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Abstract

Sports is the social glue of society as it allows people to interact with each other and
appreciate games irrespective of their social status, age and ethnicity. Automatic
sports broadcasting produces stream videos from vision sensors without human
intervention. The goal is to predict where cameras should look and which camera
should be “on air”. The technique can benefit millions of people as most viewers
participant in sports by watching TV or Internet broadcasting. The target team
sports include basketball, soccer and ice hockey in which team members quickly
move their positions in the game, excluding sports like baseball and cricket in
which team members have relatively stable positions.

Automatic sports broadcasting covers areas of statistics, commentary, camera
control and so on. We provide solutions for automatically setting camera param-
eters such as camera orientation angles and locations using computer vision. We
restrict our attention to static pan-tilt-zoom (PTZ) cameras for television or live
Internet broadcasting.

We propose three essential components of autonomous broadcasting: camera
calibration, planning and selection. By learning from human demonstrations, our
work can predict camera angles for single camera systems and camera viewpoints
for multi-camera systems. We obtain human demonstrations from existing videos
that are generated by professional camera operators. These videos contain camera
angles and camera IDs if there are multiple cameras.

Because camera angles are not directly available, we first propose two novel
camera calibration methods. We evaluate and compare our methods with previous
algorithms. Our methods are more accurate and faster than previous algorithms.

With labeled data from human operators, we develop two methods for smooth
camera planning which predict camera pan angles. The first method directly in-
corporates temporal consistency into a data-driven predictor. The second method
optimizes the camera trajectory in overlapped temporal windows. We show they
outperform previous methods in the literature.

We also propose two methods for selecting a broadcast camera view from mul-
tiple candidate camera views. The first method uses deep features for camera se-
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lection. The second method augments the training data with Internet videos. We
demonstrate comparable results with selections from human operators in soccer
games.
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Lay Summary

Billions of people enjoy team sports such as basketball and soccer through tele-
vision or Internet broadcasting, which are usually controlled by human operators.
This thesis designs an automatic system for team sports broadcasting. In the sys-
tem, robotic cameras work as if they are controlled by human operators. Mimicking
human operators is challenging because of the complex decision-making process
and the limited training data. To overcome these challenges, we first develop com-
puter vision techniques to collect labeled data from raw videos effectively. We also
develop machine learning methods to build robust systems from a small number of
training data. Using these novel techniques, we demonstrate state-of-the-art perfor-
mance on three core components for automatic broadcasting: camera calibration,
camera planning and camera selection.
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Glossary

The table below provides a quick reference of the symbols used in this thesis.

Camera calibration symbols
Symbol Meaning

P Camera projection matrix
K Camera intrinsic matrix
R Camera rotation matrix
C Camera projection center, position in world coordinate
I Identity matrix
H Homography matrix
x 2D image point
X 3D world point
q pan angle of PTZ cameras
f tilt angle of PTZ cameras
f focal length

Learning method symbols
Symbol Meaning

x Feature
y Label
q Model parameter
Q Allowable parameter con�gurations
I Information gain
S A set of data
p Policy
P All allowable policies

We de�ne important terminologies to avoid confusion.

� Autonomous camera system (ACS): An autonomous camera system is a sys-
tem that can detect and track objects in the scene by adjusting its location and
direction.
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� PTZ camera: A pan, tilt and zoom camera (PTZ camera) is a camera that is
capable of remote directional and zoom control. Its location is �xed when it
is used in sports broadcasting.

� Main PTZ camera: A main PTZ camera is a PTZ camera that is mostly used
in broadcasting. Its location is often above and near the middle area of the
playing ground.

� Broadcast video: A broadcast video is a video that is generated by human
operators and delivered to subscribers and viewers. The video is captured
from one or multiple PTZ cameras. When multiple cameras are used, human
operators switch between cameras to create a composite broadcast video.

� CDF: Cumulative distribution function.

� CGAN: Conditional generative adversarial network.

� CRF: Conditional regression forest.

� DAgger: Dataset aggregation. It is an iterative algorithm that trains a deter-
ministic policy that achieves good performance guarantees under its induced
distribution of states.

� DLT: Direct linear transform is a homography estimation method that uses
four point-to-point correspondences.

� FOV: Field of view.

� GAN: Generative adversarial network.

� HMM: Hidden Markov model.

� IoU: Intersection over Union.

� LSTM: Long short-term memory.

� KF: Kalman Filter.

� OHMM: Overlapped Hidden Markov model.

� PTZ: Pan, tilt and zoom.

� RANSAC: Random sample consensus.

� RMSE: Root mean square error.

� RNN: Recurrent neural network.

� RSF: Survival random forest.
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� SA heatmap: Spatial-appearance heatmap.

� SG: Savitzky-Golay �lter.

� SLAM: Simultaneous localization and mapping.
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Chapter 1

Introduction

1.1 Motivation and task
An autonomous camera system (ACS) captures videos of particular scenes and
sends these videos to viewers for different purposes such as surveillance and en-
tertainment. For effective communication, the system requires high-level under-
standing from the raw videos. For example, an ACS perceives the environment
by detecting objects, events and so on. Moreover, an ACS adjusts the camera di-
rection and coordinates multiple cameras to accomplish the task. For example, a
surveillance system continually monitors an intruder in a public place by schedul-
ing multiple pan-tilt-zoom (PTZ) cameras.

Automatic cinematography is a core subarea of autonomous camera systems. It
generates videos for stage performances, social events, sports and so on. It is an in-
terdisciplinary research area that combines computer vision, machine learning and
control. For example, an automatic video generation system like [GRG14] �rst
tracks important actors and objects using computer vision techniques for stage per-
formances. Then the system controls a virtual PTZ camera to generate sub-clips.
Unlike other systems, automatic cinematography systems encode cinematographic
practices in the system, resulting in aesthetically pleasing videos.

As a speci�c domain of automatic cinematography, automatic sports broadcast-
ing can bene�t millions of people. The sports market in North America was worth
69.3 billion dollars in 2017 and is expected to reach 78.5 billion dollars by 2021.
As the biggest reason for market growth, media rights (game broadcasts and other
sports media content) are projected to increase from 19.1 billion dollars in 2017
to 22.7 billion dollars in 2021 [Pri17]. Computational broadcasting is a promising
way to offer consumers with various live game experiences and to decrease the
cost of media production. It also provides multi-camera capture for amateur and
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Figure 1.1: Pictures of a real broadcast system. Left: ESPN broadcating
trucks; right: scenes inside a truck. Figure from Sports Video Group1.
Photo credits: Joe Faraoni/ESPN Images; Brandon Costa/SVG.

semi-professional sports.
A professional sports broadcasting system is very complex. Figure 1.1 shows

pictures of a real broadcast system used in the National Hockey League (NHL) by
ESPN. Not only is the equipment expensive, but the system also demands a group
of highly skilled individuals including the camera operator, director and commen-
tator. For example, each camera should be controlled by a camera operator. If mul-
tiple cameras are used, the system requires a director to schedule all the cameras.
The captured videos are post-processed and are broadcast with audio. Even for the
minimum con�guration, the system needs at least 3-5 well-trained operators.

The motivation of this thesis is to reduce the cost of human operators in group
sports broadcasting. Big tournaments (such as the World Cup) can afford the high
cost of hiring professional operators, while minor leagues usually are unable to
afford the cost. In practice, minor leagues often use static cameras to record the
game, in which players are small and details are lost. Thus, an affordable automatic
broadcasting system is in high demand. Our techniques aim to provide informative
and enjoyable videos for minor leagues and amateur users.

Let us imagine an ideal automatic soccer broadcasting system based on com-
puter vision techniques. A couple of �xed location cameras look at the playing
surface and detect where the players, referees and ball are. Using human pose es-
timation techniques, the system can also detect player actions and their intended
movements. These cameras work like the eyes of human operators. At the same
time, the detected information is processed by an intelligent agent (e.g., a com-
puter). The process can use big data such as previous matches, player pro�les and
team information to make decisions. The decisions include where to put the broad-

1https://www.sportsvideo.org
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Figure 1.2: System overview. Solid rectangles: components of our system;
Dashed rectangles: components on which our system relies but are not
included in the thesis.

cast cameras, what are their poses and zoom factors and which camera should be
“on air” at any time. In some circumstances, the PTZ cameras can be controlled
by humans, or by computers in other scenarios.

The sports industry has recently deployed some automatic broadcasting sys-
tems. For example, the Spanish soccer league La Liga introduced an automated
broadcasting system that uses up to eight high de�nition cameras in 2017-18 sea-
son [Adr18]. The system is semi-automated by one or two personnel on site: a
camera operator �lming handheld touchline clips and a vision mixer to switch the
feeds. The system is being used by clubs as an inexpensive means to stream to of-
�cial websites. This thesis provides techniques that can further reduce the number
of human operators in such systems as well as improve their capabilities.

In practice, autonomous camera systems must solve three simultaneous prob-
lems [CC14]:

1. Planning: Where should cameras look?

2. Control: How should cameras move?

3. Selection: Which camera should be “on air”?

This work focuses on the �rst and third problems: camera planning and cam-
era selection. Our fundamental idea is to replace human operators with computer
programs and robotic PTZ cameras. The computer programs learn camera oper-
ations such as panning the camera and switching between cameras from human
demonstrations. By doing so, the system aims to achieve competitive results with
professional human operators but with much lower cost. Besides using PTZ cam-
eras, other options include cropping sub-images from a wide-view static camera or
switching between many static cameras. These methods are out of the scope of our
interests.
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Camera planning Camera selection
Camera Loc. Pose Loc. and pose ID
Ideal system system (3DoF) system system
Ours human system (1DoF) human system

Table 1.1: Comparison of an ideal system and ours. In an ideal system, all
the camera parameters are automatically controlled by the system itself.
To simply the problem, our system is partially controlled by human op-
erators or pre-�xed by human operators (e.g., there is only 1 degree of
freedom (DoF) in camera planning).

Figure 1.3: Camera planning task. Camera planning predicts proper camera
angles for a main PTZ camera. Top: a panoramic view of the game;
down: example images from three viewpoints.

Table 1.1 compares the ideal system with our system on the components that
are controlled by human operators or by the system itself. As a research project,
parts of our system are controlled by human operators so that we can simplify the
problem and develop the remaining parts of the system. Building an automatic
broadcast system requires lots of components and providing all the components is
out of the scope of our work. The following components are not the contribution of
this work: hardware design and video capture (e.g., video synchronization), player
and ball detection/tracking and physical camera control.

Figure 1.2 shows the overview of our system. It has three components: camera
calibration, camera planning and camera selection. Figure 1.3 shows the camera
planning task which predicts proper camera angles for the main PTZ camera. Fig-
ure 1.4 shows the camera selection task which predicts a camera ID from multiple
candidate cameras. This work also offers state-of-the-art solutions for sports cam-
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Figure 1.4: Camera selection task. Camera selection predicts a camera ID
from multiple candidate cameras.

era calibration to obtain labels from human's demonstration. Figure 1.5 shows the
camera calibration task which estimates a homography matrix from a geometric
model to an image. The calibration task is integrated into the entire system by
providing labels for the camera planning task.

The tasks are challenging from three perspectives. First, the broadcasting cam-
era may focus on small areas and move quickly to capture interesting events. Thus,
long-time camera calibration suffers from motion blur and a narrow �eld of view
[Tho07]. Second, players act and interact with other players frequently in group
sports. Consequently, how to effectively represent the multiple objects (e.g., play-
ers and ball) in an image is a hard problem in computer vision. Third, large
amounts of training data are not directly available because researchers cannot ac-
cess raw videos of all cameras that are used in broadcasting. The small training
data degrades the performance of learning methods.

The tasks of camera planning and camera selection are closely related to se-
quential prediction. Sequential prediction operates on sequences, for example, pre-
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Figure 1.5: Camera calibration task. Camera calibration estimates a homog-
raphy matrixHfrom a geometric model to an image.

dicting camera angles for a one-minute basketball game. The desired algorithms
use temporal information as well as the appearance information in images. The
predictions should follow the physical movement of the camera, for example, the
camera trajectory should be smooth over time. Part of my work provides solutions
to general sequential prediction problems such as how to predict the movements of
a steering wheel for autonomous vehicles.

1.2 Applications of developed methods
The thesis presents a system for automatic sports broadcasting. The system is com-
posed of a group of techniques that can be applied to a broad range of applications:

� Two-point method: This method can be applied to any PTZ camera with
prior information of camera base.

� Synthetic edge image calibration. This method can be applied to many
sports which have texture-less playing grounds such as soccer, volleyball,
ice hockey, tennis and so on.

� Recurrent decision trees:This method can be applied to smooth temporal
signal prediction in real time, for example, predicting the steering wheel
angles in autonomous vehicles.

� Overlapped hidden Markov model: This method can be applied to smooth
temporal signal prediction with some tolerance of delays.
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1.3 Contributions
The work presented in the thesis contains several original contributions which can
be summarized as follows:

� We developed two camera calibration methods. The �rst method only re-
quires two point correspondences instead of four correspondences in previ-
ous work. The second method requires fewer human annotations by using
synthetic edge images. The experiments demonstrated that our methods out-
perform existing methods on several public datasets.

� We developed two camera planning approaches. The �rst approach directly
predicts smooth camera angles in real-time. The second method optimizes
the camera trajectory in overlapped temporal windows. These two meth-
ods showed state-of-the-art performance on a basketball dataset and a soccer
dataset, respectively.

� We designed two camera selection methods. The �rst method uses deep
features for camera selection for the �rst time. The second method augments
the training data with Internet videos. We demonstrated competitive results
with the selection from human operators on a soccer dataset.

1.4 Outline
The remainder of this thesis is organized as follows: Chapter 2 is an overview
of the background and related work; Chapter 3 addresses the problem of camera
calibration for sports videos; Chapter 4 presents two camera planning approaches;
Chapter 5 describes two camera selection methods. Finally, Chapter 6 summarizes
the thesis and proposes several directions for future work.
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Chapter 2

Background and Related Work

In Chapter 1, we show that an autonomous camera system is an important appli-
cation of computer vision. Consequently, a large body of previous work has been
devoted to this area and many methods have been published in the literature. This
chapter presents background material and an overview of previous work. Previous
work includes various autonomous camera systems, sequential supervised learning
methods and sports camera calibration methods.

2.1 Preliminaries
In this thesis, we use camera models in Chapters 3, random forests in Chapters 3,
4 and 5, and deep neural networks in Chapters 3 and 5. To avoid repetition, we
describe the fundamentals of these methods here.

2.1.1 Camera models

We use the pinhole model to describe the projection matrix of a camera

P= KR[I j � C]; (2.1)

whereK is the intrinsic matrix,Ris a rotation matrix from world to camera coor-
dinates, andC is the camera's center of projection in the world coordinates. To
simplify the problem, we assume square pixels and a principal point at the image
center(uc;vc). We found this assumption holds well for broadcasting videos. As a
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result, the focal lengthf is the only unknown variable in the intrinsic matrix:

K=

2

4
f ;0;uc

0; f ;vc

0;0;1

3

5 : (2.2)

The 3� 4 projection matrixP maps a homogeneous 3D pointX = [ x;y;z;1]T

to a homogeneous 2D image pointx = [ u;v;w] via

x = PX: (2.3)

The camera parameters can be estimated by minimizing the projection error
using methods such as [Zha00] and [LMNF09].

Whenz = 0, the world coordinate is on the ground plane, and the ground to
image homographyHcan be extracted from the projection matrixP(up to a scalar
uncertainty):

x = P[x;y;0;1]T

= KR[I j � C][x;y;0;1]T

�= Hx0

(2.4)

where

H�= KR

2

4
1;0; � Cx

0;1; � Cy

0;0; � Cz

3

5 : (2.5)

The homography can be estimated using at least 4 point-to-point correspon-
dences [HZ03].

2.1.2 Random forests

A random forest is an ensemble learning method for classi�cation, regression and
other tasks [Bre01, CSK12]. In training, random forests construct a multitude of
decision trees. In testing, random forests predict category labels (classi�cation) or
mean prediction (regression).

The essential idea in random forests is to average many noisy but approxi-
mately unbiased models, and hence reduce the variance [HTF09]. Random forests
correct for the over�tting problem of decision trees by using bootstrap aggregating
(bagging) and dimension sub-sampling. In training, bagging randomly chooses a
part of the data to build each tree independently. The dimension sub-sampling op-
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timizes the feature selection from a subset of feature dimensions. Random forests
are very fast in testing.

Training and testing In our problem, we use random forests to predict a continu-
ous scalar (camera angle). So we focus on random regression forests. A regression
forest is an ensemble ofT independently trained decision trees that minimize the
regression error. Each decision tree is a binary-tree structured regressor consisting
of split (or internal) nodes and prediction (or leaf) nodes. A set of example feature
vectorsf x1;x2; � � � ;xng and their corresponding ground truth labelsf y1;y2; � � � ;yng
are provided for training.

Following a top-down approach, the decision tree optimizes the parametersqi

of theith node from the root node and recursively processes child nodes until leaf
nodes are generated. The parameterqi is chosen from a set of randomly sampled
candidatesQi .

At each internal nodei, depending on the subset of the incoming training set
Si , random forests learn the function split that “best” splitsSi into SL

i andSR
i . SL

i
andSR

i are sets of left and right sub-trees, respectively. This problem is formulated
as the maximization of an objective functionI at theith internal node

qi = argmax
q2Q

I (Si ;q): (2.6)

For scalar value regression, the mean squared error loss is widely used:

I (Si ;q) = å
v2Si

(y� ȳi)2 � å
j2L;R

�
å

v2Sj
i

(y� ȳ j
i )

2
�

; (2.7)

whereȳi indicates the mean value ofy for all training samples reaching theith node.
Node that the left and right subsets are implicitly conditioned on the parameter
q. In this loss function, the �rst term is a constant value for an internal node.
The second term encourages smaller variances in child nodes. Node splitting is
regularized by setting the minimum splitting size which is usually the same as the
minimum leaf node size. The minimum leaf node size is a hyper-parameter that
controls the complexity of a decision tree.

Training terminates when a node reaches a maximum depthD or contains too
few examples. In treet, one leaf node includes a set of samples and a prediction
model is trained from these examples. For regression forests, the prediction model
can be a constant value (e.g., mean value), a linear or a polynomial function that is
�tted from the examples. The choice of the prediction model depends on the data.
For example, if they can be well approximated by piece-wise linear functions
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(e.g., has small values of curvatures), we can choose the linear function as the
prediction model. The constant-value model is also commonly used because it can
approximate other models by constructing more and deeper trees. In this thesis, we
use the constant-value model as the default prediction model.

During testing, a testing sample traverses the treet from the root node to a leaf
node. The leaf outputs an estimated value using the mean value of the training
examples stored in the leaf. The mean value of predictions from all trees is the
�nal output.

In random forests, the prediction ability depends on the model parameters. The
most in�uential parameters are the maximum allowed tree depthD, the amount of
randomness (i.e., the number of random samplings for a decision boundary), the
forest sizeT, the training objective and the choice of features. Generally, the max-
imum depth, the amount of randomness and the forest size increase when the num-
ber of training samples increases. The model parameters can be experimentally
determined by cross-validation.

The backtracking regression forest is a useful variance of regression forests
[MCT+ 17]. In training, it stores mean values of samples(x̄l ; ȳl ) in leaf nodes. In
testing, it outputs the feature distancekx̄l � xk2

2 as well as(x̄l ). The feature distance
can be used to remove outliers.

Besides classi�cation and regression, random forests can replace missing data
with proper values in learning. For example, [LW+ 02, Bre03] introduced the prox-
imity approach which uses a proximity matrix to measure the similarity of data
that occur within the same terminal node. The method �rst roughly imputes the
missing values: missing values for continuous variables are replaced with the me-
dian of nonmissing values, or data are imputed using majority vote for categori-
cal variables. Then, the method trains a random forest and re-imputes data using
the proximity matrix. For continuous variables, the imputed data are a proximity
weighted average of the nonmissing data. For categorical variables, the one with
the largest proximity is used. The method repeats the second step for a few itera-
tions to achieve a stable solution. One disadvantage of the proximity approach is
that the trained forest cannot be used to predict on test data with missing values.

To improve the proximity approach, [IKBL08] proposed the random survival
forest (RSF) method which dynamically imputes missing values when growing a
tree. In data splitting, the method draws a random value for the missing value
from the empirical distribution of nonmissing values. After splitting, the missing
values are reset to be missing. In a terminal node, missing values are imputed: for
continuous variables, the �nal imputed value is the average value of nonmissing
values; for a category variable, the majority vote is used. The method is referred as
random survival forestbecause it was �rst used in survival analysis which analyzes
the expected duration of time until one or more events happen such as a death in
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Figure 2.1: AlexNet. Figure reproduced from [KSH12],c
 Neural Informa-
tion Processing Systems Foundation, Inc.

biological organisms [IKBL08]. An alternative explanation of the name of random
survival forests is from the data splitting process. Because the missing value is
randomly imputed during data splitting, the missing data can be correctly imputed
or incorrectly imputed with some probability. The probability accumulates along
the path from a root node to a terminal node. When the missing data is assigned to
a “correct” terminal node, the missing datasurvives, and vice versa.

2.1.3 Deep neural networks

Deep neural networks (DNNs) is important in many computer vision tasks such
as object recognition, object detection and segmentation. The power of DNNs
is that features are directly learned from raw images so that DNNs usually have
higher performance given suf�cient training data [GBC16]. DNN research includes
network architecture [HZRS16], training techniques (optimization) [BCR+ 17] and
new applications.

The feed-forward convolutional neural network is one of the most common
structures in computer vision. Figure 2.1 shows the structure of AlexNet [KSH12]
which won the ImageNet challenge in 2012 [RDS+ 15]. The input of the net is a raw
RGB image and the output is the category of the object in the image. The network
includes four standard layers of modern neural networks. The convolutional layer
[LBBH98] extracts visual features in a local patch by applying a bank of learnable
�lters to the input. The pooling layer combines the outputs in a layer to its next
layer. It decreases the dimension of the feature map. The fully-connected layer
connects every neuron in one layer to every neuron in another layer. The loss layer
computes the loss of the network output. For example, classi�cation networks the
softmax loss. The AlexNet uses the Recti�ed Linear Units (ReLUs) non-linearity
which is f (x) = max(0;x). It also uses dropout regularization which randomly
sets hidden unites to zeros. The weights of the network are learned by error back
propagation [Kel60, RHW86].
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Figure 2.2: Fully convolutional networks. Figure reproduced from [LSD15],
c
 IEEE.

Besides these four layers, the deconvolution layer is also widely used in con-
volutional networks [LSD15] for spatially dense prediction tasks such as image
segmentation, depth estimation and image generation. The network (see Figure
2.2) takes input of arbitrary size and produces correspondingly-sized output.

Modern deep learning frameworks like Caffe [JSD+ 14], TensorFlow [ABC+ 16]
and PyTorch [PGC+ 17] provide basic components for network architecture and op-
timization methods. For example, they supply convolution, fully-connected, pool-
ing, deconvolution layers and so on. They also provide stochastic gradient descent
(SGD) [RM51], adaptive moment estimation (Adam) [KB14] and other optimiz-
ers. Some frameworks such as PyTorch also implement automatic differentiation
methods so that users do not have to calculate the partial differentiation for new
layers. These frameworks signi�cantly boost the broad use of DNNs.

Among many deep networks, we are interested in feature extraction networks
and generative adversarial networks (GANs).

Feature extraction. Feed-forward networks can be used to extract general pur-
pose features for vision tasks [SEZ+ 13]. The easiest way is using the activation of
some layers from a pre-trained network as the feature. When the data is associated
with labels, the pre-trained network can be �ne-tuned to improve the performance.

In some applications, input images only have neighborhood relationships but
do not have meaningful labels. For example, a set of face images have similar/dis-
similar labels for each pairs of images but do not have IDs for each image. We
call similar/dissimilar labels as weak labels. When only weak labels are avail-
able, siamese networks have been used to learn deep features from paired images
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Figure 2.3: Siamese architecture. Figure reproduced from [CHL05],
c
 IEEE.

[CHL05]. Figure 2.3 shows the siamese architecture in which two branches share
weightsW. In training, the contrastive loss is minimized:

L (w;x1;x2;y) = yDw(x1;x2) + ( 1� y) max(0;m� Dw(x1;x2)) ; (2.8)

whereDw(x1;x2) = kGw(x1) � Gw(x2)k2
2, Gw(x) is the feature, andy is the la-

bel of positive/negative examples. When the paired example is similar (y = 1),
it minimizes the distance between generated features. When the paired example
is dissimilar (y = 0), the loss maximizes the distance according to the marginm.
This method has been extended to triplet networks which have three weight-shared
branches for inputsx1, x2 andx3. The triplet network only requires relative similar-
ities such asDw(x1;x2) < Dw(x1;x3). Thus, it can be applied to more applications.
For example, [WL15] learned deep features from a triplet network to estimate 3D
poses for small indoor objects.

Generative adversarial networks (GANs).GANs are generative models that learn
a mapping from a random noise vectorzto output an imagey, G: z! y [GPAM+ 14].
The generatorG is trained to produce output that cannot be distinguished from
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Figure 2.4: Conditional GAN example. A conditional GAN is trained to map
edges to photo. The discriminatorD, learns to classify between fake
(synthesized by the generator) and real edge, photo tuples. The genera-
tor, G, learns to fool the discriminator. Unlike an unconditional GAN,
both the generator and the discriminator observe the input edge image.
Figure reproduced from [IZZE17],c
 IEEE.

“real” images by an adversarially trained discriminator,D, which is trained to do
as well as possible at detecting the generator's “fakes”. The objective of a GAN
can be expressed as

L GAN(G;D) = Ey[log(D(y))] + Ez(log(1� D(G(z)))) ; (2.9)

whereG tries to minimize the objective against an adversaryD that tries to max-
imize it. In vision applications, the generative network is usually fully convolu-
tional networks and its variations [LSD15, RFB15] so that the input and output are
images.

Conditional GAN is an important extension of GAN. Conditional GANs learn a
mapping from an observed imagex and a random noise vectorz, toy, G: f x;zg ! y.
The generatorG is trained to produce outputs that cannot be distinguished from
“real” images by an adversarially trained discriminatorD, which is trained to do as
well as possible at detecting the generator's “fakes”. The objection of a conditional
GAN can be expressed as

L cGAN(G;D) = Ex;y[log(D(x;y))] + Ex;z(log(1� D(x;G(x;z)))) : (2.10)

Previous approaches have found it bene�cial to mix the GAN objective with
traditional losses such as L2 or L1 distance [IZZE17]. For example, the task is to
generate a photo from an edge image like the one shown in Figure 2.4. We can
minimize the L1 distance between the generated photo and a real photo in training:

L 1(G) = Ex;y;z[ky� G(x;z)k1]: (2.11)
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The discriminator's job remains unchanged, but the generator is tasked to not
only fool the discriminator but also to be similar to the ground truth. Thus, the
objective is

G� = argmin
G

max
D

L cGAN(G;D)+ l L 1(G); (2.12)

wherel is the weight of the L1 loss.

2.2 Autonomous camera systems
The autonomous camera systems described in the literature can be categorized in
many ways: systems that are applied in different areas such as surveillance, educa-
tion and sports; systems that work on the virtual or real world; systems that focus
on different components such as planning, control and selection. There is some
overlap between these categories and variants of the same method can be part of
multiple categories.

In this section, we present some of the best-known systems in the literature.
We group these systems into three categories: camera planning, camera control
and camera selection. Camera planning determines the camera pose for a single
camera. Camera control determines how a single camera moves to the desired
con�guration. Camera selection determines which camera should be selected to
capture the scene in multi-camera systems. When one system �lls into more than
one categories (for example a system has both camera planning and camera con-
trol), we describe the most signi�cant part of the system.

Camera planning. Camera planning addresses the problem of “where should
cameras look?”, and in real environments is solved by analyzing sensor data. Most
real cameras are stationary robotic pan-tilt-zoom cameras, and so the planning al-
gorithm must output the desired pan angle, tilt angle, and zoom factor. Virtual
cameras1, on the other hand, are not constrained to stationary positions and are
instead often parametrized by a subregion of a real video frame to resample.

As one of the earliest autonomous camera systems,intelligent studio(see Fig-
ure 2.5) [PP95] was demonstrated for a scripted cooking show. The system used
the contextual information of the script to select the necessary computer vision al-
gorithms to search for the expected events unfolding in the scene. Human-de�ned
rules were then used to generate the appropriate virtual camera subregion based on
the position of the computer vision object detectors.

When video cameras became more affordable, autonomous video production

1Here we refer in particular to cameras that resample images from real-world videos, excluding
virtual cameras in computer graphics.
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Figure 2.5: The concept of an intelligent studio, which uses wide-angle im-
agery to understand the events happening in the studio, and TV quality
cameras to generate the images to be aired. Figure reproduced from
[PP95], c
 AAAI Press.

systems were proposed to record lectures [YF05, MAP+ 10, PMKS10]. The major-
ity of systems used a �xed camera to detect and track the lecturer and used the raw
tracking data to plan where the broadcast camera should look. [YF05] employed
a virtual camera to generate the �nal output by cropping the appropriate subregion
of the �xed camera. [MAP+ 10] tracked the position of the lecturer in a �xed cam-
era, and use a bimodal planning algorithm that could switch between preset camera
con�gurations, and a dynamic one which followed the lecturer.

More recently, virtual camera planning has been applied to more complex sce-
narios such as team sports. [AKK06] tracked the locations of soccer players and
the ball using a �xed camera. Additionally, they de�ned rule-based classi�ers to
recognize game situations (such as penalty kicks and free kicks) based on the move-
ment of the ball over a temporal window. These events were used to infer the zoom
setting of the virtual camera, such as a wide shot for a free kick. Figure 2.6 shows
the clipping examples of their method. A hybrid system that uses both static and
PTZ cameras was used to predict the camera pan angle for basketball broadcasting
[CMM13]. The system tracked basketball players using �xed cameras and deter-
mined the pan angle for a robotic camera by computing the centroid of the players'
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Figure 2.6: Virtual panning and zooming. Virtual panning and zooming tech-
nique clips subregions from hi-resolution images and control the region
size and position. Figure reproduced from [AKK06],c
 IEEE.

locations.
Most planning algorithms are based on tracked salient objects, such as faces

in lectures, and player positions in team sports. For example, [CDV10] tracked
basketball players and the ball using �xed cameras. The subregion for synthesizing
a virtual camera was determined by a user-de�ned weighted sum of attentional
interests (such as a following a `star' player). Occasionally, additional features
such as audience gaze direction [DO04] and visual saliency [PMKS10] have been
incorporated as well. [CRS+ 15] extensively analyzed spectator behavior in ice
hockey games by introducing the S-HOCK dataset which has annotations of people
detection, head detection, head pose, posture, action, supported team and so on. If
camera planning were performed in these games, it certainly could take advantage
of these annotations. In almost all cases, the planning algorithm follows the tracked
object, often in conjunction with a set of hand-crafted heuristics [Lin13].

Alternatively, learning based methods, such as SVM [PMKS10], neural net-
works [OIF09] and k-nearest neighbors [DDG07], have been investigated to pro-
duce more complex camera planning without explicitly modeling the underlying
process. For example, [PMKS10] trained an SVM classi�er within a lecture envi-
ronment using features such as estimated center-of-attention and distance between
the center-of-attention and the center of the nearest chalkboard to predict when a
camera should pan.
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Drone cinematography can capture videos from viewpoints that are unreach-
able by hand-held cameras. For example, [NMD+ 17] proposed a method for auto-
mated aerial videography in the dynamic and cluttered environment. The method
takes high-level plans as input, alongside interactively de�ned aesthetic framing
objective and jointly solves for 3D quadcopter motion plans. They evaluated the
method with a number of challenging shots that involve multiple drones and actors.

When cameras capture extremely wide angle videos such as 360� panoramic
videos, the video cannot be displayed naturally on a rectangular screen. Camera
planning can generate normal �eld of view (NFOV) videos that include most im-
portant content and are pleasant to watch. For example, [SJG16] proposed the
Pano2Vid system which automatically generates natural-looking normal �eld-of-
view video from panoramic views. They extended the PanoVid by allowing the
system to control its �eld of view dynamically and proposed a method to encour-
age various outputs [SG17]. [HLL+ 17] have proposed “deep 360� ” for piloting
through 360� panoramic sports videos. Their method learns an online policy to fo-
cus on a foreground object (e.g., a skateboarder ) while minimizing both view angle
loss from human annotated ground truth and smoothness loss between consecutive
frames.

Camera control. Camera control moves a camera from its current parameter state
to the desired con�guration generated by the planning algorithm. In most applica-
tions, this task is a regulating process: the camera must move smoothly between
�xation points to output aesthetic videos, but also move fast enough to follow its
planned state space sequence. Camera planning and camera control are exchange-
able in some literature, especially for virtual cameras because virtual cameras can
transit to the desired con�guration without any physical movements.

An early method for camera control is from NHK (Japan broadcasting corpo-
ration) [KYA+ 97]. It analyzed how cameramen operated their cameras in cooking
shows and sports programs to �gure out the exact characteristics of smooth camera
motion — i.e. such as determining the speed at which panning is no longer aes-
thetic. The results illustrated an asymmetry in panning speed limits: acceleration
can be higher when easing into a motion versus deceleration when easing out. In
a subsequent study [KKK00], they found these characteristics only worked well in
simple scenes: smoothly following a target with erratic movements was substan-
tially more dif�cult.

Because virtual cameras resample recorded video, control algorithms for vir-
tual cameras can be devised in an of�ine fashion i.e., determining a smooth approx-
imation to the planned signal can use information about both previous and future
planned states. When [YF05] used a virtual camera to follow a lecturer, the control
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algorithm estimated and smoothed the trajectory of the tracked subregion using
temporal differencing and bilateral �ltering respectively. When the camera was
undergoing a panning motion, they applied the learned parameters of [KYA+ 97] to
regulate the position of the subregion. [CDV10] used a Gaussian Markov random
�eld (MRF) to generate a smooth state-space trajectory of each virtual camera.
[NO04] used a probabilistic roadmap to generate an initial estimate of linear seg-
ments which link the current camera state to the desired future camera state. The
path was re�ned by �tting circular arcs between the segments and computing a
smooth velocity plan which depended on path curvature limits.

The task of moving a physical camera to keep an object of interest within the
�eld of view is referred asvisual servoingin the robotics literature. [SO02] em-
ployed a proportion-only feedback control algorithm to adjust the pan-tilt angle of
a camera mounted on the end of a human operated boom to keep a target object
in the center of the camera image. [FAH05] used a proportion-only controller to
position the centroid of detected image features near the center of the images of a
stereo camera pair. [GHD09] used a task-priority kinematic controller to keep a set
of interest points within the camera �eld of view. They showed how the mean and
variance of the point cloud are independent objectives: pan-tilt values are modi�ed
to keep the mean near the center of the image, and zoom is regulated to keep the
standard deviation within the image boundary. [CMM13] used a proportion-only
controller to drive a robotic camera, but included delayed feedback from a virtual
camera which resampled the raw video to generate a more stable output.

Camera selection. Camera selection determines which camera should be “on air”
in multiple camera systems. The majority of existing camera systems use a set of
human-de�ned rules based on low-level tracking data to compute the shot quality
of each vantage point. For example, [DGSG04] used a network of �xed cameras
to observe a subject moving through an of�ce environment. A set of rules based
on low-level tracking data were derived from cinematography conventions, such as
using a `long' shot to follow a moving target, and switching to a `medium' shot
when the subject comes to rest. A viewpoint score was computed for each camera
at each frame, and a `resistance' factor was used to ensure a cut to any new vantage
point only happened when there was a signi�cant change in viewpoint score from
the current “on air” camera. [ZRCH08] presented theiCam2 system for lecture
broadcasting. The system can switch between speaker, audience and questioner
views using heuristic rules. For example, if the speaker has been on the air for a
while, the system should switch to the audience view with a certain probability.

Sports camera selection is more complex than lecture camera selection as more
people quickly move in the scenes. As a result, most previous work is on off-line
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Figure 2.7: An example of surveillance system. Figure reproduced from
[NAK15], c
 ACM.

or static camera applications. For example, [WMHM14] proposed a soccer se-
quence recommendation system which carries out viewpoint evaluation and tran-
sition processes. Alternatively, [WXC+ 08] used a hidden Markov model (HMM)
based on camera motion features to choose the best virtual camera to show in a
soccer video production system. [CDV10] also used an HMM to select the best
virtual camera for basketball production, but incorporated the size and visibility
of user-selected `salient objects' in the decision-making process as well. [DC11]
proposed a multi-camera scheduling method based on view quality: the number of
objects weighted by size and location, using a partially observable Markov decision
process (POMDP) to minimize the number of inter-camera switches.

Instead of using prede�ned rules, methods that learn from human demonstra-
tions have been proposed recently. For example, [CWH+ 13] proposed the auto-
mated director assistance (ADA) method by training a random forest classi�er on
�eld hockey tracking data to recommend the best view to broadcast directors. They
used low-level features such as ball visibility, player locations and robotic camera
movements. Previous broadcast data were used to learn a particular director's cam-
era selection style.

Broadcast quality/preference measurement.Subjective experiments measure the
quality by asking users (participants) to rate or compare the generated videos
[WM08]. In the experiments, a number of participants are asked to watch a set
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