological signals such as ECG, EEG, and skin temperature by
appropriately segmenting the signals and optimizing the model's hyperparameters.
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