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Abstract

Recently, the information extraction from graphics and video summarizing using keyframes
have benefited from a recent look at the visual content-based method. Analysis of keyframes
in a movie may be done by extracting visual elements from the video clips. In order to
accurately anticipate the path of an item in real-time, the visible components are utilized. The
frame variations with low-level properties such as color and structure are the basis of the rapid
and reliable approach. This research work contains 3 phases: preprocessing, two-stage
extraction, and video prediction module. Besides, this framework on object track estimation
uses the probabilistic deterministic process to arrive at an estimate of the object. Keyframes for
the whole video sequence are extracted using a proposed two-stage feature extraction approach
by CNN feature extraction. An alternate sequence is first constructed by comparing the color
characteristics of neighboring frames in the original series to those of the generated one. When
an alternate arrangement is compared to the final keyframe sequence, it is found that there are
substantial structural changes between consecutive frames. Three keyframe extraction
techniques based on on-time behavior have been employed in this study. A keyframe extraction
optimization phase termed as "Adam" optimizer, dependent on the number of final keyframes
is then introduced. The proposed technique outperforms the prior methods in computational
cost and resilience across a wide range of video formats, video resolutions, and other
parameters. Finally, this research compares SSIM, MAE, and RMSE performance metrics with
the traditional approach.
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1. Introduction

Digital cameras, particularly those found in smartphones, and better network topologies
have all contributed to the proliferation of video in recent years. Recent figures show that a
significant amount of video are being posted on the Internet every minute, and this trend is
projected to continue for the foreseeable future, as demand for video content continues to climb
[1-5]. The video indexing, archiving, and retrieval systems face major issues as a result of this
growth.

The semantic content of these movies must be automatically classified in order to utilize
and manage them properly. As a result, the process of categorizing video material remains a
difficult one. People's need for video materials has also risen as information technology has
advanced through time. Because of this, data and information processing has become a major

research topic in relevant units.

Machine learning algorithms are becoming more significant in the present stage of data
analysis, and deep learning is one of the most popular information processing technologies [6].
Deep learning approaches are novel technique derived from conventional neural networks. A
neural network model is also used for prediction and classification and may be used in a wide
range of analytical settings. Deep neural networks outperform traditional neural networks when
it comes to classification and model training, particularly when it comes to enhancing server
performance and processing data. This technology has been employed in the realms of music
and video as well as text and images [7].

Inspired by biological neurons, neural networks may trigger neurons in the brain via
machine learning. Relevant and critical information extraction is a must in sports video analysis
for action detection. It is difficult to analyze a huge video in a short period of time while
maintaining its semantics [8-13]. As a result, one of the first things to do when analyzing video
is to extract keyframes. An elegant summary of the full movie sequence may be found in the
keyframe. For a specific computer vision job, a video is generally produced at 30 frames per
second and provides extra information. Summarization and video localization are the two most
common uses of keyframe detection. Video frames will demand additional processing power

and memory.

Thus, specialists and academics have started to pay more attention to the application
value of deep neural networks, such as the progressive application of deep neural networks to

video, audio and text [14]. Recurrent neural networks, for example, have been extensively
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employed in in-text processing because of their ability to handle recursive temporal
information. Furthermore, the use of convolutional neural networks to classify individual video
frames has greatly improved video categorization. More robust video processing performance
will be achieved by combining recurrent neural networks with convolutional neural networks,

which can now process many frames at once [15].

Researchers in the past have developed video classification algorithms that are based
on image classification algorithms, treating each frame of a video as an image and extracting
its characteristics in order to get an array of real numbers using a bag-of-words model of fixed
length. As part of the training process, Support Vector Machines (SVMs) are used to identify

additional video frames.

2. Research Structure

This research structure has been arranged as follows; section 3 provides the history of
the past research work about video frame tracking; section 4 delivers the proposed research
work, the overcome of past research work. The experimental test has been conducted and

discussed in section 5. Finally, it concludes with future possible research work.

3. Related Works

Content-based video retrieval has grown significantly as a result of advances in science
and technology. Video-related material given by the user as the search criterion is used to
search the video library for comparable videos. For face clustering in news videos,
Anantharajah et al. used a similar metric-based quality evaluation approach. With the face
quality metrics-based technique, high-speed real-time processing may be achieved [16].

An in-depth CNN-based face quality evaluation for video selection was suggested by
Vignesh et al. in their proposal. They were able to surpass the rank-based technique without
using any pre-defined face characteristics since they made use of DNN's outstanding feature

learning capacity [17].

An integrated system solution based on video content information parsed was offered
by Zhong and Smoliar. After analyzing a video sequence, a group of frames that best reflect
the scene’s visual information is retrieved by humans in contemporary video indexing systems
[18].
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In the video indexing process, these frames are known as crucial frames. Using low-
level data like color histograms and motion information, Zhang et al. have developed a feasible

way for keyframe extraction [19].

Changing the threshold for recognizing "significant” color histogram changes and the
overlap ratio of key-frames in panning sequences, allows the user to alter the density of key-
frames or the abstraction ratio. The video's real content will dictate the number of crucial
frames that can be extracted from it in the final product. Hanjalic et al. claim that this is a

drawback of this kind of key-frame extraction [20].

The Keyframe extraction has been used to create a video overview of the moving
mechanism. Each frame's visual attention is measured using a description known as the
attention quantifier, which signals color conspicuity and motion with higher attention. Using
L1-norm and cumulative optical fluxes, Abdullah et al. suggested an action keyframe
extraction approach. For salient region-based keyframe extraction, researchers have used
optical flow and calculated mutual information entropy in a similar manner. Analyzing
manually annotated data is the foundation of most existing frame annotation techniques.
Keyframes annotated by a diverse group of people are often used in video summarizing
methods, such as the most popular critical frame-based techniques. Video annotation and
crucial frame identification, on the other hand, account for the majority of the related effort
[21].

3.1 Research gap

Keyframe selection on video streams is a potential approach for overcoming time and
resource constraints. Previously, the content of a scene may be represented by a keyframe in
partial. This research article has developed a two-stage key frame extraction with
Convolutional Neural Network (CNN) keyframe extraction engine that extracts keyframes in
accordance with face quality, lowering the data volume and supplying keyframes with high-

quality faces for face recognition.

4. Proposed Method
4.1 Video Frame Extraction

The extraction of keyframes from any digital video format is an essential aspect of this

study. To enable viewers to experience the video material in a unique way, the grey value is
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set to a certain range. Four low-gray pictures have been taken from a single movie, making it
impossible for most viewers to discern the content. Figure 1- 3 contains the details of this entire

research framework.

Input Videos 5 Pre-Processing

Phase - II

Phase -I11

Figure 1. Pre-processing steps of proposed framework

4.2 Proposed Modified Object Prediction Technique

Learning by prediction is used to test the accuracy of the system's knowledge of the
underlying patterns in the input data under the premise that good predictions can only arise
from accurate representations. So it's a useful framework for learning representations.
Predicting future outcomes based on previous inputs is the heart of the predictive learning
paradigm. Thus, video prediction involves forecasting future frames in an ongoing video, given
the context of the past frames in the movie. This is how video prediction works. Video
prediction differs from video generation such that, it is based on a previously learnt
representation of a series of input frames, as opposed to video creation, which is mostly
unconditioned [22-25].

This challenge is considered as a supervised learning strategy since the target image is
used as the label for each predicted future video frame. No additional tagging or human
monitoring is required, as this information is already included in the video sequence. In this
way, prediction-based learning fills the gap between supervised and unsupervised methods of

instruction.
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Figure 2. Two-stage Feature Extraction Algorithm

4.2.1 CNN approach for video frame

The spatial structure of pictures is effectively modelled by convolutional neural
networks (CNNs), which are the fundamental building blocks of deep learning architectures
optimized for visual reasoning [28]. The predictive learning literature that focuses on visual
prediction has its roots in CNNs. However, the inter and intra-frame dependencies restrict their
performance. Due to the restricted receptive fields of the kernel size, short-range intraframe
dependencies are accounted via convolutional techniques [26-29]. The stages listed below are
included in this study:

Step 1

Increasing the number of convolutional layers, increasing the kernel size, or mixing
different scales linearly, as in the reconstruction of a Laplacian pyramid, are the possible ways

to increase the complexity of the structure.
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Step 2

Dilated convolutions are used to capture long-range spatial relationships, while the

max-pooling operation is used to lower the size of an array by the same amount.
Step 3

Increasing the receptive fields using subsampling: In exchange for sacrificing
resolution, this is accomplished by the use of a pooling process. The modification of the slight
changes in CNN addresses the problem of sparse view representation by using residual

connections to maintain resolution while increasing the number of stacking convolutions used.

S Prediction
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Deterministic
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Motion N Featuresin

Residual frame

Process scene

Process dynamics

Result Evaluation Forecasting
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RMSE)
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Figure 3. Forecasting motion prediction for object tracking

4.2.2 Improving proposed techniques

In order to anticipate future precipitation intensity in a particular region, precipitation
nowecasting is seen as a video prediction issue using a fixed camera and weather radar. For
precipitation forecasting, ConvLSTM outperforms when fully linked with the proposed neural
network in terms of spatial domain approach through neighbor pixel correlation.

An essential component of intelligence and one of the primary aims of decision-making
systems is the ability to foresee and reason about future occurrences. There are biological
foundations for this concept, and it takes influence from the cognitive neuroscience field's
predictive coding paradigm. According to neuroscience, the human brain is capable of creating
intricate conceptual models of the physical and causal principles that govern our universe.
Observation and interaction are the primary methods [30, 31] to achieve this. As we get older,
we learn concepts like biological motion and intuitive physics, among other things, which help
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us make sense of the world around us. The brain continually learns and refines the world
models that it already understands via prediction. Early attempts such as [22], [28], and [30]
attempted to build computer models that captured the essence of the predictive coding
paradigm. The prediction of the frames in video is regarded as significant since it accurately

reflects the principles of predictive coding.
4.2.3 Evaluation of image quality

The Structural Similarity Index Measurement (SSIM) for image quality evaluation
frames are compared and the similarity of the two pictures is measured using a value closer to
1, indicating a more comparable quality between the images. According to the notion of
structural similarity, there is a substantial association between pixels, particularly in the
airspace nearest to each other, which carries crucial information about the organization of the
picture. Structural information may be extracted from the view using the human visual system,

which can be used to gauge perceived picture quality [12].
4.2.4 Importance of Structural Similarity Measure

According to the color feature key, this issue is unaffected by eliminating the extraction
of frame structure information. The program's structure is based only on an index of similarity,
much like the components themselves. The notion of the structural similarity index defines
structural information as a component of an image composition apart from brightness and
contrast. Object characteristics might be reflected in it as well. To measure structural similarity,

the covariance is used in this research work.

4.3 Optimization for the Proposed Framework

The video prediction algorithms that were developed earlier sought to forecast future
pixels of the image or frames in the video analysis, which were more focused on the full object
moving part. Using k-means, it clustered video frames into patch groups. In a k-means
discretized space, it was believed that all non-overlapping patches were equally distinct, yet
commonalities might be detected between them. Short-term predictions are made using a
convolutional extension of an RNN-based model. The full-resolution frame shows some impact
of tilling since it is composed of the expected patches. Large and fast-moving objects are
accurately predicted. However, tiny and slow-moving items still have an opportunity for

development.
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5. Results and Discussion

The experimental result has been discussed in this section. The annotated YouTube
videos make up the Sports1M dataset, which is a video categorization dataset. There are about
400 classes in this instance, all of which have the sports label extracted from the YouTube

Topics API. Table 1 contains the performance metrics computation.

Table 1. Computation of performance metrics

Video Video | Total | Extracted | Processing

Prediction | Type | frame | key frames time of

Techniques Each frame | MAE | RMSE | SSIM
Key Frame

Extraction

Method 109 0.019s 19.45 | 30.82 0.73

Forecasting
Prediction mp4 | 789

method 7 0.142s 21.07 31.76 0.53
Proposed
Two-stage
frame 178 0.048s 1452 | 28.24 0.81
extraction

Error Rate Measures
35
30
25
3
£ 20 —_—
g s \ —o—MAE
= a2
S RMSE
10
5
0
KFE FP Proposed Two-
Stage

Figure 4. Entire error rate measurement comparison
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Figure 6. Structural similarity index measurement comparison

When a video is accessed through YouTube, the video's quality, length, and frame rate
can be adjusted. The bouncing ball dataset is a typical test set for high-dimensional sequence
models. It's a simulation of three balls bouncing in a container. The usual structure includes

4000 training videos, 200 testing films, and 200 more for validation.

Figure 4-6 depicts the total process performance analysis using the standard benchmark
dataset and metrics as a starting point for comparison. Its clips are created randomly with
variable resolution. When compared to the frame prediction (FP) approach, the Key Frame
Extraction (KFE) method exhibits a modest error rate. However, as compared to the other two
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techniques, the suggested two-stage procedure includes less Mean Absolute Error (MAE)
values. Furthermore, the suggested approach outperforms the two classic algorithms in terms
of additional performance metrics such as processing time and SSIM. These datasets are solely
devoted to the task of making predictions about videos. This investigation used a sample 1.mp4

movie of 789 frames which is a brief video of sports and bouncing ball prediction.

Mean Absolute Error (MAE) and RMSE metrics performs well for the suggested two-
stage frame extraction approach, as measured by SSIM for the projected frames. However, the
processing time is a little concerning, especially when considering the lengthy duration of the
complete video processing procedure.

6. Conclusion

This study report shows that current approaches in video retrieval have been thoroughly
studied to offer related enhancement methods, such as Key frame and feature extraction. In
addition, a vital frame extraction approach for video frame tracking protection has been
provided and obtained using low-level characteristics and frame difference comparisons. It is
planned to use more complex neural network models and refine the model's structure in the
future to increase face quality assessment performance in accuracy and speed. On two separate
datasets, the suggested crucial frame extraction approach has outperformed the generally
utilized keyframe extraction methods. Future research might concentrate on adapting the
suggested approach to real-world video classification and video summarization challenges

utilizing more sophisticated architectures.
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