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Abstract

Multitarget tracking in team sports videos has been widely studied for the purpose
of analyzing tactics. Since the basic and most important information estimated
from those tracking systems are the player locations, such systems have been ap-
plied in professional team sports, such as soccer. In addition to the player tra-
jectories, knowledge of their poses would provide higher-level cues for analyzing
sports videos. If the poses of the players can be automatically recognized from
team sports videos, more-detailed analysis of the sports plays, such as recognizing
actions or understanding the focus of attention, could be achieved. However, there
are no robust methods for estimating the poses of team sports players, because the

previous techniques only work for restricted patterns.

In this thesis, a novel human pose-estimation framework for team sports videosis
proposed; the framework is integrated with the standard tracking-by-detection ap-
proach, and it is able to estimate most of the poses of the players in such videos.
After tracking either the player windows or the position of the head of a player in
a monocular input video, two independent modules are applied: the first estimates
the lower-body pose (the locations of the four lower-body joints), and the sec-
ond estimates the upper-body pose (upper-body orientation and spine pose). An
integrated version of those two pose-estimation modules is also presented. Each
chapter empirically shows the proposed module can estimate more types of poses
than the previous methods, while achieving competitive results to the previous

methods.

The framework does not use any temporal information, but only the per-frame
player window from a monocular camera. It can use both tracked windows from
the videos, or it can use the detected windows from a single image. Moreover, it
can disregard the effect of local deformations and local changes in pose (including

unknown poses in the training dataset), because it is based on randomized features,



trained by random forests, and obtained from the histograms of oriented gradients

(HOG) features within the global (whole- or half-body) region.

Chapter 1 provides an introduction to this thesis. This chapter introduces the
methods of data analysis that are currently used in professional sports; the chap-
ter defines the types of poses and their meaning in a team-sport context, and the
proposed framework is summarized. Chapter 2 discusses previous work on pose-
estimation techniques (classical motion capture and the recent developments based
on machine learning). Chapter 3 proposes a lower-body pose-estimation module
that uses label-grid classifiers to estimate the locations of the joints on a grid and
the grid-structured features (HOG features) within a tracked player window for
which the center is aligned with the pelvis location. Chapter 4 proposes an upper-
body pose-estimation module that uses poselets-regressors to estimate the location
of the pelvis relative to the head center, by using the HOG features in the upper-
body region, which the head tracker aligns with the head center. This chapter also
proposes a method to estimate the orientation of the body by selecting from five
classifiers that are trained independently using only the images that have a spine
angle within a shared range. Chapter 5 proposes an integrated version of the mod-
ules presented in Chapters 3 and 4; it uses the poselets-regressor twice: once to
estimate the location of the pelvis center relative to the head center, and the sec-
ond time to estimate the location of each of the lower-body joints relative to the
pelvis. Chapter 6 presents the conclusions of the proposed human pose-estimation

framework and also discusses areas of future work.
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Introduction

Human pose provides visual information about the physical states, actions, group activities,
emotions, intentions, and various other attributes of humans. Since the human body is ar-
ticulated, we can consider the skeletal representation of the entire body, or we can consider
the behavior of each of the parts. Evaluation of the motion of the skeletal pose is very use-
ful for understanding human actions, and thus researchers have been trying to decode skeletal
information from images of humans engaged in various activities. If a skeletal pose can be
determined from an image, it can be used to provide mid-level cues to the understanding of
that human activity [1, 2]. In addition, the relative positions of the head and the body can be
used as cues to predict the social relations between individuals or to predict their attentional
focus [3, 4, 5, 6, 7].

In recent years, computer vision technology has been widely used to further our automatic
understanding of human poses. Human pose estimation attempts to determine the location of
each part or joint of a subject person, from either a single image or from a video sequence.
For many years, motion capture systems using multiple cameras and optical markers have been
used for kinematic research; however, recent advances in human pose estimation techniques
and computer vision have enabled consumer-level applications that are based on poses esti-
mated from monocular images and videos. The appearance of Kinect (Microsoft Corporation,
Redmond, WA, USA) drastically changed the human pose estimation techniques that were
available at the consumer level. Shotton et al. [8] established a real-time human pose estima-
tion technique; this technique uses as an input a single-depth image captured by Kinect, and
it then uses random decision forests [9] to classify each pixel into a part class. In addition,

rapid advances in the pictorial structure framework [10] and its extensions [11, 12] have en-



1. INTRODUCTION

abled more robust estimations of 2D human poses from a single image. If the skeletal pose of
a person can be extracted from a single image, it becomes possible to understand the activity
of the subject person from a single image [13].

Most skeletal estimation techniques for use with RGB images are restricted to frontal tree-
like poses [11, 14], and either the skeletal parts can be identified, or the prior gait cycle can
be determined [15, 16]. In addition, computer vision techniques have been used to estimate
the relative orientation of the head and body [3, 5, 17, 18, 19], although those studies have
considered only standing and pedestrian poses.

The goal of this thesis is to estimate the various types of human poses observed in videos
of team sports; the use of such videos to estimate poses has been difficult, because previous
methods in computer vision have been unable to deal with the number and variety of poses
seen in these videos. In other words, the goal of the thesis is to solve the problem of estimating
unconstrained human poses, by establishing a new human pose estimation framework that is
explicitly suited to team sports videos captured in sport stadiums. The proposed framework
is very simple, and it is integrated with the tracking-by-detection framework, which is the
standard approach for tracking the locations of players [3, 20, 21] or the heads of players
[22, 23], that uses object detector responses in each frame are used as the confidence for the

object tracking in video sequences.

1.1 Proposal

The key idea of the proposed method for estimating human pose is the use of visual features
observed within a global person-appearance window, whose center is aligned by tracking (see
Figure 1.1). The proposed method uses the center of the pelvis (pelvis center) or the center
of the head (head center) to align the global person-appearance rectangles that are used in
the proposed joint location estimators, the label-grid classifier (Chapter 3) and the poselets-
regressor (Chapter 4). Since the centers (pelvis or head) of each training image are aligned to a
local grid, the estimates of the location of joints need to consider variations in appearance only
in a sense relative to the center of the local grid.

The method uses only a few selected dimensions of the Histogram of Oriented Gradients
(HOG) [24] features vector observed in each aligned global person window (the blue rectangles
in Figure 1.1); random decision forests [25] are used to select the hierarchical feature dimen-

sions. Since there are wide variations in the poses of sports players, I choose random decision
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(a) Chapter 3 (classification): Estimated (discrete) (b) Chapter 4 (regression): Estimated position of
locations of joints (knee and foot) relative to the the pelvis center (green circle) relative to the cen-
center of the pelvis (green circle). ter of the head (blue circle).

Figure 1.1: Key proposal of this thesis: per-frame estimation of the position of joints relative to
an aligned center, using the aligned global visual features obtained from person tracking or using
detection windows (blue rectangles). (a) Each grid square is classified according to the estimated
location of each joint relative to the center of the pelvis; this is done independently and by using
random classification forests. (b) A poselets-regressor estimates the position of the pelvis relative
to the center of the head; this done by using random regression forests. This framework, which
uses the apparent alignment for both training and testing (via tracking-by-detection), allows the
selection of more compact and more discriminative visual features (i.e., the feature dimensions
used in the histograms of oriented gradients), which can be used to form a robust estimate of the
relative location of each joint.

forests to estimate the positions of joints; random decision forests has also been used for per-
frame head- or body-orientation classification methods [3, 26, 27], which typically use tracked
or detected head or body windows to determine the visual features to be used to estimate the
pose. During training, random decision forests can select discriminative features by splitting
datasets based on the purity of the random subsets at each node in a supervised manner. With
this splitting training procedure, random decision forests can construct hierarchical nonlinear
representations that can be used for effectively classifying or regressing the target variables
(see details in [25]).

The proposed alignment-based pose estimation strategy was inspired by the use of a de-
tector to align the input rectangle in standard facial-recognition protocols [28, 29]. It is also
based on common articulated pose-estimation methods that use part-specific local classifiers
with graph-based 2D constraints; these are often called pictorial structures (e.g., the flexible
mixture-of-parts method [11]); another common method is to use pose-specific global appear-

ance detectors (e.g., poselets [30, 31]). In addition, the proposed framework uses global HOG
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[24] features for which the rectangle window is aligned to the local gird; these can be also re-
garded as pose-indexed features[32]. Pose-indexed features are often used with cascaded pose
regression [32], which is a framework for estimating the shape (or pose) update of objects from
the previous shape estimate; it uses a cascade of random fern regressors to generate 2D shape
deformations, such as a face landmarks configuration [33]. In a cascaded pose regression, there
is a gradual change in the relative center of the pose-indexed feature space. However, in my
framework, a fixed center origin is used for the global person window coordinate, which is
determined by tracking-by-detection.

In the proposed framework, the windows used for estimating the pose are acquired by us-
ing tracking-by-detection with center-keypoint-aligned detectors; the object tracked is either
the person (Chapter 3) whose pelvis is aligned or the head (Chapter 4) whose center is aligned.
Although most multi-target tracking studies have used a rigid pedestrian detector to make as-
sociations between frames, my framework assumes that the tracked window has already been
aligned by using the detector responses or the results of tracking-by-detection. The alignment
of the windows enables us to select the features that will be most useful for using random
decision forests to estimate the positions of the joints or the direction in which the body is
moving. In addition, my framework can work with any method of tracking, and it can separate
the pose-estimation procedure from the tracking algorithm.

The proposed framework can extract various types of information about body poses from
monocular videos of team sports; no previous method can adequately estimate this information,

which is as follows:

Pelvis Center Position The head tracker and the poselets-regressor combine to estimate the
position of a player’s pelvis center. Another option for determining this is to use a person

detector that has learned with its center aligned to the pelvis center.

Lower-Body Pose The label-grid classifier (or the poselets-regressor) estimates the locations
of the lower-body joints; these are the 2D locations of the left/right knees and the
left/right feet.

Upper-Body Pose The body orientation classifiers are conditioned with range of the angle of
the player’s spine. A line between the head center and the pelvis center is estimated by

the head tracker and the poselets-regressor; I will call this the spine pose.
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Poses during Hard Occlusions between Parts Since my estimation method is based on ran-
domly selected features from the appearance of the entire body, the location of each joint

can be estimated, even when the parts form hard occlusions.

Side-view Pose While the popular approaches based on pictorial structures, e.g., [1 1], or part
classifiers [8] have difficulty estimating side-view poses from monocular images, the
proposed framework can accomplish this because of the alignment between the visual

window and the selection of features within the window.

Many methods for estimating poses from monocular surveillance videos are based on com-
puter vision. However, most of them are constrained to the typical poses of pedestrians, as
seen in surveillance poses; for example, see [15, 16]. Most researchers did not use all types of
poses to challenge their methods; some methods [1 1, 14, 34] that use pictorial structures [10]
showed good results for only frontal or star-shaped articulated poses. Pose-estimation methods
based on pictorial structures, such as the flexible mixture-of-parts method [1 1], cannot provide
a good estimate of side-view poses, poses with hard occlusions, or many types of sports poses
(see Chapter 2 for more details).

Computer vision has rarely been used to estimate the spine pose from monocular videos
with unconstrained variations in human poses. Unlike the spine poses seen in surveillance
videos, where most people are walking or standing, there is a wide variety of spine poses seen
in sports players, because, for example, they may bend their upper bodies during defensive
moves or stand upright to run at high speed during offensive moves. Estimating the orientation
of the body also becomes more difficult for videos of team sports, because it is easier to classify
aligned images of pedestrians than it is to classify unaligned images of sports players who have
spine poses at many different angles relative to the frame (spine angles; see Figure 4.2 in
Chapter 4).

If a single generalized framework can allow us to use monocular sports videos to estimate
those more difficult poses and views (e.g., side views, hard occlusions, spine pose, bent over),
then that framework can be used to automatically recognize all types of poses seen in sports
videos. However, there have been only a few studies that have attempted this.

There are various methods for estimating human poses based on multiview cameras, such
as for surveillance [35] or team sports [36]. While it would seem that these approaches could

be applied to any pose, they only work for the star-shaped configurations, because they depend
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on either a pictorial structure framework [10] or a part-classification approach, such as those in
[8, 11] (in Chapter 2, I will discuss recent methods that use pictorial structures).

In the first section, I will define what I mean by human pose in this thesis from the team
sports video perspective, and in Section 1.2, I will discuss how it is modeled. In Section
1.3, I will consider the requirements of the vision-based human pose estimation techniques
for the analysis of sports data (the background to my framework will be provided in Chapter
2). Section 1.4 summarizes the meaning of the pose of each part in order to clarify how they
contribute to the final estimated pose of the whole person. Finally, Section 1.5 provides an

overview of the proposed framework and the overall structure of this thesis.

1.2 What Is Human Pose?

In motion capture and kinematics, the human body is typically modeled as a collection or
tree structure of parts, in which cylinders are used to represent each body part. This model
is sometimes referred to as an articulated human body model. For example, [37] uses a 3D
model of a human shape and then the parameters of the model are tracked when it is fit to
multiple camera images. In those models, adjacent sections are regarded as being connected
by a joint. The transformations between two parts (the joints) are defined in the local 3D
coordinate system, where the center of the parent joint is at the origin; the centers of child
joints can be transformed from a global coordinate system to the local system. By using this
relative transformation representation between each pair of adjacent joints (or parts), the global
location of each joint can be calculated from the root joint by traversing along the tree structure.

In this representation, human joints have various numbers of degrees of freedom (DOF),
depending on the possible rotations of the joint relative to the three orthogonal rotations (roll,
pitch, and yaw). While some joints, such as the knee, have only one DOF, others, such as the
shoulder, have three. We often represent an articulated model as the sum of the DOF of each
of the parts (e.g., 31 DOF). In the graphics or video game industries, this articulated skeleton
representation of humans (or human-like creatures or robots) is used to render the animations
from the skeletal motions that have been manually designed or from data obtained by a motion
capture system. This model is frequently used for articulated robots.

Classical motion capture systems use image processing techniques to track the markers on
the surface of the subject; these markers are placed at the joints. Since real joints are within

the human body and thus cannot be directly observed, three or four markers are placed on
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the surface around each joint, and their trajectories are used to represent the trajectories of the
actual joint . For about twenty years, motion capture systems have been used for purposes such
as animated movies, video games, and kinetic/kinematic experiments. We can use the real-time
motion capture results of Kinect or other RGB-D sensors, although they cannot capture precise
joint locations but only estimate them to within a centimeter or two (see Chapter 2 for more
details).

Classical motion capture methods and Kinect infer the locations of joints, but they do not
infer the degree of rwist between parts. The orientation of the body can be approximated on
a plane by estimating the location of the shoulder joints and the pelvis center, but the original
estimation framework of the Kinect sensor only infers the locations of the joints.

Another important issue is that variations in the shape of the human body must be modeled
in order to capture a pose from color images or depth images without using markers. In order
to use 3D point cloud data obtained by a scanning system to measure the shape of a person,
statistical shape models [38, 39, 40, 41] are usually fit to the data. Markerless motion capture
[42, 43, 44, 45, 46, 47] can also be achieved by fitting a 3D model to a silhouette image or to
edge-based features that (are assumed to) represent the shape of the person. These methods
use a 3D body model that has almost the same shape as that of the subject. Even depth-based
methods, such as the Kinect method [8], depend on the use of random forests to select the
body shape features. Hence, abstracting the contour or the shape of a person is important for
markerless shape-based pose-estimation methods.

Dealing with variations in clothing is another key to achieving markerless shape-based pose
estimations. In team sports, most players wear simple, close-fit clothing of similar colors. For
this reason, it is easier to use visual features to estimate human poses in sport videos than
it is to estimate them in general surveillance videos. For this reason, my previous work in
motion capture used the foreground region, contours, or other edge-based features to acquire
the features for representing body shapes [48]. This contour-based feature approach is based
on the same idea for detecting object features that is used in HOG for detecting the presence
of people [24] and the deformable part models [49] for detecting the presence of objects (these
models use HOG to represent both the local and global appearances). These approaches [24,

] ignore the color and calculate the orientation histograms from (gray-scale) edge images, in

order to learn the variations in the contour-like global appearance of the target object class. In

''A joint in an articulated model can be regarded as a functional joint, because the real (anatomical) joint is at a

different location and does not always match the exterior behavior.



1. INTRODUCTION

a previous study, head and body orientations were estimated by integrated tracking techniques

(see Chapter 2).

1.3 Motivation: Necessity for More-Detailed Computer Vision Sens-
ing of Human Data and Data Analysis for Sports

Following the current trend in the analysis of big data, vision-based sports data sensing, anal-
ysis of measured data, and manually tagged higher-level data are being used for tactical anal-
ysis by professional and Olympic sports teams. These data include basic information for
sports plays, such as 2D player trajectories on the field, manually tagged action information
(e.g., ’shoot,” or ’pass”), and other higher-level group tactics (e.g., “formations” and ”one-two
pass”).

Although in some soccer and basketball stadiums, player tracking is performed automat-
ically with multi-camera tracking products (e.g., TRACAB [50] and SportVU [51]), tracking
players with videos is rarely performed. Moreover, in American football or soccer, tagging of
the action or even the trajectories of the players is not automatic, but is performed by humans.
For example, a Japanese sports data analysis company, Data Stadium, analyzes the high-level
meta information for various professional sport teams and broadcast companies, and these la-
bels (such as “shot,”, “pass,” and other various types of shots) are applied manually. This
manual labeling of actions is expensive and requires the labelers to have a professional level of
knowledge of the sport. For this reason, technologies enabling the automatic labeling of player
actions or trajectories using computer vision techniques will be in high demand in the sports
industry; there is an existing demand to be able to analyze digital sports data without the need
for labor-intensive labeling of the input data.

In a study that used computer vision techniques to explore the processing of social signals,
Bazzani [52] stated, "The automatic analysis of data is becoming mandatory for extracting
summarized high-level information (e.g., John, Sam and Anne are walking together in group
at the playground near the station) from the available redundant low-level data (e.g., an im-
age sequence).” Although that study [52] was written from the point of view of surveillance,
the analysis of team sports videos faces the same challenges. However, most methods of rec-
ognizing sports plays and most data-mining techniques use only the trajectories and locations
of the players and do not use information about their poses [53, 54, 55]. Hence, because it

can interpret appearances in terms of postural changes, the proposed framework will enable
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the pose-based analysis of team sports. Since sports players tend to vary their pose far more
than do people in surveillance videos, we cannot easily use the same approaches for them as
for more common group activities (see, e.g., [5, 56]). For this reason, it is necessary to use
videos of individual players in order to produce the appropriate pose and activity labels, prior
to labeling group activities in sports videos. One of the biggest motivations for this study is the
need to estimate the body poses of players in team sports.

In the field of computer vision, action recognition using skeleton information estimated
with human pose estimation or key-pose detector as features has been studied with RGB videos
alone [1, 2, 57] and with RGBD videos [58, 59, 60]. The RGB-based methods have also begun
to achieve good results for action recognition, although they are unable to recognize complex
actions or large varieties of human poses, since they simply classify the semantic class of
the simple action (e.g., ”jumping” or “punching”) with only constrained camera views. If
Kinect-like human pose information can be extracted even from RGB videos, we can attempt
to capture and analyze natural human actions from team videos. Although previous human
pose-estimation techniques for a single image with pictorial structures such as [11, 12, 61]
have obtained good results for frontal human poses, they are weak when estimating side-view
and parts-occluded skeleton poses; note that in soccer, American football, and many other
team sports, side views of players are often captured. This limits the usefulness of the previous
methods when it comes to analyzing videos of team sports. Hence, this thesis proposes a new
approach to estimate the skeletal pose from team sports videos as well as estimate the positions

of joints even when the parts are occluded or the person is viewed from the side.

1.4 What Do the Partial Poses Contribute to Our Understanding
of Team Sports?

In order to strengthen the contributions of this study, this section will briefly review the meaning
and interpretation of each pose (or motion) of human parts that were identified by the team
sports analysis of the proposed method. Note that I will only consider this from the perspective
of sports action; I refer the reader to [62] for the social signal perspective.

Figure 1.2 summarizes the meaning of each pose identified for players in team sports. The
proposed framework regards the pelvis center joint as the center of the entire body and hub
connecting the upper and lower halves of the body. The following subsections will discuss the

meaning of each of these poses in the context of team sports.
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Foot step patterns
(normal step/side step/cross-step)
Leg poses (as key pose)
Shot or pass (Soccer)
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Figure 1.2: The meaning of each type of pose in the context of team sports. In the left column, the
tracking summary and the five key frames of this sequence are shown, with the estimated body pose
information indicated in red. In the right column, blue rectangles show the pose types (underlined)
and the corresponding pose of the lower body. Red rectangles show the types of upper-body poses.
The green rectangle shows the most common pose type (pelvis center).

1.4.1 Leg Pose

1.4.1.1 Key Pose during Running

Running is a rapid cyclic action of the two legs. In team sports, players primarily run forward,
but they sometimes run left, right, or even backwards, while keeping their (upper) body frontal
to the opponents, goal, or some other target that requires their attention. If the leg pose is
observed in a video, we can recognize the state change of the foot steps (e.g., normal-step,
side-step, and cross-step) during running, and thus we can classify the action by using the leg

poses as features.
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1.4.1.2 Shot and Pass Actions

In soccer and some other sports in which the leg pose is important, the skeletal leg parts can
serve as direct cues for recognizing the lower-body actions, such as shot and pass. If the
lower-body joints can be measured from videos, those lower-body (leg) actions can be easily

recognized from the measured information about the pose.

1.4.2 Head and Body Direction as Attentional Cues

The head and body direction of team sports players are attentional cues, and they are important
for determining the intention or the coverage area of each player. I note, however, that since
the intention of the play can be automatically recognized in this way by the opponents, players
may deliberately hide their real intentions.

In the context of surveillance, there have been many proposals for estimating the head
and body directions of pedestrians [4, 17, 18, 26]. Although in the surveillance context, the
direction of movement and the orientation of the body tend to be aligned when people are
walking, those of sports players are often very different, because the players must frequently
pay attention to the actions of their opponents.

There are previous studies that have used 2D trajectories of the players, such as motion
fields [63], to predict the players’ trajectories or the group’s common intention. In contrast, the
orientations of the head and body show the other kind of attention or intention of the players or

they show the same attention or intention of moving directions (2D player trajectories).

1.4.3 Spine Angle as an Indicator of Offensive or Defensive State

The angle of the upper-body offers a clue as to whether a player is in an offensive or defensive
state. In general, offensive players tend to stand straight, and defensive players tend to lean
forward, particularly in team sports that require running to a goal. In American football, for
example, running players, such as wide receivers and running backs, do not lean forward, since
their goal is to move toward the goal as quickly as possible. On the other hand, defensive
players tend to lean forward, and they move slowly; this position allows them to use more

power to block their opponents.
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1.4.4 Estimated Pose as the Key Pose for the Mid-level Features and Activity
Recognition

The poses in each frame of a video can serve as key poses of the motion, or they can show a
static condition of a person or group. From a multimedia perspective, the key frame or key pose
of a video can be used to extract the most important shot or to segment the video or action into
multiple (semantic) segments or temporal components. If we segment a video or an action into
several temporal segments [64, 65, 66, 67], the key frame and key pose serve as boundaries
between the neighboring segments or between the representative shot of each segment. If we
use key frames or key poses as the inputs for summarizing or identifying a video or action, the
key poses can be regarded as prototypes of the video or action [2, 68, 69, 70, 71].

Since human actions consist of motions of various body parts, low-level visual motion
features and low-level visual features around the spatio-temporal key point or tracked key point
trajectories have been used as cues for activity recognition; examples of this include cuboid
features around the (STIP) key points [72], optical flows [73], and dense trajectories [74].
However, if the skeletal poses are estimated beforehand, such as by Kinect [8], the mid-level
poses can be estimated more easily, and simpler pose-based gesture can be used as cues for
activity recognition. The key pose also assists in the recognition of actions from a single image
or from a video [1, 2]. Since the proposed framework can estimate the locations of the lower-
body joints, the spine pose, and the orientation of the player’s body, these estimated poses will
be able to be used as cues for person/group activity recognition or multimedia applications,
such as video retrieval or video summarization (this will be discussed as an area of future

research in Chapter 6).

1.5 The Outline and Contributions

The outline of this thesis is summarized in this section (it was also discussed in Section 1.1).

The challenges and the contributions will be summarized below in Sections 1.5.2 and 1.5.3.

1.5.1 Outline of the Thesis

The human pose-estimation framework proposed herein is a per-frame pose estimator that is
integrated with object trackers (the player tracker in Chapter 3 and the head tracker in Chap-
ter 4) of the subject player. After the tracker provides a rectangular window image of the

player, each of two modules independently infer the lower-body and the upper-body poses of
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Input: 2. per-frame pose estimation
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Figure 1.3: Overview of the framework. The left side of the figure shows the tracking part of the
framework, and the right side of the figure shows the two pose estimators: the lower-body pose
estimator (Chapter 3) and the upper-body pose estimator (Chapter 4). Both pose estimators utilize
center-aligned global person appearances in each frame to estimate the corresponding output poses.

the player. The two modules provide the visual features within the tracked window in each
frame. The per-frame and aligned whole-body image strategy also enables a alignment-based
pose estimation, although here I primarily consider using the tracked windows to obtain an
estimation.

Section 1.5.2 describes the target poses seen in some specific target scenes, and it discusses

the difficulties in estimating them. Section 1.5.3 summarizes the contributions of this thesis.

1.5.2 Problem Setting: Target Pose and Appearance Variation

There are two main targets of the framework: (1) the 2D positions of the joints in an image,
which are used to estimate the skeletal pose of the player, and (2) the body orientation and the
spine pose, which is the 2D line between the head center and the pelvis center. That is, this

study explores the estimations of the two main variables of each part, which are: (1) the 2D
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location of each part and (2) the twist and tilt of each part (these were defined in Section 1.2).
The module for the lower-body pose (Chapter 3) estimates the location in an image of each
of the lower-body joints, and the module for the upper-body pose (Chapter 4) estimates the
orientation of the head and body (output 1) and the spine pose (based on the locations of the
head and pelvis centers; output 2).

The proposed framework divides these estimates into two subproblems: estimating the
locations of the four lower-body joints (Chapter 3) and estimating the upper-body spine pose
and the orientation of the body (Chapter 4). Those two challenges become too difficult to solve
when I include variations in clothing for which the visual features are too widely distributed.
However, the most important goal in pose estimation is to be able to deal with many types of
poses (and appearance) for sport-specific actions. It is not necessary to be able to deal with
varied clothing in sports scenarios, because the players in a giver sport wear similar uniforms.
Therefore, the primary changes in appearance are due to postural changes during the various
actions.

For the above reasons, this thesis focuses on solving the human pose estimation problems
by training a sport-specific appearance model with HOG and random forests; that is, the model
only knows the postural appearances for a specific sport. For instance, I used only images of
American football to train a poselet-regressor, and I used only images of soccer to train body-
orientation classifiers. This sport-specific approach allows the pose-estimation model to focus
on only the variations in pose and appearance (feature distribution) that occur in the single
sport for which the model is used. In the following subsections, I will discuss the two target

poses that must be considered when using a sport-specific model.

1.5.2.1 Skeletal Pose Estimation for Nonfrontal Views

The proposed framework focuses on estimating the skeletal pose of nonfrontal and nonrear
views, which were not explored in previous studies. As will be summarized in Chapter 2, in
previous work, side-view skeletal poses have only been estimated, but the estimation of frontal
upper-body poses has been explored using parts detectors and pictorial structures.

The main reason for this is that the focus was primarily on estimating frontal skeletal poses
by using pictorial structures that assume that a person can be viewed as a tree structure com-
prising local parts [11, 61], and with this approach, it is difficult to deal with the various types
of inter-part occlusions. The proposed pose-estimation approach is intended to be able to over-

come the difficulties with occlusions by using the global and aligned HOG features.
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1.5.2.2 Estimating Body Orientation When the Upper Body Is Bent

The proposed framework (Section 4) can be used to estimate the upper-body orientation even
when the person is bending over. As I will discuss in Section 2.4, previous estimates of the
upper-body direction or orientation have mostly considered pedestrians with an upright upper
body. This assumption greatly reduces the variation in the appearance data, and it is much
smaller than the variation in my unconstrained setting for the poses of players of team sports.
Moreover, note that players often perform sport-specific actions that cause the upper-body
poses to vary much more than they do in pedestrians.

On the other hand, previous work on upper-body pose estimation did not consider estimates
of the body direction. The reason for this is that they mainly assumed that people would appear
with frontal poses in most high-resolution images on the Web or TV (See Section 2.4 in Chapter

4).

1.5.3 Contributions

The contributions of this thesis are summarized as follows:

o Estimation of the relative location of human joints, using the center-aligned global per-
son appearance (HOG features from the whole body window or half body window); most

previous work relied on local part detection [1 1] or part classification [75].

e Spine pose estimation using a poselet-regressor and from the upper-body HOG appear-
ance, with its center aligned to the head center; this is done without using the pictorial
structures framework, which has been the standard strategy for human parsing from im-

ages.

o The first method for estimating the location of joints in side-view poses during running
for monocular videos. This is critical for estimating the poses of players of team sports,

since much of the time, they are running in the direction of the goal.

o Estimation of body orientation, even when the spine is at a steep angle; previous work

considered only the body orientation of standing pedestrians.

e The proposed center-aligned visual feature space with feature selection is robust against
occlusions of parts, because the space captures the selected global appearance for esti-

mating the relative positions of joints with random decision forests.s
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e Detailed estimations of human pose, using only monocular videos; previous methods
include multiview and part-based pose estimation methods [75, 76]. With this ability,

the proposed framework can be used for the analysis of sport video archives.

In addition to the above contributions, the proposed framework has the following charac-

teristics for both the upper-body and lower-body estimators:

o Per-frame estimation of the position of each joint is done independently using the appear-
ance features for the whole body (global HOG features are selected by training weak
classifiers of random forests). Whereas the structured prediction approaches that use
pictorial structures need to infer or search for the best configuration of the joints, my ap-
proach does not rely on inference from pictorial structures as priors, because it depends
on the aligned appearance of the whole body while it is being tracked, and it uses the

poselet-regressor to estimate the pelvis center.

o Training of the estimators must be performed only once for any given type of team sports
clothing, providing that the appearance of the people in the test videos is sufficiently
similar to that of the people in the training images. The HOG features and the random
forests also contribute to this by creating local deformation invariance and by ignoring

the uninformative features during feature selection.

e Rough alignment of the tracker-based center and the HOG features make the method
robust against some degree of drift of the tracker. This enables us to use the tracker re-
sults to determine the alignment-based skeletal pose and to estimate the orientation. The
computational cost is also limited due to the dependence on the tracking-by-detection

results.

These characteristics will be discussed again in Chapter 5, along with the presentation
of further experiments using the integrated method. Naturally, the above characteristics (or
my novel approach of estimating the pose of moving people) also have some disadvantages
and limitations. I will discuss these along with the experimental results in Chapters 3-5. In
Chapter 6, I will discuss directions that can be pursued to correct these limitations, but that are

beyond the scope of this thesis.
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Related Work

This chapter will discuss work related to that presented in this thesis. In Section 2.1, I will
provide a brief overview of classic motion capture systems, which depend mainly on image
processing and multiview geometry techniques. The early systems depended on optical-marker
tracking, and they were constrained to people wearing black costumes or to chroma-keying in
order to simplify figure-ground segmentation. Later, techniques were explored that were based
on fitting human-shaped models to a human foreground region [48, 77]. These techniques did
not use machine learning procedures to directly train the poses that were output from the visual
features.

From Section 2.2, I will summarize recent advances in machine-learning techniques for
estimating human pose; these can be viewed as the foundation of the proposed framework.
Section 2.3 discusses previous papers on estimating skeletal joint positions that are related to
the proposed lower-body pose-estimation method (Chapter 3). Section 2.3 discusses previous
papers on estimating head and body directions that are related to the proposed upper-body pose-
estimation method (Chapter 4) in Section 2.4. The integrated method (Chapter 5) is related to
Sections 2.3 and 2.4.

There are two important considerations in the following discussion on related work. The
first is to note that most of the previous work for estimating joint poses employed part detectors
that output configurations of graphical models (e.g., [11]), or they used pixel-wise segmenta-
tion with a part classifier (e.g., [8]). Instead of performing these per-pixel segmentations or part
detections in a sliding window, my work builds a visual feature space within the center-aligned

global person appearances. This enables a one-shot estimation with the per-frame global HOG
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Figure 2.1: Categories of motion capture and human pose estimation.

appearance using random forests, while the previous methods must perform per-pixel classifi-
cations with a sliding window.

The other important consideration is that the proposed framework was inspired by previous
methods for estimating the head and body orientation that use the global appearance provided
by person detectors [3, 26, 27]. The global pose representation is the same as the poselets
detector [30], but the proposed label-grid classifier and poselets-regressor assume that a con-
tinuous global appearance feature space with an aligned center is provided by the tracker of the
central joint. In my framework, the center-aligned global windows in each frame are provided

by the person tracker (Chapter 3) and the head tracker (Chapter 4).

2.1 Classic Human Motion Capture Techniques

This section briefly discusses the history of motion capture techniques and the estimation of
human pose in (mainly) the field of computer vision.

Human pose-estimation techniques can be categorized as follows:

e Marker-based versus markerless motion capture using multiple cameras.
e Multiview versus single-view cameras.
e Video based (RGB image) versus depth based (depth image).

e Image processing and multiview geometry versus machine learning.
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These pairs can be also summarized as a hierarchical tree, as shown in Figure 2.1. Although
it does not include the image processing/ machine-learning pair, Figure 2.1 shows a bird’s-eye
view of human motion capture techniques .

Commercial marker-based motion capture systems (such as the products of VICON [78]
and OptiTrack [79]) depend on the 3D reconstruction of the path of markers attached to the
subject. They also require the wearing of black suits to make it easier to track those markers
with classic image-processing techniques with multiple IR cameras. Although they can track
the 3D positions of the markers precisely, this technique can be applied only to a person wearing
a black suit in an experimental room, and it requires a long preparation time to mark the suits.
Moreover, the marker-based motion capture systems tend to be expensive, because multiple
infrared cameras are needed. They are sometimes combined with inertial sensors (such as
the products of Xsense [80] and SYNERTIAL [81]). The motion capture systems that use
inertial or gyro sensors can provide clear motion data without requiring a studio or particular
clothing. However, those systems are still expensive, because the inertial sensors are precision
instruments.

Markerless motion capture using multiple cameras (e.g., Organic Motion [82]) has also
been used for the same purposes as that for maker-based motion capture. Although this method
does not require markers, it can be only used with a monocolor background to the capturing
area (this is also called chroma keying). To estimate the 3D skeleton of a subject in each frame,
this method fits a silhouette of the 3D human-shaped model onto the foreground region that
was extracted with background subtraction of the chroma key monocolor. The human-shaped
model represents limbs with cylinders, and the model is fitted to the foreground contour of the
subject. The fitting error is viewed as a likelihood, and the human skeletal pose is tracked by a
Kalman filter or by a Bayesian tracker.

Both marker-based methods and markerless methods require some restrictions on the im-
ages captured from multiple cameras. For marker-based methods, monocolor suits are needed
if the marker position is to be tracked using only classic image-processing techniques. On the
other hand, markerless methods require a monocolor background to calculate clear and accu-
rate foreground regions. Since their target is a real-time and precise capture of motion, they use

monocolor suits or a monocolor background. However, this restriction had been the main issue

'This figure is taken from the tutorial “Motion Capture from RGB-D Camera” in the CVPR
2014 tutorial “Towards Solving Real-World Vision Problems with RGB-D Cameras ” (http://www.iai.uni-
bonn.de/ gall/tutorials/visionRGBD14.html).
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preventing motion capture in real environments. See [48, 77] for more details on the classic

motion-capture techniques that do not use machine learning.

There are also markerless motion capture methods that use a complex background with gen-
erative tracking techniques and a human-shaped model for evaluating monocular RGB videos
[42, 43, 44, 45, 46, 47, 83]. These approaches depend on a sampling-based tracker, such as
an annealed particle filter [83], to sample the candidate silhouettes from the 3D human-shaped
model, and they use the distance between the (sampled) model and the foreground in each
view as a likelihood for the annealed particle filter. Since a 3D human-shaped model typically
has about 20-30 DOF for joint movements, it is necessary to sample many silhouettes in each
frame or to use an iterative method so that the cost function converges in the large search space.
This is because the annealed particle filter requires a long time to estimate the pose in the next

frame. See [44] for a comparison of the tracking-based markerless techniques.

Since 2010, Kinect and other RGB-D sensors have become available [84], and we can now
perform markerless motion capture techniques or tracking-based techniques without monocolor
environments or suits and in real time, because the data captured by the depth sensors can be
easily segmented into the foreground human region and the other regions. For example, [85]
uses three handheld Kinect sensors to acquire the foreground point cloud of a subject, and
performs markerless motion capture (this method also performs camera pose estimation and
computes the registration between the point clouds of each view). At the same time, we also
have OpenNI [86] and Kinect for Windows SDK [87], which use machine learning techniques
to capture the human pose in real time. These methods and products suggest that we can easily
capture the skeletal pose with inexpensive RGB sensors in real time, and we can use Kinect to

capture the depth data.

However, Kinect can only capture depth data in indoor environments and in regions near
the sensor (within 5 to 10 meters). For team sports videos, we also need to capture image data
in outdoor fields, and these cannot be captured by the Kinect depth sensor. Moreover, even
in indoor environments, such as basketball courts and hockey rinks, Kinect cannot capture the
depth data of the players, since the distances are too great for it to capture a broad region at one

time.
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2.2 Previous Work Using Machine Learning: Overview

This section provides a brief overview of the human pose-estimation techniques that use ma-
chine learning.

In Section 2.3, I will discuss papers that are related to the lower-body pose estimator (Chap-
ter 3), and in Section 2.4 I will discuss those related to the upper-body pose estimator (Chapter
4).

Current state-of-the-art human pose-estimation techniques that use machine learning have

the following disadvantages:

e Most of the body parts must be shown in the image. Hard occlusions of parts makes it
difficult to estimate the human pose, because a tree-based representation of human parts

is assumed, and it has difficulty handling a large number of parts.

o For the upper-body pose estimation, previous methods that used pictorial structures [10,
, 14] relied heavily on detection of the arm in order to estimate the spine pose. Hence,
the spine pose cannot be estimated if most of the arm is occluded, because arm parts are

hard to detect with part detectors.

e They can estimate the head and body orientation only when the person is standing, be-
cause the previous methods [4, 17, 18, 26] only dealt with (standing) pedestrians. For this
reason, it is difficult to use the previous methods, which are for predicting the orientation

of pedestrians, to estimate the body direction of a bending player.

e They cannot estimate the locations of joints in side-view poses. The pedestrian skeletal
pose-estimation methods [15, 16, 88] can only estimate the side-view poses by using
trained priors and assuming that the subject will only appear in a side view for a single

gait cycle.

Since consumer depth sensors, such as Kinect, are intended to capture the natural pose or
behavior of a person, they are customized for estimating the front of the body of the person
who is interacting with the display, the PC, or some other device. Thus, they are not good at
estimating side-view poses, because this view is not one of its targets.

As I will discuss in the next section (Section 2.3), previous human pose-estimation methods
that use the popular pictorial structures framework can only estimate frontal and star-shaped

poses. The estimation of side poses has barely been explored in the field of computer vision.
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The proposed method will disregard pictorial structures and estimate side poses by using a
label-grid classifier or a poselets-regressor.

As I will discuss in the following section (Section 2.4), human body orientation methods
are restricted to estimating the pose of standing pedestrians. They cannot deal with bending
poses. Moreover, previous upper-body pose-estimation methods that used pictorial structures
require a frontal view, because they are mainly targeted at estimating the skeletal 2D pose of a
person with a frontal pose in photos, web images, sit-coms, or movies. In these images, people

tend to appear to the camera in a frontal direction.

2.3 Previous Work Related with the Proposed Lower Body Pose
Estimation Method

First, I review human pose estimation methods using the classical silhouette-based template
matching technique for team sport videos (Section 2.3.1), which is not robust and is just for
graphics visualization. Next, | review two types of human pose estimation techniques: human
pose estimation from a single image using pictorial structure (Section 2.3.2), and motion model
regression (Section 2.3.3). Finally, I review instance template detection techniques such as

poselets [89] and Exemplar-SVMs (Section 2.3.4).

2.3.1 Exemplar-based Pose Search Methods

Germann et al. [90] proposed silhouette-based database matching methods for soccer players.
These methods first construct an exemplar-pose database with silhouette images of players. At
test time, their method first finds the most similar silhouette from the database in each frame,
and then applies optimization through multiple temporal multiple frames. The resulting poses
are not very accurate because the exemplars cannot include every type of human poses, and are
sensitive when extracting the silhouette via background subtraction. Moreover, this approach

involves a high computational optimization cost.

2.3.2 Single Image Pose Estimation Using Deformable Part Models

The FMP [11] is the extension of the deformable part models (DPM) [49] that are used to
estimate the pose of the human by inferring from the best part configuration. DPM was orig-

inally a weakly-supervised model using latent support vector machines (latent SVM) to learn
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the appearances and locations of each part detector automatically from the labeled whole object
window. On the other hand, FMP is a supervised version of DPM and uses mixture-of-parts to
represent the discrete changes of each part appearance. FMP [49] accurately estimates frontal
poses of subjects opening their legs and arms. However, FMP cannot precisely estimate the
poses that have feet and arms occluded, because it depends on the part-detection scores and
depends on the tree-graph where each subnode (arms and feet) is widely open.

For this reason, pictorial structure model, such as FMP, tends to estimate the pose of a
person who looks at right or left and even frontal poses incorrectly, because it is hard to detect
each arm or leg part in those poses owing to their ambiguous and incomplete part appearances.
Moreover, it is difficult to model the configuration with one tree-structure model for frontal,
side and bending poses. The model needs to learn those models separately.

More recently, Poselets-based [89] pictorial structure approaches have been studied [12,

]. Although those methods overcome the weakness of FMP by representing the relationship
between parts using poselets (which are larger parts than parts of FMP), they are still poor
at hard occlusion cases because they still depend on the pictorial structure. A multi-camera
approach [75] helps to deal with part-occlusions, but even this methods is not able to tackle
with side running scenarios where part-occlusions occur frequently.

There is also a method involving an occlusion handling scheme using an occlusion detector
and part-based regression [91]. While this method provides good results with small occlusions
between parts, it also cannot estimate side poses because it still depends on the pictorial struc-

ture.

2.3.3 Motion Model Regression and Pose Manifold Methods for Pedestrians

If the human pose model only includes the pose types within one action class, such as walking
or swinging a golf club, pose estimation can be solved using regression techniques with fixed-
view training images. The tracking method using Gaussian Process Regression [15] is popular
for learning a (latent) 3D pose manifold from cyclic pedestrian images from one camera view
or multiple views.

For pedestrian pose estimation, Gammeter et al. [88] proposed a people tracking and
pose estimation method for pedestrians using Gaussian Process Regression. Rogez et al. [92]
proposed a per-frame pose estimation of human pose estimation based on Random Decision
Forests [93] and pose manifolds of a gait sequence with HOG features. [92] is close to my

method in Random Decision Forests for pose classification. However, their Random Decision
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Figure 2.2: Flowchart of the proposed lower body pose estimation framework.

Forests class is based on camera views and gait manifold cycle, while my Label-Grid class
is the grid of HOG features. Additionally, they do not predict the joint positions precisely
because they just find the most similar walking pose exemplar on the gait manifold. These
methods only investigated the pose distribution of walking people. They can learn the latent

transitions between the poses of pedestrians, but cannot afford to include every types of poses.

2.3.4 Poselets and Exemplar-SVMs

My pelvis-aligned detector and Label-Grid classifier are both inspired by the poselets [89]
framework. Poselets are the detector of one specific pose of a middle-level human part detector,
which can be learned from training images with the same aligned pose and same scale images
but from different subjects (e.g., upper body Poselets with their arms crossed).

Exemplar-SVMs [94] is an object detection method using per-exemplar detectors. It detects
exemplars using each exemplar-SVM to detect multiple appearance types of an object class.
Exemplar-SVMs separately train each training instances independently by regarding the other
all positive examples as negatives. By using all exemplar-specific SVMs, this frameworks not
only can detect per-exemplars but can even detects sub-category level with exemplar-SVMs
with in-category exemplars (e.g, with 100 frontal car exemplar detectors).

On the other hand, my pelvis-aligned detector learns multiple scales and poses of an ob-
ject class altogether. This one-detector solution makes it easy to integrate with a tracking-by-
detection scheme, while the goal of Exemplar-SVMs is robust object detection even with only

one image using multiple SVMs that know the hard-negatives.
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2.4 Previous Work Related with the Upper Body Pose Estimation
Method

The estimation of head and body orientation from low resolution videos has been studied for the
purposes of video surveillance [17, 18, 26, 95, 96]. The body orientation of the subject, which
the proposed framework predicts, has also been used for group activity recognition [5, 56, 97]
as context features between interacting people.

There are two main approaches for body pose estimation from a fixed camera view: 1)
human pose/orientation estimation from a single image; and 2) human body pose or orientation
estimation from videos based on the position of the person/head tracker. Inferring the skeletal
body pose or body orientation is quite useful for many applications, such as searching for
semantic key poses from TV shows [98], recognizing pose and clothing attributes of a person
[99], recognizing the interaction between two people [7, 19], and recognizing the interaction
between an object and a person [ 100, ]. I will review human pose estimation methods from
a single image in Section 2.4.1, and human pose estimation methods from videos in Section
24.2.

Another categorization of related work is the human pose estimation for (1) the skeletal
pose and (2) the head/body orientation. The proposed poselet-regressor is the skeletal pose
estimator of the (simplified) 2D spine line while the proposed spine-conditioned body orienta-
tion estimators are the body orientation estimators. The single image methods in Section 2.4.1
are related to the poselet-regressor, while the tracker-based orientation estimation methods in
Section 2.4.2 are related to my spine-conditioned body orientation estimators.

While skeletal pose estimations are mostly performed using a part-detector strategy, the
proposed strategy in Chapter 4 employs the global aligned window to estimate the skeletal
spine pose. This tracker-based joint location estimation of the poselet-regressor is inspired by
my lower body pose estimation work [102] (Chapter 3), which also uses the body tracker for
the window alignment and used random classification forests to estimate the lower body joint

locations.

2.4.1 Human Pose Estimation from a Single Image

There are many papers that try to estimate the skeletal body pose from a single image [7, 19,
, 61, 98, 99, , , ]. These approaches mainly estimate the frontal 2D skeletal bone

of the subject and the regions of each part of the body.
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The most popular approach to skeletal human pose estimation uses pictorial structures [ 10,

], where the body parts configuration of the person in the image is represented as a graphical
tree model of body part region appearances. After the success of the Deformable Part Models
(DPM) [49], the pictorial structure framework for people detection is extended with DPM to
jointly detect the part locations with structured prediction, such as a flexible mixture-of-parts
model (FMP)[11].

FMP [11] is robust for the frontal pose images because it employs a tree-structured graph-
ical model of part detectors, which are trained as the mixtures of the part appearances from
the training dataset using k-means. While FMP [11] gives very good results for frontal human
poses, it cannot infer the partially-occluded side poses accurately because the tree-structure
of the graphical model does not appear when the arms and legs partially occlude each other.
In team sports videos, there are many side-view pose appearances in which it is difficult to
estimate the parts locations using part-based models.

Part-model approaches find it difficult to estimate the pose: (1) when multiple parts are
occluded; (2) when the image is low-resolution and the parts have similar appearances, making
it hard to discriminate each part correctly; and (3) when the person is in non-frontal side poses,
which are hard to model with tree part-models of pictorial structure.

There are also per-frame classification or regression methods for estimating each part loca-
tion from a single depth image [8, ]. Additionally, there are part-model approaches using
multiview images [75]. In contrast, my approach does not use depth image or multiview inputs,

but only use monocular RGB images.

Poselets: Detection of One Specific Pose.

Bourdev and Malik [30, 31] proposed human (partial) pose detectors, poselets, which can be
also regarded as a human (partial) pose silhouette detector. The poselets have been also used
for the middle-level parts for human pose estimation methods with part-based models [61].
Pishchulin et al.[ 1 2] proposed the poselet-conditioned pictorial structures approach, which uses
the poselets as a mid-level representation of multiple body parts. While pictorial structures us-
ing poselets [12, 61] can cover the pictorial structures with only local part detectors [11], clas-
sification still depends on the pictorial structures and cannot cover many types of articulation

(with only a few specific poselets). Particularly when the arms or legs are partially occluded
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or hidden behind other parts, we need more poselets (exemplars) to represent those person ap-
pearances. This makes it more difficult to represent a huge number of part configurations, even
when occlusion or part-disappearance occurs.

The poselets can be also used for key-frame extraction such as in [2] for activity recognition
via key-frame responses. However, poselets cannot detect detailed or in-between poses because
poselets are discretized key-pose exemplar detectors (but they can detect key-poses as attributes
or actions, see [99, 103]). Maji et al.[103] proposed multiview poselets for the purpose of single

image action recognition from the detected pose with action-specific poselets.

Pose Regression.

Recently, appearance-based regression of some kinds of human poses has been studied [106,

]. Classic approaches for estimating skeletal poses, such as [15, , ], try to train
regression models (with low dimensional latent variables) of typical human movements for
individual activities (e.g., walking, jumping). [15, ] estimated the joint locations of a target
walking person using a fixed side-camera view in each single frame of a video. In these papers,
cameras are set to capture the person from side views on the road or street so that people
can be captured in only side-view poses. This side-view camera setting is often used in gait
recognition [109]. In contrast, the proposed method can estimate the body orientation and the
spine pose from any camera view, because the poselet-regressor learns the various types of
human upper body pose appearances from all camera views using only one model.

Conditional regression forests [105, ], which divides the visual feature space into each-
view spaces or some other subcategories, is the closest approach to my proposal. For facial
images, when the view of the face is restricted, visual patterns of fiducial points become smaller
because the facial parts cannot move so much. However, the whole-body appearance has a wide
variety of patterns (body orientation or spine angle, in my case) even when the camera view
is restricted. Also gaze direction estimation from the eye-region appearance is explored with
conditional regression forests conditioned on the head pose [111].

For non-articulated objects, regression-based pose estimation with Cascaded Pose Regres-
sion [32] can be done. However, articulated-pose estimation from RGB images has not been
explored with Cascaded Pose Regression, while some depth-based methods have proposed the
regression of part locations [8, ]. Recently, articulated human pose regression methods
using Convolutional Neural Network (CNN) have been proposed [112, ]. However, those

papers perform experiments on the datasets that only contains frontal poses or star-shaped
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poses, such as Bufty dataset [114], FLIC dataset [1 15]. Hence, we cannot know whether those

methods can also work with the side-view poses or part-occlusion poses in team sports videos.

2.4.2 Human Orientation Estimation from Low-Resolution Videos

Head and body orientation estimation approaches during people tracking have been proposed,
mostly for surveillance videos [3, 4, 17, 18, 26, ]. Another popular scene setting is the
frontal video of automobiles [95, 96]. These methods train scene-specific or clothing-specific
head or body orientation classifiers, which typically classify the horizontal eight directions into
eight classes, by combining those classifiers with the head or body trackers to jointly estimate
the orientations and the location with filtering techniques. They mainly estimate the head and
body orientations of pedestrians and cannot deal with poses where the subjects are bending
their upper bodies. While I would like to review only body orientation estimation methods,
since the proposed method estimates the body orientation in each frame, 1 will also review
head orientation estimation methods. The latter are closely related and adopt very similar
approaches to classifying the direction, and my method uses the same head tracker as used
in this work [3, 4, 17, ]. Those head orientation methods are also combined with body
orientation estimation [18, 117, 118].

Benfold and Reid [ 1 16] proposed the first approach that adopts feature-selection for learn-
ing a per-frame head orientation classifier using randomized trees with a color feature. Benfold
and Reid extended [ 1 16] in [3] by introducing a HOG features [24] with a color feature to create
a robust head pose classifier and proposed a multi-target tracking scheme using a HOG-based
head detector and an optical-flow tracker for surveillance videos. This per-frame classification
with tracking-by-detection proposed in [3] has been a standard approach for recent head or
body orientation estimation methods [18, 26, ].

For team sports videos with low-resolution settings, Hayashi et al.[119] proposed a head
and body orientation estimation and spine pose estimation of American football players in
videos. This work performs head and body orientation classification independently with tracking-
by-detection with a player tracker, as well as head detection within each frame. In sports videos,
it is easier to train a robust head orientation classifier than training it for surveillance videos,
because the visual appearance of the head region is similar between different players wearing
similar uniforms, especially helmeted players in the experimental American football videos.
However, since head appearance is versatile in other team sports (e.g., basketball or soccer)

and in surveillance videos such as [3], the head orientation classifier needs higher dimensional
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or discriminative features than for sports players. Conversely, body features in sport videos
have more pose variations than in pedestrians. In this sense, tackling various types of postural
appearances of sports players is the main focus and contribution of this work.

Schulz et al. [95] proposed a joint head pose estimator and head localizer for pedestrians
for the risk assessment of car drivers. Later, Schulz et al. [96] proposed a sequential Bayesian
tracking extension of [95] with a particle filter. In [96], they use a head pose classifier result
as the per-frame likelihood of a particle filter, and jointly predict and update the head location
and head pose by tracking a pedestrian on video. Benfold et al. [17] used conditional random
fields to train the head pose estimator of pedestrians in an unsupervised manner in a new video
scene. These papers make use of the temporal transition constraints on head location and also
the temporal continuity of the head orientations of pedestrians via filtering. While the head
locations can exist only in the upper region of the detection window because pedestrians are
always standing and walking upright [95, 96], the head locations of sports players have larger
variation because they often bend their bodies and sometimes dive into opposing players.

Compared with the Town Dataset setting of Benfold et al. [3, 17], players in team sports
videos have much more random transitions of the head/body orientation between frames and it
is harder to assume the smoothness of the head/body orientations between consecutive multiple
frames. For this reason, I will investigate per-frame classification of body orientation in this
paper without using a temporal connection while the head tracker is performed with a Kalman
filter, which assumes temporal smoothness of (only) head locations.

Cheng et al.[117] proposed a temporal framework for joint estimation of body orientation
and location of the subject pedestrian using a particle filter with sparse codes of multi-level
HOG features. Baltieri ef al. [26] proposed body orientation estimation for pedestrians using
the mixture representation of Extremely Randomized Trees classifiers. These methods have
only been tested for standing pedestrians, while my method covers even non-standing bending
poses owing to the flexibility of the poselet-regressor. In addition, this work and our previous
work [119] estimate the upper body orientation using only upper body HOG features, while

previous papers estimate the (whole) body orientation using the appearance of the whole body.

2.4.2.1 Joint Estimation of Head and Upper Body Orientation from Videos

Chen et al.[118] proposed joint tracking of head and body pose in surveillance videos. They
used a particle filter to jointly estimate the head and body orientation combined with the move-

ment direction. Later, in [18], they extended their work to the semi-supervised learning setting
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with their own kernel learning scheme by learning the relationship between the parameters
governing head orientation, body orientation, and movement direction.

Different from [18] and [118], which leverage the assumption of the lower velocity of
pedestrians and combine the velocity with the body orientation, the proposed method tries
to deal with the upper body appearances of sports players at higher speeds, which are already
aligned by the head tracker without needing to make a connection between movement direction
and body orientation. For this reason, good alignment by the head tracker is key in the proposed
method, because the proposed method does not depend on the relationship or a prior from the

movement direction and perform only per-frame body orientation classification.

Poselets Detector as Pose Category Classfier.

[30] proposed human (partial) pose detectors, poselets, which can be also regarded as a human
(partial) pose silhouette detector. Poselets have been also used for the middle-level parts for
human pose estimation methods with part-based models [61]. The poselet framework has an
advantage in creating detectors for side-view poses, which are hard to deal with for part-based
whole-person models [11].

Poselets can be also applied for key-frame extractor such as [2] for activity recognition via
key-frame responses. However, poselets cannot detect detailed or in-between poses because
they are discretized detectors. Poselets can only detect discretized rough poses (See Figure
2 in [2] for poselets examples), while poselets can detect side-view poses that occur often in

activity recognition videos.
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Lower Body Pose Estimation with
Label-Grid Classifier and the
Center-Aligned Player Tracker

In this chapter, I propose the joint locations estimation method integrated with the standard
tracking-by-detection technique using the whole body detector. This work has previously pub-
lished as [102].

The method of this chapter does have a restriction that it can only track and estimate the
lower body joints of the standing players because of the dependency to the whole body detector
trained from standing players images. In the next Chapter 4, this restriction will be resolved
by replacing the tracking module with the combination of the head tracker and the poseletes-

regressor.

3.1 Introduction

Video-based player tracking has drawn interest in computer vision. Since video-based object
detection and tracking techniques have shown rapid improvement [120], the applications of
tracking team sports players are becoming increasingly more attractive for professional sports.
Body pose information would be a middle-level feature for classifying the detailed action of
each player. Like activity recognition methods [ 1, ] using a pose estimated by single image
pose estimation techniques [1 1] suggest, the pose (joint location of the person in 2D or 3D)

can be a stable and clear cue for detailed and fine-grained activity recognition. While action
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recognition methods using spatio-temporal local features [122, ] can estimate the semantic
action class (e.g., running or standing) of the player, inner-class action difference (e.g., how
widely the person moves his or her legs while running) cannot be easily estimated. Even for
semantic action recognition, an action classifier using a pose feature (annotated joints) performs
better than one using low-level feature (dense flow) as [124] illustrated in their experiments.

In particular, using the lower body pose (or lower body joint positions) from team sports
videos would be a new way of recognizing each action of a player in detail. Since running
is the very basic and most frequent action in all team sports, leg movements are one of the
most important cues for recognizing player actions. For example, when the subject player is
running, the joint pose can precisely measure the number of steps of the player, which can be
the cue for classifying the step types (normal step or cross step), and which can be the contact
point with the foot in soccer. However lower body pose estimation has rarely been investigated
in computer vision.

Human pose estimation from video is still an open problem in computer vision while depth-
based methods using RGB-D sensors has already been realized as a highly robust system [&].
I cannot yet estimate the pose of the sports players in all types of sports videos, while pose
estimation of some limited periodic actions (such as walking) has only been solved using non-
parametric regression techniques [15]. On the other hand, the frontal human pose of sports
players can be robustly estimated from an image with methods using part detectors and pic-
torial structures such as the flexible mixture-of-parts model (FMP)[11]. However, part-based
methods usually fail to estimate non-frontal poses in team sports videos where players tend to
frequently be displayed as side poses. The reason is that these methods need enough space
between parts to become a star-shaped tree configuration of body parts. Even multiview part-
based pictorial structure techniques [75] with pan-tilted cameras cannot robustly estimate the
side and part-occluded poses in team sports videos because they still depend on the discrimi-
native part classification as [8] does. If the side poses of sports players could be estimated with
monocular videos, a broad range of possibilities of vision-based human motion and behavioral
understanding would be opened up.

In this chapter, I propose a novel grid-wise joint location classifier the Label-Grid classifier
for monocular team sports videos, which is integrated with a standard tracking-by-detection
framework such as [125]. Label-Grid classifier estimates the lower body human joint location
with Label-Grid resolution using the whole body appearance of the tracked window estimated

by the player tracker (Figure 4.1). In other words, the player tracker first tracks the player
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window in each frame, then the Label-Grid classifier estimates the joint location (grid position
in the player widow (See Figure 3.2).

To the best of my knowledge, my method is the first human pose estimation method that
can estimate the pose of side-running players with scale changes, which part-based methods
[11, 49] cannot estimate very well. As the example results in Figure 4.1 show, my method
can robustly estimate the poses of the side running sequence. Similar to (frontal) facial recog-
nition techniques [126], the Label-Grid classifier embeds all types of aligned player window
image into only one multi-class classifier, which enables pose estimation when they are running
sideways.

Since my framework employs Histograms of Oriented Gradients (HOG) [24] as whole
body gradient histogram features, it can estimate the joint location even from a low-resolution
videos owing to the deformation invariance and contrast invariance of the HOG feature. In
addition, it can estimate poses that have similar appearances between parts (e.g., pants with
only one color) that part-based methods find it difficult to estimate, because part appearances
become too ambiguous to detect (e.g., while crossing the legs).

The contributions of this chapter can be summarized as having the following advantages:

o Label-Grid classifier whose 2D unit blocks (Label-Grid) are synchronized with the res-
olution of Grid-Histogram features via multi-class classifier (in this chapter I use HOG

features randomized by Random Decision Forests).

o Align the tracking window with a pelvis-aligned detector to provide center-aligned visual
features (selected from HOG by Random Decision Forests) to easily classify the class of

Label-Grid classifiers.

e Can also estimate the pose of side running sequences, which frequently appear in team

sports videos.

e Per-frame estimation without temporal pose motion models of a specific action, such as

[15], which uses a walking pose manifold or temporal pose prior.

e Per-frame pose estimation for videos without pictorial structure and part detectors. The
ignorance of pictorial structure framework in my framework achieved fast pose estima-

tion (about 1 fps computational time).
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Figure 3.1: Example result of the lower body pose estimation framework. Images in the upper row
show the tracked player images in each frame of the input video with the estimated joint position as
colored circles in each frame. The lower image shows an input frame of the video. The rectangle
is the tracked player window, and the green circle is the center of the window.

The rest of this chapter is organized as follows: the proposed framework is presented in Section
3.2. Section 3.3 describes how to learn the Label-Grid classifier with a prepared dataset. Sec-
tion 5.3 illustrates the experimental results and evaluates the performance of my framework.
Finally, Section 3.5 is the conclusion. Related work of this chapter was already discussed in

Section 2.3.

3.2 Proposed Framework

The proposed framework (Figure 4.4) is composed of two modules: a tracking player with
tracking-by-detection technique with the pelvis-aligned detector (Section 3.2.1), and estimating
the four joint positions on the grid structure independently using Label-Grid classifiers (Section
3.2.2).

These two modules share the tracked player window as HOG features [24] to estimate the

pose (locations of four joints) in each frame of the video (Section 3.2.2). At test time, the only
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input of the framework is the player window position (rectangle) of the subject player in the
first frame of the video. All the lower body poses in each frame are estimated automatically by
tracking the player and are estimated by Label-Grid classifiers in each frame.

I train four Label-Grid classifiers of each lower-body joint separately; left-knee L*(x),
right-knee L" k(x), left-foot L (x), and right-foot L" /(x). Note that left or right means left in
the image and right in the image respectively. The Label-Grid classifier learns the position of

the left and right joints in the image plane just like the other pose estimators such as FMP [11]!.

3.2.1 Player Tracking with Pelvis-Aligned Detector.

The first module of the proposed framework is the player tracking method with standard
tracking-by-detection, such as [125], to provide an aligned player window for the second mod-
ule. I also used this pelvis-aligned detector in my upper body pose estimation framework [119],
the explanation in [119] was very short because of the page limit. Hence, this thesis provides a
more detailed procedure to prepare the dataset of my pelvis-aligned player detector in Section
3.2.3.

For tracking-by-detection, I use the player detector learned from the dataset D,y (Section
3.2.3). I use a Kalman Filter (instead of Particle Filter in [125]) to track the player whose
likelihood in each frame is a non-maximum suppression result of the detections within the
local area around the predicted player location. Since the proposed method mainly targets
at estimating side poses during running or walking, which occurs very often in team sports
videos (as mentioned in the introduction), I choose a Kalman Filter by assuming the simple
and monotonous trajectory of the subject players in typical team sports videos on large fields.

This tracking procedure provides the smoothed and the center of the tracked window in
each frame, and these tracked windows are expected to be aligned to the pelvis position. This
first module provides the aligned window that works well for the Label-Grid Classifier in the
second module. Since I use HOG feature for classifying the pose, I expect around 1 or 1.5 grid
errors in this tracker to ensure that the Label-Grid classifiers can use the aligned HOG feature

leaned from the pelvis-aligned dataset.

I'This is the typical limitation of the two-dimensional human pose estimation methods. To overcome this, I will

use the three dimensional information inferred by the other approaches in the future.
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Figure 3.2: Label-Grid Classifier. The red circle on the grid is the classified joint location l{ e N?
on each player window from the learned Label-Grid class candidates (pink circles). In this example,
the Label-Grid classifier for the j-th joint is on the (6 X 8) grid structure, and the estimated Label-
Grid is on ltj = (1,7) on all three images. The number of the class of the Label-Grid classifier of
the left foot is 21 (sum of pink circles and red circles).

3.2.2 Label-Grid Classifier for Estimating Joint Grid Position.

The second module estimates the four joint locations using four Label-Grid classifiers. The
proposed Label-Grid classifier is a multi-class classifier whose label classes are assigned to the
grid locations of grid histogram feature such as HOG features [24]. The Label Grid classifier
Li(x;) = {Fi(x,), MI(§’)} (for the j-th joint) consists of a multi-class classifier F/(x;) and the
class-to-grid mapping function M/ (g{ ), where I denote the input visual feature vector (in my
case, normalized three-level HOG) as x, € RP at frame ¢, and the estimated Label-Grid class
label of Fi(x;)isy! € {{=1,2,...,L}.

Each class [ of F/(x,) learns the appearances (or poses) of players with its j-th joint is on
the same grid (See Figure 3.2). At test time, the classifier F/(x,) of L/(x;) first estimates the

class y, from the input visual feature vector x;:
§! = Fl(x,) 3.1

The reason why I use not only the lower body but also the full body window for the HOG

feature is that I aim to leverage the whole upper body appearance for classifiers, which result
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in capturing a wide variation in upper body appearances in each lower body joint position. I
expect that this strategy of including upper body appearance makes the Label-Grid classifier
easier to discriminate the pose of a specific joint position from the other poses even when the
pelvis is not aligned, while the HOG of only the lower body could cause too much sensitivity
to the mis-registration of the tracker!.
After estimating the class label 17{ from the input feature vector, I map g{ to the correspond-
ing 2D grid location with M/ (g{ ):
1= M) (32)

where M/ is the dictionary function for the j-th joint to map each class 9{ to the corresponding
grid location l{ € N2, which I call Label-Grid. This mapping dictionary M/ is built during
training. I typically assign each class yf to the grid from left to right and from top to bottom
if there is more than one sample labeled on the grid (see Figure 3.2 for the example grid index
assignment). Note that I need the inverse mapping of M/ (g{ ) during training, because I first
have to assign each Label-Grid l{ in the D,y to the I-th class in L-class classifier. However, at
test time, I need only M/ (g{ ) for converting g{ to l{ .

The training dataset for the Label-Grid classifier must include most of the types and scales
of players’ appearances that could occur in the target videos. Hence, my system can estimate
the lower body pose in any location of the image (in this theis, the sports field) where player

scale varies according to the position and the pose of the camera.

3.2.3 Dataset Preparation

I share the same data-augmented dataset D,; between two modules to learn the pelvis-aligned
Detector and four Label-Grid classifiers. To share the player window with its center aligned
to the pelvis of a player, the player detector and the Label-Grid classifier are learned from the
same images and labels from D,;. To create Dy, I perform data augmentation with different
scales and mirrored images from the original dataset D,,; (Figure 3.4).

I first prepare a training dataset D,y = {Dyeq, Diir} from realistic team sports videos to
learn both player detector and Label-Grid classifiers. D,., (Figure 3.4(a)) is the resampled
player window images and their labels from the original dataset D,,; for which I should only

need to prepare the labels. D, (Figure 3.4(b)) is the mirrored dataset of D,., whose images

'If the estimation of the pelvis is perfect with any other methods, I need to use only the lower body appearance.
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Figure 3.3: Learning procedure.

and labels are flipped horizontally. See the left half of the Figure 3.3 for this dataset preparation
procedure.

First, I prepare a dataset D,,,; with N images J = [I}, I», . .., Iy] and labels of each image
I; so that the images includes various types of poses of players in one specific sport. Each
player window image I; in D,,; has labels L; = [pl.l, pl.z, pf, p?, pf ez,hf la], where p{ e RP is
the j-th joint location of the i-th image /; on the image plane, and hf 4 is the player height for
resampling the original images. p? “l ¢ RP is the location of the pelvis of the i-th image I; on the
image plane, which is always at the center of the player window and becomes the information
of the location of the player window. Images J are all clipped from the team sports videos
so that their window centers p‘:’ “ are all aligned to the center of the window, and the labeling
person manually inputs hf “ as a length between the top of head and the bottom of the foot of
the player in /;. This labeling procedure determines the scale of the player height hf " o the
fixed size window in each sample.

For resampling the original image of D,,; to multiple scales, I resize all the images and
labels in D,,; to the resampled player scales s = hf la /h¥™, where h"™ is the height of the

Label-Grid widnow. D, includes several player scales with regular intervals (e.g., 0.80, 0.85,

38



3.3 Learning Label-Grid Classifier

(a) Example images from scaled dataset D,., with dif- (b) Example images from mirrored dataset D,,;, created
ferent player scales s = {0.7,0.8,0.9}. Note that all from images and labels Dj.,.
player windows for Label-Grid (purple grid) have same

fixed window size.

Figure 3.4: Data Augmentation. Using h la (height of the blue window), images are scaled to
the scale s so that the center position pf o keeps to the center of the Label-Grid even in the scaled
images. By performing this aligned image sampling of the training dataset, the feature space of
the Label-Grid classifier can be augmented to the multi-scale player sizes within the Label-Grid
window.

..., 1.00) by resizing D,,; (Figure 3.4(a)).

Finally, T acquire D,,;» by flipping the images and labels of D, horizontally to learn the
mirrored features and labels (Figure 3.4(b)).

The player detector uses only the images of D, because the centers of the players’ window
images in D, are all aligned to the pelvis of the players. In contrast, images and Label-Grid
classes of D,y are used to learn the classifier. Any types of multi-class classifier can be used
as a Label-Grid classifier. However, for its high precision and fast computational time, I use

Random Decision Forests [93] as a Label-Grid classifier in the experiments.

3.3 Learning Label-Grid Classifier

The Label-Grid classifier is a multi-class classifier with its class labels (Label-Grid) assigned
to the 2D grid location of a feature type with a grid structure such as HOG features. The
Label-Grid classifier can be any types of multi-class classifier (e.g., Support Vector Machine,
Random Decision Forests, etc.), but preparing the dataset for a Label-Grid classifier to classify
the lower body grid-position of the player is the original approach to using a general multi-class
classifier.

Every one class (Label-Grid) of the Label-Grid classifier learns the HOG features whose
joint is on the same grid position (Figure 3.2). Given the grid feature of a playerina W x H

window, classifying the Label-Grid of a specific joint (e.g., left-knee) can be regarded as an
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L-class grid classification problem, where the task is to choose a grid position (i, j) from L
candidate positions (pink circles are marked as candidate positions in Figure 3.2). The other N
grids in the grid feature are just ignored from label-grids to learn. The number of Label-Grids
L is decided when building M (y{ ) (see Section 3.3.1). For instance, if you use HOG features
with 6 X 10 cells in a player window and if there are 35 classes where the joint label-grid exists
more than one joint position in the training dataset, the Label-Grid classifier becomes 35-class
classifiers. The other 25 (= 6 x 10—35) grids, which have no joint labels in the training dataset,

are ignored for the classification of the joint.

3.3.1 Learning Procedure

I will explain how to learn a Label-Grid Classifier for classifying the j-th joint (e.g., the left
knee joint). Figure 3.3 shows the whole procedure, used to learn the Label-Grid Classifiers
(L*(x), L"*(x), L' (x), and L'/ (x)) and the pelvis-aligned detector by preparing a dataset D,;.

Given a data-augmented dataset Dy, I first calculate the grid location l{ from the j-th joint
p{ of the i-th image in D,y using pelvis position and the size of Label-Grid (e.g. each grid is
8 x 8 and the window size is 64 X 128).

After calculating all l{ in Dy, 1 then build the mapping function M/ (y{ ) to decide the
number of the class N of the Label-Grid Classifier and all the Label-Grid indices ylj of the i-th
image in Dy;. After M/ (y{ ) has been built, I can finally learn F/(x;) (using Random Decision
Forests, in this theis) with Label-Grid s and the calculated feature x,; that I will explain in the

next subsection.

3.3.2 Multi-level HOG Feature and Feature Selection

I use a three-level image pyramid from the player window for calculating three-level HOG
features x!,x2,x? for making the feature vector x, = [x!x?x}] for a Label-Grid classifier.
Learning multiple resolution of the HOG appearance makes the Label-Grid classifier restrict
the label-grid candidates at each resolution level, which helps to avoid the bad classification
result far from the true position.

To decrease the effect of the difference of feature scales between the three levels, I normal-
ize the feature vector x, to L, unit vector both at training time and test time.

I use L-class Random Decision Forests as the L-class Classification Forests [25] as F/(x;) of

the Label-Grid classifier, which results in performing feature selection from these normalized

40



3.4 Experiments

three-level HOG features x;. After learning the L-class, each split function uses two randomly

selected values of the multi-level feature vector x; to estimate the class label y{ .

3.4 Experiments

I tested my framework in two scenarios: frontal pose sequences (Section 3.4.3.1), which part-
based pose estimator [ 1] can also estimate robustly, and side pose sequences (Section 3.4.3.2),

which part-based pose estimator cannnot predict properly as argued in Section 2.3.2.

3.4.1 Experimental Setup

I performed experimental evaluations on my system with American football videos in profes-
sional league matches. The size of each video is 1280 x 780. The videos are taken from the
matches of Panasonic IMPULSE'. All videos were captured from the high place in the stadium
with fixed cameras. All videos were converted to 29 fps videos while the original videos were
recorded at 59 fps. These videos include players from a team with a white-colored uniform and
players from the other team with a black-colored uniform. Although I captured high-resolution
videos, motion blur of moving legs and arms sometimes occurs and the players are captured
with a relatively low resolution. I created 10 test sequences (test(1)—(10)) for the five frontal
pose tests and five side pose tests from these videos (see Figure 3.6 to see the player trajectories
on each sequence). Each test video is composed of 40 frames. I will show the detail behavior
(pose) on each sequence in Section 3.4.3.1 for the frontal pose sequences and Section 3.4.3.2
for side pose sequences.

I manually clipped player windows from video frames and assigned labels to create the
original dataset D,,; for training both Label-Grid classifiers and the player detector. I tried
to include as many pose patterns (and also views of the pose) as possible in the dataset D,,;
to make the Label-Grid classifiers learn the whole possible appearance patterns in American
football videos. I randomly selected the images from all the videos so that the original dataset
includes more versatile player poses, and the original dataset becomes 977 images and its
labels. Note that approximately 10 % of the original training images shares the same images
with test dataset sequences of test(7) and test(8). Then I resampled 977 images and labels of
D, with 13 scales s = {0.70,0.725,0.75,...,0.975, 1.0} and finally prepared 25402 images
(25402 = 977 x 13 x 2) for training four Label-Grid classifiers independently.

Thttp://panasonic.co.jp/es/go-go-impulse/
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(a) left knee Label-Grid (b) right knee Label- (c) left foot Label-Grid (d) right foot Label-
classifier. Grid classifier. classifier. Grid classifier.

Figure 3.5: Four Label-Grid classifiers with 8 X 12 Label-Grids, which I use in the experiments.
Each red circle shows the candidate Label-Grid class of the classifier.

HOG window size was 64 x 128 pixels (width X height), and the cell size was 8 X 8 both
for my pelvis-aligned player detector and the four Label-Grid classifiers. For learning the
pelvis-aligned player detector, I only used 64 x 128 HOG and labels of D,;. For the Label-
Grid classifiers, I also created pyramid images 48 x 64 and 24 x 32 from the tracked 64 x 128
window image in one frame. I then calculated three-level HOG x/,x?,x} from each level
pyramid image with 8 X 8 cell size and combined them. Finally, I obtained a 2268-dimensional

Lr-normalized feature vector x; as the input of each Label-Grid classifier.

I learned four Label-Grid classifiers as Random Decision Forests [25] with the feature
vector x; for each lower body joint independently (right/left knee and right/left foot) from the
training dataset D,y;. Consequently, I had 34-class left knee Label-Grid classifier, 34-class
right knee Label-Grid classifier, 38-class left foot Label-Grid classifier, and 39-class right foot

Label-Grid classifier (see Figure 3.5 for the class assignment).

To apply FMP [1 1] as a baseline, I used PartsBasedDetector software [127]. I used 26-parts
frontal person models as FMP and regard center positions of the 4 part-detector as four lower
body joints to compare with my joint location classifiers (index 12 as left knee joint, index 13
as left foot joint, index 24 as right knee joint, index 25 as right foot joint). I assume that the

center of the rectangle of each detected part is the corresponding joint position in the image.
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(a) test (1). (b) test (2). (c) test (3). (d) test (4). (e) test (5).

(f) test (6). (g) test (7). (h) test (8). i) test (9). () test (10).

Figure 3.6: Tracked results of all tests (1)—(10). Test (1)—(5) are the results of the frontal pose
sequences while tests (6)—(10) are the results on the side pose sequences. Green dots show the
player window center locations in each frame.

3.4.2 Evaluation Manner
Pixel Error of the Joint Position.

For measuring the performance of my lower body pose system, I define the Euclidean distance

error as below:
_ A GT
E; =dP,p;) (3.3)

where P, = (x,y) is the center point of the estimated Label-Grid location and the pf}T is the
ground truth position. Since my Label-Grid classifiers are learned with 8 x 8 Label-Grid, the
center position p, becomes (4, 4) from the left-top point (0, 0) in each Label-Grid.

Note that the running speed of the player is fast in most of the experimental videos because
I apply my method to the isolated running players, such as Quarterback, Runningback, and
Linebacker. For this reason, the length of each video is very short (40 frames). Another
reason is that I cannot collect many sequences of long running isolated play easily, because
each American football play is around only 10 seconds and players tend to be occluded and
congested frequently.

Although I would like to compare my methods with FMP using the PCP [14] score, which
is broadly applied to the evaluation of part-based methods, I cannot calculate the PCP score
because my method does not infer the stick area of each part which is needed for calculating

PCP scores. This is one of the reasons why I used the Euclidean distance for the evaluation.
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Detection Rate of FMP and How to Apply FMP to the Videos.

To test the limitations of FMP for side poses in the videos, I defined the detection rate R as
R = k/N, where k is the number of detections against the number of frames N in one test video
(in my case, N = 40 frames).

Since FMP[11] was the object detector (but jointly estimate the pose while detecting the
object), I automatically clipped the magnified and margin-added image to apply the FMP detec-
tor. I first clipped the player window from the tracking-by-detection tracking module (Section
3.2.2) by adding 40 x 40 margin, and magnified it 200% to enable FMP to detect the players in

the video. Each of images in Figure 3.8 shows the clipped images with this procedure.

Table 3.1: Average estimation error of each joint in the frontal pose tests (1)—(5). All errors are in
pixels.

ois | () | @] @] @] ©®]
Leftknee | 15.07 | 14.92 | 1558 | 14.13 | 13.66
Right knee | 9.29 | 13.01 | 22.28 | 15.71 | 20.26
Leftfoot | 9.89 | 9.98 | 13.60 | 16.28 | 11.50
Right foot | 10.99 | 23.28 | 20.31 | 16.62 | 10.83
| Pelvis | 606 | 442 | 491 | 493 | 680 |

Table 3.2: Average estimation error of each joint in the side pose tests (6)—(10). All errors are in

pixels.

Joits | © | @O | ® | © | a0 |
Leftknee | 9.65 | 14.40 | 8.08 | 16.22 | 5.93
Right knee | 9.62 | 1599 | 11.45 | 834 | 16.93
Left foot | 6.81 | 16.19 | 24.83 | 11.56 | 6.80
Right foot | 20.58 | 19.31 | 28.67 | 19.10 | 21.34

Pelvis | 426 | 633 [ 13.01] 350 | 5.08 |

3.4.3 Experimental Results

Figure 3.7(a) shows the detection rate of FMP [11] in tests (1)—(5). Since the movement of the
players in tests (2)—(4) are diagonal and curved (Figure 3.6), most of their poses were difficult
for FMP with hard occlusion and low-resolution, even though I defined those tests as frontal

tests. However, since my method does not use any part-models and just use tracked (whole)
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(a) Detection rate of FMP[11] in frontal pose tests (1)— (b) Detection rate of FMP[ 1 1] in side pose tests (6)—(10).
(5).

Figure 3.7: Detection Rate of FMP[11] in each test.

player window appearance in each frame, it can classify the joint position in all frames in test
(1)—(5). For example, in the Figure 3.8(d), while FMP could not detect the player in each
frame, the Label-Grid classifier estimated the joint positions correctly from the same images.
While I wanted to compare the position error between my method and FMP, I abandoned the
calculation of the pixel error for FMP since I was not able to get enough detections from even

frontal poses (Figure 3.7(a)).

3.4.3.1 Frontal Pose Experiment

I tested my system on the following frontal pose scenarios to compare the performance or
detection rate with FMP [11].

I prepared the following five sequences for a frontal pose dataset (Fig 3.6, left column):

e Test (1): The player walks to the start position while facing their frontal upper body to

the camera.

Test (2): The player runs up to the upper side of the field.

Test (3): The player begins to run from the start position.

Test (4): The player runs diagonally.

Test (5): A large player walks to the outside of the field.
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(a) test (1). (b) test (2). (c) test (3). (d) test (4). (e) test (5).

Figure 3.8: Example results from frontal pose experiments. The left tow panels in each subfigure
(a)—(e) show the results of the Label-Grid classifiers, and the right panels show the result of the
FMP, where only the four detected joints are shown (no visualization of joints means that FMP
could not detect anyone in the frame.).

Figure 3.6 shows the tracked trajectory of pelvis position (center of the player window)
in each of tests (1)-(10). The panels in the left column show the results of frontal pose tests
(1)-(5). Table 5.3.1 shows the average error of my method and FMP [1 1] for each joint. Note
that the Label-Grid is 8 x 8 pixels for all tests. While FMP sometimes failed to detect a player
who had occluded parts, my method could detect non tree-structured poses. Figure 3.8 shows

the example results of my method and FMP to compare with each other.

3.4.3.2 Side Pose Experiment

Just as for the frontal pose experiment in the previous section, I also performed evaluation of

my method and FMP with the following five side pose scenarios (Fig 3.6, right column):

e Test (6): The player runs straight (namely, almost no scale change) at relatively slow

speed from left to right.

Test (7): The player runs very fast from right to left.

Test (8): The Runningback player runs diagonally from the starting position.

Test (9): The Runningback player runs straight from the starting position.

Test (10): The player walks backward.

I collected these side pose test videos so that the upper body direction of the player was

almost the same as the lower body direction.
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(a) test (6).

(b) test (7).

(c) test (8).

Figure 3.9: Example results from side pose experiments. Each row shows the results of side pose
test (6), (7), and (8).

Table 5.3.1 shows the average error of my method in these side pose tests and Figure 3.9
shows the example results of tests (6)—(8). Figure 3.7(b) shows the detection rate of FMP [11]
in side pose tests (6)—(8). As Figure 3.9 shows, FMP can rarely detect the player in side pose
tests. FMP detects player with a detection rate 0.15 to 0.25. Compared with these results
of FMP, my method could estimate the pose in all frames via its tracking and classification

procedure within about two Label-Grid errors (Table 5.3.1).

3.4.4 Discussions by Topic.

Whole Body Appearance Feature as Multi-Level HOG.

As already argued in Section 3.2.2, I use the whole body appearance to classify the lower
body pose. The proposed HOG-based classification approach can be viewed as the modern

replacement of the classical silhouette-matching schemes using background subtraction, such
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as [90]. I instead use randomized HOG features (learned by Random Decision Forests) to
robustly classify the pose with machine learning. The proposed strategy has richer information
with which to discriminate Label-Grid classes than using only the lower body appearance. I
instead use the whole body HOG appearance to estimate the joint position.

Moreover, owning to the deformation invariance of the HOG features, my Label-Grid clas-
sifier can estimate the pose of a larger or slimmer person until the gradient distribution changes
from the feature distribution of the dataset. For instance, I performed an experiment using a
large player in test (5) (see Figure 3.8(e)). Even though I only included middle-sized and thin
players in the original dataset D,,;, my classifiers could still estimate the joint location of the

large-sized player.

Disregard of Pictorial Structure and Low-Resolution Invariance of The Proposed Method.

Another important part of the nature of my method is that my framework disregards the picto-
rial structure strategy [104] while it depends on the aligned window appearance. As I showed
in the experimental results for side pose tests (Figure 3.9), my method can model any types
of pose including hardly occluded side poses, which pictorial picture models cannot infer very
well owing to their tree-models. As I already argued in Section 3.3.2, my three-level HOG fea-
ture and the Randomized feature selection helps to restrict the error as much as possible. Since
the Random Decision Forests technique takes advantage of the spatial grid structure to learn
the distance between classes, the error seems to be restricted within neighboring Label-Grid
(See Figure 3.8 and Figure 3.9).

While FMP and the other part-detector techniques assume clear and non-blurred images,
multi-level HOG-based Label-Grid classifiers can even classify the poses in low-resolution and
motion-blurred images because the HOG feature is robust for contrast change (between image

scales) using grid-wise edge histogram pooling and block-wise normalization [24].

Sport-Specific Classifier.

While my method is able to estimate the lower body pose with various types of poses in Amer-
ican football robustly, the Label-Grid classifier is learned from the same clothing type while
the pictorial structure includes various types of clothing. In the experiments, welearned Label-
Grid classifiers from two American football teams, but the classifiers can classify the lower

body pose with the appearances of both teams.
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(a) Results from side pose test (9). From left to right, each image is frame 8, 12, 16, 20, 24, and 28

respectively.

70

— left knee
— right knee
— left foot
—— right foot
50 - - pelvis (tracker) |]

60 -

error in pixel

(b) Joint position error in each frame of side pose test (9).

Figure 3.10: Temporal analysis of test (9).

Importance of Alignment and Scale of the Window.

As already mentioned, my framework depends on the alignment of the player window between
the tracking module and the classification module. In the experiments, the player detector is
learned with a HOG of 8 X 8 cell size, which tracks the player within a cell error. This means
that Label-Grid classifiers can only deal with the window patterns within one or two (at most)
cell size drift. Hence, Label-Grid classifiers can robustly estimate the grid location if the tracker
can provide well-aligned windows.

Figure 3.10 shows the temporal analysis of the side pose test (9). By observing Figure
3.10(a), the left foot position gradually becomes unstable as the left leg is out of the window.
This sequence shows the nature of the window alignment scheme. While you can use wider

windows for the Label-Grid classifiers to prevent this case by restricting the person within
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Figure 3.11: Walking back result of test (10).

the window, you need to make more patterns for the dataset because the number of classes
increases with a wider Label-Grid widow.

Figure 3.10(b) shows the error values of four lower body joints and the pelvis position in
each frame of the test (9). Owing to the dependence of the alignment of the tracker, Label-Grid
classifiers tend to have more errors along with an increase in pelvis position error. In Figure
3.10(a), each joint errors tends to increase when pelvis error becomes large.

In addition, whether the player is within the scales of the dataset during the test time is
also important. In the experiments, I used scales s = {0.70,0.725,..., 1.0} for creating the
augmented training images. If the player scale within the window is too small or too large,
the three-level pyramid HOG features will become an unknown pattern for the Label-Grid
classifier (Random Decision Forests).

Our framework has two advantages for overcoming this problem. First, Random Decision
Forests can learn the inter-class distance, as the Label-Grid classifier tends to misclassify the
sample with the neighboring Label-Grid. In addition, the three-level pyramid HOG features
also help the appearance over three resolution levels and help to evade misclassification to the

distant Label-Grid class. Even though these two advantages help to embed as many (contin-
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uous) scales of features (in Random Decision Forests feature space) as possible, the failure

happens if the player is an unknown scale (e.g., s = 0.60).

Per Frame Estimation for Moving Back Players.

In team sports videos, players during defensive action tend to have a pose or body direction
that is not the same as the player’s moving direction. Figure 3.11 shows the result of test (10).

This shows the ability of the proposed method to classify the pose correctly even when the
player is moving backward. This feature shows the high applicability to team sports videos,

whereas walking and running backwards only rarely appears in surveillance videos.

3.5 Conclusion

To estimate lower body poses from low-resolution images, this chapter proposed a new human
pose estimation method using a Label-Grid classifier that is integrated with an object tracker.
The Label-Grid classifier does not use the pictorial structure, but use the alignment of the
player’s pelvis position and use this aligned whole body HOG appearance features to classify
various types and scales of poses into a grid structure with off-the-shelf multi-class classifiers
(I use Random Decision Forests in this chapter). Alignment between the tracking-by-detection
module and the Label-Grid classification module is the key to realize the estimation of lower
body poses with all poses in team sports videos.

Our system can even estimate poses of the isolated player with part-occlusions and non-
upright poses, which are difficult to estimate with the methods using pictorial structures and
part detectors. The proposed pose classification strategy using a whole person HOG makes
it possible to classify the lower body joint locations of a player even during the side running
poses. The proposed framework can be viewed as a revisited version of [90] by using machine-
learning and dense visual features, while [90] only used noisy silhouettes of the person for
pose estimation. In other words, traditional silhouette matching strategy for pose estimation
was innovated by my approach using HOG features and Random Decision Forests to embed
all pose appearance patterns into the randomized feature space.

In this chapter, I only investigated the possibility of my framework for an isolated player
without any occlusion between players. However, the lower body pose estimation of isolated

players will be useful for many team sports videos because players are mostly isolated during

play.
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As experiments showed, the proposed system can estimate all types of poses with only
RGB videos if a sufficient amount of poses are prepared in datasets. In addition, my method can
estimate side-running poses while FMP [1 1] can only detect star-shaped part configurations and
cannot estimate non-star side running poses. However, the estimation fails when the alignment
is not very accurate because of the drift of the tracker.

I believe that this method’s advantage over previous pose estimation methods will open up
the wide range of potential of player activity recognition from the estimated joint positions us-
ing only monocular cameras and any low-resolution settings of people tracking. Joint positions
of the lower body will provide a new source of richer information for sports data analysis with

only passive sensing.
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Upper Body Pose Estimation with
Poselets-Regressor for Spine Pose and
the Body Orientation Classifiers
Conditioned by the Spine Angle Prior

This chapter will present the upper body orientation estimators conditioned by the spine angle
range that can also deal with the non-standing poses of the team sports players for the first time.
This work has previously published as [128], which is the extension of [119].

The key contribution of this chapter is the poselets-regressor which is the estimator of a
relative joint position (pelvis center) from the origin joint (head center) with global aligned
upper body appearance as poselets detector [30] uses mid-level human parts. While the pre-
vious work tend to use local part appearance for estimating a part or joint location [8], the

poselets-regressor employs aligned person appearance as the label-grid classifier in Chapter 3.

4.1 Introduction

In team sport video analysis, tracking players with computer vision-based methods is widely
studied because the trajectories of players are the most basic and important kinds of informa-
tion. There have been many applications that track players using a monocular view [129] or
multiple views [130]. However, these player-tracking methods can only achieve location-based

activity recognition of players, for example [131, ]. Conversely, there are a few studies on
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Figure 4.1: Example result from our framework. Images in the upper row show the tracked player
images in each frame of the input video with the estimated horizontal body orientation (orange
arrow), and 2D spine pose (2D purple line). The lower image is a summary image from a test
video, which shows the location of the head region and the pelvis center of the subject player in
each frame. The proposed method can track and estimate the upper body pose even when lower
body occlusion occurs because it only utilizes the upper body region appearance of the tracked

player.

group activity recognition for sports videos using per-player actions as features [6, 133]. While
these methods can infer the semantic actions of each player (e.g., "running”, ’jumping”), they
cannot recognize the fine-grained activity differences between activity classes because they just
perform (discretized) classification between those semantic actions.

If sport-specific upper body pose patterns can be estimated from a vision-based recognition
technique, there will be a new opportunity to realize the more detailed pose-based activity
recognition of team sports players. The extraction of the upper body pose will achieve a deeper
understanding of player actions by recognizing changes in the upper body pose, such as the
gradual spine angle change during running from the starting position, defensive bending poses,
and blocking poses. Moreover, gaze and direction-based attention prediction [63] and group

activity recognition from orientations and relative locations of people [6, 133, 134] can also be

achieved even for the team sports videos in the future. However, estimating the upper body
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(a) Spine angle variation in bending (b) Running while looking back (c) While the
poses. (the moving direction and the body player is moving
orientation are different.) back.

Figure 4.2: Variation of human poses in team sports videos. These poses rarely appear in pedes-

trian surveillance videos and produce visual patterns for classifying body orientation.

orientation or body tilt from team sports videos has rarely been explored.
Realistic upper body pose appearances of team sports players have a wider variety of artic-
ulated pose patterns (Figure 4.2) than pedestrian cases [18, 26, 117] with the following varia-

tions:

e Many types of spine angle (body tilt) (Figure 4.2 (a)).
e Running while looking backward (Figure 4.2 (b)).

e While moving back (Figure 4.2 (c)).

These postural patterns, unseen in surveillance videos for pedestrian tracking, make it more
difficult to realize the upper body pose estimation method for team sports videos. Specifically,
sports players in team sports videos have more body tilt variations than pedestrians poses be-
cause they tend to bend their (upper) body while in defensive actions or some specific actions
(e.g., passing action in soccer). Larger body tilt variations make the body orientation problem
more difficult because the previous body orientation estimators during pedestrian tracking or
detection [26, 135] depend on the alignment of the input window by the pedestrian detector for
only standing walking poses.

To cope with those postural variations in team sports, I propose a framework for estimating
the upper body orientation of a player with the head-center-aligned upper body region using the
selected classifier conditioned by the spine pose angle (Figure 4.1. The proposed framework,
which depends on the alignment of the upper body appearance, not only estimates the body

orientation of the tracking player (orange arrow in Figure 4.3 (a)) as in previous work on
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surveillance [26, ], but also estimates the 2D spine pose of the players (purple line in Figure
4.3 (a)), which consists of the head center location and the pelvis center location even during
the bending poses.

Our framework is composed of three steps. In the first step, the head position of the moving
player is tracked by the head tracker of [3]. In the second step, I estimate the relative pelvis
center location from the head center position using our proposed poselet-regressor with head-
center-aligned Histogram-of-Oriented Gradients (HOG) [24] features within the upper body
window. This results in estimating the 2D spine pose in each frame. Our poselet-regressor has
continuous output space, while the original poselets [30] are trained as a pose exemplar detec-
tor. In the third step, I use the estimated 2D spine angle from the second step as a conditional
prior for selecting a corresponding upper body orientation classifier, and then the upper body
orientation is estimated by the head-center aligned (or pelvis-center aligned) upper body region
HOG features within a corresponding spine angle range.

This framework is the extension of our previous body orientation and spine pose estimation
work [119] with two major contributions: (1) relative spine pose estimation with the head
tracker and the poselet-regressor with head-centered-aligned upper body appearance; and (2)
classifier selection scheme using spine-angle prior and aligned appearance window, which was
inspired by [105, ], but with the difference that our conditional prior is the 2D spine angle
class. Note that this chapter only focuses on the body orientation estimation problem while the
previous version [ 119] also proposed the head orientation estimator.

The first contribution of this chapter is the proposed poselet-regressor (in step 2) that
estimates the 2D spine pose without using pictorial-structures-based pose detectors such as
[11, 12, 61] and the poselet detectors [30, 31], which has been a popular strategy for human
pose estimation in computer vision. Our poselet-regressor predicts the relative pelvis position
from the head center using the head-center-aligned upper body appearance determined from
regression forests [93]. Compared with the multiview pose estimation method using poselets
[103], our framework tries to estimate the 2D spine pose (the line between the head center
and the pelvis center) using the poselet-regressor and the head-center-aligned window from the
head tracker. In other words, our poselet-regressor is a relative joint location predictor that
depends on the local origin (head center) estimated by the head tracker in each frame of the
video.

The second contribution of this chapter is the switching scheme between multiple upper

body orientation classifiers (in step 3) using the spine angle value as a conditional prior. This
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enables each body orientation classifier (random decision forests) to focus on selecting the
important (HOG) features from the conditioned subset of the whole training dataset that in-
cludes similar and spine-pose-aligned upper body appearances with the same spine angle range.
Previous body orientation estimation approaches for surveillance videos [18, 26] do not deal
with bending poses but only pedestrians walking or standing upwright. Our conditioned prior
scheme is inspired by the conditional regression forests [ 105, ], but our conditional prior is
the spine angle, which has never been explored before as a prior.

In addition to these major two contributions, another key contribution of this framework
is that our method estimates the upper body pose of the player even when partially occluded,
because it depends on the head tracker and the upper body orientation classification using only
the selected features within the upper body region during training time with Regression Forests
[93]. Since my previous work [119] depends on tracking the whole body, it can only track
and estimate the pose of isolated players. Our new design, which tracks the head and uses
the head-center-aligned upper body appearance, which is inspired by our another lower body
pose estimation framework in the previous chapter [102], opens up more chances to track and
estimate the pose of players even in congested situations in team sports by only tracking the
head region and using only the tracked upper body region for spine pose and body orientation
estimation.

Since the variation of the arm pose is very large in unconstrained team sport player appear-
ances, it is also important to depend aligned global appearance of the person. Because parts
exemplars such as poselets [30, 31] and pictorial structures [ 11, 12] have to deal with the all of
the arm parts for pose prediction, they are not always scalable to the unconstrained huge pat-
terns of articulated poses. Instead of training parts detectors, I introduce the alignment of the
whole body appearances from the tracker, which is the standard approach of body orientation
classification methods during tracking-by-detection [26, , ], and utilizes only discrimi-
native HOG features within the upper body region selected by random decision forests training.
Moreover, our poselet-regressor also uses the same aligned-global appearance approach to pre-
dict the relative pelvis center location from the (tracked) head center.

In summary, our alignment via head tracking and the feature selection with conditional
spine pose prior are aimed at dealing with pose appearance patterns of sports players rather
than pedestrians (for estimating their body orientation). By acquiring head and pelvis-center

aligned upper body images, each body orientation classifier needs to deal with only the smaller
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(a) Example output. (b) Example output in 3D space. (c) Body orientation classes.

Figure 4.3: System output in image and 3D space. (a) Example results shown in image. The
smaller blue rectangle is the head region tracked by the head tracker. The larger blue rectangle is
the upper body region for the poselet-regressor and the body orientation classifiers. (b) Visualized
result in 3D space. The orange arrows show the eight horizontal orientation classes. The purple line
is the spine, which includes the head center position (cyan) and the pelvis center position (green).
The number showing at the right-bottom corner of the upper body means the selected spine-class
s. (c) Class numbers for each body orientation class.

appearance distribution within the corresponding spine angle class. To achieve this, even for
an unconstrained setting, [ propose the regression forests-based skeletal spine pose estimation.

The rest of this chapter is organized as follows: Section 4.2 introduces the overview of our
framework. Section 4.3 introduces the spin pose estimation procedure using the head tracker
and the poselet-regressor. Section 4.4 introduces the multiple body orientation classifiers con-
ditioned by spine angle prior. Section 4.5 is the evaluation of our method with American
football and soccer scenes. Section 4.6 is the conclusion of this chapter. Related work of this

chapter was already discussed in Section 2.4.

4.2 Overview of Proposed Framework

In this section, I will show the overview of our framework for estimating the upper body pose
of the player: the spine pose and the body orientation. Figure 4.4 shows the flowchart of our

framework. Our framework is composed of the following three steps:

1. Tracks the head region in each frame with the head tracker [3] to estimate the head center

location in each frame.
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4.3 Head Tracking and Spine Pose Estimation with Poselet-Regressor

Input : team sports video with the player head
position in the first frame.

Head tracker Head window | HOG features
(Benfold et al.[3]) in each frame. || extraction from the
:| head-center-aligned
| upper body region.

Intermediate Output: spine pose ( head and
pelvis locations ) in each frame.

Select one classifier using spine angle.

Body orientation classifier 1
(spine angle class 1)

Body orientation classifier 2
(spine angle class 2)

|| Perform Poselets-

|| Regressor to estimate
|| the relative pelvis

| center location from
|| the head center.

Body orientation classifier 3
(spine angle class 3)

Body orientation classifier 4
(spine angel class 4)

H . Body orientation classifier 5
Step (1): Head tracking to acquire | Step (2): Spine pose

pnic

(spine angle class 5)
Head-center-aligned upper body regionsin ! regression
each frame (Section 4.3.1) : | (section 4.3.2) Step (3): Body orientation classification with spine angle prior (Section 4.4)

Figure 4.4: Proposed framework.

2. Estimates the relative pelvis position against the head center in each frame with the
poselet-regressor, using the HOG features of the upper body region aligned to the head

center as input. This step results in estimating the spine pose.

3. Estimates the body orientation with a classifier selected by the spine angle value of the
player. (Optionally: estimates the head orientation with a head orientation classifier in

the same way as in our previous work [119].)

Steps (1) and (2) estimate the spine pose s; = (h;, p;) where h, = (xﬁ’, yﬁ’) is the head location

and p, = (x”, y?) is the pelvis location in each frame ¢. Step (3) estimates the body orientation
o? €{0,1,...,7} of the player in each frame (Figure 4.3 (c)). The spine angle calculated from
the spine pose is used to select one corresponding upper body orientation classifier f” from
multiple body orientation classifiers for each spine angle range. In other words, the spine pose
acts as a mediator between the steps (1) and (2) and step (3). I will define the procedures of

steps (1) and (2) in Section 4.3, then define the procedure of step (3) in Section 4.4.

4.3 Head Tracking and Spine Pose Estimation with Poselet-Regressor

To estimate the relative pelvis position p; = (x, y") from the head center location h, = (xf, yﬁ’)
estimated by the head tracker at each frame ¢, I propose a body spine pose regressor, which I
call the poselet-regressor. Using the head tracker and our poselet-regressor, our framework can
estimate the 2D spine pose of the player s; = (h,, p;) at each frame ¢ of the video by regression

(see Figure 4.5).
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With the global coordinate head center location h, = (xﬁ’, yﬁ’) in a video frame (Figure 4.6
(a)), our poselet-regressor first calculates the multi-level HOG feature X',’ within the upper body
region around the head center location h; (Figure 4.6 (b)). Then it estimates the relative pelvis
position p} = (x;p , y;p ) from the local coordinate head center h; = (0, 0) (Figure 4.6 (c)) using
x? for the random regression forests input vector. In other words, I use the selected visual

features from the upper body region for this regression.

4.3.1 Head Tracking

To estimate the head center locations in each frame, head tracking for one subject player in a
team sports video is performed. The head tracking approach proposed by Benfold ef al. [3]
to track the head region is used here. This method tracks the head region of a person using
tracking-by-detection with a Kalman filter. It uses a SVM (support vector machines) head
rectangle detector with HOG features as the likelihood of Kalman filter and uses local feature
tracking results to predict the next state. In our experiments, I trained scene-specific 24 x 24
head detectors for each scene. I regard the center of the tracked head regions in each frame 7 as

the head location h, used in the later steps.

Y y Dt(P;)

Figure 4.5: Local coordinate system for the poselet-regressor and the global coordinate system for
the head tracker. The black axes x and y are the global coordinates and the red axes X’ and y’ in the
magnified player image are the local coordinates. Pelvis position estimation is performed in these
local relative coordinates.
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4.3.2 Poselet-Regressor of Spine Pose

After the head region is estimated in each frame of the video in the first step, I employ the
poselet-regressor to estimate the 2D spine pose, which consists of the 2D head position h; =
(x;h, y;h) and the 2D pelvis center position p, = (x;”,y;”) in a local coordinate system whose
origin h; = (0,0) is the global head location h, = (xﬁ’, yﬁ') in each image (Figure 4.5). The
upper body region for the poselet-regressor is located 20 pixels to the left and 12 pixels above
the head center location h, (Figure 4.3 (a)).

The proposed poselet-regressor does not try to detect segments of the subject person like
the poselets detector [30, 31] or FMP detector [11]. Instead, our poselet-regressor estimates
the continuous change of the relative joint position (pelvis center) from the center position
(head center) using the selected discriminative features within the head-center-aligned upper
body region HOG appearances. Adopting this design of relative joint location estimation by
discarding the detection and segmentation ability of the original poselets [30, 31], our poselet-
regressor can obtain the relative movement of one joint location from the center joint of the
poselets window in the upper body visual feature space. Our poselet-regressor can also be
regarded as the regressive version of the label-grid classifier [102] in Chapter 3, a visual grid
classifier of the lower body joint location from the pelvis center with HOG-grid resolution. The
center of alignment of the HOG features window in the label-grid classifier [102] is the pelvis
center, while the alignment center of the poselet-regressor is the head center position in this
paper.

Given this head-center-aligned upper body region at frame ¢, the poselet-regressor estimates
the (regressed) 2D pelvis center location p; = (x;p , y;p ) from the head center location h; =
(0,0). p; can be also regarded as an offset vector from the local origin h;. I train the poselet-
regressor f* (Xf) as regression forests [93] to estimate p; with the selected features from the

whole HOG feature vector x” in the upper body region:
P, = f'(x7) (@.1)

Figure 4.7 shows some example results. Here, I assume that the head center locations in each
frame were already tracked by the head tracker in Section 4.3.1. I then use the poselet-regressor
to estimate p; in each frame.

I adopt the same feature vector as [26], a three-level pyramid of HOG features within the

upper body region as a D dimensional feature vector x? € RP from the W x H window. The
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block size of the HOG is 2 X 2 at every level. In the same way as in [26], a dimensionality
reduced image (by PCA) is used as an input for HOG features calculation.

I name our relative pelvis location regressor as the poselet-regressor because it can be
regarded as a regressive version of the poselets framework [30]. While the original poselets
are detectors, our poselet-regressor trains a regressor of the relative pelvis offset using the
upper body visual features, whose head positions are aligned. Note that one poselet detector is
typically trained from people with many types of clothing and hair styles, while our poselet-
regressor (in this paper ') is trained from the upper body regions of different players and poses
wearing only one specific American football or soccer uniform type (see our experimental

setting in Section 4.5).

Training the Poselet-Regressor.

The poselet-regressor is trained from the dataset D5 = {(xf’,p;),i = 1...,np}, where n,
denotes the number of samples in the dataset Dy, Xf’ denotes the feature vector from the
upper body region aligned with the head center, and p; denotes the pelvis center offset from the
head center location in local coordinates. As already mentioned, I use regression forests [93]
as the poselet-regressor to train the local pelvis center location p; in a continuous 2D image
space using the dataset D ,,s. Each sample (X? , p;) in D, is collected and labeled from the
videos from the same match and the players from the same team.

Optionally, the original training dataset D . is augmented to the Dj,,7, with some slides
of the head center position to make the poselet-regressor (and the body orientation classifiers
in Section5) recognize a slanted upper body appearance. The slide vector vy = (x5, y5) where
x5 denotes the x-axis slide value of the head center position and y, denotes the y-axis slide
value of the head center position. By using slide vectors, head center positions are augmented
while the images in the original D, remain the same. Since our body pose estimators depend
on the head-center-aligned upper body appearance, the drift of the head tracker often provides
a little slanted upper body appearance. Although HOG [24] has local deformation invariance
through block histogram quantization, our data augmentation procedure will provide additional
robustness to the not-well-aligned head tracking results (I test this setting on women’s soccer

scenes in Section 4.5.

"While poselet-regressor can be learned from people with various types of clothing, I only use it for one specific
clothing type for the team.
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Potential advantage of the Poselet-Regressor.

Figure 4.7 shows some example results from our poselet-regressor in our experiment (Sec-
tion 4.5). These results show us two advantages of the design of the poselet-regressor. The
first advantage is that the poselet-regressor realizes spine pose estimation for all types and
views of sports player poses, even when some part-occlusions happen (Figure 4.7), because it
achieves regression using only randomly-selected features within a holistic upper body region.
As discussed in Chapter 2, part-detector based methods can estimate poses when the pictorial
structure of all parts can be found. Conversely, our poselet-regressor uses only head-center-
aligned upper body region appearance so that every upper-body visual features (including part-
occluded poses and side poses) can be trained from the training images. This is a necessary trait
for the human pose estimation methods for team sports videoss, because players run right or left
with side-view poses and their arms often disappear from images because of part-occlusions.
The second advantage of the poselet-regressor is a separate and sequential estimation of
Jjoint locations via relative joint location estimation (in local coordinates). While FMP [11]
and other part-based detectors need to decide the locations of all local parts simultaneously,
our poselet-regressor enables part-location estimation one by one with global appearance. This
flexibility evades the necessity of part localization for bone estimation (in our case, spinal bone)
and also achieves the spine pose estimation that most previous work does not primarily focus
on (or which is often ignored). Moreover, by integrating it with head tracking (in this paper), a
better alignment of the body appearance is produced, which makes the pose estimation problem
simpler !, and can be done even while tracking the person. The head region has good rigidity
for tracking and achieving good alignment for the pose estimators, while the previous body

orientation estimation work depends on the pedestrian detection window as alignment.

4.4 Multiple Body Orientation Classifiers with Spine Angle Prior

The third and final step in our framework is to estimate the body orientation using the body
orientation classifier with a corresponding spine angle range. I train each n; upper body orien-
tation estimator as eight-class random decision forests FP = { fsb ,8 =1,...,ns} with a training

dataset from one team in a specific scene. Each body orientation classifier f? is responsible

'Note that I insist on simplicity for (only) the pose estimation problem during tracking from low-resolution

surveillance videos.
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(a) Head region tracked (b) Upper body region (c) 2D spine estimated
by the head tracker. (larger rectangle) used by poselet-regressor to
for poselet-regressor.  estimate pelvis center

position.

Figure 4.6: Estimating procedure of spine pose with head tracker and poselet-regressor.

for estimating the body orientation oﬁ’ €{0,1,...,7} (Figure 4.3 (c)) within the corresponding

spine angle range class using the input feature vector xtb at frame r:

o = f0x0) (4.2)

After tracking the head region and estimating the spine pose in the two previous steps

(Section 4.3), T select a s-th class f? from F? to estimate the body orientation according to the
spine angle 6, of the player at frame ¢ (Figure 4.8).

I use random decision forests [9] to train each upper body direction classifier using the

subdatasets divided by the spine angle value (see Figure 4.9). I use the same feature window

size of the poselet-regressor calculated from W X D upper body region (Section 4.4.1) for the

two-level HOG features of the multiple body orientation classifiers.

4.4.1 Learning Multiple Upper Body Orientation Classifiers by Dividing the
Dataset According to the Spine Angle

To estimate the body orientation of the player, I use one classifier f” selected from n, classifiers
Fb = { fsb ,s =1,...,n,}, where fsb is a body orientation classifier for each spine angle class s
(Figure 4.8).

To train each fsb, I first prepare the dataset D = {(Xf.’, oﬁ’, s),i=1...,n,}asin Section4.3.2,
where x? is the upper body region feature vector, of.’ €{0,1,...,7}is the body orientation label,
and s; = (h;, p;) is the spine pose label of the i-th sample in the dataset, respectively. After the

learning procedure, each f? uses different features selected from the same upper region feature
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Figure 4.7: Example results of the relative pelvis position estimation using poselet-regressor.

xf.’ € RP. I also define the spine angle 6; on the image plane as the angle against the x-axis
direction. This spine angle 6; can be calculated from the spine pose estimated with the 2D
spine pose s; (see Figure 4.8).

Next, I divide D into ny—subdatasets {Dy, s = 1,...,n,} according to the angle value 6; of
each i-th instance in D (Figure 4.8). Spine angle 6; space is separated into n, regions, which
I call spine angle classes, according to the spine angle value 8; calculated from h;, p;. With
each Dy, Tlearn f7 as random decision forests. This dataset preparation procedure is shown in
Figure 4.9.

I use ny = 5 by default as showed in Figure 4.8. After the preliminary tests with our
experimental datasets, I decided to divide the spine angle 8; space into the following five spine

angle classes:

1 if60>6;
2 if80 > 6; > 60
s=143 if 100 > 6; > 80 (4.3)
4 if 120 > 6; > 100
5 if6; > 120

At test time, after the value of s was selected using this conditions, the corresponding

classifier 2 was used to estimate the body orientation.
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Figure 4.8: Spine angle classes. The blue circle is the head center h and the green circle is the
pelvis center p of the subject player. The spine angle range of the training dataset is divided into

five spine angle classes

This spine-driven dataset grouping both at training time and test time makes it easier for
each random decision forest to select more discriminative split functions at each node rather
than using the whole dataset. The reason is that images in one grouped subdataset D are more
similar and thus it is easier to automatically select the informative (different) feature dimensions
for random forest learning (see the average images in each subdataset D for each spine angle

class in Figure 4.9).

Our idea of using spine angle value as a conditional prior for selecting body orientation
classifier was inspired by the conditional regression forests in [110], but there is a difference.
While [110] also tries the conditional prior of the head orientation by selecting the T trees from
one holistic random decision forest for all the head orientations (conditions) in the experiments,
our method trains multiple independent random decision forests for each spine angle range
separately and do not use any trees from the different conditions. The reason for adopting
only this approach is that the upper body appearance does not have continuous (manifold-
like) feature space along the spine angle because arm and head appearances are sometimes

inconsistent with the spine angle changes.
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Figure 4.9: Learning multiple body orientation classifiers (random decision forests) by grouping

datasets into the subsets having the same spine angle range. This conditional classifiers learning

makes the random decision forests easier to select discriminative features for body orientation

classification from only the spine pose aligned HOG features in each D;.

4.5 Experiments

I evaluated our framework with videos from an American football game and a women’s soccer

game. | performed experiments for each pose estimation step, namely (1) head and pelvis

center estimation with head tracker and the pelvis center (Section 4.5.2), and (2) the body

orientation estimation (Section 4.5.3). All videos were captured at a high place in the stadium

with fixed cameras at 29 fps. In the American football videos, horizontally moving players are

mainly shown. However, in the women’s soccer videos, players often move diagonally (to the

goal or the opponents). Hence, I can expect different body orientation statistics for each scene.

In each scene, I prepared our experimental data by dividing videos into a test dataset and

a training dataset. The datasets were prepared with images and manually annotated labels of

the spine pose and the body orientation. The American football videos were captured from one

match of Panasonic IMPULSE !, which is a Japanese professional American football team.

Thttp://panasonic.co.jp/es/go-go-impulse/
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The women’s soccer videos were captured from the match Waseda-Keio Game of the Keio
University womens soccer team' .

I evaluate each of the three steps of our method in the following three subsections (Sec-
tion 4.5.1, 4.5.2, 4.5.3). I will focus only on the poses of the black-uniformed players in the
American football videos and focus only on the poses of the brown-uniformed players in the
women’s soccer videos (see the figures for those uniform colors).

I prepared a test video dataset D, , with 12 test videos for the American football game
and prepared D, with 10 videos for the women’s soccer game, with 22 test video sequences
in total. Each test video sequence in both games is composed of 80 frames, and I track one
player in each video to evaluate our framework. To evaluate the advantage of using only the
upper body region appearances for human pose estimation, some of the tests include frames
with some lower body occlusions between players. In addition, to demonstrate the advantages
of our body orientation classifiers conditioned by spine angle class, some of the tests include
bending or twisting poses (where the upper body orientation and the lower body orientation
(movement direction) are different). Later in Section 4.5.4, I discuss the effectiveness of our
method for occlusion cases and bending poses by showing the visualized result images.

For each scene, a head detector (which I will not evaluate), the poselet-regressor of the
pelvis center and the body orientation classifiers are independently trained from the training
dataset D;,4i, with manually labeled poses, which only includes team players from one specific
team. In addition, to overcome the head-center drift of the head tracker in the soccer scene, I
augmented the Dy, of the soccer scene to Dfr'fﬂn to train pose estimators that also understand
shifted examples. I made D7 with slide vectors (-8, 0),(8,0), (0, 8), (0, -8).

To train the body orientation classifiers with the symmetric images and labels of the origi-
nally labeled samples, I resampled the symmetric samples using the following procedure. First,

I made the dataset Dy, in specific scenes (e.g., American football or women’s soccer, in our

experiments) by manually labeling the images from the training videos. Second, I made a

’
train’

flipped copy of Dyryin as D which is composed of the flipped images and flipped labels

from Dy4in. Finally, I acquired the whole training dataset D = {D4in, D with symmet-

train}
train
rically resampled images and labels. In the American football scenes, about 40 percent of

the images were used in the test videos (tests 2,3,4,10 and 12)2. In the soccer scene, I com-

Thttp://keio-soccer.net/
2Even though some test sequences were overlapped with the training dataset, most of the test images in each
frame were different from the ones in the training dataset because tracking provides a shifted upper body window

appearance based on the drift of the head tracker
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pletely separated the test dataset and the training dataset. Note that again our goal was training
scene-specific (or sport-specific) body orientation estimators that can deal with bending poses.
Hence, I tried a supervised-learning approach as a first step toward unconstrained sport pose
estimators.

I trained and tested our method for one specific team (with the same clothing but with
different body shapes). Dy, in the American football scenes includes 16334 (after reflection,
original dataset includes 8167 samples) feature vectors Xf.’ calculated from images and their
labels (of’ ,8i) - Dirain in the women’s soccer scene includes 1053 examples, which is small for
random decision forests training. For this reason, I augmented the original with reflections and
four slide vectors. After data augmentation, I obtained 2822 x Sslides = 5265 examples in
total). I used a 48 X 48 upper body region for the American football scenes and a 64 x 64 upper
body region for the women’s soccer scenes, from which I calculated the feature vectors for both
the poselet-regressor and the body orientation classifiers. For the body orientation classifiers
of the women’s soccer scene, I change the center of the upper body region to the pelvis center
estimated by the poselet-regressor while the center of the upper body region for the classifiers
of American Football scene is the head center estimated by the head tracker (larger window
shows the regions for body orientation classifiers in each figure in this paper). And I also make
the upper body region size for the soccer scene body orientation classifiers to 64 X 64 in order
to include arm regions of all training samples.

To train five body orientation classifiers in each spine angle range, I divided the training
dataset Dyqin (or D77 in the soccer scene) into five subdatasets {Dy, s = 1,..., 5} and trained
each spine angle class classifier f” with D independently as in Section 4.4.1. In the American
football scenes, each D, had 934, 4005, 6456, 4005, and 934 examples (16334 in total) respec-
tively. In the women’s soccer scenes, each D had 336, 437, 1216, 437, and 336 images (5265
in total), respectively. For training the American football scene poselet-regressor, D, with
16334 examples was used. For training the women soccer scene poselet-regressor, D?:;gm with
5265 was used. The feature importances of HOG features selected by random decision forests
with American football dataset are visualized in Figure 4.10 and the feature importances of
random decision forests trained from Women soccer dataset are also visualized in Figure 4.11.

I performed the evaluations for players on the lower side of the field in each scene so that
the image scale of the players became almost the same. For the same reason, I also collected

training examples from the players who played on the lower side of the field. As a result, I
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(a) spine angle (b) spine angle (c) spine angle (d) spine angle (e) spine angle

class 5. class 4. class 3. class 2. class 1.

Figure 4.10: Visualization of the importances of HOG features for each body orientation classifier

(a) spine angle (b) spine angle (c) spine angle (d) spine angle (e) spine angle

of American football scene.

class 5. class 4. class 3. class 2. class 1.

Figure 4.11: Visualization of the importances of HOG features for each body orientation classifier
of women soccer scene.

could only consider a small range of scales of the players in the experiments (and also the

camera views and distance).

4.5.1 Head Tracking

To apply the head tracking algorithm from [3], I trained head detectors for each scene as linear
SVMs using HOG features [24] with 4 X 4 cells within a 24 X 24 pixels window so that the
head region was included in the 50 — —70 percent of the window size. The first column in Table
4.1 is the result of the error in the head tracker for our test dataset. The error in the spine angle

class will be evaluated in the next subsection.

4.5.2 Spine Pose and Spine Angle Class Precision

I evaluated the precision of the poselet-regressor using the test dataset from two perspectives:
(1) precision of the poselet-regressor itself; and (2) precision of the assignment of the spine
angle class. As a baseline of (1), I also evaluated the performance of the Flexible-Mixtures-

of-Parts (FMP) [11] as the head center and the pelvis center estimator. Since FMP is a person
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(a) American football scene. (b) Women'’s soccer scene.

Figure 4.12: Example results of skeletal pose estimation with FMP [11]. The purple line is the
spine pose between the head center and the pelvis center.

Table 4.1: Average estimation error (Euclidean distance in pixels) of the head center and the pelvis
center in each test dataset.

| American football | women’s soccer |

head center (ours) 3.99 (12 tests) 7.68 (11 tests)
head center ([11]) 10.44 (10 tests) 7.40 (9 tests)
pelvis center (ours) 4.03 (12 tests) 6.25 (11 tests)
pelvis center ([11]) 9.75 (10 tests) 7.69 (9 tests)

detector, I used the 200 x 200 image centered at the head position from the head tracker to
(re-)detect the FMP for this evaluation. I used software and the default model of FMP provided
by the authors of [11]. I resized the 200 x 200 image to 400 x 400 size so that the FMP model
could detect the person with the trained person size.

The first row in Table 4.1 shows the average error of the head center locations estimated by
the head tracker with our estimators and FMP [11]. The second row in Table 4.1 is the result
of the pelvis center location estimated by the poselet-regressor from the tracked head locations
in each frame and the results of FMP. Note that in both scenes, some tests are omitted for
calculating the results of FMP (test 2,3,4 in American football and test 5 in women’s soccer).
The reason is that the subject player was not detected by the FMP because of inter-player

occlusion. Figure 4.12 shows some example results of FMP detection on our test sequences.
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While our approach for estimating the pelvis center location is two-step estimation (steps
(1) and (2)), the average error of the pelvis locations remains almost half the size of the cell
size 8 x 8 of HOG features for the body orientation classifiers input vector. This makes HOG
features pooling effective for estimating the same output body orientation class as long as the
translation of the upper body window is small. In the American football scenes, our method
predicted accurate spine pose even when the spine angle is acute or even when the pose is side-
view. At the same time, FMP also shows accurate results for spine pose estimation (Figure
4.12). While the results for the two joints are good (for our body orientation classification in
step 3), all parts of the FMP do not fit well for the subject person. While torso parts (yellow
rectangles) and head parts (green rectangles) are well fitted to the players, arm parts and leg
parts are not well fitted because of the hard occlusions or disappearance of those parts. Hence,
FMP is not valid for our purposes, even though the head center and the pelvis center seem well
fitted.

Next, I evaluated the precisions of the spine-angle classification of the whole test dataset
Dress. Figure 4.13 shows the confusion matrix of the results of the spine angle classification
performed with the whole test dataset D, in each scene type. American football videos
include mainly standing poses (spine class 2,3, and 4) and few bending poses (spine class 1 and
5). There are some samples whose true class 3 is wrongly classified as one of the neighboring
classes 2 and 4. The results for the women’s soccer videos shows the accuracy of the spine
angle classification: 78.1 percent, which is higher than the results for the American football
scene (54.7 percent).

While my spine angle range strategy reduces the effects of the spine pose estimation error
by discretizing the spine angle, higher accuracy of the assignment of the spine angle class s
also strengthens the accuracy of the spine angle class prior for selecting the appropriate body
orientation classifier . In this sense, I would prefer the more precise poselet-regressor, while

this might be difficult for our problem setting with very low-resolution videos.

4.5.3 Body Orientation Precision

I evaluated the precision of the body orientation classifiers (Section 4.4) using the test dataset.
I compared the result of proposed body orientation classifiers to the result of our body orien-
tation classifier in our previous work [119], which uses only one body orientation classifier

for the whole training dataset. To test a fair comparison in terms of alignment, I trained body

72



4.5 Experiments

Average spine angle class accuracy:54.7% Average spine angle class accuracy:78.1%
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(a) American football scenes. (b) Soccer scenes.

Figure 4.13: Confusion matrices of the spine angle class estimation.

orientation classifiers for the women’s soccer scenes with a pelvis-aligned window, where the
pelvis is located at (32,48) from the top left corner of the 64 x 64 window (see Figure 4.17).

To compare with the body orientation classifier of our previous method for sports videos
[119], T also trained one body orientation classifier with random decision forests using the
overall training dataset D, for American football scenes, Df:;gn for the women’s soccer
scenes. As described in Section 4.3.2, I used the input feature vector for random forests with
the 3-level pyramid HOG with a PCA-reduced one-channel image for our proposed method.
For the input features of our previous method, I used a one-level pyramid HOG as in [119].

For the American football scenes, I used the spine angle class boundaries [60, 80, 100, 120]
between two neighboring classes of equation 4.4.1. For the soccer scenes, I used different
boundaries [70, 80, 100, 110] because the spine angles of the soccer players are not so acute as
those of the American football players.

I compared the results of the proposed body orientation classifiers with the spine angle prior
and the body orientation classifier of [ 1 19] from two perspectives with the same tracked results
of spine poses: a multi-class classification perspective and a body orientation angle estimation

perspective.

Multi-Class Classification.

I first evaluated the proposed body orientation classifiers as a multi-class classifier. Figure 4.14
shows the body orientation class distribution, where 0 degrees is equivalent to class 4 and 180

degrees is equivalent to class O (see Figure 4.3 (c) for the class index assignment). Since most
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(a) Body orientation distribution in 12 American foot- (b) Body orientation distribution in 10 women’s soccer
ball tests. tests.

Figure 4.14: Body orientation class distribution (histogram) in each type of scene.

of the subject players (who are mainly running back and wide receivers) run horizontally in
the American football scenes (Figure 4.14 (a)), most of the body orientations are in horizontal
directions (class 0 (left) or class 4 (right)) and there are only few diagonal orientations. In the
women’s soccer scenes (Figure 4.14 (b)), the target brown clothing team is attacking to the
right direction in the field. Most of the frames are in the right direction, with some diagonal
orientations.

Figure 4.15 shows the confusion matrices of the classification results using the body pose
classifier in [119] (Figure 4.15 (a) and (c)), and the body orientation classifiers proposed in
this chapter (Figure 4.15 (b) and (d)) in each scene. The confusion matrices for the proposed
method show slightly more precise results than those of [119], while the class prediction ac-
curacy is almost the same. However, Figure 4.15 (c) shows a little more misclassification (i.e.,
predicted class 1 vs. true class 5 is salient in Figure 4.15 (c)) while Figure 4.15 (d) shows the

more misclassification to the neighborhood classes.

Table 4.2: Average estimation error (in degree) of the body orientation in each scene dataset. The

baseline is our previous work[119].

Proposed | [119]
American football scenes 20.90 23.57

Women’s soccer scenes 39.99 47.02
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Figure 4.15: Confusion matrices of body orientation estimation results.

Orientation Angle Error.

As also evaluated in the other papers for head or body orientation estimation reviewed in Sec-
tion 2.4, I evaluated the average angle error of the estimated body orientation angle from the
same test results.

Table 4.2 shows the average estimation error of the body orientation angle in degrees for the
test dataset Dy, by the proposed method and our previous method [119] in each type of scene.
Although the average errors of the proposed method shows that it performs the better than [119]
in Table 4.2 in both scene types, this does not give us a good understanding of the overall results
because the precision and accuracy are almost the same between the two methods. Hence, I
will visualize many example results in specific tests and situations in the next Section 4.5.4

with further detailed discussion to provide evidence for each specific challenge.
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4.5.4 Discussions

Running Poses.

Since running is the most frequent action in team sports videos, the robustness of estimating
running poses is the most important for evaluating the human pose estimation method for team
sports. Figure 4.16 shows some results from the proposed method and [119] in seven con-
secutive frames in the test dataset while the player is running (tests 1,2,3,4 in the American
football scenes). Figure 4.16 (a) (test 1) is a typical example of a standard straight running
case, which occurs very often in team sports videos. Figure 4.16 (b) (test 3) shows the results
when the movement direction of the player is different from the body orientation (the player
is moving to the left while the body orientation is in the upward direction). This capability of
the proposed framework is very important for team sports videos, where players often look at
different directions from their movement direction. Figure 4.16 (c) (test 4) shows the results of
twisting behavior (body rotation against the camera pose) during running. Even though [119]
shows good results, the proposed method gives perfect results during the transition of body
orientation (see 4th frame from the left on both rows in Figure 4.16 (d)). Figure 4.17 shows
some key frames in the women’s soccer tests. Figure 4.17 (a) and (c) (test]l and test7) shows
running sequence examples. Compared with the American football scenes, the soccer scenes
have more diagonally running players and diagonal body orientations: classes 1, 3, 5, and 7 in

Figure 4.3 (c).

Occlusions and Using Only the Upper Body Region.

Figure 4.18 shows some cases with hard occlusions within the upper body region. Since the
proposed method only uses the upper body region (larger blue rectangle) for body pose esti-
mation, the upper body poses are estimated correctly (Figure 4.18 (b)). However, estimation
of the upper body orientation tends to fail if most of the background becomes an unknown im-
age pattern for the poselet-regressor and body orientation classifiers (Figure 4.18 (a) and (c)).
Even though the background in my experimental videos consists of simple green flat texture
and the random decision forests can select the features mostly of the foreground (player) HOG
cells after the feature selection, the upper body pose estimation results become unstable when
hard occlusions occur because I have not yet built the foreground-only selection. This is a
very important problem in the application of my framework to other sports videos where the

background consists of more complex textures.
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(a) Results from test 1.

(b) Results from test 3.

(d) Results from test 6.

Figure 4.16: Results from the American football scenes. The first row shows the results of the
proposed method and the second row shows the method of [119].
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(d) Result frames from test 10.

Figure 4.17: Results from women’s soccer scenes. The first row shows the results of the proposed
method and the second row shows the method of [119].
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(a) Occlusion samples in test 3. (b) Occlusion samples in test 4.

(c¢) Occlusion samples in test 10.

Figure 4.18: Results during occlusion between players.

Figure 4.17 (d) (test10 for women’s soccer scenes) is also an example of the advantage of
the usage of only the upper body region’s appearance. My method can estimate the upper body
pose of soccer players even as they interact with the ball with their legs, because the ball does

not affect the estimation at all as long as it does not enter the upper body region.

Bending Poses.

Figure 4.19 shows the results of bending (side-view) poses. If the spine pose is estimated
correctly, the upper body orientation is also classified correctly (Figure 4.19 (a) and (c)). If
the drifts of the head tracker become large, the poselet-regressor tends to provide an incorrect
pelvis center location and the upper body orientation classifiers tend to fail because of the
wrongly estimated spine angle class (Figure 4.19 (b) and (d)). These spine pose estimations
while bending from side-view monocular videos (not only for pedestrians) are novel outputs in

the computer vision field, while having some errors in the experiments.

The Effect of the Alignment of the Upper Body Region and the Selected Features.

My body orientation estimation method depends on the alignment of the tracker and the se-
lected features in each spine angle. Figure 4.20 shows some examples of the effect of the
alignment of the head tracker and pelvis center estimation. In Figure 4.20 (a) and (b), the head
center location is not good. This misalignment causes the misclassification of the body orien-
tation in Figure 4.20 (b), while the body orientation is correct in Figure 4.20 (a) because the
misalignment of the head position is small for 8 X 8 pooling of HOG features for both the pelvis

poselet-regressor and the body orientation classifiers.
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In Figure 4.20 (c) and (d), the head tracker is good enough. However, in Figure 4.20 (d),
the pelvis estimation is not accurate and my algorithm selects the wrong spine angle class from
the misaligned upper body region. There is a tradeoff between the selected features of each
spine angles class vs. alignment of the upper body region and the precision of the pelvis center

location.

Models for One Specific Team.

Our evaluation for American football videos shows the robustness of our method mainly for
running poses, which account for the vast majority of player poses not only in American foot-
ball but also in all other team sports. Compared with FMP [11] or other frontal upper body
estimators that must know the various types of clothing and hair styles, human pose estimators
for team sports (such as our method) only need to know the appearance of the two team’s uni-

forms for a specific match. In this sense, although our method uses fully supervised models for

one specific team (or uniform), our experiments shows that our classifiers are robust enough to

estimate the upper body poses of the target team players.

(a) Correct samples from test 6. (b) Incorrect samples from test 6.
(c) Correct samples from test 12. (d) Incorrect samples from test 12.

Figure 4.19: Sample results of bending poses from American football tests.
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(a) Correct sample (b) Incorrect sample (c) Correct sample (d) Incorrect sample
from test 5. from test 5. from test 8. from test 8.

Figure 4.20: Effect of the alignment of the upper body region for body orientation estimation.

4.6 Conclusion

This chapter proposed an upper body pose estimation framework for team sports videos, which
estimates the upper body orientation and the spine pose of one player from the tracked and
aligned upper body appearances and feature selection with random decision forests. Our
method employs a scene-specific head tracker, a spine pose regressor (poselet-regressor of
relative pelvis center location from the head center location), and body orientation classifiers
conditioned by the spine angle value ranges. Both our poselet-regressor and the conditioned
body orientation classifiers are trained from the player images of the same team, and can be
used for the players wearing the same uniform (or performing the same sports actions in the
other scenes). Our alignment-based body orientation classification, guided by the 2D spine
pose, can predict not only the body orientation but also the 2D spine pose even when hard-
occlusions or part disappearance occurs, because it uses a few selected features within the
aligned upper body window. This alignment-based pose estimation framework, is suitable for
side view running poses as the method in Chapter 3 [102] and suitable for upper body bending
poses which both frequently appear in team sports videos.

Moreover, our previous method [119] of this chapter proposed a rough conversion of a
2D spine pose to a 3D pose by combining the 2D spine pose with horizontal body orientation
recognition (Figure 4.3 (b)). This means that the upper body poses estimated by the proposed
method can be also used for generating (approximate) 3D upper body pose information as [119]
does.

Future work includes upper body orientation estimation using team contexts such as move-

ment directions of all players on the same team or their common attending direction. In ad-
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dition, 3D geometry of the scene and players should be considered to restrict the variation
of the human appearance on images. Also, I would like to utilize the spine pose informa-
tion estimated from our poselet-regressor as a mid-level feature for action recognition, such as
the understanding of defensive behavior from bending poses or the team activity analysis as

proposed in [5, 56, 97] for surveillance.
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Integrated Estimation of the
Upper-Body Pose and the Lower-Body
Pose

In the previous two chapters, Chapters 3 and 4, I proposed two independent pose-estimation
methods: one for the upper half of the body, and one for the lower half. In this chapter, I
will propose a simple, integrated version of the two frameworks. The lower-joint estimation
method used a label-grid classifier to classify the grid locations, and this has been replaced
with a continuous regression that uses the poselets-regressor, as was done for the pelvis-center
regression in Chapter 4. The resulting method gave a better estimate of the joint, due to the
subpixel level capability of regression forests. I performed some additional tests of the revised
lower-body joint estimation method and compared the results to those presented in Chapter 3;
these tests included the intentional misalignment of the pelvis center, feature description from

only the half-body region, and a real-world-based left or right labeling strategy.

5.1 Introduction

In this chapter, I will propose a final, integrated version of independent pose estimators, which
were introduced in the previous two chapters. The integrated method first estimates the upper-
body pose (the body direction and the spine pose) in the same way that this was done in the

upper-body module (Chapter 4), and it then estimates the locations of the four lower-body
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joints relative to the pelvis center by using the poselets-regressors, instead of using the label-
grid classifier (Chapter 3).
The joint-location prediction approaches presented in the previous two chapters have the

following properties in common:

o They use a few selected HOG features that are calculated for the whole- or half-body

window; these features are selected while training the random forests.

o The player windows that are used to calculate the HOG features are aligned to the pelvis

center (label-grid classifier) or the head center (poselets-regressor).

e They predict the locations of each joint relative to the aligned center (the position of each
lower-body joint relative to the pelvis center in the label-grid classifier; the position of

the pelvis center relative to the head center in the poselets-regressor).

o They disregard the part-detection and the part-segmentation strategies that are currently
common approaches to human pose estimation techniques [8, 11, 75]; see Chapter 2 for

details.

In a nutshell, in the previous chapters, I proposed joint-location estimation methods that
use random decision forests to evaluate the globally aligned appearance of both the lower-body
and upper-body joints. These methods employ either the whole- or half-body HOG to estimate
the relative locations of the joints.

I will describe the procedure for the integrated approach in Section 5.2. In Section 5.3, |
will present the results of experiments and compare the results obtained from the integrated
method with those obtained from the separate ones.

In order to explore more-detailed experimental evaluations and settings, I also used addi-
tional experimental settings that were not yet performed in the previous two chapters; these
include using only the lower-body HOG to predict the lower-body pose, and learning the joint-
position regressors from the original left- and right-leg labels from the 3D world (note that the
label-grid classifiers trained them with the labels from a 2D image).

Note that I will ignore the label-grid classifiers in these experiments so that I can com-
pare the results of the regression forest learning paradigm with different settings. Please also
note that the poselets-regressor provides continuous pixel-wise resolution of the estimated joint

location, while the label-grid classifier only provides grid-wise resolution (an 8 X 8 window).
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5.2 Integrated Approach

Figure 5.1 shows the three sequential steps used by the integrated approach to estimate the
joint locations. First, I use the head-tracker method [3] to estimate the global head location
h, = (xﬁl, yﬁ‘) in each frame ¢ in the same way as in Chapter 4. Next, I use the learned poselets-
regressors to estimate the relative position of the pelvis center p, = (x”, /") in frame . Note
that these two steps are the same as the method introduced in Section 4.3.2. Finally, I use the
four poselets-regressors to estimate the position l;j of the j-th joint relative to the location p;
of the pelvis center; here, j = rf,lf, rk,lk, which mean the right-foot, left-foot, right-knee,
and left-knee, respectively, for the image coordinates, such as were used in Chapter 3. In the
first two steps, I used the same poselets-regressors that were used in Chapter 4. In the third
step, I used two-level pyramid HOG features for the whole-body regions centered on the pelvis
position estimated by the poselets-regressor in the previous step. Thus, the only difference
between the integrated method and the separated methods is the third step, in which the label-

grid classifiers are replaced by poselets-regressors when estimating the four lower-body joints.

] mE

‘0.,

y

(a) Step 1: The head region (blue (b) Step 2: The 2D spine pose is esti- (c) Step 3: The lower-body joints are

rectangle) in each frame is tracked mated by the poselets-regressor. The estimated by poselets-regressors for

by the head tracker. larger rectangle indicates the region each joint. The larger rectangle indi-
used for calculating the HOG fea- cates the region used for calculating
tures. the HOG features.

Figure 5.1: The integrated pose-estimation procedure. Steps 1 and 2 correspond to the method
presented in Chapter 4, and Step 3 corresponds to the method presented in Chapter 3. After tracking
the head center in each frame, I perform a two-step regression for the head, pelvis, and lower body.
The poselets-regressor is used for estimating the position of the pelvis center relative to the head
center. Finally, the other four poselets-regressors are used for estimating the positions of each of
the joints relative to the location of the pelvis center, which was estimated in the previous step.

While both the label-grid classifier and the poselets-regressor employ the random forests

model, the entropy functions used to split the data at each node are different in the classification
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forest (label-grid classifier) and the regression forest (poselets-regressor) [25]. While classifi-
cation forests use discrete class labels to optimize the information gain of the split functions
at each node, regression forests use the information gain of continuous output labels to split
samples at each node. This results in the approaches fitting different models, even though both
use the original (continuous) joint location labels for optimizing the split functions.

As already shown by experimental results in Chapter 4, using the head tracker and the
HOG features selected by random forests enables the pose to be estimated even when there
are occlusions between players because random forests disregards non-selected HOG features
within the upper-body regions. In addition, the integrated version can estimate the locations of
the lower-body joints at pixel resolution, while the label-grid classifier can only estimate their

locations at grid resolution (by default, the grid is 8 X 8 pixels).

5.3 Experiments

Using American football tests (1)—(10) also used in Section in Chapter 3, I performed ex-
periments under each of the following three settings in order to compare the precision of the
integrated approach with that of the poselets-regressors when determining the locations of the

four lower-body joints. The settings were as follows:

e Setting 1: Integrated approach (Section 5.3.1).
o Setting 2: Integrated approach using only the lower-half HOG (Section 5.3.2).

e Setting 3: Integrated approach using original left and right labels (Section 5.3.3).

I then performed a test to determine how the alignment of the input window affects the
performance; to do this, I translated the window using multiple values (Section 5.3.4).

For each of these three settings, I only changed the poselets-regressors for the four lower-
body joints, and I used the same head-tracking results and the same estimation of the pelvis
center for the pelvis poselets-regressor. Setting 1 is the standard setting for the integrated
approach; for the HOG, it uses the whole-body window for which the center is aligned with the
pelvis center. Settings 2 and 3 are provided to check obvious changes that were not explored
in Chapter 3.

For these experiments, I used the augmented dataset used in Section 5.3 to train the poselets-

regressors for each lower-body joint; this dataset was prepared in the way shown in Section
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3.2.3 for training the four label-grid classifiers. I trained poselets-regressors for each of the
four lower-body joints; I used the augmented dataset used in Section 5.3, which contains 13
player scales s = {0.70,0.725,0.75,...,0.975,1.0}.

The aim of Setting 2 is to compare the results obtained when the whole-body appearance is
used as input for the regression forests to that obtained when only the lower-half body appear-
ance is used (Section 5.3.2).

The aim of Setting 3 is to ensure that my methods for labeling the left and right images and
for training the label-grid classifier and poselets-regressor are valid; I wanted to determine if
there would be a problem if they were trained by left- and right-leg labeling (Section 5.3.3).

For the resolution for the poselets-regressors, I used the two-level HOG features pyramid
for the lower-body joints. Although the three-level HOG features were used for the label-grid
classifiers in Chapter 3, here, a two-level pyramid was used for the lower-body joints in order to
ensure that the resolution of the features was at the same level as that of the poselets-regressor
that was used for predicting the pelvis center. The whole-body region, whose size is 64 X 96,
was used for training the four poselets-regressors for Settings 1 and 3. The lower-half body
region, whose size is 32 X 96, was used for training the four poselets-regressors for Setting 2.

Tests were performed with Settings 1-3. Table 5.1 shows the averaged errors at each joint
location; the values are given as the Euclidean distance, which was also used as the error metric
in the experiments in Section 5.3. Since the same tracker results and the same pelvis poselets-
regressor results were used for all three settings, the head center and pelvis center errors are
the same. Note that the integrated method (the poselets-regressors) uses regression forests to
estimate the joint location j, = (x;, y;) at frame ¢ as a float image at subpixel precision.

In order to measure the effect of the cell-resolution size of the HOG, I added Setting 1a,
which has a 4 x 4 cell size for the HOG, instead of the default, which is 8 x 8.

The following sections will show and discuss the results of each of the three settings.

5.3.1 Precision on Integrated Approach

The first and second columns in Table 5.1 shows the average precision of the results of tests
(1)—(10) when using the whole-body HOG. All of the results for the lower-body joints had
errors within 5.5-9.0 pixels; compare this to the test results of the label-grid classifiers shown
in Tables and , which had errors around 8.0-10.00 pixels.

Moreover, while the label-grid classifiers can predict the grid location of the joint within the

player region, the poselets-regressor can predict the joint location even outside of the player
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Table 5.1: Average estimation error for each joint in the American football tests (1)-(10), with
four settings. All errors are in pixels. The columns list the results for each setting (1-3 and 1a); the
results are from using the poselets-regressor to estimate the location of the specified joint.

setting 1 la 2 3
input region whole body whole body lower body whole body
joint label policy | image left/right | image left/right | image left/right | left/right leg
HOG cell size 8 x8 4 x4 8 x8 8 x8
Left knee 6.73 8.35 7.85 11.57
Right knee 9.07 10.18 9.98 18.04
Left foot 6.92 7.50 7.96 8.88
Right foot 5.56 6.72 6.69 10.44
Head 0.60

Pelvis 7.06

region, since it is trained as a regression model by using random regression forests. This
characteristic helps the poselets-regressor predict the joint locations more precisely than does
the label-grid classifier. For example, if the foot joint is located outside the player window
when a player’s legs are open, the label-grid classifier predicts the position of the foot joint only
within the region (trained label-grid locations). However, the poselets-regressor can predict the

foot joint location even when it is outside of the window.

5.3.1.1 HOG-Cell Size

The 1a column in Table 5.1 shows the results when using a 4 x4 HOG cell size. Compared with
the results when using 8 X 8 pixels, as shown in the first column, the errors are slightly greater,
but the effect of the change in cell size does not seem to be large. Compared to the vector for
the 8 x 8 cell, the feature vector for the 4 X 4 cell has more dimensions for the whole-person
window, but the values of each dimension have smaller variance, because the small cell size
decreases the contribution of each histogram. In other words, 4 x 4 cell HOG features within
the same person regions becomes higher dimensional concatenated vector than that of 8 x 8
cell while the variety of the values in each orientation (dimension) becomes smaller.
Generally speaking, higher dimensional feature tend to become more discriminative. How-
ever, in this case, smaller pooling size of 4 X 4 cell becomes more sensitive to the alignment

error of the person window because of the smaller invariance of the pooling in each cell. In

88



5.3 Experiments

Section 5.3.4, I will see how shifting of the person window will affect the performance of the

lower body poselets-regressors.

5.3.2 Results Using Only the Lower-Half HOG

The last column in Table 5.1 shows the average precision results for tests (1)—(10) when using
only the HOG for the lower-half appearance.

Figure 5.3 shows an example of a result of the key frames with Tests (2), (6), (8), and (10)
with Setting 2. As can be seen in Table 5.1, the total precision of the whole-body HOG is less
than that of the lower-body HOG. These results show that the two approaches have different
advantages and disadvantages.

For instance, the results of Test (2) (Figure 5.3 (a)) and Test (8) (Figure 5.3 (c)) show that
the two methods predict similar locations for standing poses, even they use the different cov-
erages of the input HOG region, and the features from the corresponding regions are selected
in different ways. However, for Test (6) (5.3 (b)), in which the subject is bent over sharply,
the lower-body HOG test (in the bottom row) shows a result that is slightly more precise than
that of the whole-body HOG (in the top row). Since the lower-body HOG setting only takes
into account the lower-body appearance, it is not affected during training or testing by changes
in the upper-body appearance (in this case, the change due to bending over). I note that the
whole-body HOG training seems to provide better results, even when the pelvis center error is
not small; this is because it considers the whole-body appearance when predicting the location

of each of the lower-body joints.

5.3.3 Results Using Left/Right Leg Labels

I performed a precision test for the integrated method using Setting 3. The poselets-regressors
for the four lower-body joints were independently trained with the left-leg joint or right-leg
joint labels. For example, the left knee joint was labeled in both the left and right halves of
the player in Setting 3, while the proposed labeling scheme that was used in Settings 1 and 2
(proposed in Section 3.3) separately processes the left (in the image) and right sides for the
whole training dataset.

Figure 5.2 shows the result for the key frames used for Setting 3. In the images in Figure
5.2, it can be seen that the locations predicted for the left and right joints are often almost the

same. Although the average errors of Setting 3 are not much larger than those of Settings 1
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and 2 (see Table 5.1), this figure shows that training with left and right leg labels is not a good
strategy, and instead, these labels should be used in the proposed poselets-regressors (or the
label-grid classifiers).

However, the proposed left/right labeling approach can only predict the locations of the left
and right joints in the image; that is, it cannot say if the left joint is on the left or right leg. In
Section 6.2, I will discuss this limitation in connection with the candidates for future areas of

investigation.

5.3.4 Shifting the Input Window for the Lower-Body Joint Poselets-Regressors

To test the robustness when the alignment was changed for the input window of the lower-
body joints poselets-regressors, another test was performed. In this test, the input windows for
the lower-body joints poselets-regressors were intentionally shifted around the ground-truth
position of the pelvis center. In each trial, the pelvis center and the input windows were moved
from -8 to 8 at intervals of 4 pixels; this was done along both the x-axis and the y-axis of the
image coordinate system. The ground-truth location of the pelvis center was used as a zero-
move window location. That is, if the input window was shifted -4 pixels along the x-axis, the
poselets-regressor took input for the multilevel HOG features with an error of -4 pixels along
the x-axis .

Tables 5.2, 5.3, 5.4, and 5.5 show the error values resulting from shifts in the window
(or shifts in the pelvis center). In these tables, the columns list the moves along the x-axis
(—8,-4,0,4, 8) and the rows list the moves along the y-axis (-8, —4, 0, 4, 8). Figure 5.4 shows
the results of this experiment for Tests (1), (3), (4), and (6). From these figures and tables, we
can see that the misalignment of the window results in an error that is greater than that found

with an accurately aligned window.

5.4 Conclusion

This chapter explored the integrated version of the proposed methods using the head tracker
and the two-step poselets-regressors, which consist of the pelvis regressor and the regressors for
the four lower-body joints. The experiments in this chapter, which can be viewed as variations
on those in Chapter 3, in which the label-grid classifier is replaced with the poselets-regressor,

compared the features obtained from the whole-body appearance with those obtained from the
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Table 5.2: Left-foot errors in window-sliding test.

HENENNIEENNE
811307 [ 1139 [ 972 [ 9.21 [ 9.73
411087 | 893 | 7.62 (737 7.88
0 [ 960 | 727 | 6.40 | 640 | 7.08
4 1996 | 659 [591]653] 792
8 | 1110 | 7.88 | 7.14 | 845 | 11.07

Table 5.3: Right-foot errors in window-sliding test.

HENENKNENEE
-8 | 12.59 | 10.80 | 11.04 | 11.54 | 13.17
-4 1 11.00 | 923 | 879 | 9.43 | 10.93
0 | 10.16 | 8.14 | 7.57 | 8.14 | 9.62
4 | 11.28 | 876 | 7.66 | 8.12 | 9.31
8 | 14.06 | 10.88 | 9.88 | 9.97 | 11.24

Table 5.4: Left-knee errors in window-sliding test.

HENENENENEN
8 [ 1431 [ 12.14 [ 1169 [ 12.00 | 13.64
41125 853 | 808 | 879 | 10385
0 | 949 [ 618 | 591 | 657 | 892
4992 ] 608 | 560 | 638 | 936
8 | 1244 | 928 | 833 | 943 | 1241

Table 5.5: Right-knee errors in window-sliding test.

HENENENENEN
81219 [ 1136 [ 11.21 [ 11.15 | 1230
4] 859 | 778 [ 781 | 7.51 | 8.88
0| 657|543 | 561 | 559 | 666
4 [ 629 | 491 | 523 | 6.02 | 743
8 | 8.11 | 749 | 7.87 | 865 | 9.86

lower-body appearance. An additional experiment showed the validity of my left/right image-

labeling approach. These experiments showed that the integrated approach has the benefits of

both the lower-body and upper-body estimators and that it also provides a pixel-level lower-
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body joint prediction, while the label-grid classifiers can only predict at a grid-level (8 X 8)
precision.

The predictions of the integrated method are more precise, but I have not yet explored the
use of other priors, such as temporal tracking or motion features. In Section 6.2.1, I will discuss

candidates for further study and ideas for improving the integrated method.

92



5.4 Conclusion

(c) Test (8).

(d) Test (10).

Figure 5.2: Whole body HOG vs. lower-half HOG in Tests (2), (6), (8), and (10). The images
in the top rows of each test show the results obtained when using the features of the whole-body
region, and the images in the bottom rows show the results obtained when using the features of the
lower-body region. The blue rectangles indicate the feature regions used for the poselets-regressors.
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(c) Test (8).

(d) Test (10).

Figure 5.3: Results of labeling joints with left/right image vs. left/right leg in Tests (2), (6), (8),
and (10). The images in the top rows for each test show the results obtained when using the features
of the whole-body region, and the images in the lower row show the results obtained when using
the features of the lower-body region.
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(c) Example of result with Test (4). (d) Example of result with Test (5).

Figure 5.4: Results of window-shifted tests. The columns show the moves along the x-axis
(—8,-4,0,4,8), and the row show moves along the y-axis (—8,—4,0,4,8). The central figure
shows the (0,0) move with the ground-truth location of the pelvis center.

95



5. INTEGRATED ESTIMATION OF THE UPPER-BODY POSE AND THE
LOWER-BODY POSE

96



Conclusion

6.1 Thesis Summary

In this thesis, I have developed a novel framework for human pose estimation that is innately
integrated with tracking-by-detection techniques via per-frame predictions using an aligned in-
put window. The lower-body pose estimator presented in Chapter 3 and the upper-body pose
estimator presented in Chapter 4 estimate the pose from the tracking results. Both estima-
tors utilize a few HOG features that are selected by random forests within the center-aligned
whole-body or half-body region of the player. This globally-aligned appearance approach en-
ables us to estimate the locations of joints provided that I have a corresponding pose in the
training dataset. In addition, the proposed estimators can determine the pose even when parts
are occluded; this is due to the deformation invariance of the HOG features and the sparse rep-
resentation of the features trained by random forests. Moreover, the alignment strategy allows
the training dataset to be resampled in order to evaluate the appearance at various scales. This
enables the method to use only one model to deal with various or even unknown scales of the
global appearance aligned to the head center or the pelvis center.

Since the rough tracker-based center alignment is due to the deformation and short-translation
invariance of the HOG features, the trackers (head and whole body) can be replaced with any
other trackers. In addition, a pose estimation can be made from even a single image when using
the person detector and the head detector (or face detector). The selected HOG features results
in pose estimators that are robust to translations of the player window and deformations within
the cell. The selected HOG features for each pose estimator can be regarded as sport-specific

estimators, since players in a specific sport have similar clothing (in this thesis, I primarily
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trained with estimators derived from American football players). We can assume that players
in any given sport will have similar clothing, and the proposed framework can be applied to
any sport for which this is true.

Compared to the inspired poselets framework [30], the proposed label-grid classifier and
poselets-regressors can be regarded as machine learning models that learn the continuous
poselets models from aligned feature-calculation windows. The label-grid classifier and the
poselets-regressor both use training images to learn the locations of the joints relative to the
location of an aligned center joint; note that the training images are all aligned to the head
center, but the target pelvis joint is unique in that its location can vary continuously).

I proposed two approaches for estimating the relative joint position using HOG features
and random forests: the first uses label-grid classifiers as classification forests, and the second
uses poselets-regressor as regression forests. As already discussed in Section 3.5, they can
be viewed as a revisited version of a previous method [90], if I use machine learning and
dense selected visual features. In other words, the traditional silhouette-matching strategy for
pose estimation was renewed with the proposed approach that uses HOG features and random
decision forests to embed all the pose patterns into the randomized feature space. This thesis
also reveals that a very basic and important approach, that of using (globally) aligned images or
features, is also important for estimating the location of human joints; this approach has been
used in many face-recognition or body-orientation classification paradigms.

In the upper-body module, I also explored if the use of spine angle with similar values
would help the learning of more-robust features. In each set of five spine angles, the upper-
body HOG features had a similar appearance (similar contours) around the head and body
region, but they had different and varied arm poses. With this alignment scheme, the random
forests used for predicting body orientation were able to determine the edges around the head
and body contours, and to use these to determine the body orientations that occurred in almost
the same location within the aligned upper-body region. This novel feature-selection scheme
for body orientation, which works even when the subject is leaning over, differs from previous
methods, which are only able to deal with upright pedestrians.

The proposed method allows, for the first time, various types of pose information to be au-
tomatically obtained from team sports videos; this will open up a broad range of new research,
primarily in the field of activity recognition. In the next section, I will discuss some possible
future pose-based activity recognition studies for team sports, and I will also suggest ways to

further develop this pose-estimation framework.
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6.2 Future Work

In this last section, I will discuss two areas of future work:

o Estimating human poses (Section 6.2.1).

e Recognizing activities of sports players by using the estimated poses as input features

(Section 6.2.2).

As I emphasized in Chapters 1 and 2, the proposed framework is targeted at developing pose-
based activity recognition techniques, since this cannot be accomplished using the previous

activity-recognition approaches based on visual features.

6.2.1 Future Work on Human Pose Estimation

Estimation of Left and Right Labels on Joints.

The proposed framework estimates the 2D joint locations of the players, and the label of left or
right is based only on the location in the image. I would like to develop an algorithm that can
use the label from the 2D joints to directly predict the 3D labels. This idea is related to the idea
of foot-print estimation, which I will discuss in the next section.

Also the classification of the steps of leg movements will be explored. Especially in tennis
or soccer, whether the legs are crossed or not and the degree of opening of the foot (i.e, open

stance or closed stance) are the important cues because the play styles differ with the steps.

Integrate Joint Estimation Based on Global Appearance with the Classification of Local
Parts.

As I have tried to point out several times in this thesis, one of the main contributions of the
proposed framework is that it adopts the global (HOG) appearance aligned to a specific joint,
and it then proceeds with continuous and relative training of each set of two adjacent joints by
using a label-grid classifier or a poselets-regressor.

I intend to introduce into this framework some local part classification or regression tech-
niques, such as that found in [75, ], and to combine this with the joint location prediction

likelihood obtained from the global appearance.
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3D Pose Estimation Using Multiple Views.

Although this thesis is restricted to monocular videos, the framework can be easily extended
to a multiview scenario. The reason for this is that the multiview approaches that use pictorial
structures [75, 137] first estimate the 2D pose of the subject in each view, and they then integrate

those results into one 3D pose by using pictorial structures.

3D Projection of 2D Pose.

Ramakrishna et al. [138] proposed using a 3D projection of the 2D joint landmarks to predict
the 3D skeletal pose from images. Carr et al. [129] proposed projecting the 3D geometric
primitives onto the image plane, and then using camera calibration to detect objects that have a
shape similar to that of the primitives (e.g., cylinders for people, cubes for cars). Like the ideas
for 3D projections from monocular images found in these papers [129, ], the proposed
framework also has the capability of projecting pose information from 2D images to 3D by
using camera calibration or the known scale of the human body.

I already proposed an approximate 3D projection of the estimated spine pose of a player
by using the calibrated ground floor information in [119]. For that method, I assumed that a
local orthonormal projection around the tracked player would enable us to project the 2D spine
pose into the 3D world; this would use the known length of the upper body in the image, and it
would not require camera calibration. If a way can be found to accurately estimate the left/right
labels, then I will be able to propose a 3D projection approach for the locations of the other

lower-body joints.

6.2.2 Future Work on Recognizing the Activities of Sports Players

Footstep and Footprint Recognition by Discriminating between the Right and Left Legs.

The lower-body estimator predicts the left/right joint locations in an image, but with further
research, I hope to turn those joint locations into information about the left/right legs in the real
world. Once we determined the left/right leg labels for the joints, we can learn the classifiers for
recognizing different types of footsteps and footprints. We have already published a proposal
for estimating footprints [139]. However, it only uses the lower-body joints estimated with
the label-grid classifiers and can be improved with more temporal models such as conditional

random fields.
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Player Attention Search.

Using the upper-body poses of multiple players, as estimated by the proposed framework, we
can calculate attention maps, such as that proposed by Benfold and Reid [3], or we can calculate
the visual focus of attention (VFOA) [140]. Motion fields [63], which are a combined map
of the trajectories of the players, are similar to attention maps. Unlike motion fields, attention
maps, which are based on the head/body direction, show the adversarial behavior of the players.
For example, a player may glance at the opponents to determine their behavior, or defensive
players make turn their bodies to face the opponents.

In the context of team sports, I intend to develop an attention search system that will be
able to determine which players are looking at the same region, players, or ball. The intent
is that this system will also be able to rank the degree of attention being directed at a specific
region or during a specified time, by using degree-of-attention maps calculated from multiple
players. As already explored, vision-based social-interaction or group-recognition information
can be based on head or body orientations [6, 56]. I intend to use these ideas to categorize the
attention maps from each pair of players in order to further our understanding of man-marking

and combination plays.
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