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Detecting Frame Deletion in Videos Using
Supervised and Unsupervised Learning with
Convolutional Neural Networks

Jorge Ceron (), Cristian Tinipuclla

Abstract—In recent years videos are susceptible not only to
any edition, but also to a variety of forgeries. One of the most
popular video forgeries is frame deletion, in which a group
of frames is removed to hide specific actions from the human
eye. When frame deletion occurs, videos selected as evidence
lose their evidentiary value. This highlights the necessity of
automation, especially for analyzing large volumes of videos.
Thus, the performance of two deep learning approaches for
frame deletion detection is measured through k-fold cross
validation in three datasets and its combinations. Both of the
approaches use Convolutional Neural Networks (CNN): The
first one, a supervised 3DCNN model and, the second one, is
an unsupervised model compound of VGG-16. Based on this,
the main contributions of this study are: the release of code for
a novel comparison between two approaches using 5-fold and
10-fold cross-validation; the introduction of a new dataset for
the research community, called the Driving Test Dataset (DTD);
and the development of a more realistic forgery process for the
datasets, which is explained in detail. One of the key findings
is that the highest performance was achieved using the first-
mentioned model on the combined VIFFD and DTD datasets,
reaching a precision of 0.94, recall of 0.93, Fl-score of 0.92,
and an accuracy of 0.93. Finally, the results are analyzed and
recommendations are provided to guide future work in this area.

Link to graphical and video abstracts, and to code:
https://latamt.ieeer9.org/index.php/transactions/article/view/9568

Index Terms—frame deletion detection, deep learning, CNN,
video forgery detection, temporal forgery

I. INTRODUCTION

ITH the advent of modern technology, videos have

become increasingly susceptible to forgery, which can
distort reality and influence decisions detrimentally [1], [2],
and cause defamation, frauds, misdirection and even harm
to individuals or organizations [3]. Advances in both simple
applications like Tiktok and sophisticated editing tools such as
Adobe Premier Pro [3], [4], have made video alterations more
accessible. There exists a wide range of video forgery, and
can occur at either the spatial level, or temporal level. Spatial
level forgeries can refer to copy-move, splicing, inpainting
and illumination changes, which can also be found on image
forgeries. In contrast, temporal-level forgeries are intrinsic to
video content due to its fundamental characteristics and refer
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to inter-frame manipulations [5], which consists of any form of
altering the continuity of frames in a video, such as insertion,
frame shuffling, frame duplication, and frame deletion [6],
with frame deletion being one of the significant issues to which
videos are susceptible [2]. Frame deletion involves the removal
of specific frames from a video sequence, potentially obscuring
key scenes [1], [7]. This issue is particularly critical when
surveillance videos, whose integrity has not been verified,
are presented as evidence in court. Consequently, detecting
video forgery, and in particular frame deletion, is essential
to validating whether video content has undergone intentional
manipulation [8].

Frame deletion detection is mainly addressed in the litera-
ture through passive approaches, which rely on identifying in-
herent attributes and patterns in videos to predict whether they
have been forged [9]. In this context, various techniques for de-
tecting frame deletion have been proposed, broadly categorized
into standard and deep learning-based methods [10]. The stan-
dard method workflow involves analyzing video features such
as optical flow, macroblock, motion or time-frequency analy-
sis. However, this workflow lacks computational efficiency, as
its processing tasks are time-consuming [10]. In contrast, the
deep learning-based workflow uses Artificial Neural Networks
(ANNSs) to automate the feature extraction and classification
stages of video. Among these, Convolutional Neural Networks
(CNNs) are the preferred choice due to their exceptional ability
to process high-dimensional features and provide the required
information efficiently [11]. CNN is compound of three main
layers: first, convolutional; second, pooling and finally fully
connected [12]. This type of ANN has demonstrated along
various academic researches its potential to effectively address
the task of retrieving dimensional features from images [11].

CNNs for detecting frame deletion can be utilized in
both supervised and unsupervised learning approaches. In the
supervised approach, the use of pretrained CNNs from the
literature [13], [14] is common, or their architectures are
adapted to create new models focused on frame deletion tasks
[10], [14]-[18]. VGG-16 network, pretrained in ImageNet
Dataset [19](a dataset with more than a million of images)
has been widely employed to detect manipulation in videos,
primarily because of its small 3X3 kernels, proven to have
high precision in detecting subtle signs of tampering, such
as video frame removal [20]. In the unsupervised approach,
CNNs are typically used for feature extraction, followed by
statistical operations to detect or classify the forgery [1], [21],
[22]. In contrast to conventional CNNs, a 3D-CNN is specially
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designed to handle videos since its ability to learn and retrieve
spatio-temporal features [23]. It has been demonstrated the
superiority of CNNs over other machine learning methods in
forgery detection tasks. However, there is a clear downside,
the fact this networks require high computational power [24].
Unlike CNNS, statistical techniques such as Pearson’s cor-
relation coefficient is used to identify points of any type of
temporal forgery [25]. Moreover, frame difference is effective
at distinguishing frame deletion since determines variations in
the correlation factor of two sequential frames [18].

In this work, we present a novel comparison between
supervised and unsupervised deep learning approaches—based
on models from [18] and [21]—using both 5-fold and 10-fold
cross-validation. Performance was assessed using accuracy,
Fl-score, precision, and recall on two public datasets, VIFFD
[26] and UCF-101 [27], and a new dataset introduced in this
study: the Driving Test Dataset (DTD) [28]. By combining
these datasets into seven test sets, the evaluation was made
more robust. Building on the previous work [28], this research
introduces methodological enhancements such as improved
architecture, a broader literature review, the application of k-
fold cross-validation, and notable improvements in key perfor-
mance metrics, especially for the unsupervised approach.

Thus, the main contributions of this study are as follows:

1) The release of source code on GitHub for a novel
comparison between two approaches using both 5-fold
and 10-fold cross-validation.

2) The introduction of a new dataset for the research
community, called the Driving Test Dataset (DTD),
consisting of over 100 driving test videos released under
a Creative Commons license.

3) The development of a more realistic forgery process for
the datasets, in contrast to prior methods used in [18]
and [21], which involved only deleting a fixed number
of frames.

4) A comprehensive evaluation of the performance of two
deep learning approaches for frame deletion detection,
conducted using both 5-fold and 10-fold cross-validation
schemes.

This paper is organized as follows: Section II reviews
related work on frame deletion. Section III provides a detailed
description of the proposal. Section IV outlines the experimen-
tal configuration. Section V presents the results. Section VI
discusses the results reported in the previous section. Finally,
Section VII, concludes the paper and offer recommendations
for future research.

II. RELATED WORK

This section reviews standard methods and deep learning-
based approaches to detect frame deletion. In standard meth-
ods, [29] defines a system that detects abrupt changes in videos
using prediction residual and the number of intra macroblocks
but fails with slow-motion videos, achieving no more than 88%
accuracy. Similarly [30], utilizes motion fluctuation features
to adapt to varying motion strengths, obtaining a 90% true
positive rate for forged location detection but shares the
same limitation. Then, in [31], a framework using Triangular
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Polarity Feature Classification (TPFC) achieved up to 89.76%
precision rate in detecting frame deletion. However, diverse
training conditions are needed to enhance feature discrim-
inability. An alternative method was proposed in [32], based
on Electric Network Frequency (ENF) phase anomalies but
depends heavily on lighting, limiting its applicability. Optical
flow orientation variations in [33] achieve an 89% detection
rate across different coding types, though false alarms remain
lower than 10% only with 5 moving objects. In [34] the
proposal is based on analyzing compressed domain video foot-
prints and motion vector. Experiments used varying constant
rate factor (crf) = 18 and varying bit rate (BR), obtaining
90.47% accuracy, 95% recall and 92.68% F1-Score. In [25] a
method based on the high-frequency features of reconstructed
coefficients is defined, though it is tested only in videos with
MPEG-2 codec.

On the other hand, there exist deep learning-based methods
for frame deletion detection, such as Long et al. [16], who
proposed a 3DCNN in conjuction with cue-based techniques,
achieving 98.2% of accuracy, although fails in videos with
static motion. In case of Hong et al. [15], they design a system
with feature extraction and classification with a Multilayer
Perceptron (MLP), obtaining 88% of accuracy as results.
Singla et al. [13], apply transfer learning in CNN models
such as GoogleNet, ResNet, DenseNet or InceptionV3. They
obtain an accuracy of 99% but its complexity and such lots
of parameters decrease the processing speed. In [1], a CNN
and a Gaussian Radial Basis Function Support Vector Machine
(RBF-MSVM) technique were used to get 98.7% of accuracy
as final results. Singla et al. [17] compared CNN, SVM and
MLP, achieving the best result with the CNN. However, they
only tested with 25 frames or 100 frames deleted, which limits
tampering use cases. In [18], a model based on a 3DCNN
with a difference frame technique is proposed, having 99%
of accuracy as results, but again, they only worked with
limited frame deletion use cases. Then, in [21] a CNN based
on VGG16 with an analytical technique such as Pearson’s
correlation coefficient (PCC) obtained a 91% of accuracy.
Its network architecture lacks of specification though. Unlike
typical CNN methods, Yi Gong et al. [14] innovate with
a technique called “Improved Residual Feature” - IReF, a
technique for better recognition of frame deletion points using
3DCNN and Resnet, in which outstanded the most. In [10] a
3DCNN with a difference layer is proposed not only to detect
frame forgery, but also to localize it, implementing a Multi-
scale structural similarity (MS-SSIM) index measurement and
improving the accuracy from 82% to 98%. To address the
problem of detecting video tampering on static camera videos,
[22] presents an unsupervised approach focused on inter-
frame local features calculation and an ANN to classify them.
Finally, there is a post processing (rank filtering) and the
final classification stage (with results of rank filtering). They
experimented on two static camera videos (Road video and
SU_corridor video), obtaining 88% accuracy on Road video
and 89% on SU_corridor video.

In summary, this study replicates the approaches of [18]
and [21] incorporating modifications on their architectures for
improved evaluation of frame deletion detection.
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III. METHOD
A. Comparison of Models

In this study, seven models were evaluated for frame dele-
tion detection: P1, based on [18], and six variants of P2,
which is derived from [21]. The six P2 variants including
its original architecture and five models pretrained on the
ImageNet dataset: ResNet [35], DenseNet [36], InceptionV3,
NasNet [37], and VGG-16 [38]. These models were chosen
for their high accuracy in previous studies (up to 97.5%
[13]) and are expected to perform well here. Unlike most
existing methods, P1 integrates a 3D CNN, while P2 takes a
different approach by leveraging CNNs exclusively for feature
extraction, differing from typical end-to-end deep learning
models.

Since P2 uses CNNs exclusively for feature extraction, it
allows easy integration of various pretrained models com-
monly used in video forgery detection, enabling performance
comparison with the original model by [21]. VGG-16, used
effectively in [1], [13] and also in [21], has shown strong
performance in frame deletion detection. ResNet, adopted in
[14], and DenseNet offer robust architectures with enhanced
training speed and accuracy due to their multi-layer connec-
tions. Similarly, InceptionV3 and NasNet maintain consistent
layer connections, helping manage computational costs. These
advantages are also highlighted in [13]. Comparing these
models with the original approach helped identify the most
suitable architecture for this task.

The performance of the seven models was compared using
10-fold and 5-fold cross-validation on VIFFD, UCF-101, and
DTD datasets. This approach ensures robust and reliable
results by training on more diverse data subsets and improving
generalization. Then, the evaluation of metrics employed sta-
tistical methods such as ROC curves and hypothesis testing.
Algorithm 1 presents the steps followed in the proposed pro-
cess. The GitHub repository! containing the code is publicly
available.

Algorithm 1 Forgery Detection Evaluation Process

Input: VIFFD, UCF-101, and DTD datasets

QOutput: Performance evaluation results

Step 1: Conduct 10-fold cross-validation with P1 model
Save predicted labels for each fold

Step 2: Generate predictions using P2 model

Ensure consistent test sets

Step 3: Compile all predictions across folds

Step 4: Apply statistical analyses (e.g., ROC curves,
hypothesis testing)

Step 5: Draw conclusions based on statistical results

The supervised architecture, referred to as (P1), is based
on [18] and consists of the following stages (see Fig. 1):
(1) input videos, (2) frame extraction, (3) preprocessing, (4)
frame difference calculation, (5) training, and (6) output. The
ConvLSTM2D layer was removed because the original paper
does not explicitly specify its role within the architecture,

Thttps://github.com/1720907/GICC-VIDEOFRAUD-METHODS
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and preliminary experiments showed that it did not yield
satisfactory results. The process begins with (2), where frames
are extracted from the input video and resized to 64x64 pixels
in (3) to ensure consistency and computational efficiency. In
(4), the difference between consecutive frames is computed
to detect significant changes that may indicate manipulation,
and these difference frames are then fed into (5), where a
3D Convolutional Neural Network (3DCNN) analyzes them to
learn distinguishing patterns. Finally, (6) classifies the video
as either original or forged based on the extracted features.

In contrast, (P2), derived from [21], consists of seven
stages (see Fig. 2): (1) video input, (2) frame extraction, (3)
preprocessing, (4) feature extraction, (5) PCC calculations, (6)
adaptive thresholding, and (7) output. When developing the
five alternative models based on P2, stages (2) and (3) were
modified to accommodate pretrained networks, which require
RGB channels. Specifically, in (5), lambda (\) serves as the
initial threshold for forgery detection: if the PCC difference
is less than or equal to A, the frame is classified as original;
otherwise, it is marked as forged. In (6), the classification
process incorporates Sigma ((d)), which determines the upper
(ub) and lower (Ib) supporting values. These values, along
with the threshold control parameters (1) and (7y;), define
the adaptive thresholds that ultimately classify a video as
original, deleted, or frame-inserted (though the latter was not
implemented in this work). For further details, refer to Sections
4.2, 4.3, and 4.4 of Kumar et al. [21].

2 Extract frames
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Fig. 1. The architecture of P1, inspired by [18], starts with (1) video
input, (2) frame extraction, (3) preprocessing, where the video is
resized to 64x64 pixels, (4) frame difference between consecutive
frames, which are then used in the fifth block for (5) training a 3D
CNN model. The final block, (6) the output which classifies the video
as original or forged.
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Fig. 2. The architecture of P2, inspired by [21], begins with (1) video
input, (2) frame extraction, (3) preprocessing, in which the frames
are resized to 250x250 pixels. Then, (4) feature extraction is applied
using a pretrained model, (5) Pearson Correlation Coefficient (PCC)
calculation between consecutive frames. (6) Adaptive thresholds and
(7) output from classification

B. Creation of Datasets

In this study, different datasets were created by manipulating
well-known databases: UCF-101 [27], VIFFD [26], and the
DTD database [28], specifically using the “original” folder of
unaltered videos. Details about the datasets can be found in
[28], page 5, where the structure of the datasets and combined
datasets is described. UCF-101 is denoted as D1, VIFFD as
D2, and DTD as D3, while combined datasets are represented
as D1+D2, D1+D3, D2+D3, and D1+D2+D3.

The Datasets were reorganized to improve video reading
efficiency. The new structure includes:

o ‘forgery_data’: Manipulated videos.

o ‘forgery_info’: A CSV file with ground truth details, such
as deletion points and manipulated frame indices.

o ‘forgery_labels’: .npy files with frame labels (O for orig-
inal, 1 for forged) used by the P2 model.

o ‘pl_data_batches’: Preprocessed frames in batches of 36
difference frames.

o ‘pl_label_batches’:
36-frame batches.

This structure enhances the use of pandas DataFrames for
efficient CSV reading, enabling quick access to file paths and
names with sorting capability. It supports dataset generators
(via TensorFlow’s Dataset.from_generator), simplifying train-
ing, shuffling, and handling combined datasets.

Labels for each video matching the

C. Forgery Process

To identify manipulations, in this study methods from [21],
[1], and [18] were adapted. As outlined in Equation 1 of [28],
up to 10% of a video’s frames are randomly deleted from a
continuous section, with a minimum of 10 frames removed.

Metadata, including video name, frame rate, indexes of deleted
frames, total frame count, deletion time, and frame index, is
saved in the “forgery_info” folder as a CSV file.

Fig. 3 shows a sequence from a forged video in the DTD
dataset (”deleted KATIE GETS HER DRIVERS PERMIT!!
__first time driving_4_2"). In this example, 59 frames were
deleted between the 228th and 229th frames. The 229th frame,
whose border is highlighted in red, serves as the ground
truth since it directly follows the deletion. This visualization
illustrates the labeling of manipulated content and the visual
continuity around the manipulated region.

For each dataset, 50% of the original videos were ramdomly
selected, and applied the manipulation algorithm. These ma-
nipulated datasets were then prepared for model processing.

Fig. 3. The figure illustrates a sequence of frames extracted from the
manipulated video “deleted KATIE GETS HER DRIVERS PERMIT!!
__first time driving_4_2” from the DTD dataset. The frames are
displayed chronologically, with their indices shown above each frame.
A discontinuity in the temporal sequence is observed between the
228th and 229th frames, where 59 frames were omitted in the
manipulated video. Consequently, the 229th frame has been marked
as manipulated and is highlighted with a red border to emphasize
this annotation.

IV. EXPERIMENTAL SETTINGS
A. Hardware Used

The experiments were performed on a computer system with
the following specifications: an Intel Core i9 12th generation
processor, an MSI MAG B660M Mortar DDR4 motherboard,
64 GB of DDR4 RAM running at 3200 MHz, a 1TB NVMe
solid-state drive, a 1TB SATA hard disk, and an MSI Nvidia
GeForce RTX 3080 graphics card with 10GB of VRAM.

B. Datasets

The experiments were conducted on three primary datasets
and their combinations, specifically: D1, D2, D3, D1+D2,
D1+D3, D2+D3, and D1+D2+D3.

C. Metrics

It is inmportant to mention that four metrics to measure the
behaviour of P1 and P2 were used, which are the following;
accuracy (1), precision (3), recall (2) and F1 score (4).

A TP +TN 0
ccuracy =
Y = TP YTN+FP+ FN
TP

Recall = ———— 2

T TPYFN @)

Precisi TP 3)
recision = —————
TP+ FP

Fl—9x Precision x Recall @

Precision + Recall
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D. Training Parameters

Training of P1 was conducted for 100 epochs with the
following parameters: a learning rate of 0.009, momentum of
0.9, and the use of the SGD optimizer.

TABLE 1
EXPERIMENTAL SETTINGS FOR P2 SCENARIOS

Scenario Seed A 0 YoY2

P2 [21] 40 0.1 26 14 1.0
P2 (pretrained - 008 35 14 1.0
networks)

In contrast, the settings for the P2 experiments were divided
into two scenarios, as shown in Table I. The first scenario
represents the original work of [21], i.e., P2 [21], while the
second scenario includes five models based on [21], i.e., P2
with pretrained networks. The seed refers to a random number
used to initialize the weights of the CNN. For P2 [21], the seed
is set to 40, whereas in the second scenario, it is not required
since it utilizes pretrained CNNs. For the other parameters (),
d, Y1, 72), different values are required since each scenario
applies distinct preprocessing and feature extraction techniques
(see Section III).

V. RESULTS

Tables II and III present the performance of the seven
models evaluated using 5-fold and 10-fold cross-validation,
respectively. Each table reports the mean macro-average of the
metrics across folds, along with their corresponding standard
deviations. In general, a noticeable improvement in P1’s
performance can be observed in the 10-fold cross-validation
compared to the 5-fold cross-validation. On the other hand,
standard deviations tend to be lower in 5-fold cross-validation
than in 10-fold cross-validation. This is due to the nature of the
technique itself: with 5-fold cross-validation, each validation
set contains more data, leading to a more stable and reliable
model evaluation.

The key metric to focus on is recall, as it measures the
model’s ability to correctly identify true positives (videos with
frame deletion). In Table II, the most reliable model for this
task is P2 in D3, achieving a recall of 80%. Meanwhile, in
Table III, P1 in D2+D3 stands out with a 93% recall, indicating
the best performance in detecting frame deletion. Interestingly,
P1 performed poorly on the D3 dataset, recording the lowest
scores (33% on Recall) despite its strong performance in its
combination with D2. Given that D3 is the smallest dataset,
this limitation is likely the main cause of these results.

For most P2 models, results were consistent in Table III
(10-fold cross-validation), except for P2-NasnetLarge and P2-
InceptionV3, which performed poorly on D2. P2-NasnetLarge
had the lowest scores: 25% Precision, 50% Recall, 33% F1-
Score, and 50% Accuracy, while P2-InceptionV3 recorded
30%, 49%, 34%, and 50%, respectively. Notably, the original
P2 model outperformed all variants, achieving the highest
scores on D3: 81% Precision, 80% Recall, F1-Score, and
Accuracy.

After applying hypothesis testing at a 5% significance
level between the aforementioned models and supporting the
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analysis with the results shown in Table III, it is concluded
that:

o With D1, P1 performs better.

o With D2, there is no significant difference between mod-
els.

o With D3, P2 has better performance.

o With D14D2, P1 performs better.

o With D1+D3, P1 performs better.

o With D2+D3, P1 performs much better.

o With D1+D2+D3, P1 performs better.

In addition to classification performance, we report the
model complexity and computational requirements for each
approach. P1 contains approximately 9.97 million parameters,
while P2 (original) contains 16 368, P2 - Resnet has 23.59
million parameters, P2 - VGG-16 contains 14.71, P2 - Nasnet
has 84.92 million parameters, P2 - InceptionV3 contains 21.8
million parameters and P2 - DenseNet has 7 million of
parameters. These differences in parameter count impact both
training time and inference efficiency. About input resolution,
the 3DCNN, from P1, was trained with an input resolution of
(36, 64, 64, 3), while in P2, the original VGG model has (250,
250, 1) and the pretrained models (128, 128, 3). The average
inference time per video sample was [insert time, e.g., 0.15s]
for Model 1, [insert for Model 2], and [insert for Model 3].
These factors are considered further in the discussion section.

VI. DISCUSSION OF RESULTS

In Fig. 4, the ROC curves of the seven evaluated models
on the combined dataset D1+D2+D3 (5-fold cross-validation)
are presented. Based on the Area Under the Curve (AUC), P1
and P2 (VGG16) achieved the highest performance, both with
an AUC of 0.64. P2 (Seed40) and P2 (ResNet50) followed
closely, obtaining 0.62. On the other hand, P2 (NasnetLarge)
recorded the lowest performance, with an AUC of 0.53, while
P2 (DenseNetl121) and P2 (InceptionV3) both reached 0.56.
These results indicate that P1 and P2 (VGG16) are the most
reliable models in distinguishing between positive and negative
cases.

ROC CURVES OF THE MODELS

0.8

0.6

0.4 4
—— P2 seed40 (AUC = 0.62)
P1 (AUC = 0.64)

—— P2_vggl6 (AUC -~ 0.64)
—— P2 nasnetlarge (AUC = 0.53)
—— P2_densenet121 (AUC = 0.56)
—— P2_resnct50 (AUC - 0.62)

P2 inception (AUC = 0.56)

True Positive Rate (TPR)

0.2 1

0.0

T T T T T T
0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate (FPR)

Fig. 4. A comparison of seven models using 5-fold cross-validation
was conducted in terms of their ROC curves. Among all the
models, P1 demonstrated the best performance when evaluated on
D1+D2+D3, the largest dataset utilized in this study.
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TABLE 11
THE RESULTS OF EXPERIMENTS CONDUCTED WITH SEVEN MODELS ACROSS ALL DATASETS ARE PRESENTED. THE
EXPERIMENTS WERE PERFORMED USING 5-FOLD CROSS-VALIDATION, AND EACH REPORTED VALUE REPRESENTS THE
MEAN MACRO-AVERAGE ACROSS THE 5 FOLDS

Dataset Method Metrics
Precision std Recall std F1 std Accuracy std
P1 [18](100 epochs) 0.76 +0.01 0.55 +0.03 0.44 +0.07 0.55 +0.03
P2( [21]) 0.63 +0.00 0.62 +0.00 0.61 +0.00 0.62 +0.00
DI P2(VGG-16 [38]) 0.64 +0.01 0.64 +0.01 0.64 +0.01 0.64 +0.01
P2(Resnet-50 [35]) 0.62 +0.01 0.62 40.01 0.62 +0.01 0.62 +0.01
P2(NasnetLarge [37]) 0.58 +0.02 0.53 +0.01 0.44 +0.00 0.53 +0.01
P2(InceptionV3 [39]) 0.57 +0.01 0.56 +0.01 0.55 +0.01 0.56 +0.01
P2(Densenet-121 [36]) 0.60 +0.01 0.56 40.01 0.51 +0.01 0.56 +0.01
P1 [18](100 epochs) 0.25 +0.00 0.50 +0.00 0.34 +0.00 0.50 +0.01
P2( [21]) 0.57 +0.22 0.53 +0.08 0.45 +0.10 0.54 +0.08
D2 P2(VGG-16 [38]) 0.72 +0.15 0.69 +0.12 0.68 +0.13 0.69 +0.12
P2(Resnet-50 [35]) 0.64 +0.08 0.64 +0.08 0.64 +0.08 0.64 +0.08
P2(NasnetLarge [37]) 0.25 +0.00 0.50 +0.00 0.34 +0.00 0.50 +0.01
P2(InceptionV3 [39]) 0.35 +0.21 0.49 +0.03 0.35 +0.04 0.50 +0.04
P2(Densenet-121 [36]) 0.57 +0.26 0.55 +0.07 0.43 +0.11 0.55 +0.07
P1 [18](100 epochs) 0.25 +0.01 0.50 +0.0 0.33 +0.00 0.50 +0.01
P2( [21]) 0.81 +0.06 0.80 +0.07 0.80 +0.07 0.80 +0.06
D3 P2(VGG-16 [38]) 0.76 +0.06 0.74 +0.07 0.73 +0.08 0.74 +0.07
P2(Resnet-50 [35]) 0.71 +0.04 0.70 +0.05 0.69 +0.05 0.70 +0.05
P2(NasnetLarge [37]) 0.60 +0.10 0.53 +0.03 0.44 +0.04 0.53 +0.03
P2(InceptionV3 [39]) 0.62 +0.08 0.61 +0.08 0.60 +0.08 0.61 +0.08
P2(Densenet-121 [36]) 0.61 +0.03 0.58 +0.03 0.56 +0.04 0.58 +0.03
P1 [18](100 epochs) 0.76 +0.01 0.53 +0.02 0.40 +0.03 0.53 +0.02
P2( [21]) 0.63 40.01 0.62 40.01 0.61 +0.01 0.62 +0.01
D1+D2 P2(VGG-16 [38]) 0.64 +0.01 0.64 40.01 0.64 +0.01 0.64 +0.01
P2(Resnet-50 [35]) 0.62 +0.01 0.62 +0.01 0.62 +0.01 0.62 +0.01
P2(NasnetLarge [37]) 0.58 40.02 0.53 40.01 0.44 +0.01 0.53 +0.01
P2(InceptionV3 [39]) 0.57 +0.01 0.56 +0.01 0.55 +0.01 0.56 +0.01
P2(Densenet-121 [36]) 0.60 +0.02 0.56 +0.01 0.51 +0.01 0.56 +0.01
P1 [18](100 epochs) 0.76 40.02 0.56 40.03 0.45 +0.05 0.56 +0.03
P2( [21]) 0.63 40.00 0.62 +0.00 0.62 +0.01 0.62 +0.00
DI1+D3 P2(VGG-16 [38]) 0.64 +0.01 0.64 +0.01 0.64 +0.01 0.64 +0.01
P2(Resnet-50 [35]) 0.62 40.01 0.62 +0.01 0.62 +0.01 0.62 +0.01
P2(NasnetLarge [37]) 0.58 +0.01 0.53 +0.00 0.44 +0.01 0.53 +0.00
P2(InceptionV3 [39]) 0.57 +0.01 0.56 +0.01 0.55 +0.02 0.56 +0.01
P2(Densenet-121 [36]) 0.60 40.01 0.56 40.01 0.51 +0.01 0.56 +0.01
P1 [18](100 epochs) 0.25 +.00 0.50 +0.00 0.33 +0.00 0.50 +0.00
P2( [21]) 0.70 +.05 0.67 +0.06 0.66 +0.06 0.68 +0.05
D24+D3 P2(VGG-16 [38]) 0.72 +0.07 0.72 40.07 0.71 +0.08 0.72 +0.08
P2(Resnet-50 [35]) 0.68 +0.10 0.67 +0.10 0.67 +0.10 0.67 +0.10
P2(NasnetLarge [37]) 0.54 +0.17 0.51 +0.02 0.40 +0.04 0.52 +0.02
P2(InceptionV3 [39]) 0.57 +0.10 0.56 +0.06 0.51 +0.09 0.56 +0.06
P2(Densenet-121 [36]) 0.49 +0.15 0.52 +0.05 0.43 +0.08 0.51 +0.05
P1 [18](100 epochs) 0.79 +0.02 0.64 +0.06 0.59 +0.08 0.64 +0.06
P2( [21]) 0.63 +0.01 0.62 +0.00 0.62 +0.00 0.62 +0.00
D1+D24D3 P2(VGG-16 [38]) 0.64 40.01 0.64 40.01 0.64 +0.01 0.64 +0.01
P2(RESNET-50 [35]) 0.62 +0.01 0.62 +0.01 0.62 +0.01 0.62 +0.01
P2(NasnetLarge [37]) 0.58 40.01 0.53 40.00 0.44 +0.00 0.53 +0.00
P2(InceptionV3 [39]) 0.57 +0.01 0.56 +0.01 0.55 +0.01 0.56 +0.01
P2(Densenet-121 [36]) 0.60 +0.02 0.56 +0.01 0.51 +0.01 0.56 +0.01

On the other hand, for 10-fold cross-validation experiments,
in Fig. 5, P1 performs the best compared with the other six
models. P1 obtained 0.77 in terms of AUC, P2 (VGGI16)
obtained 0.64, being the highest within P2 variants. Then,
P2 (Original) achieved 0.62, P2 (NasnetLarge) obtained 0.53,
being the lowest among P2 models, P2 (DenseNetl121) ob-
tained 0.56, P2 (ResNet50) obtained 0.62, and finally P2
(InceptionV3) obtained 0.56.

As it is shown in Table IV, P2 (Original) obtained the best
average inference time (0.73 s/min) despite its larger input

resolution compared to other P2 models. On the other hand, P2
(Nasnet) exhibits the highest computational cost (9.73 s/min).
Notably, Model P1, which processes the largest input reso-
lution, ranks second in efficiency (1.61 s/min). Variability in
performance highlights differences across models, underlining
the impact of architecture design on efficiency.

Why do some results from P2 show poor performance, with
accuracy and other metrics falling within the range of 50-60%?
This decline can be attributed to the frames and their statistical
analysis shown in Figs. 6 and 7. First, in case of Fig. 6, when a
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TABLE III
THE RESULTS OF EXPERIMENTS CONDUCTED WITH SEVEN MODELS ACROSS ALL DATASETS ARE PRESENTED. THE
EXPERIMENTS WERE PERFORMED USING 10-FOLD CROSS-VALIDATION, AND EACH REPORTED VALUE REPRESENTS THE
MEAN MACRO-AVERAGE ACROSS THE 10 FOLDS.

Dataset Method Metrics
Precision std Recall std F1 std Accuracy std
P1 [18](100 epochs) 0.89 +0.09 0.82 +0.18 0.78 +0.23 0.82 +0.18
P2( [21]) 0.63 40.01 0.62 40.01 0.61 +0.01 0.62 +0.01
DI P2(VGG-16 [38]) 0.64 +0.01 0.64 +0.01 0.64 +0.01 0.64 +0.01
P2(Resnet-50 [35]) 0.62 +0.01 0.62 40.01 0.62 +0.01 0.62 +0.01
P2(NasnetLarge [37]) 0.58 +0.02 0.53 +0.01 0.44 +0.01 0.53 +0.01
P2(InceptionV3 [39]) 0.57 +0.01 0.56 +0.01 0.55 +0.01 0.56 +0.01
P2(Densenet-121 [36]) 0.60 +0.02 0.56 40.01 0.51 +0.01 0.56 +0.01
P1 [18](100 epochs) 0.88 +0.23 0.88 +0.18 0.86 +0.22 0.88 +0.20
P2( [21]) 0.51 +0.29 0.53 +0.13 0.44 +0.16 0.54 +0.14
D2 P2(VGG-16 [38]) 0.71 +0.21 0.69 +0.15 0.67 +0.17 0.69 +0.14
P2(Resnet-50 [35]) 0.65 +0.13 0.64 +0.12 0.64 +0.12 0.64 +0.12
P2(NasnetLarge [37]) 0.25 +0.02 0.50 +0.00 0.33 +0.02 0.50 +0.04
P2(InceptionV3 [39]) 0.30 +0.16 0.49 +0.04 0.34 +0.06 0.50 +0.06
P2(Densenet-121 [36]) 0.52 +0.27 0.55 +0.07 0.43 +0.11 0.55 +0.07
P1 [18](100 epochs) 0.25 +0.01 0.50 +0.0 0.33 +0.01 0.50 +0.01
P2( [21]) 0.81 +0.08 0.80 +0.08 0.80 +0.08 0.80 +0.08
D3 P2(VGG-16 [38]) 0.76 +0.12 0.74 +0.11 0.73 +0.11 0.74 +0.11
P2(Resnet-50 [35]) 0.72 +0.05 0.70 +0.06 0.69 +0.07 0.70 +0.06
P2(NasnetLarge [37]) 0.55 +0.22 0.53 +0.08 0.44 +0.10 0.53 +0.07
P2(InceptionV3 [39]) 0.63 +0.12 0.61 40.10 0.60 +0.10 0.61 +0.10
P2(Densenet-121 [36]) 0.61 +0.11 0.58 +0.09 0.55 +0.10 0.58 +0.08
P1 [18](100 epochs) 0.85 +0.07 0.76 +0.14 0.73 +0.19 0.76 +0.14
P2( [21]) 0.63 40.01 0.62 40.01 0.61 +0.01 0.62 +0.01
D1+D2 P2(VGG-16 [38]) 0.64 +0.01 0.64 40.01 0.64 +0.01 0.64 +0.01
P2(Resnet-50 [35]) 0.62 +0.02 0.62 +0.02 0.62 +0.02 0.62 +0.02
P2(NasnetLarge [37]) 0.58 +0.03 0.53 40.01 0.44 +0.01 0.53 +0.01
P2(InceptionV3 [39]) 0.57 +0.01 0.56 +0.01 0.55 +0.01 0.56 +0.01
P2(Densenet-121 [36]) 0.60 +0.02 0.56 +0.01 0.51 +0.01 0.56 +0.01
P1 [18](100 epochs) 0.86 +0.07 0.78 +0.15 0.75 +0.19 0.78 +0.15
P2( [21]) 0.63 40.01 0.62 40.01 0.62 +0.01 0.62 +0.01
DI1+D3 P2(VGG-16 [38]) 0.64 +0.01 0.64 +0.01 0.64 +0.01 0.64 +0.01
P2(Resnet-50 [35]) 0.62 40.01 0.62 +0.01 0.62 +0.01 0.62 +0.01
P2(NasnetLarge [37]) 0.58 +0.02 0.53 +0.01 0.44 +0.01 0.53 +0.01
P2(InceptionV3 [39]) 0.57 +0.02 0.56 +0.01 0.55 +0.02 0.56 +0.01
P2(Densenet-121 [36]) 0.60 40.02 0.56 40.01 0.51 +0.01 0.56 +0.01
P1 [18](100 epochs) 0.94 +0.12 0.93 +0.14 0.92 +0.15 0.93 +0.14
P2( [21]) 0.70 +.01 0.67 +0.01 0.66 +0.01 0.67 +0.01
D24+D3 P2(VGG-16 [38]) 0.72 40.08 0.72 +0.08 0.71 +0.09 0.72 +0.08
P2(Resnet-50 [35]) 0.68 +0.10 0.67 +0.10 0.67 +0.10 0.67 +0.10
P2(NasnetLarge [37]) 0.48 +0.21 0.52 +0.04 0.40 +0.07 0.52 +0.05
P2(InceptionV3 [39]) 0.56 +0.13 0.56 +0.06 0.51 +0.10 0.56 +0.07
P2(Densenet-121 [36]) 0.60 +0.16 0.57 +0.07 0.50 +0.11 0.57 +0.08
P1 [18](100 epochs) 0.85 +0.07 0.77 +0.13 0.74 +0.17 0.77 +0.13
P2( [21]) 0.63 +0.01 0.62 +0.01 0.62 +0.01 0.62 +0.01
D1+D24D3 P2(VGG-16 [38]) 0.64 40.01 0.64 40.01 0.64 +0.01 0.64 +0.01
P2(RESNET-50 [35]) 0.62 +0.02 0.62 +0.02 0.62 +0.02 0.62 +0.02
P2(NasnetLarge [37]) 0.58 40.02 0.53 40.01 0.44 +0.01 0.53 +0.01
P2(InceptionV3 [39]) 0.57 +0.02 0.56 +0.02 0.55 +0.01 0.56 +0.02
P2(Densenet-121 [36]) 0.60 +0.02 0.56 +0.01 0.51 +0.01 0.56 +0.01

forged video is predicted as original, it could happen because
the deletion point was in a static or low motion point, i.e.
almost no object movement was detected by P2 and thus is
considered wrongly original.

In case of Fig. 7, when a original video is predicted as
forged, two abrupt changes are detected by PCC than is
consider as deletion points, thus is considered wrongly forged.

VII. CONCLUSIONS

In this work, various scenarios to evaluate both a supervised
(P1) and unsupervised (P2) approach have been explored,
evaluating a total of seven models (a P1 model and six
P2 variants) for frame deletion detection. Apart from using
two datasets from literature (UCF101 and VIFFD), the DTD
dataset is presented. These datasets were finally combined,
composing a total of seven datasets and apply 5-fold and 10-
fold cross-validation for the testing stage. This work highlights
that P1 model surpassed the P2 variants in almost all datasets,



CERON et al.: DETECTING FRAME DELETION IN VIDEOS USING SUPERVISED AND UNSUPERVISED LEARNING 845

TABLE IV
COMPUTATIONAL COST OF EACH MODEL

Input Average Inference
Model # Parameters Resolution Time (sec/min)
P1 - 3DCNN 9.97TM 36 X 64 x 64 X 3 1.61
P2 - Original 16,368M 250 x 250 x 1 0.73
P2 - Resnet50 23.59M 128 x 128 x 3 2.65
P2 - VGG-16 14.71M 128 x 128 x 3 2.19
P2 - Nasnet 84.92M 128 x 128 x 3 9.73
P2 - InceptionV3 21.8M 128 x 128 x 3 5.04
P2 - Densenet ™ 128 x 128 x 3 8.63
ROC CURVES OF THE MODELS
1.0 A
0.8
g
3 06
<
£
g 04
%') = P2 sced40 (AUC = 0.62)
E Pl (AUC=0.77)
= —— P2 vggl6 (AUC - 0.64)
0.2 1 —— P2_nasnetlarge (AUC = 0.53)
——— P2_densenet121 (AUC = 0.56)
== P2_resnet50 (AUC = 0.62)
0.0 4 P2_inception (AUC = 0.56)

T T
0.0 0.2 04 0.6 0.8 1.0
False Positive Rate (FPR)

Fig. 5. A comparison of seven models using 10-fold cross-validation
was conducted in terms of their ROC curves. Among all the
models, P1 demonstrated the best performance when evaluated on
D1+D2+D3, the largest dataset utilized in this study.

except for D3, in which P2 variants achieved the best values.

CNN is considered to be one of the most relevant techniques
today, showing significant results in this study. However, it
is still necessary to address this task with techniques that
can potentially increase performance, particularly in terms of
the F1 score. Seven models in total have been succesfully
compared under the same scenarios to gain a deeper under-
standing of their performance across datasets from both the
literature and the developed dataset. Although the P1 model
consistently outperformed the six P2 variants in terms of AUC
score—demonstrating its reliability with a score of 0.77 in
10-fold cross-validation—it achieved the same highest score
as P2 (VGG16) in the 5-fold cross-validation, both reaching
0.64. Regarding computational cost, P1 was the second most
efficient model, with an inference time of 1.61 sec/min, just
behind the 0.73 sec/min of the original P2, despite processing
higher-resolution inputs. On the other hand, among the P2
variants, VGG16 proved to be the most competitive, achiev-
ing high AUC scores of 0.64 in both 5-fold and 10-fold
cross-validation. However, other variants such as NasnetLarge,
Densenet121, Resnet50 and Inception obtained suboptimal
results not only in AUC (50-60%), but also in computational
cost metrics. This can be suggests misclassifications in low-
motion scenes or abrupt content changes.

For future research, it would be interesting to enhance
forgery detection by exploring novel models such as Trans-
formers. Although they have not yet been applied specifically

to frame deletion detection, they hold great potential, partic-
ularly with variants like Vision Transformers (ViTs), which
have demonstrated strong performance in various computer
vision tasks.
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