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ABSTRACT 

Intelligent video content filtering systems are 

important for ensuring safe and appropriate content 

across digital platforms such as social media, online 

streaming services, educational websites, and 

mobile applications. Traditional content moderation 

systems rely on human reviewers to continuously 

monitor large volumes of video data, which can lead 

to fatigue, inconsistency, and missed detection of 

inappropriate or harmful content. As a result, 

sensitive material such as violence, explicit scenes, 

or unsafe activities may not be identified in time. 

To address this problem, this project proposes an 

Intelligent Video Content Filtering System using 

Artificial Intelligence and deep learning models 

such as CNN and YOLO (You Only Look Once). 

The system processes video streams and analyze 

frames in real time to detect inappropriate content 

such as violence, explicit visuals, or harmful 

activities. Detected elements are highlighted with 

bounding boxes and classified based on predefined 

categories, making it easier to identify and filter 

unsafe content. 
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1. INTRODUCTION 

 

Video content has become one of the most 

widely used forms of communication and 

entertainment in modern digital platforms such as 

social media, online streaming services, educational 

websites, and mobile applications. With the rapid 

increase in user-generated content, there is a 

growing concern about the presence of 

inappropriate, harmful, or sensitive material such as 

violence, explicit scenes, and misleading 

information. Ensuring safe and appropriate content 

consumption has become a major challenge, 

especially for children and general audiences. 

Therefore, the need for efficient and intelligent 

video content filtering systems has become 

increasingly important [1]. Content filtering helps 

platforms regulate uploaded videos, protect users 

from harmful exposure, and maintain a secure digital 

environment. 

Traditional content filtering systems 

mainly rely on manual moderation, where human 

reviewers watch and analyze video content to 

determine whether it is appropriate [2]. This process 

is time-consuming, labor-intensive, and difficult to 

scale due to the enormous volume of videos 

uploaded daily. Human moderators may experience 

fatigue, reduced attention, and psychological stress, 

which can lead to inconsistent decisions and missed 

detection of inappropriate content. In many cases, 

traditional systems depend only on metadata or user 

reports rather than actual video analysis, making it 

difficult to accurately identify harmful content in 

real time [3]. As the amount of video data continues 

to grow, manual monitoring becomes inefficient and 

impractical. 

Recent advancements in Artificial 

Intelligence and Computer Vision provide an 

effective solution to these challenges [4]. Deep 

learning models such as Convolutional Neural 

Networks (CNN) and object detection algorithms 

like YOLO (You Only Look Once) enable 

automated analysis of video content by detecting 

and classifying objects and actions in real time. 

These models process video frames efficiently and 

identify elements such as violence, explicit content, 

or unsafe activities with high accuracy. By 

integrating AI into video content filtering systems, it 

becomes possible to automatically monitor, classify, 

and filter inappropriate content while generating 

alerts or applying restrictions when necessary. This 

approach reduces dependency on manual 

moderation, improves detection speed, and enhances 

the overall efficiency and reliability of intelligent 

video content filtering systems. 

 

2. LITERATURE SURVEY 

Intelligent video content filtering systems have 

gained significant attention in recent years due to the 

rapid growth of digital platforms and the increasing 

http://www.ijseat.com/


  

International Journal of Science Engineering and 
Advance Technology, IJSEAT, Vol. 14, Issue 2, S1  

ISSN 2321-6905 
2026 

 

www.ijseat.com                 Page 0256 
 
  
  
 

need to ensure safe and appropriate content for 

users. Platforms such as social media, online 

streaming services, and educational websites host 

massive amounts of video data, making it difficult to 

manually monitor and regulate content. Traditional 

content moderation systems rely heavily on human 

reviewers, which is time-consuming, inefficient, and 

prone to errors due to fatigue and subjective 

judgment. To overcome these limitations, 

researchers have explored various machine learning 

and deep learning techniques to automate video 

content analysis and detect inappropriate or harmful 

content in real time [5-8]. Machine learning methods 

are particularly useful as they can process large 

volumes of video data and identify complex patterns 

related to visual content and user behavior. 

Several research studies have investigated the 

use of machine learning algorithms for video content 

classification and filtering [9]. Algorithms such as 

Support Vector Machines (SVM), Decision Trees, 

and Random Forest have been widely used to 

classify video frames based on extracted features 

such as color distribution, texture, and motion 

patterns [10-11]. These models can identify 

inappropriate content by analyzing visual 

characteristics and detecting anomalies in video 

data. Experimental results from these studies 

indicate that ensemble methods like Random Forest 

often provide higher accuracy and better 

generalization compared to individual classifiers 

[12]. Researchers also highlight the importance of 

proper data preprocessing and feature extraction 

techniques to enhance model performance and 

reliability in content filtering systems. 

Artificial intelligence techniques have also been 

extensively applied in video content moderation 

applications. Studies have explored models such as 

K-Nearest Neighbors (KNN), Naive Bayes, 

Decision Trees, and Random Forest for detecting 

sensitive content such as violence, nudity, and 

harmful activities [13]. These models analyze 

parameters such as object presence, motion 

behavior, and scene context to classify videos into 

appropriate categories [14]. Research findings 

suggest that Random Forest and ensemble-based 

approaches generally achieve better detection 

accuracy due to their ability to handle complex and 

high-dimensional data. Such intelligent filtering 

systems help improve user safety by automatically 

identifying inappropriate content and restricting 

access when necessary [15]. 

Recent research has focused on deep learning 

approaches for analyzing video data more 

effectively [16]. Models such as Convolutional 

Neural Networks (CNN) and Long Short-Term 

Memory (LSTM) networks are capable of 

automatically extracting meaningful features from 

video frames and understanding temporal patterns 

across sequences. CNN models are highly effective 

in image-based classification tasks, while LSTM 

networks help in recognizing actions and activities 

over time [17]. These deep learning techniques have 

been shown to outperform traditional machine 

learning methods in tasks such as content 

classification, activity recognition, and anomaly 

detection [18]. They are also capable of handling 

large-scale video datasets generated by modern 

digital platforms [19]. 

Another important advancement in video content 

filtering systems is the use of object detection 

algorithms such as YOLO (You Only Look Once). 

YOLO is widely used for real-time detection of 

objects within video frames and can identify 

multiple elements such as weapons, explicit objects, 

or unsafe activities simultaneously [20]. Compared 

to traditional object detection techniques, YOLO 

offers faster processing speed and high accuracy, 

making it suitable for real-time content moderation 

systems [21]. Its efficiency enables platforms to 

analyze live video streams and take immediate 

action when inappropriate content is detected [22]. 

Recent studies have also explored the integration 

of cloud computing and Internet of Things (IoT) 

technologies with AI-based filtering systems [23]. In 

these systems, video data is collected from various 

sources and processed using cloud-based machine 

learning models. This approach allows scalable and 

efficient processing of large volumes of video data 

[24]. IoT-enabled devices such as smart cameras can 

also perform edge-level filtering, reducing latency 

and improving real-time performance. This 

integration enhances the overall efficiency and 

responsiveness of intelligent video content filtering 

systems. 

Researchers have also proposed hybrid 

frameworks that combine multiple machine learning 

and deep learning techniques to improve filtering 

accuracy [25]. These frameworks typically involve 

stages such as video data collection, preprocessing, 

feature extraction, object detection, content 

classification, and filtering actions. Ensemble 

learning and hybrid models help reduce false 

positives and improve system reliability. By 

combining different approaches, these systems 

achieve better performance in detecting complex 

and sensitive content [26]. 

Despite the progress in AI-based video content 

filtering, several challenges still exist. Processing 
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large-scale video data requires high computational 

resources, and deep learning models often require 

extensive training datasets and parameter tuning 

[27]. Additionally, detecting context-based 

inappropriate content, such as subtle violence or 

implicit scenes, remains a difficult task. Variations 

in lighting, video quality, and background 

complexity can also affect detection accuracy [28]. 

These challenges highlight the need for more 

advanced and efficient filtering techniques. 

These limitations emphasize the need for an 

intelligent and scalable video content filtering 

system that can process video data efficiently and 

accurately. The proposed Intelligent Video Content 

Filtering System using Artificial Intelligence aims to 

address these challenges by integrating deep 

learning models such as CNN and YOLO for real-

time content detection, classification, and filtering. 

The system enhances moderation efficiency, reduces 

manual effort, and ensures safer digital content 

consumption. 

 

3.PROPOSED SYSTEM 

The proposed Intelligent Video Content Filtering 

System uses artificial intelligence and computer 

vision techniques to analyze video content and filter 

inappropriate or sensitive material in real time. The 

system is designed to automatically process video 

streams from various sources and identify harmful 

content such as violence, explicit scenes, or unsafe 

activities without human intervention. By using 

advanced deep learning models, the system 

improves the efficiency of content moderation and 

reduces the workload of manual review. 

The methodology consists of several stages 

including video data collection, data preprocessing, 

content detection using AI models, content 

classification, filtering and action, and system 

evaluation. Each stage performs a specific task that 

contributes to the overall performance of the video 

content filtering system. 

3.1 Video Data Collection 

The first stage of the system involves collecting 

video data from various sources such as online 

platforms, streaming services, surveillance systems, 

or publicly available video datasets. These video 

streams act as the primary input for the filtering 

system. The collected videos may include different 

types of content such as entertainment videos, user-

generated content, or live streaming data where 

content moderation is required. 

The continuous video stream is divided into 

multiple frames so that each frame can be analysed 

individually by the AI model. This frame-based 

processing allows the system to detect inappropriate 

content quickly and perform real-time filtering. 

3.2 Data Preprocessing 

In this stage, the extracted video frames are pre-

processed to improve the quality and consistency of 

the input data. Raw video frames may contain noise, 

lighting variations, motion blur, or irrelevant 

background information that can affect detection 

accuracy. 

Preprocessing operations include resizing frames 

to a fixed resolution, noise reduction, normalization 

of pixel values, and image enhancement. These steps 

ensure that the input data is suitable for deep 

learning models. Proper preprocessing improves 

detection accuracy and reduces computational 

complexity. And it helps to reduce the complex data 

structures, that are present in the video content. 

3.3 Content Detection using AI Models 

After preprocessing, the frames are passed to 

deep learning models such as Convolutional Neural 

Networks (CNN) and YOLO (You Only Look Once) 

for content detection. These models analyze each 

frame to detect objects, scenes, and activities present 

in the video. 

The system identifies elements such as weapons, 

explicit content, violent actions, or other sensitive 

materials. It generates bounding boxes around 

detected objects and assigns labels along with 

confidence scores. YOLO is particularly useful for 

real-time detection due to its fast-processing speed 

and high accuracy. 

3.4 Content Classification 

Once the content is detected, the system 

classifies it into different categories such as safe, 

sensitive, or inappropriate. Classification is 

performed using trained deep learning models based 

on predefined rules and datasets. 

By analyzing detected objects and scene context, 

the system determines whether the content violates 

platform guidelines. This classification step plays a 

key role in deciding the filtering action. 

3.5 Content Filtering and Action 

When the system identifies inappropriate or 

sensitive content, it automatically performs filtering 

actions. These actions may include blurring specific 

regions, muting audio, blocking the video, or 

restricting access to certain users. 

The system can also generate alerts or 

notifications to administrators when harmful content 

is detected. This automated filtering mechanism 

ensures that users are protected from exposure to 

unsafe material and helps maintain platform 

integrity. 
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3.6 System Evaluation 

The final stage evaluates the performance of the 

proposed video content filtering system to ensure its 

effectiveness and reliability. Several evaluation 

metrics are used to measure system performance. 

Common metrics include accuracy, precision, 

recall, F1-score, and processing speed. These 

metrics help determine how accurately the system 

detects and filters inappropriate content and how 

efficiently it processes video frames in real time. The 

evaluation results help identify system strengths and 

limitations and guide future improvements. 

 
 

4.ARCHITECTURE 

The proposed Intelligent Video Content 

Filtering System using Artificial Intelligence is 

designed with a modular architecture that integrates 

video acquisition, content detection, classification, 

filtering, and analytics components to provide 

efficient and real-time content moderation. The 

system processes video streams from online 

platforms, uploaded videos, or live feeds and applies 

deep learning models such as CNN and YOLO to 

detect and filter inappropriate content. 

The architecture consists of several 

interconnected modules including Data Acquisition, 

Content Detection, Classification, Filtering & 

Action, and Analytics & Reporting. Each module 

plays an important role in converting raw video data 

into meaningful insights and ensuring safe content 

delivery. 

4.1 Data Acquisition Module 

The Data Acquisition module is responsible for 

collecting video data from different sources such as 

uploaded videos, streaming platforms, or live video 

feeds. The system captures video frames and 

forwards them to the processing modules for 

analysis. 

This module ensures continuous and reliable 

input for the filtering system and supports both 

offline video processing and real-time content 

monitoring. 

4.2 Content Detection Module 

In this module, the captured video frames are 

analysed using deep learning models such as YOLO 

and Convolutional Neural Networks (CNN). These 

models detect objects, scenes, and activities present 

in the video frames. 

The system identifies elements such as weapons, 

explicit visuals, violent scenes, or other sensitive 

content. Bounding boxes are drawn around detected 

objects, and confidence scores are assigned to 

indicate detection accuracy. This enables quick 

identification of potentially harmful content in both 

recorded and live videos. 

4.3 Classification Module 

The Classification module processes the 

detected content and categorizes it into different 

classes such as safe, sensitive, or inappropriate. This 

classification is based on trained AI models and 

predefined content guidelines. 

4.4 Filtering and Action Module 

The Filtering and Action module takes necessary 

actions based on the classification results. If 

inappropriate content is detected, the system applies 

filtering techniques such as blurring specific 

regions, muting audio, blocking video playback, or 

restricting user access. 

4.5 Analytics and Reporting Module 

The Analytics and Reporting module evaluates 

the performance of the system and provides insights 

into content filtering results. It presents important 

information such as detection accuracy, precision, 

recall, and system efficiency. 
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5. RESULT 

Ensuring safe and appropriate content is an 

important aspect of modern digital platforms such as 

social media, streaming services, and online learning 

systems. Effective content filtering systems help 

platforms monitor uploaded videos and prevent the 

spread of harmful or inappropriate material. 

Traditional content moderation systems mainly 

depend on manual review by human moderators. 

This approach is time-consuming, requires 

continuous attention, and may lead to missed 

detection of inappropriate content due to fatigue or 

human error. Additionally, traditional systems 

cannot automatically analyze video data or provide 

real-time filtering and alerts when harmful content is 

present. 

The existing content moderation systems often 

rely on metadata, user reports, or manual review 

rather than intelligent video analysis. Moderators 

must manually watch large volumes of video content 

to identify inappropriate material, which becomes 

inefficient as the amount of data increases. These 

systems usually lack automated detection of 

sensitive content such as violence, explicit scenes, or 

unsafe activities, limiting their effectiveness in 

large-scale digital platforms. 

 
The proposed Intelligent Video Content Filtering 

System uses artificial intelligence and deep learning 

techniques such as CNN and YOLO to automatically 

analyze video content. The system detects sensitive 

elements such as violence, explicit visuals, or 

harmful activities in real time and classifies the 

content accordingly. By learning patterns from video 

data, the system can identify inappropriate content 

and apply filtering actions such as blurring, 

blocking, or alert generation. 

As the volume of online video content continues 

to grow, traditional moderation systems struggle to 

process large datasets efficiently. Manual review 

becomes slower and less effective, leading to delays 

in content regulation. In contrast, the proposed 

system automatically processes video frames and 

filters content in real time, reducing processing time 

and improving response speed. 

The performance of the system is evaluated 

based on factors such as detection accuracy, 

classification performance, processing speed, 

reliability, and real-time capability. Compared to 

traditional approaches, the AI-based system 

provides faster analysis, improved accuracy, and 

automated filtering of inappropriate content. 
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Overall, the proposed intelligent video 

content filtering system enhances content 

moderation by reducing human effort, improving 

detection accuracy, and enabling real-time analysis 

of video data. This approach makes the system more 

effective and suitable for modern applications such 

as social media platforms, online streaming services, 

and digital content management systems. 

 

6. CONCLUSION AND FUTURE SCOPE 

 

The Intelligent Video Content Filtering System 

using Artificial Intelligence provides an efficient 

approach to improving traditional content 

moderation methods used in digital platforms. 

Conventional content filtering systems mainly 

depend on human moderators to review video 

content continuously, which can lead to fatigue, 

delayed decisions, and missed detection of 

inappropriate material. By integrating deep learning 

models such as CNN and YOLO for real-time 

content analysis, the proposed system automatically 

identifies sensitive elements such as violence, 

explicit scenes, and harmful activities within video 

streams. This automation reduces the need for 

constant manual monitoring and helps platforms 

quickly regulate and manage video content 

effectively. 

The system demonstrates that AI models can 

process video frames efficiently and detect 

inappropriate content with good accuracy, making it 

suitable for real-time applications in platforms such 

as social media, online streaming services, and 

educational portals. The detection results can be 

displayed on a dashboard where flagged content is 

highlighted using bounding boxes and labels, 

improving moderation efficiency and decision-

making. In addition, the use of integrated deep 

learning models simplifies system design and 

deployment compared to traditional moderation 

systems that rely on multiple manual processes. 

However, some challenges still exist, such as 

difficulty in detecting context-based inappropriate 

content, variations in lighting and video quality, and 

handling complex scenes where sensitive content 

may be partially hidden. The system may also 

require higher computational resources when 

processing large-scale video data or multiple 

streams simultaneously. Future improvements can 

include the use of advanced models such as 

YOLOv5, YOLOv8, and transformer-based 

architectures for better accuracy and performance. 

Integration with cloud computing and edge devices 

can further enhance scalability and real-time 

processing capabilities. 

Overall, the proposed intelligent video content 

filtering system demonstrates that AI-based 

automation can significantly improve content 

moderation efficiency, reduce human effort, and 

ensure safer digital environments. This approach 

provides a strong foundation for developing 

advanced and scalable content filtering solutions in 

modern multimedia platforms. 
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