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Abstract

The authenticity of digital videos has become a critical concern due to the widespread availability of advanced
editing tools that enable subtle manipulations. Frame duplication is a common form of video tampering in which
frames are copied and reinserted at different temporal positions to hide or alter events. Detecting such
manipulations is challenging. This paper introduces a dual-stage detection framework that addresses this challenge
by combining deep feature representations with motion-consistency analysis. The proposed method first employs
a lightweight EfficientNetBO model to extract discriminative features from video frames. A temporal-constrained
cosine similarity module then identifies potential duplicate candidates by comparing features only beyond a
minimum frame gap and reducing false positives from adjacent frames. In the second stage, a dense optical flow
verification module analyzes motion patterns between candidate pairs, confirming duplications only when high
visual similarity is accompanied by negligible inter-frame motion. The framework is rigorously evaluated on multiple
benchmark datasets, including TDTVD, Fadl, and SULFA. Experimental results demonstrate that the method
achieves state-of-the-art performance, attaining an average accuracy of 99.82% and a recall of 100% on the TDTVD
dataset. Comparative analysis shows consistent superiotity over existing techniques in both detection accuracy and
operational efficiency. The architecture ensures computational practicality by limiting resource-intensive optical
flow computation to a small subset of high-similarity frames. This work offers significant improvements in reliably
identifying duplication forgeries while maintaining feasibility for real-wotld applications.

Keywords: Video Forgery; Frames Duplication; EfficientNetB0; Deep Learning; Motion Analysis.

1 | Introduction

The widespread availability of advanced digital editing tools and generative artificial intelligence has turned
video manipulation into a significant threat that undermines the integrity of visual media [1]. This includes
the creation of deepfakes intended to spread disinformation and the subtle alteration of surveillance footage.
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Such video forgeries present serious challenges to security, journalism, and the verification of legal evidence
[1].

One common technique of tampering is frame duplication, in which a sequence of frames is copied and
reinserted into the same video to conceal or repeat certain events. Detecting these forgeries is crucial for
authenticating digital video content; however, it remains a complex task. This complexity arises from the need
to differentiate malicious duplication from natural scene repetition, such as static backgrounds or periodic
motion[2].

Traditional video forensic methods relied on handcrafted features and block-matching algorithms, which
exhibited limited robustness to post-processing operations and struggled with temporal consistency modeling
[3]. Deep learning has revolutionized the field, enabling comprehensive learning of spatio-temporal features
specific to various forgeries and compression artifacts [4, 5]. Recent years have seen rapid advancement in
CNN-based architectures, Siamese similarity learning frameworks, and multi-modal fusion strategies that
combine appearance and motion cues. There are still significant gaps that need to be addressed, such as many
methods rely on computationally intensive architectures that are not suitable for processing large-scale video
datasets, existing benchmark datasets for frame duplication detection are limited in both scale and diversity,
and few approaches incorporate motion verification, which is necessary to reduce false positives caused by
similarities in natural scenes [6]. This work aims to overcome these limitations by providing a comprehensive
literature review and proposing a novel dual-stage detection framework. This work addresses these limitations
through a comprehensive literature synthesis and a novel dual-stage detection framework

The contributions of this work can be summarized as follows:

e  Weintroduce a detection pipeline that combines deep feature similarity with optical flow verification,

effectively separating malicious duplications from natural video redundancies.

e  We employ a temporal constraint in the similarity matching phase, which enhances precision and

dramatically lowers computational overhead compared to exhaustive pairwise frame comparison.

e We demonstrate that the EfficientNetB0O architecture provides an optimal trade-off between
representational power and computational load for feature-based forensic analysis of video
sequences.

e We conduct an extensive evaluation on multiple benchmark datasets, including TDTVD, Fadl, and
SULFA, showing that our method achieves state-of-the-art performance, surpassing existing
techniques in both detection accuracy and operational practicality.

This paper introduces a methodology for identifying duplications by integrating deep feature extraction with
advanced similarity analysis and motion verification, addressing the limitations of existing approaches. The
proposed method aims to enhance detection accuracy and reduce false positives by incorporating a multi-
stage verification process that extends beyond simple feature matching to analyze temporal consistency and
motion characteristics inherent in authentic video sequences.

The remainder of this paper is structured as follows: Section 2 reviews related work in video forgery detection.
Section 3 details the architecture and components of the proposed framework. Section 4 presents the
experimental setup, datasets, and a comprehensive analysis of results, including comparisons with

contemporary methods. Finally, Section 5 concludes the paper and suggests directions for future research.
2 | Literature Review

Recent studies have identified three dominant architectural families for video frame duplication detection:
CNN-based spatiotemporal models, Siamese similarity-learning frameworks, and dual-stage verification
systems. This section provides a detailed methodological analysis of representative works from each family,
highlighting their strengths and limitations in relation to the goals of our work.
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CNNss play a central role in video forensics, primarily due to their effectiveness in extracting spatial features

and their adaptability for temporal analysis. A prominent approach involves fusing spatial and temporal
information. For instance, Fadl et al. [7] combined 2D CNNs for spatial artifact detection with 3D CNNs
(C3D) for capturing short-term temporal inconsistencies, creating an efficient system effective for forgeries
like frame insertion and deletion in surveillance footage. Expanding on this, Akhtar et al. [3] developed the
DEEP-STA framework, which integrates CNN-based spatial feature extraction with dedicated modules for
temporal consistency analysis and precise localization of various inter-frame tampering types. While 3D
CNNs themselves offer a natural architecture for processing video volumes and detecting subtle temporal
anomalies, they typically demand greater computational resources and larger datasets.

CNN-based methods are valued for their computational efficiency and strong performance in identifying
local, frame-level tampering artifacts. Their primary limitation lies in the constrained temporal receptive field
of convolutional kernels, which can hinder the detection of long-range manipulations. 3D CNNs are well-
suited for video analysis but require significant computational resources and large datasets. This makes them
impractical for real-world forensic applications where efficiency is crucial. To address this, we propose a
method that uses a lightweight 2D CNN for spatial feature extraction. This is combined with a separate,
efficient motion verification stage to capture temporal inconsistencies, avoiding the high computational cost

of 3D convolutions.

Siamese networks with shared weights model frame similarity for duplicate detection and anomaly
localization. Munawar and Noreen's I3D-Siamese RNN uses 13D features, Euclidean distance, and RNNs,
achieving 86.6% and 93% accuracy [8]. This interpretable method requires careful parameter tuning, limiting
generalization. Siamese frameworks, optimized for matching, depend on hyperparameters and sampling,
needing dataset-specific tuning [8]. Separating natural repetition from malicious duplication may require
motion verification. Siamese frameworks offer a strong foundation for duplication detection. However, their
effectiveness rely on careful hyperparameter optimization and sampling strategy selection, frequently
necessitating dataset-specific adjustments [8]. Furthermore, relying solely on learned similarity to differentiate
between genuine repetition and malicious duplication may prove insufficient. Explicit motion verification is
crucial, as visually similar frames can stem from static scenes or cyclical movements. The verification process
is directly integrated in our methodology, decreasing the reliance on the similarity model to understand these
complex scenarios.

Dual-stage frameworks that combine appearance-based screening with motion-based verification are effective
at reducing false positives in video forgery detection while maintaining high accuracy. In these architectures,
an initial coarse stage quickly identifies candidate segments using texture-based features such as Motion
Residual LBP (MR-LBP) [6]. The verification stage applies optical flow analysis to assess motion consistency,
thereby filtering out false alarms caused by legitimate scene repetition. Optical flow residuals and
spatiotemporal consistency effectively detect insertions, deletions, and duplications, but increase pipeline
complexity and require dataset-specific parameter tuning. Inspired by these effective two-stage approaches,
our framework uses EfficientNetBO for efficient feature extraction. It employs temporally-constrained
similarity search to reduce candidate set size and applies dense optical flow verification to this smaller set,
improving computational efficiency compared to prior dual-stage methods relying on handcrafted features or
heavier backbones.

The research conducts a comprehensive examination of the scaling of convolutional neural networks by
analyzing the implications of augmenting network depth, breadth, and input resolution for both accuracy and
computational efficiency. The authors [9] present a compound scaling strategy that uniformly adjusts a
model's depth, width, and resolution using a single compound coefficient while maintaining a balanced
structure. A new baseline architecture, EfficientNet-BO, was developed via neural architecture search to
optimize accuracy and computational cost. Efficient Net models (B1-B7) were created by scaling a basic
network across multiple dimensions. This family achieves higher accuracy than existing convolutional
networks while requiring significantly fewer parameters and floating-point operations. EfficientNet models
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demonstrate strong transfer-learning performance across various vision datasets, often achieving new state-
of-the-art results with considerably reduced model sizes.

Methods that utilize optical flow residuals and spatiotemporal consistency checks have shown strong
performance in detecting insertions, deletions, and duplications. While this design significantly enhances
localization precision, it also introduces greater complexity to the pipeline and often requires careful tuning
of dataset-specific parameters. The demonstrated effectiveness of this two-stage approach motivates the
proposed dual-stage framework, which employs EfficientNetB0 and dense optical flow.

3 | The Proposed Method

We propose a video duplication forgery detection framework combining EfficientNetBO-based deep feature
extraction with cosine similarity and dense optical flow verification. Our comprehensive framework is
constructed around three principal components: (1) a deep feature extraction module that employs the
EfficientNetBO0 architecture to systematically analyze and extract relevant features from the input data, (2) a
highly efficient similarity-based duplicate detection module that incorporates temporal constraints to enhance
the precision and reliability of the detection process over time, and (3) an advanced optical flow verification
module specifically designed to facilitate thorough motion analysis by tracking the movement of objects
across successive frames. The overall architecture is represented in Figure 1.

(A) Input Video Processing Pipeline (B) Deep Feature Extraction Network
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Figure 1. The proposed framework for detecting duplicate frames in video: (A) Input video processing
pipeline extracts frames for analysis. (B) Deep feature extraction using EfficientNetBO generates
discriminative representations. (C) Similarity analysis identifies potential duplicates using cosine distance. (D)

Optical flow verification refines detection by analyzing inter-frame motion, with final classification results
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3.1 | Preprocessing

Input videos are decomposed into frames using the OpenCV library, with frame indices rigorously recorded
to preserve temporal order, which is crucial for enforcing temporal gap constraints and supporting subsequent
motion analysis. Fach extracted frame is preprocessed to be aligned to the input specifications of
EfficientNetB0. Frames are resized to 224 X 224 pixels using bilinear interpolation, in accordance with the
ImageNet training configuration for EfficientNetBO [9]. The color representation is preserved in the RGB
color space with three channels, and pixel intensities are normalized to the [0, 1] interval prior to
standardization utilizing the ImageNet mean and standard deviation, where u = [0.485, 0.456, 0.406] and ¢ =
[0.229, 0.224, 0.225] as shown in Figure 1A. This standardized preprocessing pipeline ensures compatibility
with the pretrained EfficientNetBO weights and enhances transfer learning by aligning the input data
distribution with that of the original training dataset [1, 6]. The selected resolution balances the preservation
of spatial detail with computational efficiency.

3.2 | Feature Extraction

EfficientNetBO0 is adopted as the feature extraction backbone due to its balanced computational cost and
accuracy, as it contains 5.3 million parameters and requires only 0.39 billion FLOPs per image, offering one
of the strongest accuracy-to-computation ratios among contemporary convolutional architectures[9]. Its
compound scaling strategy, which jointly adjusts depth, width, and input resolution, along with the inclusion
of squeeze and excitation blocks, enhances its ability to capture fine-grained texture irregularities that often
signal visual manipulation [10]. Previous research has shown that larger variants within the same family, such
as EfficientNetB4 through B7, achieve notable performance in detecting video forgeries and facial
manipulations, reinforcing the relevance of this architecture to forensic analysis tasks. The compact design of
EfficientNetBO supports efficient processing of extended video sequences and large datasets while
maintaining feasible memory and time requirements|9].

3.3 | Similarity

Figure 1C shows that for each incoming frame F; Cosine similarity is computed between its feature vector f;
and the features of previously selected key frames stored in a dictionary D Cosine similarity is defined as
. fi-fj
sim(f;, fi) = ———— 1
(fl’fj) fisfsi O
where f; € D, and measures angular similarity between feature representations. To reduce false detections
caused by natural temporal continuity, only frame pairs separated by a minimum temporal gap T,,,ate
compared, such that | { = j [= Ty,
considered a duplicate candidate if its maximum similarity with any eligible key frame exceeds a threshold T,

The value of T,,is selected based on the video frame rate. A frame is

and selected in the range [0.90, 0.98] based on empirical evaluation. If no such match is found, the frame is
added to the dictionary D, enabling incremental representation of unique scene content. This strategy reduces
computational cost relative to exhaustive pairwise comparisons while enabling the detection of duplicate
frames across temporal locations.

The same similarity threshold 7y, = 0.95 is applied uniformly across all datasets after optimization on the
validation set. This approach is justified by the robustness and generalizability of the EfficientNetBO feature
space, and empirical validation across all three datasets confirms consistent performance with this fixed
threshold.

3.4 | Motion-Based Verification

High visual similarity between video frames may arise either from intentional duplication or from natural
scene repetition, such as static surveillance views or periodic motion. Motion analysis is therefore introduced
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to distinguish between these cases, since duplicated frames typically exhibit negligible motion, whereas
naturally similar frames usually contain measurable motion caused by camera movement, object dynamics, or
noise[11].

For each frame pair (Fl-' F}-)identiﬁed as a candidate in the first stage, dense optical flow is computed using

€ ]RHXWXZ

the Farnebick algorithm[12]. This process estimates a dense motion field ®;; , where each vector

[u(x,y), v(x,y)]represents the horizontal and vertical displacement at pixel location (x’y). Standard
Farnebick parameters are adopted to ensure stable motion estimation, including a three-level image pyramid,
a 15 X 15 pixel window size, three iterations per pyramid level, and a 5 X 5 pixel neighborhood for polynomial
approximation [12].

Motion consistency between frames is quantified using the average optical flow magnitude, computed as the
mean pixel displacement over the entire frame. A candidate pair is confirmed as a duplication if the average
motion magnitude falls below a predefined threshold, tau_flow. Typical values of Ty, range between 1.0 to
3.0 pixels, corresponding to minimal motion levels that can be attributed to sensor noise or compression
artifacts rather than genuine scene dynamics. The computational cost of this stage is proportional to the
number of candidate pairs and the frame resolution. By restricting optical flow computation to similarity-
flagged candidates, the method avoids the quadratic cost associated with exhaustive motion analysis across
all frame pairs [11].

The average optical flow magnitude was selected as the verification metric for its computational efficiency
and discriminative power in duplicate frame detection. In binary classification, duplicated frames exhibit near-
zero motion which marked by sensor noise and compression artifacts and naturally similar frames show
measurable motion. The similarity stage generates a reduced candidate set, modeled as a function (Fi)—Cij.
The motion verification stage then refines these candidates using a conditional operator applied to Cij. Error
propagation is addressed, noting that Stage 1 false negatives are irrecoverable, while Stage 1 false positives are
filtered in Stage 2. This formalization emphasizes high recall in Stage 1 and high precision refinement in Stage
2.The pseudo-code in Figure 2 shows a two-stage method based on motion constraints in natural videos that
combines high appearance similarity with low motion magnitude. The algorithm reliably identifies malicious
duplication and reduces false positives from natural scene repetition.
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1 Procedure MAIN()

2 Initialize EfficientnNetB@ model with pre-trained ImageMet weights (top excluded, pooling="avg')
3 Configure GPU memory for efficient processing (set memory growth)

4 set parameters: VIDEO FOLDER, GROUND_TRUTH_PATH, OUTPUT_FOLDER, MIN_GAP, SIM_THRESHOLD

5 Create owtput directories if not exist

] For each video file in VIDED FOLDER:

7 Results « PROCESS_VIDEO(video_path, MIM_GAP, SIM_THRESHOLD)

B Save Results to Excel sheet

3 If GROUMD_TRUTH_PATH exists:

18 Metrics « EVALUATE_RESULTS(Results, GROUND_TRUTH_PATH)
11 Lawe Metrics to Excel shest

12 End If

13 End For

14 End Procedure
15 Function EXTRACT_FEATURES{frame)

16 Resize frame to 224x234 and apply EfficientNet preprocessing (preprocess_input)
17 perform forward pass through EfficientMetB8 {without top layers, using average pooling)
18 Return flattened feature vector

19 End Function
28 Function COSINE_SIMILARITY(featl, featl)

21 Compute cosine distance and return similarity = 1-cosine{featl, feat2)
22 End Function

23 Function OPTICAL_FLOW_MAGNITUDE(frame_a, frame_b)

24 Convert frames to grayscale

25 Compute Farneback optical flow between the two frames

26 Return mean magnitude of flow wectors

27 End Function
28 Procedure PROCESS_VIDEO(wideo_path, min_gap, sim_threshold)

29 Extract 21l frames from the input video using Opencw

38 Let frame_count = number of frames

31 Initialize an array frame_features of size frame_count

32 For 1 = @ to frame_count-1:

33 frame_featuras[i] « EXTRACT_FEATURES({frame_i}

34 End For

35 Initialize key_frames as empty dictionary // stores {index: feature_vector}
38 duplicates_found + @

37 For 1 = 8@ to frame_count-1:

38 current_feat « frame_features[i]

39 is_duplicate « False

a8 For each (idw, key_feat) in key_frames:

41 If |i-idx| < min_gap Then

42 Continue  f/ frames too close, skip comparison
43 End If

a4 similarity « COSIME_SIMILBRITY{current_feat, key_feat)
a5 If similarity > sim_threshold Then

48 If |i-idx| ¢ CLOSE_FRAME_WINOOW {e.g., 188) Then
a7 motion + OPTLCAL_FLOW_MAGNLTUDE(frames[idx], frames[i])
48 If motion < MOTION_THRESHOLD {(e.g., 2.8} Then
L] Mark frame i as duplicate of frame idx

L] duplicates_found++

51 is_duplicate = True

52 Break

53 End If

54 Else [ frames are far apart

55 Mark frame i as duplicate of frame idw

58 duplicates_found++

57 is_duplicate « True

58 Break

59 End If

=] End If

61 End For

62 If not is_duplicate Then

63 Add i to key_frames with its feature vector

a4 End If

65 End For

56 Return duplicate annotations (Dataframe) and total processing time

&7 End Procedure
af

Figure 2. Pseudo-code of the Proposed Dual-Stage Video Duplication Detection Method.

4 | Experiments and Results

The proposed method was evaluated on Google Colab using a Python 3 environment with GPU acceleration,

with 15.0 GB of GPU memory, 12.7 GB of RAM, and 112 GB of local storage. The implementation was
developed using TensorFlow Keras with TensorFlow version 2.19.0 and supported by standard scientific
libraries, including NumPy version 2.0.2. This setup enabled efficient dataset processing, reliable performance
evaluation against ground truth annotations, and assessment of scalability and real-world applicability.
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4.1 | Performance parameters

The performance of the proposed video forgery detection method was evaluated using ground truth
annotations and standard classification metrics. Precision, recall, Fl-score, and detection accuracy were
calculated from true positives, false positives, true negatives, and false negatives using equations (2) to (5).
Precision measures the reliability of detected forgeries; recall reflects the ability to identify duplicated frames;
the Fl-score balances these two metrics; and detection accuracy indicates overall classification correctness.

TP
" TP+FP )

TP
"~ TP+FN )

PxR

F1=2x=" @)

TP+FP
DA= ——— (5)
TP+FP+FN+TN
Evaluation was performed through video level comparison with manually annotated data. The results
demonstrate high precision, recall, and F1-score, confirming the effectiveness and robustness of the proposed

method in detecting duplicate content, with fewer false alarms than baseline approaches.

4.2 | Datasets

The development of the Temporal Domain Tampered Video Dataset (TDTVD)[13], which aims to address
the lack of publicly available datasets for video tampering detection. It comprises 210 videos, categorized into
Event/Object/Person (EOP) tampering and Smart Tampering (ST). The EOP category consists of 120
videos, with 40 videos for each tampering type: frame deletion, frame insertion, and frame duplication. The
remaining 90 videos in the ST category employ multiple tampering techniques applied across multiple
locations within the same video. The dataset is derived from 16 original videos from SULFA[14] and 24 from
the YouTube VTD dataset[15], ensuring a diverse range of activities and scenarios for researchers to test their
algorithms.

Detailed ground-truth information is provided for each tampered video, including the type of tampering, the
number of frames affected, and their locations, which is crucial for verifying tampering-detection algorithms.
The dataset has been validated against two video tampering detection methods, demonstrating its
effectiveness in supporting research in video authentication. The TDTVD dataset is publicly accessible,
providing a valuable resource for researchers working on video tampering detection and algorithm
development [13].

Fadl et al.[16] introduced a benchmark dataset for inter-frame forgery detection designed to evaluate the
performance of detection algorithms under realistic conditions. The dataset is constructed from videos
collected from SULFA [14], LASIESTA[17], and IVY LAB [18] covering multiple resolutions and frame rates
commonly encountered in surveillance footage. It includes four common types of video tampering: frame
deletion, frame insertion, frame duplication, and frame shuffling, which frequently occur in scenarios with
stationary scenes and fixed cameras. The dataset comprises 60 videos, including 28 original and 32 forged
sequences, with durations ranging from 10 to 27 seconds. By incorporating diverse types of video forgery
that alter semantic content, this dataset provides a valuable and realistic benchmark for developing and
evaluating inter-frame forgery detection methods in multimedia forensics.



147 Ali et al.| Int. j. Comp. Info. 10 (2026) 139-151

4.3 | Results

This section presents a comprehensive evaluation of the proposed video duplication detection framework
across two benchmark datasets, TDTVD [13] . Results are compared with state-of-the-art hashing and deep
learning-based forgery detection methods. Runtime analysis is also conducted to assess the computational
efficiency of the framework.

4.3.1 | TDTVD Dataset Results

The proposed dual-stage framework was evaluated on the frame duplication subset of the TDTVD [13]
dataset. As summarized in Table 1, the method achieved an average accuracy of 99.82%, recall of 100%,
precision of 98.59%, and Fl-score of 99.25% across duplication lengths of 10, 20, and 30 frames. The
consistent 100% recall indicates the method's robustness in identifying all duplicated frames in the ground
truth. Precision exhibited a positive correlation with the number of duplicated frames, increasing from 98.33%
for 10-frame duplications to 98.96% for 30-frame duplications. This indicates that the method becomes
increasingly reliable at rejecting false positives as the temporal scope of the forgery expands. The
corresponding rise in F1-score to 99.46% for the longest duplication length further reflects this enhancement
in balanced performance, as shown in Figure 3.

A comparison with existing approaches [19-22], is summarized in Table 2. The performance of the proposed
framework is strong. The method achieved the highest reported accuracy of 99.82% and a perfect recall rate
of 100% among all evaluated techniques, while also preserving a high precision of 98.59% and the top F1-
score of 99.25%. This well-balanced performance indicates an enhanced ability to reliably detect forged
content while minimizing false positives.

Table 1. Average Performance Rates for the proposed method using the TDTVD Dataset.
Number of frames

L. Accuracy Recall Precision F1 Score
duplication

10 99.87% 100% 98.33% 99.09%

20 99.79% 100% 98.48% 99.20%

30 99.80% 100% 98.96% 99.46%

Average 99.82% 100% 98.59% 99.25%
100.00%
99.50%
99.00%
98.50%
98.00%
97.50%

Accuracy Recall Precision F1 Score

I 10 Frames i 20 Frames B 30 Frames e Average

Figure 3. Performance assessment of the proposed method for detecting forgery videos in the TDTVD dataset.
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Table 2. Accuracy comparison of the proposed method with other methods using the TDTVD dataset.

Method Accuracy Recall Precision F1 Score
Loukhaoukha [19] 99.43% 98.58% 97.52% 98.03%
Akhtar et al.[20] 99.57% 99.95% 99.61% -
Shekar et al.[21] 96.67% - - -
Abraham et al.[22] 97.5% - - -
Proposed Method 99.82% 100% 98.59% 99.25%

4.3.2 | Results for Fadl and SULFA Datasets

To assess its generalization, the proposed framework was further evaluated on additional benchmark datasets.
As reported in Table 3 for the Fadl dataset [16]. The method showed superior performance across all available
evaluation metrics, achieving an accuracy of 99.58%, a precision of 99.02%, a recall of 99.47%, and an F1-
score of 99.23%. These results demonstrate a clear performance advantage over previously reported
approaches.

The performance comparison on the SULFA dataset, as detailed in Table 4, demonstrates the competitive
efficacy of the proposed method. It maintains a balanced performance profile, with a recall of 99.02%,
precision of 99.47%, and an Fl-score of 99.23%. Notably, while the method by Singh et al. [23] reports a
marginally lower accuracy of 99.50%, it achieves perfect precision 100%, and a slightly higher F1-score
99.40%. The proposed method provides a more comprehensive evaluation across all four-standard metrics.
In comparison, the results for Raskar and Shah [24] is 97.00% accuracy, and Girish and Nandini [25] is 98.13%
accuracy. This consistent performance across accuracy, precision, recall, and F1-score highlights the method's
robustness and reliability in detecting video duplications within different benchmark datasets.

The characteristics of the three datasets under evaluation vary significantly, offering complementary
perspectives on framework performance. The highest accuracy 99.82%, and perfect recall are explained by
TDTVD, which includes controlled tampering scenarios with clean duplications and comprehensive ground
truth. Fadl includes more realistic surveillance footage with varying resolutions from 320%240 to 1920x1080
and frame rates 15-30 fps, while maintaining high performance 99.58% accuracy, demonstrating robustness
to resolution and frame rate variations. SULFA contains the most challenging scenarios with compressed
surveillance footage and natural scene repetition, resulting in slightly lower recall 99.02% but maintaining high
precision 99.47%. The consistent high performance across these diverse datasets demonstrates that the
framework generalizes well across different video characteristics. The slight performance variation reflects
the inherent difficulty of each dataset: TDTVD's controlled scenarios are easier to detect, while SULFA's
compressed surveillance footage presents more challenging conditions. precision remains consistently high
across all datasets, indicating that the motion verification stage effectively reduces false positives regardless
of video characteristics. The proposed framework is optimized for static-camera scenarios, where duplicated
frames exhibit minimal motion. In moving-camera scenarios such as handheld footage, drone videos, or
action cameras, global camera motion introduces non-zero optical flow even in duplicated frames, potentially
causing false negatives if the motion magnitude exceeds the threshold.

Table 3. Average Performance Rates for the proposed method compared with other methods using the Fadl dataset [16].

Method Accuracy Precision Recall F1-Score
Fadl et al. [16] - 96.00% 94.00% -
Bakas et al. [26] - 67.00% 69.00% -
Zhao et al. [27] - 61.00% 65.00% -
Liu and Huang [28] - 51.00% 63.00% -
Shelke et al.[29] 94.87% 95.66% 96.48% 96.07%
Fadl et al.[7] 98.50% - - -

Proposed Method 99.58% 99.02% 99.47% 99.23%
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Table 4. Average Performance Rates for the proposed method compared with other methods using SULFA [14].

Method Accuracy Recall Precision F1 Score
Singh et al.[23] 99.50% 99.00% 100% 99.40%
Raskar and Shah [24] 97.00% - - -
Girish and Nandini [25] 98.13% - - -
Proposed Method 99.58% 99.02% 99.47% 99.23%

5 | Conclusion

This paper presented a dual-stage framework for detecting duplication forgeries in video sequences. The
method integrates a deep feature extraction module based on EfficientNetB0, a similarity detection stage with
temporal constraints, and a verification stage using dense optical flow analysis. This combination effectively
distinguishes malicious frame duplication from naturally similar. This pipeline is designed for an optimal
balance of accuracy and computational efficiency, distinguishing our approach from previous dual-stage
methods that often depend on heavier backbones or alternative verification techniques. The experimental
results demonstrate the framework's high efficacy and robustness. The framework processed standard
benchmark videos efficiently, demonstrating its feasibility for practical application on readily available
hardware. While average optical flow magnitude may not capture complex motion patterns such as localized
motion in specific regions or rotational motion. it achieved an average accuracy of 99.82% and a perfect recall
of 100% on TDTVD dataset, indicating exceptional forgery localization. Its superior and balanced
performance was further validated on the Fadl and SULFA datasets. The proposed framework ensures
computational efficiency, making the approach scalable to real-world scenarios, and offers a reliable, accurate,
and practical solution for detecting video duplication forgery. Future work will aim to robustly detect complex
temporal forgeries under challenging conditions, while optimizing the pipeline for real-time embedded
performance. Specifically, the framework will be extended to address more manipulations such as frame
insertion and deletion. Efforts will also focus on improving resilience to significant camera motion and
compression artifacts that currently degrade optical flow reliability.
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