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Abstract

Over the last few years, computer vision has been increasingly applied to sports video
analysis. With data becoming increasingly available, computer vision-based models are
being actively investigated for tasks such as ball tracking, player detection and tracking,
and extracting analytical insights into the game. Extracting meaningful information from
the game is useful for both coaches and players to improve performance, and for broad-
casters to enrich the viewing experience. This has created a lot of interest in applying
computer vision based techniques for sports video analysis.

This thesis considers the general problem of hockey video analysis. Application of
computer vision based techniques for hockey video analysis is challenging because of the
small size of the puck, fast and non-smooth movement of the players, frequent occlusions
and varying lighting conditions.

In this thesis, I present my research work on computer vision for hockey video curation.
I discuss three problems: 1) automatic sports videography, 2) play segmentation of hockey
videos and 3) automatic homography estimation.

Broadcast hockey videos are often recorded by professional cameramen using a PTZ
camera. They constantly move their camera to follow the play. Professional videography
is expensive for amateur games or minor league hockey games. This motivates the devel-
opment of a low-cost solution for automatic videography of hockey games. This is feasible
if we develop a system that can accurately predict the puck location on each frame. Then,
centered around the predicted puck location, we can dynamically crop a wide-field video
to generate a zoomed-in video following the play. We developed a system for predicting
the puck location on each frame (with the video as input) using machine learning tech-
niques. For this we need large training datasets that contain videos annotated with the
ground truth puck location on each video frame. Due to the small size of the puck and
motion blur, obtaining ground truth puck location from wide-field videos is very challeng-
ing. We used a method motivated by psychophysics to generate accurate ground truth of
the puck location from wide-field video. This involved multiple human observers tracking
the puck location on a video played back at different frame rates and determining the best
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frame rate for ground truthing the videos. We use this ground truth data to train a novel
deep network regressor to estimate the location of the puck on each frame. We present
results that show the system achieves good accuracy and generalization across different
camera viewpoints.

The automatic videography system delivers continuous video over the entire game.
Typical hockey games that feature 40-60 minutes of active play are played over the course
of 60-110 minutes with breaks in play due to warm-ups, fouls, etc. Automatic identifi-
cation of these stoppages would allow for a temporally compressed video that is easier
to watch and that may engage better with the audience. Further, identification of these
stoppages allows for placement of ads and notices. We propose a novel solution for au-
tomatically identifying periods of play and no-play in hockey videos. We compute visual
cues from the output of a deep neural network classifier trained to classify each frame as
belonging to play or no-play. We compute the auditory cues from the referee’s whistle us-
ing a Wiener filter. We combine the visual cues with optional auditory cues using a hidden
Markov model (HMM). We present results that show good generalization of the system
across different games, cameras and lighting conditions. We also show that due to domain
shift between training and test data, unsupervised domain adaptation is important to derive
benefits from auditory cues.

In the work described in the two paragraphs above, the games are recorded from a
stationary camera whose field-of-view was the entire ice rink. Since the cameras were
stationary, the homography (i.e., the mapping between the image plane and the ice rink)
did not change across different videos. This is not true for broadcast videos where profes-
sional videographers pan, tilt and zoom their cameras to record the game. As a result, the
homography changes every frame. Knowing the homography between the camera plane
and ice rink can be useful for hockey video analysis such as projection of graphics onto the
ice surface. Current methods for homography estimation need large training datasets with
detailed annotations. We propose an alternative approach that does not require any large
annotated dataset. We exploit the consistency of colours used for markings in ice hockey.
We model the colours as a multi-variate Gaussian and then use a two-step approach to
search for the homography that aligns the colours of the template image to that of a test
image. We show that this method for homography estimation delivers good performance.
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Chapter 1

Introduction

The human visual system allows for a comprehensive understanding of the complex visual
world around us. We can glance at a picture (Fig 1.1), and quickly separate foreground and
background, decide what objects are present (classification), where they are (localization),
and what information is being conveyed by the image (scene analysis). We are also able
to quickly interpret videos and form an understanding of how objects are moving (track-
ing), how events are unfolding dynamically (event detection) and what actions are being
performed (action recognition).

(a) (b)

Figure 1.1: With a quick glance at these images, we are able to interpret the scene and understand
what is happening.

Computer vision focuses on developing algorithms that emulate human visual perfor-
mance. There are many problems in computer vision, such as classification, localization,
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segmentation, action recognition and event detection [25, 65, 40, 111, 39]. There are ap-
plications where computer vision algorithms can be adopted for analysis of dynamically
varying scenes. These applications include traffic analysis [77, 50], autonomous driv-
ing [55, 135] and sports video analysis [111, 76]. All these applications involve complex
interactions of multiple objects. The effects of one object on its neighbours changes dy-
namically and these are important for understanding and interpreting the video. This is
particularly relevant in the case of sports.

Sports video analysis is a topic of interest in current computer vision research. Com-
puter vision techniques have been applied to several tasks such as ball tracking [29, 75,
86, 57], player detection and tracking [96, 73, 34, 74, 107, 109, 2, 128], player iden-
tification and team affiliation [69, 67, 14, 64], pose estimation [11, 9], action recogni-
tion [52, 10, 121] and event detection [91, 87, 4, 79, 117].

Automatic analysis of sports videos can assist players and coaches. Player tracking, de-
tecting in-game events and analysing the movement of a group of players provides coaches
with key insights into team tactics, roles, contributions & workload of players, and helps
players improve themselves by analysing their strengths and weaknesses. Additionally,
critical analysis of key events in a game can also significantly enhance the quality of a
broadcast.

Due to the complex and dynamic nature of sports, automatic analysis is quite chal-
lenging. Accurate tracking of the ball/puck is challenging due to the small size and mo-
tion blur. In team sports, there are occlusions due to players moving and handling the
ball/puck, which further complicates the problem. Player detection and tracking is chal-
lenging due to similarity of appearance: players on each team wear the same coloured
jerseys. Players are also partially or fully occluded by equipment, obstacles on court or
other players. The players are moving fast and performing multiple different actions si-
multaneously. Their posture varies significantly across different sports. This makes action
recognition and event detection challenging. The scale and lighting of sports videos vary
greatly. Also, for outdoor sports, weather conditions can vary greatly. Camera parameters
also vary between sports and within a single sport, ranging from zoomed-in views of a
single player to zoomed-out views of the entire field.

The goal of my PhD is to develop algorithms and systems to solve problems in hockey
video analysis. Towards this end, I have worked on three main projects: 1) automatic
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hockey videography [86], 2) automatic play segmentation of hockey videos [85] and 3)
automatic homography estimation.

In Chapter 2, I discuss the work on tracking the puck from a single wide-field camera
and show its application for automatic sports videography. After recording the video,
the periods of inactivity can be removed, thus temporally compressing the video. This
work has been discussed in Chapter 3. While all these applications assumed a single
fixed camera, sports video is often recorded with dynamic cameras whose extrinsic (pan,
tilt, roll) and intrinsic (focal length) parameters change over time. In these scenarios,
meaningful interpretation of image observations depend upon accurate online estimation
of the homographic mapping between the coordinates of the image and the coordinates of
the playing surface. An approach to automatically estimate this homography is discussed
in Chapter 4.
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Chapter 2

Automatic Sports Videography

If you have a good seat at a hockey game, the rink may subtend around 120 deg of your
field of view. This may sound great, but recall that your visual acuity falls off very rapidly
with visual eccentricity. Letter acuity, for example, falls by a factor of two at only 1 deg
eccentricity [99]. This means that to enjoy the game, you will be constantly shifting your
gaze to keep your eyes on the action.

Most people watch hockey remotely on an electronic display. Typically, the image
quality is far below a live experience, and the angular subtense of the display will be much
less than if you were there in person. For example, a standard 10-inch iPad at a comfortable
viewing distance of 60cm will subtend only around 24 deg.

To partially compensate for this mismatch between the live and remote experience,
professional videographers employ longer focal lengths so that the camera captures only a
fraction of the ice surface at any one time, and constantly pan the camera to keep it on the
play. Unfortunately, this is too expensive for most amateur games or the minor leagues.
This motivates the development of automated, attentive sports videography systems to
follow the play.

Precisely defining what is meant by “the play" in any sport, including hockey, is tricky
and involves domain-specific knowledge. How then do we train a computer vision system
to follow the play if it can’t easily be defined? One possibility is to simultaneously record
static wide-field video that covers the entire playing surface as well as dynamic profes-
sional videography using a longer focal length and then attempt to learn a regressor that
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predicts the gaze parameters [17, 19]. However, this requires access to a sample of profes-
sional videographers, and it is not clear whether a system learnt using their behaviour will
generalize across different levels of play and rink environments.

We propose an alternative approach, which is to use the puck as a surrogate for the
location of play. This has the immense advantage that it is objectively well-defined, and
therefore can serve as the basis for training a computer vision system, without requiring
access to professional sports videographers.

How will we track the puck? Even for high resolution video, direct cues for puck loca-
tion are weak. NHL rinks, for example, are 61m in length, while the puck is only 7.6cm in
diameter. This means that the puck will subtend at most 11 pixels in an 8K video. More-
over, the motion of the puck reduces the effective contrast - it often appears as only a faint
grey streak. This all seems to argue against trying to build an automatic system to track
the puck. We hypothesize, however, that a number of more easily observed macroscopic
visual cues such as the pattern of optic flow and player positions are statistically predictive
of puck location. Our aim is to prove this hypothesis by building a system for Automatic
Puck Tracking (APT) that uses these macroscopic cues to accurately track the puck.

To create APT, we recorded several amateur hockey games using two different station-
ary high resolution cameras systems. A sample image from one of the cameras is shown in
Fig 2.1a. We then developed a novel psychophysical method to generate accurate ground
truth for puck location on the wide-field image. The estimated ground truth was then used
to train a deep network regressor employing the video imagery and optical flow data as
well as automatically estimated player positions to predict puck location. The result is a
system that accurately follows the play, allowing dynamic cropping of a zoomed-in view
appropriate for viewing on a standard display (Fig 2.1b).

2.1 Prior work

Computer vision is playing an increasing role in the world of sports [111]. Applications
range from autonomous camera systems [19] to player detection/tracking [70, 66] to free-
viewpoint video generation [48] and forecasting of future events [35, 125].

The two areas of current research most relevant to our work are: (1) ball/puck track-
ing [29, 57] and (2) broadcast camera angle planning [111, 19].
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(a)

(b)

Figure 2.1: Automatic videography for ice hockey. Top: The 720p dynamic zoom view (blue rect-
angle) centered at the estimated puck location (pink dot). Bottom: Corresponding curated view.

2.1.1 Ball/puck tracking

One of the most important problems in sports, is ball/puck tracking. In all sports involving
a ball/puck, the players move relative to the location of the ball/puck and manipulate it
in order to score points, goals or runs. Thus, automatic detection of the ball/puck is very
useful and has a wide range of applications ranging from camera planning to coaching to
real-time analytics, and is a well-studied problem [29, 111, 57]. It is a challenging problem
due to the small size of the ball/puck and motion blur. In team sports such as basketball,
soccer and volleyball, the ball is frequently occluded by players. In sports such as field
hockey and ice hockey, the ball or puck may also be occluded by the sticks.

There are two distinct approaches among the traditional computer vision algorithms
used for ball/puck tracking: 1) recognition methods and 2) trajectory estimation methods.
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Most of the recent methods augment the traditional methods with deep learning-based
features. Next, I will look at the prior work in ball/puck tracking using these approaches.

2.1.1.1 Recognition methods

Ball/puck recognition methods detect the ball/puck independently on each frame. Some
of the early methods generated ball candidates using cues such as shape, size and colour.
These were then input to a classifier which classified the candidates as positive samples
(soccer ball) or negative samples (background) [1, 28] in soccer videos. The ball was
detected independently on each frame.

These methods were sensitive to partial and full occlusions. Halbinger et al. [42]
proposed an approach for ball detection in soccer videos in the event of occlusions. When
the player is close to the ball or in the event of a partial occlusion, the foreground segments
of the player and the ball are merged. The authors proposed a two-step approach to detect
the ball in such scenarios. In the first step, circular regions are detected using a Hough
transform. In the second step, the Freeman chain code [37] of these circular regions are
computed to determine the ball location.

Deep learning-based features and models have been shown to be useful for various
computer vision problems, including many in sports [40, 111, 76]. Taking advantage of
this, instead of using hand-crafted features, many authors have used deep learning-based
features and models for ball tracking. Reno et al. [95] trained a Convolutional Neural
Network (CNN) for detecting tennis balls. Given a test image, 50 × 50 non-overlapping
crops are comprehensively generated and the crop classified as a containing the ball with
the highest confidence was used as the ball location. This approach has two drawbacks:
1) negative examples for training CNN must be carefully chosen and 2) computation time
per image is very high due to sliding-window approach. Komorowski et al. [63] proposed
a deep network that works with a single pass of the entire image to detect the soccer balls.
The authors designed a single-pass deep network for accurate ball detection similar to
YOLO [92]. The output from each layer was concatenated and fed into the final output
layer. This allowed the use of both low-level features from the first few layers and the high-
level features from the subsequent layers. The output of the network was a confidence map
of ball probabilities on the image.
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2.1.1.2 Trajectory estimation methods

Instead of solely relying on frame-by-frame detections, which can be noisy, the robustness
of ball tracking systems can be improved by incorporating temporal information. The ball
candidates or detections in successive frames can be associated or linked together using
past and/or future ball locations to generate the ball trajectory.

The simplest way to use temporal information is to search for objects of similar shape
or size and match the template against the ball detections in the previous frames [127].
Miura et al. [78] combined appearance information with player position data to improve
the robustness of ball tracking to partial occlusions in soccer videos.

2.1.1.2.1 Causal methods Appearance based methods are not robust to occlusions and
are affected by background objects in the scene. Several approaches use causal methods
such as Kalman filters and particle filters to predict future locations of the ball given past
ball detections [111, 29, 130, 134, 116]. Typically, these follow a tracking-after-detection
approach. Ball candidates are generated on each frame after applying background subtrac-
tion followed by filtering the foreground objects based on size and shape. The initial ball
location is assigned based on heuristics. The history of the ball location is used to learn
the motion model and predict a probable future ball location.

Ren et al. [93] extended this approach to multiple stationary overlapping cameras in
order to tackle occlusions in soccer videos. For each camera view, the ball trajectory
was estimated using a tracking-after-detection framework with a Kalman filter. These
trajectories from each camera were refined using appearance-based template matching.
The template was updated with the predicted ball locations for the previous 3 seconds.
The cameras were calibrated and hence, the 3D ball location was estimated.

These methods are known to be sensitive to initial estimates. Hence some authors tried
to estimate the initial ball location based on the intersection of the optical flow field on the
first 5 frames in basketball videos [88], while others manually ground-truthed the initial
ball location on the first frame [93].

2.1.1.2.2 Non-causal methods Causal methods can handle short term occlusions but
are sensitive to initialization and can be affected by incorrect detections in the past. As
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opposed to only using past information, non-causal methods use the location of ball can-
didates in the past and future to guide the estimation of the ball location on the current
frame. It is more robust to noisy detections and initialization.

Liu et al. [71] used a weighted graph to improve the initial estimate for the ball location
in soccer videos. On the first five frames, the ball candidates were generated after applying
background subtraction and then filtering based on shape and size. These ball candidates
were connected using a weighted graph, where each node represented a ball candidate and
edge weights were a shape similarity score between the two candidates. Using dynamic
programming, the path having highest similarity score was initialized as the ball trajectory.
In the subsequent frames, a Kalman filter was used to estimate the ball trajectory.

Pallavi et al. [82] extended this weighted graph idea over an entire video to enable ball
tracking in soccer videos. The initial ball location was manually marked on the first frame.
A weighted graph connecting nodes (ball candidates) on frame ft to that on frames tt+1 and
ft+2 was generated. The edge weights were an appearance similarity score. Using dynamic
programming, the path having the maximum sum of edge weights was determined as the
ball trajectory.

Yan et al. [132] utilized a three-step data association scheme to track tennis balls. In
the first step, ball candidates were estimated using background subtraction and then filtered
based on size and shape. Nearby ball candidates were associated based on the Euclidean
distance to form mini-tracklets of ball positions at frames {t − 1, t, t + 1}. These mini-
tracklets were combined to form longer tracklets using a weighted graph. Each node of
the graph was a mini-tracklet. The edge weights measured the compatibility between
two nodes (mini-tracklets) based on the appearance similarity and the Euclidean distance
between the ball locations. In the final step, the ball trajectory was estimated through
dynamic programming.

2.1.1.2.3 Physics-based modelling Appearance-based methods can be combined with
strong domain knowledge, such as physics-based motion models, to improve ball tracking.
In all sports the ball has a well-defined motion path between collisions.

For example, when someone shoots a basketball, the ball follows a parabolic trajectory
until it reaches the basket. Some authors took advantage of this to estimate the ball trajec-
tories during shooting sequences in basketball videos [13, 16]. The authors fit a parabola
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to either the 2D ball detections on the image [13] or the 3D ball detections [16] to estimate
the ball trajectory. In addition to ball trajectory, the shooting location of the player on the
floor can also be estimated [16].

Parisot et al. [83] tried to extend this approach for ball tracking in a basketball game
by combining appearance features with physics-based modelling. Ball candidates were
generated after applying background subtraction and filtering based on shape and size.
Since multiple calibrated cameras were used to record the game, 3D ball positions were
obtained from the 2D detections. Then the ball trajectory was estimated using a RANSAC
based approach that found the best-fitting quadratic fit to the 3D ball candidates.

2.1.1.2.4 Player movement and interactions The ball has a pronounced parabolic tra-
jectory mainly during shooting sequences in basketball videos. In many other sports such
as soccer, field hockey and ice hockey the ball/puck is typically on the ground/ice. And
in such team sports, tracking the ball/puck is very hard because players can occlude the
ball/puck. However, the movement of players is very strategic and closely coupled with
the location of the ball/puck. The players move depending on the ball/puck location and
the relative positions of other players on the field. Thus, the interactions of players can be
helpful for ball/puck tracking.

As opposed to using a tracking-after-detection framework, Wang et al. [124] track the
ball in multiple sports by estimating which player is in possession of the ball at any time.
The authors assume the ball location to be same as the location of the player possessing
the ball. The ball is said to be in free motion (not possessed by any player) when passed
between players, in which case the ball position is estimated through linear interpolation
between the locations of the two players who passed the ball.

Players are tracked using the network flow algorithm proposed in [102] and their team
affiliations are obtained through k-means clustering of the RGB colour histograms of the
player detections. The player locations, velocities and team affiliations are input to a ran-
dom forest that predicts the state of the game, i.e., which team is attacking. The ball candi-
dates are generated after applying background subtraction and filtering based on shape and
size. Each ball candidate is assigned a confidence score based on its appearance similarity
with the ball template learnt from the training data. These ball candidates are projected
onto the ground plane to generate a Ball Occupancy Map (BOM). A feature vector consist-
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ing of the player trajectories, BOM and the state of the game are used to learn a Conditional
Random Field (CRF) that predicts the player possessing the ball.

The above approach estimated the ball location to be either same as the location of
the player possessing the ball or interpolated between two player locations. The authors
did not impose any motion constraints on the ball. Thus, depending on the state of the
ball, Maksai et al. [75] observed that some of the predicted trajectories were physically
impossible. The authors improved upon the previous method by imposing physics-based
motion constraints on the ball using the information of ball state. The ball moves differ-
ently at different states such as flying, in-possession and rolling. The authors formulated
their problem in a similar manner to Wang et al. [124]. The main difference being that the
feature vector used to estimate the ball state consisted of the ball location and the player
trajectories. Depending on the predicted ball state, state-specific motion models were used
to estimate the ball trajectories. Further, the authors used multiple calibrated cameras to
determine the 3D positions of the ball. It helped in resolving ambiguities due to occlusions.

2.1.1.2.5 Deep learning-based methods Kamble et al. [58] combined deep features
with causal methods for ball tracking in soccer. Ball candidates were generated by apply-
ing background subtraction and filtering based shape and size. The VGG-M network [15]
was trained to accurately detect the ball from the ball candidates. The deep network was
used to detect the ball on the first frame. In the subsequent frames, the ball candidate
having the highest Intersection over Union (IOU)1 with the ball detection in the previous
frame was estimated as the ball location on the current frame. The deep network was only
used to detect the ball on a frame if the IOU of all ball candidates with the ball location on
the previous frame was less than a pre-defined threshold.

Instead of a simple IOU metric for linking past detections, Zhang et al. [137] combined
a deep network detector with a Kalman filter in a two-stage model for tracking golf balls.
In the first stage, the pre-trained Faster RCNN [94] was used to localize the ball on an
image. In the second stage, a Kalman filter estimated the ball location on the next frame
given the estimated ball location on the current frame. In the next frame, a neighbourhood

1Intersection over Union (IOU) measures the closeness of two regions/bounding boxes in an image. The
IOU between two regions A and B is defined as IOU = |A∩B|

|A∪B| , where |A| represents area of region A. IOU
takes values in [0, 1], with 0 indicating disjoint regions and 1 indicating identical regions.
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region around this estimated ball location was cropped and passed to the Faster RCNN
which then predicted the exact ball location. This procedure was applied recursively.

Unlike most of the ball tracking algorithms that use either domain knowledge, player
interactions or past and/or future predictions to improve the predictions on the current
frame, Voeikov et al. [123] used the predictions on the current frame in a cascaded manner
for improved ball tracking accuracy in table tennis. The input data to the first stage deep
network was the RGB image from the previous 9 frames: {ft, ft−1, . . . , ft−8}, where ft is
the current frame. This input data was passed through a pre-trained VGG network [105].
The output from the network was the x-y pixel location of the ball on the current frame ft.
In the second-stage, the input data was a zoomed-in crop around the predicted ball location
from the first stage. This cascaded network improved performance since the resolution loss
at the first stage was offset by the zoomed-in input at the second stage.

2.1.1.3 Puck tracking in ice hockey

There is not much literature on puck tracking for ice hockey. The small size of the puck
and motion blur make it a very hard problem. The only two previous works for puck
tracking in ice hockey videos that we are aware of, addressed it on zoomed-in broadcast
videos. Yakut et al. [131] generate puck candidates after applying background subtraction
and filtering based on size. The puck candidates are associated across frames based on
velocity constraints.

Vats et al. [120] trained a deep network for puck tracking in broadcast videos. The pro-
posed network consists of 3 components: video branch, player branch, attention branch.
The video branch takes as input the RGB image from the past 16 frames, {ft, ft−1, . . . , ft−15}.
This input is passed through the R(2+1)D network [119] to obtain the video features. The
players are detected using Faster RCNN detector [94] and a player heatmap is passed
through another network to obtain the player features. The attention branch concatenates
the video features and player features in a squeeze and excitation network [51] and outputs
a 2D probability map of the puck location.

Both these proposed methods are applied on zoomed-in broadcast videos where the
puck is 20-30 times larger than in our wide-field videos. Additionally, they have been
evaluated on short video clips of 2-6 seconds in duration.
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No method has been proposed for puck tracking in hockey videos using a single wide-
field camera. Additionally, none of the prior works evaluate their algorithm for an entire
game. Problems such as occlusions due to the sideboards, movement of players and their
sticks are exacerbated in longer videos as compared to the short 2-6 second clips.

2.1.2 Broadcast camera angle planning

Most prior work on camera planning for sports falls into one of two categories: (1) Direct
regression methods and (2) Scene understanding methods.

Daigo et al. [24] used estimates of audience gaze directions and player locations to
drive camera gaze for basketball. Others have directly regressed estimated PTZ parame-
ters derived from professional videographers against estimated player trajectories [18, 19].
These approaches focus on generating smooth transitions as this has been shown to be im-
portant for the user experience [38].

Scene understanding methods for camera planning attempt to extract inferences about
the state of play that can guide the selection of camera parameters. Ariki et al. [3] used
estimated player and ball trajectories and a set of rules to determine smooth camera tran-
sitions and cropping of a wide angle video for soccer. Kim et al. [60] employed global
motion features to predict regions of importance in soccer videos captured from multiple
static calibrated cameras and later from moving cameras [61].

None of this prior work addresses the problem of camera planning for hockey. Our ap-
proach can be seen as a synthesis of direct regression and scene understanding approaches.
We use a regression framework, but rather than regressing estimated camera parameters,
we regress a ground-truthed scene variable: the puck.

2.2 Contributions

The contributions of this chapter are as follows:

1. Creation of a new dataset of hockey videos recorded using a single wide-field cam-
era.
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2. Design of a novel psychophysical method for ground-truthing the puck locations on
a wide-field video.

3. Generation of ground truth puck location for all videos in the dataset.

4. Developing of a novel algorithm for puck tracking from single wide-field hockey
videos.

5. Design of a pipeline for automatic sports videography.

We have published an earlier version of the work described in this chapter at the Winter
Applications of Computer Vision (WACV) conference [86]. In that paper, we showed the
feasibility of our puck tracking algorithm and its application towards automatic sports
videography. We used a smaller dataset for that work. The work described in this chapter
is an expanded and improved version of that work. Firstly, we have created a much larger
and more comprehensive dataset. Secondly, we have significantly improved the algorithm
by homographically normalizing each camera studied to a common camera frame and
increasing the accuracy of puck tracking. Finally, we have comprehensively evaluated the
performance of our system and shown generalization across cameras.

2.3 Dataset

As there were no public datasets of multiple hockey games recorded with fixed cameras,
we created and labelled our own dataset. We recorded multiple games in two phases. We
refer to the first phase of data as Dataset 1 and the second phase of data as Dataset 2. We
describe the two datasets next.

2.3.1 Dataset 1

The first phase of data consisted of 8 games recorded at 4 different rinks using two different
4K 30fps wide-FOV cameras.
Camera 1 was a GoPro 5 camera with 3,840 × 2,160 pixel resolution, operated in wide-
FOV mode. It was positioned in the stands along the centerline, about 7m above the ice and
8 meters away from the nearest sideboard. While the field-of-view of the camera spanned
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the length of the rink, small portions of the rink at the corners were cut off. One game was
recorded at Rink 1 using this camera. The camera tilt was varied between periods when
recording this game (Fig 2.2a and Fig 2.2b).
Camera 2 was a proprietary system consisting of two cameras placed next to each other,
with the two videos stitched together along a central vertical seam to yield a single wide-
field video of 4,096 × 832 pixel resolution. The camera was positioned just behind the
penalty box, displaced slightly to the right of the centerline. Since the camera was close
to the rink, a small portion of the rink below the camera was cut off (Fig 2.2). The pose
and camera parameters were not known for any of the recorded games. Three games were
recorded at Rink 2, and two each at Rinks 3 and 4.

The videos were manually vertically cropped to remove the irrelevant regions above
and below the rink2. We manually extracted all video sequences of play lasting for at least
12 seconds. The resolution of the videos from each rink and their durations are shown in
Table 2.1. The total duration of all games in the dataset is 59m 51s.

We used Dataset 1 for our WACV conference paper on this work in [86] and I will use
parts of this dataset in Chapter 3 of this thesis.

Camera Rink # Games Tilt Resolution (pixels) Duration (hh:mm:ss)
1 1 1 0o 3840×1020 00:08:10
1 1 1 12.2o 3840×1100 00:07:08
2 2 3 4096×747 00:21:05
2 3 2 4096×712 00:11:28
2 4 2 4096×742 00:12:00

Table 2.1: Duration and resolution of the videos of each camera from Dataset 1.

2.3.2 Dataset 2

The second phase of data consisted of 9 games recorded using two different high-resolution
30fps camera systems, placed in the stands, roughly aligned with the center line and about

2This one-time operation is performed when installing the camera at a rink, and could be automated in
future work.
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(a) Rink 1 (0 deg camera tilt) (Camera 1)

(b) Rink 1 (12.2 deg camera tilt) (Camera 1)

(c) Rink 2 (Camera 2)

(d) Rink 3 (Camera 2)

(e) Rink 4 (Camera 2)

Figure 2.2: Example video frames from Dataset 1.
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10 meters horizontally and 8 meters vertically from the closest point on the ice surface.
Camera 1. Five games were recorded using a 4K Axis P1368-E camera (Fig 2.3a). The
nonlinear distortions were removed using a standard calibration procedure [138]. We no-
ticed that the field-of-view (FOV) of the camera did not cover the entire rink (corners are
cut off) - this led us to develop Camera 2.
Camera 2. Four games were recorded using a proprietary camera system consisting of
two 4K IP cameras with an inter-camera rotation of 75 deg (Fig 2.3b). Nonlinear distor-
tions were removed using a standard calibration procedure [138]. Corresponding control
points were manually marked on the ice surface on the images from each of the two cam-
eras (Fig 2.4a) as well as a template of the ice rink (Fig 2.4b). The homography between
the images and the template were estimated using OpenCV’s standard least squares repro-
jection minimization method findHomography. These homographies were used to repro-
ject both cameras to a virtual cyclopean camera bisecting the two cameras, where the two
images were stitched using a linear blending function (Fig 2.4c).

(a) Camera 1

(b) Camera 2

Figure 2.3: Example frames from Dataset 2 after correction for radial distortion.

The videos were manually vertically close-cropped to the rink (Fig 2.3). All the 9
games recorded by both cameras were played at the same rink. We manually extracted all
video sequences of play lasting for at least 12 seconds. The video resolution and duration

17



(a) Images from the two cameras

(b) Template image

(c) Stitched image

Figure 2.4: Camera 2 view construction. (a) Example frames from two cameras. (b) Rink template.
(c) Stitched image with homography control points.

for each game in Dataset 2 is shown in Table 2.2. The duration of all games from Camera
1 is 2h11m27s and that of Camera 2 is 3h21m53s, resulting in a total dataset of 5h33m20s.

To evaluate the generalization across camera viewpoints, we experimented with recti-
fying all videos from Dataset 2 to a common viewpoint. This is described in Section 2.5.1.
In order to rectify the data to a common viewpoint, it is important to know the camera
parameters and correct for any nonlinear distortions. Since Dataset 2 is larger and more
consistent than Dataset 1, we will rely exclusively on Dataset 2 for the remainder of this
chapter, except where noted.
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Camera Game Resolution (pixels) Duration (hh:mm:ss)
1 1 2,758×500 00:18:37
1 2 2,758×500 00:29:08
1 3 2,758×500 00:29:27
1 4 2,758×500 00:24:41
1 5 2,758×500 00:29:34
2 1 5,960×1,080 00:52:32
2 2 5,960×1,080 00:50:06
2 3 5,960×1,080 00:45:44
2 4 5,960×1,080 00:52:31

Table 2.2: Duration and video resolution for each game across both cameras in Dataset 2.

2.4 Ground truthing

At 4K resolution, the puck is roughly 5 pixels in diameter, making it very challenging to
ground truth. Most of the time during a game, it appears as a grey streak due to motion
blur. However, the puck can be directly visible to the eye at slow speeds. Also, human
observers may use contextual cues to follow the puck while watching a game. Taking
advantage of this, we used psychophysical methods to ground truth puck location in our
videos as a single pixel location on each frame.

2.4.1 Apparatus

Human observers viewed videos on a 42-inch 4K 60Hz LCD display. We assessed the
performance of observers using two input devices: 1) a standard desktop wireless mouse
with a spatial resolution of 500 samples per inch, and 2) a 31.1× 21.6cm Wacom PTH860
tablet and pen with a spatial resolution of 5,080 lines per inch. Both devices were sampled
at 125 Hz.
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2.4.2 Procedure

We played back the video at a reduced frame rate and tasked human subjects with tracing
the puck location across the entire video. We expected that more accurate ground truth
would be obtained by slowing the frame rate, introducing a potential trade-off between
data quality and the time required for ground truthing.

To quantify this trade-off, we conducted a preliminary study in which five observers
ground-truthed a 28-second clip from a 4K 30 fps GoPro 5 camera (Dataset 1 Camera 1)
at 5 different frame rates of 1, 2, 4, 8 and 16 fps (slowed by a factor of between 1.9 and
30), presented in random order. Each observer repeated the experiment twice, enabling
an assessment of between-observer and within-observer consistency. The raw 28-second
video clip was used for the initial study, i.e., the nonlinear distortions were not corrected.

2.4.3 Analysis

Since we do not have objective ground truth for puck location, we cannot definitively mea-
sure the accuracy of human puck tracking. As a surrogate, we assessed within-observer
consistency (across the two trials for each observer) and between-observer consistency,
under the assumption that observers are approximately unbiased.

We corrected for the nonlinear distortion in the video and then computed the homogra-
phy between the video and the ice surface. This allowed us to express the within-observer
and between-observer errors in meters. Fig 2.5 shows RMS deviation (along with standard
error) within and between observers as a function of playback frame rate. We found that
the deviations between observers were consistently about 15cm (about 20%) higher than
within observers, indicating some degree of individual differences in tracking behaviour.
We also found tracking with the trackpad to be more accurate than with the mouse. This
could be due to the absolute coordinate frame provided by the trackpad, or differences
in the pose of the hand or the haptic feedback from the device. We did not observe any
increase in RMS error with increasing frame rate up to 8 fps. Thus, as a trade-off between
accuracy and speed, we decided to ground truth the videos at 8 fps.

In Fig 2.5 it appears that a precision (between-observer accuracy) of around 80cm can
be achieved at playback frame rates of up to 8 fps. However, this analysis does not rule
out systematic bias that might further limit accuracy. One particular concern is temporal
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lag in the human system, which we analyse next.
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Figure 2.5: Mean and standard error of within-observer and between-observer deviations as a
function of playback frame rate.

2.4.4 Systematic lag

Humans exhibit a lag of roughly 300-400 msec when manually tracking unpredictable
(Brownian) 2D target motion [8]. Since the motion of the puck is predictable, we expect
average lag to be much lower but still present. To estimate this lag, we can compare an
observer’s trace of the puck at a higher frame rate with their trace at our lowest frame rate
(1 fps).

Let x(s) represent the true 2D location of the puck in the image at time s seconds into
the recording and let x̂f (t) be the observer’s trackpad coordinates at time t seconds into
the psychophysical experiment when observing the video played back at a reduced frame
rate of f fps. The original/native frame rate of the video is 30 fps. If we sync the two
timescales so that s = 0 and t = 0 represent the same point in the video, then we expect
that

x̂f ((t+ t0)/f) ≈ x(t/30) + n(t) (2.1)

where t0 is the observer’s lag and n(t) is zero-mean iid noise.
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We can use this identity to relate trackpad coordinates at higher frame rates f to the
trackpad coordinates at 1 fps:

x̂f ((t+ t0)/f) ≈ x̂1(t) + n(t) (2.2)

We want to the estimate the lag t0. Let x̂′f (i) represent the resampled trackpad data
collected when the video was played back at f fps, where f ∈ {1, 2, 4, 8, 16}. The track-
pad data was resampled at a sampling frequency of 100 samples per frame, regardless of
the video playback frame rate. We achieved this by linearly interpolating the trackpad
data x̂f for each video playback frame rate f . In continuous time, we can represent this
interpolation as x̂′f (t) = x̂f (t/(100f)). x̂′f (i) and x̂f (i) are sampled versions of such
continuous time signals. We can then rewrite Eq 2.2 as

x̂′f (i+ ∆i) ≈ x̂′1(i) + n(i) (2.3)

Now we can identify the relative lag ∆i in samples between the two trackpad traces by
minimizing the mean squared residual:

∆i = arg min
j

1

N − |j|

min(N,N−j)∑
max(−j,0)

∣∣∣∣x̂′f (i+ j)− x̂′1(i)
∣∣∣∣2 (2.4)

which can be computed by cross-correlating the two traces, subtracting half the sum of the
autocorrelations and then taking the max.

Finally, the observer lag in seconds t0 can be recovered from the sample lag ∆i:

t0 = ∆i/(100f) (2.5)

We can express the lag/delay in two different ways: 1) psychophysical time and 2)
game time. When the delay is computed according to the video playback frame rate, we
say it is expressed in psychophysical time. Hence, in this scenario, f in Eq 2.5 takes one
of the four values - {2, 4, 8, 16}. Alternatively, when the delay is computed according to
the native/original video frame rate, we say it is expressed in game time. Since the videos
were recorded at 30 fps, f = 30 in Eq 2.5, irrespective of the playback frame rate at which
the trackpad data were recorded.
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We found that the lag in psychophysical time was relatively constant with frame rate
(Fig 2.6a), while the lag in game time increased with frame rate (Fig 2.6b). Expressing
the lag in game time, at 8 fps, we found the mean and standard error of the lag over our
5 observers to be 30 ± 9 msec. This indicated that the ground truth should have been
corrected by about 1 frame.
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Figure 2.6: Systematic lag in the observer trackpad data in (a) psychophysical time and (b) game
time.

To evaluate whether this lag was significant, we measured the RMS displacement of
the puck over a 30 msec interval and found it to be 0.18 m. Given the RMS error of our
APT system is about 4.5 m, we expect little benefit from correcting for the systematic lag
in our ground truth.

2.5 Algorithm

A pipeline summarizing our algorithm to track the puck and enable automatic sports
videography is shown in Fig 2.7. A 6-channel input feature map consisting of the RGB
image, optic flow and binary player mask is passed to a deep network regressor, which
predicts an x-y pixel location of the puck on the input image. These predicted puck lo-
cations are temporally smoothed using a non-causal Gaussian smoother. Centered around
the smoothed puck estimates, the wide-field video is cropped to generate a zoomed-in
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video following the play. In this section, I will detail each step and design choice of our
algorithm.

Figure 2.7: Pipeline of the automatic sports videography system. A 6-channel input feature map
consisting of the RGB image, optic flow and binary player mask is passed to a deep network
regressor that predicts the puck location on the input image. A crop of the high-resolution wide-
field video centered at the prediction is used as the curated video following the play.

2.5.1 Viewpoint invariance

While the dimensions of the playing area of every ice rink is one of two standard sizes:
NHL or international size, the arenas/stadiums can have vastly different designs. As a
result, cameras across two different venues are rarely at identical locations with respect
to the rink. This leads to different camera poses across different arenas. For a practical
plug-and-play automatic sports videography system, it is important to be camera pose
invariant. We incorporate viewpoint invariance into our system by rectifying each video
in the dataset to a known template viewpoint.

We first created a geometric model of the ice rink and identified 19 control points at
easily identifiable locations on the ice markings. We then identified the corresponding
control points on images from the two cameras (Fig 2.8a, Fig 2.8b). This allowed us
to estimate the homography relating each camera’s image plane to the ice surface, using
OpenCV’s standard least squares reprojection minimization method, findHomography.
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Next, we created a virtual camera positioned at the centerline, 15 meters horizontally
and 10 meters vertically from the nearest point on the ice surface, and tilted down by 20

deg. We identified the corresponding control points on this virtual camera (Figure 2.8c).
Finally, we reprojected the two real camera views through the ice surface and to the virtual
camera plane (Fig 2.8d, Fig 2.8e).

The videos from Camera 1 and Camera 2 were rectified to this known template view-
point. The deep network regressor was trained on the rectified data. At inference, we first
rectified the image to the template viewpoint and then predicted the puck location on the
rectified image.

2.5.2 Deep network regressor

We trained a deep network regressor to predict the puck location on each video frame
(Fig 2.7). The input data to the network consisted of three feature maps: (1) RGB colour
imagery, (2) Optic flow and (3) Player positions. In this section, I will describe how we
computed the input feature maps and the architecture of the deep network regressor.

2.5.2.1 Input feature maps

As mentioned earlier, the input data to the deep network consisted of three feature maps:
(1) RGB colour imagery, (2) Optic flow and (3) Player positions.

2.5.2.1.1 Optic flow The optic flow was computed using OpenCV’s implementation of
Farneback’s dense optic flow algorithm [33]. We represented optic flow as a two-channel
map containing horizontal (green) and vertical (red) components of the flow field (Fig 2.9).

The size of the input data to the deep network regressor was 240 × 60. We evaluated
the influence of the image resolution on the optic flow contribution. We computed the
optic flow at resolutions of 1, 2, 4 and 8 times the input image resolution. We trained and
evaluated the deep network regressor with the input data consisting of the 2-channel optic
flow feature maps computed at these various resolutions. The optic flow feature maps were
computed at a higher resolution and resized to 240 × 60 using bilinear interpolation. We
found that an image resolution of 4-times larger - 960× 240 - resulted in the lowest error.
Hence, the optic flow was computed at this resolution.
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(a) Homography control points for Camera 1.

(b) Homography control points for Camera 2.

(c) Homography control points for template ice rink.

(d) Camera 1 rectified to the template rink.

(e) Camera 2 rectified to the template rink.

Figure 2.8: Rectification of the cameras to a known template viewpoint.
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Figure 2.9: Horizontal (green) and vertical (red) components of the optic flow field.

2.5.2.1.2 Player detection We explored two algorithms for player detection - 1) HOG+SVM
detector [25] and 2) Faster RCNN detector [94].

We created a dataset consisting of 12 games recorded using Camera 2 for training
and evaluating the player detector. We selected every 30th frame to generate a dataset of
1,000 frames from each game. The test dataset consisted of 2,000 frames from 3 different
games - 1,000 frames from one game and 500 frames each from the other two games.
The validation dataset consisted of 1,000 frames from another game. The training dataset
consisted of 8 different games. The ground truth player data were obtained through hand-
labelled bounding boxes from human subjects on Amazon Mechanical Turk. We manually
cleaned up the ground truth player data for both the validation and test datasets. We also
manually cleaned up about 50% of the training data, but due to time constraints we did not
correct all of it.

HOG+SVM detector: The training partitions were used to train OpenCV’s implemen-
tation of the Histogram of Oriented Gradients (HOG) classifier [25] for player detection
in the luminance domain. The training dataset for the HOG+SVM model consisted of
1,000 frames each from three different games. The positive samples of player crops were
augmented by left-right mirroring. For each positive sample, ten negative samples were
generated from random locations on the same frame that did not overlap positive samples.
The width and height of negative bounding boxes were drawn randomly from the range
of widths and heights of positive examples. We used the standard two-pass training pro-
cess: an initial linear SVM was trained on the training set which was then used to detect
players in the training images. False positives from the training set were then added to the
set of negative examples and the SVM was retrained. At inference, we used OpenCV’s
detectMultiScale function which detected players at various resolutions using an image
pyramid formed by continuously downsampling the input image. We created a 64-level

27



image pyramid where the image at the previous level was downsampled by 5% to obtain
the image at the next level. We measured the F-score of the model on the test dataset for
full (5, 930×1, 080 pixel), half, third and quarter resolution. We found the highest F-score
was obtained when the resolution was at half the original resolution - 2, 960× 540.

Faster RCNN detector: Faster RCNN is one of the state-of-art models for object
detection [94]. We fine-tuned the pre-trained Faster RCNN model available in PyTorch on
a training dataset consisting of either 1, 3, 5 or 8 games. We analysed the improvement in
performance with increase in training data by measuring the accuracy on the test dataset.

The precision-recall curves of the various player detector models are shown in Fig 2.10.
The precision and recall of the models at the maximum F-score is shown in Table 2.3. We
observed that the performance of the pre-trained Faster RCNN was significantly better than
the HOG+SVM detector. Also, we found that fine-tuning the pre-trained Faster RCNN
model improved the performance of the player detector model. We did not find much
gain in performance by increasing the number of training games to 5 or 8. Hence, for
the subsequent experiments, the player detector model was trained on 3 games. These 3
games were then discarded from the training and test dataset.

Model name Precision (%) Recall (%)
HOG 74.4 54.2

Pre-trained Faster RCNN 90.3 81.4
Faster RCNN 1 game 98.4 91.9
Faster RCNN 3 games 98.6 92.6
Faster RCNN 5 games 98.6 92.5
Faster RCNN 8 games 98.5 93.0

Table 2.3: Precision and recall of the various player detection models at the maximum F-score.

At the threshold corresponding to the highest f-score, the precision of the player de-
tector model was 98.6% and recall was 92.6%. The run time of the Faster RCCNN model
was 26.8 fps at a resolution of 2, 960 × 540 on a i7 processor and a single Nvidia 1080Ti
GPU. Sample results from the player detector is shown in Fig 2.11a. Player positions were
encoded as a single-channel binary mask, each player represented as a solid rectangle of
1s on a background of 0s (Fig 2.11b).
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Figure 2.10: Faster RCNN experiments. Right image is a zoomed-in view of left image.

As described in Section 2.3, the video resolution of Camera 1 and Camera 2 were
2, 758 × 500 and 5, 960 × 1, 080 pixels, respectively. These videos were then rectified to
a template viewpoint of resolution 6, 360 × 1, 080, as described in Section 2.5.1. Empir-
ically we found no difference between rectifying the binary player mask to the template
viewpoint and detecting the players in the rectified template viewpoint. Hence, for the sub-
sequent experiments, we detected players in the rectified viewpoint. The rectified image
was resized to 2, 960× 540 and the players were detected using the Faster RCNN detector
trained on 3 games.

2.5.2.2 Network architecture and training

Using the 6-channel input data consisting of the RGB image, horizontal and vertical optic
flow maps and binary player mask, we trained a deep network regressor to predict the puck
location. In this section, I describe the architecture and training details of the network.

The 6-channel input data was resized to 240 × 60. Each feature map was normalized
to have zero-mean and unit-variance. One of the standard techniques to reduce overfitting
and improve generalization of deep networks is data augmentation. The training data is
augmented by applying various image transformations in order to improve the diversity of
training data. Data augmentation has been shown to work well for training deep learning
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(a) Players detected using the fine-tuned Faster RCNN model

(b) Binary player mask

Figure 2.11: Detected players and the subsequent binary player mask that is one of the input
feature maps for the deep network regressor.

models for various applications [84, 103]. Hence, for our application, we used 4 different
types of data augmentation techniques:

1. Left-right mirroring of the input feature maps.

2. The HSV values of the RGB image were perturbed. The RGB image was converted
to an HSV image and a constant value of x1 ∈ [−50, 50] was added to the hue
channel, and x2 ∈ [−0.15, 0.15] was added to the saturation channel. x1 and x2
varied randomly for each frame. The perturbed image was then converted back to
the RGB colour space.

3. Gaussian noise was added to the RGB image. The noise had zero-mean and the
variance, v ∈ [0.01, 0.04], varied randomly for each frame.

4. Gaussian noise was added to the horizontal and vertical optic flow feature maps.
The noise had zero-mean and the variance, v ∈ [0.01, 0.04], varied randomly for
each frame.

The range of values for x1, x2 and v were determined empirically. The four aug-
mentation steps are independent and they can be applied sequentially. Thus, there are 16
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possible combinations. For each frame of the training data, an integer between 0 and 16 is
randomly generated. The binary representation of this number indicated the ON/OFF flag
for each augmentation step. The steps are applied in the same sequence as listed above.

We used PyTorch to develop the deep network regressor. Our network architecture
was loosely based on AlexNet [65]. We determined the various design parameters of the
network architecture, such as the number of layers, the number of kernels, the sizes of the
kernels, and the sizes of the fully connected layers, using cross-validation experiments on
non-rectified videos from Camera 1 (Fig 2.3a). The details of the experiments to determine
the optimal network architecture can be found in Appendix A.

The network consisted of four convolutional layers followed by two fully connected
layers with ReLU non-linearities (Fig 2.12). We used 2 × 2 average pooling layers as
empirically they achieved lower training error than 2×2 max pooling layers. Dropout was
used between each fully connected layer. The output of the network was the estimated
x-y pixel location of the puck. The loss function was the mean squared error between
estimated and ground truth puck location, minimized using the Adam optimizer [62]. The
model was trained for 50 epochs, with an initial learning rate of 0.001 and weight decay
of 0.01. The learning rate was reduced by 50% every 8 epochs.

8

114

24

16

5
5

10

24

55 32

3

2

6

240

60

7

7
7

7

234

54

5

5
25

256

128

Fully Connected LayersInput Data Convolutional Layers

Figure 2.12: Architecture of the deep network regressor.
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2.5.3 Temporal smoothing

The deep network regressor estimates the puck location in each frame independently.
Given the high correlation in the ground truth puck location over successive frames, there
is an opportunity to improve the estimates by temporal smoothing. Additionally, smooth-
ing ensures smooth movement of the camera which has been shown to be important for
aesthetically pleasing video recordings [38]. We evaluated both causal and non-causal
temporal smoothers.
Causal Smoothing: We evaluated a recursive exponential causal smoother implementing
the exponential IIR filter h(t) = 1

λ
e−t/λ, varying the temporal smoothing constant λ.

Non-Causal Smoothing: We also evaluated the Gaussian non-causal smoother:

h(t) =
1√
2πσ

e−
t2

2πσ2

truncated at ±3σ and normalized to integrate to 1, varying the temporal smoothing con-
stant σ.

Fig 2.13 shows the RMS error of the puck estimates from the deep network regressor
on the training data with both causal and non-causal smoothers. The error was averaged
across all training games for both Camera 1 and Camera 2. While both smoothers reduce
the RMS error, non-causal smoothing yields superior results to causal smoothing.

Table 2.4 lists the optimal time constants for each camera. We used the non-causal
smoother with optimal time constants for evaluating the model. Note that with a filter
cutoff at ±3σ, non-causal smoothing entails a tape delay of roughly one second.

Camera λopt (sec) σopt (sec)
1 0.024 0.43
2 0.022 0.4

Table 2.4: Optimal time constants λopt and σopt for causal and non-causal smoothing, respectively

2.5.4 Dynamic cropping

To retarget the full rink wide-field video to a user’s display device, we extract a zoomed-in
crop following the play. We reproject the final estimate of the puck location, obtained
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Figure 2.13: RMS error on the training data with causal and non-causal temporal smoothing on
the estimates from the deep network regressor.

after non-causal smoothing on the estimates from the deep network regressor, from the
template viewpoint to the original viewpoint of either Camera 1 or Camera 2. We then
center a 1, 280 × 720 pixel crop around the estimated puck location, while limiting the
crop window to lie entirely within the FOV of the wide-field camera. This play following
video is shown on the user’s display device. The size and shape of the crop is a design
parameter that could be optimized for individual devices. For this work, we focus on 16:9
format devices.

2.5.5 Two-stage cascaded deep network regressor

The rectified input video to the deep network regressor is at the resolution of 6, 360×1, 080

pixels. The puck is 11 pixels wide at this resolution. The input data to the network is the
full wide-field video, downsampled by a factor of 27 along the width and a factor of 18
along the height. At this resolution, the puck is not visible.

Hence, to improve upon the accuracy of the predicted puck location from the deep
network regressor, we introduce a cascaded two-stage deep network regressor. The first-
stage deep network regressor is described in Section 2.5.2.2. The second-stage network is
cascaded with the first-stage network in a similar manner to the idea proposed in [123]. It
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processes a zoomed-in input image in which the puck will be more visible and this could
allow for a more accurate prediction. In the second-stage, we extracted a 1, 280 × 720

crop of the wide-field input image centered around the predicted puck location from the
first-stage. We then crop the 6-channel input feature maps appropriately and pass it to the
second-stage deep network regressor (Fig 2.14 (bottom)). Additionally, the features from
the final convolutional layer of the first-stage network are concatenated with the features
from the final convolutional layer of the second-stage network, and then passed to the
fully connected layers of the second-stage network. The pipeline for automatic sports
videography using the two-stage cascaded deep network regressor is seen in Fig 2.15.

The cropped 6-channel input feature maps are resized to 160 × 90. The second-stage
network is identical to the first-stage network except that it has three convolutional layers
(Fig 2.14 (bottom)). The loss function, optimizer and other training parameters were same
as that of the first-stage network.

The network architecture for the second stage was not fully optimized. We leave this
as future work.

2.6 Evaluation

As there are no prior attempts to track the puck from a static wide-field camera view of
a hockey game, we benchmark our system APT (Automatic Puck Tracking), against a
baseline algorithm MPP, which uses the median player position from our player detector
as an estimate of puck location.

We evaluate the performance of our system in several ways. First, we evaluate the
contribution of each feature map in an ablation study. Next, we evaluate within-camera
performance for generalization across games. Then, we evaluate the benefit of rectifying
the images for viewpoint invariance. Next, we evaluate between-camera performance for
generalization across cameras. Finally, we show two visualizations - heatmaps of the puck
locations and puck occupancy maps.
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Figure 2.14: Two-stage cascaded deep network regressor. Top: First-stage network. Bottom:
Second-stage-network. The features from the final convolutional layer of the second stage network
(green) are concatenated with features from the final convolutional layer of the first stage network
(red). The size of the input data to the first-stage regressor is 240 × 60, while that to the second-
stage regressor is 160× 90.

2.6.1 Ablation study

We conducted an ablation study to understand the relative contribution of the three input
feature maps to the performance of APT. We train the model on the first 4 games from
Camera 1 and evaluate it on the 5th game. We measure the performance of the first-stage
deep network regressor (APT1). The ground truth and predicted puck locations are back-
projected to ice coordinates (in meters). Table 2.5 shows the results of the ablation study.

The colour imagery, player positions and optic flow are all seen to be useful features
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Figure 2.15: Pipeline of the automatic sports videography system using the two-stage cascaded
deep network regressor. A 6-channel input feature map consisting of the RGB image, optic flow
and binary player mask is passed to the first-stage deep network regressor. A crop of the high-
resolution wide-field video centered at the first-stage prediction forms the input for the second-
stage network. The features from the final convolutional layers of the first-stage (red) are combined
with the features from the final convolutional layer of the second-stage (green).

as the model performance using any of the three features is much better than the baseline
MPP model that uses median player position. APT1 achieves best performance using
all three feature maps, and it achieves a reduction in error of 40.5% relative to the MPP
baseline.

2.6.2 Within-camera performance

We evaluate the generalization of the system across games by measuring the within-camera
performance through leave-one out cross-validation for each camera. We evaluated the
performance of the system using only the first-stage network (APT1) and the full system
(APT2 - both first and second stages). The results are shown in Table 2.6. We find that
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Model Input features maps RMS error (m)
MPP Median player position 8.4

C RGB image 7.0
P Binary player mask 6.4
O Optic flow 5.9

CP RGB image + Binary player mask 6.1
CO RGB image + Optic flow 5.4
PO Binary player mask + Optic flow 5.5

APT1 All Features (CPO) 5.0

Table 2.5: Ablation study to evaluate the contribution of the three input feature maps.

our system generalizes well across games for both cameras. APT2 improves upon APT1
by about 10% for both cameras, showing the benefit of the cascaded deep network. The
benefit of temporal smoothing is also observed as APT2 + smoothing further reduces the
error of APT2. APT2 + smoothing achieves a total reduction in error of 52% and 56%
relative to the MPP baseline on Camera 1 and Camera 2, respectively. Some example
predictions and the resulting zoomed-in view (curated images) are shown in Fig 2.16.

Camera
RMS Error (m)

APT1 APT2 APT2 + Smoothing MPP
1 5.1 ± 0.25 4.6 ± 0.22 4.4 ± 0.25 9.1 ± 0.48
2 5.2 ± 0.25 4.7 ± 0.24 4.5 ± 0.25 10.2 ± 0.20

Table 2.6: Within-camera performance evaluated through leave-one-out cross-validation across
all games.

In addition to the results in Table 2.6, we show the benefit of our two-stage cascaded
deep network regressor by measuring the accuracy of the predicted puck locations at var-
ious error tolerance thresholds. We threshold the RMS error and compute the number of
frames where the RMS error is less than the threshold. We evaluated the within-camera
performance for both APT1 and APT2 (Fig 2.17). Across both Camera 1 and 2, we found
that APT2 performs better than APT1, thus showing the benefit of the cascaded architec-
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Figure 2.16: Left: Sample results for test images from Camera 2. Cyan and pink dots indicate
ground truth puck location and the puck location estimated by APT2 + smoothing, respectively.
The blue rectangle indicates the 1280× 720 crop region. Right: Corresponding zoomed-in view.

ture. The benefit of non-causal Gaussian smoothing is also seen.
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Figure 2.17: Accuracy of the within-camera performance as a function of RMS error. Left: Camera
1. Right: Camera 2.

For a sports videography system, it is essential to not miss the play. Since the play
revolves around the puck in ice hockey, we can measure the performance of a videography
system as the proportion of frames that the puck is visible in the zoomed-in video following
the play (puck occupancy). We measure this metric at various resolutions of the zoomed-
in video, as shown in Table 2.7. While the videos recorded by the two cameras in the
datasets are not the standard 16:9 aspect ratio, the zoomed-in play following video output
by our system is fixed to have a 16:9 aspect ratio. We find that at a resolution of 1280 ×
720, the puck is visible for 97.6% and 95.0% of the frames for Camera 1 and Camera 2,
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respectively.

Zoomed-in video
resolution (pixels)

% of rectified
image width

% of rectified
image height

Accuracy (%)
Camera 1 Camera 2

640× 360 10.1 33.3 78.9 73.1
960× 540 15.1 50.0 92.3 88.5
1280× 720 20.1 66.7 97.6 95.0
1600× 900 25.2 83.3 99.4 97.8
1920× 1080 30.2 100.0 99.8 99.0

Table 2.7: Within-camera puck occupancy performance. The resolution of the zoomed-in video
relative of the wide-field rectified image is indicated in columns 2 and 3. The accuracy is measured
as the proportion of frames where the puck is visible in the zoomed-in video. Recall that the size of
the rectified image is 6360× 1080.

2.6.3 Between-camera performance

We computed the generalization of the system across two different cameras. We trained
the model on all the games of one camera and evaluated it on all the games from the
other camera. Since the vantage point of the two cameras were different, we measured
the benefit of the viewpoint invariance module by measuring the error with and without it.
The results are seen in Table 2.8.

We found the generalization of the first-stage network with 6-channel input feature map
(APT1) was very poor across cameras. The RMS error was significantly worse than the
baseline MPP. This is because the lighting conditions between the two cameras are very
different (Fig 2.3). We found the performance of the system improved after discarding
the RGB image and using a 3-channel input feature map consisting of optical flow (O)
and binary player mask (P). As seen in Table 2.8, irrespective of viewpoint invariance,
we found significant improvement in performance of the first-stage network using the 3-
channel input feature map (PO1) over the performance of the network using the 6-channel
input feature map (APT1).

We also observed the benefit of the viewpoint invariance module. Rectifying the two
cameras to a common template viewpoint corrected for any vantage point discrepancies
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and hence, the RMS error of the first-stage network using the 3-channel input feature map
(PO1) was significantly lower using the viewpoint invariance module. We also observed a
significant improvement over the baseline MPP.

Training
camera

Test
Camera

RMS Error (m)
Without viewpoint invariance With viewpoint invariance

MPP
APT1 PO1 APT1 PO1

1 2 16.4 ± 0.16 9.6 ± 0.05 14.6 ± 0.24 6.4 ± 0.22 10.2 ± 0.20
2 1 14.5 ± 0.47 12.8 ± 0.28 11.2 ± 0.19 5.9 ± 0.13 9.1 ± 0.48

Table 2.8: Between-camera performance of the first-stage network with and without viewpoint
invariance module.

Using the 3-channel input feature map, we evaluated the generalization of the cascaded
two-stage deep network across cameras. The results are seen in Table 2.9. We found that
the performance of the second-stage network (PO2) improved upon that of the first-stage
network (PO1). We also observed a reduction in error after applying non-causal Gaussian
smoothing. PO2+Smoothing achieved a total reduction in error of 44% relative to the
baseline MPP for each camera, thus showing generalization of the system across cameras.

Training
camera

Test
Camera

RMS Error (m)
PO1 PO2 PO2 + Smoothing MPP

1 2 6.4 ± 0.23 6.1 ± 0.24 5.7 ± 0.23 10.2 ± 0.20
2 1 5.9 ± 0.13 5.7 ± 0.16 5.1 ± 0.13 9.1 ± 0.48

Table 2.9: Between-camera performance of the system using the 3-channel feature map of optic
flow (O) and binary player mask (P).

In Table 2.9, we observe that the error of the model when evaluating on Camera 2 is
slightly higher than that when evaluating on Camera 1. This could be due to one of two fac-
tors. The first one is the difference in the field-of-view (FOV) of the two cameras (Fig 2.3).
The FOV for Camera 1 does not span the entire rink, while the FOV of Camera 2 spans
the entire rink. The second factor could be the size and diversity of the datasets. As seen
in Table 2.2, the dataset for Camera 2 is 1.5 times larger than that for Camera 1. This
increase in training data may have led to better generalization of the model.
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We computed the accuracy of the predicted puck locations at various error tolerance
thresholds. We evaluated the between-camera performance for both the first-stage (PO1)
and second-stage (PO2) networks (Fig 2.18). We found that PO2 was slightly better than
PO1. Also, we observed significant benefit using the non-causal Gaussian smoothing
(PO2+Smoothing).
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Figure 2.18: Accuracy of the between-camera performance as a function of RMS error. Left:
Evaluating on Camera 2. Right: Evaluating on Camera 1.

In a similar manner to Table 2.7, we computed the puck occupancy accuracy at differ-
ent resolutions of the zoomed-in video, as seen in Table 2.10. We found that at a resolution
of 1280 × 720, the puck is visible for 94.2% and 88.0% of the frames for Camera 1 and
Camera 2, respectively.

2.6.4 Puck location visualizations

In this section, we show two visualizations of the puck location - heatmaps and puck occu-
pancy maps. We computed the homography between the two cameras and the ice surface.
The puck location heatmaps were estimated for both the ground truth puck location and
predicted puck location (APT1 and APT2) using Gaussian kernel density estimation. The
bandwidth was calculated using Silverman’s rule [104], and was approximately 27, 26, and
25 pixels for the ground truth, APT1, and APT2 predictions, respectively, for a 610× 300

pixel rink template. The heatmap visualizes the puck location density per m2 for each
game from Camera 1 (Fig 2.19) and Camera 2 (Fig 2.20).
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Zoomed-in video
resolution
(pixels)

% of rectified
image width

% of rectified
image height

Accuracy (%)
Evaluating

on Camera 1
Evaluating on

Camera 2
640× 360 10.1 33.3 74.1 61.2
960× 540 15.1 50.0 87.8 78.1
1280× 720 20.1 66.7 94.2 88.0
1600× 900 25.2 83.3 97.1 93.6
1920× 1080 30.2 100.0 98.4 96.5

Table 2.10: Between-camera puck occupancy performance. In a similar manner to Table 2.7, the
resolution of the zoomed-in video relative to the wide-field rectified image is indicated in columns
2 and 3, and the puck occupancy accuracy is measured. Recall that the size of the rectified image
is 6360× 1080.

We measured the KL divergence between APT1 and APT2 heatmaps with the ground
truth heatmap as

D(P ||Q) =
∑
x

P (x) log
(
P (x)

Q(x)

)
(2.6)

where, P (x) andQ(x) are the normalized heatmaps for the predicted puck location (APT1
or APT2) and ground truth puck location, respectively.

We averaged the KL divergence across all games for each camera. We found the KL
divergence was lower for APT2 predictions (Table 2.11).

Camera
KL Divergence

APT1 APT2
1 0.218 ± 0.014 0.088 ± 0.010
2 0.136 ± 0.017 0.067 ± 0.006

Table 2.11: KL divergence of the APT1 and APT2 heatmaps with the ground truth heatmap.

We also computed the puck occupancy in different zones of the ice rink. We quantized
the ice rink into three zones - 1) left of the left blue line, 2) between the two blue lines
and 3) right of the right blue line. We computed the percentage of frames that the puck
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Figure 2.19: Puck location heatmaps for all games recorded by Camera 1. Left: Ground truth
data. Middle: APT1 predictions. Right: APT2 predictions. Units: per m2.

lies in the specified zone for the ground truth puck locations, APT1 predictions and APT2
predictions. The results for Camera 1 and Camera 2 are seen in Fig 2.21 and Fig 2.22,
respectively. We then measured the error of APT1 and APT2 predictions from the ground
truth as the sum of the mean absolute difference across all three zones. The error was
averaged across all games for each camera. While we found the error was lower using
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Figure 2.20: Puck location heatmaps for all games recorded by Camera 2. Left: Ground truth
data. Middle: APT1 predictions. Right: APT2 predictions. Units: per m2.

APT2 predictions (Table 2.12), this improvement was not statistically significant.

Camera
Mean Absolute Difference (%)

APT1 APT2
1 2.62 ± 0.63 2.58 ± 0.43
2 2.31 ± 0.59 2.16 ± 0.65

Table 2.12: Average error of puck zone occupancy for the APT1 and APT2 predictions.
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Figure 2.21: Puck zone occupancy for all games recorded by Camera 1. Left: Ground truth data.
Middle: APT1 predictions. Right: APT2 predictions.

2.7 Conclusion & future work

I have described a system that tracks the puck location in a game of hockey based on a
single wide-field camera, allowing for automatic dynamic cropping of the wide-field video
to a curated, zoomed-in view suitable for delivery to a remote viewing device such as an
iPad. I ground truthed the puck location by having human users trace the puck location
using a trackpad and stylus in a video played back at reduced frame rate. Then, I learnt a
cascaded two-stage deep network regressor to estimate the puck location on each frame. I
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Figure 2.22: Puck zone occupancy for all games recorded by Camera 2. Left: Ground truth data.
Middle: APT1 predictions. Right: APT2 predictions.

found the RMS error of the system to be 4.5 meters, which is significantly better than the
baselines.

Currently, the system only pans or tilts the camera to follow the play. In future work, a
zoom component can be incorporated by modelling the uncertainty in predictions. When
the model predictions have high confidence, the system could further zoom-in to the play,
if desired.
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Chapter 3

Automatic Play Segmentation

Automation of sports videography has the potential to provide professional-level viewing
experiences at a cost that is affordable for amateur sport. Autonomous camera planning
systems have been proposed [18, 19, 86], however, these systems deliver continuous video
over the entire game. Typical amateur ice hockey games feature between 40 and 60 min-
utes of actual game play. However, these games are played over the course of 60 to 110
minutes, with downtime due to the warm-up before the start of a period and the breaks
between plays when the referee collects the puck and the players set up for the ensuing
face-off. Also, there is a 15 minute break between periods for ice re-surfacing. Automatic
identification of these stoppages would allow abbreviation/temporal compression of the
video.

We propose a novel system that uses visual cues from a single wide-field camera and
optional auditory cues. We explore two different visual cues. The first is based on the
optic flow - players tend to move faster during play than breaks. However, we find that
this cue is fallible: motion on the ice can sometimes be substantial during breaks and
sometimes quite limited during periods of play. This motivates the development of a more
complex deep visual classifier that takes not only the optic flow but also the RGB image
and detected player positions as input.

We also explore the utility of auditory cues - more specifically, the referee whistle
that starts and stops play. While not directly informative of the current state, the whistle
does serve to identify the timing of state transitions, and thus can potentially contribute to
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performance.
To take into account temporal dependencies, we employ a hidden Markov model

(HMM), which, while simplifying modelling through conditional independence approxi-
mations, allows (1) optimal probabilistic integration of these noisy cues and (2) an account
of temporal dependencies captured through the state transition matrix.

We also propose a method for unsupervised domain adaptation of the HMM, iteratively
updating emission and/or transition probability distributions at inference, and show that
this is critical to benefitting from auditory cues.

3.1 Prior work

One of the active areas of computer vision research that has been applied to sports is
semantic analysis [39, 125, 91, 35]. Using ball detections and player tracking data, mean-
ingful insights about individual players and teams can be potentially extracted. These
insights can be used to understand the actions of a single player or a group of players and
detect events in the game [4, 87, 52, 79].

Another form of semantic analysis is video summarization. Some have analysed broad-
cast video clips to stitch together a short video of highlights [114, 7]. However, this sum-
marized video is short for consumption and cannot be used for tagging of in-game events,
analysis of team tactics, etc. To achieve this, the summary video should retain all the ac-
tive periods of play. Sports such as soccer, ice hockey and basketball have many stoppages
during the game. Thus, we would have to divide the game into segments of active play
and no-play, known as play-break segmentation.

Several approaches have been proposed to address play-break segmentation. Some
use play-break segmentation for automatic highlight generation [32, 112] or event detec-
tion [108], while others use event detection to guide play-break segmentation [12]. Some
of the initial methods for play-break segmentation used rule-based approaches that com-
bined text graphics on a broadcast feed with audio cues from the crowd and commenta-
tor [113] or the type of broadcast camera shot [32, 112, 129, 108]. Ekin et al. [32] and
Tjondronegoro et al. [112] selected the play frames as key frames for automatic highlights
from broadcast soccer videos, while Tavassolipour et al. [108] used the play frames to
detect events in broadcast soccer videos. The authors in [108] used the type of broad-
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cast camera shot as the observation cue to an HMM that classified each frame for play
segmentation.

All of these approaches used broadcast cues (camera shot type) or production cues (graph-
ics and commentary) for play-break segmentation, and thus are not directly relevant to
unedited amateur sport video recorded automatically with fixed cameras. We are aware
of only one prior paper that addresses a similar problem for unedited videos. Carbon-
neau et al. [12] detected three in-game events (face-off, line change and play) in ice hockey
and used the rules of the sport to determine segments of play and no-play. They trained
an SVM on Bag-of-Words features to detect in-game events in video snippets. At infer-
ence, an event was predicted for each video snippet and it was classified as play or no-play
segments using the rules of the sport. The method was trained and evaluated on disjoint
intervals of a single hockey game recorded by two different cameras.

Our research goes beyond this prior work in several important ways. First, our ap-
proach classifies frames as play and no-play without requiring the detection of finer-grain
events. Second, we show how the temporal dependencies between states can be captured
and integrated within an HMM framework. (While HMMs have previously been used for
broadcast video [129, 108] they have not been applied to unedited video.) Third, we pro-
pose a method for handling auditory domain shift that is critical for integration of auditory
cues with visual cues. Finally, we go beyond this prior work by showing generalization
across games, rinks and viewing parameters, which is critical for successful deployment.

3.2 Contributions

The contributions of this chapter are:

1. Creation of a dataset of multiple games recorded using multiple cameras. Generated
play segmentation ground truth for all games.

2. Design of a deep neural network classifier trained for play/no-play classification
based on visual input.

3. Design of a system for obtaining auditory cues from the referee’s whistle using a
Wiener filter.
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4. Integration of the visual and auditory cues into an HMM framework for play seg-
mentation and an approach for unsupervised domain adaptation of the system.

In the work reported in this chapter, the code for implementing the HMM framework
was done in collaboration with undergraduate summer intern Michael Dowling.

3.3 Dataset

The dataset consisted of 12 games. Four games were recorded using Camera 1 and five
games were recorded using Camera 2. The details about the two cameras can be found in
Section 2.3.2. We also recorded 3 games using a 4K wide-FOV GoPro 5 camera (Camera
3), which included synchronized audio at 48kHz. Cameras 1 and 2 did not record audio.
The details about Camera 3 can be found in Section 2.3.1 (under Camera 1).

The nonlinear distortions in the videos were removed using a standard calibration
procedure [138] and the videos were manually vertically cropped 1 to the rink bound-
aries (Fig 3.1). To evaluate the generalization of the play segmentation system over cam-
era parameters, we varied the roll and tilt of Camera 3 by roughly±10 deg between games
and periods. We manually masked out the non-rink regions for all games. The results for
Camera 3 are seen in Fig 3.2. Unlike the dataset created in the previous chapter, the videos
in this dataset were not rectified to a common viewpoint.

We manually vertically cropped all videos to the rink after recording; due to variation
in camera roll, two different vertical crops were employed for Camera 3, depending upon
the game and period. The final resolutions of all videos in the input dataset are listed in
Table 3.1.

The 9 games recorded by Cameras 1 and 2, and Games 2 and 3 recorded by Camera
3 were all played at the same rink, while Game 1 recorded by Camera 3 was played at
a different rink. All games recorded by Cameras 1 and 2 were captured in their entirety,
while only the first two of three periods in each game were captured by Camera 3. The
duration of each game in the dataset is shown in Table 3.2.

We manually ground-truthed all 12 games by marking the start and end of play inter-
vals. For Cameras 1 and 2, we marked the start of play as the time instant when the referee

1This is a one-time operation for each camera position.
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(a) Camera 1

(b) Camera 2

(c) Camera 3 Game 1 Period 1

(d) Camera 3 Game 2 Period 1

(e) Camera 3 Game 3 Period 1

Figure 3.1: Example frames from the dataset, after correction for radial distortion and vertical
cropping to the rink boundaries.
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(a) Game 1 Period 1

(b) Game 1 Period 2

(c) Game 2 Period 1

(d) Game 2 Period 2

(e) Game 3 Period 1

(f) Game 3 Period 2

Figure 3.2: Non-rink regions are manually masked out for all Camera 3 games. Left: images
vertically cropped to the rink boundaries. Right: non-rink regions masked out.

dropped the puck during a face-off and the end of play by when the referee was seen to
blow the whistle. Since we had audio for Camera 3, we instead identified state changes by
the auditory whistle cue, marking both the beginning and end of whistle intervals, which
were found to average 0.73 sec in duration.
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Camera Horizontal Vertical
1 2,758 500
2 5,930 1,080
3 3,550 630 or 780

Table 3.1: Cropped video resolutions for all games in the input dataset. The vertical cropping for
Camera 3 took two values depending on the camera tilt.

Camera Game # frames Duration (hh:mm:ss)
1 1 120,692 01:07:03
1 2 185,825 01:43:14
1 3 161,825 01:29:54
1 4 167,225 01:32:54
2 1 185,282 01:42:56
2 2 158,792 01:28:19
2 3 159,992 01:28:53
2 4 197,942 01:49:58
2 5 163,292 01:30:43
3 1 63,249 00:35:08
3 2 103,685 00:57:36
3 3 89,737 00:49:51

Table 3.2: Duration of each game in the input dataset.

3.4 Method

The pipeline of our system for automatic play segmentation of hockey videos is shown
in Fig 3.3. Our system uses visual cues from a single wide-field camera and combines
it with auditory cues, when available. We combined the visual and auditory cues in a
hidden Markov model [90] framework which allows for probabilistic integration of both
these cues. We use a method for unsupervised adaptation of the emission distributions of
the HMM at inference, and show that this is important to derive benefit from the auditory
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cues. The HMM predicts the state on each frame. Based on this prediction, we determine
whether to keep or cut the frame from the game recording.

In this section, I describe how we computed the visual and auditory cues, formulated
the HMM and the method for unsupervised domain adaptation.

Figure 3.3: Pipeline of our system for automatic play segmentation of hockey videos.

3.4.1 Visual cues

We explored the utility of two different visual cues: 1) maximum optic flow and 2) deep
visual cue.

3.4.1.1 Maximum optic flow

Players tend to move faster during play than breaks in ice hockey games. Hence, we
explored the utility of the visual cue from optical flow.

We used the OpenCV implementation of Farneback’s dense optic flow algorithm [33]
and selected the flow fields lying within bounding boxes of players detected using the fine-
tuned Faster RCNN player detector that has been discussed in Section 2.5.2.1.2. Fig 3.4
shows the optic flow field contained within the bounding box of the detector players on a
sample image.

Motion energy is generally higher during periods of play than during breaks, but given
the sparse nature of the flow it is not immediately clear how to optimally aggregate the
flow signal to create the strongest classifier. To explore this, we calculated the generalized
mean of the flow vectors for Game 1 recorded using Camera 3.
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Figure 3.4: Example optic flow field within bounding boxes of detected players.

Let Mp be the generalized mean for an exponent p. Mp is formulated as

Mp(x1, ..., xn) = (
1

n

n∑
i=1

xpi )
1
p (3.1)

For each proposed value of the exponent p, we identified the threshold that minimized
classification error in distinguishing play and no-play frames. Interestingly, we found that
error rate was lowest for very high exponents (Fig 3.5). This led to a very simple and
computationally efficient visual cue: the L∞ norm of the optic flow, i.e., the maximum
flow vector magnitude within detected player bounding boxes.
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Figure 3.5: Error rate as a function of the Lp exponent used to aggregate the optic flow field.
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3.4.1.2 Deep visual cue

We found the maximum optic flow visual cue is fallible: motion on the ice can sometimes
be substantial during breaks and sometimes quite limited during periods of play. This
motivated the development of a more complex visual cue formed from the logits of a deep
network classifier.

A CNN (deep network classifier) was trained to classify each frame as belonging to
play or no-play classes2 (Fig 3.7). The 6-channel input feature map (Fig 3.6) to the CNN
consisted of a) the RGB image, b) horizontal and vertical optic flow maps and c) binary
player position mask. All feature maps were normalized to have zero-mean and unit-
variance, and resized to 150× 60 pixels. The training dataset was augmented by left-right
mirroring.

We used PyTorch to develop the network for play/no-play classification, which was
loosely based on the network used for tracking the puck (Section 2.5.2.2). As shown in
Fig 3.7, the network consisted of two conv-pool modules followed by two fully connected
layers. A max pooling layer followed each convolution layer and dropout was used be-
tween every fully connected layer. Cross-entropy loss between the predicted class and
ground truth class was minimized using a SGD optimizer. The model was trained for 20
epochs with an initial learning rate of 0.01 and weight decay of 0.01. The learning rate
was decreased by 50% every 5 epochs.

The pre-softmax (logit) layer output difference of the trained model was used as the
deep visual cue. We trained a separate model for each camera. For Cameras 1 and 2, one
game was used for validation and one for test, and the remaining games used for training.
For Camera 3, one game was used for test, one period from one of the other games was
used for validation, and the remaining data was used for training.

3.4.1.3 Evaluation

We compared our two visual classifiers (described in Section 3.4.1.1 and Section 3.4.1.2)
against two baseline deep visual classifiers. The input data to the two baseline classi-
fiers was the 512-dimensional output from the final fully connected layer of the ResNet18
network [46] pre-trained on the ImageNet dataset [27].

2For Camera 3, whistle frames were included in the play intervals.
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(a) RGB image

(b) Horizontal (green) and vertical (red) optic flow

(c) Binary player position mask

Figure 3.6: Input data to deep visual play/no-play classifier.

Figure 3.7: Deep visual classifier trained to classify each frame as belonging to play or no-play
classes.
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The first classifier was a deep network consisting of two fully connected layers of
dimensions 128 and 64, followed by a play/no-play softmax layer. The learning rate for
this network was 0.001, weight decay was 0.01 and it was trained for 10 epochs. The
second classifier was a Support Vector Machine (SVM) [23] using an RBF kernel.

To determine the optimal visual cue, we evaluated the performance of the four visual
classifiers in classifying each frame as belonging to play and no-play. We measured the
performance of the classifier in terms of the Area Under Curve (AUC) score. The AUC
score measures the area under the Receiver Operating Characteristic (ROC) curve. The
ROC curve plots the true positive rate (TPR) against the false positive rate (FPR) for
different thresholds. It measures the ability of a classifier to distinguish between classes
at a given threshold. The AUC score summarizes the performance of a classifier across all
thresholds. AUC score takes values in [0, 1], with 0 indicating a classifier that classifies
all positive examples as negative and all negative examples as positive, and 1 indicating a
classifier that correctly classifies all positive and negative samples.

For each camera, the AUC score was measured through leave-one-out cross validation,
and was averaged across all cross-validation folds. The results are shown in Table 3.3. The
AUC scores of all four visual classifiers are good across all cameras, indicating that these
cues/classifiers are good at differentiating play and no-play frames. Across all cameras,
the performance of the baseline classifier with a deep network (ResNet18 + FC) was better
than that of the baseline classifier with SVM (ResNet18 + SVM). The performance of all
classifiers are worse on Camera 3 than Cameras 1 and 2. This was because the roll and tilt
varied across different games recorded using Camera 3, while Cameras 1 and 2 were fixed
stationary cameras.

The performance of the maximum optic flow visual cue is worse than the baselines on
Cameras 1 and 2. However, on Camera 3, the AUC score is significantly better. Since
the camera roll is varied across different games, maximum optic flow cue is less affected
by these changes than the ResNet18 model whose input is the RGB image. Across all
cameras, the best performance was obtained using our deep visual cue.
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AUC scores
Camera 1 Camera 2 Camera 3

ResNet18 + FC 0.923 ± 0.018 0.907 ± 0.052 0.598 ± 0.03
ResNet18 + SVM 0.884 ± 0.009 0.844 ± 0.014 0.545 ± 0.01

Maximum optic flow 0.885 ± 0.011 0.818 ± 0.008 0.799 ± 0.028
Deep visual cue 0.977 ± 0.004 0.966 ± 0.005 0.819 ± 0.053

Table 3.3: AUC scores for visual play/no-play classification.

3.4.2 Auditory cue

In ice hockey, referees blow their whistles to start and stop play. We therefore explored
the utility of auditory cues for classifying play and no-play frames. While not directly
informative of the current state, the whistle can serve as an indicator of the transitions
between the play state and no-play state.

As described in Section 3.3, the three games recorded using Camera 3 also recorded
synchronized audio at 48 kHz. Since the video was recorded at 30 fps, we partitioned the
audio signal into 33 msec intervals, temporally aligned with the video frames. As the audio
was sampled at 48 kHz, each interval consisted of 1,600 samples. The audio samples in
each interval were normalized to have zero-mean. We then calculated the power spectrum
density (PSD) for each interval as

P (f) = S(f) S∗(f) (3.2)

where S(f) and S∗(f) are the Fourier Transform and conjugate Fourier Transform of an
interval of audio samples at the frequency f .

Fig 3.8 shows the PSD averaged over whistle and non-whistle intervals for all three
games. These plots reveal two important facts. First, the overall volume of sound varies
widely from game to game: While Game 1 is relatively quiet, Games 2 and 3 are quite
noisy, with a lot of power in the low frequencies. Second, most of the whistle power lies
in the 2-3 kHz range, however that power is not distributed evenly and the power of that
signal and hence the signal-to-noise ratio varies widely from game to game.

To form a decision variable for each interval, we considered two candidate detectors:
1) Bandpass filter and 2) Wiener filter.
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Figure 3.8: Average power spectrum for whistle and non-whistle intervals. The right plot shows a
zoom-in on the main frequency band of the whistle (2-3 kHz).
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3.4.2.1 Bandpass filter

We computed the integral of the PSD over the 2-3 kHz band. This is probabilistically
optimal if both the signal and noise are additive, stationary, white Gaussian processes and
the PSDs are identical outside this band.

3.4.2.2 Wiener filter

Fig 3.8 shows that in fact the signal and noise are not white. Relaxing the condition
that the PSDs be white and identical outside the 2-3 kHz band, for longer intervals (many
samples), it can be shown (Section 5.5 in [59]) that probabilistically near-optimal detection
is achieved by taking the inner product of the stimulus PSDs with the Wiener filter

H(f) =
Pss(f)

Pss(f) + Pnn(f)
(3.3)

where Pss(f) and Pnn(f) are the PSD of the signal (whistle) and noise, respectively, as a
function of frequency f .

In our case, we do not have direct knowledge of the whistle and noise PSDs and so
must estimate them from the training data. In our videos, we know that

Pss(f) ≈ PW (f)− PNW (f) (3.4)

Pnn(f) ≈ PNW (f) (3.5)

where PW (f) and PNW (f) are the average PSDs over whistle and non-whistle training
intervals, respectively. Substituting Eq 3.4 and Eq 3.5 in Eq 3.3, we have the response of
the Wiener filter as

H(f) ≈ PW (f)− PNW (f)

PW (f)
(3.6)

= 1− PNW (f)

PW (f)
(3.7)

Fig 3.9 show the resulting Wiener filters H(f) estimated for each of the three games
recorded by Camera 3. The filter is largely positive in the 2-3 kHz range but can become
negative outside this range. This suggests that in fact the signals are not exactly stationary
and/or additive. This could be due to two possibilities: 1) some acoustic signals are more
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Figure 3.9: The Wiener filter response H(f) for each of the three games. Right panels show a
zoom-in of the response of a rectified Wiener filter in the main frequency range of 2-3 kHz.
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likely to occur in non-whistle than in whistle intervals and 2) when the whistle is blown,
auto-gain circuitry in the camera attenuates energy outside the whistle band.

To handle these deviations from our assumptions, we evaluated three versions of the
Wiener filter:

1. Wiener filter 1: Take the inner product of the stimulus with the estimated Wiener
filter over the entire frequency range, including negative values.

2. Wiener filter 2: Take the inner product of the stimulus with the rectified Wiener
filter (negative values clipped to 0). Shown in Fig 3.9 (right panels).

3. Wiener filter 3: Take the inner product of the stimulus with the rectified Wiener
filter (negative values clipped to 0), only over the 2-3 kHz range.

3.4.2.3 Evaluation

To determine the optimal auditory cue, we evaluated the performance of four detectors
(including Bandpass filter) in classifying whistle and non-whistle frames/instances. The
performance was evaluated through leave-one-out cross validation and we measured the
average AUC score across all cross-validation folds. The results are shown in Table 3.4.

Wiener filter 3 performs better than Wiener filter 1 and Wiener filter 2. This could
be because of considering the response only in the 2-3 kHz range. The PSD is vastly
different across games, outside this frequency band. The advantage of Wiener filter 3 over
the bandpass filter could be because of its ability to weight the input by the non-uniform
SNR within the 2-3 kHz band. Overall, Wiener filter 3 performs the best and we use this
auditory cue for all experiments in this chapter.

AUC score
Bandpass filter 0.919± 0.039

Wiener filter 1 0.779± 0.105

Wiener filter 2 0.809± 0.093

Wiener filter 3 0.943± 0.028

Table 3.4: The average cross-validated AUC score of the four whistle detectors for Camera 3.
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3.4.3 Hidden Markov model

Visual cues are seen to be useful for classifying video frames individually as play/no-play
and auditory cues are useful for detecting the whistle. In order to put these cues together
and reliably excise periods of non-play from the entire video, we need a model that cap-
tures statistical dependencies over time. We employed a hidden Markov model (HMM) [90].

3.4.3.1 Background

A Markov chain is a model of a stochastic dynamical system that evolves in discrete time
over a finite state space, and that follows the Markov property or assumption. The Markov
property states that when conditioned on the state at time t, the state at time t + 1 is
independent of all other past states. Thus, when predicting the future, the past does not
matter, only the present matters.

Consider a sequence of observations O = {o1, o2, . . . , oT} and a state sequence Q =

{q1, q2, . . . , qT}. The Markov property is mathematically represented as:

P (qi|q1, . . . , qi−1) = P (qi|qi−1) (3.8)

The Markov chain is specified by two components: 1) initial probability distribution
over the states and 2) state transition probabilities.

A model that is built upon Markov chains and is very popular in many machine learning
applications is the Hidden Markov Model (HMM) [90]. A Markov chain is useful when we
need to compute the probability for a sequence of observable states. However, sometimes
the states of interest are hidden, such as play and no-play states in hockey videos. An
HMM is a model that consists of a Markov chain whose state at any given time is not
observable; however, at each instant the system emits a symbol whose distribution depends
on the state. Hence, the model is useful for capturing distribution of the hidden states in
terms of observable quantities known as symbols/observations. In addition to the Markov
property given by Eq 3.8, the HMM has an extra assumption that given the state at that
instant, the probability of the emitted symbol/observation is independent of any other states
and any other observations. This is mathematically represented as:

P (oi|q1, . . . , qi, . . . , qT , o1, . . . , oi, . . . , oT ) = P (oi|qi) (3.9)
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An HMM is specified by the following parameters:

1. Initial probability distribution over states, πi, such that
∑N

i=1 πi = 1.

2. State transition probability matrix A, where each element aij represents the prob-
ability of moving from state i to state j, such that

∑N
j=1 aij = 1 ∀i.

3. Emission probabilities B = bi(ot), which indicates the probability of an observa-
tion ot being generated from state i.

An HMM is characterized by three learning problems [90]:

1. Likelihood: Given an HMM λ = (A,B) and an observation sequenceO, determine
the likelihood of P (O|λ).

2. Decoding: Given an HMM λ = (A,B) and an observation sequence O, what is the
best sequence of hidden states Q.

3. Learning: Given an observation sequence O and the set of possible states in the
HMM, learn the HMM parameters A and B.

For our application of play segmentation of hockey videos, we want to determine if a
given frame belongs to a play segment or a no-play segment, and the observations emitted
are the visual cue and optional auditory cue. After learning the model, given the sequence
of visual and optional auditory observations, we estimate whether each frame belongs to
play or no-play states.

Since we have the sequence of states available for the training data, estimating the
state transition probability matrix is straightforward and is a maximum likelihood esti-
mate. In a similar manner, the observation likelihoods can be modelled from the training
data. We explored two different methods to model the likelihoods: 1) Gaussian Mixture
Models (GMMs) and 2) Kernel Density Estimation (KDE).

A Gaussian Mixture Model (GMM) is a probabilistic model that fits a finite number
of Gaussian distributions with unknown parameters to a set of data points. The GMM is
parameterized by the means and variances of the components and the mixture coefficients.
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For a GMM with K components, the ith component has a mean µi, variance σ2
i and com-

ponent weight of φi. The probability density function, f(x), of a such a GMM is given
as:

f(x) =
K∑
i=1

φi
1√

2πσ2
i

exp(−(x− µi)2

2σ2
i

) (3.10)

The mixing/component weights φi satisfy the constraint
∑K

i=1 φi = 1.
If the number of components in the GMM is known, the model parameters can be

estimated using the Expectation Maximization (EM) algorithm [26].
An alternative non-parametric approach to modelling the likelihoods is Kernel Density

Estimation (KDE). Gaussian KDE approximates the probability density at a point as the
average of Gaussian kernels centered at observed values. The probability density function,
f(x), for Gaussian KDE is given as:

f(x) =
1

N

N∑
j=1

1√
2πσ2

exp(−(x− xj)2

2σ2
) (3.11)

where N is the total number of data points.
Although KDE is expressed as a Gaussian mixture, there are two major differences to

the GMM density in Eq 3.10. First, the number of Gaussian components in Eq 3.11 is N
(the number of data points), which is typically significantly more than the M components
in a GMM (Eq 3.10). Second, the variance, σ2, is the same for all components in Eq 3.11.
The only parameter to be estimated for KDE is the variance, σ2. We estimate it using
Silverman’s rule [104].

The learnt state transition matrix and the emission probabilities are used at inference
to estimate the sequence of states. A popular approach to determine the optimal sequence
of hidden states is the Viterbi algorithm [122]. It determines the maximum a posteriori
sequence of hidden states, i.e., the most probable state sequence. As a result, it is difficult
to tune the system to control type 1 and type 2 errors. Instead, we estimate the marginal
posteriors at each time instant. We can then adjust a threshold to achieve the desired
balance of type 1 and type 2 errors.

Let O = {o1, o2, . . . , oT} be the sequence of observations and Q = {q1, q2, . . . , qT}
be a sequence of hidden states. qt ∈ {1, 2, . . . , N}, where N is the number of states;
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N = 2 in our application. T is the number frames in the video. The maximum posterior
of marginals (MPM) returns the state sequence Q̂, where

Q̂ = {arg max
q1

P (q1|o1, . . . , oT ), . . . , arg max
qT

P (qT |o1, . . . , oT )} (3.12)

Let λ = (A,B) be an HMM model with state transition matrix A and emission proba-
bilities B. The posterior probability of being in state j at time t is given as

γt(j) = P (qt = j|O, λ)

=
P (qt = j, O|λ)

P (O|λ)
(3.13)

The forward probability, αt(j), is defined as the probability of being in state j after
seeing the first t observations, given the HMM λ. The value of αt(j) is computed by
summing over the probabilities of all paths that could lead to the state j at time t. It is
expressed as

αt(j) = P (o1, o2, . . . , ot, qt = j|λ)

=
N∑
i=1

αt−1(i) aij bj(ot) (3.14)

where aij is the state transition probability from previous state qt−1 = i to current state
qt = j. αt−1(i) is the forward probability of being in state i at time t − 1, and it can be
recursively computed.

The backward probability, βt(j), is defined as the probability of seeing the observations
from time t + 1 to T , given that we are in state j at time t and given the HMM λ. It is
expressed as

βt(j) = P (ot+1, ot+2, . . . , oT |qt = j, λ)

=
N∑
i=1

aji bj(ot+1) βt+1(i) (3.15)

where βt+1(i) is the backward probability being in state i at time t + 1, and it can be
computed recursively.
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Putting the forward probability (αt(j)) and backward probability (βt(j)) in Eq 3.13,
we have the posterior probability γt(j) as

γt(j) =
αt(j) βt(j)∑N
i=1 αt(i) βt(i)

(3.16)

Finally, the state sequence maximizing the posterior marginals (MPM) is computed as

Q̂ = {arg max
j

γ1(j), arg max
j

γ2(j), . . . , arg max
j

γT (j)} (3.17)

In our application, mislabelling a play state as a no-play state might be more serious
than mislabelling a no-play state as a play state, as the former could lead to the viewer
missing a key part of the game, whereas the latter would just waste a little time. Thus,
rather than selecting the MPM solution, we adjust the threshold on the posterior to achieve
the desired trade-off between hits and misses.

3.4.3.2 HMM framework and observation likelihoods

The visual cues described in Section 3.4.1 and the auditory cue described in Section 3.4.2
were used as the observations to the HMM. Since Cameras 1 and 2 did not record au-
dio, only the visual cue was available. Hence, we employed a 2-state model (play/no-
play) (Fig 3.10a). As Camera 3 recorded audio, we employed a 4-state model (Fig 3.10b).
The initial state probabilities were computed from the training data as the percentage of
frames belonging to either Play or No-play state across all games for each camera. The
results are seen in Table 3.5.

Camera
Initial probabilities (π)
Play No-play

1 0.629 0.371
2 0.656 0.344
3 0.699 0.301

Table 3.5: Mean initial state probabilities for each camera.

Similarly, the probability of transitioning between states is computed from the training
data as the proportion of frames where the desired transition happens. For example, the
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Figure 3.10: State transition graphs for (a) 2-state and (b) 4-state HMMs.

transition probability of going from No-play state to Play state is computed as the fraction
of No-play frames where the next state was Play. The results are seen in Table 3.6.

Camera Transition Probability
1 No-play→Play 0.00100
1 Play→No-play 0.00053
2 No-play→Play 0.00092
2 Play→No-play 0.00054
3 No-play→Start Whistle 0.00117
3 Start Whistle→Play 0.04973
3 Play→Stop Whistle 0.00050
3 Stop Whistle→No-play 0.04709

Table 3.6: Mean state transition probabilities for each camera.

The auditory and visual cues were normalized to have zero-mean and unit-variance.
The two features were assumed to be conditionally independent. Hence, the observation
likelihoods were modelled separately.

In order to model the auditory and visual cues using a GMM, we have to determine
the optimal number of components. We varied the number of components and measured
the AUC score for classifying play and no-play frames. The GMM model was learnt on
the training games. Given a test game, the ratio of the likelihoods of play and no-play
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states was used to compute the AUC score for that game. The AUC score was averaged
across all games for each camera through leave-one-out cross validation. The results are
shown in Table 3.7. We found that the discriminative power of the deep visual cue was
superior to that of the maximum optic flow cue. The 3-component GMM achieved the best
results for both 2-state and 4-state HMM using either visual cue. For the 4-state model,
the likelihoods of the whistle states were added to the likelihood of the play state.

# GMM
components

2-state HMM 4-state HMM
OF DV OF+Audio DV+Audio

1 0.8394 0.9149 0.7366 0.7337
2 0.8398 0.9150 0.7378 0.7349
3 0.8399 0.9152 0.7433 0.7454
4 0.8374 0.9151 0.7369 0.7346
5 0.8387 0.9150 0.7378 0.7363
7 0.8387 0.9143 0.737 0.7362

10 0.8379 0.9145 0.7374 0.7368

Table 3.7: Cross-validated AUC scores as a function of the number of GMM components. OF:
maximum optic flow cue. DV: deep visual cue.

Since the KDE models a Gaussian for each data point, it is computationally expensive
for long sequences/videos. We computed the histogram of the visual and auditory cues
for a specified number of bins and then modelled the histogram of the observations using
a Gaussian KDE. In a similar manner to the analysis for the optimal number of GMM
components, we computed the AUC score to determine the optimal number of histogram
bins. The results are seen in Table 3.8. The discriminative power of the deep visual cue
was superior to that of the maximum optic flow cue. The best results were obtained when
the observation was a 32-bin histogram.

As seen in Table 3.7 and Table 3.8, the AUC score was better when modelling the
likelihoods using a GMM rather than KDE. Hence, in the subsequent experiments, we
modelled the likelihoods using a 3-component Gaussian Mixture Model (GMM).

The conditional densities for the maximum optic flow cue and deep visual cue are
shown in Fig 3.11 and Fig 3.12, respectively. The conditional densities for the auditory
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# histogram
bins

2-state HMM 4-state HMM
OF DV OF+Audio DV+Audio

8 0.8221 0.8984 0.6704 0.6661
16 0.8345 0.9099 0.6967 0.6952
32 0.8376 0.9143 0.6986 0.7008
64 0.8376 0.9142 0.6904 0.6881

128 0.8373 0.9141 0.675 0.6747
256 0.8372 0.9136 0.6598 0.6603
512 0.8367 0.9133 0.6442 0.6471
1024 0.8360 0.9126 0.629 0.6338

Table 3.8: Histogram of the visual and auditory cues were computed for the specified number of
bins and modelled using a Gaussian KDE. The AUC score for classifying play and no-play frames
was computed. OF: maximum optic flow cue. DV: deep visual cue.

cue of Wiener filter 3 detector on games from Camera 3 are shown in Fig 3.13. Recall that
only Camera 3 was recorded with audio. Hence, four conditional densities are shown for
Camera 3, including the distributions for start and stop whistles. The two whistle states
are considered to be a part of play when reducing the 4-state HMM to a 2-state HMM.

3.4.4 Domain adaptation

A fundamental part of machine learning is the problem of generalization, that is, how to
make sure that a trained model performs well on unseen data. If the unseen data has a
different distribution, i.e., a domain shift exists, the problem is significantly more diffi-
cult [89, 118].

We learn the emission probabilities by modelling the observation likelihoods using
a 3-component GMM on the training games. If the observation distribution is different
between the training and test games, then there is a risk that the emission probabilities
on the test game are wrong, and this will affect the estimated state sequence. One pos-
sible solution for this is to adapt the emission probabilities of the HMM at inference to
accommodate these domain shifts.
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Figure 3.11: Conditional probability densities for the maximum optic flow visual cue on all games
across all three cameras.

The standard approach to unsupervised HMM parameter learning is the Baum-Welch
algorithm [5], which is a special case of the EM algorithm [26]. The Baum-Welch algo-
rithm allows us to learn both the state transition probabilities A and the emission proba-
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bilities B. This is the third problem (learning) that is characterized by using an HMM, as
described in Section 3.4.3.1. We use the forward and backward probabilities to learn the
state transition and emission probabilities.

Let O = {o1, o2, . . . , oT} be the sequence of observations and Q = {q1, q2, . . . , qT} be
a sequence of hidden states. Let αt(j) be the probability of being in state j after seeing the
first t observations. Let βt(j) be the probability of seeing the observations from time t+ 1

to T , given that we are in state j at time t. Let γt(j) be the probability of being in state j
at time t, given all observations.

First, we look at how to estimate the state transition probabilities A. We define âij as

âij =
expected number of transitions from state i to state j

expected number of transitions from state i
(3.18)

The probability of being in state i at time t and state j at time t+ 1, given the observa-
tion sequence O and HMM λ = (A,B), is given as

ξt(i, j) = P (qt = i, qt+1 = j|O, λ)

=
P (qt = i, qt+1 = j, O|λ)

P (O|λ)

=
αt(i) aij bj(ot+1) βt+1(j)∑N

k=1 αt(k)βt(k)
(3.19)

The expected number of transitions from state i to state j can be obtained by summing
ξt(i, j) over all frames t. Using Eq 3.19, we can rewrite Eq 3.18 as

âij =

∑T−1
t=1 ξt(i, j)∑T−1

t=1

∑N
k=1 ξt(i, k)

(3.20)

As described in Section 3.4.3.2, the observation likelihoods were modelled using a
3-component GMM. Thus, the probability of seeing observation ot in state j is given as

bj(ot) =
M∑
k=1

φkjN (ot;µkj, σ
2
kj) (3.21)

where φkj , µkj and σ2
kj are the weight, mean and variance of the kth component of the

GMM of state j, and N is the Gaussian distribution with mean µkj and variance σ2
kj .
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If we know the state for each observation sample, then estimating the emission prob-
abilities B is trivial. The posterior probability γt(j) gives the probability that observation
ot came from state j. In a similar manner to the EM algorithm, the Baum-Welch algorithm
updates the weights, means and variances of the GMM as

φ̂kj =

∑T
t=1 Pj(k|ot,Φ) γt(j)∑T

t=1 γt(j)
(3.22)

µ̂kj =

∑T
t=1 ot Pj(k|ot,Φ) γt(j)∑T

t=1 γt(j)
(3.23)

σ̂2
kj =

∑T
t=1(ot − µ̂kj)2 Pj(k|ot,Φ) γt(j)∑T

t=1 γt(j)
(3.24)

where Φ represents the current set of GMM parameters. Pj(k|ot,Φ) is the probability that
the observation ot was from the kth component of the GMM of state j. It is given as

Pj(k|ot,Φ) =
φkjN (ot;µkj, σ

2
kj)∑M

m=1 φmjN (ot;µmj, σ2
mj)

(3.25)

Thus, we can estimate the state transition probabilities A using Eq 3.20, and the emis-
sion probabilities B using Eq 3.22, Eq 3.23 and Eq 3.24. The iterative Baum-Welch al-
gorithm is as follows. First, we initialize the state transition probabilities A and emission
probabilities B. Next, we use Eq 3.16 to estimate γt(j) given the state transition matrix A
and emission probabilities B. Then, we use γt(j) to update the state transition probabili-
ties A and emission probabilities B, as shown above. We repeat this procedure iteratively
until the difference in the log-likelihood between five successive iterations is less 0.1.

3.5 Results

Fig 3.14 shows an example of how the visual cue of maximum optic flow and auditory cue
of Wiener filter 3 detector vary over time within each game state, for a 160-second sample
video from Game 1 recorded using Camera 3. We observe that Wiener filter 3 has a sharp
response during whistle periods. Our hypothesis of players moving faster during play than
breaks (no-play) is backed up by the large values of the maximum optic flow cue during
play frames and lower values during no-play frames.
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Using the forward-backward algorithm, we compute the probability of being in state j
at time t, γt(j), for each state across all frames of the video. To temporally compress the
video, frames are cut if P(no-play) exceeds a threshold η0. We define precision, recall and
compression as

Precision =
# play & whistle frames retained

# frames retained
(3.26)

Recall =
# play & whistle frames retained
# play & whistle frames in video

(3.27)

Compression = 1− # frames retained
# frames in video

(3.28)

Varying η0 sweeps out a precision-recall curve. Since no audio was available for Cam-
eras 1 and 2, we evaluated the precision and recall for retaining play frames only. For
Camera 3, as audio was available, we evaluated the precision and recall for retaining both
play and whistle frames. We also evaluated the %compression at each rate of recall.

We evaluated both within-camera and between-camera performance. We also show the
need for domain adaptation to benefit from the audio cues.

3.5.1 Within-camera performance (2-state HMM)

We evaluated the generalization of the system across different games for each camera by
measuring the within-camera performance through leave-one-out cross validation. For
each camera, the precision, recall and compression were measured through leave-one out
cross validation across all games. These were then averaged across all three cameras.

The within-camera performance of the 2-state HMM (using visual cue only) is shown
in Fig 3.15. We compared against two baselines: 1) Random - the lower bound base-
line that randomly removes frames and 2) Ideal - the upper bound of an ideal model that
accurately removes all no-play frames, before beginning to remove play frames.

We compared the within-camera performance using both the maximum optic flow cue
and deep visual cue. Both cues were found to be significantly better than lower bound
baseline (Random). The performance of the deep visual cue was significantly better than
the maximum optic flow cue.
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3.5.2 Between-camera performance (2-state HMM)

We evaluated the generalization of the system across different cameras by measuring the
between-camera performance. We trained the 2-state HMM on all games from two cam-
eras and then evaluated it on the games from the third camera. For example, a model was
trained on all games from Cameras 1 and 2 and then evaluated on all games from Camera
3. We compared the between-camera performance to the within-camera performance on
the third camera, as shown in Fig 3.16.

We found between-camera performance to be very similar to the within-camera per-
formance across all cameras. Our model is able to generalize to different games, rinks and
lighting conditions. The performance was worse on Camera 3 as compared to Cameras 1
and 2. Since Camera 3 was positioned closer to the ice surface as compared to Cameras 1
and 2, the fans are more visible and cause more occlusions in the video recording. Hence,
the performance of the player detector could have been poorer on Camera 3, leading to
less discriminative deep visual cues. In addition to occlusions, if the fans were moving
during periods of no-play, this would also make the deep visual cue less discriminative.

3.5.3 Within-camera performance (4-state HMM)

The previous results were using the 2-state HMM with only the visual cues. Next, we
evaluate the performance of the 4-state HMM that combines visual and auditory cues.

Three games were recorded with audio using Camera 3. We evaluated the performance
of the 4-state HMM on these three games through leave-one-out cross validation. The
precision, recall and compression were averaged across all three games. The results are
seen in Fig 3.17.

We compared the performance of the 4-state HMM combining the visual cue and au-
ditory cues with that of the 2-state HMM using only the visual cues. Combining audi-
tory cues with the maximum optic flow cue significantly improved performance. How-
ever, no benefit was observed upon integration of the deep visual cue with the auditory
cue (Fig 3.17).
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3.5.4 Domain adaptation performance

We failed to observe any benefit of integrating the visual and auditory cues for Camera
3 once we used the strong deep visual cue. While the deep visual cues generalized well
across cameras (Fig 3.16), the emission distributions of the auditory cues for Camera 3
seem to vary substantially across games (Fig 3.13). This could indicate a domain shift
between the training and test data for the auditory cues.

We examine this domain shift by analysing the fit of the unconditional emission dis-
tribution learnt from the training data on the test data. We computed the unconditional
emission distribution as

f(x) =
N∑
i=1

fi(x)P (i) (3.29)

where fi(x) and P (i) are the emission distribution and prior for state i, respectively. N is
the number of states; N = 2 or N = 4 in our system.

Fig 3.18 and Fig 3.19 visualizes the unconditional densities learnt from the training
data on the histogram of the test data. We observed a slight domain shift in the emission
distribution for the deep visual cue on Game 3. For the auditory cue, we observed a
substantial domain shift for Games 1 and 2.

Domain shift can be overcome by adapting the HMM to the test data at inference. We
use the Baum-Welch algorithm for unsupervised HMM parameter learning. As described
in Section 3.4.4, both the emission probabilities and the state transition probabilities can be
updated. We measured the %change in the values of the state transition matrix A, between
the training and test games for Camera 3. We averaged the change across all three cross-
validations folds. We found the average to be 4.48%. This is a small change which we did
not anticipate influencing the model performance. Empirically, we found that updating the
transition probabilities did not make any difference in the model performance. Hence, we
only update the emission probabilities.

The emission distributions for deep visual cue and auditory cue after adaptation is
shown in Fig 3.18 (right panels) and Fig 3.19 (right panels), respectively. The perfor-
mance of the model before and after domain adaption is seen in Fig 3.20. We found no
improvement in the performance of the 2-state HMM (visual cue only). However, there
was a dramatic improvement in the performance of 4-state HMM (visual and auditory cue)

77



after domain adaptation.
In a similar manner, we compared the performance of the 2-state HMM (visual cue

only) before and after domain adaptation on Cameras 1 and 2. The unconditional densities
before and after domain adaptation are shown in Fig 3.21 and Fig 3.22 for Camera 1 and
Camera 2, respectively. We found that the emission distributions for the deep visual cue
learnt on the training data, modelled the test data distributions well. Hence, we found
no benefit with domain adaptation, as seen in the precision-recall performance plots in
Fig 3.23.

3.6 Conclusions & future work

We have developed a novel system for automatic play-break segmentation for hockey, and
have shown its utility in temporally compressing hockey videos while maintaining high
recall for periods of active play. We trained a deep network for play/no-play classifica-
tion and found the pre-softmax (logit) output difference to be a much stronger visual cue
than the maximum optic flow cue. Incorporation of an HMM framework accommodates
statistical dependencies over time, allowing effective play/break segmentation and tempo-
ral video compression. We found that integration of auditory (whistle) cues could boost
segmentation performance, but only by incorporating unsupervised adaptation of emis-
sion distribution models to accommodate domain shift. Our system was found to achieve
temporal compression rates of 20-50% at a recall of 96%.

Some ideas that could be explored in the future are:

1. The auditory background noise is very high in Games 2 and 3 recorded by Camera
3. An improved whistle detector that is robust to strong background noise could
further improve the performance of the model on Camera 3 games.

2. Currently, we have not analysed the minimum recall that does not affect the viewing
experience of the temporally compressed video. This can be done through a user
validation study of the temporally compressed videos at various values of recall, to
determine the optimal recall.

3. Instead of separately learning the visual and auditory cues, a possible future idea is
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to fuse the audio and visual input in a deep network that can be trained to predict all
four states (play, no-play, whistle ON and whistle OFF).
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(d) Camera 3 - 4-state HMM

Figure 3.12: Conditional probability densities for the deep visual cue on all games across all three
cameras.
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Figure 3.13: Conditional densities for the auditory cue of Wiener filter 3 detector on games from
Camera 3.

Figure 3.14: Visual cue of maximum optic flow and auditory cue of Wiener filter 3 detector for an
example video segment from Camera 3 Game 1.
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Figure 3.15: Within-camera performance of the 2-state HMM (visual cue only).
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(c) Camera 3

Figure 3.16: Between-cameras performance compared to within-camera performance on all three
cameras.
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Figure 3.17: Performance of the 2-state HMM and 4-state HMM on Camera 3. The 4-state HMM
combined visual and auditory cues, while the 2-state HMM used only the visual cues. OF: maxi-
mum optic flow cue; DV: deep visual cue.
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(a) Game 1

(b) Game 2

(c) Game 3

Figure 3.18: Unconditional densities of the deep visual cue learnt from the training data shown on
the test data histogram for each game recorded using Camera 3. Left: Before adaptation. Right:
After adaptation.
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(a) Game 1

(b) Game 2

(c) Game 3

Figure 3.19: Unconditional densities of the auditory cue learnt from the training data shown on
the test data histogram for each game recorded using Camera 3. Left: Before adaptation. Right:
After adaptation.
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Figure 3.20: Performance of the 2-state HMM and 4-state HMM after domain adaptation on Cam-
era 3. OF: maximum optic flow cue; DV: deep visual cue; DA: domain adaptation.
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(a) Game 1

(b) Game 2

(c) Game 3

(d) Game 4

Figure 3.21: Unconditional densities of the deep visual cue learnt from the training data shown on
the test data histogram for each game recorded using Camera 1. Left: Before adaptation. Right:
After adaptation.
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(a) Game 1

(b) Game 2

(c) Game 3

(d) Game 4

(e) Game 5

Figure 3.22: Unconditional densities of the deep visual cue learnt from the training data shown on
the test data histogram for each game recorded using Camera 2. Left: Before adaptation. Right:
After adaptation.
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(a) Camera 1
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(b) Camera 2

Figure 3.23: Performance of the 2-state HMM before and after domain adaptation on all games
from Camera 1 and Camera 2. DV: deep visual cue; DA: domain adaptation.
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Chapter 4

Automatic Homography Estimation

In Chapter 2 and Chapter 3 we have described the problem of automatically tracking the
play to create a curated, zoomed-in video recording, and temporally compressing this
recording to include all periods of active play. The next logical step in hockey video
analysis is extracting analytical and statistical insights from the recorded game. These
allow for coaches and players to make more informed decisions both during and after the
game. Additionally, the quality of the broadcast can be greatly improved with analytical
insights.

An important step for reliable statistical analysis is homography estimation, which de-
termines the planar transform between camera and ice coordinates (Fig 4.1). Knowing this
homography could allow projection of images and statistics to a common virtual camera,
thus improving registration across cameras, rinks and games, and therefore improving the
reliability of the visual features like those used in Chapter 2 and Chapter 3. Additionally, it
could allow the statistics of the game to be expressed in real ice coordinates and projection
of graphics onto the ice.

The work discussed in Chapter 2 and Chapter 3 used games recorded from a station-
ary camera system whose field-of-view was the entire ice rink. Since the camera was
stationary, the homography does not change.

However, this is not true with broadcast video generated by professional videogra-
phers, who pan, tilt and zoom their camera to record the game. Since the camera is moving
continuously, the homography changes almost every frame. This necessitates an algorithm
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(a) (b)

Figure 4.1: (a) Template ice hockey rink and (b) sample test image from a moving camera broadcast
hockey video.

to automatically estimate the homography on each frame.
Typically, the homography is estimated in a two-step process. An initial estimate is first

computed and subsequently refined to obtain the final estimate. The initial estimate can be
obtained by estimating corresponding keypoints between a template image (Fig 4.1a) and
test image (Fig 4.1b). Keypoint detectors can be hand-crafted [47, 44, 41] or learnt from
labelling training data [22, 80]. Depending upon the number of initial estimates and the
required accuracy, refinement may not be necessary [101, 20].

While deep learning-based methods have been shown to work well, they require large
amount of training data and detailed annotations. We propose an alternative approach that
does not require a large-scale annotated dataset. We exploit the consistency of colours
used for markings on the ice surface (Fig 4.1a). We model these colours as multi-variate
Gaussian in RGB space. We then search for the homography that aligns the colours of the
template to the observed colours in the image. We find that the accuracy of our method is
comparable to the other methods trained on large datasets.

4.1 Prior work

Automatically estimating the homography in sports videos, also known as sports field lo-
calization, is a well-studied problem in computer vision [111]. The most popular approach
for automatic homography estimation is a two-step process. Given a test image, the initial
homography is estimated on the first step. The initial estimate is refined in the second step.

Most of the early methods used traditional computer vision algorithms to detect key-
points and line segments in an image for homography estimation. However, most of the
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more recent methods used deep networks to segment the playing surface.

4.1.1 Traditional methods

Some of the early approaches detected keypoints and matched the correspondences be-
tween frames for homography estimation. Some of the methods for keypoint detection
were the Scale-Invariant Feature Transform (SIFT) [72], Speeded Up Robust Features
(SURF) [6] and Scale-Invariant Feature Operator [36]. The initial homography was ei-
ther manually obtained [81] or estimated using the correspondence between the keypoints
detected on the test image and pre-selected keyframes [47, 45, 44, 41]. Once the homogra-
phy was initialized, a KLT tracker [115] was typically used to track the keypoints between
frames and estimate the homography between video frames in American football [47], ice
hockey [41] and soccer [45, 44]. Gupta et al. [41] extended this approach by combining
point-based matches with correspondences between the lines and circles on the ice surface.

Instead of using keypoints, others solve for homography estimation through line de-
tection and matching. In [110, 133], the line markings in soccer were detected using the
Hough transform and the homography was estimated by minimizing the squared error be-
tween the detected lines and the lines in a known field template. Dubrofsky et al [31]
extended the Direct Linear Transform (DLT) algorithm [43] to use both points and line
correspondences for homography estimation in ice hockey. Skinner et al. [106] extended
this work for homography estimation of rugby games recorded by any spectator with a
smartphone in the stands. They used the Hough transform to extract line segments and
matched the vertical lines to a pre-defined field template. Once the homography estimate
is accurate, each user could be targeted with augmented reality content aligning with the
field.

Wen et al. [126] detected SURF features to stitch images and generate a panoramic
view of a basketball court from a given moving camera video. The dominant colour in
the panoramic image was used to extract the field markings. The four corners of the court
were used to estimate the homography. Zeng et al. [136] used a similar approach for field
hockey.

The main drawback of these methods is that most keypoints are detected in the stands
or on the players, rather than on the playing area. Detecting keypoints on the playing
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area is challenging because the field markings provide little texture, and are often noisy
with ads or other graphics. Furthermore, the players often occlude the landmarks for
keypoints. Hence, these methods tend to perform only under controlled conditions and do
not translate well to changes in player appearance, lighting and playing surface.

4.1.2 Deep learning methods

Instead of handcrafted features, most of the recent approaches have used deep learning-
based features and models for extracting the field markings and estimating the homogra-
phy.

Homayounfar et al. [49] detect lines and circles with a VGG16 semantic segmentation
network [105] in soccer and ice hockey videos. The vanishing points at the intersection of
all parallel lines on the field are used to limit the search space for the homography matrix.
The semantic cues are used to learn the potentials of a Markov Random Field and the
homography is estimated via branch and bound.

Instead of using the full semantic information of the field some others used only the
field markings. Sharma et al. [101] and Chen et al. [20] extracted the field markings
in broadcast soccer videos using the pix2pix network [53]. They created a comprehensive
dictionary of 100,000 camera poses from the real and synthetic training data. Sharma et al.
use nearest neighbour search with HOG features [25] to estimate the camera pose while
Chen et al. show that deep features obtained through training a Siamese network [30]
are more robust, and they refine the initial pose through gradient descent. The authors
reported a run time of 0.5 seconds on a CPU. These methods generate a comprehensive
dictionary of all camera poses. The queried initial homography is often very similar to the
final desired homography, and requires minimal refinement, but they require a large train-
ing set representative of all the views in the test dataset. Additionally, large dictionaries
significantly increase inference time.

Sha et al. [100] combine the two previous approaches for homography estimation in
soccer and basketball videos. The field area was extracted using the UNet semantic seg-
mentation network [97] and classified into zones to generate a semantic map. A dictionary
of 450 camera poses was created from the training data. A Siamese network [30] was
trained to compute the distance between the semantic maps of a training image and each
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image in the dictionary, and classify them as being similar and dissimilar. At inference,
the Siamese network retrieves the dictionary image closest to a given test image, thus ini-
tializing the camera pose (homography). Then, a Spatial Transformer Network (STN) [54]
is used to refine the initial homography estimate. The segmentation network, Siamese net-
work and STN are jointly trained in an end-to-end manner. The authors report a very fast
inference time of 4 msec on a GPU.

A few methods have trained models to detect the location of control points on an
image. Jiang et al. [56] proposed a deep network framework that iteratively optimizes
the homography for soccer and ice hockey videos. The proposed system consists of two
networks. The first network regresses four homography control points on the playing area
to estimate the initial homography. A template image of the playing area (field/rink) is
warped according to the initial estimate. The second network computes the registration
error of the warped image and backpropagates the error to improve the initial homography
estimation. This process is repeated iteratively until convergence.

Citraro et al. [22] estimated the location of multiple keypoints based on the intersec-
tions of the lines on the playing surface in basketball, soccer and volleyball videos. The
UNet semantic segmentation network [97] was trained to extract the field markings. The
intersection points between various markings were selected as the keypoints. A particle
filter was then used to predict keypoint locations in future frames. The authors report an
inference time of 8 fps. This method might not work on sports such as ice hockey which
have very few lines and a sparse number of keypoints.

A limitation of using pre-selected fixed keypoints is that they are sparse in cases of
zoomed-in broadcast video and fail to estimate the homography. Hence, Nie et al. [80]
select a uniform grid of points on the playing surface, including those on the texture-less
parts of the field, and compute dense features for field localization in basketball, American
football, ice hockey, soccer and tennis. They train a deep network to predict the keypoints
on a given image and compute the dense features. The initial homography is estimated
using the DLT algorithm. The initial homography estimate is refined using the keypoints
and dense features on the current and previous frames. The authors demonstrate state-of-
the-art performance of their algorithm on various sports with a run time between 25-45
fps.

A drawback of the deep learning based methods is the need for a large and diverse
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training dataset. Additionally, there is also a need for detailed and extensive annotations
of either the field boundaries and zones on the field [49, 100, 101, 21] or keypoints on the
playing field [22, 80], both of which are challenging and expensive.

The wide variety of methods described in this section shows that there are a lot of
differences between sports and not all methods generalize well to different sports. Most
methods trained and evaluated their algorithms on private datasets. Hence, there are no
publicly available datasets for ice hockey.

The markings on the rink in ice hockey are of specific colours. We present an alterna-
tive approach that models each of the colour markings separately for accurate homography
estimation. We show the feasibility of our approach when there is a limited amount of
training data. Our proposed system does not require any training. It works on uncalibrated
moving camera broadcast videos and the camera parameters do not have to be estimated.
We estimate the initial homography and then refine it using gradient descent. We show
that our model is able to compensate for large errors in the initial homography estimate.

4.2 Contributions

The contributions of this work are:

1. Creation of a dataset of 29 images with ground truth control points annotated on
each image.

2. Design of a method for automatic homography estimation without requiring any
training.

4.3 Dataset

None of the ice hockey datasets used in prior works are publicly available. Hence we
have created and labelled a dataset consisting of 29 images from a 5-minute NHL broad-
cast video obtained from Evertz Microsystems. The video resolution was 1, 920 × 1, 080

pixels and it was recorded using a single PTZ camera placed in the stands, along the center-
line. 16 key-frames representative of the range of homographies encountered in broadcast
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videos were selected from the first 2 minutes of the video. A few example images are
shown in Fig 4.2. 13 frames selected from the last one minute of the video were used as
the test dataset.

Figure 4.2: Example key-frames from the dataset.

4.4 Method

The task in automatic homography estimation is to estimate the homography between two
planar surfaces, in this case, the moving camera broadcast video frame (Fig 4.1b) and the
ice surface (Fig 4.1a).

Let pi = [u v 1]T and pr = [x y 1]T be corresponding points on the broadcast image
and the rink, respectively. The homography matrix H for projection of the ice surface to
the image is given as

pr = H ∗ pi (4.1)

s ∗

uv
1

 =

h11 h12 h13

h21 h22 h23

h31 h32 h33

 ∗
xy

1

 (4.2)

where s is the scale factor. The homography matrix H has 8 degrees of freedom as h33
can be set to 1.

To estimate the homography between the rink and the camera, we propose to exploit
the spatial structure of the markings on the ice rink, which are known in advance (Fig 4.1a)
and are the same across rinks1. There may be additional markings on the actual ice rink

1There are two different rink geometries: NHL size and Olympic size. The game used in this chapter
was recorded at an NHL size rink, while the games used in Chapter 2 and Chapter 3 were recorded at an
Olympic size rink.
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(Fig 4.2), but the standard markings are common to all ice rinks and the colours of these
markings are always the same (Fig 4.1a).

We estimate the homography by aligning the coloured markings detected in the test
image with the projected markings of the template image. The projections are learnt on
the key-frames by manually locating control points. The coloured markings are detected
on the test image and the homography is initialized to the key-frame that maximizes the
alignment of the coloured markings. Finally, the alignment is refined using gradient de-
scent. Each step is detailed in the subsequent sections.

4.4.1 Manual rectification

We manually annotated 102 control points on the ice surface in the template image (Fig 4.3a).
Since we have a mathematical model of the ice rink, in the future, we can automatically
generate the control points on the template image. We also manually annotated all corre-
sponding control points in the field-of-view of each of the 16 key-frames (Fig 4.3b). We
estimated homographies for each of these 16 key-frames using OpenCV’s standard least
squares reprojection minimization method, findHomography (Fig 4.3c).

The accuracy of the homography was computed as the average reprojection error of
the control points on the ice surface. The average reprojection error across all images was
0.05 m.

4.4.2 Colour modelling

There are four standard colours on the ice surface: red, blue, yellow and white/grey (ice)
(Fig 4.1a). The colour markings on the template ice rink is shown in Fig 4.4.

To estimate the markings on the images from the broadcast video, we modelled the
pixel intensities of each marking as multi-variate Gaussian in RGB space, learning the
parameters from crops of the markings on the key-frames. A few sample crops are shown
in Fig 4.5. At each pixel, we estimated the likelihood of each colour marking. Fig 4.6
shows the colour marking with the highest likelihood at each pixel of a broadcast image.
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(a)

(b) (c)

Figure 4.3: (a) Control points (black) on the template image. (b) Control points (purple) on the
key-frame. (c) Projected template superimposed on the key-frame.

(a) Blue

(b) Red

(c) Yellow

(d) White

Figure 4.4: Colour markings on the template ice rink.

4.4.3 Post-processing techniques

Player jerseys often have similar intensities as the markings, as do the ads on the side-
boards. These add to the noise in the estimated likelihoods. For example, in Fig 4.6 (right),
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(a) Blue

(b) Red

(c) Yellow

(d) White

Figure 4.5: Image crops used for modelling the likelihood for each colour marking.

Figure 4.6: Left: Broadcast image. Right: Colour markings with the highest likelihood at each
pixel. For visualization purposes, pixels with all colour likelihoods below 1e-16 are labelled as
black.

we see that the blue player jerseys and blue colour ads on the sideboards are detected as
blue ice markings. We explored two post-processing steps to reduce the noise:

1. We detected the players using a Faster RCNN network [94] pre-trained on the MS-
COCO dataset [68]. Example predictions from the detector are seen in Fig 4.7 (left
panels). We set a very low threshold as our aim is to detect all the players on the ice
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surface. We generated a binary mask of the player positions (Fig 4.7 (right panels)).
We multiplied the estimated likelihoods with the inverse binary player mask so that
positive pixels in the binary player mask are set to zero, as indicated by black pixels
in (Fig 4.8c).

2. In addition to noise due to players, we found small outlier patches of false detections
on the ads on the sideboards. To remove these, we applied median filtering with an
empirically determined square kernel size of 7. The results are shown in Fig 4.8d.

Figure 4.7: Faster RCNN player detections (left panels) and corresponding binary player masks
(right panels).
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(a)

(b)

(c)

(d)

Figure 4.8: Colour marking with the highest likelihood at each pixel of a broadcast image after
applying post-processing techniques on the likelihoods of each colour marking. (a) Broadcast
image. (b) Colour marking with highest likelihood at each pixel. (c) Image (b) masked by inverse
binary player mask. (d) Median filtering applied on image (c). Black pixels indicate regions where
all colour likelihoods are less than 1e-16.

4.4.4 Initial homography estimation

Given a test image, we first estimate the likelihood maps for each of the four colours and
then apply the two post-processing steps. The objective is then to find the key-frame max-
imizing alignment with the test image. To do this, we could simply project the template
to the image according to the key-frame homography and then simply sum the appropriate
colour likelihoods of the pixels within each projected template region. However, this ap-
proach only works for small misalignments. For larger misalignments, there may be little
overlap between corresponding regions of the image and the projected template.

To solve this problem, instead of projecting the template colour regions, we project

102



signed distance transforms [98] for each of the colour regions. This allows us to ex-
press the misalignment at each pixel as the average distance to each colour region in the
template, weighted by the colour likelihood. This has the advantage that even for large
misalignments, the gradient of the objective function is informative. The signed distance
transform for each colour of the template mask is shown in Fig 4.9. Distances within the
regions of interest (markings) are negative and those outside are positive.

The key-frame k maximizing alignment with the test image is found by minimizing∑
c

∑
x

∑
y

ρc Lkc[x, y] D̃(Tkc)[x, y] (4.3)

where Lkc is the likelihood and D̃(Tkc) is the signed distance transform for the projected
template mask for colour c of the kth key-frame. ρc = 1

P (c)
is the inverse prior for each

colour c. The prior is computed as the proportion of pixels corresponding to each colour
marking across all training images.

The objective function will decline as pixels in the image approach template colour
regions for which they have high likelihood. For each test image, the homography was
initialized to the homography of the key-frame minimizing this objective. We evaluated
the effect of five different design parameters:

1. P1 - Toggles whether to use 3 (R,Y,B) or 4 (R,Y,B,W) colours.

2. P2 - Ignore player regions

3. P3 - Median filtering of the colour likelihoods Lc

4. P4 - Normalize likelihoods Lc to sum to 1 over pixels. This will serve to up-weight
colours that are rarer in a given image.

5. P5 - Weight the objective function by the inverse prior ρc. Since the pixels corre-
sponding to non-white colour markings are sparse, this up-weights the influence of
non-white colour markings and down-weights the influence of white markings.

There are 5 design parameters resulting in 32 different settings. The five steps are
applied sequentially. We evaluated the accuracy of the initial homography estimate by
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(a) Template image

0 200 400 600 800

(b) Blue

0 100 200 300 400 500

(c) Red

0 100 200 300 400

(d) Yellow

-100 0 100 200 300 400

(e) White

Figure 4.9: Signed distance transform of the template image for each colour marking.
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Exp # P1 P2 P3 P4 P5 Reprojection error (m)
1 7 7 7 7 7 5.69 ± 1.88
2 7 7 7 7 3 6.35 ± 1.91
3 7 7 7 3 7 6.34 ± 1.87
4 7 7 7 3 3 8.18 ± 2.54
5 7 7 3 7 7 2.83 ± 0.29
6 7 7 3 7 3 2.75 ± 0.29
7 7 7 3 3 7 5.32 ± 1.67
8 7 7 3 3 3 4.99 ± 1.70
9 7 3 7 7 7 2.83 ± 0.29

10 7 3 7 7 3 2.75 ± 0.29
11 7 3 7 3 7 5.32 ± 1.67
12 7 3 7 3 3 4.44 ± 1.60
13 7 3 3 7 7 2.83 ± 0.29
14 7 3 3 7 3 2.75 ± 0.29
15 7 3 3 3 7 3.55 ± 0.73
16 7 3 3 3 3 2.68 ± 0.24
17 3 7 7 7 7 14.57 ± 3.40
18 3 7 7 7 3 12.37 ± 3.48
19 3 7 7 3 7 5.44 ± 1.84
20 3 7 7 3 3 8.18 ± 2.54
21 3 7 3 7 7 14.57 ± 3.40
22 3 7 3 7 3 12.37 ± 3.48
23 3 7 3 3 7 5.51 ± 1.89
24 3 7 3 3 3 4.99 ± 1.70
25 3 3 7 7 7 14.57 ± 3.40
26 3 3 7 7 3 11.52 ± 3.49
27 3 3 7 3 7 2.69 ± 0.24
28 3 3 7 3 3 4.44 ± 1.60
29 3 3 3 7 7 14.57 ± 3.40
30 3 3 3 7 3 11.52 ± 3.49
31 3 3 3 3 7 2.69 ± 0.24
32 3 3 3 3 3 2.68 ± 0.24

Table 4.1: Reprojection error of the initial homography estimates for each possible combination of
design parameters P1-P5.
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computing the average reprojection error of the control points on the ice surface. The
mean and standard error across all test images are reported in Table 4.1.

There are a few important observations from the results. While using three colour
classes (RBY) vs four colour classes (RBYW) yields similar results when other choices
are optimized, overall, it seems that using only three classes yields more stable results
as other choices are varied. While ignoring player regions (P2) or performing median
filtering (P3) both lower the error, these steps seem to be largely redundant: doing both
leads to only a modest reduction in error compared to doing only one of the two. This
could be because players generate many of the higher likelihoods for our colour classes
that bias our objective function. Normalizing the likelihood (P4) and weighting by the
inverse prior (P5) lead to only a modest reduction in error.

The lowest reprojection error of 2.68 ± 0.24 m is obtained for the parameter settings
in experiments 16 and 32. Since using only three colour classes seems to yield more stable
results when other parameters are varied, we used the parameter setting of experiment 16
for all further experiments. Some example initializations on the test images are shown in
Fig 4.10.

4.4.5 Final homography estimation

In the second-stage of the computation, the initial homography estimate is iteratively re-
fined to further reduce the objective function (Eq 4.3) using MATLAB’s fminsearch func-
tion until convergence, to obtain the final homography estimate. Empirically, we observed
that stopping after 100 iterations produced similar results to running gradient descent until
convergence. Hence, for all experiments in this chapter, we show the results after 100
iterations.

We again varied the five design parameters (P1 - P5) and analysed the effect on the
reprojection errors of the final homography estimate. The mean and standard error across
all test images is reported in Table 4.2.

Again, we find that using only three colour classes (RBY) yields the most stable results.
Applying player masks (P2) and median filtering (P3) and normalizing likelihoods (P4) all
seem to modestly improve performance, while applying the inverse prior does not. Our
best result is with System 15, which yields a final average reprojection error of 48cm.
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Exp # P1 P2 P3 P4 P5 Reprojection error (m)
1 7 7 7 7 7 1.52 ± 0.35
2 7 7 7 7 3 1.69 ± 0.37
3 7 7 7 3 7 0.73 ± 0.11
4 7 7 7 3 3 0.84 ± 0.13
5 7 7 3 7 7 0.99 ± 0.25
6 7 7 3 7 3 1.52 ± 0.38
7 7 7 3 3 7 0.63 ± 0.09
8 7 7 3 3 3 0.67 ± 0.10
9 7 3 7 7 7 0.86 ± 0.25

10 7 3 7 7 3 0.96 ± 0.26
11 7 3 7 3 7 0.60 ± 0.12
12 7 3 7 3 3 0.56 ± 0.10
13 7 3 3 7 7 0.71 ± 0.16
14 7 3 3 7 3 1.00 ± 0.30
15 7 3 3 3 7 0.48 ± 0.09
16 7 3 3 3 3 0.54 ± 0.10
17 3 7 7 7 7 13.89 ± 0.70
18 3 7 7 7 3 9.11 ± 0.78
19 3 7 7 3 7 0.81 ± 0.22
20 3 7 7 3 3 0.80 ± 0.11
21 3 7 3 7 7 14.25 ± 0.43
22 3 7 3 7 3 9.17 ± 0.99
23 3 7 3 3 7 0.64 ± 0.13
24 3 7 3 3 3 0.80 ± 0.14
25 3 3 7 7 7 13.81 ± 0.62
26 3 3 7 7 3 9.33 ± 0.99
27 3 3 7 3 7 0.86 ± 0.20
28 3 3 7 3 3 0.60 ± 0.09
29 3 3 3 7 7 14.09 ± 0.47
30 3 3 3 7 3 9.38 ± 0.87
31 3 3 3 3 7 0.75 ± 0.21
32 3 3 3 3 3 0.52 ± 0.09

Table 4.2: Reprojection error of the final homography estimates for each possible combination of
design parameters P1-P5.
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Figure 4.10: Left: Test images. Right: Projected template mask superimposed on test image based
on the initial homography estimate.

Using only three colour classes (RBY) rather than all four colour classes (RBYW)
yielded more stable results for both the initial and final homography estimates. This could
be because of the noise induced into the likelihood estimates for the white colour markings
by the graphics and ads on the ice surface.

Most of the prior works measure the performance of their system in terms of the In-
tersection Over Union (IOU) between the ice surface planes of the projected template
image and the test image (IOUpart). The average IOU of our system was 0.967, which
is comparable to the performance of most of the prior works on their private ice hockey
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datasets [20, 56, 101].
Some example results of the final homography estimations on the test images are

shown in Fig 4.11. We found that despite large errors in the initial homography estimates,
the final homography estimate was very accurate.

4.5 Run time analysis

In the experiments described in Section 4.4.4 and Section 4.4.5, the test image and tem-
plate image were processed at their native resolution of 1, 920× 1, 080 pixels and 7, 680×
4, 320 pixels, respectively. The rectification of the template image to the test image is
computed at every iteration. As a result, the run time is very high at native resolution. We
analysed the trade-off between run time and reprojection error for various resolutions of
the test image and the template image, as seen in Table 4.3.

Test
image

resolution

Template
image

resolution

Initial homography estimation Final homography estimation Total processing
time per

image(sec)
Time per

image (sec)
Reprojection

error (m)
Time per

image (sec)
Reprojection

error (m)
1920×1080 7680×3240 0.98 2.68 ± 0.24 11.49 0.48 ± 0.09 12.47
1920×1080 3840×2160 0.97 2.68 ± 0.24 10.03 0.43 ± 0.05 11.00
1920×1080 1920×1080 0.97 2.68 ± 0.24 10.39 0.44 ± 0.06 11.36
960×540 3840×2160 0.25 2.68 ± 0.25 2.61 0.41 ± 0.05 2.86
960×540 1920×1080 0.25 2.68 ± 0.24 2.60 0.49 ± 0.08 2.85
960×540 960×540 0.25 2.68 ± 0.25 2.61 0.54 ± 0.08 2.86
480×270 1920×1080 0.07 2.68 ± 0.24 0.72 0.51 ± 0.09 0.79
480×270 960×540 0.07 2.68 ± 0.25 0.73 0.48 ± 0.05 0.80
480×270 480×270 0.07 2.68 ± 0.25 0.72 0.74 ± 0.11 0.79
240×135 960×540 0.02 2.94 ± 0.25 0.20 0.67 ± 1.00 0.22
240×135 480×270 0.02 2.94 ± 0.32 0.21 0.79 ± 0.14 0.23
240×135 240×135 0.02 21.33 ± 4.86 0.18 22.97 ± 5.29 0.20

Table 4.3: Run time analysis of the system at various resolutions of the test image and template
image.

For these experiments, the parameter setting for the initial homography was that of
experiment 16 in Table 4.1 and the parameter setting for the final homography estimation
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Figure 4.11: Left: Initial homography estimate. Right: Final homography estimate.
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was that of experiment 15 in Table 4.2. Median filtering and player detection were per-
formed at the native resolutions of the test image and template image, and then the images
were appropriately resized. Median filtering was applied with a square kernel of size 7.

We found that only downsampling the test image reduces the computation time. This
is reasonable because projection of the template to the image is performed for each pixel
of the image, and this is independent of the number of pixels in the template. The time
for the initial homography estimate can be ignored for a continuous video, for which the
homography on the current frame would be initialized to the final estimated homography
on the previous frame. We found the lowest error at a test image resolution of 960×540 and
template image resolution of 3840×2160. However, for these resolutions the computation
time for the final homography estimate is 2.61 seconds per image. Thus, in my opinion, the
best configuration is at a test image resolution of 480× 270 and template image resolution
of 960 × 540, where the reprojection error for the final estimated homography is 0.48 ±
0.05 m. This is not statistically different from the lowest error attained at higher resolution
(0.41 m). The computation time for the final homography estimate at this resolution is
only 0.73 seconds per image.

4.6 Conclusions & future work

I have designed and evaluated a novel method for automatically estimating homographies
on video frames from uncalibrated moving camera broadcast hockey video. We modelled
each of the four standard colours used in the ice markings using a multi-variate Gaussian
in RGB space, learning the parameters from a few pre-selected key-frames. We employed
a novel objective function that used a distance transform to smooth the objective, allowing
convergence of an iterative solver to the correct solution despite substantial error in the
initial guess.

Our system requires minimal ground truthing. The accuracy of our system on our
dataset is comparable to that of other methods on their private datasets. We have shown
the feasibility of our approach for estimating the homography with limited training data.

Some ideas that could be explored in the future are:

1. Create and evaluate the method on a larger dataset consisting of multiple games,
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recorded at different venues, and consisting of many diverse camera viewpoints.

2. Develop an online variant for continuous video that uses the homography estimate
on the previous frame as an initial guess.

3. Improving the run time for the final homography estimation. This can be done by
limiting transfer of the template distance transform to only those pixels with high
likelihoods for one of the three colour classes (RBY).
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Chapter 5

Conclusions and Future Work

In this thesis, I have discussed my work on exploring computer vision methods for hockey
video curation. The focus of my PhD has been to build a practical system for hockey
video curation. Due to the complex and dynamic nature of sports, automatically extracting
information such as the location of the puck or state of play, from hockey videos is very
challenging. Due to the small size of the puck and motion blur, it often appears as a grey
streak. It is frequently occluded by players or equipment such as sticks. Further, player
poses vary drastically and they are often occluded by the sideboards or other players. The
pose and location of the camera, and the lighting conditions can vary drastically across
different games.

In the first part of my thesis, I discussed a method for accurately tracking the puck.
We proposed a novel method that enabled accurate ground truthing of the puck location
in wide-field videos. Using this ground truth data, we trained a novel deep neural network
regressor to estimate the puck location on each video frame. We have presented extensive
empirical results to demonstrate the effectiveness of the puck tracking algorithm. Using
the puck tracking algorithm, we developed a system to automatically record the game.
We achieved this by dynamically cropping the wide-field video centered around the es-
timated puck location, thus allowing the system to automatically follow the play. This
automatic sports videography system has been successfully deployed to record amateur
hockey games at two Canadian ice rinks.

Next, I discussed a novel algorithm to segment the game video into video sequences
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of play and no-play. We combined the deep visual cues obtained from the output of a
trained deep neural network classifier with optional auditory cues obtained from the ref-
eree’s whistle using a Wiener filter, in a hidden Markov model (HMM) framework, to
classify each frame as belonging to play or no-play. This classification is used to tem-
porally compress the game video by removing no-play frames. We showed the need for
unsupervised domain adaptation to derive maximum benefit from the auditory cues.

Finally, I showed the feasibility of an automatic homography estimation algorithm that
exploited the structure of markings normally found in an ice hockey rink. Specifically, we
used the known colour information of different markings. We modelled the colours as a
multi-variate Gaussian in the RGB colour space and used a two-step approach to search
for the homography that aligned the colours of the template image with the test image.
This allows the system to operate across changes in camera parameters and also allows for
projection of game-related graphics, ads and notices.

There are some natural directions in which the work discussed in this thesis may be
extended. The puck tracking algorithm can be utilized for various analyses of the game.
For example, the predicted puck locations can be combined with player detection and/or
player tracking data to automatically generate game statistics such as puck possession,
zone entry, zone exit, etc. Our automatic play segmentation algorithm could benefit from
an improved whistle detector that is more robust to background noise. Another interesting
direction to extend this work would be to fuse the audio and visual inputs into a deep
network trained for play classification. Additionally, transfer learning can be explored
for extending both the puck tracking system and play segmentation algorithm to different
sports. One can explore accuracy and run time trade-offs for the automatic homography
estimation algorithm. The run time for the final homography estimate can be improved
by limiting the transfer of the template distance transform to only those pixels with high
likelihoods for one of the three colour classes (RBY). In the future, an online variant of
the automatic homography estimation algorithm for continuous video can be explored.

While this thesis is focused on hockey video analysis, the problems and approaches
explored in the thesis are more generic and they can be applied to different sports. In any
team sport where the ball is fast moving such as basketball and soccer, the approaches
discussed in this thesis can be used to accurately ground truth the ball location on video
sequences and train a model to estimate the ball location on each frame. Sports such as
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basketball and American football have many stoppages during the play. Thus, the play
segmentation algorithm can be extended to those sports to obtain a temporally compressed
video of play sequences.

Computer vision is being increasingly applied to provide many sports video analyses.
Using ball location and player tracking data, many in-game statistics could be generated
automatically. In the future, computer vision techniques can be used to automatically
record and summarize games. The computer vision and AI algorithms could be utilized to
deliver curated statistics to individual players and teams, giving possible advantages over
competitors. These automatically generated analytical insights about the game could also
increase fan engagement in sports.
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Appendix A

Deep network architecture optimization

As described in Section 2.5.2.2, the architecture of the first-stage deep network regressor
was optimized on the non-rectified videos (games) from Camera 1 (Fig 2.3a). The video
resolution of Camera 1 was 3, 840 × 2, 160 pixels. After correcting for non-linear dis-
tortions and manually vertically cropping the video to the ice rink, the video resolution
reduced to 2, 758× 500. Five games were recorded using Camera 1. The duration of each
game is listed in Table 2.2. The dataset was split such that 3 games were used for training,
one for validation and one for test. This resulted in 10 different combinations of games for
training. The training, validation and test errors were averaged across all 10 combinations.

The input data consisted of three feature maps: 1) RGB image, 2) horizontal and
vertical optic flow, and 3) binary player positions mask. The optic flow was computed at
an image resolution of 688× 288. The players were detected using Faster RCNN detector
at an input image resolution of 1920× 360. These input feature maps were normalized to
have zero-mean and unit-variance. The training dataset was augmented in four different
ways, as described in Section 2.5.2.2.

To explore the optimal deep network architecture, we started off with a small network
and progressively increased the size of the network. Initially, we explored several different
architectures as listed in Table A.1. Network A22 consisted of two convolution layers
followed by two fully connected layers. The first convolution layer had 8 channels, while
the second layer had 16 channels. Both layers used square kernels of size 11 × 111. The

1As only square kernels were used for all experiments, the kernel size for each layer is expressed as a
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Network # Conv layers # FC layers Channels Kernels FC layer size
A11 1 1 8 11 512
B11 1 1 8 11 256
A12 1 2 8 11 512, 256
B12 1 2 8 11 256, 128
A21 2 1 8, 16 11, 11 512
B21 2 1 8, 16 11, 11 256
A22 2 2 8, 16 11, 11 512, 256
B22 2 2 8, 16 11, 11 256, 128

Table A.1: Different convolutional layer architectures explored in the first phase of experiments.

first fully connected layer had 512 units, while the second fully connected layer had 256
units. For all these networks, each convolutional layer was followed by a 2 × 2 max
pooling layer. Dropout was used between each fully connected layer. The output of the
network was the estimated x-y pixel location of the puck. The loss function was the mean
squared error between estimated and ground truth puck location, minimized using the
Adam optimizer [62]. The model was trained until the validation error converged. The
initial learning rate was 0.01 and weight decay was 0.01.

The 6-channel input feature maps were resized before being passed to the deep net-
work. Each network was trained using input data resized to three different sizes: 1) 98×40,
2) 115 × 48, and 3) 138 × 58. For each input data size, for a given network architecture,
the mean and standard error for the training, validation and test datasets are reported, as
seen in Table A.2. As there were 10 different combinations of training games, the mean
and standard error across all 10 combinations was reported. We found that the validation
error was higher for smaller networks and it decreased as the network size increased. The
validation error was the least for networks A22 and B22 which consist of two convolution
layers followed by two fully connected layers. For the most part, the errors were lower
for the larger input data size of 138 × 58. Hence, in the next phase of experiments, we
explored larger input data sizes and larger network architectures.

We followed a two-step approach to exploring larger networks and increasing the size

scalar.
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Error (m)
Input data size: 98× 40 Input data size: 115× 48 Input data size: 138× 58

Network Training Validation Test Training Validation Test Training Validation Test
A11 3.1 ± 0.04 6.38 ± 0.21 6.26 ± 0.21 2.97 ± 0.04 6.51 ± 0.28 6.43 ± 0.27 2.69 ± 0.04 6.47 ± 0.25 6.46 ± 0.29
B11 3.45 ± 0.03 6.34 ± 0.22 6.3 ± 0.24 3.2 ± 0.04 6.31 ± 0.25 6.27 ± 0.26 2.94 ± 0.04 6.32 ± 0.23 6.36 ± 0.24
A12 2.32 ± 0.01 5.72 ± 0.15 5.75 ± 0.17 2.17 ± 0.02 5.73 ± 0.17 5.74 ± 0.15 2.07 ± 0.02 5.73 ± 0.17 5.74 ± 0.18
B12 2.8 ± 0.02 5.72 ± 0.15 5.74 ± 0.16 2.64 ± 0.02 5.71 ± 0.15 5.74 ± 0.16 2.53 ± 0.02 5.77 ± 0.17 5.74 ± 0.16
A21 4.02 ± 0.05 5.85 ± 0.17 5.86 ± 0.18 3.7 ± 0.04 5.74 ± 0.15 5.67 ± 0.17 3.05 ± 0.1 5.92 ± 0.22 6.06 ± 0.26
B21 4.15 ± 0.04 5.92 ± 0.15 5.83 ± 0.16 3.85 ± 0.04 5.79 ± 0.15 5.69 ± 0.17 3.4 ± 0.03 5.96 ± 0.25 5.95 ± 0.26
A22 3.56 ± 0.03 5.47 ± 0.14 5.41 ± 0.14 2.8 ± 0.02 5.38 ± 0.12 5.39 ± 0.13 2.19 ± 0.03 5.33 ± 0.13 5.32 ± 0.13
B22 3.87 ± 0.05 5.56 ± 0.13 5.5 ± 0.13 3.28 ± 0.03 5.48 ± 0.13 5.44 ± 0.16 2.71 ± 0.02 5.31 ± 0.14 5.34 ± 0.14

Table A.2: Errors on the training, validation and test datasets for each network architecture at a
given input data size, in the first phase of experiments.

of the network. In the first step, we explored the optimal architecture for the convolution
layers while fixing the architecture of the fully connected layers. In the second step, the
architecture of the convolutional layers was fixed to be that of the optimal architecture from
the first step, and the optimal architecture for the fully connected layers was explored.

In the first step, all networks consisted of 3 fully connected layers such that the first
layer had 512 units, the second layer had 256 units and the third layer had 128. The
different architectures for the convolutional layers explored in the first step are listed in
Table A.3. The kernel sizes were chosen such that all networks can be explored for all
four input data sizes.

Network # Conv layers # FC layers Channels Kernels FC layer size
A2 2 3 8, 16 11, 11 512, 256, 128
A3 3 3 8, 16, 32 11, 7, 7 512, 256, 128
A4 4 3 8, 16, 24, 32 7, 7, 5, 5 512, 256, 128
A5 5 3 8, 16, 24, 32, 48 7, 7, 5, 5, 3 512, 256, 128
A6 6 3 8, 16, 24, 32, 48, 64 7, 7, 5, 5, 3, 3 512, 256, 128

Table A.3: Different convolutional layer architectures explored in the second phase of experiments.

The structure of the convolutional layers and pooling layers for each network in the
second phase of experiments is shown in Table A.4. For all networks, 2 × 2 max pooling
layers are used. The networks A2 and A3, consists of two and three conv-pool modules,
respectively. These are modules where a convolutional layer is immediately followed by
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a pooling layer. The first module of network A4 is a conv-conv-pool module, where the
first convolutional layer is followed by a second convolution layer before a pooling layer.
The subsequent layers are conv-pool modules. Networks A5 and A6, have two or three
conv-conv-pool modules. The learning rate, optimizer and loss function are retained to be
the same as that in the first phase of experiments.

Network Layer structure
A2 conv-pool – conv-pool
A3 conv-pool – conv-pool – conv-pool
A4 conv-conv-pool – conv-pool – conv-pool
A5 conv-conv-pool – conv-conv-pool – conv-pool
A6 conv-conv-pool – conv-conv-pool – conv-conv-pool

Table A.4: The structure of the convolutional layers for each network in the second phase of exper-
iments.

In the second phase of experiments, four different input data sizes were explored: 1)
138 × 58, 2) 172 × 72, 3) 215 × 90, and 4) 258 × 108. For each input data size, for a
given network architecture, the mean and standard error for the training, validation and
test datasets are reported, as seen in Table A.5 and Table A.6. We found that the validation
error was least for network A4 and the lowest error was achieved at an input data size of
172× 72.

Network
Error (m)

Input data size: 138× 58 Input data size: 172× 72

Training Validation Test Training Validation Test
A2 2.46 ± 0.03 5.37 ± 0.16 5.24 ± 0.19 2.17 ± 0.02 5.26 ± 0.18 5.2 ± 0.18
A3 2.52 ± 0.04 5.24 ± 0.17 5.26 ± 0.17 2.15 ± 0.03 5.18 ± 0.18 5.17 ± 0.16
A4 3.22 ± 0.03 5.19 ± 0.18 5.2 ± 0.18 2.48 ± 0.02 5.06 ± 0.16 5.07 ± 0.12
A5 3.15 ± 0.03 5.44 ± 0.15 5.3 ± 0.18 2.41 ± 0.02 5.25 ± 0.19 5.12 ± 0.12
A6 3.38 ± 0.04 5.42 ± 0.16 5.31 ± 0.24 2.56 ± 0.03 5.38 ± 0.14 5.2 ± 0.18

Table A.5: Errors on the training, validation and test datasets for each network architecture in the
second phase of experiments, at input data sizes of 138× 58 and 172× 72.
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Network
Error (m)

Input data size: 215× 90 Input data size: 258× 108

Training Validation Test Training Validation Test
A2 2.21 ± 0.03 5.28 ± 0.18 5.27 ± 0.18 2.57 ± 0.03 5.32 ± 0.18 5.28 ± 0.18
A3 2.55 ± 0.03 5.24 ± 0.18 5.24 ± 0.22 2.65 ± 0.03 5.27 ± 0.18 5.26 ± 0.22
A4 2.69 ± 0.03 5.20 ± 0.20 5.22 ± 0.21 2.77 ± 0.03 5.23 ± 0.20 5.25 ± 0.21
A5 2.61 ± 0.05 5.19 ± 0.17 5.27 ± 0.22 2.71 ± 0.05 5.23 ± 0.17 5.29 ± 0.22
A6 2.64 ± 0.03 5.33 ± 0.18 5.34 ± 0.18 2.75 ± 0.03 5.35 ± 0.18 5.39 ± 0.18

Table A.6: Errors on the training, validation and test datasets for each network architecture in the
second phase of experiments, at input data sizes of 215× 90 and 258× 108.

In the first step, the optimal architecture for the convolutional layer was found to be
the network architecture A4 and the best input data size was found to be 172 × 72. In
the second step, these configurations were fixed and the optimal architecture for the fully
connected layer was explored. The different architectures are listed in Table A.7. Network
4FC2 has 4 fully connected layers with the first, second, third and fourth layers having
2048, 1024, 256, 128 units, respectively.

Network # FC layers FC layer size
4FC1 4 2048, 1024, 256, 128
4FC2 4 784, 512, 128, 128
3FC1 3 1024, 512, 256
3FC2 3 512, 256, 128
2FC1 2 512, 256
2FC2 2 256, 128

Table A.7: Different fully connected layer architectures explored in the second phase of experi-
ments.

In a similar manner to the previous experiments, we averaged the training, validation
and test error across all combinations of training games. The errors for various fully
connected layer architectures are listed in Table A.8. We found the errors were least for
networks with 2 fully connected layers, with the least error achieved by the network 2FC2.
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Network Training Validation Test
4 FC1 2.22 ± 0.03 5.39 ± 0.21 5.37 ± 0.17
4 FC2 2.79 ± 0.05 5.53 ± 0.19 5.54 ± 0.19
3 FC1 2.42 ± 0.02 4.95 ± 0.14 5.06 ± 0.14
3 FC2 2.50 ± 0.03 5.03 ± 0.13 5.08 ± 0.14
2 FC1 2.21 ± 0.01 4.99 ± 0.16 5.00 ± 0.16
2 FC2 2.29 ± 0.02 4.97 ± 0.14 4.98 ± 0.17

Table A.8: Errors on the training, validation and test datasets for different architectures of the fully
connected layers.

We found the optimal architecture for the first-stage deep network to have four convo-
lutional layers (A4) followed by two fully connected layers (2FC2). The layer structure of
the convolutional layers is: conv-conv-pool module followed by two conv-pool modules.
The number of channels for each convolutional layer was [8, 16, 24, 32] with the kernel
sizes being [7,7,5,5]. All layers used square kernels. The first layer had 8 channels and
used a 7 × 7 kernel. 2 × 2 max pooling layer was used to aggregate the features learned
from the convolutional layers. The optimal network consisted of two fully connected lay-
ers such that the first layer had 256 units while the second layer had 128 units. Dropout
was used between each fully connected layer.
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