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Abstract

In the era of rapid development in modern society, there is an escalating demand for high-performance products. However, this
quest for excellence often encounters persistent quality issues during practical applications. Hence, to enhance the user
experience and rectify this situation, this paper proposes a Convolutional Neural Network (CNN)-based Video Quality Diagnosis
System. The system's design encompasses a myriad of construction methodologies, primary framework structures, and associated
databases. This research primarily focuses on video quality during video conferencing as the subject of investigation, with the
aim of constructing a Video Quality Diagnosis System grounded in CNN theory. The objective is to provide real-time
identification, analysis, and enhancement of video quality, thereby offering timely solutions to issues that arise in the video
conferencing experience. In this endeavor, the research amalgamates cutting-edge technology and meticulous study to create a
smoother and more immersive video conferencing experience for individuals and organizations. By addressing the frequently
encountered video quality issues, we hope to facilitate more effective and engaging communication on a global scale, bridging
the gap between user expectations and practical implementation and paving the way for a future where video quality problems
are a thing of the past.
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1. Introduction
Convolutional Neural Networks (CNNs) have made indelible strides in the field of computer vision, representing a
profound shift in the way we approach visual data analysis. Their remarkable success has eclipsed traditional
computer vision algorithms in numerous applications, enabling machines to grasp intricate visual patterns and
features with unparalleled accuracy. Simultaneously, as the fabric of modern society continues to weave itself with
the threads of advanced network technologies, video conferencing systems have evolved into a ubiquitous and vital
conduit for disseminating multimedia information. These systems transcend geographic boundaries and serve as the
lifeblood of real-time, remote communication across diverse domains, from business and education to healthcare and
social interaction. In this scholarly endeavor, we embark on a mission to harness the transformative potential of
Convolutional Neural Networks to address the perennial challenges that beset video quality within the context of
video conferencing.

Our overarching objective is to conceive, design, and implement a Video Quality Diagnosis System rooted firmly in
the principles of CNNs. By doing so, we aspire to transcend the boundaries of conventional video conferencing
limitations and propel it into an era characterized by superior quality, reliability, and efficiency. This pursuit resonates
profoundly with the modern digital landscape, where video conferencing has transitioned from being a mere
convenience to an indispensable tool that underpins global communications, empowers remote workforces, and
facilitates seamless educational experiences.
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The intersection of CNNs and video conferencing represents a convergence of cutting-edge technology and
contemporary communication imperatives. CNNs, initially inspired by the human visual system, have proved
themselves as versatile, deep learning frameworks capable of decoding complex visual information. They excel in
tasks ranging from image classification and object detection to facial recognition, pushing the boundaries of what
machines can achieve in understanding the visual world. Harnessing this deep learning paradigm within the domain
of video conferencing presents an auspicious opportunity to confront the multifaceted challenges that users frequently
grapple with. These challenges span the gamut from image resolution and video compression artifacts to bandwidth
constraints and unpredictable network conditions, all of which can adversely impact the quality and reliability of
video communication.

Video conferencing, once considered a luxury, has metamorphosed into an indispensable tool for modern personal
and professional interactions. The seismic shift toward remote work, online education, and virtual socialization,
accentuated by the global events of recent years, underscores the critical importance of optimizing video
conferencing quality. Effective communication, the exchange of ideas, and the preservation of engagement,
comprehension, and overall user satisfaction all hinge on the quality of the video conferencing experience.

In the pages that follow, we shall embark on a comprehensive exploration of our proposed Video Quality Diagnosis
System, grounded firmly in the bedrock of CNN technology. Our research journey will navigate the intricate
architecture of CNNs, traverse the practical terrain of constructing this system, scrutinize the pertinent databases
essential to our endeavor, and illuminate the methodologies that underpin the real-time diagnosis and enhancement of
video quality during video conferencing sessions. The insights garnered from this scholarly pursuit aspire to make a
significant contribution to the ongoing quest for a more seamless and immersive video conferencing experience. We
anticipate that our findings will resonate not only with professionals and educators but also with individuals who
increasingly rely on this mode of communication in today's interconnected and rapidly evolving world. Ultimately,
our aim is to empower a global audience with the tools to transcend the constraints of distance and elevate the quality
of their interactions through the power of Convolutional Neural Networks.

2. Literature Review
2.1. Convolutional Neural Networks in Computer Vision

The emergence of Convolutional Neural Networks (CNNs) has reshaped the landscape of computer vision,
representing a paradigm shift in visual data analysis. These deep learning architectures, inspired by the human visual
system, have garnered remarkable success in various applications. CNNs excel in tasks such as image classification,
object detection, and facial recognition, enabling machines to discern complex visual patterns and features with
unparalleled accuracy. The transition from traditional computer vision algorithms to CNNs has been marked by
improved performance and efficiency, making them a cornerstone of modern computer vision research [1].

2.2. Video Conferencing as a Communication Mainstay

In parallel, the development of network technologies has catapulted video conferencing into the mainstream as a
critical means for disseminating multimedia information and fostering real-time communication. Video conferencing
transcends geographical constraints, bridging the divide between individuals and organizations across the globe. This
mode of communication has evolved beyond being a mere convenience, with its pivotal role highlighted in diverse
domains, including business, education, healthcare, and social interaction. Recent global events have further
underscored its significance as a linchpin of remote work, virtual education, and remote healthcare delivery [2].

2.3. The Challenge of Video Quality in Video Conferencing

However, despite the ubiquity and indispensability of video conferencing, it is not without its challenges. Users
frequently encounter issues related to video quality during video conferencing sessions. These challenges encompass
a spectrum of factors, including image resolution, video compression artifacts, bandwidth constraints, and the
volatility of network conditions. Poor video quality can lead to decreased user satisfaction, diminished engagement,
and hindered communication effectiveness. It is imperative to address these challenges comprehensively to unlock
the full potential of video conferencing in the digital age [3].
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2.4. Bridging the Gap with CNN-Based Video Quality Diagnosis

This paper seeks to bridge the gap between the transformative capabilities of CNNs in computer vision and the
imperative to enhance video quality in video conferencing. By leveraging the deep learning capabilities of CNNs, we
aim to develop a Video Quality Diagnosis System that operates in real-time, diagnosing and rectifying video quality
issues during video conferencing sessions. Our research aligns with the broader objective of enhancing the user
experience, enabling seamless and immersive communication across various domains. In the subsequent sections, we
will delve into the theoretical foundations, practical implementation, and methodologies underpinning our proposed
system, with the aspiration that our findings will contribute significantly to the advancement of video conferencing
technology and its application in the modern digital landscape [4].

3. Convolutional Neural Networks in Brief
In recent years, convolutional neural networks have become more and more complex as the number of researchers in
the field related to convolutional neural networks has increased and the technology is changing day by day. From the
initial 5-layer, 16-layer, to the 152-layer ResNet proposed by MSRA [5,6] or even thousands of layers networks have
become commonplace by a wide range of researchers and engineering practitioners.

A simple convolutional neural network is composed of various layers arranged in a sequence, each layer in the
network uses a differentiable function to pass data from one layer to the next. Convolutional neural networks consist
of three main types of layers: convolutional layers, pooling layers, fully connected layers. By stacking these layers
together, a complete convolutional neural network can be constructed. As shown in Figure 1.

Figure 1. Complete convolutional neural networks

4. Video Quality Diagnosis System
In recent years, deep learning convolutional neural networks have developed rapidly in the field of machine vision,
which can build very complex models by simulating the human nervous system to analyze and interpret data, have
powerful expression capabilities to handle complex practical application scenarios, especially convolutional neural
networks, which are now widely used in the field of pattern recognition, have shown superior performance in various
tasks of computer vision, their unique deep The unique deep structure can effectively learn the complex mapping
between input and output. Therefore, the video quality diagnosis algorithm based on deep learning convolutional
neural network can extract more features of abnormal video, adapt to more complex rules, detect and classify the
abnormal types more accurately is completely feasible [7,8]. Deep learning convolutional neural network algorithm is
based on a large amount of data, so except deep learning convolutional neural network algorithm applied to the field
of video quality diagnosis, the following points need to be done.
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Figure 2. Focus of building a convolutional neural network video diagnosis system

First, collect a comprehensive video quality database to form a deep learning convolutional neural network dataset,
which is a prerequisite to ensure the generalization performance of the algorithm; second, the video database is
organized into a dataset that conforms to the deep learning convolutional neural network model, then a set of schemes
is developed, then each video in the video quality database is labeled with abnormal types, then the video is scored
for quality according to each type of label, the process can be be called subjective evaluation of video; third, establish
a deep learning convolutional neural network model based on which can accurately predict the video abnormality
types and their video quality scores, the predicted results should be consistent with the manually labeled results, the
process can be called an objective evaluation method of video quality [9,10].

5. Methodology
5.1. Pool layer of Convolutional neural network in video quality diagnosis
TUsually, a pooling layer is inserted periodically between successive convolutional layers. It serves to gradually
reduce the spatial size of the data body, which in turn reduces the number of parameters in the network, making it less
computationally resource intensive and also effective in controlling overfitting, as shown in Figure 3. The pooling
layer usually uses the MAX operation, which operates independently on each slice of the input data body to change
its spatial dimensions. The most common form is to use a filter of size 2x2 to downsample each depth slice in steps of
2, discarding 75% of all activation information in it. Each MAX operation takes the maximum value from 4 numbers
(i.e., in some 2x2 region of the depth slice) [11,12]. Note that the number of channels in the data body remains
constant during the pooling process.

Figure 3. Role of the pooling layer

5.2. Convolutional neural network video diagnosis algorithm in this paper

The algorithm in this paper is a multi-task multi-label deep learning network model implemented based on the
VGG-16 convolutional neural network as a prototype, using the convolutional network for feature map extraction of
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multi-frame images, which are then connected together to do anomaly type classification and quality scoring
regression tasks. To extend the training set and testing environment, pyramid pooling (SPP) is introduced, the size of
the input video images can be unrestricted. Different size images will get different size feature maps after
convolutional layers. Since the number of parameters of the fully connected layer is fixed, it cannot be connected
with the fully connected layer, the different size feature maps can be converted into feature vectors of the same size
by means of pyramid pooling [13,14]. The network structure block diagram is shown in Figure 4.

Figure 4. Network structure block diagram

During the training process, the anomaly type classification is trained first, on this basis the quality score is trained
based on the classification results. When using the trained model for prediction, video sequences of different sizes
can be input, the abnormality type of the video can be obtained after model processing. If multiple consecutive
frames have the same abnormality, it can be assumed that there is some kind of fault in the system, the quality score
corresponding to each frame can be obtained by statistical analysis of the relative quality of each frame of the video.

6. Overall System Design Scheme
6.1. Overall System Architecture
The video quality diagnosis system adopts a modular design, including five modules: video frame interception
module, OpenCV image processing module, image abnormality detection module, abnormality recording and display
module, abnormality alarm module. The workflow of the video quality diagnosis system is mainly as follows: firstly,
the required video frames are obtained from the stored surveillance video and saved as Mat entities: secondly. With
the help of 0penCV image processing technology. Get the spatial domain structure information that can represent the
image content: Finally, give the OpenCV processed image spatial domain structure information to the designed image
abnormality detection algorithm for different faults to realize the automatic detection of image abnormality[15,16],
the main functions of each module of the video quality diagnosis system are as follows.
1) Intercept video frame module: The function of this module is mainly to intercept the stored video image

frames, the acquired color image signal is color-separated, separately amplified and corrected to obtain RGB.
and the basic image information and pixel data are encapsulated. as the image data to be detected.

2) OpenCV image processing module: This module makes full use of the image processing library provided by
OpenCV to pre-process the image to be detected, such as converting grayscale images, segmenting image
channels, color clustering, and image space conversion. and obtaining image pixel channel values and other
required image structure information.

3) Image anomaly detection module: this module is the core module of the whole video quality diagnosis system,
the main function is to detect the image data information after OpenCV processing, determine whether the
detected video frames have abnormal abnormalities including video signal lack of clarity, brightness noise,
snow, streaks, color bias, screen freeze, PTZ motion out of control and other abnormalities each image
anomaly detection is done by (1) independent algorithm class to complete the input set of video frames for
sequential detection[17,18], return a variety of anomaly detection results.

4) Anomaly logging and display module: this module accepts the return value of the algorithm class of the image
anomaly detection module, specifies the description and stores it in the log, so that it can be called when
querying the detection results.
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5) Abnormal alarm module: this module provides feedback on the detection results to detect abnormal images of
the camera according to the abnormal type of mark to remind remind maintenance personnel to solve the
problem in a timely manner.

6.2. Functional Module
Video quality diagnosis system mainly includes 6 modules.

1) Each quality diagnosis algorithm uses a single frame or two frames of video frame images at close moments to
complete various diagnoses, which do not depend on the background image, so there is no need for
background modeling and the update of kenjing, reducing the false detection caused by unreasonable
background model.

2) Video quality diagnosis is completed by multiple servers, since each server is equally configured, the diagnosis
task is equally distributed to each device. With the corpse only need to set up the pre- program of polling
detection, LOTUS will start the task according to the start time set in the pre-program, without the need for
manual intervention.

3) Diagnostic results are stored for each recent detection, regardless of whether the camera is working properly or
not. Users can query detection records by region[19,20], fault type.

4) Fault information stores all the historical fault information of the problematic camera, also contains
screenshots of the video frames when the fault is detected, which is easy for the user to view visually. The
corpse can query the fault information records of a certain time period by camera, region, fault type. At the
same time can be based on the stored video screenshots to determine whether the system is misdetected, can
allow misdetected cameras to learn to reduce the probability of misdetection.

5) In addition, users can count the number of failures and failure rate of cameras in different areas and brands in
different time periods according to their own needs, which can be displayed in different forms to facilitate
users to understand the operation status of cameras.

6) In the pre-program management part, the user can set the inspection start time, detection items. In terms of
algorithm parameter setting [21,22], at the early stage of system operation, the algorithm parameters of each
camera are set according to the unified threshold; after the system runs for a period of time, the threshold of
each detection algorithm of each camera will be adjusted due to various reasons such as equipment quality,
service life, site environment and power supply, transmission line., that is, each camera has its own optimal
algorithm threshold. In addition, users can set the thresholds of algorithm parameters applicable to special
weather such as rain and snow to cope with these bad weather.

6. Conclusion

In the ever-evolving landscape of technology, one area that has seen remarkable progress is video surveillance. Over
the years, video surveillance technology has become an integral part of our daily lives, contributing significantly to
various sectors, including security, transportation, and even personal monitoring. However, as the utilization of video
surveillance has proliferated, so too has the need for efficient and accurate quality diagnosis and control.

Traditionally, the quality of video feeds required human operators to monitor them, a labor-intensive and often
error-prone process. These operators would need to constantly sift through hours of footage to identify any anomalies
or issues, making the process not only time-consuming but also susceptible to human error. Recognizing these
challenges, this paper presents an innovative solution in the form of a video image detection system based on
convolutional neural networks (CNNs).

The introduction of CNNs into video surveillance represents a groundbreaking advancement that aims to circumvent
the limitations of traditional video diagnosis methods. By leveraging the power of artificial intelligence and deep
learning, this system can automatically and efficiently analyze video feeds, detecting and diagnosing potential quality
issues with a high degree of accuracy. It does so by mimicking the human brain's ability to recognize patterns,
thereby making it an invaluable tool in the realm of video quality diagnosis.
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This novel approach not only streamlines the quality control process but also opens up new avenues for enhancing
video surveillance technology further. It offers a promising path towards making video surveillance systems more
autonomous, reducing the burden on human operators, and ultimately improving the overall reliability and
effectiveness of video surveillance across various applications. As we continue to witness the rapid evolution of
technology, innovations like the CNN-based video image detection system showcased in this paper serve as a
testament to our ongoing commitment to harnessing technology's potential for the betterment of society.
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