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ABSTRACT

In this decade, emerging technologies such as deep learning have become crucial
in video analysis to understanding the action and event caused by human interactions.
Rapidly and precisely detecting/recognizing events and participants is an important
and challenging problem in various areas, among which sports — accurate and timely
judgements are expected by all games . This dissertation aims at developing new
systems of action and event detection in soccer games and making progress towards
automatic refereeing systems.

Firstly, we propose an approach for detecting events in untrimmed soccer game
videos. The game videos are captured by multiple fixed cameras and do not contain shot
boundaries. To obtain more precise results, we propose a network built upon inflated
3D (I3D) ConvNets for video action recognition to detect and differentiate these events,
and two novel grouping methods for localizing the boundaries of events. Comprehensive
evaluations indicate that our approach achieves fairly good performance.

Secondly, based on the annotated foul participants on the static frames at the
foul moment, we show our detection experiments for identifying foul subjects and ob-
jects. The detection experiments compare the popular object detector (Faster R-CNN)
with training from scratch with a state-of-the-art pedestrian detector (Pedestron) fine-
tuned on a pedestrian dataset. An investigation is launched to demonstrate that the
predictions can be affected by different non-maximum suppression approaches (NMS
and soft-NMS) for post-processing. These detection experiments’ results show satis-
factory performance of detecting foul subjects and objects.

Furthermore, we detect foul participants and identify foul subjects and objects
on video clips in a cluttered visual environment. Our system can differentiate foul

participants from bystanders with high accuracy and localize them in a wide range

Xvi



of game situations. We also report reasonable accuracy for distinguishing the player
committing the foul, or subject, from the object of the infraction. We also experiment
camera calibration and clustering approaches on filtered on-the-field persons’ torsos to
differentiate them by colors. Quantitative analysis showed that the clustering approach
achieves good performance.

Lastly, we build a neural network for sports spotting over the entire game video
in an end-to-end manner by combining a state-of-the-art action recognition network
(SlowFast) into the temporal action spots detection network. Instead of extracting
and storing all video features for the temporal detection, we do end-to-end training
and inference. This architecture would be more efficient for practical applications as
it reduces the otherwise multiple steps of training and inference. By enhancing and
organizing spatial and temporal contextual information extracted by action recogni-
tion parts on short video clips, future work of modifications on the neural network
architecture can be done to improve the detection performance. We also would like
to investigate attention-based methods for learning from the temporal distribution of

action semantics to find significant features for action spotting in soccer game videos.
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Chapter 1

INTRODUCTION

Computer vision techniques have been widely applied to people’s daily life. As
parts of the main topics in computer vision, event detection, multiple-object tracking,
and recognizing semantic objects of certain classes have been applied in many areas,
including video analysis, video summary, person detection, etc. Sport is a great source
of human actions and more and more people pay their attention to this area. From
2009, more and more large video dataset have been published, such as Hollywood2,
HMDB51, UCF101, Sports-1M, ActivityNet, Charades, Kinetics, AVA, MovieNet and
SoccerNet [97, 73, 124, 69, 11, 121, 70, 52, 65, 44]. Thanks to these dataset, deep
neural networks are able to be applied in various areas and make understanding video’s
semantic context possible. And since 2017, deep network based models for videos have
sprang up just like mushrooms. With the improvements and the wide deployments of
computer vision techniques in videos, the application in sport-related videos have been
hot topics that are not only for general video analysis purpose but also in more specific
areas like sports game video assistant referee.

In literature, many solutions have been proposed to recognize events in general
videos. An event represents a state that is a collection of actions performed among
different agents [61]. Different types of information including visual, audio, text and
other information from sensors have been widely utilized. In videos, deep learning
based approaches have been the main stream solutions to exploring human interaction
in complex scenes, such as CNN 3D based methods [68, 14], two-stream based methods
[122, 145], attention-based methods [87, 86], etc.

The term event is interchangeably used with action in many scenarios, especially

for trimmed videos. Typical human action recognition and detection have been in the



spotlight for more than ten years. After deep neural networks are studied in almost
all places in this area, there are two main streams regarding their approaches: 1). Ei-
ther CNN 2D or CNN 3D based is applied on frames (images) and temporal optical
flow images. The classic approach for recognizing person’s action [145] combined two
CNNs for extracting appearance from static frames (images) and optical flow images,
respectively. Based on this, some researchers proposed many methods to improve the
performance, such as combining Fisher Vector encoding of Dense Trajectory Descrip-
tors [144], extracting short snippets over a long video sequence [143], incorporating
human/object detection results into leverage semantic cues [145], fusing spatial and
temporal networks at convolutional layers [35], etc. 3D convolutional neural networks
extract features from both the spatial and the temporal dimensions by performing 3D
convolutions, then capture the motion information encoded in multiple adjacent frames
[68]. After that, [28] proposed a bilinear model to pool together the outputs of the last
convolutional layers of the pre-trained networks. 2). Some researchers combined RNN
and CNN for directly classifying sequences without any segmentation. [5] trained RNN
to classify each sequence considering the temporal evolution of the learned features for
each timestep. [51] demonstrated that LSTM’s performance remains robust even as
experimental conditions deteriorate. [30] introduced an end-to-end hierarchical RNN
for skeleton based action recognition.

With the improvement of analysis in general videos, more and more sports
benefit from technologies in video analysis in not only training but also gaming. In
training, it can help coaches and athletes to share the same view together for improving
performance. In game, referees can double-check the judgement, coaches can arrange
tactics accordingly. TV directors also benefit from it since richer contents can be
easily rendered to audiences. The literature of sport-related video analysis is also vast.
Its applications include broadcast enhancement; real-time, in-depth player and team
performance measurement; and automatic summarization of key events. Behind these
analysis tasks, several common visual skills are widely utilized, such as ball tracking;

player segmentation, recognition, and pose estimation; and recognition of formations,



players, and situations. As one of the earliest models for detecting highlights or events,
[4] presents a system for automatic annotation of the principal highlights in soccer
videos.

To automatically detect different states in soccer games, Xie et al. present
statistical techniques [153] to identify two mutually exclusive states play and break.
[83] proposes a framework combining temporal action localization and play and break
rules for soccer video event detection. Beyond the play and break, more semantic visual
events attract many studies to recognize and localize across the game video. For the
nature of broadcasting videos, more kinds of semantic events are explored in [44, 26, 19,
45] With the huge demands for annotated video data for object segmentation, tracking
and interactions, [76] in 2009 proposes a semi-automatic system that generates an
initial ground truth estimation. Efforts have also been made for ball/players detection
and tracking. [132] proposes a ball detection and tracking approach in real soccer game.
They apply an indirect non-ball elimination strategy in view of difficulties of direction
detection. [89] makes use of cascaded Convolutional Neural Network (CNN) to detect
player locations from whole images.

To map the broadcasting frame to the world coordinate, [8] proposes an ap-
proach to extract the frame line mask and tune the initial homography. [116] inves-
tigates the benefit of employing self-attention on the spatio-temporal embeddings ex-
tracted from ball and players trajectories as well as bounding boxes around the players
to detect group activity in soccer games. Besides the visual information, some studies
[104] combine the body-sensors for feature extraction, object tracking and background
subtraction.

Practically, as Fig. 1.2 and Fig. 1.3 depicted, in professional soccer games, novel
computer vision techniques have been accepted and used for helping referees to make
decisions. Video Assistant Referees (VAR) [36] has been officially applied since 2018
FIFA World Cup and promoted to many popular top-level professional leagues. There
are three main incidents (plus one administrative) being identified as game-changing:

goals, penalty decisions, direct red card incidents and mistaken identity. A VAR review
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Figure 1.1: Left: example of applying VAR in Premier League for checking possible
offside. When there’s a possible offside, typically, 3 best frames are man-
ually selected for representing the point at which the attacking player
made first contact with the ball. Right: Goal-line technology assists ref-
erees and assistant referees in making crucial decisions where there is
doubt as to whether or not the ball has crossed the line.

allows the referee on the field to get advice from one or more referees who can analyse
and replay video images of the situation at question.

Indeed, VAR is still a more manually labored system, rather than an autonomous
and automatic one. It needs assistant referees in the video operation room to watch
the live action on the field while the VAR is undertaking a “check” or a “review”, to
keep a record of reviewable incidents, and to communicate the outcome of a review to
broadcasters, as showed in the left of Fig. 1.1. The goal-line technology (as showed
in the right of Fig. 1.1) uses electronic devices to determine if a goal has been scored.
Despite of making progress on assisting referees, more efficient and accurate systems
need to be proposed.

In this dissertation, we start from detecting play/break and break types in the
multi-camera scenario. We manually annotate the event types of play/break and all
breaks across the 2 complete soccer games from 3 fixed cameras. In this multi-camera
scenario, we propose a combination of two grouping methods using the confidence score
output by the 3D deep network. Next, we move to detecting players who are involved

in a foul. At this task, we firstly explore its possibility in single static images. Since



Figure 1.2: An on-field review (OFR) can only be conducted on the recommendation
of the VAR. Slow motion replays are only used to establish point of
contact for physical offences and handball, while full-speed replays are
shown to determine the intensity of an offence or whether a handball
occurred in the first place. During an OFR, the VAR can transmit several
video replays from different camera angles and positions to allow the
referee to make their decision.

temporal dimension have more information than static images, we make an assump-
tion that foul participants and bystanders can be more easily differentiated given foul
moments. Furthermore, the foul subject and object can be also identified. We utilize
a multi-object tracking method on the given video clips to generate players’ tracks.
Then the post-processed tracks are the consecutive sequences as the input of the deep
network. The occlusion among players is still an obstacle of identifying the foul subject
and object. We use camera calibration to generate top-view of the field for estimating

distance among players and their positions on the field. We also extract players’ torsos



Figure 1.3: A view of the video assistant refereeing operation room at the 2018
Fifa World Cup international broadcast centre in Moscow. Assistant
video assistant referee (AVAR) is appointed to assist the VAR in the
video operation room. The responsibilities of the AVAR include watching
the live action on the field while the VAR is undertaking a ‘check’ or a
‘review’, to keep a record of reviewable incidents, and to communicate
the outcome of a review to broadcasters. Photo: AFP

to get the torsos for differentiating their teams based on their jersey colors. We also
experiment action spotting for localizing different actions/events in entire game videos.

An overview of the topics covered in this dissertation can be found at Fig. 1.4.

1.1 Statement

This dissertation focuses on exploring soccer game videos analysis based on state
of the art deep neural networks, especially for detecting the foul event across the game
video and identifying participants of fouls on either fixed and multi-camera videos or
broadcasting videos dataset, progressing towards automatic video refereeing system.

We also detect foul subjects and objects on static images at an instant moment.
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Figure 1.4: Overview of topics covered in this dissertation. Our work shows the
development towards event detection and recognition. Each different
colored block with solid lines shows the research work of a chapter in this
dissertation.

1.2 Contributions

Event Detection in Multi-Camera Scenario We firstly annotate ‘play’, ‘break’
and different ‘break’ types on multi-camera soccer game videos. Then, we present
a fusion model for detecting events in multi-camera scenario. The model combines
three towers of deep 3D networks with consecutive frames fed from three fixed-position
cameras. Towers of deep networks in this model share weights with each other.
Novel temporal grouping methods for play/break event detection We have
presented two separate grouping methods for refining the bounding of play/break and
break types in the temporal dimension. These two can also be combined together
to further improve mean Average Precision (mAP). The proposed two methods take
the confidence scores output from the deep network model and adjust the temporal
boundary in an effective way.

Annotation of Foul Participants at Foul Moments We extract and annotate
fouls in 442 SoccerNet games that have text transcripts of audio commentary on game

events which are timestamped by half game clock with one-second precision. The fouls



are roughly located by searching all transcripts. Furthermore, we annotate tracks for
foul subjects, objects and other bystanders in complete 50-frame of parts of the foul
clips in the 442 games.

Detection of Foul Subjects, Objects and Bystanders We present a system of
differentiation of foul participants from bystanders with high accuracy and localization
of them over a wide range of game situations. We also report reasonable accuracy for
distinguishing the player who committed the foul, or subject, from the object of the
infraction, despite very low-resolution images.

Differentiation of Players by Clustering We firstly utilize players’ skeletons to
generate their torsos’ masks from every single frame. And we apply an unsupervised
learning method to differentiate them by their corresponding color histograms. The
differentiation is important for further figuring out who is the foul subject and who is
the foul object.

End-to-End Temporal Action Spots Detection on Broadcasting Soccer Game
Videos We design an end-to-end model for detecting action spots over the entire game
video. Despite of unsatisfactory performance, we strongly believe its value cannot be
ignored since it provides thoughts to handle the problem of action detection in long

duration videos. We also provide possible solutions to achieve desirable performance.

1.3 Blueprint of the Dissertation

The rest of this dissertation is organized as follows.

Chapter 2 discusses a temporal grouping approach for play/break and play and
break types detection in fixed multi-camera soccer game videos, as showed in Fig. 2.1.
The proposed approach is based on an efficient grouping mechanism on the confidence
scores output by a trained deep neural network. We also make our annotations on the
Soccer Video and Player Position Dataset (SVPP) for abstract categories.

In Chapter 3, based on SoccerNet V1 dataset we establish our benchmark on
detecting foul subject and object on static images that are captured from videos at

the foul moment, as showed in Fig. 1.5. We experiment with state-of-the-art object
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Figure 1.5: The view of SoccerNet dataset. In Chapter 3, we focus on detecting foul
subjects (solid blue box) and objects (solid green box) on static frames
at the foul moment (dash red box). In Chapter 4, we move to detecting
foul subjects and objects on video clips that are anchored at the foul
moment frames (dash blue box).

detectors on our task. And we compare the post-processing methods by measuring
their performance in our cluttered environments.

In Chapter 4, we move from 2D to the 3D domain for detecting players involved
in fouls in broadcasting soccer game videos, as showed in Fig. 1.5. And we measure
the performance of multi-object tracking on trimmed videos. Furthermore, who made
the foul and who is fouled in the video is also investigated. In this task, we also create
a novel benchmark based on SoccerNet V1 dataset for tracking players and identifying
their actions in fouls. Furthermore, we propose to differentiate players by jersey colors.
To get rid of the influence from persons detected out of the field, we apply a camera
calibration method to estimate camera positions and overlay the frame onto the field
template for extracting the region of the field. Then we do clustering on the detected
torsos for the differentiation. To evaluate the clustering performance, we annotate
torso colors of the detected persons from a few subsets of video clips.

In Chapter 5, thanks to the success in the action recognition model and tem-
poral action spots detection model, we propose to construct an end-to-end model for
detecting action spots over the soccer game video. Despite of far below expectation
results, we strongly believe that we are on the track of achieving good performance for

the temporal action spots detection. In this chapter, we will discuss the task and make



analysis.
Chapter 6 draws a conclusion to this dissertation and points out a few potential

future directions.
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Chapter 2

MULTI-CAMERA TEMPORAL GROUPING FOR PLAY/BREAK
EVENT DETECTION IN SOCCER GAMES

In this chapter, we build upon inflated 3D (I3D) ConvNets for video action
recognition to detect and differentiate six abstract categories of events in untrimmed
videos of soccer games from multiple fixed cameras: normal play, plus breaks in play
due to kick-offs, free kicks, throw-ins, and goal and corner kicks. Raw video unit clas-
sifications by variants of the basic I3D network are post-processed by two novel and
efficient grouping methods for localizing the boundaries of events. Our experiments
show that the proposed methods can achieve 84.2% weighted precision for event cate-
gories at the level of video units, and boost event temporal localization mean average

precision at 0.5 tloU (mAP@O0.5) to 62.0%.

2.1 Introduction

Computer vision is fast becoming a powerful tool for sports video analysis. All
kinds of vision-based tasks traditionally performed by the players themselves, spec-
tators, referees, camera operators, and expert commentators can potentially be auto-
mated or enhanced for a myriad of applications. These include training and coaching
feedback, enhanced rule enforcement accuracy, replay annotation and explanation for
broadcasters, measuring detailed player and team statistics, and even serving as per-
ception modules for robotic sports participants. While the exact purpose of the analysis
may vary, as well as the sensors employed, there are certain visual skills such as ball
tracking [132, 96], player segmentation [13, 89, 66], recognition [43], and pose estima-
tion [71], and recognition of formations, plays, and situations [4, 135, 137, 44] that

many sports vision systems have in common.
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Figure 2.1: The views from fixed multi-cameras

One of the most basic forms of sports video understanding, at a high level, is
play/break categories classification [153, 32, 125]. That is, can one infer whether a
particular video sequence depicting part of a game is showing actual game play, or is
there a break in the action? We follow the event definition introduced by Giancola, et
al. [44] to represent play/breaks in videos of soccer games, who defined an event as
an action that is anchored in a single time instance, defined within a specific context
respecting a specific set of rules. Distinguishing between these two game states is not
trivial, because during breaks the players (as well as the ball) may still be visible, and
still moving. Events like shots, passes, and fouls that occur in the course of play are
understandably popular subjects of study for game analysis [125, 13, 135]. However,
here we investigate break events, which may be due to a timeout, a foul, halftime, an
injury, a ball out of bounds, or any number of sports-specific events. In particular, we
study soccer break event categories as defined in the FIFA rule book [37]: (1) kick-offs
(to start each half or after a goal), (2) free kicks (after a foul), (3) penalty kicks, (4)
throw-ins (touch line out of bounds), (5) goal kicks (end line out of bounds caused by
offensive team), (6) corner kicks (end line out of bounds caused by defensive team),
and (7) dropped balls (all other situations), detecting these break event segments in
the soccer game video is a difficult task due to the sparsity within a video, but also
they have different duration.

Rather than recognizing events or actions in the long untrimmed video either

from one camera or from a broadcast feed (in this case, a video contains camera panning
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and zooming, shot boundaries and subjects and scenes selected of the action), in this
paper we aim to differentiate and localize play and break events using the Soccer Video
and Player Position Dataset (SVPP) [104] which has two complete soccer games from
three fixed cameras, like Fig. 2.2 shows. This dataset doesn’t have event categories,
we manually annotate them in a frame level. Therefore, the event segment can be
extracted.

We first consider the Two-Stream Inflated 3D ConvNet (I3D) [14] trained on
three cameras be the one worthy for the comparison since it is one of state-of-the-art
architectures. The I3D, which takes several seconds of video context or a sequence
of frames in a fixed length (which we call video unit for differentiating with the event
segment), is able to recognize play and different break categories fairly reliably. Because
of multi-camera, an assistant neural network (AN) is then utilized to combine all I3D’s
predictions on synchronous units from all cameras. We also extend 13D to our C-13Ds
by integrating observations from multiple cameras, even those not directly viewing the
action, are able to boost performance non-trivially. In C-I3Ds, each camera corresponds
to one 13D with two-stream (RGBs and Optical Flows). The integration of these 13Ds
takes synchronous video units from all cameras as inputs. Outputs are combined to
generate predictions.

Here is an assumption: if a classifier performs well with unit inputs, boundaries
will be localized easily and efficiently. Unlike recent methods [38, 39, 171] feeding by
trained deep features for localizing actions or generating action proposals in untrimmed
videos, we propose two efficient methods to group adjacent video units for the event
localization: probability-based grouping (PBG) and class-based grouping (CBG). Both
grouping methods build upon predicted probabilities and classes by our I3D-based
model. They and their combination achieve promising performance on our testing.

In summary, our contribution are three-fold: (1) We extend the I3D network
to be suitable for the multi-camera case to classify video units. (2) We propose
probability-based and class-based grouping methods to facilitate C-I13Ds for event lo-

calization. (3) The combination of both grouping methods boosts performance on both
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Figure 2.2: Example frames of all events defined in the rule of soccer games. In the
SVPP dataset, three fixed cameras capture different regions of the field.
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classification and localization during testing.

2.2 Related Work

Deep learning architectures for video classification and action recognition in
videos have also shown great promise recently [69, 138, 141], including LSTM networks
for human action classification [51] and recognizing pass, shoot, dribble actions from
multi-camera video with player and ball trajectories [135]. Strategies for fusing optical
flow with spatial information have also achieved considerable success [122, 14, 143, 145],
as well as 3D convolutional neural networks which extract features from the spatial and
the temporal domains jointly by performing 3D convolutions to capture the motion
information encoded in multiple adjacent frames [68]. Based on an Inception module
[127], 13D expands 2D filters and pooling kernels to 3D to make it possible to learn
seamless spatio-temporal features from video and applied on two-stream (RGB and
Optical Flow). The optical flow input may provide some sense of recurrence [14].
The I3D network trained on optical flows carries optimized, smooth flow information.
Experimentally it is valuable to classify actions. After pre-training on the Kinetics
dataset [24], I3D models have reached 80.9% on HMDB-51 and 98.0% on UCF-101
[14, 124, 73] which is the most state-of-the-art method to our best knowledge.

Despite these advances, localizing action boundaries in a long, untrimmed video
is still a difficult problem. Applying temporal sliding window is a typical scheme after
classification [101, 142]. The feature extracted from deep neural networks is globally
pooled within each window for generating SVM inputs. Yuan et al. [162] proposed an
approach to address the uncertainty of action occurrence and utilization of information
from different scales. Although these works have shown promising performance in
their task, the efficiency is still unresolved. Many recent methods have examined this
problem as analogous to object detection but in the temporal dimension, they utilize
features from deep neural networks to localize action boundaries, including temporal

action proposals [39, 38, 15].
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In the work which is similar with ours, Giancola, et al.[44] try to “spot” three
soccer event categories: (goal, card, and substitution). However, they didn’t try to
identify the boundaries of an action within a video, but simply the anchor time that
identifies an event with one-minute resolution.

Some other soccer datasets include ISSIA [76], which contains player, referee,
and ball positions as seen from multiple fixed cameras; and SoccerNet [44]. But, ISSIA
is very short — only 2-minute sequences, and while SoccerNet is huge (764 hours of
video), it only contains very sparse yellow/red card, goal, and substitution events at
essentially 1-minute label resolution. AZADI [8] has play/break labels and Soccer 152-
A [83] has a number of actions, including those of referees, coaches, and spectators,

but neither of these could be obtained for this work.

2.3 Dataset and Annotation

The Soccer Video and Player Position Dataset [104] (SVPP) is used in our work.
The portion of the dataset that we use consists of two complete soccer game videos
captured at 30 fps by three fixed cameras whose overlapping fields of view each roughly
cover one-third of the length of the field. These two games are TromsolLL vs. Anzhi
(TvA) and TromsolL vs. Stromsgodset (7wS). The original resolution of each frame
in the video is 1280 x 960. The video of the games are untrimmed, and no broadcast
content. 324,284 frames of each camera are annotated with play occupying about 65.9%
and break 34.1%. There are no instances of penalty kicks or drop balls in the videos,
so we remove these two break categories. Of the break frames, 0.4% are kick-off (only
at the beginning of the game or after the half, as there are no goals), 32.4% free kick,
24.4% throw-in, 14.7% corner kick, and 28.1% goal kick. And different event categories

have various time duration. Examples of annotated frames are illustrated at Fig. 2.2.
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2.4 Methods
2.4.1 Classification
2.4.1.1 13D, Assistant Neural Network (AN) and C-13Ds

Because deep neural networks have displayed good ability of generalization [167,
100], we firstly train one I3D network on units from all cameras. And we assign
one trained 13D model to a related camera during testing. It implies that different
I3D networks share weights with each other. Thus, synchronous units from different
cameras are sent to their corresponding I3D networks. Their outputs (confidence scores
or logits) are concatenated to feed into AN, which is, in our work, a fully-connected
network for outputting event classification results by combining confidence scores from
different cameras’ related I3D models.

However, in the multi-camera case, both machine and human may be error-
prone on pointing out the event when some cameras are unavailable. Training one 13D
network on units from all cameras may result in bad recognition. Like the right frame
at the third row showed in Fig. 2.2, people cannot tell the exact event, because most
players are in the penalty area in the other side for a corner. Therefore, deploying
several 13D networks for different cameras on training is an alternative way. Unlike
the previous way we used, these 13D networks don’t share weights with each other.
Fig. 2.3 shows its architecture. Each pair of two-stream 13D networks corresponds to a
camera. And the output of these separate I3D networks are combined lately, without
applying AN. We call this C-I3Ds. Because synchronous video units have the same
categories, we train these separate 13D networks jointly and average their predictions

at both training and testing time.

2.4.2 Event Boundaries Localization
2.4.2.1 Probability-based grouping (PBG)

A temporal sequence of predicted probabilities may indicate the transition from
one state to another. Ideally, such transition would be smooth and precise. But, in

videos, classifiers may not always achieve perfect results due to several reasons such
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as subjective labelling, restrictions of the classifier, limited data and etc. Using good
classifiers, false classification on frames/units still commonly exists, and thus makes
localization difficult. To address this problem, we apply a sliding window manner on
predicted probabilities from deep neural networks to not only filter out some errors, but
also can group adjacent segments together. The probability-based grouping has two
steps: actionness scores grouping and break categories assigning. Fig. 2.5 illustrates
the full pipeline of PBG.

We extend the definition of actionness scores in [171] and use it to describe the
probability of a given video unit is a break event. For an unit k£, we get its actionness
score by proby , = 1 — proby,,, where proby , is the actionness score and proby, is the
probability of ‘play’ of k. If Vk € [i, ], probra. > ta., we will be able to get a class-
agnostic segment S; ;, t, is a threshold of differentiating ‘break’ with ‘play’, and %, j
are the boundary of a segment. Based on observations, the beginning of any break
event is usually very similar with ‘play’ and the beginning of any play is also very
similar with its previous neighbor ‘break’. Therefore, for each break segment S; ;, we
utilize [, — 1 units before i. And apply a mean window W, with size [,, and stride
st from @ — lgy + 1 to j — lg + 1. It will adjust S;; to S, ; given ¢,. After that, an
adjusted segment may overlap or be too close with its neighbor segments. We collect
these averaged actionness scores from m to n and apply another mean window W, to
determine if separate or group them. We define [, be the size of Wy, s, also implies
the minimum length (i.e. if the distance between two adjacent segments is less than
lsep, we think they are too close). We densely slide W, across [m,n] with stride 1,
and compare every scores with a threshold ¢,,,. If the number of consecutive steps for
Wiep is more than [, and the mean scores are less than ¢,,,, then we separate them.
It is worth noticing that we shrink the size of W, if n —t + 1 < [, for outputting
n —m + 1 mean scores, where t is the index of the current unit.

For assigning break categories, we average probabilities of all categories for all
units within the refined segment, denoted by Py ;. Because, for each category c, the

shortest and the longest lengths G snort and G jong can be obtained from the training
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set, we iteratively check and assign the most possible category to the segment based
on the its length Iy j, if Iy jy > G spore and ly jo < Gejong. If n0 category can satisty

this segment, ‘play’ will be assigned to it.

2.4.2.2 Class-based Grouping (CBG)

The drawback of PBG is, l,, and [, might not be very large because large
window size will eliminate some short but true predictions. Therefore, many false
positives are retained. Based on the rule of professional soccer games, we observed
facts that any break category must start at the end of ‘play’, rather than other break
categories, except ‘kickoff’. And, any break category will usually not takes too short,
similar as what we mentioned in assigning break categories in PBG. So based on these
facts, we utilize predicted classes to further adjust both boundaries and categories. For
each input segment S; ; (including ‘play’) with length is /; ;, its two neighbor segments
Szi—1 and Sji1, are extracted if [; ; < tien, where ¢, is a threshold for indicating small
segments. Then, group S;;1, with S;; and assign its category to S;; if [z ;-1 < lj11,.
Otherwise, combine S, ;_; to it. This step is processed iteratively until all lengths are
greater than t,.,,. After that, if any adjacent segment all belong to any ‘break’ category

(except ‘kickoff’), we merge the short segment with the adjacent longer one and assign

the category to it.

2.5 Experiment and Analysis
2.5.1 Data Preparation

We randomly extract synchronous video units from three halves’ videos and all
cameras to generate the training set. The three halves are: the 2nd half of TvA and
the 1st and 2nd half of TwS. In our work, each video unit has 64 frames with 1 frame of
unit’s stride. Fig. 2.4 displays the distribution of length of event segments in different
break categories in our training set. We assign the label of the last frame in an unit
to be the category of this video unit. Due to highly imbalanced number of categories

in our dataset, we over-sample video units which are break categories. Thus, for
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each category (include play), 9,000 synchronous video units from 3 cameras are in the
training set. Data augmentation is necessary to improve the ability of generalization of
models because of limited instances of some categories. For each frame, we randomly
crop with size 1160 x 921. Frames in the same video unit are cropped at the same
place, as well as the corresponding optical flows images. These frames are re-sized to
224 x 224 for feeding into 13D and C-I3Ds. We also apply random right-left flipping,
frames and corresponding optical flows images in the same video unit do have the same
flipping direction. For the test set, we use the 1st half of TvA with unit’s stride 1 frame
as well for both the event classification and boundary detection. There are 81,471 units

in our test set.

2.5.2 Implementation Details of Training

We train the 13D network in an end-to-end manner, with units of video frames
as the input. The optical flows are calculated by Dual TV _L' method [163]. The 13D
network is trained on randomly selected units from all cameras. For both I3D and
C-I3Ds, we use SGD to learn parameters. The learning rates are set to 0.01. And
dropout of both I3D and C-I3Ds is 0.5 during training. We make AN have 2 layers
of 20 hidden nodes. We deploy the same I3D models to predict confidence scores
on different camera units. The input of AN is the confidence score from I3D models
on synchronous units. The optimization of AN is launched by Adam optimizer with
learning rate 0.0001. The training iterations of both I3D and C-I3Ds are 240K, and
they are all trained from scratch. The batch size is 4 because of the memory issue. AN

is trained for 20K iterations with batch size 64.

2.5.3 Evaluation Metrics
For event classification, we calculate Precision for different event categories (in-
clude ‘play’). The Weighted Precision is calculated as well for indicating the overall

classification performance. For event localization, we report mean Average Precision
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(mAP) and Average Recall (AR) using temporal Intersection over Union (tIoU) thresh-
old of 0.5. Because none of the ‘kickoff’ units is recognized, it is not included in the

analysis of the results.

2.5.4 Classification

Tab. 2.1 displays the precision of the different model on testing. 13D network
trained on units from all cameras doesn’t perform really well, even AN is applied. The
C-I3Ds perform better than the 13D with AN on almost all categories, except ‘free
kick’. Without any grouping method, its weighted precision achieves 78.7%. Units can
obtain labels after applying grouping methods with the C-I3Ds. If both l,, and [,
are 46, the weighted precision reaches 83.5%. If the CBG is applied with ¢, is 125,
the weighted precision (80.9%) is lower than using PBG, but still higher than C-I3Ds’.
We also combine PBG and CBG to adjust predicted categories of units and it achieves
relatively good weighted precision performance (84.2%).

The classification result indicates that different levels of difficulty of these event
categories. This may be caused by limited number of events in our training set, even
though we over-sample frames with this category to make the training set balance.
Moreover, owing to diversities, the ‘free kick’ is also hard to be differentiated from

other categories.

Table 2.1: Per-unit (stride 1) classification precision (%)

method play  free kick  throw-in  corner goalkick  weighted precision
13D 88.4 15.8 18.9 51.1 37.6 73.3
I3D+AN 85.4 29.4 31.8 63.4 44.4 74.0
C-I3Ds without grouping 88.7 16.5 50.5 66.8 61.2 78.7
C-I3Ds+PBG(law, lsep = 33) 90.6 17.8 65.5 68.5 72.1 82.2
C-I3Ds+PBG(law, lsep = 46) 91.3 20.3 71.2 72.6 73.8 83.5
C-13Ds+CBG(tjep, = 65) 89.5 29.9 77.5 73.3 73.8 83.2
C-13Ds+CBG (ten, = 125) 88.7 18.3 77.3 58.5 72.6 80.9
C-I3Ds+both(law, lsep = 33, tien, = 65) 91.0 19.2 76.2 65.0 72.6 82.9
C-13Ds+both(law, lsep = 33, tien, = 125) | 91.2 21.3 76.6 65.0 73.1 83.3
C-I13Ds-+both(lqgw, lsep = 46, tjen, = 65) 91.3 22.0 79.6 72.6 72.3 84.0
C-I13Ds-+both(law, lsep = 46, tien, = 125) | 91.6 27.7 75.7 72.6 71.6 84.2
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2.5.5 Event Localization

We use C-I3Ds as the baseline to evaluate performance on the localization by
making input video units be in the chronological order and localizing boundaries be-
cause of its decent classification performance. Tab. 2.2 and Tab. 2.3 display the preci-
sion and the recall on the event localization.

While the C-I3Ds achieves a decent performance on the classification, the result
of event localization is bad. Given tIoU threshold as 0.5, the mAP is less than 1%, and
AR is 14.0%. After applying PBG after C-I3Ds with l,,, and s, are 33, the mAP@0.5
and AP@Q.5 have reached 33.4% and 41.9%, respectively. If l,,, and [, are all 46, the
mAP@0.5 is 39.3% and the ARQO0.5 is 46.5%. Because some segments are pretty short
in the training set, it appears both window sizes l,, and [, are small to maintain
these correct segments as many as possible.

C-13Ds with CBG performs well, which achieves 41.3% mAP@0.5 when setting
tien to be around the unit size (i.e. 65). Assigning it a larger value for t,, some
short but true segments will be merged into their neighbors. When ¢,.,, is much larger
(e.g. 125), both mAP and AR will be low (30.2% and 25.6%) due to the incorrect
merging. C-I3Ds with PBG achieves higher recalls than CBP (46.5% vs. 34.9%). The
PBG will still leave too many short segments because of its short window sizes. In
these segments, the number of false positives is far more than true positives’. And,
CBG with relatively larger t,, can be applied for eliminating them. Thus, we test
the combination of these two grouping methods after C-I3Ds. The combination boosts
mAP@OQ.5 up to 62.0% without sacrificing AR much as Tab. 2.2 and Tab. 2.3 show.
Fig. 2.6 shows qualitative examples on testing. The four frames display some correct
and incorrect recognition. Besides ‘kickoft’; ‘free kick’ is the most difficult category
for recognition, like the first frame with the number 3237. The corresponding segment
of the third frame with the number 49216 is eliminated by the grouping since C-I3Ds
only predicts a few short segments. ‘goalkick’ is the easiest category to be detected
in the testing, as the rightmost frame shows. From the Fig. 2.6, although some short
segments in the ground truth are hardly detected by C-I3Ds, the predicted boundary
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can be adjusted accurately by applying our grouping methods. Both PBG and CBG
are efficient. Running both after C-I3Ds only spends less than 1 second on testing.

Table 2.2: Results for event localization in precision(%) and mAP(%)@0.5 tIoU

method free kick  throw-in  corner  goalkick mAP

C-I13Ds without grouping 0.3 0.0 0.0 1.0 0.3
C-I3Ds+PBG(law, lsep = 33) 5.3 38.5 50.0 44.4 33.4
C-I3Ds+PBG(lgw, lsep = 46) 9.4 41.7 60.0 56.3 39.3
C-13Ds+CBG(t1en, = 65) 22.2 50.0 50.0 44.4 41.3
C-13Ds+CBG(tjen, = 125) 33.3 0.0 66.7 70.0 30.2
C-I3Ds+both(lgw, lsep = 33, tien = 65) 10.0 55.6 50.0 47.1 41.9
C-I3Ds+both(lgw, lsep = 33, tien, = 125) 20.0 83.3 50.0 53.3 56.7
C-I3Ds+both(lgw, lsep = 46, tjen, = 65) 13.6 62.5 60.0 56.3 48.9
C-13Ds+both(lgw, lsep = 46, tien, = 125) 37.5 83.3 60.0 56.3 62.0

Table 2.3: Results for event localization in recall(%) and AR(%)@0.5 tloU

method free kick  throw-in  corner goalkick AR

C-I3Ds without grouping 12.5 0.0 0.0 55.6 14.0
C-I3Ds+PBG(lgw, lsep = 33) 25.0 27.8 50.0 88.9 41.9
C-I3Ds+PBG(lqw, lsep = 46) 37.5 27.8 50.0 100.0 46.5
C-13Ds+CBG(tjen, = 65) 25.0 11.1 50.0 88.9 34.9
C-13Ds+CBG(t;epn, = 125) 25.0 0.0 33.3 77.8 25.6
C-I3Ds+both(lqw, lsep = 33, tien = 65) 25.0 27.8 33.3 88.9 39.5
C-I3Ds+both(lgw, lsep = 33, tjen, = 125) 25.0 27.8 33.3 88.9 39.5
C-I3Ds+both(lgw, lsep = 46, tjen, = 65) 37.5 27.8 50.0 100.0 46.5
C-I3Ds+both(lgw, lsep = 46, tjen, = 125) 37.5 27.8 50.0 100.0 46.5

2.6 Conclusion and Future Work

In this paper, we firstly introduce our construction upon the I3D network to
make it be suitable with multi-camera in the soccer game and apply it to classify
soccer game event rather than actions from individuals. We also propose PBG and
CBG to localize/adjust event boundaries in the video of the soccer game. The per-
formance demonstrates the combination of these two grouping methods can achieve a
promising result. In the future, we will test our methods on the event classification

and localization in more general scenarios. And, due to our grouping methods are not
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in a learning manner, we are still interested in inferring event boundaries by machine

learning approaches.
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Chapter 3

IDENTIFYING FOUL SUBJECTS AND OBJECTS ON STATIC
IMAGES

In this chapter, we move to static frames extracted from TV broadcast soccer
game videos. We aim at detecting foul subjects and objects on static frames at the foul
moment, to make progress towards systems of automatic refereeing in soccer games or
assistance in game analysis. Despite recent achievements in both object detection and
pedestrian detection, to our best knowledge, we are the first to propose the detection
of the foul subject and object for soccer game videos.

In soccer games, competing is very common for winning but it may also result in
a foul. From TV broadcast video perspectives, competing usually means players on the
field are more likely in cluttered environments. Detecting objects in this environment
is a challenging problem due to the arbitrary shapes of objects.

In this task, we first manually annotate and extract frames at the foul moment
from game videos provided by SoccerNet dataset. We experiment popular object de-
tector and pedestrian detector respectively, to detect foul subjects and objects on the
annotated frames and make comparison. We also investigate the predicted bounding
boxes for person on the field for basically estimating the areas that the fouls occur. And
we compare the effects of applying non-maximum suppression and soft non-maximum
suppression to remove redundancy.

The contributions in this task are as follows — First, based on SoccerNet V1 [44]
(In this Chapter, we use SoccerNet V1 and SoccerNet interchangeably), we construct
a benchmark by both extracting the moments of visible fouls in video clips and anno-

tating the positions of foul participants at the exactly corresponding frame. Second,
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we show the comparison of the detection performance between a common object de-
tector and a person detector. We also show the comparison between non-maximum
suppression and soft non-maximum suppression on foul subject and object predictions

from two detectors.

3.1 Introduction

Nowadays, computer vision techniques have been applied into a massive num-
ber of applications. Such applications facilitate human’s daily life and make many
works much easier than before, like beautification of the selfie, traffic signs recognition,
medical treatment, autonomous driving, and images/videos analysis.

Most of the improvements of computer vision techniques mainly focus on de-
scribing concrete actions from an extremely person-centric perspective. Some of them
in different scenarios may be phrased by abstract descriptions which may be more
closely related to common human understanding. Most current approaches for human
action recognition usually learn very concrete subject-verb or subject-verb-object con-
cepts. For example, a ‘foul’ in the sport of association football is a kind of such abstract
descriptions that consists of actions/behaviors of one or two players.

A foul is an unfair act by a player, deemed by the referee to contravene the
game’s laws and interferes with the active play of the game. Besides the abstract de-
scriptions, occlusion condition will also increase the difficulty of separating individuals
in crowd. We can easily find such situations in competing games, such as soccer games,
basketball games and so on. According to the FIFA rules, many different actions and
behaviors can be treated as fouls. In this task, we define that fouls in 3 kinds: the reg-
ular foul, the handball foul and the offside foul. In our definition, the regular foul has
two participants, the player who committed a foul is called the foul subject, and the
player who is fouled which is called a foul object. For the ‘handball’ and the ‘offside’,
there is only one player — foul subject, who participates in the ‘foul’ event. The main

target in this task is to figure out where does the ‘foul” occur and which player is the
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foul subject, which player is the foul object in static images given an oracle frame at
the foul moment.

As in a supervised learning manner, we firstly annotate data at the frame level
based on the SoccerNet dataset [44] in V1. SoccerNet dataset consists of 500 games in 6
famous European leagues from 2014 to 2017. Fig. 3.1 and Fig. 3.4 show some examples
of frames about the annotation we made upon the SoccerNet dataset. Depending on
some keywords related to the ‘foul” event in the commentary provided by the SoccerNet
dataset [44], but unlike the annotation in the SoccerNet which is based on timestamps
in seconds, we locate the exact time of foul events at the frame level and extract
corresponding frames. We call the exact time of foul events (single frame for each foul
video clip) the foul moment. Since 442 games out of 500 games have the commentary
provided in the SoccerNet V1 dataset, the annotation is made on these games. Then
we manually annotate the foul subject and object positions on these extracted frames
for our following detection task.

For detection, we look into two detectors, comparing the detection of players
who participate into fouls. We also observe that fouls are more likely occurred in crowd,
especially for the fouls having two participants. Further investigation of the predicted
bounding boxes on static frames is launched by comparing non-maximum suppression
(NMS) with soft non-maximum suppression (Soft-NMS) [7].

Alternatively, bypassing detecting participants in cluttered scene, we experiment
with the detection on the foul area that is the union of the foul subject and the foul
object (if available), as the supplement of the foul subject and object detection. And
the experimental result shows a promising performance on this detection.

In this task, the main contributions are as follows:

1. Firstly establish a benchmark based on SoccerNet V1 with new annotations about
fouls in the soccer game based on the SoccerNet dataset. In the annotation, three
kinds of fouls are annotated: ‘handball’, ‘offside’” and ‘regular foul’. Besides, the
person positions are annotated at the bounding box level at the foul moment

2. Compare performance of different detectors on several tasks
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3. Explicitly show the effects of applying post-processing methods on NMS and
Soft-NMS

3.2 Related Work

Object recognition and detection have achieved huge success based on deep
neural networks. The deep learning based object detection can be mainly divided into
two types — single-stage and two-stage detectors. Two-stage detector [48, 47, 112, 57,
12, 22] usually has high localization and object recognition accuracy. For instance,
in the first stage of Faster R-CNN is called Region Proposal Network (RPN). RPN
proposes candidate bounding boxes and put them into Rol Pooling operation for the
following classification and bounding box regression tasks. Single-stage object detectors
[110, 111, 84, 81, 6] usually has high inference speed. They propose predicted bounding
boxes directly from input images without region proposals. Both types of detectors
establish a number of convolution and pooling layers to learn features of given object.
Powerful backbone network such as ResNet[58], Inception[127, 128], VGG[123] and etc.
is necessary for extracting rich features.

Thanks to the success of object detector in general purpose tasks, specific task
like pedestrian detection has attracted a lot of attentions, and several datasets for
this task have been created for either surveillance application [23, 151] or autonomous
driving [42, 170, 29]. To tackle the problem of person detection in heavy occlusion and
highly crowed group, many works utilize body parts [174, 98, 172], encode high-level
semantic information [169] or improve non-maximum suppression (NMS) [62, 93] to
prevent from removing trues in crowd environments. Some other works [56, 9, 117, 170]
look into the performance of a pedestrian detector pre-trained on a large-scale dataset
and illustrate that a general object detector has better ability in generalization to
unseen domains.

Action recognition in static images is also of great practical interest for some
purposes like photo collections, based on human pose, facial expression or other ac-

tivities. Despite lacking of temporal information, many efforts are made by using of
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Figure 3.1: This work focuses on three kinds of fouls: ‘handball’; ‘offside’ and ‘foul’.
The ‘handball’ and ‘offside’ only has the foul subject, but the ‘foul’ cat-
egory consists of the foul subject and the foul object. Both foul subjects
and foul objects are manually annotated based on the FIFA rule book
and the corresponding commentaries. The ‘foul area’ is simply defined as
the union of the foul subject and the foul object or just the foul subject
if there is no one being fouled.

cues such as human body or body parts [130, 95, 160, 46], human-object interactions

[27, 107], or learning motions by watching video clips and predicting on static images

[41].

3.3 Foul Subject and Object Recognition on Static Images Benchmark
Existing datasets for person/pedestrian detection such as USC [151] and INRIA

[23] are collected for surveillance application. None of them concentrate on detecting

person in sports. Also large datasets are typically videos and they only provide very

coarse annotations on temporal semantic level, rather than focusing on the individuals’
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activities.

To fill in the blank and facilitate to evaluate object detection on foul subjects and
objects on static images and also provide a fair technical benchmark, we introduce a new
dataset which is built upon SoccerNet V1. The new dataset is called Foul Participants
Recognition (FPR). We plan to make the dataset public for research purposes. This
dataset is constructed from different perspectives: 1. all fouls must be visible, 2. three
kinds of fouls(regular foul, handball and offside), 3. the frame is extracted at the exact
foul moment, 4. all foul moments are identified based on commentaries. Our dataset is
annotated upon SoccerNet V1 dataset [44]. The dataset is composed of 500 complete
soccer games from six main European leagues, covering three seasons from 2014 to
2017 and a total duration of 764 hours. 442 games have commentaries which indicate
the events in the game at the second level. Typically, it indicates the event at that

moment. For example, the commentary:

29:47: “Nathaniel Clyne (Liverpool) robs an opponent of the ball
and explodes in anger when Michael Oliver blows for a foul.”

It indicates that the player of Liverpool made a foul at 29:47. And we keep
commentaries based on a list of selected keywords so that those irrelevant commen-
taries can be initially filtered out. The list of keywords contains: “foul”, “violate”,
“trip”, “bad challenge”, “rough challenge”, “handball”, “blows his whistle”, “blows
the whistle” and “offside”. Because the commentary cannot always provide the exact
names of players who made a foul, the foul subject is therefore used for the player who
made a foul, and the foul object is used for the player who was fouled.

Fouls typically happened in an instant, frames in one second could have a lot of
differences for individuals. Unlike the frame index being able to retrieve the exact frame
for localizing the temporal position of an event, timestamps are usually not so precise
that the exact frame of the foul can be pinpointed. But commentaries only provide
rough timestamps in games, we have to manually adjust the time location in frame level
in order to extract accurate frames, instead of using the timestamp directly. We firstly

seek the position at given timestamps based on keywords appearing in commentaries
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we mentioned above. If a foul event is visible, we label the frame when there is an
obvious ‘contact’ (regular fouls that have two participants) or a clear action of violating
rules (handballs and offsides, both have only one participant). And such frames are
named frames at foul moment in our task.

We do this annotation on low-resolution version videos of the SoccerNet V1
dataset. Many videos have been trimmed to 45 minutes long (no extra-time) but
corresponding commentaries may contain the information longer than 45 minutes. We
ignore the part of the commentary if there is no related videos to match. In this
annotation, there are 6494 video segments related to the foul event in which there are
123 ‘handballs’, 1507 ‘offsides’ and 4864 ‘regular fouls’ extracted from 442 soccer games
that have corresponding commentaries. Fig. 3.2 shows the distribution of the three
kinds of fouls.

Even though the SoccerNet dataset also provides high-resolution version videos,
our annotation is done only on the low-resolution version due to the storage space issue
in this task. Most of videos in the low-resolution version have the same size that is
398 x 224. And the size of the frame in the high-resolution version is usually 1280 x 720

or even higher. The example of both resolutions are showed in Fig. 3.3.

3.3.1 Foul Subject and Foul Object

Annotation of the foul subject and the foul object is on the frame at the foul
moment. Based on the players’ gestures and the information from commentaries, we
can annotate foul subjects and objects in the most cases. Others may be more difficult
to be directly differentiated by who is the foul subject and object on a single frame at
the foul moment. Accompanied with the commentary, we play the sequence of frames
before and after to figure out the foul subject and object on the frame at the foul
moment. Sometimes, the bounding boxes of both participants are highly overlapped
at the foul moment. We can only estimate their positions by our human inference.

At the second row of the Fig 3.1, green boxes represent foul subjects and ‘blue boxes’
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Figure 3.2: The distribution of three kinds of fouls annotated in the 442 games.
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Figure 3.3: The frame in high resolution game videos has different sizes, most of them
are 1280 x 720 (bottom). Frequencies in high resolution videos are also
different. Frames (top) in low resolution videos are resized to 398 x 224

from high resolution videos and make the frequencies be the same (25
fps).
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represent foul objects. The highly overlapped persons are determined and inferred

based on previous and after frames of the current one.

3.3.2 Foul Area

To alleviate the impact of the overlap between the foul subject on our following
detection and the foul object, and make the foul subject and object detection much
easier. Thus we simply define an abstract definition: foul areas. In the frame at the
foul moment, the foul area is a region that is the union of both the foul subject and
the foul object. If there is no foul object (i.e. offside and handball), the foul area is
just the foul subject. Examples of the foul area are illustrated at the third row of the

Fig 3.1.

3.3.3 All Persons

Persons at the foul frames may have different pose or perform different actions.
Because the foul subject and the foul object are typically annotated in crowd at the
foul moment frame, annotating all persons on the frame would be helpful for identifying
the foul subject and the foul object, or even for other purposes. We select a subset of
all foul frames to annotate all persons especially for the persons on the field. Due to
the poor resolution, most audiences are not annotated, as well as most staffs who are
out of the field. Some examples are showed in Fig. 3.4.

The number of foul frames having all persons annotated is 235, consisting of

3318 persons. The selected foul frames are randomly extracted from all games.

3.3.4 Far-Scales and Close-Scales

As broadcast video director may select either zoom-in or zoom-out scales for
rendering during the game playing, different scales and perspectives contain different
information. For example, far views are able to be utilized for the camera calibration
and close views often have more clear quality of human activities. Considering camera

positions are often not the same in different games and such position information is
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Figure 3.4: Ground truth for foul subjects (green boxes), foul objects (red boxes)
and ‘others’ (blue boxes). The foul subjects and objects are full anno-
tated in all frames at the foul moment. In foul subject/object detection,
other persons are ignored. All persons are annotated in a subset of all
frames at the foul moment. The dataset will not consider if they are foul
participants or bystanders but treat them as persons.
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inaccessible, we roughly make two kinds of views at all foul moment frames: the far

view and the close view. Fig. 3.5 shows some examples of these two views.

3.4 Detector

Faster R-CNN [112], as the most popular object detection framework, is com-
posed of a Region Proposal Network (RPN) and a backbone CNNs. Faster R-CNN
exhibits good trade-off between speed and accuracy since the RPN and the CNN are
combined together into a single network with a large number of shared layers. On a
single GPU, it runs at a near real-time speed. In this task, we use Faster R-CNN as
the baseline for the detection.

However, as our target is to detect foul subjects and objects which are kinds
of fine-grained classes of ‘person’, it cannot be directly applied to task of learning to
do the detection on static images. Therefore, based on the Faster R-CNN network,
We choose ResNext-101 [154] with FPN [80] as the backbone networks as it is deeper
and shows better accuracy on object detection benchmarks compared to the original
network (VGG16 or ZF) used in the task.

Besides learning by Faster R-CNN, we apply another detector — cascade R-
CNN using HRNet as its backbone network, since many methods are the extension of
Faster/Mask R-CNN [112, 57] and achieve excellent performance on pedestrian detec-
tion, and it achieves perfect performance on detecting person in crowd [56, 140, 12].
Cascade R-CNN is also a direct extension of Faster/Mask R-CNN family, containing
multiple detection heads in a sequence, which progressively try to filter out harder and

harder false positives.

3.5 Post-Processing

Typically, as one of most applied post-processing approaches, non maximum
suppression (NMS) is applied to get rid of overlapping bounding boxes. It takes a
bunch of proposal boxes from RPN with corresponding confidence scores and overlap

threshold as inputs. However, such setting is tricky, especially for the scenario where
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Figure 3.5:

At all visible foul moment, the frames are basically represented in two
different views: 1. far-scale view, in which a larger part of ground is cap-
tured, like 1 and 4, larger part of ground and more players are captured
by the camera; 2. close-scale view will more focus on individual play-
ers for their activities, gestures and facial expressions. The second and
third frames show the close view since it has more details about players’
activities.
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two objects are side by side or have a large overlapping area in which true proposals
are eliminated. Heavy occlusion is common for the foul subject and object at the foul
moment. We calculate Euclidean distance between every pair of two persons in ground
truth, see Fig. 3.9.

Soft-NMS [7] reduces the confidence of the proposals proportional to the ToU
value, rather than completely removing the proposals with high IoU and high confi-
dence. It obtains consistent improvements on standard dataset like PASCAL VOC
2007 and MS-COCO.

We also experiment a neural network that consists of two towers — each tower
takes one predicted bounding box as its input, to predict if the pair is a pair of a
foul subject and a foul object, with or without their corresponding coordinates in the
image. However, due to lacks of enough spatial relationship, the two-tower network

doesn’t have sufficient ability in differentiating pairs.

3.6 Experiments
3.6.1 Data Preparation

From all annotated frames in 442 games, we make our dataset for training and
testing detection models. Training frames are randomly selected such that it consists
of 4545 images, the validation set has 975 images and the testing set has 974 images.

In the foul subject and object detection task, the training set consists of 4545
foul subjects and 3412 foul objects. The validation set consists of 975 foul subjects
and 749 foul objects. And 974 foul subjects and 737 foul objects are in the test set.
Each static image has only one foul area at the foul moment. So the total number of
foul area equals the number of images of the corresponding dataset.

As we also investigate the influence of different scales, In the training set, the
far-scale has 4291 images and 254 images are the close-scale. In the validation set,
there are 920 far-scale images and 55 close-scale images. In the test set, there are 913

far-scale images and 61 close-scale images.
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The all persons subset randomly extracts frames from the training, validation
and test set. In its training set, 148 images contain 2042 annotated persons. In its
validation set, 41 images contains 606 persons. And in the test set, 670 annotated

persons are from 46 images.

3.6.2 Training

We use on-the-fly data augmentation during training. The augmentation con-
tains random flipping, random cropping, and color distortion. The ratio of random
flipping is 0.5. The color distortion contains changing brightness, contrast, saturation
and hue. The data augmentation is applied on both detectors in this task.

In Faster R-CNN, we set that the anchor strides are [4, 8, 16, 32, 64] with ratios
[0.5, 1.0, 2.0]. We follow other settings as specified in [56] and train the model from
scratch because of no available pre-trained model. The loss function for predicting
classes is Cross Entropy, Smooth L1 loss is used for bounding box regression. Training
Faster R-CNN takes 100 epochs with stochastic gradient descent(SGD) optimizer. The
initial learning rate is 0.02, the momentum is 0.9 and the weight decay is 0.0001.

In cascade R-CNN detector, except for the anchor stride in the RPN head is
modified to [4, 8, 16, 32, 64] with ratios [0.5, 1.0, 2.0], we follow other settings as
specified in [56] and fine-tune the model that pre-trained on CityPerson dataset [170].
The loss function for predicting classes is Cross Entropy, Smooth L1 loss is used for
bounding box regression. We train the model 100 epochs with SGD optimizer. The

initial learning rate is 0.02 with momentum set to 0.9 and weight decay 0.0001.

3.6.3 Detection of Foul Subjects and Objects

Firstly we use these two detectors to detect the foul subject and the foul ob-
ject directly with applying NMS as the only post-processing method. These kinds of
detection will ignore the short spatial distance between the foul subject and object if

there is a foul having two participants involved.
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In Tab. 3.1, we compare Faster R-CNN and Cascade R-CNN with transitional
NMS and Soft-NMS on our test set. For both post-processing methods, we set the
overlap threshold N; to 0.5 and the score threshold to 0.05. The maximum number
of detection is set to 100. Our Faster R-CNN model achieves performance on 27.1%
average precision (AP) and average recall (AR) 48.7% for ARyoo with NMS and 27.7%
AP and 53.2% ARy with Soft-NMS, some results are shown in Fig. 3.6.

Although foul subjects and objects stem from persons, cascade R-CNN reaches
worse performance on AP that is 20.7% ARy is 44.1% with NMS and 22.5% AP
, 53.6% ARy with Soft-NMS, some results are shown in Fig. 3.6. Generally, post-
processing by Soft-NMS can help to achieve better performance since fouls typically
occur in crowd environments. But NMS tend to falsely eliminate many predicted

bounding boxes in the same environment for reducing redundancy.

Table 3.1: Average Precision (%) of the Foul Subject and the Foul Object Detection
with NMS and Soft-NMS

Faster R-CNN + NMS 27.1 56.5 22.6 27.5 25.7 248 48.7 48.7
Faster R-CNN + Soft-NMS 27.7 56.3 24.0 28.0 26.8  26.1 53.2 53.2
Cascade R-CNN + NMS 20.7 43.3 16.6 22.3 12.6 1.0 43.9 44.1
Cascade R-CNN + Soft-NMS 22.5 43.3 19.3 24.1 13.4 1.0 52.7 53.6

3.6.4 Foul Area Detection

On foul area detection, the Faster R-CNN model surprisingly shows much better
results than the Cascade R-CNN person detector model. Even though our Faster R-
CNN model is trained from scratch, the learned weights are more suitable with the
foul area detection. The Cascade R-CNN is fine-tuned on CityPerson dataset that
is more specific dataset for pedestrians. [56] suggests that detectors pre-trained on
more general large-scale dataset have better ability in generalization in cross-dataset
evaluation.

Thus, the Faster R-CNN model shows much better generalizing ability com-
pared to our pedestrian-specific model, as Tab. 3.2 shows. The AP is 42.9% which
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Figure 3.6: Prediction of foul subjects (red) and objects (green) by Faster R-CNN.
The threshold of prediction score is 0.3. Our Faster R-CNN has good
performance on detecting foul subjects/objects (1-4). But it is incapable
of understanding the rule of soccer games (5), and it is unable to establish
the relationship between the foul subject and object (6).
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Figure 3.7: Prediction of foul subjects and objects by Cascade R-CNN. The threshold
of prediction score is 0.3 for rendering. Most predicted foul subjects are
eliminated since either their scores are less than the threshold or their

scores are less than the predicted foul objects that have highly overlapped
regions.
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Figure 3.8: For foul area detection, it is easier than directly detecting the foul subject
and object. Boxes in red are predictions. Blue boxes are ground truth.

46



outperforms 38.7% AP performed by Cascade R-CNN. But the average recall of Cas-
cade R-CNN is better on testing (in ARjgg, 63.5% vs. 55.3% ). Fig. 3.8 depicts some
of the detection results. It suggests that, even though Cascade R-CNN has better
performance on pedestrian detection and the foul subject/object detection without
post-processing, it is weak in more general scenarios.

We apply NMS as the post-processing method because there is only one foul

area in one image at the foul moment.

Table 3.2: Average Precision (%) of the Foul Area Detection

Model APys5.095 APsg APrs  APs AP, AP, AR19  ARioo
Faster R-CNN 42.9 78.6 44.1 41.5 45.3 56.5 55.3 55.3
Cascade R-CNN 38.7 60.9 45.0 38.6 50.8 34.1 63.2 63.5

3.6.5 All Persons Detection

We also experiment the detection on all persons by cascade R-CNN on the cor-
responding dataset. We argue that different scales have influence on the performance,
as depicted in Tab. 3.3. Training 60 epochs on all scales will achieve 44.4% AP and
58.0% ARjg in testing. Only training on close-scale static images, the AP is 45.4%
and the ARq is 61.2%. Only training on far-scale static images, the AP is 50.9%, the
ARy 1s 62.8%. If we use the model trained on all scales but test on close-scale images,
the AP is 47.3%, the AR gy is 62.6%. And the AP is 50.9% and the AR g is 57.6% if
testing on far-scale images. Although the performance of training and testing just on
close-scales images is not better than training on all scales and testing on close-scales
images, the margin is not large. And we think it may be caused by limited number of
close-scales images in the training set. Training and testing on far-scales images beats

training on all scales and testing on far-scales images.
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Figure 3.9: Euclidean distances are calculated between pairs of two centroids of
bounding boxes at the ‘foul moment’ frame.
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Table 3.3: Average Precision (%) of the Person Detection (no large scale bounding
boxes detected for all far images)

all scales for all images 44.4 80.2 44.3 46.4 42.5 40.9 40.9 58.0
all scales for close images 47.3 87.5 44.2 50.6 48.7 46.8 57.7 62.6
all scales for far images 46.4 80.7 50.9 47.0 604 NULL 37.9 57.6
close images 45.4 86.6 43.0 49.9 46.3 45.8 56.8 61.2

far images 50.9 91.6 51.3 50.8 64.9 NULL 37.0 62.8

3.6.6 Classification on Two Scales

Since different scales produce influence on the person detection task in our
testing, we make a supplementary experiment for classifying close-scales and far-scales.
We deploy ResNet-101 [58] to make such binary classification. All input images are
resized to 224x224 to feed into the network. The loss function is Cross Entropy, and
We use Adam optimizer with the initial learning rate set to 0.001 and the momentum
0.9.

We reach almost perfect performance on testing. The best accuracy is 99.79%
on the test set (including 914 distant images and 61 close images). The ground truths

of the 2 misclassified images are all close image.

3.7 Conclusion and Future Work

In this chapter we have presented the proposed foul subject and object dataset
as well as the subset for detecting all persons in the static frames extracted from
broadcast soccer game videos.

We also experiment the detection on foul subjects and objects based on both
Faster R-CNN detector and Cascade R-CNN detector. Deep investigation is launched
for analyzing the different performance of both detectors. The experimental result
surprisingly shows that Faster R-CNN outperforms Cascade R-CNN on foul sub-
jects/objects detection, even the Cascade R-CNN model is fine-tuned on pedestrian
detection dataset and our Faster R-CNN is just trained from scratch. And the in-
fluence of applying NMS and Soft-NMS are compared for detecting foul subjects and
objects. We also propose an abstract definition — foul area, to bypass the difficult task
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of differentiating subjects and objects. Different scales also impact the detection on all
persons.

However, it is worth further investigating the person detection in crowded envi-
ronments especially for establishing relationships between persons who are very close
since post-processing method like NMS and Soft-NMS just try to reduce redundancy
and don’t establish relationships. We attempted to propose a detection framework that
proposes a pair of bounding boxes for dealing with this problem, but the experiment
shows it doesn’t work at all since there is no enough structural spatial relationship.
And it will be still limited to detect two persons in pairs if it works. Recent researches
on post-processing may be another direction for dealing with this problem of failing to

establish the relationships.
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Chapter 4

IDENTIFYING FOUL SUBJECTS AND OBJECTS IN BROADCAST
SOCCER VIDEOS

Identifying foul subject and object on static images will lose information of tem-
poral dimension. It results in difficulties of recognizing each individual’s activities. In
this chapter, we move to identifying foul subjects and objects in broadcast videos from
still frames at the foul moment. The task of identifying which players are involved
in a foul at a given moment is one of spatiotemporal action recognition problems in
a cluttered visual environment. We describe how to employ multi-object tracking to
generate a base set of candidate image sequences which are post-processed to miti-
gate common mistracking scenarios and then classified according to several two-person
interaction types. For this work we create a large soccer foul dataset with a signifi-
cant video component for training relevant networks. Our system can differentiate foul
participants from bystanders with high accuracy and localize them in a wide range
of game situations. We also report reasonable accuracy for distinguishing the player
who committed the foul, or subject, from the object of the infraction, despite very
low-resolution images.

Besides, we apply unsupervised learning approaches to differentiate players in
teams based on their detected torsos. Frames are filtered for having the fields by camera
calibration so that we only need to focus on players and the referee who are on the
field. Experiment results show that the unsupervised learning way will be capable of
differentiating players in teams if torsos are detected precisely and the warping field is

accurately laid on the template.
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4.1 Introduction

Computer vision is becoming ubiquitous for sports video analysis, with ap-
plications that include broadcast enhancement; real-time, in-depth player and team
performance measurement; and automatic summarization of key events. Across anal-
ysis tasks there are several common visual skills such as ball tracking [132, 96]; player
segmentation [13, 89, 66], recognition [43], and pose estimation [71]; and recognition
of formations, plays, and situations [4, 135, 137, 44]. To deeply understand sports
videos, some efforts are put into localizing fields from moving cameras [108, 55]. Some
work is aimed at tracking and identifying players on the field [90, 91]. Other work, like
(133, 126, 152, 168, 53, 1, 31, 77, 155, 33, 10, 139, 165, 164] try to estimate players’
poses to further infer their actions. Or, [44, 26, 19] detect and recognize high-level
actions for further video analysis, and retrieve replays across the broadcast videos.
Tracking and identifying players in sports videos captured by moving cameras are diffi-
cult problems because of blurry facial appearance and almost invisible jersey numbers.
[90] introduces a system that aims at tracking and identifying players in sports videos.
It adopts a tracking by detection manner to associate detected persons into tracklets.
[91] proposes a identification system that consists of a tracking system, a person iden-
tification system and a conditional random field (CRF) model to infer identities of
players.

Video-based assistance with officiating, in particular, is proliferating. The met-
ric accuracy of high-speed, multi-camera ball tracking systems (e.g., [88]) is relied
upon in many sports including tennis and volleyball for line calls, baseball for balls
and strikes, and soccer for so-called “goal line technology”.

In soccer particularly, the Video Assistant Referee (VAR) [36] is commonly
used for close and controversial decisions surrounding goals, major fouls, and player
expulsions in this decade. Referees have benefited from these various new technologies.
Despite the appearance of high technology, it is really nothing more than an off-field
human who flags situations that deserve further review by the head referee via video

replays in slow motion from multiple angles.
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Even though the experiment result shows the performance of our method is
competitive on static images that is discussed in Chapter 3, the motion track of players
contains much more information in videos. Thereby the interference from occlusions
might be reduced. Tracking sequences of players provide such information to make
machine able to recognize their actions during that time period.

Static image analysis has a certain utility for this problem based on player poses
and formations, but highly overlapping among them will lead to the action recognition
being difficult on static images. Moreover, subtle actions and poses are unclear but
people are able to infer them based on their sequential movements which are usually
captured by the camera in sequence. Thus, we assert that player movement patterns
can be exploited to identify and differentiate foul participants. Here we describe an
approach to recognizing telltale motions associated with soccer fouls such as slide
tackles, pushing and gesturing, and falling to the ground via a three-stage pipeline.
First, players are detected and tracked by a state-of-the-art multiple object tracking
(MOT) method which we train to perform well on broadcast soccer videos. Second, raw
tracks are cleaned and augmented to account for common tracking errors that could
result in crucial players not being covered by a complete track. Finally, processed tracks
are fed to two video activity recognition networks to classify whether each person is (a)
doing “normal” soccer things vs. exhibiting signs of being involved in a foul, and (b) if
they do seem to be involved in a foul, to attempt to discriminate between the person
committing the foul and the object of the foul. Fig. 4.2 shows this three-stage pipeline.
The results demonstrate that our method can achieve promising performance.

To our best knowledge, we are the first to keep track and identify players who
made foul and who was fouled from broadcasting videos in soccer games. These would
attract more interests from both academia and industries to design ‘pure’ automatic
refereeing systems.

After that, we also propose a method for identifying players on the field. In
the task, SlowFast model only does classify a given sequence of patches of a player

without considering the spatial contextual relationship with other detected persons, or
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taking into account some low level features that can really help to identify the one who
made a foul. For example, a foul is performed at a player who is in the opposite team.
And, a foul is seldom performed on the person who are not on the field (it is likely to
happen but very rare). These observations are based on: 1. since 1890 in England, it is
required that no two teams could wear the same color so as to avoid confusion during
the game; 2. a match is played by two teams, each with a maximum of 11 players (one
must be the goalkeeper), and a referee is also on the field during the game.

Then, we meet another problem that after identifying players who made foul
and who was fouled from broadcasting videos in soccer games, the input sequence of the
action classification model doesn’t provide extra information like teams, roles (player,
goalkeeper, referee and others). Some persons should not be considered since they are
out of the field.

We handle this problem by utilizing person skeleton to generate the region of
their torsos. Based on the observation that two teams could wear different colors, we
construct histogram on these colors and apply clustering method to differentiate them.
To evaluate clustering performance on these torsos, we manually label mask images
from 7 games. According to the appearance of torsos, we make 6 categories as clusters
— 1, players (on the field) from one team; 2, players (on the field) from another team;
3, the referee; 4, a goalkeeper from one team; 5, a goalkeeper from another team; 6,
others. Our empirical evaluation shows that our method is able to differentiate players
by jerseys’ colors detected from the skeleton.

We also launch a generative adversarial network model [16] to calibrate cameras
on the game video and produce top-on views to filter out persons who are out of the
game field. It improves the performance of clustering after filtering, hence this method

will help to differentiate players over the game video.
In summary, our contribution of this task can be summarized into the following
aspects:

1. We are the first to annotate multiple players’ tracks in broadcasting soccer game
videos

2. We annotate the foul subject and object across trimmed video clips
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3. Our pipeline on tracking players and detecting foul subjects and objects with
proper post-processing methods shows promising performance

4. Differentiating players by clustering after applying person pose estimation and
camera pose estimation, evaluation shows that our approach achieves good per-
formance

4.2 Related Work

Person detection is one of the main topics in the area of the object detection.
It typically applies similar network architectures as standard object detection models
like Faster R-CNN [112] and Mask R-CNN [57] with some specific modifications for
improving localization [56, 170].

Thanks to the advantages of deep neural networks, great improvements have
been made in action recognition, action detection, human-object interaction (HOI),
and multi-object tracking [103]. Action recognition could either apply 2D convolutions
on per-frame input followed by another 1D module for aggregating the features [69, 122]
or apply stacked 3D convolutions to model temporal and spatial features [134, 14]. [34]
uses two different pathways to operate on different frame rates for capturing both
spatial semantics and temporal motions. Recently there has been more focus on in-
teractions [49, 94, 173] with the goal of identifying {human, verb, object} triplets in
static images and videos. Detecting and recognizing the relationship is crucial for de-
termining the global interpretation of an event. [21] proposes a method to handle high
diversity of each class in detecting relationships. [49] proposes a method that consists
of three branches of object detection, action recognition and interaction, in order to
detect {human, verb, object} triplets on static images. [173] introduces a model that
consists of a relation ranking module and a triple-stream classifier for relation pre-
diction. [109] introduces a model that incorporates structural knowledge to address
the task of detecting and recognizing human-object interactions. [63] constructs their
model based on deep reinforcement learning to refine the low-level features and high-
level relations of group activities. In multi-object tracking (MOT) task, tracking by
detection is the main way [103, 149, 131] because of the progress in object detection.
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Figure 4.1:

An image sequence for each tracked person, and their activity is classified
as foul-related or not. Samples of foul participant detections are shown
here with maximum likelihood candidates in red, over threshold in yellow,

and non-participants in green (each row spans 2 seconds and the images
are cropped to highlight the detections)
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Figure 4.2: The three-stage pipeline of our identification work. At the first stage, we
input the sequence of raw frames to Multi-Object Tracker to get players’
tracks. Then, each sequence of patches are extracted with post-processing
instead of resizing to get context ROIs. At the last stage, the sequences
go into the 3D classifier for identifying bystanders, foul subjects and
objects.

[85] demonstrates high-quality spatial-temporal activity detection in surveillance
video scenarios, and more and more state-of-the-art methods have been utilized in the
area of sports. [136] introduces a multi-tower temporal 1D convolutional network to
detect events in ice hockey game and soccer game videos. [63] constructs their model
based on deep reinforcement learning that shows only part of people’s activities have
impacts on the entire group and tests their model on volleyball videos. [116] uses
self-attention models to learn and extract relevant information from a group of soccer
players for activity detection from both trajectory and video data. [44] tries to “spot”
three soccer event categories: goal, card, and substitution.

For estimating human pose, early methods use morphological operations to ex-
tract skeletons [120, 114, 146]. Recently, deep neural networks approaches [133, 126,
152, 168, 53, 1, 31, 77, 155] are widely utilized to estimate human pose in differ-
ent perspectives. [133] presents a cascade of deep neural network regressors to hu-
man pose estimation. Using a backbone network named HRNet [140], [126] keeps the

high-resolution representations throughout feature extraction. After gathering dense
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Figure 4.3: Our MOT dataset on SoccerNet V1. Each column represents a sequence
of frames from t¢1 to t5. In each sequence, different bounding box colors
means different person ID.
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t=1 CTracker[103] tracks at ¢ =1

Figure 4.4: A sample two-person foul with 2-second temporal context around the foul
moment at t = 0. The foul subject is denoted with a green bounding box
(track 8 in the last column) and the foul object is marked with a blue
box (track 10).

correspondences for human appearing in the COCO dataset, [53] delivers dense corre-
spondence by regressing body surface coordinates at any pixels.

Pose estimation is extremely useful in sports [33, 10, 139, 165, 164]. From multi-
view video, [10] does multi-person 3D pose estimation and tracking. It associates poses
between views in greedy manner. The associated poses can be used to generate 3D
skeletons. Based on the tracking trajectory, a pose estimation model proposed by [139]
helps to create an Al coach for assisting athletic training.

As camera calibration is inevitable and important for autonomous broadcasting
and sports analysis, many studies [108, 55] usually treat the playing surface as flat to
make camera calibration the same as estimating the homography in the image. These
works require user interactions to provide reference images. [166] proposes an automatic

camera calibration system that eliminates distortion and calibrates the camera in each
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two consecutive frames. To localize the field, [59] proposes a method that bypasses
the reliance on humans annotating key-frames for each new game or installing fixed
cameras around the arena, but obtaining semantic segmentation of the field as the
evidence for localization. By learning deep features via a siamese network, [16] uses
two-GAN (generative adversarial network) model to detect field markings in images.
In this task, we utilize AlphaPose model and two-GAN model to generate masks

for localizing players’ torsos on the field.

4.3 Datasets and Annotation

Our foul dataset is built upon SoccerNet V1[44], which comprises of 500 com-
plete soccer games from six European professional leagues, covering three seasons from
2014 to 2017, encoded mostly at 25 fps with a total duration of 764 hours. The footage
is from broadcasts, so it includes camera pans and zooms, cuts between cameras, graph-
ics overlays, and replays. Both high-definition and lower-resolution (224p) versions are
available; here we use the low-resolution version for all learning, evaluation, and paper
figures.

442 SoccerNet games have text transcripts of audio commentary on game events
which are timestamped by half game clock with one-second precision. A sample foul
is shown in Fig. 4.4 (and in more detail in Fig. 4.5) which corresponds to the following
comment: 1 - 15:33: This yellow card was deserved. The tackle by Aranguiz (Bayer
Leverkusen) was quite harsh and Christian Dingert didn’t hesitate to show him a yellow
card. We roughly locate fouls by searching all transcripts for relevant words and phrases
such as: “foul”, “violate”, “trip”, “bad challenge”, “rough challenge”, “handball”,
“blows [...] whistle”, and “offside.” Video frames in the temporal neighborhood of
each candidate’s timestamp are then manually examined to determine a precise foul
moment. Clues from the commentary about which player committed the foul are used
to resolve any visual ambiguities about the placement of the foul subject and object

bounding boxes (green and yellow, respectively, in Fig. 4.4).
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In all, 6545 foul events are labeled, of which 4862 are two-player fouls, as well
as 1507 offside offenses and 123 handball offenses. Almost all of these events occur
in “far” camera views such as shown in Fig. 4.4, but some are in close-ups or “near”
views.

Existing multi-object tracking benchmarks such as MOT dataset [99] for per-
sons only provide collections mainly coming from surveillance applications. Positions
of the cameras recording those video sequences are mostly fixed. To provide a more
realistic dataset from broadcasting videos in soccer games, we sample 17 from 6545 foul
event video clips to make our MOT subset. Sometimes, working on single frames to
determine which person participated a foul lacks of corresponding temporal informa-
tion. The trajectory of persons will provide additional information and help detect and
recognize the foul subject and the foul object. We use the pre-trained person detector
to localize all persons at the first frame of the video clip and run the CSRT tracker [92]
on every single detected persons. We manually adjust and modify the position and size
of the bounding box if it is apart from the target person or the size is either too large or
too small. If the target person actually went out of the image boundary, we manually
stop keeping the tracking for avoiding wrong annotations. If an actual person went
into the frame during the video but not at the first frame, we also manually initialize
the CSRT tracker on the corresponding box. Obviously, different persons have differ-
ent IDs, rather than having the same IDs. Our MOT subset 85-100 frame bounding
box sequences (tracks) for all people (n = 309) present in 17 randomly-selected person
detection frames (16 far, 1 near) annotated over 4-second temporal windows ([-1, +3]
s) surrounding the foul moment. Tracks are manually trimmed at any shot boundaries
(e.g., near/far transitions). Fig. 4.3 shows some examples about our MOT dataset.
Each column represents a sequence of sampled frames by stride 10 in a 25 fps video
clip. Players on the field are all annotated in bounding boxes with their corresponding
person-id to be tracked.

Action recognition subset Complete 50-frame tracks for the foul subject and object
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are annotated over 2-second temporal windows ([-1, +1] s) surrounding 833 randomly-
selected two-person foul moments (all far views with no shot boundaries). Furthermore,
50-frame tracks for people (n = 5006) not involved in the foul, whom we call bystanders
(e.g. other players, coaches, and referees) are obtained from CTracker [103] tracks that
span the entire clip and do not overlap the ground truth subject or object bounding
boxes.

Jersey Color Clustering Subset Due to the low resolution version of SoccerNet
dataset is not suitable for human pose estimation, we use the high resolution version
instead. The high resolution videos come from online providers, in a variety of encoding
(MPEG, H264), containers (MKV, MP4, and TS), frame rates (25 to 50 fps) [44].

In the task of clustering, we still aim at video clips that are at the foul moment.
And to keep all video clips consistent, we sample frames of the extracted video clips
such that all frame rates are 25 fps — i.e. 75 frames per video clip in 3 seconds. The
resolution are kept as HQ version.

Based on the mask images and the corresponding raw images, We initially list 6
categories as ground truth (1. players (on the field) of team A; 2. players (on the field)
of team B; 3. referee; 4. goalkeeper of team A; 5. goalkeeper of team B; 6. others). We
manually label mask images output from the AlphaPose model on 5 games, as showed
in Tab. 4.1. The category ‘others’ represent the region of the corresponding AlphaPose
mask that is definitely out of the field or is not a part of the ‘torso’ of a person on the

field.

Table 4.1: Annotated torsos detected by AlphaPose model based on their roles and

positions
Game Team A  Team B  Referee GoalKeeper A  GoalKeeper B Others
Real Madrid vs. Las Palmas 589 796 92 0 0 184
Schalke vs. Dortmund 641 631 111 12 0 944
Bayer Leverkusen vs. Dortmund 780 881 76 22 6 402
Besiktas vs. Napoli 1035 898 142 0 0 643
Dortmund vs. Galatasaray 1519 1215 301 48 6 1763

We also count the number of ‘others’ based on their location in these games

used for evaluating the clustering performance before and after filtering out the stands.
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Tab. 4.2 shows that a huge number of ‘torsos’ detected by AlphaPose come from out
of the field.

Table 4.2: The number of different locations of ‘torsos’ of Others

Game On the field Out of the field
Real Madrid vs. Las Palmas 10 174
Schalke vs. Dortmund 90 854
Bayer Leverkusen vs. Dortmund 9 393
Besiktas vs. Napoli 9 634
Dortmund vs. Galatasaray 22 1741

4.4 Methods
4.4.1 Multi-Object Tracking and Inference
4.4.1.1 Multi-Object Tracking

For identifying the player actions “committing a foul” and “being fouled,” we
adopt the SlowFast network [34] for video recognition. To adapt this network for our
spatiotemporal task, we stabilize the video around each candidate player by assem-
bling image sequences from tracker bounding boxes derived from an MOT tracker’s
output. Here we use Chained-Tracker (CTracker) [103], which combines object detec-
tion, feature extraction, and data association in a single end-to-end model that chains
paired bounding box regression results estimated from overlapping nodes, of which
each node covers two adjacent frames. CTracker achieves fast tracking speed (30+ Hz)
and a Multiple Object Tracking Accuracy (MOTA) on MOT17 online of 66.6, which
is highly competitive with other state-of-the-art algorithms.

As an example, the foul subject and object in Fig. 4.4 (indicated by the green
and yellow bounding boxes, respectively, at ¢ = 0) are followed in tracks 8 and 10,
respectively, produced by CTracker. Synopses of the sequences resulting from this
tight tracking box, cropped and scaled to SlowFast’s 224 x 224 input, are shown in the
top two rows of Fig. 4.5.
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Medium context ROIs on same subject and object

Figure 4.5: Sample tight and context ROI sequences derived from tracker output as
input to the action recognition network



Raw tracker output can be noisy, exhibiting sudden shifts and scale changes
that present challenges for video recognition, especially when the source ROIs are on
the order of ~ 15 x 30 pixels. Moreover, the entire player might not be shown, losing
valuable information about leg and hand motion, and certainly any depiction of inter-
actions with nearby players is lost. Therefore, we expand the spatial context around
each tracked bounding box on the hypothesis that it will aid the video recognition task.
We define context ROIs as squares with sidelength proportional to the median max di-
mension of all tracker bounding boxes over an entire clip (1.5x scaling for medium).

Samples are shown in Fig. 4.5.

4.4.1.2 Track post-processing

Tracks may be incomplete. In order to supply the video recognition network
with sequences that span the full temporal context T" and to mitigate mistracking and
track merging and splitting (see Fig. 4.6 for an example), we transform CTracker’s
output to create a modified set of candidate tracks. First, tracks with small “gaps” of
up to 5 or 6 frames are patched with linear interpolation between adjacent bounding
boxes. In a second pass, tracks which end near another viable track are joined to
them in order to extend them. Also in this pass, branches may be created between
continuing tracks and new tracks that start nearby, increasing the overall number of
tracks. In clips with high player densities, this may result in enlarged sets of candidate

tracks with subsets in common.

4.4.1.3 Inference

SlowFast network involves two pathways — a slow pathway for capturing spatial
semantics by operating at low frame rate, and a fast pathway for capturing temporal
motion by operating at high frame rate. SlowFast achieves good performance (top-1
accuracy) on Kinetics-400 [70] as 79.8%, which outperforms previous state-of-the-art

methods.
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Figure 4.6: Example of CTracker mistracking: Track 5 disappears when the two
players come together, and when they separate, track 3 follows the wrong
player. Our post-processing corrects this: One candidate track is created
via a join of the truncated 5 and the “wrong” ending of 3, and another
track is made via a branch from the middle of 3 to the new track 16.
The complete, erroneous track 3 also remains as a candidate.
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Several SlowFast networks [34] are used for different purposes. SF_PvB classifies
each candidate track video as either a foul participant (without regard to subject
or object) or bystander, and SF_Sv0 classifies each candidate track video as a foul
subject or a foul object. Because of the oracle assumption, we know that there is
exactly one subject and one object per clip, transforming detection into a maximum
likelihood problem. However, as seen in Fig. 4.6, there is not necessarily a one-to-one
correspondence between tracks and people — we must always allow for the possibility
that two players are being tracked by one box.

Participant detections are the bounding boxes at the foul moment from those
tracks with the highest likelihood according to SF_PvB. There may be a tie due to
floating point precision and the network output saturating; these are broken first by
voting in the case that multiple maximum likelihood tracks share the same foul moment
bounding box, and second randomly. Subject and object detections are maximum
likelihood classifications according to SF_Sv0, but they are only considered if already
recognized as participants.

We also use just one SlowFast network to identify bystanders, the foul subject
and the foul object (SF_BvSvO). Same as the oracle assumption we have above that
there is one subject and one object per video clip but we make predictions on 3 cate-
gories directly here. Multi-label classification is also experimented for measuring how

much a foul subject has a foul object and vice versa.

4.4.2 Differentiation of Players
4.4.2.1 Person Torsos Detection

Players on the field may be taking various actions rapidly and their poses are
volatile. These changes in videos usually results in extreme difficulties of capturing
information about players’ identities. In soccer games, players in one team rarely
commit fouls to their teammates, thus the possibility of overlapping by players in the

same team may be reduced. This observation allows us to hypothesize that, if knowing
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players’ wearing, we may be able to at least remove the wrong tracks just like the track
3 showed in Fig. 4.6. And this will require to detect players’ torsos during their motion.

Human pose estimation can help to deal with this problem by detecting unique
keypoints on the human (player) body. In MS-COCO [82], 17 keypoints are defined for
the person class. In Halpe, 26 and 136 keypoints are defined for more detailed annota-
tion of human. AlphaPose [31, 77, 155] is a system for multi-person pose estimation,
which is the first open-source system that achieves 70+ mAP (75 mAP) on MS-COCO
dataset and 80+ mAP (82.1 mAP) on MPII dataset.

In hope of detecting the torso part of players, we utilize AlphaPose to first
estimate players’ poses (see middle figures in Fig. 4.7). Because the keypoints are
well-defined for representing human parts, thus, for representing the torso, we make a
polygon by connecting four keypoints — ‘left-shoulder’, ‘right-shoulder’, ‘left-hip’ and
‘right-hip’, or constructing a triangle if one of these four keypoints is missing. The
polygon/triangle is represented as a part of the torso of players. Therefore, no matter
which directions players are looking at and no matter what kinds of actions they are
taking, person torsos are able to be extracted by masking the polygon to the image,
as Fig. 4.7 depicts. In experiment, we remove extremely small ‘torsos’ to reduce the
possibility of errors. Therefore, we can make clustering based on the extracted torsos

for the following.

4.4.2.2 Sports Camera Calibration

In Two-GAN (Two Generative Adversarial Networks) [16], unlike some methods
like [17] in which the location of the camera is exactly known in training/testing, they
design an approach to detect field markings only assuming the camera location is
roughly known. [16] model involves a camera pose engine, a deep feature extractor
(a siamese network), a two-GAN model for field marking detection and a camera pose
refinement process. Most sports cameras are pan-tilt-zoom (PTZ) cameras [129, 18, 16].
In the camera pose engine, the camera position is supposed to be above and along the

center line for soccer games. To transfer world coordinates to pixel coordinates, the
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Torso Mask

Raw frame (far-scale) Pose Prediction Torso Masks

Figure 4.7: A frame may contain multiple players. Masks are generated by the human
pose predicted by AlphaPose. The first row is close-scale, and the second
row is far-scale. Far-scale frames usually have more persons detected,
and the detail on player’s torso is unavailable except for the jersey color.
The masks are generated by making polygons or triangles from 3 or 4
keypoints.

camera pose engine in soccer games only needs to consider 3 parameters — the focal
length f, the camera tilts by ¢ and the camera pans by 6. These 3 parameters’ ranges
are known from the World Cup dataset. These 3 parameters create a homography
matrix to transform the field template to the edge image. Hence, camera poses and
paired edge images are generated by uniformly sample these 3 parameters within the
ranges.

The camera pose engine is used for synthesizing a set of edge images which are
embedded into a low dimensional feature space for obtaining a feature-pose database.
By inputting a pair of edge images, a siamese network learns if two images in the pair is
similar. The siamese network is a two-branch network. Each branch is a convolutional
neural network f,(-) and constructs a feature-pose dataset. We also use the one branch
of the siamese network to extract features from detected field marking images in testing.

Then, a two chained conditional GAN [16] is used for detecting field markings.

In [16], the first GAN segments foreground areas from the raw frame and outputs
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a mask image. The second GAN detects field markings from the foreground image.
Both GANS predict if their corresponding input images (mask image and field marking
image) are real or fake, respectively. Instead of detecting hard boundaries that will
cause artifacts, [16] interpolates values between foreground and background within the
range of [30,50] pixels. We input the detected field marking image into the siamese
network and extract the feature. The feature will be used for finding the nearest
neighbor from the feature-pose database. The camera pose is refined by computing the
distance image on features of the detected field marking image and the generated edge
images by the camera pose engine. The pipeline is illustrated in Fig. 4.8.

The calibration accuracy is measured by the intersection over union (IoU) score.
The IoU is computed by warping the projected model to the top-on view. In particular,
ToUypole [60, 16] measures the IoU on the whole area of the model and IoU,,, [118, 16]
measures the visible area in the image. The measurement shows that Two-GAN [16]
achieves accurate results on the World Cup dataset [60] (89.4 in mean [oUype) and
on the Volleyball dataset [67](94.5 in mean IoUpq,+).

We first detect field markings using the two-GAN model on the resized images
(256 x 256) of our annotated video clips. Then, we query an initial camera pose from
the feature-pose database using the deep feature of the detected edge image. After that,
we refine the camera pose by the distance image and the Lucas-Kanade algorithm. In
this task, Enhanced Correlation Coefficient (ECC) is used for measuring the confidence
in the homography. If it is not over 0.9, the homography is probably not so great.

As we hope to remove the influence of persons who are out of the field, we utilize
Two-GAN model to filter out the stands. Then, top-on views are generated and keep
the persons who are on the field, as depicted in Fig. 4.12. We set threshold m; on
the mask of the field image to specify the field boundary, and it is set to 32 in our

experiments.
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ECC=0.982

ECC=0.781 ECC=0.675 ECC=0.889

Figure 4.9: Examples of our camera calibration results by using [16]. The first two
rows show 3 great homography matrix and their ECCs are over 0.95. The
rest two rows show bad results since the field template mismatches the
field edges after warping. In this case, their ECCs are usually less than
0.9. The bad result may be caused by the influence of the scoreboard,
billboards and watermarks.
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4.4.2.3 Clustering for Differentiating Players

We would like to differentiate players in teams by clustering approaches. Jersey
colors may be various in different games even for the same team. Each team may have
at least 2 different jersey colors (usually 3 jerseys per season for one team) to avoid
confusion during the game in every game season. People who are not fans typically
don’t know which jersey the team would wear in advance, especially for the away team.
Moreover, the goalkeeper and the referee may also wear various colors in different
games. It results in difficulties in building a general ground truth of jersey colors
for identifying teams. In light of this, we adopt unsupervised learning approaches to
differentiate players without knowing their wearing colors in advance. Typically, jerseys
contain multi-colors and may represent differently from different perspectives. We work
on normalized histograms of colors of detected torsos in hopes of differentiating them
by colors. In this task, we mainly test it by Agglomerative clustering [74, 147] and
K-Means [148, 75, 3] algorithms. Fig. 4.10 shows how we do clustering on torsos from
raw frames.

The next problem is, for clustering like K-Means and Agglomerative clustering
algorithms, how to choose the number of clusters before feeding data to fit the model.
We initially make 6 categories in our clustering subset for comprising all possible cat-
egories on the field, but some categories may not have any of its elements existing in
some frames or video clips when the cluster model is being fit. For example, like the
top-left figure in Fig. 4.7 shows, there are no goalkeepers for both teams. And some-
times the referee is invisible. Because we fit the clustering model by one foul video clip
per game, in our experiments, we mainly set the number of clusters to be 2 or 3.

Besides, we also try to test DBSCAN (Density-Based Spatial Clustering of Ap-
plications with Noise) in this task since we don’t need to set the number of clusters prior
to clustering, but we find its sensitive parameter setting may lead to bad performance

in clustering.
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4.5 Experiments

4.5.1 Training Details

CTracker A CTracker network with a ResNet-101 backbone pre-trained on the MOT
dataset [99, 103] is fine-tuned on 10 4-second clips (9 far, 1 near) from our dataset
in which all player tracks are manually annotated, with standard data augmentation
mentioned in [103].

SlowFast We use the ResNet-50 8 x 8 variant of the network, pre-trained on the
Kinetics dataset, for both of our video action classifiers. 666 48-frame, 2-second clips
(with ground truth for 666 subjects and objects and 7996 bystanders) are randomly
selected from our foul action recognition subset and SF_PvB and SF_Sv0 are fine-tuned

for 10 and 40 epochs, respectively.

4.5.2 Results
4.5.2.1 CTracker Evaluation

We follow the MOT evaluation metrics [99] to measure the performance of
CTracker model. The CTracker’s basic tracking performance is evaluated on our data,
which consists of 6 test video clips (all of them are far-scales), resulting in a MOTA
of 89.2%. The Tab. 4.3 exhibits our multi-object tracking performance based on MOT
evaluation metrics. We also simply post-process the result by seeking the closest boxes
for dealing with cross-frame association problem. Despite its performance being a little
better (MOTA is 90.9%), we still keep on using the outputs without post-processing
due to worse MOTP.

Table 4.3: Tracking Performance of CTracker, trained on 10 video clips with 100
epochs
Rell Pren GT MT ML FP FN IDs FM MOTA MOTP

CTracker 98.0% 93.2% 44 38 1 584 161 134 52 89.2% 0.820
CTracker/p | 96.8%  95.3% 44 37 1 400 266 101 45 90.9% 0.779
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4.5.2.2 SlowFast Evaluation

The classification performance of SF_PvB and SF_Sv0 are measured on a test set
of 167 clips (with ground truth ROI sequences for 167 subjects and objects and 1008
bystanders). Precision-recall curves for each network trained on tight tracker ROIs vs.
the looser contexrt ROIs discussed in Sec. 4.4 are plotted in the first row of Fig. 4.11.
For both training regimens, SF_PvB is nearly perfect, with an average precision (AP)
of 0.997 for tight ROIs and 0.999 for context ROIs after 10 epochs. The subject vs.
object task seems harder, as blame is hard to be attributed to either one of the two
tussling players. And while foul objects often wind up sprawled on the ground, so do
the foul subjects whether intentionally or not. This assessment is borne out of SF_SvQ’s
lower performance after 40 epochs of training, with an AP = 0.749 for tight ROIs and
0.861 for context ROIs.

The context variant of SF_PvB successfully detect 64.24% of foul participants @
0.5 IoU threshold at the foul moment over a test set of 167 clips (vs. 52.51% for the
tight variant with the same tracks). Fig. 4.1 shows three examples of such detections.
The second row demonstrates the detector’s ability to pick out one anomalous motion
in a crowd (in this case the foul object sinking to the ground). Subjects and objects
are detected at the same IoU threshold with 30.15% and 45.21% accuracy, respectively
(16.39% and 30.06% for tight). The detection accuracy is considerably higher at lower
IoU thresholds (e.g. 84.34% @ 0.1 IoU), indicating that this approach locates the rough
foul area quite robustly.

The classification performance of SF_BvSv0 on 3 categories is also measured on
the same test set as the experiment of SF_PvB and SF_Sv0. We also compare tight
ROIs with context ROIs. The second row in Fig. 4.11 plots the precision-recall curve
of testing results on tight tracker ROIs vs. the looser contert ROIs. Similar as the
cascade method, the AP of bystander is almost perfect. Moreover, the performance
on the context ROIs is better than the tight ROIs (90.4% vs. 89.4%). As the similar
average precision on bystanders, the context ROIs improves the classification especially

for the foul subject and object.
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Video quality also impacts the performance, as the left figure in the last row
of Fig. 4.11 shows . As SoccerNet provides the original high quality videos, the corre-
sponding foul clips in HQ are also extracted. We do the same experiment on context
ROIs in HQ version. Because of the variety of frame rates in HQ videos of SoccerNet,
we sample frames of the extracted video clips such that all frame rates are 25 fps. And
we apply CTracker model on these HQ frames to extract sequence of player patches.
For the 3 categories task (bystanders vs. foul subjects vs. foul objects), the mAP
increases to 91.8%.

Considering the fact that significant overlap between foul subject and object
context bounding boxes for a lot of frames of a lot of fouls, this means that a video
of an object being fouled often includes, very close by, the subject who is fouling him
(and vice versa for the subject video). We can tell which is which by who is closest
to the center of the bbox, but sometimes these videos are almost identical. So saying
that one of them is 100% subject and 0% object doesn’t seem right — and makes the
training task harder. So the multi-label is proposed to say subject videos with ‘how
much’ object is in them and vice versa. In our experiment, the AP is 98.0% on the

multi-label classification, as the right figure in the last row of Fig. 4.11 depicts.

4.5.3 Field Localization

We evaluate the camera calibration on our annotated foul clips. We evaluate
this task by computing ECC between the distance image computed from edge Two-
GAN image and another distance image computed from synthetic camera generated
by the camera pose engine.

We follow the specification in Two-GAN [16] to calibrate cameras. On 211 foul
video clips (10117 frames in total), the average ECC is 93.0%. If we look into the
evaluation by games (foul clips in two halves), the worst ECC is about 74.1% and the
best one is about 98.4%.

There are still some drawbacks for the camera calibration. The scoreboard and

watermarks in broadcast videos may heavily affect camera calibration if they are not

76



filtered out by the field mask. Figures in last two rows in Fig. 4.9 depict that the
scoreboard and watermark on the ‘grass’ region in the broadcast video will easily cause

failure.

4.5.4 Clustering Evaluation

Fig. 4.10 shows that the input of clustering algorithms is the normalized his-
togram of colors on torsos. We evaluate the clustering performance based on the
annotated torsos from the subset.

We firstly evaluate the performance of the two clustering algorithms — K-Means
and Agglomerative clustering approaches on foul clips from the 5 games. The K-Means
is to fit on all ‘torsos’ from the first foul clip in the corresponding game with different
K values, and test it on ‘torsos’ from rest foul clips. The agglomerative clustering is to
fit and predict on ‘torsos’ from all foul clips in each game. In this experiment, we set
the number of clusters K to be 2 or 3 for both approaches.

We threshold the area of the torsos for filtering out wrong detections during
fitting and predicting. We don’t put them into clustering if they are too large or too
small by setting two thresholds maz, and min,. maz, is the maximum number of
pixels of a mask region and min, represents the minimum number of pixels. In our
task the max, is set to the 6 times the median bounding box area in a frame, and the
min, is 80.

Tab. 4.4 shows that the comparison of these two clustering algorithms in different
number of clusters (K is 2 or 3, the number of bins is 5 for each channel). Both
algorithms have the similar performance when setting the K value to be 3. Please note
that the Agglomerative algorithm runs clustering on all ‘torso’ regions from all foul
clips, but K-Means is fit by the ‘torso’ regions from the first foul clip.

If masks output from AlphaPose contain a lot of ‘noise’ that mainly come from
other persons out of the field, it will be sensitive and error-prone if K is 2, unless
ignoring the influence from the referee and both goalkeepers (they wear different colors)

and restricting persons who are on the field, hence it would be difficult to get correct
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clusters. Tab. 4.4 shows that, when K is 2, the clustering for clips in the game —
‘Schalke vs. Dortmund’ will enroll a lot of irrelevant ‘torsos’. See the top-right figure
in Fig. 4.12, a lot of false ‘torsos’ are from the billboard at the far-side. These false
‘torsos’ coming from out of the field make the clustering difficult. Moreover, some clips
only contain players from two teams without goalkeepers. The clustering accuracy will

decrease if the K is more than 2.

Table 4.4: Comparison of Agglomerative and K-Means Clustering (K is the number
of clusters), number of histogram bins is 5 (per channel)

Game Aggl. Clustering (K=2) Aggl. Clustering (K=3) K-Means (K=2) K-Means (K=3)
Real Madrid vs. Las Palmas 85.2 94.4 85.2 94.3
Schalke vs. Dortmund 71.7 81.5 70.1 69.2
Bayer Leverkusen vs. Dortmund 86.5 71.5 80.3 84.2
Besiktas vs. Napoli 79.6 85.5 79.6 85.3
Dortmund vs. Galatasaray 89.0 85.6 60.0 86.2

To get rid of the influence of persons who are out of the field, we firstly apply
the mask on the broadcast frame and use the estimated homography matrix to project
the broadcast frame on a field template.The field edge can clearly draw on the top-on
view after applying homography warping. We estimate detected persons’ foot positions
by the coordinates of their bounding boxes, and transform the foot positions to top-on
view for estimating their field positions. Due to the warped image may not perfectly
match the field template, we add 15 pixels for each side (top, bottom, left and right)
for tolerating persons who are out of the field template but within the range that is
not further from the boundary than 15 pixels, see Fig. 4.13. We keep persons who are
on the field (also in the range of tolerance) and use their torsos to do clustering.

Fig. 4.12 renders that a lot of out of field persons and false positives can be
eliminated if the camera calibration result is good. In our experiment, about 85% -
95% regions out of the field are filtered out with camera calibration.

Tab. 4.5 lists our results after filtering by the field template. The number of bins
have minor effects on the clustering performance, Tab. 4.6 illustrates clustering results
on different number of bins. We set K to 3 for this experiment because most frames

don’t contain goalkeepers. These experiments show that the clustering method enables
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the differentiation in jersey colors without the prior knowledge. Fig. 4.14 shows some
examples of our clustering results. The example frames are from 6 different video clips
that are from 5 different games. At the far-side, players are usually very small such
that the torso color distribution may vary drastically based on their poses. And the
clustering result also depends on the performance of the Two-GAN model for camera

calibration and the AlphaPose model.

Table 4.5: K-Means Clustering Accuracy (%) after filtering by camera calibration (

bins = 5)
Game K=2 K=3 K=4 K=5 K=6
Real Madrid vs. Las Palmas 89.4 94.2 79.5 78.9 79.0
Schalke vs. Dortmund 83.4 74.4 64.3 63.8 60.8
Bayer Leverkusen vs. Dortmund | 81.0 84.4 85.4 81.5 76.4
Besiktas vs. Napoli 81.8 88.4 85.9 76.2 52.1
Dortmund vs. Galatasaray 86.6 92.2 77.6 61.8 53.0

Table 4.6: K-Means Clustering Accuracy (%) after filtering by camera calibration (

K =3)
Game bins=3 bins=4 bins=5 bins=6 bins=7 bins=10 bins=15 bins=30
Real Madrid vs. Las Palmas 94.3 94.2 94.2 93.7 93.7 93.7 93.7 93.7
Schalke vs. Dortmund 76.8 74.2 74.4 73.8 73.5 73.5 73.0 73.0
Bayer Leverkusen vs. Dortmund 83.0 83.9 84.4 84.9 85.4 85.6 85.6 85.3
Besiktas vs. Napoli 88.0 87.9 88.4 88.4 88.4 88.4 88.4 88.4
Dortmund vs. Galatasaray 92.4 92.4 92.2 92.6 92.1 92.6 92.0 92.0

4.6 Conclusion and Future Work

We report strong performance on a sports spatiotemporal video activity recog-
nition task. There are a number of directions to take before removing the foul oracle
assumption and working on the scale of entire games, including extending the system
to near-view clips with more training examples, dealing with shot boundaries automat-
ically, and incorporating foul-relevant information outside of foul subject and object
bounding boxes. We also show the experiment of the differentiation among players

by clustering approach with assistance by using human pose estimation and camera
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pose estimation and parsing of field line features [20]. The experiment shows promising
results for further usage in making sure candidate pairs of foul subject and object are
on opposite teams so that it could boost performance. Other attempts may also be
feasible in differentiating players but require a per-game learning of jersey colors and
patterns using, for example, deep image clustering [78]. Using high-res versions of the
game videos would enable further analysis such as ball tracking and reading player
names/jersey numbers to correlate with roster data and/or commentary.

In the future, we also need to consider how to utilize the clustering way into the
multi-object tracking, especially for the player association/re-identification in highly
overlapped scenarios cross frames, since all persons on the field would wear definite

colors in soccer games.
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Figure 4.10: We estimate poses for each players’ tracks. We generate torsos by
AlphaPose and extract torso colors to do clustering.
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Figure 4.11: Precision-recall curves for SlowFast action classifiers. Two curves at
the first row are for foul participant/bystand and foul subject/object.
In the middle row, we can find that the context ROIs (right) is better
than the tight ROIs on 3 classes. Resolution also has influence on the
classification performance (bottom-left). And we also do multi-label
classification, the PR curve is at bottom-right.
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raw frame with AlphaPose masks

raw frame with field mask raw frame with both masks

Figure 4.12: Example frame in the game ‘01-04-2017 Schalke vs. Dortmund’. Alpha-
Pose model detects person over the entire frame without limiting on the
region of the field (as top-right shows). The predictions contain a lot of
false positives. By Two-GAN model, we estimate the boundary of the
field to eliminate the effects from detected persons out of the field(For
observing the field boundary, we darken the field region but highlight
detected ‘torsos’ instead of blacking the entire field, as bottom-right
shows.)
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Figure 4.13: Field template overlaid on the image using the estimated camera poses.
Using the predicted bounding boxes, we estimate the players’ positions
at the top-on view. Persons who are out of the field can be easily filtered
after the project. Persons on the field (in green and blue spot) are kept
for differentiating their jerseys’ color.
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Figure 4.14: Examples of the K-Means clustering result after applying the field mask
(K = 3, min, = 80) from 5 games. We use bounding boxes detected by
AlphaPose (YOLO detector) with different colors to represent they are
in different clusters. Torsos without bounding boxes represent they are
ignored. In 1, some players wearing blue are mis-clustered. It is error-
prone if detected players are usually small (especially for their positions
are at far-side). In 2,5,6, all players on the field are correctly clustered
by their jersey colors. 3 has 3 players not detected by the detector. 4
shows players near the side line (far-side) may be filtered out by the
GAN mask.
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Chapter 5

TOWARDS GENERAL ACTION SPOTTING IN SOCCER GAMES

In this chapter, depending on SoccerNet V2 dataset, we design and experiment
a new architecture to detect action spotting across the entire game video by combining
a state-of-the-art video classification network and an action spotting network. Firstly,
the action clips are extracted in 3-second duration from raw videos in 25 fps. Due to
the highly imbalanced number of clips in different categories, the classification accuracy
is only 41% on 17 action categories and 1 ‘background’ trained on randomly picked
20 games (40 game halves). Considering longer duration can provide more temporal
contextual information, we adopt the manner used in SoccerNet by making multi-label
classification on long duration video chunks. But it requires pre-trained features at
frame level. To efficiently train and make inference on actions from raw videos, we
also try to use the video classification network to extract features and feed to the
temporal action detection network. Unfortunately, during the training, the temporal
action spotting loss doesn’t explicitly decrease, the loss in multi-label classification
decreases though.

Even though our architecture doesn’t work as expected, we still believe that the
value of this experiment cannot be ignored. We will give our explanation and analysis
for the attempts in the following. Based on the current architecture, possible solutions

are also provided for the future work.

5.1 Introduction
Nowadays, computer vision techniques have been applied into a massive number

of applications. Such applications facilitate human’s daily life and make many works
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much easier than before, like beautifying the selfie, traffic signs recognition, medical
treatment, autonomous driving, and images/videos analysis.

These new techniques are also brought into sporting games. For sports video
analysis, computer vision is becoming ubiquitous with applications that include broad-
cast enhancement; real-time, in-depth player and team performance measurement; and
automatic summarization of key events. Across analysis tasks there are several common
visual skills such as ball tracking [132, 96]; player segmentation [13, 89, 66|, recogni-
tion [43], and pose estimation [71]; and recognition of formations, plays, and situations
[4, 135, 137, 44]. All of these make progresses towards automatic refereeing systems.

The automatic refereeing system will recognize and detect players actions dur-
ing the game. In human action recognition and detection, early methods [72, 106, 102]
mainly make use of handcrafted features from videos and linear classifiers. Deep learn-
ing based methods [50, 39, 38, 157, 34] aim at localizing and identifying human actions
over videos, either being developed on or incorporating 2-D object detection frame-
works.

The event as an often used but seldom well defined term, in computer science
and applied fields, is mainly used as a ‘specific occurrence involving participants’ [161]
by adding human or agent factor. This definition is similar as the human action but
may be more abstract or in high semantic level. Deep neural network has been widely
applied into detecting events in videos as well. In early deep neural network applied
in this area, the Fisher vector and Vector of Locally Aggregated Descriptors (VLAD)
are still used in encoding CNN features [158, 115, 2]. Most work build their event
detection model upon the network of detecting human actions with some modifications
like pooling, encoding etc., to aggregate features.

In soccer games, different actions are usually not about the concrete actions but
some specific events' since the actions are described as some occurrences that have

participants. For example, a foul typically consists of two participants, a ball goes

! In this chapter, we use the term event and action interchangeably
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out of the field means the ball is the ‘participant’. Once an event occurred, players
or other people may have different reactions. Exploring how to detect these events
or actions in soccer game videos is still a challenging problem because it requires a
deeper understanding of these game actions. In soccer videos analysis, [44] created a
benchmark for the temporal action spotting. In their first version, 3 different actions
are annotated in 500 complete soccer games — Goal, Substitution and Card. The second
version [26] expands to 17 different action annotations in the same 500 games. Fig. 5.4
shows some visible examples about different actions in game videos.

In [44, 19, 26], the actions are anchored with a single timestamp. Unlike common
action localization, the duration of the action spotting is uniformly 1 second. This will
ignore the boundary of an action as well as its duration. And, broadcast producers often
switch cameras or replay some occurrences to either capture or render more meaningful
context. This will result in that some actions are invisible at the moment they occurred.
In SoccerNet, each timestamp of an action spotting has a binary visibility tag that
states whether the associated action is shown in the broadcasting video or unshown,
in which case the action must be inferred by the viewer.

In SoccerNet [44, 26, 19], they use temporal convolutions and pooling upon
features from a pre-trained ResNet-152 model on 3 categories (goals, cards and sub-
stitutions) to detect actions. They identify each action spotting by one frame. To
train their network, the raw video is first sub-sampled to 2 fps from 25 fps in their
low-resolution videos. They also apply PCA to reduce the feature from 2048 to 512
for each frame of the sub-sampled videos. They train their temporal action spotting
network on batches of 2 minutes long video chunks. Each chunk is around a ground
truth action. In their observation, there are no chunks of 2 minutes containing more
than 5 actions. Thus the network will give 5 predictions on each chunk.

Although SoccerNet’s results [26, 19] are great, their sophisticated processing
is still a huge obstacle to extend to more games. In this chapter, we will describe our
network architecture for end-to-end training and prediction. As depicted in Fig. 5.1,

raw videos are the input and the network predicts the actions occurred in a given chunk
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and localize these actions. This new network is built by combining SlowFast network
and the temporal action spotting network. Since deeper ResNet can produce better
performance on other public dataset and the backbone of the temporal action spotting
network is ResNet-152 in SoccerNet [44, 26, 19], we choose the deepest ResNet that has
the pre-trained model as the backbone of SlowFast network. However, the experiments
show that the new network doesn’t work as we expected. We will give our analysis and

possible solutions to handle this problem.
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Figure 5.1: We designed the architecture for detecting action spots over the game
video. It combines SlowFast network and the temporal action detection
network of SoccerNet V2 [26]. We follow the temporal action spotting
network [19] which consists of a segmentation module and a spotting
module. It takes the feature vectors from SlowFast’s fast pathway as
inputs to the segmentation module and the spotting module. The feature
vectors are also fused with other feature vectors from the slow pathway for
multi-label classification Even though the loss in multi-label classification
decreases during the training, the temporal action spotting doesn’t work.

5.2 Related Work

Action recognition could either apply 2D convolutions on per-frame input fol-
lowed by another 1D module for aggregating the features[69, 122] or apply stacked 3D
convolutions to model temporal and spatial features [134, 14]. In single stream manner,
[34] uses two different pathways to operate on different frame rates for capturing both

spatial semantics and temporal motions.
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Action detection mainly discusses how to localize actions across an untrimmed
video (include recognize the action). Many studies in this year applied some approaches
which are similar to some methods of object detection. For temporal action detection,
some studies build their approaches upon 3D features, Convolutional-De-Convolutional
(CDC) network [119] places CDC filters on top of 3D ConvNets for abstracting action
semantics but reduce the temporal length of the input data. Cascaded Boundary Re-
gression model [40] is proposed to deal with a problem that traditional sliding windows
may not cover the entire action instance. To address an issue about common ”detection
by classification” method which the boundaries of action instance proposals have been
fixed, a single-shot Action Detector (SSAD) makes use of 1D temporal convolutional
layers to skip the proposal generation step via directly detecting action instances in
untrimmed video[79]. Region Convolutional 3D Network is introduced to encode the
video streams and generate candidate temporal regions containing activities, and clas-
sify selected regions into specific activities[156].

Relationship also implies actions and positions of participants. Recently, learn-
ing the relation between objects has attracted many researchers to put efforts on de-
tecting and recognizing the relation between objects and the interaction between the
human and the object [54, 49, 64, 94, 159, 21, 173, 150]. Describing the relationship
between objects is crucial to determine the global interpretation of the scene. Human
actions, especially for the interaction between the human and the object, are more
specific and an individual person can perform multiple actions simultaneously.

[85] demonstrates high-quality spatial-temporal activity detection in a surveil-
lance video scenarios, and more and more state-of-the-art methods have been utilized
in the area of sports. [136] introduces a multi-tower temporal 1D convolutional net-
work to detect events in ice hockey game and soccer game videos. [63] constructs their
model based on deep reinforcement learning that shows only part of people’s activities
have impacts on the entire group and tests their model on volleyball videos. [116] uses
self-attention models to learn and extract relevant information from a group of soccer

players for activity detection from both trajectory and video data.
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It is necessary to have large-scale datasets for training deep video understand-
ing models. While many early works utilize custom datasets which are usually small
and private, some available dataset such as MLB-Youtube[105], SoccerNet[44], Sports-
1IM[69], UCF Sports[113] and etc. are still worth mentioning. [44] annotates action
spotting in three categories: goal, card, and substitution, in 500 popular games from
2014 to 2017. As the extension, [26] annotates 17 actions in the same 500 games
and they establish a benchmark of detecting these actions over the entire game video.
They utilize features provided with the [44] and propose a context-aware loss function
(CALF) for detecting actions in the videos. The loss function heavily penalize the
frames far-distant from the action and decrease the penalty for those gradually closer.
Without penalizing the frames just before the action to prevent misleading informa-
tion, CALF [19] heavily penalize those just after as the action has occurred. In this
task, we utilize the CALF to compute the loss in detecting action spots.

Inspired by the action recognition and the detection, in this chapter, our work

is mainly built upon these models for efficient training and inference.

5.3 Actions in SoccerNet V2 Dataset

Based on SoccerNet V1 dataset, the v2 version consists of 300k timestamped
annotations temporally anchored within SoccerNet’s 764 hours of video of 500 games.
It significantly extends the actions of SoccerNet V1 with 16x more timestamps and
14 extra classes[26]. In total 110,458 actions are annotated in this version, on average
221 actions per game. Regardless the background (we also call it ‘common playing’ in
this task), totally 17 types of actions from the most important in soccer are identified.
Each action of the 500 games is annotated with a single timestamp in SoccerNet V2.
Fig. 5.2 shows the number of actions annotated in SoccerNet V2. Action ‘ball out of
play’ and ‘throw-in’ account for more than 45%, ‘red card’ and ‘yellow-red card’ only
have about 50 instances. This results in heavy data imbalance.

Visibility is another issue of affecting the recognition and detection, some ac-

tions are actually performed but they are invisible at the moment. Fig. 5.3 shows the
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distribution of visibility across all actions in SoccerNet V2. Some actions like ‘kick-off’,
‘clearance’ and ‘indirect free-kick” account for around 50% invisible actions. Recogniz-
ing unshown actions is challenging since it needs a better understanding on the context
of the game.

SoccerNet V2 also annotates camera change timestamps comprehensively in a
subset of 200 games, the others contain the replay shots in the remaining games. In
the fully annotated games, each game has 583 camera transitions on average. Unlike
the previous tasks we did, the shot transition introduces more challenging difficulties.
Different types of transitions from one shot to its next occur even in the same game
video. The statistics provided in SoccerNet V2 says that the camera transition can be
abrupt changes between two cameras (71.4%), fading transitions between the frames

(14.2%), or logo transitions (14.2%) [26].

5.4 Methods
5.4.1 Classification on 3 Seconds Video Clips

We utilize SlowFast network to make classification on video clips because it
achieves strong performance for action classification in videos. SlowFast network oper-
ates at two different framerates but works as a single stream architecture [34]. The slow
pathway operates at low frame rate by a large temporal stride 7 on input frames. Only
one out of 7 frames is processed at this pathway, so that, it is designed for mainly fo-
cusing on the spatial domain and semantics. Unlike the slow pathway, the fast pathway
operates at high frame rate. And it has a ratio 8(5 < 1) channels of the slow pathway.

The fast pathway is lightweight for capturing temporal contextual information.

5.4.2 Temporal Action spotting

We combine SlowFast network [34] to the temporal action spotting network
proposed in SoccerNet V2 [26]. In Fig. 5.1, the slow pathway take sub-sampled frames
of the video chunk to focus on the spatial domain and semantics. The fast pathway will

not perform any temporal pooling to maintain temporal fidelity before the prediction
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Figure 5.2: Distribution of actions annotated in SoccerNet V2. The major actions
such as ‘Throw-in’, ‘Ball out of play’ and ‘Foul’ have more than 10000
instances. But ‘Red card’, ‘Yellow— >red card’ only have around 50
instances.

head. Same as the setting in SlowFast network, these two pathways are fused by lateral
connections.

In our architecture design, SlowFast network part has two heads — one head
takes outputs from its slow pathway and fast pathway to do multi-label classification,
another head doesn’t perform average pooling on the temporal dimension to keep the
number of input frames in the chunk and it takes the features from the fast pathway to
the temporal action detection network. The duration of a video chunk is typically 30
seconds to 2 minutes long (in our experiment, the duration is 1 minute). So a chunk
can contain more than one actions annotated in SoccerNet. And the actions can be
in the same category. Regardless of the number of occurrence of actions in a chunk,

we only consider if it occurs (1) or not (0) in the multi-label classification branch. We
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Figure 5.3: Visibility distribution of actions annotated in SoccerNet V2.

basically follow the setting for both pathways in the original SlowFast network [34],
except for the feature size after the last ResNet stage in the fast pathway, it is expanded
to 512 from 256 in order to contain more spatial context. Please note that 512 is also
the feature size in [26, 19] after PCA reduction. And we don’t make pooling on the
temporal dimension at the fast pathway for keeping awareness of spatial contextual
information per frame.

We follow the temporal action spotting specified in [19, 26] for our detection.
The network is made of a frame feature extractor and a temporal CNN outputting
C class feature vectors per frame, and two modules — a segmentation module and a
spotting module. The segmentation module produces a segmentation score per class
for each frame. It transforms feature vectors from the temporal CNN into an output
of dimension Nr x C. The segmentation scores output by this module is assessed
through the segmentation loss specified in [19]. The spotting module takes as input

feature vectors from the temporal CNN and the segmentation scores, and outputs the
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Figure 5.4:

Y

SLVAN

Examples of visible actions annotated in SoccerNet V2 dataset, consist
of ‘kickoft’, ‘goal’; ‘substitution’, ‘offside’, ‘shots on target’, ‘shots off
target’, ‘clearance’; ‘ball out of play’, ‘throw-in’, ‘foul’, ‘indirect free-
kick’, ‘direct free-kick’, ‘corner’, ‘yellow card’, ‘red card’. The category —
yellow to red card is rare, it is not in our 40 games for both training and
testing
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spotting predictions of the network.

In the temporal action spotting network, we follow the time-shift encoding for
temporal segmentation [19]. The segments regroup frames by if they are far before, just
before, just after, far after an action, or in transition zones between these segments.
In [19], for each category ¢, the temporal segments are delimited by specific slicing
parameters and are materialized through time-shift encoding. We also follow the tem-
poral action spotting network proposed by SoccerNet, which consists of a segmentation

module and a spotting module.

5.5 Experiments and Analysis
5.5.1 Data Preparation

SoccerNet splits 500 games into 3 sets — 300 games in the training set, 100 games
in the validation set and 100 games in the test set. Due to the huge amount of actions in
the original SoccerNet dataset, we randomly select 20 games from SoccerNet’s training
set to train our network and randomly select 20 games from SoccerNet’s test set to do
testing. There are 4761 and 4816 actions in our training set and test set, respectively.
As depicted in Fig. 5.6, the shapes of their distribution in different action categories are
almost the same. We generate ‘background’ actions in the average number of frames
in different action categories. We also randomly flip frames by videos to alleviate the

imbalanced data.

5.5.2 Training

We extract chunks from raw videos and sub-sample them to 2 fps to make our
inputs. Due to the memory limit, we adopt the chunk size as 1 minute — 120 frames per
video chunk. The feature extraction at the fast pathway is after the average pooling,
such that 7 x 7 at each feature depth is pooled to 1.

The duration of each chunk is 1 minute long. Based on the observation [19],
there are no more than 5 action spotting in each 2-minute video chunks. The chunk is

anchored at an event along with corresponding shifts. The input chunk is sub-sampled
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to 2 FPS and frames are resized to 224x224. Two pathways of SlowFast network
have different settings for different purposes. Fast pathway mainly captures temporal
contextual information and the slow pathway focuses on spatial contextual information.
As the original setting in SlowFast, the slow pathway further down-samples the input
video to 0.5 fps but keeps more spatial features. The fast pathway keeps the sample
temporal dimension but down-samples the output feature to 512 (in original SlowFast
version, the feature size is 256). Outputs from both pathways are combined for the
multi-label classification. The loss function is binary cross entropy for the multi-label
classification. The fast pathway also provides inputs for the action prediction. The
action prediction part follows the network used in SoccerNet v2 benchmark. The
features from SlowFast network are input to a spatio-temporal pyramid to produce
120 features for each frame.

And we use loss function (CALF') proposed by [19] to calculate the segmentation
loss and spotting loss. Including the multi-label classification loss, all losses are added
together for the stochastic gradient descent (SGD) optimization with an initial learning
rate [r = 1073,

Due to the memory limit and saving time of video decoding, the training pro-
cessing takes one game half by one game half at each training epoch. It means that we
extract all chunks over the game half video. We also extract ‘background’ chunks that
don’t contain any actions. The total number of extracted ‘background’ chunks is the
average number of frames in different categories. Extracted chunks are evenly sampled
by the category to prevent the data imbalance. We train the network 100 epochs which
takes about 4 days.

Considering the temporal action spotting network takes features from ResNet-
152 as the input, and SlowFast network only provides pre-trained models on ResNet-50
and ResNet-101. We use the ResNet-101 as the backbone of SlowFast network. And
the model is trained on AVA dataset [25].
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5.5.3 SlowFast Network for Classification on 3-second Video Clips

We experiment action classification on SlowFast network but the performance is
far from satisfactory. The classification model is trained on the same 20 games as the
games used in training temporal action spotting model. In this experiment, we anchor
the action at the exact time in game seconds provided by SoccerNet V2 annotation.
And we randomly extract ‘background’ clips from the game half video. The number of
‘background’ is the average number of frames in different action categories. The same
way of extracting ‘background’ is also used in training the action spotting model.

To make each clip contain more contextual information, we expand each clip
before and after by 1 second. Each 3 seconds video clip is 25 fps. To make it able to
evenly sub-sample frames over the video clip for the slow pathway in SlowFast network,
we extract and append 1 extra frame after the corresponding clip. All frames in the
clip are resized to 224 x 224 before feeding into the network. We fine-tune SlowFast
network pre-trained on Kinetics dataset. The applied backbone network of SlowFast
is ResNet-50. We run the training 100 epochs and follow other parameter settings as
SlowFast [25]. The testing shows that the classification accuracy is about 41%. Fig. 5.1
depicts the confusion matrix on the testing of the classification result.

We believe the reason of unsatisfactory performance is the lack of sufficient
contextual information. As mentioned in [44], training on smaller windows will result

in a drop in performance.

5.5.4 Temporal Action spotting and Analysis

We follow the measurement proposed by SoccerNet [44]. An action spot is
defined as positive if its temporal offset from its closest ground truth is less than a
given tolerance. The training of our network meets a problem that the training loss in
the action spotting just fluctuates, but the loss in multi-label classification decreases

as we expected. This results in our testing result is bad since the Average-mAP is only

around 4%.
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We think it is because the feature from SlowFast focuses on one timestamp
rather than all timestamps in the given video chunk. The original head of SlowFast
does 3D average pooling to make the temporal dimension to be 1. We add another
head that doesn’t sample features on the temporal dimension in order to keep features
of all frames. It represents that the shape of features is [1, 2048, 30, 7, 7] for the slow
pathway and [1, 512, 120, 7, 7] for the fast pathway, respectively. Here, 30 and 120
are the number of input frames (sub-sampled and not sub-sampled), 1 is the batch
size — we cannot increase it due to GPU memory limits, 2048 and 512 are the depths
of features of both slow and fast pathways. The original head will decrease the above
dimension to [1, 1, 2048] for the slow pathway and [1, 1, 512] for the fast pathway by an
average pooling. Then we apply a linear classifier to do the prediction for multi-labels
on the video chunk. The head we add is used for feeding features to the temporal
action spotting network. Since the slow pathway lacks of temporal context, we only
take the output from the fast pathway to the temporal action spotting network.

Because the backbone network of SlowFast is the ResNet, we assume the ResNet
features in SlowFast contain more contextual information for each individual frame.
As SoccerNet [19] did, the raw video is sub-sampled to 2 fps and features are extracted
by ResNet-152 and reduced by PCA to 512 features for each frames of the sub-sampled
videos. Despite the temporal dimension is kept in the head we add before the temporal
action spotting network, it looks like the contextual information kept in each frame at
the fast pathway doesn’t support the detection of action spots.

To verify detection of action spots is infeasible, we only train the fast pathway
in SlowFast network and feed the output to the temporal action spotting network. But
the loss also doesn’t decrease during the training. We guess that the fast pathway
in SlowFast lacks of enough ability of representing spatial semantics, even though we
expand the feature depth to 512.

We didn’t try the slow pathway in SlowFast to detect action spots due to its
low frequency in frames. Despite the rich ability of representing spatial semantics, 0.5

fps in the slow pathway will ignore a lot of temporal contexts in soccer game videos.
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Increasing its frequency will lead to more frames in the video chunk being needed since
the fast pathway will require higher frequency. Due to the memory limit, this attempt
is prohibitive.

Besides, other issues may also have influence on this bad result. First, the data
input manner may be one reason, we randomly select a half video from the training
game videos. And we get all frame indices of video chunks on the selected video. Due to
highly imbalanced classes distribution and limited RAM capacity, we randomly extract
50 chunks (in training, the input is one by one, rather than sending 50 chunks together
to the network). The 50 chunks are selected randomly — we first randomly select
classes present in the video to make sure small amount of classes can be extracted,
then randomly extract video chunks on the selected class (of course, repeated selection
will happen). It means, chunks in some classes are highly over-sampled. And the
chunks are extracted from one-by-one half videos in order to save decoding time — 50
chunks from one half are sent to the network, then 50 chunks from another half video
are the next. Such input manner may be not good for training. And, in SoccerNet [19],

they apply Adam as the optimizer in training the temporal action spotting network.

5.6 Conclusion and Future Work

In this chapter, we attempt to provide an end-to-end model for detecting action
spots over the entire game video. We build this work upon two successful models —
SlowFast network and temporal action spotting network. Unfortunately, our attempt
doesn’t work as we expected. The training loss in detection part doesn’t decrease
while the loss in multi-label classification part does. And because of the huge amount
of actions annotated in all 300 games for training, the training time is prohibitive
(typically it will take more than 15 days on training 40 epochs on these 300 games).
All of these block our progress to achieve desired results.

In the future, we still plan to make changes on our current architecture. As
depicted in Fig. 5.7, the modification is built upon our current architecture. Because

of only one SlowFast network is deployed on video chunks and features in each frames
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cannot provide enough temporal contextual information, we plan to split a chunk into
several parts (e.g. 5 parts), each part has one SlowFast network to do two things: 1.
spotting action classification, 2. assuming each part is 12 seconds long, each SlowFast
network outputs features of its corresponding part at the dimension [1, 24, 512] for
the fast pathway and [1, 6, 2048] for the slow pathway. In a sliding window way of
deploying SlowFast models over the entire video chunk and fusing their output, this
attempt can make each model focus on a relatively short video segment without losing
temporal contextual information. And weights sharing of SlowFast models is able to
make the training feasible.

Moreover, some actions annotated in SoccerNet V2 may take longer than 1
seconds to perform. For example, the action — ‘Yellow— >red card’. This will require

a better encoding way on ground truth.
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Figure 5.5: Examples of not shown actions. The unshown actions may be caused by
either the camera focuses on other players without noticing the one who
is taking the action (left) or the camera looking at other persons (right)
or replays.
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Figure 5.6: We randomly extract 20 entire games for our training and test set, re-
spectively. The shapes of their distribution in different action categories
are almost the same.
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Chapter 6

CONCLUSION AND FUTURE WORK

6.1 Conclusion

In this dissertation, our target is to make progress towards automatic refereeing
systems in soccer game videos. Firstly, we work on multi-camera scenario to detect
‘break’ and ‘play’ events in soccer game videos. The event reflects the state of the
proceeding game. The ‘break’ event is also split into 6 different ‘break’ types. We
annotate these events on SVPP dataset which has two complete soccer games from
three fixed cameras. These events have various length in the long untrimmed game
video. We investigate a deep neural network used for video classification for recognizing
fixed-size video clips from a single camera. In light of that a single camera only captures
parts of the field and there is no way to recognize the event from only one camera,
we extend the neural network for fitting with multi-camera scenario. In a sliding
window manner, we output the confidence scores of the predicted events over the entire
game video and adopt two novel grouping methods for refining the event boundary.
Our work enables the event detection with various length in the untrimmed video
captured by multi-camera. Next, thanks to game videos provided by SoccerNet, we
aim to detect and recognize the foul subject and object in the static frame at the foul
moment. We annotate and extract frames that are at the foul moment according to
the public commentary. We further annotate the ground truth for the foul subject
and object. We begin with the object/person detector on the low resolution frames
of broadcast videos. To utilize the richness of temporal contextual information, we
move to detecting the foul subject and object in the video clips that are at the foul

moment. Experimental results show strong performance on this activity recognition
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task. We also experiment clustering algorithms for differentiating players by colors
before and after camera calibration. Finally, according to SoccerNet V2 dataset, we
test an approach combining the feature extraction and temporal action detection to
directly predict action spots on broadcast game videos.

Our research on the action/event detection and recognition problem can be
viewed as an incremental development from fixed multi-camera videos (Chapter 2) to
static frames from broadcasting game videos (Chapter 3), to short video clips from
broadcasting game videos (Chapter 4), to detect and differentiate action spots over the
entire broadcasting game videos (Chapter 5). We briefly summarize each chapter as
follows:

In Chapter 2, we annotate events on two entire game videos based on SVPP
dataset. And we introduce our construction upon the I3D network to make it suit-
able with multi-camera in the soccer game and apply it to classify soccer game events
rather than actions from individuals. We further propose two grouping methods to lo-
calize /refine event boundaries in the video of the soccer game. Our proposed approach
demonstrates a promising result on testing.

In Chapter 3, via popular object/person detector, we detect foul subjects and
objects on static frames at the foul moment from broadcasting game videos. To achieve
this target, based on SoccerNet V1, we first manually annotate and extract frames
that are at the foul moment according to the public commentary, and establish a
benchmark for the detection of foul subjects and objects on static images. Besides,
we experiment Faster R-CNN and Cascade R-CNN detectors. The Faster R-CNN
model is trained from scratch but the Cascade R-CNN model is fine-tuned on a pre-
trained model. We surprisingly find that our Faster R-CNN model outperforms the
Cascade R-CNN model in the detection task. We experiment post-processing methods
for achieving better performance and specialize them for detecting the foul subject and
object. Comprehensive experimental results show that, despite lacking of temporal
contextual information, it still achieves very competitive detection accuracy.

In Chapter 4, we extend the work in Chapter 3 on static images to videos
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because of richness of temporal contextual information. We make a subset of video
clips at the foul moment for the task of multi-object tracking. We employ multi-object
tracking to generate a base set of candidate image sequences which are post-processed
to mitigate common mistracking scenarios and then classified according to several two-
person interaction types. In very low-resolution image, the proposed system is enabled
to differentiate foul participants from bystanders with high accuracy and localize them
over a wide range of game situations.

In Chapter 5, in order to remove the foul oracle mentioned in Chapter 4, we
move to detecting action spots in broadcasting game videos. This task will generalize
the detection to the video that consists of shot boundaries, replays, etc. We build
our network architecture upon two successful neural network architectures to enable
end-to-end inference over the entire raw broadcasting game video. Despite of unsat-
isfactory results in the experiment of this task, we still believe that modifications on

this architecture can reach our target.

6.2 Future Work

Action and event detection on videos are one of the most important yet most
challenging problems in computer vision. Despite tremendous success in the action
detection on videos with the power of deep learning in this decade, there are still
much more studies and works in different areas to be done to compete with human
performance. In the previous chapters, we point out a few directions for future research,
and briefly summarize parts of them as follows:
Robustness As mentioned in Chapter 2, the videos are captured by fixed cameras and
there are no shot boundaries in the video. And the videos mentioned in Chapter 4,
the input videos are trimmed to 2-second temporal windows. These input data needs
more devices and pre-computation to be achieved. In broadcasting videos, more robust
model is necessary to deal with the situations such as shot boundaries, replays, logo,
moving cameras, etc. In the future, we would like to work on detecting shot boundaries

and replays for further improving the performance of the action/event detection.
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End-to-end Temporal Action Spotting As mentioned in Chapter 5, the experiment
doesn’t achieve a satisfactory result on the current neural network architecture. We still
plan to make modifications on it to reach our goal. Fig. 5.7 gives one possible network
architecture. Because of only one SlowFast network is deployed on video chunks and
features in each frames cannot provide enough temporal contextual information, we
plan to launch SlowFast model on the video chunk in a sliding window manner with
some specific strides. It means that a chunk is split into several parts. On each part,
SlowFast network extracts features and gives the prediction of actions. We concatenate
features extracted by SlowFast over all parts in the video chunk and feed them into
the temporal action detection network. Considering that the slow pathway in SlowFast
provides more spatial contextual information, we would like to incorporate the features
coming from the slow pathway into the temporal action detection network, instead of
only using features from the fast pathway. Therefore, the model may leverage the
temporal context and the spatial context and push towards the state-of-the-art action
spots detection.

Spatio-Temporal Attention Most action recognition models in 3D CNNs treat all
input video frames equally, it results in the temporal and spatial differences being
ignored. Exploring these differences could be helpful for better performance on detec-
tion actions and events over the soccer game video. As the attention mechanism has
been widely used in various fields, we would like to investigate the attention mecha-
nism in the temporal dimension in order to localize temporal ‘ROIs’ across the video.
Also, learning spatio-temporal information could potentially reduce the complexity
for detecting and recognizing actions over the entire video, without running forward
predictions on every frame.

Computational Complexity Chapter 2, 3, 4, 5 all face the problem of computational
efficiency. For example, it takes more than 20 seconds to launch AlphaPose inference
on a 3-second video in HQ version. And SlowFast will take about 10 seconds to make
predictions on all sequences of person images in a 2-second video clip. For the pur-

pose of practical automatic applications, it will be more desirable to have real-time or
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lightweight methods without compromising the performance. We also interest in ap-
plying deep learning models to embedded devices to make progress towards automatic
refereeing systems.

Other Scenarios Detecting and analyzing actions in soccer game videos is just one of
our purposes. We think most of the work presented in this dissertation can be directly
extended to other scenarios. We would like to investigate some more general cases, like
other sports, movies, home security systems, senior caring systems, etc., and extend
our work to these areas. All of these require deep understanding of videos. Detecting
salient objects/persons or actions in different scenarios in the video would help to reach
the deeper video understanding and also narrow down the temporal interval for the

further analysis.
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Appendix A
TITLE OF APPENDIX

This is the information for the first appendix, Appendix A. Copy the base file,
appA.tex, for each additional appendix needed such as appB.tex, appC.tex, etc. Modify
the main base file to include each additional appendix file.

If there is only one appendix, then modify the main file to only use app.tex

instead of appA.tex.
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