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Abstract—In the era of digital communication, the prolifer- 
ation of social media has facilitated the exchange of ideas but 
has also led to the rampant dissemination of offensive and toxic 
content. This paper aims to explore the advancements in machine 
learning (ML) and deep learning (DL) techniques specifically 
tailored for offensive text detection within social media posts. We 
begin by examining various ML models, including Logistic 
Regression, Support Vector Machines (SVM), and Random 
Forests, which have been effectively utilized for classifying toxic 
language. Additionally, we investigate deep learning approaches, 
such as BERT and its derivatives, which leverage contextual 
understanding for enhanced performance in identifying and miti- 
gating offensive content. Furthermore, we analyze text extraction 
models, including YOLO and SSD MobileNet V2, which facilitate 
the detection of text in images shared across social platforms. 

Through a comparative analysis of these technologies, we 
discuss their advantages, limitations, and practical applications in 
real-time detection systems. Our findings indicate that while 
traditional ML models provide a solid foundation for offensive 
text detection, the integration of deep learning methodologies 
significantly improves classification accuracy and contextual 
sensitivity. This paper highlights the importance of deploying 
these advanced techniques to foster safer online environments and 
mitigate the adverse effects of harmful communication on social 
media. 

Index Terms—Offensive Text Detection, Machine Learning 
(ML), Deep Learning (DL), Toxic Language Classification, BERT 
Model, Social Media Content Moderation, Support Vector Ma- 
chines (SVM), Text Extraction, YOLOv4, YOLOv5, Image-based 
Text Detection, CNN-LSTM, Natural Language Processing (NLP) 

 

I. INTRODUCTION 

The rise of social media platforms has transformed commu- 

nication, enabling users to share ideas and opinions globally. 

However, this freedom has also facilitated the dissemination of 

offensive and toxic content, such as hate speech and 

cyberbullying, which can have detrimental effects on indi- 

viduals and communities. Traditional methods for detecting 

such language often rely on rule-based systems that struggle to 

understand the nuances of human expression. To combat these 

challenges, researchers have increasingly turned to machine 

learning (ML) and deep learning (DL) techniques, which offer 

sophisticated approaches to identifying and classifying toxic 

language within social media posts[17]. 

II. OFFENSIVE TEXT DETECTION TECHNIQUES 

A. Machine Learning Approaches 

1) Logistic Regression: Logistic Regression is a simple, 

interpretable model that classifies text as toxic or non-toxic. 

It works by identifying word patterns that suggest offensive 

language. Despite its simplicity, it performs well on small 

datasets, making it useful for initial screening of text com- 

ments or small social media datasets. [8] 

2) Support Vector Machine (SVM): SVMs classify text 

based on word embeddings and feature vectors. They are ef- 

fective in toxic content detection by drawing clear boundaries 

between toxic and non-toxic content. SVMs are especially 

useful in high-dimensional spaces, such as when handling large 

vocabularies, though they require substantial memory. [5] 

3) Random Forest: Random Forest uses multiple decision 

trees to classify toxic text. It excels in handling noisy or 

imbalanced datasets, where offensive text may be underrep- 

resented. By averaging the predictions of multiple trees, it 

achieves robust classification, although it may require more 

computational resources than simpler models. [5] 

4) Naive Bayes: Na¨ıve Bayes is a probabilistic model that 

calculates the likelihood of a text being toxic based on word 

frequencies. Its fast training time and simplicity make it ideal 

for applications with limited computing power. However, it 

may struggle with more nuanced text, where words have varied 

meanings depending on context. [8] 

5) LDA + SVM: This hybrid model uses Latent Dirichlet 

Allocation (LDA) for topic modeling, combined with SVM for 

classification. It helps in identifying key topics within text 

data and then classifies the content as toxic or non-toxic 
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based on topic features, offering a comprehensive approach 

for understanding and categorizing offensive content. [5] 

 
 

 

B. Deep Learning Apporaches 

1) BERT: BERT is a transformer-based model that excels at 

understanding the context and semantics of a text, making it 

highly effective for detecting toxic content. By analyzing words 

in relation to the entire sentence, BERT can identify offensive 

language even when it is subtle or embedded in context. 

However, it demands high computational power. [6] 

2) BERTweet: Fine-tuned from BERT, BERTweet is opti- 

mized for detecting toxic content on Twitter and similar social 

media platforms. Its pretraining on social media data allows it 

to better capture the nuances of informal language and short- 

text conversations, making it highly accurate for offensive 

tweet detection. [5] 

3) CNN-LSTM: This model combines Convolutional Neu- 

ral Networks (CNN) for feature extraction and Long Short- 

Term Memory (LSTM) networks for sequence modeling. It is 

particularly useful for detecting toxic content in longer texts 

where both the structure and meaning of sentences must be 

considered. It captures both spatial and sequential aspects of the 

data. 

4) Transformers (BERT-based): BERT-based transformers 

are cutting-edge models for text classification. They can 

understand context, sarcasm, and implicit meanings, making 

them highly suited for detecting offensive or toxic language in 

complex, nuanced conversations. Their pre-trained language 

models provide an advantage in identifying toxicity across 

various domains. 

 

III. TEXT EXTRACTION TECHNIQUES FROM IMAGES 

A. Deep Learning Approaches 

1) YOLOv4: YOLOv4 is a fast, real-time object detection 

model. It is used for text extraction by detecting and localizing 

text in images with high accuracy. YOLOv4’s speed and 

efficiency make it suitable for tasks requiring rapid processing, 

such as document analysis or automated license plate recog- 

nition, though it demands significant computational resources. 

2) YOLOv5: YOLOv5 improves upon YOLOv4 by pro- 

viding a more lightweight and efficient framework for text 

extraction from images. It delivers faster processing times, 

which is ideal for mobile or edge devices, while maintaining a 

similar level of accuracy. YOLOv5 excels in extracting text 

from dynamic, real-world scenes like traffic signs or 

advertisements. 

3) SSD MobileNet V2: This model is designed for efficient 

real-time text extraction, particularly on mobile devices. SSD 

MobileNet V2 balances speed and accuracy, making it suitable 

for text detection in low-resource environments like handheld 

scanners or augmented reality applications. However, it may 

underperform compared to more complex models in challeng- 

ing image conditions. 

4) ResNet-50: ResNet-50, a convolutional neural network 

(CNN), is commonly used as a backbone for feature extraction 

in text recognition models. Its ability to process deep layers of 

images helps it accurately detect and recognize text in natural 

scenes, even when the text is distorted or partially obscured. 

5) Mask TextSpotter: Mask TextSpotter integrates both text 

detection and recognition, making it effective for extracting 

text from complex or arbitrary shapes. It is particularly useful 

in scenarios where the text is irregular or follows unique 

patterns, such as on product labels or natural environments. 

 

 

IV. RESULT 

The analysis of various machine learning (ML) and deep 

learning (DL) models for offensive text detection and text 

extraction reveals notable differences in performance. Deep 

learning models, particularly YOLOv4 and YOLOv5, achieved 

impressive accuracy rates of 96.7% and 96.8% for text extrac- 

tion tasks, indicating their effectiveness in real-time detection 
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scenarios. In toxic content detection, Support Vector Machines 

(SVM) and Logistic Regression demonstrated high accuracy 

rates of 92.48% and 92.1%, respectively, showcasing their re- 

liability in classifying offensive language. However, advanced 

deep learning approaches, especially BERT and BERTweet, 

outperformed traditional ML techniques with an accuracy of 

92.38%, emphasizing the importance of contextual understand- 

ing in accurately detecting toxic content on social media. These 

findings highlight the need for continued advancements in 

model development to address challenges such as data 

imbalance and evolving language, ultimately contributing to 

safer online environments by effectively mitigating toxic com- 

munication. 

 

 
Fig. 1. Accuracy of ML models for offensive text detection 

 

 

 

 

Fig. 2. Accuracy of DL models for offensive text detection 

 

 
 

Fig. 3. Accuracy of DL models for text extraction 

 

 

V. CHALLENGES AND FUTURE DIRECTIONS 

A. Challenges 

Detecting offensive text from social media posts presents 

several challenges. Key among these is the need for con- textual 

understanding, as traditional machine learning models often 

struggle to capture the nuances of language, leading to 

misclassifications. Data imbalance is another significant issue, 

where the disparity between toxic and non-toxic content can 

skew model training and affect reliability. The evolving nature 

of language, including new slang and informal expressions, 

necessitates continuous updates to models. Additionally, ad- 

versarial attacks can manipulate text to evade detection, requir- 

ing robust defense mechanisms. The integration of multimodal 

content, ethical considerations regarding bias and fairness, and 

the necessity for real-time processing further complicate 

detection efforts. Lastly, many deep learning models operate as 

”black boxes,” making interpretability a critical concern for 

understanding decision-making processes. Addressing these 

challenges is essential for developing effective and reliable 

offensive text detection systems. 

B. Future Research Opportunities 

Future research in offensive text detection from social media 

posts should focus on enhancing contextual understanding by 

developing hybrid models that integrate traditional machine 

learning techniques with advanced deep learning architectures, 

as suggested in paper [1]. Addressing data imbalance through 

methods such as data augmentation and synthetic data gen- 

eration could significantly improve model performance and 

fairness, aligning with findings from paper [2]. Additionally, 

exploring multimodal approaches that combine text and image 

analysis will be critical for creating robust detection systems, 

similar to the methodologies outlined in paper [4]. Investigat- 

ing the ethical implications of deploying automated detection 

systems is essential to ensure that they do not perpetuate bias 



International Journal on Emerging Research Areas (IJERA) 

DOI: 10.5281/zenodo.14651005 

ISSN:2230-9993 

IJERA,2024,Volume4,Issue2 50 

 
 

 

 
 

or unfairly target specific groups, as highlighted in paper [3]. 

Finally, enhancing model interpretability will be vital for gain- 

ing user trust and understanding decision-making processes, 

paving the way for more transparent offensive text detection 

systems. 

 

VI. CONCLUSION 

This paper has examined the efficacy of machine learning 

(ML) and deep learning (DL) techniques in detecting offensive 

text within social media posts. While traditional ML models, 

such as Logistic Regression, Support Vector Machines, and 

Random Forests provide a foundation for classifying toxic 

language, they often lack the nuanced understanding necessary 

for complex human communication. In contrast, advanced DL 

approaches like BERT demonstrate superior performance 

through their ability to capture contextual relationships and 

semantics. Furthermore, integrating image processing models 

such as YOLO and SSD MobileNet V2 enables real-time text 

extraction from diverse media formats, enhancing overall de- 

tection capabilities. As we advance, it is crucial to refine these 

technologies, ensuring they adapt to the evolving landscape of 

online discourse and address biases, ultimately fostering safer 

digital environments. 
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