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Abstract - Video forgery detection is challenging because small frame-level changes like insertion, duplication,
and deletion, disturb the temporal motion continuity of video sequences. This paper proposes a reliable
technique based on Flow-Strain Energy (FSE) for identifying and locating forged frames. The method
simultaneously records local deformation and motion intensity in video sequences by combining strain tensor
analysis and optical flow. By calculating dense optical flow between successive frames, optical flow energy and
primary strain are estimated. A single FSE description that characterizes motion-deformation features is created
by combining these elements. Statistical methods such as mean, standard deviation, and Z-score normalization
are used to assess temporal variance in FSE. By clustering consecutive outlier frames that surpass an adaptive
thresh- old, forged regions can be accurately localized. The suggested technique produces a localization accuracy
of 94.21%, an Fl-score of 97.03%, and an overall detection accuracy of 95.92%. The effectiveness of the
proposed method in detecting frame-level forgeries and its resilience to changes in illumination and compression
issues are demonstrated through experiments on real and altered videos. Furthermore, the framework is suitable
for practical video forensic applications due to its excellent processing performance.

Keywords: Video Forgery Detection, Inter-frame Forgery, Forgery Localization, Flow-Strain Energy, Optical
Flow, Outlier Detection

1 INTRODUCTION

Video content is now readily available and modifiable due to the quick development [1] of digital video
recording and editing capabilities [2]. As a result, verifying the integrity and authenticity of video data [3]
has become crucial in fields including forensic investigation, surveillance [4], and legal evidence analysis
[5]. Among other types of alterations, frame-level forgeries—such as frame insertion, deletion, and
duplication—are particularly challenging to detect because they disrupt temporal consistency without
affecting visual appearance [6].

Most traditional methods for identifying video forgeries focus on motion information, pixel-level differences,
or compression artifacts [7].However, because they cannot accurately capture the motion behavior in the
video [8], they frequently fail in complex motion sequences, different lighting conditions, and severely
compressed recordings. In particular, conventional optical flow-based methods [9] primarily record motion
data but neglect to take manipulation-induced structure deformation patterns [10]. To overcome these
constraints, this study proposes an inter-frame video fraud detection and localization system based on Flow-
Strain Energy (FSE). The basic idea is to use strain tensor analysis and optical flow [11] to simultaneously
analyze local deformation and motion intensity. The starin tensor models local spatial deformation inside the
motion field, whereas optical flow records pixel-by-pixel motion over successive frames. Their integration
results in a single FSE description that provides a more comprehensive perspective of motion dynamics.

In order to identify abnormal changes caused by fabricated frames, statistical techniques are employed to
examine temporal fluctuations in the FSE signal. Significant changes from normal motion behavior are found
using a Z-score-based outlier detection technique. The location of the counterfeit is then precisely
determined by grouping these identified anomalies.

The proposed method is appropriate for real-time forensic applications since it is unsupervised,
computationally efficient, and does not require training data. The efficacy and resilience of the method in
detecting various kinds of frame-level forgeries under diverse circumstances are demonstrated by
experimental findings on a variety of video datasets.

The present paper makes main contributions, such as:

A Flow-Strain Energy (FSE) descriptor is created by integrating optical flow energy and strain tensor
deformation to capture motion and structural anomalies in video sequences.
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A lightweight, training-free statistical detection approach based on Z-score normalization is proposed to
detect temporal anomalies caused by frame-level forgeries without the requirement for supervised
learning.

To precisely identify and localize tampered regions, a successful forgery localization approach based on
consecutive outlier grouping is employed.

The suggested approach demonstrates robustness and good performance when evaluated on two
benchmark datasets and contrasted with state-of-the-art techniques.

This paper is organized as follows for the remainder: Section 2 reviews recent approaches to video forgeries
detection. Section 3 provides a detailed presentation of the proposed methodology, covering every
algorithmic step. Section 4 presents the results of the experiment and performance analysis. In Section 5, the
state-of-the-art techniques are compared. Section 6 concludes the work and discusses possible future
directions for research on video forgery detection.

2 RELATED WORK

This section provides a detailed explanation of constraints of current video forgery detection methods, which
were briefly covered in the introduction. A number of techniques for identifying frame-level forgeries,
including insertion, deletion, and duplication, have been presented out during the past decade. The main
features of representative approaches in terms of forgery type handled, localization capability, classification
strategy, underlying methodology, outlier detection technique, datasets used, evaluation metrics, and related
research gaps are summarized in Table 1. Even with significant improvements, many existing techniques still
have issues like large processing costs and poor performance on real-world videos. The majorities of
techniques rely on supervised learning and require sizable labeled datasets. Comparative analyses also
demonstrate how difficult it is for many techniques to deliver accurate frame-level localization in many
video scenarios. Additionally, they find it difficult to achieve a balance between efficiency, generalization,
and accuracy.

3 PROPOSED METHODOLOGY

The proposed method detects frame-level video forgeries by analyzing temporal changes in motion and
deformation patterns between consecutive frames. In authentic videos, motion changes smoothly over time,
while forged videos introduce sudden changes due to frame duplication, deletion, or insertion. A Flow-Strain
Energy (FSE) descriptor is used to model this behavior by combining optical flow and deformation
information. Optical flow captures pixel-wise motion, while the strain tensor represents local structural
changes in the motion field. Statistical methods are then applied to the temporal variation of the FSE signal
to detect abnormal frames.

The proposed method’s overall pipeline is shown in Fig. 1. It includes preprocessing, optical flow
computation, Flow-Strain Energy estimation, temporal variation analysis, Statistical Outlier Detection and
Forgery Detection with Localization.

3.1 Preprocessing
Let I(x,y,t) be the representation of the input video, where t=1,2,...,T.

Table 1 An Overview of the existing Video Forgery Detection Techniques

S. | Pa | Ye | Typeof | Methodol | Outlie | Dataset | Measurement Research Gaps
No | Per | ar Forgery ogy r Parameters
Detect
or
1 [12 | 201 Frame Histogra Pre- Own Precision= Consider only one
] 3 | Duplicati m define | Dataset | 0.849, Recall= type of forgery
on Differenc d 1, Accuracy=1
e Thresh
old
2 | [13 | 201 Frame No- By Own Deletion: Evaluated only on
] 4 Insertion | Negative | Obser | Dataset precision= static background
and tensor ving 88.64,% Recall= videos; complex
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Precision=
100%,
Recall=99%
3 [14 | 201 Copy- Structural _ Own Precision= Duplicated frames
] 4 move in | Similarity Dataset | 0.997, Recall=1 are mi-detected in
temporal long still scenes;
domain High Computational
Cost
4 [15 | 201 Frame Inconsiste | Tcheb | Shangha | Precision=88.16 No Forgery Type
] 5 Insertion ncy of yshev iJiao %, and Classification. Need
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Deletion ns lity Universi
between | twice ty
LBP Databas
frames e
5 | [16 | 201 Frame Normaliz | Mean | SULFA Detection Precision rate is low.
] 6 | Duploicat | ed Cross- | Square | Dataset | Accuracy=82%
ion Correlatio | d error and Localization
n of Accuracy= 85%
Moment
Features
6 | [17 | 201 Frame Histogra Box Own Recall=090.4% | Less effective under
] 6 | Duplicati m Plot dataset | and Precision= heavy compression
on, Intersecti 95.2% and camera shake.
Deletion on
and method
Insertion
7 | [18 | 201 Frame Convoluti | Thresh | World Accuracy= Not address shot
] 7 | Dropping | onal 3D old Dataset 99.92% boundaries and
Neural duplication in
Network looping cases.
(C3D)
8 | [19 | 201 Frame Hash - Downlo Accuracy= Only examine the
] 7 | Duplicati Value aded 100% video files with
on from MIJPEG codec.
Internet
9 | [20 | 201 Frame Multi- Modifi Own Detection Low Localization
] 7 Deletion scale ed dataset Accuracy= Accuracy and not
Mutual | genera 97.5% and consider frame
Informati | lized Localization deletion and
on ESD Accuracy=82.1 duplication type
test % forgery.
10 | [21 | 201 Frame Correlatio B From Precision= 1.0, Not locate the
] 8 and n SULFA | Recall=0.990, position of forgery.
Region | coefficien dataset Accuracy= Not consider other
duplicatio | t and CoV and 0.995 types of forgery.
n internet
11 | [22 | 201 Frame Histogra | Select Own Precision= Fails to handle shots
] 8 Duplicati m ed Dataset 98.07%, that are obtained
on, Differenc | Thresh Accuracy= erroneously,
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Insertion | e, SURF old 99.01%, Recall= including scene
and with 100% changes.
Deletion FLANN
matching
12 | [23 | 201 Frame VFI and ESD Own Accuracy= Not effective for
] 8 Insertion, | footprints | algorit | Dataset | 93.6% to 95.4% | inter-frame forgery
Deletion, hm and F1 Score= with synthetic
Duplicati 96.1% to0 96.8% zoomed frames.
on and
Shuffling
13 | [24 | 201 Frame Coding - Downlo Precision= Not locate the
] 9 Deletion pattern aded 0.865, Recall= position of forgery.
analysis Online 0.917, Not consider other
and Accuracy= types of forgery.
classificat 0.883 and F1
ion score= 0.888
14 | [25 | 202 Frame Motion | Rando Own Precision rate= Consider only one
] 0 | Duplicati vector m Dataset | 99.9%, Recall type of forgery. Not
on and SIFT | Sampl rate= 99.7%, explored
features e and Accuracy= performance
Conse 99.8% parameters.
nsus
Algo
15 | [26 | 202 Frame I3D and - VIRAT Accuracy= Transfer learning
] 1 Duplicati | Siamese and 86.6% to 93% requires
on RNN MEFC improvement.
datasets
16 | [27 | 202 Frame NBAP - REWIN Detection Not suitable for real-
] 1 Insertion, | and PCT D, VTL Accuracy= time video screening.
Deletion, with and 97.07%,
Duplicati | GoogleNe SULFA Precision=
on, Copy- | tmodel datasets 96.82%, and
move and Recall=94.40%
Splicing
17 | [28 | 202 Frame 3DCNN MS- UFC- | Precision=0.96, | Frame Duplication
] 2 Insertion with SSIM | 101 and Recall=0.95, cannot be detected.
and difference VIFFDS | Accuracy= 0.98 Need benchmark
Deletion layer datasets dataset.
18 | [29 | 202 Frame LBP. - Own True Positive Benchmark dataset
] 3 Duplicati | Haralick dataset | Rate=99.79%, required. Border
on and Detection frame detection
custom Accuracy= issue.
Haralick 99.32%
features
19 | [30 | 202 Frame Compress | Tukey Own Precision= Fixed GOP size
] 3 Insertion ion Box dataset | 0.9589, Recall= limitation. No
and domain plots 0.9655,F1 = forgery
Deletion features 0.9622 classification.
20 | [31 | 202 Frame HoG, - Customi Overall Unable to locate
] 4 | Duplicati | Uniform zed Accuracy 99% frame duplication
on, and dataset and frame shuffling
Insertion rotation from attack.
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Deletion LBP Dataset
21 | [32 | 202 Frame Noise - Own TPR of 0.4 with Noise features are
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Fig. 1 Proposed Flow-Strain Energy (FSE) Framework for frame-level Video Forgery Identification

3.1.1 Gray-scale Conversion

and Localization

The RGB frames are converted into gray-scale to preserve luminance information using Eq. (1):

Iy(x,y,t) = 0.299R(x,y,t) + 0.587G(x,y,t) + 0.114B(x,y,t)

3.1.2 Gaussian Smoothing

M

Gaussian filtering is applied to reduce noise and improve the stability of gradient computation. The Gaussian

kernel is expressed in Eq. (2):

G(x,y) =

1
2no

Eq. (3) is used to generate the smoothed frame:

L(x,y,t) = Ig(x,y,t) x G(x,y)

3.1.3 Histogram Equalization

iy 2) @

202

exp <—

3)

The cumulative distribution function, which is defined in Eq. (4), is used to enhance contrast:

Is(x,y,t)

LEyO=0-1 > pl) @
k=0

3.1.4 Normalization

Intensity values are normalized using Eq. (5) to maintain consistent scaling:

In(x; yr t) -

IJERTV 1518052733

_ Ie(x:y' t) - Imin

)

Imax - Imin

Page 5

(Thiswork islicensed under a Creative Commons Attribution 4.0 International License.)



Published by : International Journal of Engineering Research & Technology (IJERT)
https://lwww.ijert.org/ I SSN: 2278-0181
An International Peer-Reviewed Journal Vol. 151ssue 05, May - 2026

3.2  Optical Flow Computation
As stated in Eq. (6), optical flow is calculated using the brightness constancy assump- tion, which asserts that
a moving pixel’s intensity stays almost constant across successive frames.

Iy, ) =1x+uy+v,t+1) (6)

Using Taylor series expansion, the relationship between spatial and temporal inten- sity changes is derived to
obtain the optical flow constraint equation, as given in Eq. (7).

al N al N al 0 %)

JE— —7v =

ax" oy’ " Bt
Dense optical flow [11] is then computed between consecutive frames to estimate pixel-wise motion
throughout the frame, as defined in Eq. (8).

F(x,y) = (u(x,y),v(x,y)) (8)

33 Flow-Strain Energy Computation

The Flow-Strain Energy (FSE) is a combination descriptor that records both local deformation and motion
intensity in a video clip. It is computed using the spatial variation of optical flow and strain-based
deformation analysis. The optical flow field is first analyzed using spatial derivatives to understand how
velocity changes between adjacent pixels.

The spatial variation of motion is represented by the velocity gradient tensor, which describes how the
optical flow components change in both horizontal and vertical directions:
Jdu Jdu
dx 0dy
VE=15v ov ©)

ax dy

. L d a . .
Eq. (9) computes local motion variation, where ﬁ and é represent normal motion changes, while
d a . .

ﬁ and é capture shears deformation in the motion field.

The strain tensor is obtained from the symmetric part of the velocity gradient tensor, which removes
rotational motion and keeps only deformation information. It represents local stretching, compression, and
distortion in the motion field:

du du Jv

S=1 Za 54_% (10)
2|0v  du dv
ax oy ay

The deformation behavior in the motion field is represented by Eq. 10, where the diagonal elements show
expansion or contraction, and the off-diagonal elements represent shear deformation.

The principal strain values are obtained by computing the eigenvalues of the strain tensor, as given in Eq.
(11). These values represent the maximum and minimum deformation directions.

/11, A, = eig(S) (11)
The largest eigenvalue is then selected as the dominant measure of deformation:
Amax = max (/11, A2) (12)

Eq. (12) represents the strongest local structural deformation in the motion field and is highly sensitive to
sudden changes caused by forgery. The optical flow energy, given in Eq. (13), measures the motion intensity
within a block by calculating the average squared magnitude of motion vectors.
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Brow =75 Y @@y’ +v(xy?) (13)
(x,y)EB

Optical flow energy measures the strength of motion within a block, where higher values indicate larger
pixel displacement. Flow-Strain Energy (FSE) combines optical flow energy and deformation information
obtained from the optical flow field. It uses motion strength (Enow) and structural deformation (Amax) together
in a single descriptor. FSE is calculated as a weighted sum of optical flow energy and principal strain, as
given in Eq. (14).

FSEp = aEflow + BAmax (14)
Where a and Scontrol their relative contribution.

The frame-level Flow-Strain Energy is calculated by averaging the block-level values over all blocks in a
frame, as given in Eq. (15):

M

1 Q)

FSE, = MZ FSE( (15)
i=1

This reduces local noise, produces a stable temporal energy signal, and provides an overall view of motion

and deformation for the entire frame.

3.4 Temporal Variation

Temporal inconsistency is calculated using the difference between successive frames. Eq. 16 represents the
variation in Flow-Strain Energy between consecutive frames and captures sudden changes in motion and
deformation patterns.

AFSE, = FSE, — AFSE,_, (16)

3.5 Statistical Outlier Detection
The temporal difference sequence is normalized using Z-score transformation to measure how much each
frame differs from normal motion behavior.

First, the mean of the temporal Flow-Strain Energy difference sequence is calculated as given in Eq. (17). It
represents the average variation in motion and deformation throughout the video sequence.

T
1
HarsE = ﬁz AFSE; 17)
t=2

Next, the standard deviation is calculated as given in Eq. (18). It measures how much the temporal variations
differ from the mean and reflects the stability of motion across frames.

T
1
OAFSE = mZ(AFSEt — Harse)? (18)
t=2

Finally, Eq. (19) standardizes the Flow-Strain Energy variation using the calculated mean and standard
deviation. This helps identify abnormal motion changes compared to the overall distribution of frame-level
motion dynamics.

AFSE; — UarsE
Iy = ———— (19)
OAFSE

Frames are identified as outliers when the Z-score exceeds a predefined threshold:
1Ze| > Tenr (20)
Eq. (20) identifies outlier frames with unusual motion and deformation changes that may indicate frame

insertion, deletion, or duplication.

3.6 Forgery Detection with Localization

The outlier frames detected from the Z-score sequence are used for forgery detection and temporal
localization. First, all frame indices satisfying |Z;| > Ty, are collected. These indices are then grouped into
consecutive segments, where each group contains neighboring anomalous frames in time.
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If no consecutive frame pairs are found within the grouped segments, the detected anomalies are treated as
isolated changes caused by natural motion, and the video is classified as an Original Video.

Otherwise, if consecutive frame pairs are found, it indicates consistent irregular changes over time. Each of
these successive pairs is gathered as potential forged frames in a set F. In this instance, the video falls under
the category of Forged Videos.

Finally, the frame indices of the tampered regions are contained in the set F, which provides precise temporal
localization of the forgery.

3.7 Parameter selection and Threshold Setting

The weighting coefficients a and f, block size B, statistical threshold Ti and Gaussian smoothing variance o
all affect how well the suggested framework performs. These settings are chosen empirically in order to
achieve a compromise between robustness against false alarms and detection sensitivity.

While a larger value of the Gaussian kernel variance o eliminates crucial motion information required for
forgery detection, a smaller value does not effectively reduce noise. Consequently, o is adjusted to 1.0 since
it offers an adequate balance between reducing noise and maintaining significant motion details in the video.

The block size B is selected to 32x32 because it provides a suitable trade-off between computation and
detail. Larger blocks make it more difficult to identify forged areas, whereas smaller blocks may identify
small changes but also add noise.

The weighting factors are adjusted at « = 0.6 and S = 0.4 for computing Flow-Strain Energy, giving motion
energy a slightly higher importance than deformation. This configuration is selected because motion
magnitude offers stable global dynamics and strain adds fine structural sensitivity.

The sensitivity of forgery detection is controlled by the statistical threshold T which is employed in Eq.
(20). It is a crucial component of the suggested approach. Comprehensive tests were performed on 100 video
sequences in order to determine its optimal value. These comprise authentic videos as well as fabricated
ones, such as frame duplication, deletion, and insertion. The tests are conducted in a variety of settings,
including variations in lighting, motion intensity, and compression levels.

As experiments are conducted, it is observed that:

o At lower threshold values (7w < 4), sensitivity is increased, but natural motion variations result in
more false positives.

e Higher threshold values (7 > 6) reduce false alarms, but they cannot detect subtle forgeries such as
single-frame duplication.

The best threshold, 7w, = 5, which provides a constant trade-off between robustness and detection accuracy
for all assessed movies, is chosen as a result of this research. The selected parameters exhibit consistent
performance and high generalization ability in a range of video scenarios, indicating that they are suitable for
real-world forensic applications.

3.8 Algorithm
The various steps of the proposed technique are summarized by Algorithm 1.

Algorithm 1 Flow-Strain Energy (FSE) based Video Forgery Identification and Localization:
Input: Video Sequence V
Output: Forgery decision and forged frame indices F

1. Extract all frames from the input video sequence and denote them as {I,}7_;

2. Perform preprocessing on each frame including gray-scale conversion, Gaussian smoothing,
histogram equalization, and normalization to obtain enhanced frames{I}}.

3. Initialize an empty set Z to store detected outlier frame indices.
4. for each consecutive frame pair (1571, 1}) wheret=2to T do
Compute dense optical flow field F;(x, y) consisting of horizontal and vertical motion

components.
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Compute spatial gradient of the optical flow field to obtain motion variation information.
Construct the strain tensor from the symmetric part of the flow gradient field.
Compute eigenvalues of the strain tensor and select the maximum eigenvalues as the principal
deformation measure.
Compute optical flow based energy on squared magnitude of motion vectors within the frame.
Compute Flow-Strain energy (FSE) as a weighted combination of optical flow energy and
principal strain value.

end for

Construct temporal sequence of FSE values for all frames.

Compute temporal difference sequence AFSE; between consecutive frames.

Compute standard deviation o rsg and mean pppsg of the temporal difference sequences.

Normalize the temporal variation using Z-score transformation to obtain Z; values.

Y X 2w

for each frame index ¢ do
if |Z| > T then
Store frame index ¢ in the set 2.
end if
end for
10. Group all detected indices in Z into consecutive segments Gj, Gy, . . ., Gx
if no consecutive frame pairs exist in any group then
Declare the video as Original Video.
else
Identify all consecutive frame pairs within grouped segments.
Store these pairs as forged frame candidates in setF .
Declare the video as Forged Video.
Report F as the localized forgery frame indices.
end if

3.9 Advantages of the Proposed FSE-Based Method
o A statistical analysis-based unsupervised and training-free framework.

e Computationally effective because of lightweight operations and block-based processing.
e Physically understandable by combining deformation and motion (Flow-Strain Energy).
e Extremely sensitive to small temporal irregularities in motion patterns.

e Resistant to variations in illumination since preprocessing techniques are employed.

e Efficient in identifying various forms of inter-frame forgeries, such as duplication, deletion, and
insertion.

e Gives precise temporal localization of regions of forged frames.
4 EXPERIMENTAL RESULT

The experimental evaluation of the suggested Flow-Strain Energy framework for inter- frame video forgery
detection is presented in this section. Benchmark inter-frame datasets with frame insertion, deletion, and
duplication forgeries are used for the evaluation. To guarantee a fair and trustworthy analysis, the method’s
performance is evaluated using standardized measures.
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4.1 Dataset

A total of 174 video sequences- 53 real movies and 121 fake video samples- are used for the experimental
investigation. The evaluation is carried out on two datasets, as summarized in Table 2, which include
publicly available inter-frame forgery datasets, TDTVD [33] and VIFFD [34].

The videos are recorded in different indoor and outdoor environments under both static and dynamic
conditions. They include variations in camera types, resolutions, lighting, and motion, covering scenes from
completely still to highly dynamic. The videos are available in formats such as AVI, and MP4, with
resolutions ranging from 320x240 to 720x404 pixels, durations between 5 and 18 seconds, and frame rates

Description
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of 25, and 30 fps.
Table 2 Features of the Datasets Used for Assessment
Dataset Source Type of Forgery Resolution | Length | Frame | No. of | Format
Rate | Videos
VIFFD - Frame Duplication, 720%404 5-10s | 25 fps 30 AVI,
[34] Frame Insertion and Original mp4
Frame Deletion ,52
forged
TDTVD 24 from Frame Duplication, 320%240 6-18s | 30 fps 23 AVI
[33] YouTube, Frame Insertion and 640%360 Original
VTD Dataset Frame Deletion and 69
and 16 from Forged
SULFA

4.2 Standard Evaluation Metrics for the Proposed Framework

Standard metrics such as Detection Accuracy, Localization Accuracy, Precision, Recall, and F1-Score are

used to assess the effectiveness of the suggested approach.

4.2.1 Detection Accuracy
Detection Accuracy, given in Eq. (21), measures how correctly the videos are classified as forged or original:

4.2.2 Localization Accuracy

(22):

Detection Accuracy =

Localization Accuracy =

4.2.3 Precision

Eq. (23) expresses precision as the percentage of successfully identified forged frames among all detected

frames:

4.2.4 Recall

Precision =

TP + TN

TP
TP + FP

TP + TN + FP + FN
Localization Accuracy evaluates how accurately the forged frame locations are identified, as given in Eq.

Ncorrect_frames

Nactual_forged_frames

(2D

(22)

(23)

According to Eq. (24), recall quantifies the percentage of real forged frames that are accurately identified:

4.2.5 F1-Score

Recall =

TP
TP + FN

(24)

F1-Score, as described by Eq. (25) is the harmonic mean of Precision and Recall:

Where:

IJERTV 1518052733

F1 — Score = 2 X

Precision X Recall

Precision + Recall

(25)
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TP = True Positives (correctly detected forged frames/videos)

TN = True Negatives (correctly detected original videos)

FP = False Positives (original detected as forged)

FN = False Negatives (forged detected as original)

Neorrect_frames represents the number of correctly localized forged frames, and
Nactual_forged_frames represents the total number of actual forged frames.

4.3 Frame-Level Performance Evaluation

The proposed Flow-Strain Energy framework is evaluated for its ability to detect and localize frame-level
forgeries across different datasets. To examine its generalization capability, experiments are conducted using
selected subset of videos from the VIFFD [34] and TDTVD [33] datasets.

Confusion matrices (Fig. 2), which clearly depict true positives, false positives, true negatives, and false
negatives, are used to analyze the results. The standard measures covered in the preceding section are used to
evaluate the suggested method’s performance.

Table 3 and Fig. 3 present the results, which show consistent performance under various motion conditions
and video types. These results demonstrate how resilient and flexible the suggested strategy is in a variety of
situations.

VIFFD TDTVD

True label
Authentic Forged

True label
Authentic Forged

Forged Authentic Forged Authentic

Fig.2 Confusion Matrix across Datasets

Table 3 Dataset-wise Performance Evaluation using Standard Metrics

Parameters VIFFD [34] TDTVD [33]
Detection Accuracy 95.12% 96.73%
Localization Accuracy 94.23% 94.20%
Precision 94.44% 97.14%
Recall 98.07% 98.55%
F1 Score 96.22% 97.84%

These findings demonstrate how well the suggested approach locates altered frames and detects forgeries,
with very few false alarms and missed detections.

To demonstrate the efficacy of the suggested approach, examples of three types of inter-frame forgeries are
presented. For the deletion case, the video huabin walk2 1 from the VIFFD dataset [34] is considered,
where frames 75 to 150 are removed. The original and forged frame sequences are shown in Fig. 4. This
deletion introduces a temporal discontinuity, which appears as sharp peak in the graph, as shown in Fig. 5.
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Fig.3 Graphical Comparison of Performance across two datasets
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Fig.5 Flow-Strain Energy (FSE) Outlier Detection graph for Frame Deletion case example

For the duplication case, the video Tampered EOP 05 original_framedup from the TDTVD dataset [33] is
used, where frames 31 to 100 are duplicated and inserted between frames 259 and 333. The corresponding
original and forged frame sequences are shown in Fig. 6. This duplication results in temporal inconsistency,
producing two sharp peaks in the graph, as illustrated in Fig. 7.

Frame 31 Frame 259 Frame 333

Frame 105 Frame 257

ORIGINAL > &N

—

Frame 31 Frame 105 _Frame 257 [ame

Fig.6 Original and Forged Frame Sequences for Frame Duplication case example
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Fig.7 Flow-Strain Energy (FSE) Outlier Detection graph for Frame Duplication case example

Similarly, for the insertion case, the video Tampered EOP can 220 man(l) frameins from the TDTVD
dataset [33] is analyzed, where frames are inserted from 201 to 300. The original and forged frame sequences
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are shown in Fig.8. This insertion creates temporal discontinuities at the boundaries, which are reflected as

8

Frame 301

two sharp peaks in the graph, as shown in Fig.9.
Frame 199 Frame 200

—- 8
Frame 199
X N

Fig.8 Original and Forged Frame Sequences for Frame Insertion case example
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Fig.9 Flow-Strain Energy (FSE) Outlier Detection graph for Frame Insertion case example
5 COMPARISON WITH EXISTING TECHNIQUES

Table 4 compares the suggested technique with state-of-the-art techniques based on forgery types,
localization capability, and performance measures such as detection accuracy, F1-score, recall, and precision.
Most existing methods are limited to specific forgery types, such as both insertion and deletion [35, 36], or
only insertion [37], or only deletion [38]. In contrast, the pro- posed method handles all major inter-frame
forgeries, including duplication, insertion, and deletion.

The suggested approach performs consistently on datasets, with balance F1-Score, precision, and recall as
well as detection accuracies of 95.12% on VIFFD and 96.73% on TDTVD. Additionally, it offers efficient
frame-level localization with 94.23% and 94.20% accuracy on VIFFD and TDTVD, respectively.

Overall, the results indicate that the proposed Flow-Strain Energy-based frame- work offers a strong balance
between detection performance, localization accuracy, and robustness across different video conditions.

6 CONCLUSION AND FUTURE WORK

This paper presents a Flow-Strain Energy (FSE)-based method for identifying and locating inter-frame video
forgeries. The method combines motion information from optical flow with deformation information from
strain analysis to capture changes over time. The FSE descriptor provides a consistent representation of
motion in each frame. To detect abnormal frames, the changes in the FSE descriptor over time are analyzed
using simple statistical methods. Effective localization of forged segments corresponding to frame
duplication, insertion, and deletion is made possible by grouping consecutive outliers. Experimental
evaluation on standard datasets shows that the proposed method delivers consistent detection and localization
performance while being computationally inexpensive and independent of training data.

Future research will concentrate on enhancing the method’s performance in challenging conditions such as
heavy compression, camera motion, and low-quality videos. It will also explore better adaptive threshold
techniques. Since there are limited benchmark datasets, there is a need to develop new and diverse high-
quality datasets. In addition, the method will be extended to handle more complex forgeries, including
deepfake-based manipulations.
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Table 4 Performance Comparison with State-of the Art Video Forgery Detection Techniques

Tech| Year | Type of Forgery | Dataset |Locali-| Locali- [Detection/Precision| Recall F1
nique Detected Used zation |zation Accu-| Accu- Score
racy racy
[35] | 2022 |Frame Insertion and Deletion| VIFFD Yes | Not Given 98% 98% 98% 98%
[36] | 2022 |Frame Insertion and Deletion| VIFFD Yes | Not Given 83% 83% 87% 84%
[37] | 2022 Frame Insertion VIFFD Yes | NotGiven | 86.5% | 78.94% | 100% | 87%
[38] | 2023 Frame Deletion TDTVD No Not Given | 96.25% No 95.12% | 96.3%
Propo| — |Frame Insertion, Deletion and| VIFFD Yes 94.23% 95.12% | 94.44% | 98.07% |96.22%
sed Duplication
Propo| — [Frame Insertion, Deletion and TDTVD | Yes 94.20% 96.73% | 97.14% | 98.55% (97.84%
sed Duplication
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