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1. Introduction 
Human emotions are fundamental characteristics that are crucial for 

effective communication (Akhand et al., 2021). Humans use a variety of body language, facial 
expressions, and speech to convey their emotions. The most widely used and deeply researched 
component of emotion identification is facial expression analysis. Recently, the recognition of 
emotion through facial expressions has emerged as an interesting research area in the fields of 
psychiatry, psychology, and mental disorders (Khan, 2022). Automated ER from facial expressions 
is also required for healthcare systems, smart living, emotional disorder diagnosis, human-robot 
interaction (HRI), human-computer interaction (HCI), and HRI-based social welfare programmes. 
As a result, facial expression recognition (FER) has drawn the attention of researchers because it 
has a lot of potential uses. 

The aim of the facial ER method is to map emotional states based on the different facial 
expressions. The two primary processes of conventional FER are emotion recognition and feature 
extraction (Wojciuk et al., 2024). Nowadays,comprehensive work is being conducted to develop 
efficient automated face recognition systems using computer vision methods, AI, image processing, 
ML, and DL.  

In the ML-based emotion recognition method, the main stages are reading the facial 
expression, followed by pre-processing (face alignment, augmentation, normalisation, 
enhancement), feature extraction (LBP, HOG, SIFT, SURF, LTP), and classification (SVM, DT, RF, 
and KNN) (Khan, 2022). However, in  ML algorithms,  feature extraction needs to be performed 
manually for emotion recognition, whereas in  deep learning-based methods,  feature extraction is 
required  automatically. Therefore, in this research, the deep learning area is explored to design an 
emotion recognition method. Furthermore, the key emphasis is on hyper-tuning the parameters of 
the deep learning algorithm. Finding the best settings for a deep learning model’s hyperparameters 
throughout the learning process is very important for influencing how the model behaves.  

In the literature, the CNN is the most preferred DL algorithm for facial emotion recognition. 
Therefore, when hyperparameter optimisation techniques are used, (I) CNN performance gets better 
(by a few percentage points), (II) method development time goes down (when paired with 
distributed training for quick parallel searching), and (III) solutions are provided faster, which is 
very important for different applications. The hyperparameters are mainly related to network design 
and training techniques. They are utilised to find a set of parameters that delivers the best accuracy 
on a test set when used during CNN training. However, it is not easy to choose the hyperparameters 
that guarantee CNN's optimal performance. It is computationally costly since it often requires 
assessing the CNN model many times (Amou et al., 2022; Cabada et al., 2019; Lateef & Abbas, 
2022; Wojciuk et al., 2024). Hyperparameter configuration is difficult, and examining the 
hyperparameter space is time-consuming, computationally costly, and inefficient. For 
hyperparameter optimisation, many methods have been developed, such as Hessian-free 
optimisation, Random Search, and Grid Search (Rimal, Sharma, & Alsadoon, 2024). However, 
previous optimisation approaches examine hyperparameter values at predefined levels, resulting in 
higher computational complexity. Therefore, the main research question addressed in this study is 
how to efficiently explore the solution space of the parameters for hyper-tuning while minimising 
computational complexity. To accomplish this goal, we have explored an  optimisation approach, 
namely a metaheuristic, which outperforms the grid search and random search methods. 

The metaheuristic algorithm explores the problem's solution space based on the objective 
function to find the optimal or near-optimal solution. In the metaheuristic algorithm, the population 
and iteration parameters play an important role, and their values are defined according to the 
computational complexity of the designed method. The population parameter is randomly initialised 
in the solution space according to the population size and evaluated based on the objective function 
to determine the best solution. After that, new populations are generated by considering the initial 
population values to explore new solutions in the solution space, which may outperform the current 
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best solution. The new population generation process is iterated according to the iteration parameter 
value.  

The main contribution of this manuscript is to present a method for classifying different 
emotions using the CNN model. Furthermore, the key emphasis is given to hyper-tuning the CNN 
learning parameters using the BWO algorithm for enhancing the classification accuracy of the 
presented method. We have chosen the BWO algorithm over other metaheuristic algorithms due to 
its better exploration rate in searching  the solution space of the parameters. Furthermore, it contains 
three stages, namely, procreation, cannibalism, and mutation. Out of these stages, the cannibalism 
stage helps in removing  inappropriate solutions while exploring the solution space. Thus, it 
provides a better convergence rate to reach the desired  solution more efficiently. Hence, the 
proposed method shows impressive results in classifying  various emotions and achieves high 
performance metric values, such as  accuracy, precision, recall, and F1-Score  of 0.99392, 0.98467, 
0.98117, and 0.96731, respectively. Finally, we have performed a comparative analysis of the 
presented approach with existing studies. The result shows that we  achieved better  outcomes  due 
to employing the hyper-tuning strategy in the proposed method.  

The remaining structure of the manuscript is as follows. Section 2 presents the related work 
on the advancement in emotion recognition methods based on deep learning and the limitations of 
previous studies. Section 3 presents the preliminaries in which an overview of the CNN and BWO 
algorithms is given. Section 4 presents the proposed emotion recognition classification method 
based on hyper-tuning the CNN model for better classification. Section 5 shows the simulation 
results and comparative analysis with the previous approaches. Finally, the manuscript is 
summarised and future directions are defined in Section 6. 
 

2. Related Work 
Khattak et al. (2021) designed a CNN-based emotion recognition method by analysing facial 

expressions. In addition, in their method, age and gender factors were also recognised. They 
evaluated their method on three datasets, namely JAFFE, UTKFace, and CK+. Furthermore, a 
maximum proportion of the data (90%) was used for training purposes. Therefore, the results 
indicate that they achieved accuracy values of 95.65%, 98.5%, and 99.14% for emotion, age, and 
gender recognition, respectively. S.B. et al. (2024) recognised seven emotions using the 
Xception-CNN and evaluated their method on the FER2013 database available on Kaggle. They  
achieved an accuracy value of 95.60%. Further, like the previous study,  Bhagat et al. (2024) used 
the CNN algorithm to extract  local and global facial features for emotion recognition. Furthermore, 
in their work, pre-trained classifiers, namely ResNet, VGGNet, EfficientNet, and a Haar face 
classifier, were used. They accomplished an accuracy value of 82% for the FER2013 database. Haq 
et al. (2024) used the MobileNet-V1 algorithm for classifying seven emotions on the FER2013 and 
a random database. The result indicates that they have achieved an accuracy value of 97.7%. 
Agung, Rifai, and Wijayanto (2024) recognised ten emotions by utilising CNN in two approaches, 
namely, Inception-V3 and MobileNet-V2. Furthermore, in their work, the Taguchi method was used 
to hyper-tune the parameters. They achieved accuracy and F1-score values of 96% and 0.95 for the 
video dataset considered for evaluation purposes. Karatay et al. (2023) used the Gaussian Mixture 
Model, CNN, and LSTM algorithm for emotion recognition by analysing the facial and body 
features. They evaluated their model on two datasets (FER2013 and CK+). The results indicate that 
they accomplished an overall accuracy of 90% across the different combinations utilised in their 
research. Meena et al. (2023) designed a sentiment analysis framework by analysing facial 
expressions using the CNN. In their work, they modified  CNN layers to improve the performance 
of their framework. Their results show that they accomplished accuracy values of 79% and 95% for 
the FER2013 and CK+ datasets. F. M. Talaat (2023) designed a facial emotion recognition method 
for children by hyper-tuning the parameters of the CNN algorithm using GA. Besides that, in their 
work, they used the U-Net method in the pre-processing stage. The results indicate that they  
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accomplished an accuracy value of 99.99%. However, in their research, a very small dataset was 
used.  

Previous studies have employed different architectures of the CNN algorithm for facial 
emotion recognition. Nevertheless, the CNN algorithm's performance is heavily reliant on its 
learning parameters. In order to accomplish this goal, F. M. Talaat (2023) used the GA algorithm. 
However, the GA algorithm has a low convergence rate in finding the best parameter value while 
exploring the solution space because inappropriate solutions are not removed during the search 
process. This issue is considered in this manuscript, and a recent BWO algorithm is employed to 
hyper-tune the parameters because this algorithm eliminates the inappropriate solutions while 
exploring the solution space of the given parameter (Hayyolalam & Kazem, 2019). In the literature, 
it has been  successfully applied in several applications, such as  segmentation (Houssein et al., 
2020), feature selection (Hu et al., 2021), and distributed power systems (Sadeghi et al., 2021).      
 

3. Preliminaries 
This section presents the algorithms, namely, CNN and the metaheuristic BWO, that are 

employed to design the image-based depression classification method. 
●​ CNN Algorithm: 

In previous studies on  image processing,  authors usually use CNNs to analyse images 
because they are a type of deep, feed-forward artificial neural network (Cabada et al., 2019). Other 
image recognition methods require more complex image preparation than a CNN. This is because a 
CNN's convolutional component extracts an image's key properties. Three different kinds of layers 
make up the CNNs' multilayered architecture. The primary characteristics and patterns in an image 
are extracted by the first layer, known as the convolutional layer. The pooling layer reduces the 
number of features taken from the previous layer. The features and patterns gathered from the 
earlier layers are then categorised by a fully connected layer. A CNN's three layers are shown in 
Figure 1 (Abdullah & Abdulazeez, 2021). 
 

 
Figure 1. Three layers of CNN algorithm 

 
The learning parameters, such as learning rate, batch size, and kernel size impact the 

performance of the CNN. Therefore, hyper-tuning these parameters enhances the classification 
accuracy using BWO.  

●​ BWO Algorithm: This algorithm is designed by analysing the mating behaviour of spiders. 
These spiders produce a variable number of offspring, and to ensure their survival, the stronger 
offspring consume the weaker ones. Based on this process, three stages were designed, known as 
procreation, cannibalism, and mutation. The cannibalism stage is the most important, making it 
superior to the genetic algorithm and ensuring early convergence. At this stage, while exploring 
the optimal solution in the solution space, inappropriate solutions are removed (Hayyolalam & 
Kazem, 2019).  
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Figure 2. Flowchart of the BWO algorithm (Hayyolalam & Kazem, 2019) 

 
1. Initialisation: In this step, similar to other optimisation algorithms, an initial population is 
generated within the lower and upper bounds of the solution space to explore the optimal solution. 
The initialisation is done randomly. 
2. Procreate: In this step, the initial population is employed to generate new offspring using Eq. 
(1). 
  

​ ​ (1) 
In the above Eq. (1), y1 and y2 denote the generated offspring, whereas x1 and x2 are the 

initial population. 
3. Cannibalism: This step is utilised for removing the inferior-quality populations while exploring 
the solution space. To accomplish this goal, the generated offspring and initial populations are 
evaluated based on the objective function. Thereafter, based on the cannibalism rate, the 
inferior-quality populations are removed. This step aids in generating a new population that is 
superior to the previous one, leading to earlier convergence to the optimal solution in the next 
iteration. 
4. Mutation: The mutation step is performed to prevent the BWO algorithm from premature 
convergence. In this step, a random population is selected and updated by performing mutation 
based on the mutation rate.  
 

4. Proposed Emotion Recognition Method 
This section presents the proposed emotion recognition method by analysing  facial 

expression using the deep learning CNN algorithm. The main novelty of the presented method is 
that it classifies the seven emotions. Furthermore, in this research, we  enhanced the recognition 
accuracy by hyper-tuning the learning parameters of the CNN algorithm. Figure 3 shows the block 
diagram of the proposed emotion recognition method. 

30 



P. Deshmukh & H. Patil - Emotion Recognition Method based on Convolutional Neural Network and Black Widow 
Optimisation Algorithm 

 

 
Figure 3. Block diagram of the proposed emotion recognition method 

 
●​ Data Collection and Preparation: Initially, in this method,  standard emotion datasets  taken 

from previous studies. In previous studies, the FER2013, CK+, JAFFE, and AffectNet datasets 
were used by various authors. Out of these, the FER2013 dataset is the most preferred over other 
datasets because it contains a wide range of human emotions and the images are available in 
grayscale format. The dataset was available in an Excel sheet, and it contains the emotion labels 
and the pixel values. Therefore, the Excel sheet was read,  the pixels were transformed into  
images, and the .png format was considered. The dataset images contain seven types of emotions 
(1=Angry, 2=Disgust, 3=Fear, 4=Happy, 5=Sad, 6=Surprise, 7=Neutral).  

●​ Random Splitting of the Data: Next, the dataset images were randomly split into training and 
testing ratios. This ratio was defined to train and validate the CNN algorithm for emotion 
recognition. In this research, a 70:30 ratio was considered.  

●​ Emotion Recognition using CNN: After that, the CNN architecture was defined for emotion 
recognition. The network structure of the CNN algorithm was built using multiple layers, 
including “input”, “convolution”, “batch normalisation”, “ReLU”, “max pooling”, and a fully 
connected layer. The input layer was 1-channel image data, and the resolution of the image was 
32x32. After that, the image was passed through the first convolution layer with a filter size of 
(3,8), and batch normalisation was  applied with  the ReLU layer to improve training stability 
and speed up the convergence. Next, the data was passed through the first max pooling layer 
with a pool and stride size of 2X2 to perform dimensionality reduction. Similar to the first layer, 
the data was passed through the second convolution (3,16), batch normalisation, and a pooling 
layer (2×2). In the third layer, the size of the convolution filter was (3,32), and batch 
normalisation was applied using the ReLU layer. Finally, for  classification purposes, seven fully 
connected layers were defined with the softmax function. After that, the learning parameters of 
the CNN algorithm, including learning rate and momentum rate, were hyper-tuned using the 
BWO algorithm. To accomplish this goal, the BWO algorithm was initialised, and a random 
population was generated for the parameters. The population values were considered in the CNN 
algorithm, and evaluation was done based on the objective function. In this work, accuracy was 
taken as the objective function. The BWO algorithm was iterated for a fixed number of 
iterations, and in each iteration, the population of inferior solutions was removed, and the 
optimal values were determined, and based on it, the CNN algorithm was trained and validated.  
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●​ Performance Evaluation: Lastly, the evaluation of the proposed method was done using the 
confusion matrix to determine  correct and incorrect emotion recognition. Furthermore, based on 
this,  other performance indices, including accuracy, precision, recall, and F1-score, were 
determined.         

 
5. Results and Discussion 
This section presents the simulation evaluation of the designed method and a comparative 

analysis with previous studies to validate its performance. MATLAB 2018a software was used to 
carry out the implementation  and simulation of the proposed method. The system configuration 
used for MATLAB software is an i7 processor, 16 GB RAM, and a 64-bit Windows operating 
system. Furthermore, image processing and deep learning libraries and functions were considered 
for designing the ER method. 

 
5.1 Evaluation Criteria and Indices 
To evaluate the designed ER method, in the first step, the dataset images were prepared from 

an  Excel sheet in which different  emotion classes and their pixels were available (Sambare, 2013). 
In this step, the images were defined at a   resolution of 32 x 32, and the .png format was used. In 
the second step, the dataset images were randomly split into training and testing ratios. In this 
article, we considered the 70:30 ratio. Seventy per cent of the dataset was considered for training 
the model, whereas testing was done on the remaining 30 per cent..  
In the third step, the CNN algorithm was initialised with one input image layer of size 32 x 32, three 
convolution layers of size (3,8), (3,16), and (3,32), two max pooling layers, a batch normalisation 
layer, and a ReLU layer. Finally, in this step, the fully connected layer was defined, and the softmax 
layer was used to classify the different emotions.  

In the fourth step, the BWO algorithm was initialised to find the learning parameter values 
(learning rate and momentum rate)  of the CNN algorithm. Therefore, in the search for the best 
values, the BWO parameters were defined as a population size of (2,2) and an iteration value of 50. 
However, defining the BWO parameters is a challenging task because it increases the designed 
method’s complexity in terms of time and memory space. Therefore, we  chose a small population 
size of 2 and iterated for a fixed number of 50 iterations to search the solution space of the 
parameters. Furthermore, another parameter, namely the objective function, was defined. We chose 
accuracy as the objective function due to its simplicity and interpretability. Finally, in this section, 
the performance indices are defined, which are analysed in the article to evaluate the performance 
of the designed method against previous studies. 
 

1. Confusion Matrix: N × N is the size of the square matrix that represents the confusion 
matrix, where N is the number of output categories. The matrix's rows reflect the number of 
occurrences of a predicted class, while the columns represent the number of instances of the true 
class. This shows how many correct and incorrect predictions a classifier produced for classification 
tasks, broken down by class (Sathyanarayanan, 2024; Shen et al., 2025) 

 

 
Figure 4. Confusion matrix 

 
Predictions come in two different forms: correct and incorrect (errors). 
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2. Accuracy: Accuracy may be defined as the percentage of accurate forecasts among all 
predictions or the frequency of accurate predictions.  

Accuracy = (TP + TN) / (TP + FP + TN + FN) ​ ​ (1) 
3. Precision: Precision is the percentage of accurately predicted favourable outcomes.  

Precision = TP / (TP + FP) ​ ​ ​ ​ ​ (2) 
 

This measure is helpful when there are more FPs than FNs. A high accuracy number 
indicates that the model produces reliable positive predictions and has a low false positive rate. On 
the other hand, a low precision score means that there are many false positives, meaning that the 
model predicts more inaccurate positives. 
 

4. Recall: This assesses the accuracy of the model's positive case prediction, that is,  the 
percentage of real positives that were properly predicted. It is  computed as  

Recall = TP / (TP + FN) ​ ​ ​ ​ ​ (3) 
Recall is especially useful for minimising Type II errors, or false negatives. A high recall 

number means that the model does not  make many false negatives, which means that it correctly 
identifies most favourable cases. In contrast, a low recall value means that there are more false 
rejections, which means that the model is missing positive cases.  
 

5. F-Score: Recall and precision are combined to get the F1-score, which is significant for 
models when both are equally significant. Both false positives and false negatives are taken into 
account in this harmonic mean of precision and recall. To calculate the harmonic mean, divide the 
number of values in a data series by the sum of their reciprocals. The arithmetic and geometric 
means are always greater than or equal to the harmonic mean. This is due to the fact that the 
harmonic mean gives greater weight to the smaller values in the data series. The harmonic mean is 
maximised when recall and precision are equal. On the other hand, the harmonic mean becomes 
closer to the  lower number when the two metrics are dissimilar. When accuracy equals recall, the 
F1-score reaches its peak. It balances the mistakes of Type I and Type II. When the F1-score is 
used, the model is not easy to understand because it is not clear whether the predictor tries to 
increase precision or recall. The F1-score works well for classification models with a high number 
of TN and identical effects associated with FP and FN. The F1-score is calculated using the 
following equation: 

F1-score = (2 * precision * recall) / (precision + recall)​ ​  (4) 
 

6. Convergence Rate Graph: In this article, this graph is drawn to evaluate the metaheuristic 
BWO algorithm. This graph is drawn between the fitness function and the  iteration number, and it 
shows how many iterations are required to achieve the desired objective function. 
 

5.2. Simulation Results  
Figure 5 shows the confusion matrix evaluated for the proposed emotion recognition method 

under CNN parameter optimisation. In this paper, we recognised the different emotions. Therefore, 
a multi-class confusion matrix was constructed for the proposed method. The diagonal components 
of the matrix represent the correctly recognised emotions done by the proposed method. Based on 
this matrix, accuracy, precision, recall, and F1-score are determined in Table 1.   
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Figure 5. Confusion Matrix for the Proposed ER Method  

 
Table 1 Performance Indices for the Proposed ER Method 

Emotion Class Accuracy Recall Precision F1-Score 
1 0.99284 0.97765 0.96898 0.97329 
2 0.99642          1       0.8125      0.89655 
3 0.99324      0.97768      0.97497      0.97632 
4 0.99403      0.98309      0.99268      0.98786 
5 0.99423      0.98282      0.98394      0.98338 
6 0.99483      0.97938      0.97603       0.9777 
7 0.99184      0.96756      0.98467      0.97604 

Average 0.99392 0.98117 0.95625 0.96731 
 

The result indicates that the accuracy value varies from 0.99184 to 0.99642. This reflects 
that the proposed method effectively recognises the different emotions for the taken dataset, as 
shown in Figure 6. 
 

 
Figure 6. Accuracy Analysis for Different Classes of Emotions 
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Furthermore, the recall value is from 0.96756 to 1 and the precision value is from 0.81250 to 
0.99268 for different classes of emotion. The higher value of recall and precision reflects that the 
correct estimation value is higher than the negative estimation of the recognition, as shown in 
Figure 7-8. 

 
Figure 7 Precision Analysis for Different Classes of Emotions 

 
Figure 8. Recall Analysis for Different Classes of Emotions 

 
Finally, the F1-score value varies from 0.89655 to 0.98786 for the proposed ER method. 

This reflects that there is a balance between recall and precision values. Furthermore,  higher 
F1-score values indicate that the proposed method effectively minimises both false-positive and 
false-negative emotion classifications. 

 
Figure 9. F-Score Analysis for Different Classes of Emotions 
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Figure 10. Evaluation of the BWO Algorithm based on the Convergence Rate                                        

(Fitness Function Vs. Iteration) 
 

Figure 10 presents the evaluation of the BWO algorithm based on the convergence-rate 
graph. This graph is plotted between the fitness function and the iteration number. In this work, the 
primary goal is to maximise accuracy, which serves as the fitness function. The results indicate that 
the BWO algorithm achieves its maximum accuracy at the 50th iteration, owing to the removal of 
inappropriate solutions while exploring the solution space of the CNN learning parameters. 
 

5.3. Comparative Analysis 
This section presents a comparative analysis with previous studies using the same dataset 

and configuration. In the proposed emotion recognition method, the key emphasis is  placed on 
hyper-tuning the parameters of the CNN algorithm using the metaheuristic BWO algorithm. Table 2 
shows the comparative analysis with the previous studies based on the accuracy parameter. The 
table  shows that the NB algorithm achieves the lowest accuracy value of 72.50% and the highest 
value of 99.39% by the proposed method. On the other hand, the other algorithms achieve 80.00% 
with the RNN algorithm, 82.40% by RNN-LSTM, and 82.80% by the SVM algorithm. 

 
Table 2. Comparative Analysis with the Previous Studies 

Methods NB RNN RNN-LSTM SVM Proposed Method 
Accuracy 72.50%  80.00%  82.40%  82.80% 99.39% 

 

 
 

Figure 11. Comparative Analysis with Previous Studies based on Accuracy Parameter 
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Figure 11 indicates that the presented method (BWO-CNN) achieves the highest accuracy of 
99.39% compared with  the previous approaches, owing  to the hyper-tuning of the learning 
parameters of the CNN algorithm for different emotion recognition.  
 

6. Conclusion and Future Scope 
In this article, we designed an ER method to classify multiple emotions using the CNN 

algorithm. Furthermore, the primary focus lies in hyper-tuning the learning parameters of the CNN 
algorithm. To accomplish this objective, the metaheuristic BWO algorithm is employed, and 
accuracy is taken as the objective function. The benefit of the BWO algorithm is that due to the 
cannibalism step, the inappropriate solutions are eliminated while searching for the optimal 
parameter values, and its performance is validated using the convergence-rate graph. Next, the 
simulation results indicate that the presented method effectively classifies the  emotions and 
achieves an average accuracy  of 0.99392, an average recall  of 0.98117, an average precision  of 
0.95625, and an F1-score  of 0.96731. The limitation of the designed ER method is that it is 
evaluated for a specified dataset (FER2013), and the same dataset is used for training and testing 
purposes. Therefore, in the future, to evaluate the robustness and generalisation, the proposed ER 
method will be evaluated by combining the different datasets. The other limitation of the designed 
method is that the dataset is unbalanced. Therefore, in the future, we will balance it using  SMOTE 
and data augmentation techniques. In addition, we will optimise the layers of the CNN algorithm to 
design a lightweight CNN algorithm for the presented method.  
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Appendix 
Evaluation of the proposed method without optimisation of the parameters of the CNN 
algorithm 
 
Table A1 shows the accuracy value of the proposed method without optimised CNN parameters. 
The result indicates that the proposed method accomplishes the lowest accuracy value of 
0.33148 for emotion type 4 and the highest accuracy value of 0.98448 for emotion type 2. 
 

Table A1. Accuracy of the Proposed ER Method 
N-Classes Accuracy 

1 0.8661 
2 0.98448 
3 0.85734 
4 0.33148 
5 0.74075 
6 0.8842 
7 0.82829 

 

39 


