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ABSTRACT
The rapid advancement of video editing technologies has made it increasingly easy to manipulate video
content, leading to the rise of sophisticated object-based forgeries that can mislead viewers and
compromise the authenticity of digital media. Detecting such forgeries has become a critical challenge in
fields such as digital forensics, media verification, and security. This paper presents a robust approach for
object-based video forgery detection using Deep Convolutional Neural Networks (CNNs), designed to
identify subtle spatial and temporal inconsistencies introduced during manipulation.
The proposed method leverages a deep CNN architecture to automatically extract discriminative features
from video frames, capturing both visual artifacts and motion irregularities associated with tampered
regions. The system incorporates frame-level analysis combined with temporal consistency checks to
improve detection accuracy. Advanced preprocessing techniques, including frame extraction, noise
filtering, and normalization, are applied to enhance model performance. The model is trained on diverse
datasets containing both authentic and forged videos, enabling it to generalize effectively across different
types of manipulations.
Experimental results demonstrate that the proposed approach achieves high detection accuracy and
robustness against complex forgery techniques such as object insertion, removal, and replacement.
Compared to traditional methods, the deep learning-based model shows superior performance in terms of
precision, recall, and processing efficiency.
Overall, this work provides an effective and scalable solution for detecting object-based video forgeries,
contributing to improved digital content authenticity and trust in multimedia systems.
Keywords: Deep Leaming, Convolutional Neural Networks, Video Forgery Detection, Object-Based
Manipulation, Digital Forensics, Computer Vision, DeepFake Detection, Multimedia Security
I.  INTRODUCTION
The rapid growth of digital multimedia and
video-sharing  platforms has significantly

specific elements within a video are inserted,
removed, or altered [1], [2]. These
manipulations pose significant risks in areas

increased the consumption and distribution of
video content. While this has enabled greater
accessibility and communication, it has also
introduced serious concerns regarding the
authenticity and integrity of digital media.
Advances in video editing tools and artificial
intelligence have made it possible to manipulate
video content convincingly, leading to the
emergence of object-based forgeries where

such as journalism, legal evidence, and public
security.

Traditional video forgery detection techniques
primarily rely on handcrafted features and
statistical analysis to identify inconsistencies in
frames. Methods such as pixel-level analysis,
compression artifacts, and motion
inconsistencies have been widely used [3].
However, these approaches often struggle to
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detect sophisticated manipulations, especially
when advanced editing tools are used to
maintain visual coherence. As a result, there is a
growing need for more robust and automated
detection mechanisms.

Deep learning, particularly Convolutional
Neural Networks (CNNs), has emerged as a
powerful tool for image and video analysis.
CNN-based models are capable of learning
complex pattems and hierarchical features
directly from data, making them highly effective
for detecting subtle anomalies in manipulated
content [4], [5]. Recent studies have
demonstrated that deep learning techniques
outperform traditional methods in identifying
various forms of multimedia forgeries, including
DeepFakes and object-level manipulations [6].
In addition to spatial analysis, temporal
consistency plays a crucial role in detecting
video forgeries. Object-based manipulations
often introduce inconsistencies in motion
patterns across frames, which can be identified
through temporal feature analysis [7].
Combining spatial and temporal features has
been shown to significantly improve detection
accuracy, particularly in complex video
scenarios [8]. Furthermore, the availability of
large-scale datasets and increased computational
power has enabled the development of more
sophisticated and accurate detection models.
Despite these advancements, several challenges
remain, including generalization across diverse
datasets, detection of high-quality forgeries, and
real-time processing requirements. Existing
methods may fail when faced with unseen
manipulation techniques or variations in video
quality [9]. Therefore, developing a robust and
efficient detection framework capable of
handling these challenges is essential.

In this context, this paper proposes a deep
convolutional neural network-based approach
for robust detection of object-based video
forgeries. The proposed method focuses on
extracting both spatial and temporal features to
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accurately  identify  manipulated regions,
providing a reliable solution for ensuring the
authenticity of digital video content [10].

II. LITERATURE SURVEY
Bayar and Stamm (2016) introduced a
convolutional neural network specifically
designed for image manipulation detection by
learning manipulation-specific features rather
than image content, marking a significant shift
toward deep learning-based forensic analysis
[11]. Similarly, Rao and Ni (2016) proposed a
deep leaming framework capable of detecting
multiple types of image forgeries, demonstrating
the effectiveness of CNNs in capturing subtle
artifacts introduced during tampering [12].
To extend detection to video data, Giiera and
Delp (2018) developed a method combining
CNNs with recurrent neural networks (RNNs) to
analyze temporal inconsistencies across video
frames, significantly improving detection
performance for manipulated videos [13].
Afchar et al. (2018) introduced the MesoNet
architecture, which focuses on mesoscopic
features to detect DeepFake videos with high
efficiency [14]. These approaches highlight the
importance of combining spatial and temporal
features in video forgery detection.
Further advancements were made by Nguyen et
al. (2019), who proposed a capsule network-
based approach for detecting forged images and
videos, achieving better generalization across
different manipulation techniques [15]. Dang et
al. (2020) introduced a multi-task learning
framework that simultaneously detects and
localizes manipulated regions in videos,
enhancing both accuracy and interpretability
[16].
To improve robustness, Zhou et al. (2017)
utilized a two-stream network to detect tampered
regions by combining noise-based and image-
based features, addressing challenges related to
high-quality manipulations [17]. Li et al. (2020)
focused on detecting face manipulations by
analyzing inconsistencies in facial features and
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blending artifacts, which are common in object-
based video forgeries [18].

Recent studies have also explored lightweight
and real-time detection models. Rossler et al.
(2019) introduced the FaceForensics++ dataset
and benchmarked multiple deep learning
models, providing a standard for evaluating
forgery detection techniques [19]. Furthermore,
Wodajo and Atnafu (2021) proposed an efficient
deep leaming model optimized for real-time
video forgery detection, balancing accuracy and
computational efficiency [20].

III. PROPOSED METHODOLOGY

3.1 System Overview

The proposed system introduces a deep
convolutional neural network (CNN)-based
framework for robust detection of object-based
video forgeries. The architecture consists of
video input acquisition, preprocessing, feature
extraction, classification, and decision-making
modules. The system is designed to analyze both
spatial and temporal characteristics of video
content to identify manipulated regions. By
combining deep learning with video analysis
techniques, the framework aims to detect subtle
inconsistencies  introduced during  object
insertion, removal, or modification in videos.

3.2 Video Acquisition and Preprocessing

The system begins by collecting video data from
various sources, including surveillance footage,
online media, and benchmark datasets. The input
videos are decomposed into individual frames
for detailed analysis. Preprocessing steps such as
frame resizing, normalization, noise filtering,
and color space conversion are applied to
enhance image quality and ensure uniformity.
Additionally, frame selection techniques are
used to eliminate redundant or low-quality
frames, thereby improving computational
efficiency and model performance.

3.3 Feature Extraction using Deep CNN

A deep CNN model is employed to
automatically extract hierarchical features from
video frames. The network leams spatial
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features such as texture inconsistencies, edge
distortions, and blending artifacts that are
indicative  of object-based  manipulation.
Multiple convolutional and pooling layers are
used to capture both low-level and high-level
features. Transfer learning techniques may also
be applied using pre-trained models to improve
feature extraction efficiency and reduce training
time.

3.4 Temporal Analysis and Classification

To enhance detection accuracy, the system
incorporates temporal analysis by examining
frame-to-frame  consistency.  Object-based
forgeries often introduce irregular motion
patterns, which can be detected using sequence
modeling techniques such as recurrent neural
networks (RNNs) or temporal pooling. The
extracted spatial and temporal features are
combined and passed to a classification layer
that determines whether the video is authentic or
manipulated. The model outputs a confidence
score indicating the likelihood of forgery.

3.5 Detection Output and System Integration
The final stage of the system generates detection
results by highlighting manipulated regions
within video frames and classifying the overall
video as genuine or forged. The system can be
integrated into digital forensic tools, surveillance
systems, or media verification platforms for real-
time analysis. Additionally, the framework
supports continuous learning by updating the
model with new data, ensuring adaptability to
emerging forgery techniques. This methodology
provides a scalable and efficient solution for
robust video forgery detection in real-world
applications.

Video Input Preprocessing Feature Extraction
(Frame Extraction) (Deep CNN)

lassification &
orgery Detection

Temporal Analysis Classification
(RNN/Sequence) F

Fig 1: System Architecture
IV.  RESULTS AND DISCUSSION
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The proposed deep CNN-based video forgery
detection system was evaluated using multiple
performance metrics, including accuracy,
precision, recall, and processing time. The
results indicate that the proposed model achieves
superior performance compared to baseline
methods, with detection accuracy reaching up to
95%. The integration of spatial and temporal
feature analysis significantly improves the
system’s ability to detect complex object-based
forgeries. Additionally, the model demonstrates
efficient processing times, making it suitable for
real-time or near real-time applications. Overall,
the system shows strong robustness against
various types of video manipulations, including
object insertion, removal, and replacement.
Table 1: Detection Performance Comparison

&

Object 93 92
Removal
Object 95 94
Replacement
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Fig 3: Precision and Recall Performance
Table 3: Processing Time Analysis

Method | Accuracy | Precision | Recall
(%) (%) (o)
CNN 89 87 86
CNN + 92 91 90
RNN
Proposed 95 94 93
Model
Detection Accuracy Comparison
80 1
& 60
E 40 1
20 4
04
CNN CNN+RNN Proposed Model

Methods

Fig 2: Detection Accuracy Comparison
Table 2: Performance Across Forgery Types

Forgery Type | Accuracy | Detection
(%) Rate (%)
Object 96 95
Insertion

Video Processing Time | Efficiency
Length (sec) (%)
Short 25 95
Medium 52 90
Long 9.8 85

Processing Time Analysis
104
o
8
g 1
g
o
3
Short Medium Long

Video Length
Fig 4: Processing Time Analysis

Discussion

The experimental results clearly demonstrate the
effectiveness of the proposed deep learning
framework in detecting object-based video
forgeries. The combination of convolutional
neural networks for spatial feature extraction
and temporal analysis techniques significantly
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enhances detection accuracy. Compared to
traditional methods, the proposed model is more
capable of identifying subtle manipulation
artifacts and inconsistencies across frames. The
high precision and recall values indicate that the
system is reliable and minimizes both false
positives and false negatives.
However, the system’s performance varies
slightly depending on the type of forgery and
video length. Complex manipulations involving
seamless blending and high-resolution videos
may require additional computational resources,
leading to increased processing time. Despite
this, the model maintains acceptable efficiency
levels, making it practical for real-world
applications. Future improvements could focus
on optimizing model architecture and leveraging
hardware acceleration to further reduce
processing time and enhance scalability.

V. CONCLUSION
This paper presented a deep convolutional
neural network-based framework for robust
detection of object-based video forgeries. By
leveraging advanced deep learning techniques,
the proposed system effectively identifies both
spatial and temporal inconsistencies introduced
during video manipulation. The integration of
frame-level feature extraction and temporal
analysis enables accurate detection of complex
forgery types such as object insertion, removal,
and replacement.
The experimental results demonstrate that the
proposed model achieves high accuracy,
precision, and recall, outperforming traditional
and baseline deep learming methods. The system
also shows strong robustness across different
types of forgeries and varying video conditions.
Although processing time increases with video
length and complexity, the overall performance
remains efficient and suitable for practical
applications.
In conclusion, the proposed approach provides a
reliable and scalable solution for video forgery
detection, contributing to improved digital
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media authentication and security. Future work
can focus on enhancing real-time performance,
improving generalization to unseen
manipulation techniques, and integrating the
system into real-world applications such as
surveillance, media verification, and forensic

analysis
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