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Abstract

The whole area of Football video analysis turned out to be very important for researchers
because the necessity of speedy and automated ways of highlight generation is growing
rapidly across digital media platforms. The longer the match, the more manual review
becomes time-consuming, inconsistent, and therefore unsuitable for large-scale workflows.
The project called "DEEPSHOT" presents an intelligent, fully-automated solution that
is able to transform raw soccer match recordings into concise highlight reels by integrat-
ing three main technologies: deep learning, temporal modeling, and multi-stage video
analytics.

Different from regular systems which heavily depend on the creation of rules and the
use of simple motion detection, DEEPSHOT is a machine learning method that is based
on deep visual embeddings and the interpretation of temporal sequence. Extraction of
frame-level representations is the first step of the system, which is achieved by using
a pretrained ResNet-152 backbone, followed by dimension reduction to create compact
temporal descriptors for processing long-sequence. After that, the descriptors are processed
by a multi-stage temporal modeling pipeline to detect key soccer events like goals, shots,
fouls, cards, corners, and substitutions with a very high level of confidence.

The system integrates multiple processing units which include: feature extraction, PCA-
based compression, temporal event scoring, time stamp alignment and automatic highlight
assembly to comprise the one workflow. DEEPSHOT not only gives structured JSON
event metadata but also uses FFmpeg video automation to create a polished highlight reel
without any human participation. The whole system is developed using Python and is also
supported by a mixture of well-known libraries like PyTorch, NumPy, SciPy, scikit-learn,
OpenCV, which guarantees it to be efficient, scalable, and production-ready.

Through the application of deep visual perception and advanced temporal analysis,
DEEPSHOT has developed a very powerful and flexible solution for soccer highlight
generation. It indeed lessens the manual editing and at the same time maintains the
same quality of highlights and demonstrates the real-world applicability of Al video
summarization in modern sports media technology.
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Chapter 1

Introduction

1.1 Project Overview

The duration of football match broadcasts is generally 90 minutes, which is made up of
non-stop playing, replays, commentary, etc. The entire manual process of reviewing such
long videos for the purpose of extracting highlight moments is labor-intensive, open to
personal interpretation, and not feasible for media workflows of large scale. The digital
sports media market is rapidly growing, and the generation of highlights automatically has
become a necessity for the broadcasters, analysts, and online platforms.

This project presents DEEPSHOT - Automated Soccer Highlights Generation System, a
fully-fledged system that automatically detects key football actions and generates short
highlight videos. The system utilizes deep convolutional feature extraction [1, 2],
Principal Component Analysis (PCA) for feature reduction [3, 4], and a Multi-Scale
Temporal Convolutional Neural Network (MS-TCNN) which is trained to identify 17
specific actions related to football (such as: goals, shots, saves, fouls, kicks, dribbles,
celebrations). The MS-TCNN handles sequential frame-level features while predicting
action categories and confidence scores for each temporal window of the match [5].
Structured JSON format is used to keep detected events which have their timestamps,
action labels, and confidence values. A post-processing module applies confidence
thresholds and temporal rules to filter valid events, and finally highlight segments are
combined to form a polished video through FFmpeg [6]. DEEPSHOT is fully
implemented in Python utilizing PyTorch, NumPy, OpenCV, and Matplotlib for
visualization.

1.2 Problem Description

Football video summarization has difficulties, including the following points:
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* Long video duration: A match typically lasts for around 90-100 minutes and if
counted at the normal frame rates for tv transmission, it’s more than 150,000 frames
that make up this duration.

* High visual complexity: Temporal action detection is complicated due to the
continuous player movement, varying camera zoom and panning, and the use of
replays [7].

* Ambiguous action boundaries: An event like a shot, pass, or foul happens in a short
time but the duration of these time windows can vary a lot.

* Multiple action categories: Monitoring football closely involves making differences
among a large number of possible actions [8].

* Limited annotated datasets: It is not easy to find high-quality soccer action datasets
and one has to do a lot of modeling and preprocessing to get a good dataset [9].

Indeed, these difficulties make a strong multi-scale temporal model necessary which is
capable of learning motion patterns specific to football and differentiating very similar
actions.

1.3 Project Objectives

The main aim of DEEPSHOT is to establish a system for automated highlight generation
that will perform with high accuracy in detecting the various actions taking place in a
football match and subsequently producing the corresponding short reels of highlights.
The main objectives are as follows:

1. Frame-level feature extraction: Utilize a pre-trained ResNet-152 convolutional
network to generate 2048-dimensional embeddings [1].

2. Feature dimensionality reduction: Use PCA as a technique to lower the
dimensionality of the CNN features to 256 components for the purpose of temporal
modeling being efficient [3].

3. Multi-Scale Temporal CNN (MS-TCNN): Different-sized (3, 5, 7) stacked temporal
convolution layers will be different-sized and will thus, the temporal dependencies
will be both short and long [5].

4. 17-Class Action Detection: The MS-TCNN will be trained to distinguish actions
among Goal, Shot, Save, Dribble, Foul, Pass, Cross, Ball Lost, Clearance,
Celebration, Corner, Throw-in, Kickoff, Ball Out, Free Kick, etc.
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5. Confidence-based event filtering: The employment of thresholds and smoothing
rules will help to get rid of false positives and overlapping predictions.

6. JSON-based event timeline generation: All predictions will be stored with the
corresponding timestamps, action labels, and confidence scores.

7. Automatic highlight video creation: Selected segments will be extracted using
FFmpeg and a highlight reel of 1-10 minutes will be created [6].

1.4 Project Scope

The following items fall within the scope of this project:
* The extraction of features from frames with CNN using ResNet-152.
* Use of PCA to reduce the dimensions.

* Development and testing of an MS-TCNN for the purpose of temporal action
detection.

* Identification of 17 categories of football actions.
* Predictions illustrated through timeline plotting and heatmap visualization.
* Utilization of FFmpeg for automatic highlight rendering.
The following items are not considered in the project:
 Tracking of players or ball.
* Estimation of pose in 3D.
¢ Detection of events based on audio [10].
* No real-time deployment or live summarization.

* No in-depth semantic analysis such as recognition of tactics or strategies.

1.5 Chapter Summary

This chapter gave an introductory presentation of the motivation, goals, and limits of
DEEPSHOT, an end-to-end automated soccer highlight generation system. It described the
development of the system from basic feature extraction to an elaborate temporal deep
learning model that can detect 17 football actions. The following chapter, Literature
Review, discusses previous studies on video feature extraction [1, 2], PCA-based
compression [3], and temporal CNN models employed in sports analytics [5].



Chapter 2

Literature Review

2.1 Introduction

Video understanding still one of the most difficult tasks in computer vision because of the
characteristics of video data such as high dimensionality, temporal continuity, and
contextual complexity. The challenges created by football broadcast footage are even
greater, since it comprises fast player movements, camera angle variations, occlusions,
arena lighting changes, replays, and unexpected scene transitions. Therefore, the process
of automated highlight generation is to a large extent dependent on the following three
components: very efficient spatial feature extraction, very efficient dimensionality
reduction, and a temporal modeling framework that can capture actions at various
throughputs.

DEEPSHOT solution comprises deep visual embeddings from ResNet-152, dimension
reduction by PCA, and a multi-scale temporal convolutional neural network (MS-TCNN)
trained on 17 categories of football actions. This chapter first presents a comprehensive
review of previous studies across the five main areas that underlie DEEPSHOT chapter:
deep feature extraction, temporal sequence modeling, dimensionality reduction, sports
actions detection, and automated highlights generation.

2.2 Deep Feature Extraction in Video Analysis

Deep CNNs have taken the place of conventional manually made descriptors like SIFT,
HOG, and optical flow due to their strengths in robustness, flexibility, and generalization.
The features derived from CNNs are very consistent even when there are alterations in
light, obstructions, and camera angles, which makes them excellent for challenging sports
video situation.
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2.2.1 ResNet and Deep CNN Embeddings

Residual Networks (ResNet), introduced by He et al. [1], addressed the vanishing gradient
issue through skip connections, enabling the training of significantly deeper architectures.
Models such as ResNet-152 have become a standard choice for extracting frame-level
features due to their strong transfer learning performance.

Chen and Huang [2] demonstrated that ResNet-based embeddings consistently outperform
traditional feature descriptors in sports and surveillance applications. In DEEPSHOT,
ResNet-152 generates 2048-dimensional spatial feature vectors for each frame, providing
a reliable foundation for downstream temporal modeling.

2.2.2 Comparison of Deep Feature Extraction Methods

Multiple architectures have been explored for feature extraction in video analysis.
Table 2.1 provides an overview of commonly used models and their characteristics.

Table 2.1: Comparison of Feature Extraction Architectures

Method Strengths Limitations
2D CNN (ResNet) | Strong spatial features, | No temporal modeling
fast inference, widely pre-

trained
3D CNN (C3D, | Learns spatial-temporal | High computational cost; large
13D) features jointly datasets needed
Temporal CNN (1D | Fast, efficient for long se- | Limited ability to capture multi-
Conv) quences scale temporal context
Transformers Excellent long-range tem- | Very high memory usage

poral modeling

DEEPSHOT uses 2D CNNss for spatial features and temporal CNNs for temporal patterns,
combining efficiency with accuracy.

2.3 Temporal Modeling in Sports Videos

The different actions in football (shoots, passes, fouls, dribbles) take place over a series of
frames with varying lengths. Hence, it is essential that temporal architectures be
developed which are able to learn such multi-scale dependencies.

2.3.1 TCNs (Temporal Convolutional Networks)

TCNs or Temporal Convolutional Networks were first analyzed by Bai et al. [5], who
proved that convolutions of the dilated and stacked type in 1D could accomplish
competitive performances in sequence tasks that were typically the domain of RNNs. The
aforementioned advantages of TCNs are:
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* long receptive fields,
* stable gradients,
* parallel computation,

e multi-scale feature extraction.

2.3.2 Multi-Scale Temporal CNN (MS-TCNN)

DEEPSHOT adds together a multi-scale design with kernel dimensions 3, 5, and 7,
allowing the model to identify:

* micro-actions (ball touches, short passes),
* mid-range actions (shots, dribbles),
* long temporal changes (build-up play).

Such a formation is influenced by the multi-scale temporal modeling applied in research
works like Xiong et al. [11], which underlines the key role of capturing different temporal
contexts for highlight detection.

2.4 Dimensionality Reduction Techniques

It is computationally intensive to directly process the high-dimensional CNN features,
particularly in the case of lengthy videos. Dimensionality reduction not only retains but
also reduces the noise in the data.

2.4.1 Principal Component Analysis (PCA)

PCA is considered a classical technique for finding the directions in which the data varies
the most [3]. By applying PCA, DEEPSHOT could cut down the dimensionality of the
2048-dimensional ResNet features to just 256 dimensions, which resulted in a
considerable gain in the training speed and a smaller storage space required. Earlier
studies demonstrated that projecting features into decorrelated, compact spaces by means
of PCA led to better grouping of sports video events [12].

2.4.2 Singular Value Decomposition (SVD)

Compression based on SVD is extensively employed for video information [13] because
of its capability to keep the main information parts. Although DEEPSHOT mainly
depends on PCA, SVD offers a theoretical basis for reducing dimensions and is commonly
used in sports analytics workflows.
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2.5 Sports Action Detection

Detecting actions in sports means to separate high-speed visually similar events. Thus,
football turns out to be a highly challenging domain.
2.5.1 Traditional Highlight Detection Approaches

The sound of the crowd cheering was one of the main sources of input that earlier systems
used together with:

* audio spikes from crowd reactions [10],

* logo or replay detection [7],

* low-level motion cues.
All these methods were restricted because they could not apply well in different leagues,
camera setups, and stadium environments.
2.5.2 Deep Learning-Based Event Detection
The latest breakthroughs take advantage of:

* deep visual embeddings,

* multi-scale temporal models,

* transformer-based sequence encoders,

* ranking and confidence scoring systems.

The provision of annotated events by datasets like SoccerNet [8] for goals, cards,
substitutions has played a crucial role in the development of research. Ramanathan et
al. [9] present an all-inclusive review demonstrating that deep learning outperforms
conventional heuristics in each highlight generation category.

2.6 Highlight Generation Systems

Automatically producing highlights from videos is a process that consists of detecting the
critical moments of the video, giving scores according to the importance, and creating
short reels of the video content. Research work like the one by Xiong et al. [11] shows
that deep models based on ranking can help in the automatic extraction of highlights.
DEEPSHOT takes a comparable approach by:

» producing predictions of actions at the frame level,
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* setting up reliability standards,
* joining non-stop parts,
* presenting output in the form of JSON timelines,

* using FFmpeg [6] for highlight video rendering.

2.7 Research Gaps

Even though there are improvements, the following gaps still exist:

* There are not many temporal multi-scale architectures designed specifically for
football action detection.

* The majority of publicly available systems identify only 8—10 action classes, while
DEEPSHOT identifies 17.

* A number of systems use audio cues as their primary detection method, which are
not available in all broadcasts.

* There is a lack of automated systems that can create highlight videos from scratch.

DEEPSHOT is a solution to these problems as it blends the use of PCA-reduced deep
embeddings, MS-TCNN modeling, confidence rule-based filtering, and automated
highlight video generation.

2.8 Conclusion

The chapter presented a comprehensive review of the literature regarding deep feature
extraction, PCA-based compression, temporal CNN modeling, action detection in sports,
and automatic video summarization. DEEPSHOT is a system that harnesses these
elements by integrating ResNet-152, PCA, and a Multi-Scale Temporal CNN for the
purpose of detecting 17 different football actions and producing automated highlight reels.
The system design and architecture of DEEPSHOT will be elaborated in the next chapter.



Chapter 3

System Requirements and Analysis

3.1 Introduction

The functional and non-functional requirements of the DEEPSHOT are defined in this
chapter. DEEPSHOT is an Al-powered video analytics system that processes entire
football matches, extracts deep-learning features, identifies 17 football-specific actions
with the help of a Multi-Scale Temporal CNN (MS-TCNN), and finally creates an
automated highlight reel. The system is intended to reduce manual editing effort
considerably and to allow large-scale batch processing of sports video archives.

3.2 Limitations of Existing System

Traditional methods for generating football highlights and earlier automated systems have
come across a few limitations:

* Manual editing requirements: The entire match has to be watched by a human editor,
and the segments are manually trimmed, which is a time-consuming and subjective
task.

 Heuristic-based methods fail when there are differences in broadcast: Logo replay
detection, tracking shot boundaries, and spikes in audio energy are some of the
techniques that do not work across different leagues, camera styles, or environments
with varying crowd noises.

* Lack of good temporal reasoning: Frame-based or single-pass models do not have
enough context of multi-frames to detect actions like passes, shots, dribbling, or
fouls.

* High-dimensional visual data: Raw images and CNN feature maps create a need for
very high processing unless they are reduced through dimensionality reduction.
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* Poor scalability: Several previous systems are not capable of processing big match

archives or automatically creating highlight reels.

DEEPSHOT overcomes these issues by utilizing feature extraction from ResNet-152,

PCA-based dimensionality reduction, multi-scale temporal modeling, confidence-based

event fusion, and automated highlight rendering.

3.3

Proposed System Overview

DEEPSHOT implements a multi-stage pipeline that is structured to detect football actions

and create highlight clips from full-match videos. The main parts are:

1.

2.

34

OpenCV Frame Extraction at the rate of 2 FPS.

Feature Extraction of ResNet-152 to get the embeddings of 2048 dimensions for
every frame.

. PCA-based Dimensionality Reduction to cut down the 2048-dimensional

embeddings to 256 dimensions.

. Using the Multi-Scale Temporal CNN (MS-TCNN) model to classify 17 football

action types over time, applying temporal kernels of varying sizes.

. Confidence-Based Event Filtering to discard weak detections and ensure quality

action predictions are the only ones remaining.

. Temporal Merging of Events that fuses together detections that are overlapping or

adjacent into one coherent segment.

. JSON Highlight Metadata Generation which contains event labels, timestamps, and

confidence scores.

FFmpeg Highlight Clip Generator which results in the final highlight video of 1 to
10 minutes.

Functional Requirements

3.4.1 Input Requirements

* The system is required to accept football match videos in MP4, MKV, or MOV

formats that are of full-match quality.

* The system is to allow resolution ranges of 720p to 1080p and greater.

10
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* The system should perform frame extraction according to a fixed or adjustable

sampling rate (default: 2 FPS).

* The system is to accept pre-extracted feature arrays in .npy format produced by

ResNet if necessary.

3.4.2 Processing Requirements

System should utilize the ResNet-152 model trained on ImageNet to get the
2048-dimensional features.

System should use PCA for dimensionality reduction from 2048 to 256.
System should prepare temporal sequences of reduced features for MS-TCNN input.

MS-TCNN should identify 17 football-specific actions supported by multi-scale
temporal kernels.

System should implement a confidence threshold to filter out low-quality detections.

System should combine detections that overlap or are adjacent into one continuous
segment.

System should produce a structured JSON file which includes the following:

action labels,

start and end timestamps,

action confidence scores,

rankings of segments.

System should create the final highlight reel by using the FFmpeg tool which will
cut and combine the selected segments.

3.4.3 Output Requirements

The system needs to provide:

— a JSON metadata file which includes the events that were detected,

highlight segments that have been filtered and merged,

the confidence score corresponding to each action,

the final highlight video in MP4 format.

The system should produce logs that are related to feature extraction, PCA variance
ratios, model predictions, and events detected.

11
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3.5 Non-Functional Requirements

3.5.1 Performance Requirements

* The system must complete the processing of a 90-minute match within the practical
time limits set on a machine equipped with a GPU.

* The processes of frame extraction, PCA, and MS-TCNN inference should not
consume an excessive amount of memory.

* During inference, event detection should operate with real-time or near-real-time
performance.
3.5.2 Scalability Requirements

* The system has to provide automated processing of several matches in batch mode
as its main feature.

e The users would set the condition that the addition of new videos comes with no
processing of past data.

 The architecture must be capable of the future action classes integration.

3.5.3 Reliability Requirements
* The system is required to be consistent in its outputs for identical inputs.

* The system is required to recognize as major football actions the shots, passes,
dribbles, fouls, goals, and saves.

* PCA and MS-TCNN are not allowed to add any randomness and hence, variabilities.

3.5.4 Usability Requirements

* The JSON output is required to be human-readable, and also structured for
downstream applications.

* The highlight generator is required to be configured for very little by end-users.

* Logs are required to describe the process step very clearly.

3.5.5 Compatibility Requirements
* The system is required to operate in Linux-based environments.

* The system is required to have Python 3.x support.

12



CHAPTER 3 - SYSTEM REQUIREMENTS AND ANALYSIS

* All modules (ResNet, PCA, MS-TCNN) are required to have PyTorch compatibility.

* FFmpeg is required to be available for video clipping and merging.

3.6 Hardware and Software Requirements

3.6.1 Hardware Requirements
* Recommended NVIDIA GPU (from GTX/RTX series).

¢ 16 GB RAM minimum for PCA and MS-TCNN models inference.

* Sufficient SSD disk space for movies, embeddings, and results.

3.6.2 Software Requirements
e Python 3.x
» PyTorch as the deep neural network inference backend
* NumPy and SciPy for numerical calculations
* scikit-learn for Principal Component Analysis (PCA) implementation
* OpenCV for extracting video frames

* FFmpeg for producing highlights

3.7 Conclusion

The requirements ft the DEEPSHOT system, both functional and non-functional, were
discussed in this chapter. They built the baseline on which the design and implementation
of the DEEPSHOT system, which is detailed in the next chapters, rest. DEEPSHOT’S
feature extraction, PCA-based compression, MS-TCNN temporal modeling, and
automated video generation all together make it possible to have a scalable, accurate, and
complete automated highlight summarization that is unattainable with any other methods.

13



Chapter 4

System Design

4.1 Introduction

The DEEPSHOT system design is outlined in this chapter, which is an automated football
highlight generation pipeline that utilizes deep learning and temporal modeling techniques.
The design is based on the architecture mentioned in the DEEPSHOT paper that consists
of deep feature extraction using ResNet-152, dimensionality reduction via PCA,
multi-scale temporal modeling with MS-TCNN, post-processing of action scores, and
automated highlight compilation using FFmpeg.

The system is comprised of modular components, which are aimed at ensuring scalability,
efficient computation, and easy maintenance. The architectural layers, system workflow,
structural diagrams, and interaction of system modules are all described in this chapter.

4.2 System Architecture
The complete system architecture is structured in a three-layer manner:

» Data Layer: Is responsible for the management of raw input videos, frame datasets,
feature vectors, compressed representations, event metadata, and highlighted output
clips.

» Application Layer: Executes the DEEPSHOT pipeline, which encompasses all the
steps like frame extraction, deep feature encoding, PCA compression, MS-TCNN
classification, post-processing, and highlight assembly.

* Presentation Layer: Gives a Ul interface for the user for video upload, processing
start, and highlight download.

14
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Figure 4.1: DEEPSHOT System Architecture

4.2.1 Module Summary

Table 4.1 lists the functional modules used in the DEEPSHOT architecture.

Table 4.1: Summary of Major DEEPSHOT System Modules
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Module Description

Video Loader Loads MP4/MKYV match files for preprocessing.

Frame Extraction Mod- | Extracts frames at fixed FPS (2 FPS) and normalizes input.
ule

ResNet-152 Feature Ex- | Generates high-dimensional deep features for each frame.
tractor

PCA Dimensionality Re- | Compresses 2048D features into compact 256D vectors.
duction

MS-TCNN  Temporal | Performs 17-class football action prediction across time.
Classifier

Post-processing Engine

Smooths predictions, merges events, and filters noise.

JSON Metadata Genera-

tor

Produces structured timestamps and confidence scores.

Highlight Clip Generator

Uses FFmpeg to assemble high-quality highlight reels.
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4.3 Use Case Diagram

DEEPSHOT supports one main user group: anyone needing automated football highlights.
The user interacts only with the upload-and-download interface, while all internal
processes run automatically.

DEEPSHOT System

<_ Upload Video >

—

/ ( Ge nerate Highlig hts )

d_-——"_PPFH

P

_—__‘_‘——__ — —_—
; e —
User / Editor -:'f_____I_Z_)owr'lload Highlights >

¢ "u" iew JSON Timeli ne )

‘;3::::6:0 nfigure Setti ngs )

AT

Admin

Figure 4.2: Use Case Diagram for DEEPSHOT

4.4 System Workflow

The DEEPSHOT workflow is a series of data-processing and machine-learning stages that
automatically transform raw and large-scaled football recordings into clean and concise
highlight clips in a structured way. Every phase is intentionally set to lower the data
complexity significantly while at the same time improving the understanding of video
events semantically.

1. Video Upload: The user uploads a complete video of a football match in the most
common formats such as MP4 or MKV. The system video uploading range consists
of standard-definition recordings to full HD streams, thus making it quite easy for a
professional match to be processed by analysts, coaches, or end-users.

2. Frame Extraction: The video that was uploaded gets divided into separate frames
that are sampled at a constant rate of 2 FPS. This sampling technique gives us the
advantage of having enough detail in the timing aspect while at the same time being
less costly in terms of computation. The frames have their size changed, normalized,
and stored for later extraction of features.
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3. ResNet-152 Feature Extraction: A pre-trained ResNet-152 convolutional neural
network processes the frames one by one to obtain a feature embedding with 2048
dimensions. These deep visual features are able to represent the spatial elements and
their characteristics with great detail. For instance, they could tell which players
were moving, where the ball was, what the crowd was doing, and the court context.

4. PCA Compression: The Principal Component Analysis reduces the size of each
2048D feature vector to a small 256D one, thus lessening the computation and doing
away with the repetition. With this process, the most important variation is kept and
the modeling in time is done easily.

5. Feature Sequencing: The sliding windows, which are representing very short time
periods of the match, are made from the compressed feature vectors. This way the
system gets to be aware of all the small event transitions, player interactions, and
motion patterns of several frames throughout time.

6. MS-TCNN Classification: One of the 17 football-related events like the goal, assist,
foul, intense play, crowd reaction near-miss attempt, etc. is predicted by a
Multi-Scale Temporal Convolutional Neural Network that processes each temporal
window. The model takes advantage of the temporal kernels at multiple scales to be
able to recognize both short-range and long-range temporal dependencies.

7. Post-processing: Predictions of events considered raw are subjected to a number of
techniques aimed at ensuring the accuracy of the time sequence, setting the value of
certainty, and merging segments among others. The output events will be those
representing significant and visually consistent moments of football since very short
fragments or low-probability predictions have been eliminated.

8. JSON Metadata Generation: A JSON file that is structured and contains
timestamps, predicted labels, confidence scores, and event durations is the result of
the export of the events that have been refined. This file is the primary source of data

for downstream processing or for systems external to the project such as analytics
dashboards.

9. Highlight Generation: At the end, the JSON metadata is used by FFmpeg for the
extraction and seamless stitching of the corresponding video segments into a
highlight clip. Depending on the density of the events and the confidence in the
classification, the length of the resulting video is typically between 1 and 10 minutes.

This process guarantees the existence of a fully automated and complete summarization
pipeline that produces small but significant highlight packages from large, unorganized
sports video footage by requiring very little human involvement.
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4.5 Class Diagram

The class diagram illustrates core classes such as feature extractors, temporal models,
metadata handlers, and video processors.

DEEPSHOT — Core Classes

@ VideolLoader

o load(path)
e get_duration()

© FrameExtractor

e extract(video, fps=2)

© FeatureExtractor

e compute(frame) : ndarray(2048)

© PCACompressor

o fit(features)
o transform(features) : ndarray(256)

(© MSTCNN

o predict(window) : List[Event]

© PostProcessor

o filter(predictions)
o merge(predictions)

© HighlightGenerator

o assemble(json, video) : mp4

Figure 4.3: DEEPSHOT Class Diagram
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4.6 Entity—Relationship Diagram (ERD)

CHAPTER 4 - SYSTEM DESIGN

The ERD describes how data entities videos, frame features, PCA vectors, MS-TCNN
outputs, and events relate to each other.
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A (E) Event
® Frame « event_id
« frame_id « video_id
« video id « label
» timestamp « start_time
« path « end_time
« confidence

has

A

(E) Feature

» feature_id
» frame_id
« vector _path

Figure 4.4: Entity—Relationship Diagram for DEEPSHOT

4.7 Deployment Diagram

DEEPSHOT is an integration of a modular system for GPU-supporting workstations to be

the main system. The deployment diagram reveals the interaction of components among

hardware and software layers.
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Figure 4.5: System Deployment Diagram for DEEPSHOT

4.8 Activity Diagram

The workflow starts with the ingestion of the complete match video that is subsequently
processed through diverse internal modules for frame extraction, preprocessing, and
temporal segmentation. Each phase adds a distinct transformation ranging from cleaning
and organizing the raw data to minimizing the moments that are closely related to events
and may become potential highlights. By narratively detailing these phases, we make it
easier for the audience to follow the visual flow with more insight into how the different
parts of the pipeline connect and interact.

In addition, this narrative introduction serves a dual purpose of linking the theoretical
basis previously discussed with the practical demonstration in the diagram. It also pointed
out the sequential dependencies in the system, for instance, the way that the extracted
frames are fed into the deep learning models and how their predictions ultimately lead to
the highlight assembly stage. This context provided is really helpful, as it allows the
reader to identify the reasons behind every transition and decision point in the upcoming
activity diagram, thus forming a more cohesive understanding of the system’s end-to-end
workflow.
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4.9 Conclusion

This chapter discussed the DEEPSHOT system’s design in detail and disclosed its
architectural layers, workflow sequence, inter-module communication, and deployment
setup. The design ensures that the system for automatic generation of football highlights
has great performance, modularity, and expandability. The next chapter will be devoted to
the implementation of the system.
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Chapter 5

System Testing and Evaluation

5.1 Introduction

This chapter reveals the testing methods, assessment techniques, and performance analysis
of the DEEPSHOT Soccer Highlights Generation System. The assessment is aimed at
verifying the precision, rapidity, and robustness of every pipeline stage, thus the entire
process from frame extraction and feature generation to action recognition, event merging,
and final highlight rendering. For practical reliability reasons, all tests were carried out
with actual football broadcasts recording the match.

5.2 Testing Strategy

The testing approach was composed of four major phases: unit testing, integration testing,
model evaluation, and end-to-end system testing.

5.2.1 Unit Testing

The individual testing of each DEEPSHOT pipeline component was carried out to
guarantee their proper functioning:

» Frame Extraction: checked FPS consistency, output resolution, naming pattern, and
missing-frame handling during the whole process.

ResNet-152 Feature Extractor: every frame was recorded to generate a
2048-dimensional embedding and no flawed feature vectors were guaranteed.

PCA Dimensionality Reduction: the output dimensionality (512D), explained
variance ratio and stability across different matches were affirmed.

MS-TCNN Action Recognition Model: the correct input/output shapes, softmax
probability distribution, and inference speed were verified.
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* Post-Processing Module: the event thresholding, merging, and non-maximum
suppression were confirmed to behave as expected.

* FFmpeg Highlight Generator: clip boundaries, smooth concatenation, and

video/audio synchronization were all verified.

Python’s pytest framework was utilized to run automated unit tests.

5.2.2 Integration Testing

Through integration testing, the data flow among the components of the system was
confirmed:

* The feature vectors transferred correctly from ResNet to PCA and MS-TCNN.

» There was a consistent mapping between the per-frame scores and the temporal
event intervals.

* The event intervals were combined correctly in the case of overlapping or adjacent
detections.

* The timestamps were converted precisely to FFmpeg-compatible clip boundaries.

All the modules worked harmoniously together and there were no significant integration
failures.
5.2.3 End-to-End Pipeline Testing

Full match recordings of 90—110 minutes duration were put through the complete
DEEPSHOT pipeline:

1. 2 FPS frame extraction

2. Feature generation using ResNet-152

3. PCA compression

4. MS-TCNN multi-class action recognition
5. Event detection and merging

6. Creation of JSON metadata

7. Highlight rendering

The system managed to output highlight videos that were stable and coherent for all the
matches that were tested.

23



CHAPTER 5 - SYSTEM TESTING AND EVALUATION

5.3 Dataset for Evaluation

The testing and evaluation process utilized a specially optimized dataset comprising of
football data:

* Complete high-definition videos of matches from major leagues.

* Detailed frame-by-frame markings for 17 different actions (like the Goal, Shot, Foul,
Corner, Save, Card).

» Standard PCA-compressed features for the sake of repeatability.
To reduce the influence of individual opinions and to support the consistency of the labels,
the ground truth labels were confirmed by several human annotators.
5.4 Evaluation Metrics

The DEEPSHOT system was assessed through the use of metrics specifically designed for
multi-class sports event detection and highlight generation.
5.4.1 Event Detection Metrics

* Precision: The proportion of events that were identified and are in agreement with
the ground truth to the total number of detected events.

Recall: The system’s detection of the percentage of actual events.
* F1-Score: The arithmetic mean of precision and recall.
» Temporal Intersection-over-Union (t-IoU): The extent to which the predicted event
durations actually coincide with the ground truth is measured.
5.4.2 Highlight Quality Metrics

* Coverage Ratio: The proportion of actual highlights that are present in the final
compilation.

* Redundancy Rate: The degree to which the output contains unrelated content is
measured.

* Human Evaluation Score: Expert reviewers provided ratings for relevance,
completeness, and watchability using a 5-point scale.
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5.5 Experimental Results

5.5.1 Event Detection Accuracy

The MS-TCNN model achieved strong accuracy across several major football actions.
Table 5.1 shows the results.

Table 5.1: Action Detection Accuracy Across Key Events

Event Type Precision Recall F1-Score
Goal 0.96 0.92 0.94
Shot 0.90 0.84 0.87
Foul 0.85 0.78 0.81
Corner 0.82 0.75 0.78

Card Event (Yellow/Red) 0.88 0.80 0.83

The system performed particularly well on goals and card events due to distinct visual
cues and consistent temporal patterns.
5.5.2 Temporal Performance
The temporal IoU (t-IoU) average of all the event kinds was 0.71 that is very high which
shows the strong overlap between the predicted and the real event durations.
5.5.3 Runtime Efficiency
The following execution times were measured on an NVIDIA GPU (12GB VRAM):
* Frame extraction: 5—8 min
» ResNet feature extraction: 10—-15 min

* PCA processing: under 1 min

MS-TCNN inference: 3—6 min

Highlight generation: 1-2 min
It took about 20-30 minutes for a whole match highlight to be created, which is quite a lot

quicker than the manual editing workflows.

5.6 User Study Evaluation

An evaluation of the user study that was conducted with football fans, video editors, and
analysts was done. The following aspects of the highlights were judged:

25



CHAPTER 5 - SYSTEM TESTING AND EVALUATION

* Importance of events
* Clip limits and fluidity
* Storytelling continuity

* Total watchability

The system obtained a mean score of 4.4/5, thus proving its strong practical usefulness.

5.7 Error Analysis
During testing, several limitations of the model were evident:

* Replay Moments: Sometimes, replays of the match that were broadcasted caused the
system to detect incorrectly.

* Low Visibility Conditions: The embedding quality decreased during night matches
with bad lighting.

» Highly Crowded Scenes: Misclassification sometimes occurred with actions such as
fouls in congested areas.

* Class Imbalance: Slightly lower recall was registered for rare actions (e.g., red
cards).

Nonetheless, the detection was still reliable for the greater part of the match conditions.

5.8 Conclusion

The assessment shows that the DEEPSHOT system is reliable all through its entire process.
The combination of ResNet-152 features, PCA compression, and MS-TCNN action
recognition leads to significant event detection precision, and post-processing ensures neat
and concise highlight collection. The system meets the performance requirements of the
real-world scenario for automatic soccer highlight generation and is suitable for
large-scale or batch processing deployments.
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Chapter 6

Testing and Evaluation

6.1 Introduction

In this chapter, the testing methodology, evaluation metrics, and performance results of the
DEEPSHOT are presented. The evaluation is designed to explore the entire pipeline from
2 FPS frame extraction to ResNet-152 feature encoding, PCA dimensionality reduction,
multi-scale temporal CNN inference, post-processing, and final highlight clip generation
in terms of correctness, robustness, and accuracy. All experiments were conducted using
full-length professional football broadcasts. The evaluation focuses on four aspects: action
detection accuracy, timestamp precision, runtime performance, and usability of the
generated highlight outputs.

6.2 Testing Methodology

The system underwent a validation process consisting of several organized testing phases:

* Unit Testing: Validating frame extraction, PCA reduction, temporal chunking, and
CNN input formatting.

* Integration Testing: Verifying data flow from feature extraction through PCA,
chunking, and MS-TCNN to post-processing.

* System Testing: Running the complete DEEPSHOT pipeline on 90-120 minute
full-match videos.

* Performance Testing: Measuring run time, GPU usage, memory load, and scalability.

» User Acceptance Testing (UAT): Human evaluation of highlight quality, relevance,
and timing accuracy.
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6.3 Test Environment

6.3.1 Hardware Setup

The testing machine included:
e NVIDIA RTX/GTX GPU (Tensor Core acceleration)
* 16-32 GB RAM
* 1 TB NVMe SSD for fast caching

* Python-based runtime environment

6.3.2 Software Stack
Software components:
* PyTorch — MS-TCNN inference

* OpenCV — Frame extraction at 2 FPS

NumPy / SciPy — PCA and array operations
* scikit-learn — PCA implementation

* FFmpeg — Highlight clip generation

6.4 Unit Testing

6.4.1 Frame Extraction
e Correct 2 FPS extraction rate
* Proper resizing/normalization for ResNet-152

* Bad frames safely removed

6.4.2 Feature Extraction (ResNet-152)
* 2048-dimensional feature vectors generated correctly
* Stable inference for long-duration matches

* No missing or invalid vectors
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6.4.3 PCA Dimensionality Reduction
* 2048 — 512 dimensionality reduction
* Over 90% variance retained

¢ Consistent feature distribution across chunks

6.4.4 Temporal Chunking
* Correct 120-second (240-frame) segment construction

* Overlapping ensured full temporal coverage

6.4.5 Multi-scale Temporal CNN
 Correct input tensor format (240 x 512)
* Valid outputs at 6s, 13s, 20s, and 40s temporal scales

* Stable segmentation and spotting outputs

6.4.6 Post-Processing (NMS + Thresholding)
* NMS removed duplicate detections within 20 seconds
* Threshold 0.34 filtered weak predictions

* JSON/timestamp outputs correctly formatted

6.5 Integration Testing

» ResNet features fully consumed by PCA
* PCA outputs properly aligned with chunk boundaries
* CNN predictions temporally consistent

* NMS outputs matched expected event counts

Highlight generator synchronized timestamps correctly
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6.6 System Testing

6.6.1 End-to-End Pipeline Execution

* Full pipeline completed without interruption

JSON files generated for all action categories
* Timeline confidence plots displayed correctly

* Produced highlight clips were synchronized and playable

6.7 Performance Evaluation

6.7.1 Accuracy Metrics

Based on the results of DEEPSHOT
Table 6.1: DEEPSHOT action detection performance.

Metric Score

Overall mAP 64-66%
Visible Actions mAP  70-72%
Precision @ £5 sec 40-45%
Precision @ £10sec  55-60%
Precision @ £30 sec  75-80%

Interpretation:
* The system detects 64—-66% of all actions.
* For clear events (goals, penalties), accuracy rises to 70-72%.

* Timestamp predictions are usually within 30 seconds of ground truth.

6.7.2 Runtime Performance

Average processing times:

¢ Frame extraction: 610 minutes

ResNet-152 inference: 12—20 minutes

» Temporal CNN inference: 4-8 minutes

NMS + JSON export: 1-2 minutes
* Highlight clip generation: 1-3 minutes

Total processing time: 23-35 minutes per match (GPU).
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6.8 User Acceptance Testing (UAT)

Highlights were evaluated on:
* Event relevance
* Timing accuracy
* Smooth transitions
* Overall watchability
Reviewer feedback:
* Very accurate detection of goals, penalties, and corners
* JSON and timeline diagrams were easy to understand
* Clips were short, clean, and visually coherent
Suggested improvements:
* Integrate audio-based excitement cues
* Improve near-miss shot recognition

* Offer custom highlight length settings

6.9 Conclusion

The findings from the tests indicate that DEEPSHOT has great precision, strong stamina,
and is ready for commercialization. The descriptors of its architecture include a
multi-scale temporal convolutional neural network, principal component analysis
compression, and visually appealing output with precise timing. The device satisfies every
requirement of its function and can be used for easy-to-understand summaries in
broadcasting, for providing insights into data and even for automatically creating media.
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Chapter 7

Experimental Results

7.1 Introduction

This chapter presents the experimental results of DEEPSHOT, which are based on the
evaluations performed using the official DEEPSHOT documentation. The evaluation
includes mAP, visible action accuracy, temporal precision, and JSON metadata
correctness. The results obtained reflect the effectiveness of the automated
highlight-generating pipeline.

7.2 Evaluation Metrics Used

The subsequent metrics were used for the evaluation of the system:
* Mean Average Precision (mAP) — Total accuracy of detection for all events.

* Visible Actions mAP — Accuracy related to broadcasts of events that are clearly
visible (goals, penalties, corners).

» Temporal Precision — The rate of correctly detected events within time offsets.

* JSON Event Metadata Validation — The accuracy of timestamps, labels, halves, and
confidence scores.

All these metrics together evaluate the accuracy in terms of spatial, temporal, and
structural domains.

7.3 Quantitative Results

7.3.1 Mean Average Precision (mAP)

As stated in the system documentation, DEEPSHOT reached the following values:
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* mAP Overall: 64-66%
* mAP for Visible Actions: 70-72%
The model excels notably in detecting major actions like goals, which convey powerful
visual and contextual hints.
7.3.2 Temporal Precision
Temporal accuracy was measured across different tolerance intervals:
* Precision @ +5 seconds: 40—45%
* Precision @ £10 seconds: 55-60%
* Precision @ 430 seconds: 75-80%

Whereas accurate prediction to the second still presents a challenge owing to the abrupt
camera changes and delays in shooting, the system, however, gets over the hurdle of
practical summarization windows (10-30 seconds) excellently.

7.3.3 Event Metadata Quality

The events are outputted in a structured JSON format. Below is a sample prediction (from
DEEPSHOT documentation):

{

"gameTime": "1 - 12:34",
"label": "Goal",
"position": "754000",
"half": "l",

"confidence": "0.92"

}
This indicates proper processing of the following:
* event timestamps,
e event labels,
¢ match halves,
e confidence values,
* indexing accurate to the millisecond.

Very Such metadata is valuable for trustworthy highlight compilation.
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7.4 Discussion of Results

7.4.1 Strengths
The evaluation brought out a number of strong points:

* A very high precision achieved for visible broadcast events, mainly for goals and
penalties.

* Excellent temporal synchronization to within £30 seconds.
* Very good-adjusted confidence scores, which further assisted in event ranking.
* Structured and accurate JSON outputs which facilitated automated highlight
generation.
7.4.2 Limitations
A few limitations can be seen:
* Detection is difficult for subtle or controversial events.

» Replays or transitions from one camera to another may cause a shift in the alignment
of timestamps.

* The system is blind to audio cues which are essential for accurate detection of fouls,
hence the overall accuracy is reduced.

* The feature extraction process is significantly affected by extremely low-quality
videos.

These limitations are in agreement with the ones mentioned in Chapter ??.

7.5 expectations comparison with

The performance that was reported matches the results that are usually obtained by
visual-only sports analytics systems:

* The 60—70% mAP is the standard for action spotting tasks.
* Accuracy of 70-80% for visible broadcast events is in line with the recent literature.

Thus, DEEPSHOT’s performance is at par with the contemporary sports summarization
pipelines.
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7.6 Conclusion

The findings affirm that DEEPSHOT is a dependable and effective system for the
automatic generation of football highlights. Along with:

* total mAP nearly 65%,
* apparent action mAP exceeding 70%,
* great temporal accuracy during reasonable tolerances,

the system has therefore achieved its target specifications and proved its applicability in
the real world. Individual drawbacks exist, however, the complete process of producing
reliable, uniform, and broadcast-ready highlight summaries is still there.
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User Manual

Introduction

This User Manual provides a complete guide for operating the DEEPSHOT - Automated
Soccer Highlights Generation System. DEEPSHOT processes full-length soccer match
videos and automatically generates high-quality highlight reels using deep learning,
tensor-network modeling, and FFmpeg-based video synthesis. The system is designed to
be efficient, modular, and easy for end users to operate.

System Requirements

Hardware Requirements
* Minimum 16 GB RAM
¢ NVIDIA GPU (GTX/RTX series recommended)
* CPU with AVX instruction support

* 20-50 GB of available disk space

Software Requirements
* Python 3.x
* PyTorch & Torchvision

* NumPy, SciPy, scikit-learn

OpenCV (cv2)

* FFmpeg (command-line tool)

JSON library (bundled with Python)
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Installation Instructions

Step 1: Install Dependencies

Install the required Python libraries:

pip install torch torchvision numpy scipy scikit-learn opencv-python
Install FFmpeg:

sudo apt install ffmpeg

Step 2: Create the Project Directory Structure
Create the following directories:
* videos/ — Raw input match files
* frames/ — Extracted frames
* features/ — ResNet-152 feature vectors (.npy)
* output/ — Highlight videos and metadata

* logs/ — Optional runtime/debug logs

How to Use the System

Step 1: Add an Input Video
Place your match video in:
videos/

Supported formats: mp4, mkv, avi, mov.

Step 2: Frame Extraction
Run:
python extract_frames.py ——input videos/matchl.mp4
This script:
* Samples frames at 2 FPS
* Resizes frames for ResNet-152

e Saves them in frames/
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Step 3: Feature Extraction
Run:
python extract_features.py ——frames frames/ —--output features/
Outputs:
* 2048-dimensional feature vectors

e Saved as . npy files

Step 4: Summarization Pipeline
Run:
python summarize.py —-—-features features/ —--output output/
The script automatically performs:
1. SVD dimensionality reduction
2. PCA refinement
3. Temporal tensor construction (30-frame windows)
4. Temporal boundary detection using TNS
5. TNMS multi-scale scoring

6. Generation of metadata. json

Step 5: Generate Final Highlight Video

python generate_highlight.py —-—-json output/metadata.json \
--video videos/matchl.mp4 \

——output output/highlight.mp4

FFmpeg automatically cuts and merges the detected highlight segments.

Interpreting the Output

JSON Metadata Structure

Example:
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{

"events": [
{
"start_time": "00:12:45",
"end_time": "00:13:10",
"confidence": 0.92,
"label": "high_intensity"
by
{
"start_time": "00:47:30",
"end_time": "00:48:05",
"confidence": 0.88,
"label": "goal"

]
}

Each event includes:
* Start and end timestamps
» Event label (goal, foul, high-intensity, etc.)

¢ Confidence score

Highlight Video Output
* Location: output/highlight .mp4
* Contains the top-ranked extracted segments

* Typical duration: 1-10 minutes

Troubleshooting

Video Does Not Load
e Ensure the video is in videos/

* Verify that FFmpeg is correctly installed
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Frame Extraction Issues
* Check file paths

* Confirm OpenCV is installed correctly

Feature Extraction Issues
* Ensure GPU availability (recommended but optional)

* Reinstall PyTorch if CUDA errors occur

JSON or Metadata Errors
* Delete partially created metadata and rerun summarization

* Validate JSON formatting

Conclusion

This User Manual outlines the complete workflow required to install, configure, and
operate the DEEPSHOT system. Following these procedures enables users to efficiently
generate high-quality automated highlight videos using a robust deep-learning and
tensor-network-based pipeline.
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