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ABSTRACT

Videos are a rich form of data intended for capturing, storing, and communicating information. The
availability of inexpensive and accessible video-capturing sensors in smartphones, handheld cameras,
and consumer security cameras has exponentially increased global video footage generation over the past
decade. Since video is a popular form of widely consumed and produced data, it is essential to develop
automated systems to analyze and identify relevant information within the large body of video material.
This chapter demonstrates how the emergence of neural networks, including CNNs and transformers, has
revolutionized semantic video analysis. Through convolutional filters, spatial patterns can be captured
at the pixel level through this type of neural network. The learning capability of CNN-based models has
been exceeded more recently by self-attention-based models. Both CNN-based and transformer-based
semantic video analysis models take advantage of transfer learning, self-supervised learning, and more
to compensate for the lack of large, supervised video datasets.

INTRODUCTION

Semantic Video Analysis (SVA) is the process of extracting conceptual information from raw visual data.
In any video, whether it is a production-level movie, a smartphone video clip, or drone footage taken at
high altitudes, information is not explicitly and concisely represented in the video pixels. The information
can range from the event or action in the video to landmarks, objects, or people appearing in the video.
Obtaining such information requires an understanding of the semantics behind video pixels’” simple color
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representations. In this chapter, we review the challenges of SVA and the methods and techniques com-
monly used to overcome them. The general utility and density of video information make it an effective
data format for storing and communicating a variety of information. Since video data formats have this
valuable property, they have been adapted to a wide range of information communication and storage
mediums. Whether it’s for video calls, social media, or security systems, videos play a crucial role in our
daily lives. Thus, a massive amount of video is produced every minute around the world. Considering
the usefulness and wide application of videos, SVA is an important topic in science and engineering.

Despite all the benefits of SVA, extracting useful information from videos remains challenging and
ongoing. Videos can be long and noisy, as well as sparse. For example, finding particular information in
low-quality recordings of an hour-long classroom video can be challenging and tedious. This is because
a SVA system must find a match for a particular pattern of information among thousands if not millions
of meaningful patterns to find the intended information. Pattern matching is made more difficult and
time-consuming when the data is noisy and of low quality. Naive and simplistic approaches to SVA,
therefore, result in inapplicable or ineffective results. An intelligent approach that is based on visual
semantics is required to comprehend the volume, complexity, and sparsity of videos.

Traditional SVA relies on human intelligence to search for and extract meaningful information from
videos. We have evolved to recognize and search for useful visual information. In order to incorporate
useful visual information into their intelligent behaviors, humans are proficient at conditionally searching
for that information. However, human intelligence is limited in terms of accuracy and scalability. For
example, reviewing YouTube videos for possible violations of content policies might take an individual
156 million hours'. This is equivalent to 17,000 years of intensive work. This assumes the full concentra-
tion of the human agent for maximum accuracy. On top of that, content creators upload 720,000 hours
of video on the YouTube platform every day?. Performing this task using human intelligence is time
and cost inefficient.

METHOD

The core promise of machine learning is the automation and scaling of human intelligence. Neural
networks, as the most powerful machine learning tool, are utilized to provide viable solutions for the
challenges of SVA. Learning spatiotemporal patterns from sample videos enables neural SVA to recog-
nize complex spatial and temporal patterns in noisy and long videos. Modern neural SVA architectures
are capable of human-level performance in this regard. Furthermore, these models can be efficiently
computed using modern graphical processing units (GPUs), so scalability is limited only by the available
GPUs. Hence, neural networks are the preferred solution for SVA due to their accuracy and scalability.

For machine learning models to function properly, it is critical to understand how images are rep-
resented and stored on computers. RGB, short for red, green, and blue, is the most common format for
representing images on computers. Typically, RGB images are stored as a matrix of pixel values in a 2D
plane (or 3D, if RGB values are considered as dimensions). Each image is composed of pixels arranged
in rows (across its height) and columns (across its width). The intensity of red, green, and blue colors
is indicated by three values per pixel at each X (horizontal position) and Y (vertical position). Differ-
ent combinations of red, green, and blue values produce a variety of colors. Essentially, videos are just
extended versions of images. So, videos can be regarded as a succession of images across time. Video
adds a third dimension to visual data by adding a temporal dimension. The added Z dimension indicates



13 more pages are available in the full version of this document, which may
be purchased using the "Add to Cart" button on the publisher's webpage:
www.igi-global.com/chapter/neural-semantic-video-analysis/331072

Related Content

How Does Internet Development Affect Green Technology Innovation in China?
Bogiang Linand Ruiyang Ma (2022). Journal of Global Information Management (pp. 1-21).
www.irma-international.org/article/how-does-internet-development-affect-green-technology-innovation-in-china/309081

Information Systems Effectiveness in Small Businesses: Extending a Singaporean Model in
Canada

Ana Ortiz de Guinea, Helen Kelleyand M. Gordon Hunter (2005). Journal of Global Information
Management (pp. 55-79).
www.irma-international.org/article/information-systems-effectiveness-small-businesses/3628

Overcoming the Digital Divide

Al P. Mizelland Cecil Sugarman (2008). Global Information Technologies: Concepts, Methodologies, Tools,
and Applications (pp. 374-381).

www.irma-international.org/chapter/overcoming-digital-divide/18976

THE EXPERT'S OPINION
Ming-te Lu (1997). Journal of Global Information Management (pp. 35-37).

www.irma-international.org/article/expert-opinion/51294

Harmonizing IT and Business Strategies
Kevin Johnston (2003). Managing Globally with Information Technology (pp. 140-148).

www.irma-international.org/chapter/harmonizing-business-strategies/25809



http://www.igi-global.com/chapter/neural-semantic-video-analysis/331072
http://www.irma-international.org/article/how-does-internet-development-affect-green-technology-innovation-in-china/309081
http://www.irma-international.org/article/information-systems-effectiveness-small-businesses/3628
http://www.irma-international.org/chapter/overcoming-digital-divide/18976
http://www.irma-international.org/article/expert-opinion/51294
http://www.irma-international.org/chapter/harmonizing-business-strategies/25809

