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Exposure to content depicting smoking, alcohol consump-
tion, and other addictive behaviors on social media platforms
has been linked to an increase in youth engagement with
these substances. This trend is concerning, as early exposure
to such content can normalize substance use and lead to
initiation among impressionable youth. Therefore, automatic
censoring of such content is essential to ensure alignment
with community standards and legal regulations, protecting
users from exposure to inappropriate material. This research
introduces A-Censor, an advanced deep learning system de-
signed to automatically detect and censor smoking and alcohol
consumption in videos, addressing critical public health con-
cerns. The development process encompassed data collection,
model training, and evaluation. In the data collection phase,
a dataset of 3,000 images was assembled, comprising neutral,
alcohol consumption, and smoking instances. Feature extrac-
tion was performed using MobileNetV2, while classification
was conducted using algorithms such as Faster R-CNN, RNN,
Gradient Boost, and SVM. The optimal model, Faster R-CNN
with a MobileNet backbone, achieved a superior accuracy
of 93.53%, outperforming other models. Following detection
of smoking and alcohol consumption instances, a blurring
technique is applied to obscure harmful content while pre-
serving video quality. A-Censor offers an efficient, automated
solution for content moderation, promoting a healthier digital
environment.
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I. INTRODUCTION

The prevalence of smoking and alcohol consumption in me-
dia, particularly in videos, poses significant public health risks,
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especially for impressionable audiences such as adolescents.
Research has shown that exposure to smoking in movies is
linked to increased smoking initiation among young viewers
[1][2]. Manual content moderation of such harmful depictions
is often inefficient, requiring substantial human effort and
resources. This highlights the need for automated solutions
that can effectively detect and censor smoking and drinking
scenes in videos [3][4].

This study aims to develop an automated censorship system
using deep learning techniques to detect and obscure smoking
and drinking scenes in videos, thereby protecting viewers from
harmful content while maintaining video quality.

II. RELATED WORKS

Existing research in content moderation has increasingly
focused on employing machine learning and deep learning
techniques to identify harmful content in various media forms.
Early approaches primarily utilized convolutional neural net-
works (CNNs) for detecting explicit content, including smok-
ing and alcohol usage [1][2]. However, current systems face
significant challenges related to scalability, precision, and
real-time implementation. to overfitting, reducing the model’s
adaptability to unseen content variations [5]. However, CNN,
R-CNN are known for its efficiency in object detection, allow-
ing for the generation of region proposals and classification
in a single framework [6]. By incorporating MobileNet, the
model benefits from reduced computational complexity while
maintaining high accuracy, making it suitable for real-time
applications. Furthermore, this study explores various data
augmentation methods to enhance the robustness of the train-
ing dataset, aiming to create a scalable and efficient system
capable of accurately detecting and moderating smoking and



alcohol consumption in diverse video contexts. Furthermore,
the models struggle to maintain high accuracy across diverse
video sources, often leading to false positives or negatives in
content detection [3]. Recent studies have explored multi-task
learning methods to improve content detection performance,
but these approaches still encounter limitations in generalizing
across different media types [4].

Our research addresses these gaps by leveraging with Mo-
bileNet as a backbone for feature extraction and classification
algrithms suh as Faster R-CNN, SVM, RNN and gradient
boost.

III. METHODOLOGY
A. Dataset Preparation

A dataset of 3,000 instances was categorized into three
classes: Smoking, Drinking, and Neutral. The dataset was split
into 70% for training, 15% for validation,and 15% for testing
using train_test_split for balanced representation.

B. Augmentation

Data augmentation techniques such as rotation, zooming,
flipping, and contrast adjustments were applied using Keras’
ImageDataGenerator to enhance the diversity of the training
dataset. These transformations help prevent overfitting by
introducing variability into the training process, ensuring that
the model generalizes well to unseen data.

C. Video Frame Extraction

Frames were extracted and resized to 224x224 pixels for
accurate localization while preserving context.

D. Model Development

The MobileNetV2 was used as the backbone for feature
exraction. Four models were evaluated:

o Faster R-CNN: Utilized a Region Proposal Network
(RPN), trained with the Adam optimizer and fine-tuned
anchor box sizes.

o Gradient Boosting Classifier: Trained on MobileNetV2-
extracted features.

o Support Vector Machine (SVM): Applied MobileNetV2
feature extraction before training. Neural

o Recurrent Network (RNN): Implemented with LSTM
layers for sequence classification.

Hyperparameters were optimized to improve detection per-
formance and reduce overfitting. Adjusting the batch size in-
fluences memory utilization and learning stability, while fine-
tuning the learning rate helps in achieving faster convergence.
Finally, Gaussian blur was applied to detected smoking and
drinking objects for content obscuration.

IV. RESULTS AND DISCUSSIONS

The TABLE I depicts the model performance between four
classification algorithms based on the metric such as accuracy,
precision, recall and F1-score. The Faster R-CNN achieved
the highest accuracy at 93.53%, along with strong precision,

recall, and Fl-score values, indicating its effectiveness in de-
tecting smoking and alcohol scenes. Gradient Boost and SVM
classifiers also performed well, with accuracies of 92.39%.
Their precision, recall, and F1-scores were slightly lower than
those of Faster R-CNN, suggesting they are competent alter-
natives but may not capture complex patterns as effectively.
The RNN model exhibited the lowest performance among the
evaluated models, with an accuracy of 86.79%. In summary,
Faster R-CNN demonstrated superior performance in detecting
smoking and alcohol scenes, making it the most suitable model
among those evaluated. However, Gradient Boost and SVM
also showed promise and could be considered depending on
specific application requirements.

Model Acc. (%) | Preci.(%) | Rec.(%) | F1(%)

Faster R-CNN 93.53 92.80 93.10 92.95

Gradient Boost 92.39 91.50 92.10 91.80

RNN 86.79 85.90 86.30 86.10

SVM 92.39 91.20 92.00 91.60
TABLE 1

MODEL PERFORMANCE METRICS

The data collection phase is a time-intensive process that
often fails to encompass the full spectrum of real-world
variations. This limitation can hinder the performance and gen-
eralizability of detection models. To address these challenges,
We have planned to expand the dataset including a broader
range of instances, thereby enhancing the model’s ability to
generalize across different contexts. Additionally, optimizing
model performance through advanced algorithms and fine-
tuning techniques can further improve detection accuracy.

V. CONCLUSION

This research developed an automated censorship system
for detecting and moderating smoking and alcohol scenes in
videos. The Faster R-CNN with MobileNet backbone achieved
93.53% accuracy, surpassing the other models. Real-time
blurring effectively obscured harmful content without signif-
icantly affecting video quality. Further, the current system
focuses on visual detection, and hence, integrating audio or
subtitle analysis through multimodal approach could reduce
misclassifications.
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