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[bookmark: _GoBack]Abstract: Cyberbullying has become serious social issue with the rapid growth of social media platforms. Many current approaches rely on heavyweight pretrained networks and complex hybrid architectures, resulting in increased memory usage, long training times, and limited suitability for real-time applications. To overcome these challenges, this paper presents a lightweight and efficient hybrid DL framework for multi-class image-based cyberbullying classification, named GGTNET. Initially, an improved median bilateral filter is applied to the input images to effectively remove noise. Then, data augmentation techniques like horizontal flipping as well as random rotation can be utilized. For feature extraction, Residual GhostNet integrated with enhanced coordinate attention (RGNC) is utilized as a lightweight backbone to capture discriminative spatial features. Parallel analysis of the collected features is performed using a Gated Recurrent Unit (GRU) and a modified Transformer architecture. A softmax classifier receives the concatenated outputs of both models for multi-class cyberbullying categorization. Additionally, the proposed network's hyperparameters are adjusted using enhanced hippopotamus optimization algorithm. The experimental analysis demonstrates achieves superior performance such as an accuracy of 99.10%. 
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I. INTRODUCTION 
Cyberbullying refers to the act of harassing or intimidating individuals or groups through the internet or electronic devices by sharing textual or multimedia content [1]. In 2018, cyberbullying was reported by 37% of users in India, 26% in the United States, 26% in South Africa, and 20% in Turkey [2]. However, most detection studies rely on English datasets, with limited focus on native languages such as Bangla, Arabic, and Urdu [3]. Existing approaches commonly use deep learning models such as CNN, LSTM, Bi-LSTM, GRU, and Bi-GRU [4]. Cyberbullying can cause serious psychological issues, including anxiety, depression, stress, and social difficulties, which may lead to suicidal behavior, emphasizing the need for effective detection systems [5, 6]. Several machine learning techniques, including LightGBM, XGBoost, Logistic Regression, Random Forest, and AdaBoost, have been applied for detection [7].  Those models possess high memory, struggle with large datasets, suffer from overfitting, and often rely on binary classification [8]. Additionally, some approaches are restricted to specific data types, platforms, or languages, such as tweet-based, image-limited, or Bengali-only cyberbullying detection methods [9-10]. 
A. Motivation & Contributions  
The majority of existing techniques are not appropriate for real-time deployment due to their high computational complexity, substantial pre-processing, and low scalability. Additionally, many models rely on heavyweight pretrained networks that increase memory and training overhead. There is also a lack of effective multi-class image-based cyberbullying frameworks that can capture both spatial and contextual information efficiently. The objective of this work is to develop a hybrid deep learning system that is accurate, lightweight, and optimized for multi-class cyberbullying image categorization. The objectives of the proposed approach are,
· To develop Residual GhostNet enhanced coordinate attention for feature extraction, which extracts discriminative spatial representations from the augmented image. 
· To present a lightweight GhostNet enhanced hybrid GRU integrated modified transformer for cyberbullying classification. 
· To optimize model hyperparameters utilizing the improved hippopotamus optimization algorithm for enhanced performance.
· To evaluate the effectiveness of the proposed approach utilizing the multi bully dataset which compares against several existing approaches. 
The remainder of this research is structured as follows: Section 2 consists of literature study. In Section 3, a proposed methodology is presented. Results are discussed in Section 4 and Section 5 concludes the research with future work.
II. RELATED WORK 
Daraghmi et al. [11] suggested a hybrid CNN, Bi-LSTM, and GRU architecture to extract semantic and contextual features. The experimental analysis showed improved performance with an accuracy of 98.83%. However, the hybrid structure increased model complexity and required extensive pre-processing and training time. Chen et al. [12] projected XLNet and deep Bi-LSTM to detect cyberbullying in the Chinese language. The suggested model provide precision of 91%. The model however was challenged by factors like the complexity of computation. 
Almomani et al. [13] suggested pretrained CNN models were used to extract features and the ML classifiersto classify them. The hybrid model performed 82% accuracy. The method was highly pre-processed and had difficulty with multimodal complex inputs. Perera et al. [14] created a supervised SVM and Logistic Regression were found to outperform up to 95.7% accuracy but less effective with different language. Jamjoom et al. [15] suggested a RoBERTa Transformer-based system of cyberbullying detection where determined that RoBERTaNET reached 95% accuracy. 
A. Problem statement 
Detection of cyberbullying in social media is hugely challenging because of the limits of available approaches. Most deep learning and hybrid models are highly accurate but with high computational complexity and costly training, which is not efficient in real-time usage [11, 12]. Most of the methods are based on pre-processing at large scales and complicated model networks, which makes the systems heavier [13]. Multimodal and image-based detection of cyberbullying faces the challenge of complex input and scalability problems [13]. Conventional machine learning systems have lower performance with the change in language use, slang, and online behavior, which need regular retraining [14]. Additionally, transformer-based models have good performance but are characterized by excessive computation cost and low cross-platform generalization because they are evaluated on limited datasets [15].
III. PROPOSED METHODOLOGY 
This paper proposes a hybrid DL based multi-class cyberbullying classification on images. Initially, the input image is pre-processed using an improved median bilateral filter. Following pre-processing, a variety of data augmentation techniques, including random rotation as well as horizontal flipping are applied. Then the augmented image is processed using a GGTNET approach for multiclass cyberbullying classification. A better IHOA), balancing between exploration and exploitation, is then employed in refining the hyperparameters of the GGTNET. Figure 1 depicts the structural arrangement of the suggested method.  
[image: ]
Figure 1: Structural design of the proposed approach
A. Dataset Description
The proposed approach is evaluated using the publicly available Multi-Bully dataset, obtained from Kaggle which contains 1,594 labeled social media images. The dataset is annotated into four classes, enabling multi-class cyberbullying classification such as non-bullying, defamatory, offensive, and aggressive. The class-wise distribution of the dataset includes approximately 400 non-bullying images, 394 defamatory images, 400 offensive images, and 400 aggressive images [23]. For this work, the images are only taken from this dataset. The input images of each class are demonstrated in Table 1.
Table 1: Input images of each class in the dataset
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B. Data pre-processing using an improved median bilateral filter
Initially, the input image is pre-processed using an improved median bilateral filter. This mitigates the additive noise from the images and preserves the essential information from the image [16]. The median filter, which replaces each pixel with the median value of its surrounding neighboring pixels, is used to maintain the image's key characteristics. This can be represented as,

               (1)


Here  signifies the original image and  denotes the filtered image. This filter removes the noise from the image while also preserving high frequency spatial details. Then the bilateral filter is utilized which is one of the non-linear filters. This filter smoothes the image while maintaining edges by combining nearby pixel values in a nonlinear way to reduce additive noise. This filter can be denoted as, 

                  (2)


Where  and  indicates the amount of the filter. The normalization factor can be denoted as,

               (3)


This is the normalized weighted average. Here indicates spatial Gaussian weighting which reduces the influence of distant pixels and  denotes range Gaussian which mitigates the influence of pixels. This filter preserves the edges and noise is reduced. 
C. Data augmentation 
After performing pre-processing, the augmentation is performed using random rotation and horizontal flipping [17]. Rotation includes turning the image by a particular angle, such as 90º, 180º and 270º, which increases data diversity and improves the accuracy in object detection. This approach creates a new image by rotating the original image at a specific angle. The rotation can be calculated by using the pixel coordinates.  Flipping is one of the data augmentation techniques that forms a mirrored version of the original image to increase the training dataset and enhance the generalization. There are two types of flipping approaches, such as the horizontal flipping approach and the vertical flipping approach. In the horizontal flipping approach, each row of pixels is reversed which forms a mirrored image along the vertical axis. In the vertical flipping approach, each column of pixels is reversed which forms a mirrored image along the horizontal axis. 
D. Classification using GGTNET 
Then the augmented images are processed using a lightweight GhostNet enhanced hybrid GRU integrated modified transformer. Figure 2 shows the GGTNET's structural layout. 
[image: ]
Figure 2:  Structural design of the GGTNET
In this GGTNET approach, the RGNC is employed as a lightweight feature extraction backbone that extracts discriminative spatial representations from the augmented image. The structural design of the RGNC is demonstrated in Figure 3. 


Figure 3: Structural design of the RGNC



GhostNet is one of the convolutional neural networks that contains the Ghost module [18]. This module generates eigen feature graphs and ghost feature graphs using low cost linear transmissions. Initially, the augmented image is considered as the input data, which can be represented as, where and  indicate height as well as width of data, Then the augmented images are processed by the residual block, which can be defined as,

              (9)


Here  is a mapping that is learned by the stacked convolutional layers as well as  signifies a mapping that is learned by the shortcut connection. Then the convolutional kernels are employed to generate Eigen map features, which can be denoted as,

              (10) 


Here  represents input data and indicates a convolution kernel. The coordinate attention can be categorized into coordinate information embedding as well as coordinate attention generation [25]. Then the output of the coordinate can be signified as,

               (11)
 The combination of residual GhostNet and enhanced coordinate attention extracts strong and meaningful features with very low computation cost. It helps the model focus on important regions, which makes the feature extraction more efficient. Then the features from RGNC are processed using a hybrid GRU integrated modified transformer. Here, the extracted features are processed by both GRU [19] and modified transformer in parallelly. The GRU contains update gate as well as the reset gate are two gating methods that are carried out by the GRU. This can be mathematically defined as,

               (13)

                (14)





Here  represents the update gate,  indicates the weight matrix for the update gate,  denotes input and  contains values for the previous units.  The reset gate is expressed as,   represents the reset gate. In the modified transformer approach, the relative position embedding is applied to compute the relative distance between the input token and into vectors. Figure 5 shows the transformer's structural design. 
[image: ]
Figure 5: Structural design of the transformer
The relative position embedding can be represented as,

              (15)

Where  denotes a trainable vector as a cluster that contains relative positional weight. The cluster includes multiple patches that share relative-position embeddings. Then the features are processed in the encoder block of the transformer. The masked scaled dot production can be computed as, 

               (16)
This mechanism is used to tackle the overfitting problem and also enables the model to concentrate on various positions and provides multiple representations of sub-spaces for the attention layer. Then the progressive attention creates attentive features and layer wise attentions by utilizing channel wise attention and spatial attention [20]. Channel-specific attention is given to features that may be denoted as,

              (19)


Where  and represents features from the channel wise attention. Based on channel wise attention, the spatial attention can be represented as,

              (20)


Here  represents channel-wise hadamard matrix product operation and indicates features from spatial attention. Then the layer normalization is applied to each sample, which can be computed as,

              (21)


Where and defines the mean as well as standard deviation of the input feature. Then all scale features are combined which are passed to the normalization. Then the features are passed to the feed forward networks, where each position is independently processed. This network is used to learn the complex representations of the input features, which can be defined as,

               (22)
Then the layer normalization is applied to the features. This layer is used to reduce the vanishing gradient issues. This can be represented as,

              (23)
Then the features from GRU and the modified transformer are concatenated, where GRU captures temporal dependencies while the transformer model captures global contextual relationships through self-attention. Then combined features are passed to the dense layer, which is fed into the softmax classifier. Finally, the softmax classifier classifies the image as non-bullying (class 0), defamatory (class 1), offensive (class 2), or aggressive (class 3).  
E. Optimization using improved hippopotamus optimization algorithm (IHOA)  
Then the hyperparameters of the GGTNET are fine-tuned using IHOA which balances exploration and exploitation. The Hippopotamus Optimization (HO) indicates the survival behaviour of hippopotamuses to solve complex optimization problems [21]. In this algorithm, each hippopotamus represents a candidate solution that updates solutions using three biologically inspired phases. In this improved algorithm, the sine chaos is employed to initialize the population of candidate solutions, which increases the diversity as well as coverage of the search space. This can be computed as,

              (24)

Where  represents the current chaotic value. In phase 1, the hippopotamuses move together in rivers or ponds and follow a dominant male. In HO, the best solutions act as the dominant hippopotamus and other solutions move toward it with randomness to explore the search space. This can be represented as, 

              (25)




Here  represents the new position of hippopotamuses,  indicates the current position of hippopotamuses,  denotes the best hippopotamus and is a random parameter. In phase 2, hippopotamuses face the threat and perform sudden defensive movements during predators approach. In HO, this behaviour introduces large and immediate position changes using random and Levy based movements to escape local optima. This can be represented as,

               (26) 



Where  represents the Levy flight random vector,  indicates simulated predator position and  is the distance between hippopotamus and predator. This approach avoids local optima and increases population diversity. If defense fails, hippopotamuses escape to nearby water bodies. This behaviour is modeled as a local search around the current solution, improving precision and convergence. This can be represented as, 

                (27)




Here and  are the local search bounds,  indicates a random number and  is the parameter. This improved hippopotamus algorithm efficiently balances exploration and exploitation using three biologically inspired phases.  
IV. RESULTS AND DISCUSSION
A Python program is used to implement the suggested system. The experiments were conducted on a system with an Intel(R) Core(TM) i7-6700 CPU running at 3.40 GHz. The machine was equipped with 32 GB of installed RAM. A 64-bit operating system with an x64-based processor architecture was used. The efficiency of the proposed approach is measured using performance metrics such as accuracy, precision, recall, precision and specificity [22]. 
A. Performance evaluation 
The suggested method's performance is contrasted with a number of current methods, including LSTM+CNN, GRU+ViT, BERT+ResNet, and DistilBERT+CNN [30]. Metrics like accuracy, precision, recall, F1-Score, as well as specificity are utilized to analyze the efficacy of the suggested method. Figure 6 shows the accuracy performance.
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Figure 6: Accuracy and Precision analysis of the proposed approach across several existing approaches 
This graph illustrates the level of accuracy performance on a multi bully dataset. The LSTM+CNN and GRU+ViT recorded the lowest values of accuracy at approximately 72.90% and 74.80%. The BERT + Resnet method has an accuracy value of about 95.90 and then, the value of the DistilBERT + CNN is at 98.60. The given method has the best accuracy values of 99.10% that reflects the improved performance. The highest precision of the proposed method is 99.30, and it can be seen that it is more effective at reducing false positive predictions. DistilBERT+CNN model shows a precision of 98.60, followed by a 95.90 of BERT+ResNet. By contrast, GRU+ViT and LSTM+CNN have relatively low values of precision at 65.50% and 68.50, respectively. Figure 7 shows the performance of the recall.  
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(a) Recall
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Figure 7: Recall and F1-Score analysis of the proposed approach across several existing approaches
The recall performance of the different models is analyzed. The highest recall of 99.50 has been noted with the proposed method and this demonstrates the high capacity to retrieve the relevant features with minimal false negatives. The DistilBERT+CNN model attains a recall of 98.60 and this is then eliminated by BERT+ResNet with a recall of 95.90. GRU + ViT and LSTM + CNN have a lower recall value of 74.80% and 73.40%, respectively. The proposed approach has the highest F1-score of 99.20, which indicates a good and balanced ability to classify. DistilBERT+CNN comes next with an F1-score of 98.60, and BERT+ResNet has 95.90. The GRU+ViT model and LSTM+CNN model have lower F1-scores of 68.40% and 68.50 respectively. Specificity performance is represented in Figure 8.
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Figure 8: Specificity analysis of the proposed approach across several existing approaches
The specificity analysis of different models is introduced, and the greater the specificity, the more negative samples are identified. The maximum specificity of the proposed method is 99.60 which illustrates that the method is quite capable of rejecting negative cases correctly. The DistilBERT+CNN approach has a specificity of 96.80, whereas the BERT+ResNet has 85.90. Comparatively, GRU+ ViT and LSTM+ CNN also have lower specificity scores of 75.50 and 73.50, respectively. Figure 9 provides the confusion matrix.
The confusion matrix represents the performance in detail of the proposed model in the form of four classes which include non-bullying, defamatory, offensive, and aggressive. The maximum number of correctly identified samples is found in the diagonal, where the values are 390, 397, 395 and 395, respectively. There are a few misclassifications that are found in all categories, which means that there is a high ability of inter-class discrimination. The small off-diagonal values affirm the consistency and dependability of the suggested strategy in the task of multi-class classification.
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Figure 9: Confusion matrix of the proposed approach
B. Discussion 
The existing hybrid deep learning models were good but constrained by the growing complexity of the models, significant pre-processing, and time-consuming training processes [11, 12]. To address these drawbacks, the given solution will utilize a lightweight RGNC backbone that derives discriminative spatial features at the cost of a low computational load. Traditional image-based cyber bullying detection algorithms using deep trained CNNs and traditional machine learning classifiers find it difficult to scale and detect complex visual patterns because of the high scalability requirements of pre-processing algorithms [13,14]. The proposed framework mitigates this problem by incorporating effective noise removal, data augmentation and feature extraction. Transformer-based models have the ability to learn well in contextual aspects, but with high computational cost and small practical deployment capability [15]. In order to counter this weakness, the suggested approach incorporates a hybrid GRU-Transformer architecture that enables both temporal and contextual relationships at the global level with a lower complex. Moreover, existing methods are often based on fixed hyperparameters, which leads to their poor performance on multiple datasets. The suggested framework addresses this issue by adding an IHOA to adaptive hyperparameter tuning for balanced exploration and exploitation. 
V. CONCLUSION
In this paper, a proposed hybrid deep learning based multi-class image-based cyberbullying classification is proposed. In pre-processing most of the noise were removed efficiently which is mainly used in the feature extraction phase carried out RGNC which is used as a lightweight feature extraction backbone on this GGTNET approach. This model extract spatial representations of the augmented image that are discriminative. After that, the extracted features handled via GRU and Transformer, in which the GRU considers the temporal relationships, whereas the model of transformers takes into account the global contextual associations through self-attention. Moreover, the IHOA balances exploration and exploitation that increase the convergence. The proposed framework has an excellent performance including an accuracy of 99.10, precision of 99.30 and recall of 99.50, F1-score of 99.20 and specificity of 99.60. In the future, the proposed framework can be extended with Explainable AI (XAI) techniques such as Grad-CAM and SHAP to improve model transparency by highlighting visual regions responsible for cyberbullying predictions.    
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