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Abstract

Human pose estimation in video has numerous applications, such as human activity analysis, automatic
surveillance, human-computer interaction and markerless motion capture. It is challenging because of the
kinematic structure of the human body and the variety of possible human poses, the endless appearance
options caused by clothing and, finally, due to background clutter that can look like parts in the human

body and confuse the system.

Current methods in human pose estimation either focus on specific situations, such as pedestrians or
laboratory controlled motions, or sacrifice accuracy in favour of coping with videos containing any type
of human activity. What we will show in this thesis is an improved system built upon the method of
[Ramanan et al., 2007], which models a person’s body configuration as a puppet of rectangles. The system
first analyses all the frames from a video to find a specific pose from which it learns the appearance of

the person to be tracked. Then it processes the video to detect the person in any possible pose.

We analysed the robustness of the original method by comparing pose estimations with labelled ground
truth. We challenged the authors’ claim that one set of parameters can fit multiple videos, which
remains an open issue. Then, we extended the original method by including temporal information using
two different types of motion models, which improved the tracking results. According to our qualitative
evaluation of side-by-side tracking sequences, the new extensions resulted in more stable and accurate
detections throughout time and are able to solve some challenging situations which arise when the motion
is fast or body parts resemble each other. We found that the system performs poorly when detecting

arms, due to their size, which remains the main problem to be solved in future work.
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1 Introduction

Human pose estimation in video is a promising topic that can enable numerous applications, such as
human activity analysis, automatic surveillance, human-computer interaction and markerless motion
capture [Brubaker et al., 2010, Sigal]. It is a challenging task, mainly because of the kinematic structure
of the human body and the variety of possible human poses, the endless appearance options caused
by clothing and, finally, due to background clutter that can look like parts in the human body and
confuse the system. Other challenges include and are not limited to: the variety of human motions (from
pedestrian walking to sports activities), the number of people in the scene (which can be crowded with
either a large number of distinctly looking people, or with a sports team wearing the same clothes),
camera motion, point of view and quality of the recorded material. Solving these issues can be done
either by knowing the nature of a particular type of input beforehand, or by working on improving the

robustness of the system with respect to the variety of inputs.

Given all the above stated challenges in the broad problem of human pose estimation in video, we address
a particular type of associated applications - automatic sport analysis from video. Analysing videos is
a low cost, nonintrusive procedure. Another advantage is that numerous recordings of sports activities
exist and can be thus interpreted. Research in the field of sports analysis from video (such as [Li et al.,
2010, 2006, Han et al., 2005, Ekin et al., 2003, Zhang et al., 2012, Ghanem et al., 2012]) provided
systems that can automatically detect and classify athlete’s actions, which is useful for video indexing
and retrieval or for summarization of sports matches. Other uses include performance improvement and
coach assistance based on kinematic measurements, real life action comparisons with actions in video, or

strategy revealing and understanding based on player formations and trajectory patterns.

Different sports and types of video data face different challenges. For example, automatic analysis of
large court sports, such as football or American football, needs to cope with camera movements (pan, tilt,
zoom), blurred or low-resolution capture of distinct players due to the far-away view of the camera and
appearance similarity between players belonging to the same team [Zhang et al., 2012, Ghanem et al.,
2012]. In individual sports, like diving and athletic jumping [Li et al., 2010, 2006] the background clutter
and dynamics pose a challenge on the person segmentation. Regarding the types of video data, two
examples of associated challenges are to discriminate between commercial sequences and actual sports
sequences in a television broadcast [Han et al., 2005] and to identify cuts and transitions in the video
material [Ekin et al., 2003].

Within the scope of human pose estimation and with the above applications and their associated chal-
lenges in mind, we aim to estimate the human body pose from videos of individual athletes. Our interest

is to determine the best extent to which we can accurately approximate the 2D body configuration, given

1



Chapter 1. Introduction 2

a video sequence from a single colour camera. We choose as input videos of gymnasts performing at the
balance beam, in front of both cluttered and uncluttered background. The desired output is the body

pose detection at every frame, consisting of the exact localisation of major body parts.

Because we aim at finding precise pose detections in videos that have been recorded in the past, we do
not restrict ourselves to real-time methods. The basic employed method is tracking by model-building
and detection, which means that the system first learns a model of the people to be tracked in the video
sequence, then uses this model to detect them frame by frame. Hence, the system consists of two parts:

the model building module and the detection module.

Possible applications of precise pose estimation in individual sports such as gymnastics include and are
not limited to: athlete’s time progress analysis or performance comparison with other athletes, visual
cues highlighting on replays or markerless motion capture for sports motion databases. Once the goal
of estimating major body parts is achieved, one could go further to more complex models of the human
body, which could result in a system that automatically evaluates athlete’s performances in formal

competitions.

For this purpose, we start from the excellent work of [Ramanan et al., 2007], which employs pictorial
structures as a successful technique for the task of estimating the human pose as a configuration of body
parts. We investigate how their system reacts to different inputs, in order to investigate whether the
method is applicable to material coming from different video archives. Then we extended it to improve
the tracking quality. We plan to do so by exploring the temporal component, or how the detection in

the current frame can help the detection in the next frame.

The layout of this thesis report is as follows. We continue this chapter by giving an overview of the
practical application, including constraints and implementation details. The Related work chapter gives
a short survey of relevant papers in the field and the motivation for our choice of the main reference
papers. The Pictorial structures chapter explains the statistical framework which constitutes the skeleton
of the tracking system. The Model building chapter explains the theory behind [Ramanan et al., 2007]’s
stylised pictorial structure which enables us to learn the appearance of the people in the video. The
Detection chapter explains [Ramanan et al., 2007]’s single frame pictorial structure algorithm, which is
an approach to detect people from still images, that we will deploy as part of the general tracking solution.
The Detection chapter also introduces our contributions: two variants of expanding the graphical model
behind the pictorial structure algorithm to include information from the previous frame as well, under
inference techniques and implementation-wise constraints. Chapter Experimentation shows our studies
on the system robustness and on the newly implemented temporal graphical model variants. Finally, we

conclude with the Conclusions and future work based on our findings.

System description and constraints
The application takes in a video sequence of a person and outputs a video containing the person’s pose
detection depicted with solid line coloured rectangles corresponding to each body part. The system works

in two phases:

1. Model building - processes each frame in search for a stylised pose, then learns the appearance

parameters for a person. This module is explained in Chapter 4.
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2. Detection - uses the learnt appearance parameters to detect gemeral poses in each frame. This

module is explained in Chapter 5.
The constraints of our implementation are:

1. The system learns the appearance model and detects the pose for a single person in the video.

2. Both modules of the system require that the scale of the person to be detected is known and that
it remains approximately constant throughout the video.

3. The body parts can easily be approximated by rectangles. The system will not detect people

wearing skirts, dresses or loose clothes.

The chosen videos of gymnasts performing the balance beam conveniently cope with these constraints.
First, the videos contain only one gymnast at the time. Next, the gymnast movement is constrained
mostly on the horizontal axis, so that the scale remains approximately constant. Last, the lean body
constitution and the tightfitting sports suit allows for good approximations of individual body parts with

rectangles.

System implementation

Our implementation of the human tracking system is based on [Ramanan et al., 2005]’s Matlab im-
plementation made available at http://www.ics.uci.edu/~dramanan/papers/pose/index.html. Our
implementation is written in C++ and makes use of the OpenCV 2.4.3 library [Bradski and Kaehler,
2008] for computer vision functions and ALGLIB [alg, 2013] for algebraic functions. The design is object
oriented, each of the two modules being written as separate classes. Besides the video sequence, the
system also requires two settings files (one for each module), containing information about the person’s

size and various thresholds that we will explain in the dedicated chapters.


http://www.ics.uci.edu/~dramanan/papers/pose/index.html

2 Related work

[Sigal] defines human pose estimation as “the process of estimating the configuration of the body (pose)
from a single, typically monocular, image”. Estimation of human poses over time is a different problem
and can be referred to as human motion analysis [Poppe, 2007]. A great deal of research exists on human
pose estimation in still images. This research usually focuses on learning sophisticated deformation
models and appearance dependencies from labelled datasets. These models are then applied to still
images (sometimes using advanced limb detectors). The person(s) in these images is not necessarily
someone who has been seen in the training data and might appear in any pose or wear any type of

clothes.

Pose estimation in video can be 2D or 3D. The latter can be aided by multiple camera footage and motion
databases. On the other hand, 2D pose estimation in video only requires a single camera captured video
as input. We wish to focus on this type of input. In this chapter we approach human pose estimation
in video from the tracking perspective and select a number of papers that deal specifically with 2D pose

estimation in video for comparison.

[Forsyth et al., 2006] identify the scale as the most important variable of the human tracking problem.

They differentiate between the following three levels of the scale of the people in video frames:

1. Coarse scale. People occupy small patches in the frame, which allows only for global assumptions
of a person’s position, but not about the positions of individual body parts. Examples of applica-
tions that use such videos as input are applications that analyse patterns of activities in crowds or
in large open spaces ([Stauffer and Grimson, 2000]).

2. Medium scale. People can be regarded as blobs with motion fields. The task of tracking the entire
body as a single object is called human tracking or detection [Poppe, 2007]. Possible applications
that deal with this type of input videos might concern situations such as a TV broadcast of a team
sport or surveillance cameras overseeing a subway station, a traffic intersection, etc. ([Breitenstein
et al., 2011])

3. Fine scale. All body parts are visible and the application aims at finding the body configuration
or the body pose. This task can come under different names: kinematic tracking [Forsyth et al.,

2006] or human motion analysis [Poppe, 2007].

We focus on the last case, where the people are clearly visible in the video sequences and their scale
allows for individual identification of distinct body parts. The most successful approach so far towards
statistically modelling the human body as a collection of parts are the pictorial structures [Fischler and
Elschlager, 1973]. We discuss these in Chapter 3.
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Pose representation Various representations of the body parts are possible. For example, [Niebles
et al., 2008, 2010] aim at finding volumes (or contours) of the human body in an application that does
not require any assumption about the appearance or number of people in the videos and is targeted
at real world data, such as low-resolution videos from the internet, depicting a large range of human
motions. [Huo and Hendriks, 2012] focus on the upper body (motivated by human-computer interaction
applications) and show their tracking results as rectangles for the torso and the head and as lines (skeleton
representation) for the arms. [Ramanan, 2007, Andriluka et al., 2008] detect full body humans and show
the poses as (line) skeletons drawn on the colour frames. [Ramanan et al., 2007, 2005] represent people
as puppets of rectangles, where a rectangle is matched to the image evidence corresponding to each major

body part (torso, upper and lower legs and arms and the head).

Video characteristics Aside from the representation, we also bring the character of the videos into
discussion. Researchers tend to study specific situations and solve problems that arise in each case.
[Andriluka et al., 2008] focus their efforts on long-term occlusion in the case of pedestrians. [Niebles
et al., 2008, 2010] sacrifice per-pixel accuracy and build a fully automatic system that requires no manual
initialisation and no a priori knowledge about the number of people in the scene or about their appearance
and works with arbitrary videos. [Huo and Hendriks, 2012] focus on estimating the positions of occluded
parts and test their system on laboratory captured upper body motions that are designed for games

interaction.

Unlike the previous, [Ramanan et al., 2007, 2005] build a more general framework, which allows for
different inputs in terms of activity types, number of people in the video, source of the video and type of
setting, such as sports activities, outdoor activities, movie scenes and people walking in a park. While
covering all these situations, the tracking representation (puppet of rectangles) remains highly detailed,

aiming at identifying individual body parts.

Constraints Tracking systems require a degree of knowledge about the people to be found. This
knowledge is referred to as a model and can be either generic or specific. A generic model will describe
the human body and will be applicable to any person. Such models will usually contain information
about the shape and the configuration of the human body. The configuration of the human body does
not only encompass the hierarchy of parts, but also the range of possible relative positions, which depend
on the type of actions that the person performs in the video. The wider the range of actions that the
system needs to cover, the less restrictive the model will be. For this reason, for the generic model to
succeed, it will need stronger knowledge about some characteristics of the people in the video, which will
either restrict the applicability of the system with respect to the type of input, or will make the system

require some sort of manual intervention or initialisation.

For example, [Andriluka et al., 2008] develop an expressive kinematic limb model based on the character-
istics of the walking cycle for pedestrians. Also, [Hogg, 1983] describes very specific positional, movement
and posture constraints for walking. [Niebles et al., 2008, 2010] do not require knowledge about the type
of motion or about the person, but only deliver an approximate volume of the person’s position and
configuration in the video. [Huo and Hendriks, 2012] require a controlled laboratory setup, where the
cameras are synchronized, their position is known and the subjects are asked to perform a specific pose

to initialise the system. Such restrictions, however, make it possible for the system to accurately deal
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with inter-person and self occlusion and show the position of the occluded body parts. [Ramanan et al.,
2007] learn the colour appearance models of the people (specific model) in the video offline (in the first
stage), then use these models to detect each person at limb-level accuracy (in the second stage). This
procedure is also called tracking by model-building and detection. There is no restriction on the type of
action performed in the video and the body configuration restrictions are designed as general focusing
mainly on making sure that the pairs of body parts that are normally connected in the human body also

have close positions in the video frames.

Our employed method We chose to use [Ramanan et al., 2007]’s work as a starting point, because
their method was tested on videos from various sources, containing a wide range of activities and showed
promising detection results at body part level accuracy. The full body puppet of rectangles representation
is suitable for our goal of precisely tracking all the major body parts. The fact that the method was
tested on videos from unconstrainted sources shows potential for our goal of being able to process diverse

archives of sports videos.



3 Pictorial structures

3.1 Pictorial structures in static images

A pictorial structure [Fischler and Elschlager, 1973] is an object representation consisting of a collection
of parts connected in a deformable configuration. The parts encode how well the image patch matches
the visual data according to a visual model, while the connections describe the agreement between the
relative parts positions and the deformable model. [Felzenszwalb and Huttenlocher, 2005] define the
statistical framework for matching a static image to a pictorial structure through the following concepts:
uw={uy,...,uy} appearance model parameters, where N is the number of parts
¢ = {ci;|(vi,vj) € E}  the deformable model between connected edges in set E
0= (u,E,c) setof object model parameters
I  the image
PN the object configuration
P (I|P1:N, 9) the likelihood of seeing an image given the object’s configuration
P (PI’N |0) the prior probability that the object is in a particular configuration
P (P*N|1,6)  the posterior distribution of the object configuration given the model ¢ and the

image I.

The problems that can be solved within this statistical framework are the following:

1. MAP estimation, which finds the configuration P with maximum posterior probability,

2. Sampling from the posterior, which finds several good matches of the object model to the image,
instead of only the best one and accounts for imprecise models (for example, due the large variety
of deformations in the human body),

3. Model estimation, which learns the model 6 from training data using maximum likelihood estima-

tion.

[Felzenszwalb and Huttenlocher, 2005] demonstrate that for articulated models (such as models of the
human body), where the constraints between parts are relatively loose and allow for overlapping, gener-
ating multiple samples from the posterior distribution gives a good estimate of the object configuration.
[Ramanan et al., 2007] feed these samples into a mode finding procedure to obtain the final body config-

uration.
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Using Bayes’ rule, the posterior P (PLN|I7 9) is given by:
I|PHN, 9) P(P1N|9)

P(
P (P*N|1,0) = 3.1.1
( I ) ) P(I\H) ( )
and results in the following form for the posterior distribution of the object configuration:
P(PYN|I,0) o P (I|P"N,0) P (P*™N]0). (3.1.2)

Assuming conditional independence between the parts appearance model, the likelihood of seeing an

image given the object’s position becomes:
N

P (11P*N,0) = P (IIP*N u) o [[ P(1| P, ). (3.1.3)

i=1
This assumes that the body parts occupy different patches of the image, meaning they do not overlap.
[Felzenszwalb and Huttenlocher, 2005] solve this model impreciseness by sampling from the posterior
distribution, which gives several possible matches instead of just the best one, and finally selecting one

sample.

The prior distribution is described by a tree-structured Markov random field with vertices V and edge

set F as: o
[, vpen P (P'Plei )

P (P"N0) =
O ey PP

, (3.1.4)

where deg,, is the number of parts connected to part i, P (Pi|0) models the absolute position of part
i, P(P', P’|c; ;) models the relative configuration of parts i and j and ¢; ; are the deformable model
parameters for the connection between parts 7 and j. As there is no need to model a preferred absolute
position, P (P?|f) can be set to 1. Therefore, the previous equation becomes:
PPNy = [ PP, Plley). (3.1.5)
(vi,vj)EE

For the remaining of this report, we will use [Ramanan et al., 2007]’s notation, where C is the appearance
model, the image likelihood is P (I |P?, Ci), and each part’s configuration depends only on the parent
body part, such that the prior is written as P(P?|P™(®), where 7(4) is the parent of part i. With this
convention and the likelihood detailed in equation (3.1.3) and the prior detailed in equation (3.1.5),
equation (3.1.2) becomes:

N
P(Pl;N’[lcl:N) - (HP (I|Pi,0i) P(Pipﬂ(i))> . (3.1.6)

i=1

3.2 Temporal pictorial structures

[Ramanan et al., 2007] approach the tracking in video problem using a Hidden Markov Model (HMM),
where the hidden states are the poses to be estimated and the observations are the video frames. Figure
3.1 shows the pictorial structure graphical model for a full body pose at frame ¢. Figure 3.2 shows the
temporal graphical model, in which we only selected two connected body parts for clarity. The arrows
between connected body parts represent the relative configuration probability P(Pf\PtW(i)), the arrows

between the body parts and the image observations represent the image likelihood P (I,5|Pti7 C’i), while
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Ficure 3.1: Full body pictorial structure graphical model for frame ¢. Body part nodes are depicted
in white: torso, head, left upper leg, right upper leg, left upper arm, right upper arm, left lower leg,
right lower leg, left lower arm, right lower arm. Gray nodes represent the image observations I(P*).

Ficure 3.2: Temporal graphical model for a sequence of T' frames. Horizontal arrows represent the
motion model.

the arrows between same body part nodes at consecutive frames represent the motion model P(P{|P}_,).

The posterior distribution for the temporal pictorial structure also includes the motion model prior:
T N

PPN L) o [[T] P(EIP )P (1P, C7) P(PI|PTO), (3.2.1)

t=1i=1
As inference on the full graphical model is difficult due to loops and the large state space, it is convenient
to ignore loops and pass local messages. The message passing procedure is explained in the sampling

from posterior algorithm (see Section 3.3).

In this thesis, we show the simplified (single frame) graphical model implemented by [Ramanan et al.,

2007], and extend it to two more complex variants, including temporal information.

Image likelihoods
We practically calculate the image likelihood as a function of a singleton potential:
P(I|P",C") o< ®;(z;). (3.2.2)

The singleton potential ®;(z;) represents a score for the match between an image patch (or a candidate
x;) and a part template and is usually the result of a convolution between a template and a feature image.

[Ramanan et al., 2007] define templates and features for each of the modules of the tracking system:
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e In the model building module, rectangular filters are used to detect body parts on the edges of the
input frame (described in Section 4.1);

e In the detection module, 2D Gaussian filters of rectangular shape are used to detect body parts
on areas of the input frame that resemble the previously learnt colour appearances (described in
Section 5.1).

Kinematic constraints
The prior which describes the conformity with the deformable model is calculated depending on a pairwise
potential:

P(PIIP™ ) o U, i) (Tim(s)) - (3.2.3)

In the above equation we use x; ;) for the pair of body part candidate and parent candidate (;102»7 xﬂ(i)).
We will further use the term kinematic constraints when referring to the deformable model. These

constraints can be seen as falling into one of the following categories:

1. Hard constraints - which wvalidate (P(P*|P™®) = 1) or discard (P(P?|P™") = 0) a body part,
usually based on the distance between body parts;

2. Soft constraints - which set a preference for specific configurations, by setting the value for potential
s x() (xiyﬂ(i)) according to a function based on one or both the distance and angle between body

parts.

The relative position between body parts plays a key role in calculating the pairwise potential W; - (; (xi,,r(i)).

This position is calculated between hinge points of the body parts, as shown in the figure below.

Ficure 3.3: Relative positions between different hinge points: blue - centre to top, red - centre to
centre.

Motion models
We calculate the probability that represents the motion model as a function of a potential depending on
the coordinates of a body part in two consecutive frames:

P(P{|P{_;) o Vi prev_i (l'i,prev_i) . (3.2.4)

In the equation above, we use x; ey ; for the pair of body part candidate in the current frame and the

same body part in the previous frame (xi, xprevj).
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We describe two possibilities for the motion model: the bounded velocity model [Ramanan et al., 2007]
and the Gaussian noise [Brubaker et al., 2010]. Due to the nature of these two models, which consist of
normalized values between 0 and 1, the relationship between the probability and the potential in equation

(3.2.4) becomes the identity function.

[Ramanan et al., 2007] use a bounded velocity motion model. This means that if a body part in the
current frame is within a certain distance away from its position in the previous frame, then it is assigned
the highest probability P(P}|P}_;) = 1, otherwise it is assigned the lowest probability P(P}|P}_;) = 0.
The distance is calculated between the centres of the two body part detections as follows:

. . 1, a:i, 7 — xi_ 5 i_ <U7rm;c
PRI ,) = { I(wh,1) = (o, i)l < (325)
011Gk ) = (i1, 1)l > Ve

The issues that arise from this motion model are the following:

® U4 should be activity specific, which implies that we either know the type of motion a priori, or
we set a general value in turn for a lower accuracy;

e the camera should be still, so that v,,,, only describes the person’s motion and does not need to
compensate for camera movement as well;

® U can take a general value for all body parts, or individual values for different body parts,

requiring fine tuning for the latter option.

We also look at another motion model, where noise is added to the previous pose, in order to determine
the current one [Brubaker et al., 2010]:
Pl =Pl | +n. (3.2.6)

Here, 7 is a process noise that can be modelled with a Gaussian 7 ~ N(0,%). The motion model prior

results in:
P(PtZ|PtZ—1) :N(Pt’bv ti—172>7 (327)

where N'(P}; P}_;,Y) is the Gaussian distribution function centred at the previous part pose and covari-
ance X, evaluated at the current part pose. Aside from the centre coordinates, we can also model the
variation of the body part orientation 6 as process noise. The above equation becomes:

P(P{|P{_y) = N(zi_y; 2, 02)N (yi_1; 71, 0y )M (01150, ), (3.2.8)

where M(60:_,;0:, k) is the Von Mises or circular normal distribution [Gumbel et al., 1953],
M(Op_1; 04, k) o ek oosWi=0t-1) (3.2.9)

The same issue as for the bounded velocity motion model arises in this case: tuning the parameters o,

oy and k.

In comparison, the Gaussian noise motion model gives a preference over the candidates and does not

simply accept or reject candidates, as the bounded velocity motion model does.

The effect of the motion model is that it smoothes the tracking result and eliminates the candidates
which are too far from the previous detection. But, the constraint on this model is that the previous
detection should always be correct. When this fails, it is possible that the body track will deviate from

the correct position, in time.
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3.3 Sampling from the posterior distribution of body configura-

tions

Given that the structure of the human body can be modelled as a tree (see Figure 3.1), it is convenient
to use belief propagation [Yedidia et al., 2003] to calculate the posterior at each node. The root (torso)
posterior will be proportional to the product of the local evidence P(I|P",C") and all the messages

coming from the root’s children:
P(P",1C") o P(I|P",C") [ mijr (22) (3.3.1)
JEC(r)

where the messages m; ;(x;) are calculated according to the message update rule:

TCOED P(I|Pj,0j)P(Pj|P”(j)) T s ()] - (3.3.2)
w; keC(j)

The messages are calculated starting at the leaves, then propagate through the nodes to the root. Once
the root posterior is known, a sample is obtained (see the sampling procedure below) from this distri-
bution. With the sampled root (denoted as m(i) idz), the children samples will be obtained from the
following posterior distribution:

P (P11 PrO-it ) oc P (1]pmO-ttz o) p (PUPTO_ts) TT myi (@) (3.33)

JEC()

This procedure is continued until the leaf nodes. It is necessary to calculate the messages only once,
then the sampling can be done multiple times. We detail this algorithm for each employed tree model,

respectively, in the following sections.

Sampling procedure

We explain the employed sampling procedure in the following.

Probability density function A probability density function (PDF), also called density of a continu-
ous random variable, is a function that describes the relative likelihood for this random variable to take

on a given value.

A PDF satisfies P(x € B) = [; P(x)dz, and the normalization condition P(—oco < z < o0) =
75, P(x)dx = 1 [Weisstein, al.

Distribution function The cumulative distribution function (CDF) describes the probability that a
variable X takes on a value less than or equal to a number x. The relation with a continuous PDF is

the following;:

T

D(z) = P(X < z) = / P(€)de, (3.3.4)

— 00
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namely, the PDF, when exists, is the derivative of the CDF. The relation with a discrete probability
P(z) is the following:

D) =P(X <a)= > P(x). (3.3.5)
X<z

We wish to generate numbers distributed as P(x). For this, we use a random number generator that
gives uniformly distributed values y € (0,1). The z variable distributed as P(z) is obtained by inverting
the CDF, as * = D~ 1(y) [Weisstein, b]. Figure 3.4 shows the CDF graph for a normal distribution and

the corresponding variable = to a randomly generated value y.

0.4
0.3
n2t
01
0 .
£ 4 2 u] 2 4 G
1 T T T
08t /
n
e W04
osb - (16554
02t
0 . . .
£ 4 2 0 2 4 B

F1GURE 3.4: CDF of the normal Gaussian distribution



4 Model building

In this chapter, we explain the model building module, which is responsible with finding a stylised pose

in a video sequence, then choosing the frame that contains the best pose and learning the body parts

colour appearance model parameters from that particular frame. The module pipeline is shown in Figure

4.1. We break down the components of this pipeline and explain them in their dedicated sections from

this chapter.

Frame

Chamfer matching

Candidate
body parts

Parts templates

Colour binning

=

Singletonand pairwise
potentials

Scoring

Best body

configuration

Inference on the:
tree pictorial
structure by

message passing

Posterior

Candidate pose
samples

Matching candidate body parts in
a lateral walking pose

posterior (with global

Single frame stylized pose detector

Fairwise distances
between upper legs

Single frame stylized

Single frame stylized
pose detector

Frame 2

Best body
configuratiol

Single frame stylized

I

Evaluation by testing body part
models on adjacent rectangles)

Best lateral walking pose in videg

4—.4—

| Quadratic logistic regression

Ficure 4.1: Model building module pipeline.

Body parts appearance models

I

4.1 Searching for body parts using generic templates

A reasonable assumption for the shape of the human body is that body parts are cylindrical. Then,

their projection on an image can be approximated by rectangles [Felzenszwalb and Huttenlocher, 2005].

A rectangle is parameterised by its width, length, x and y centre coordinates and orientation 6. A main

assumption of [Ramanan et al., 2007] is the fact that the scale of the person in the video is known.

Knowing the width and length for each body part, the centre coordinates and orientation remain to be

determined. The authors do this by chamfer matching (see Section 4.1.2) a body part template with the

input frame.

14
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This section corresponds to the pipeline components shown in Figure
rame
4.2. The input to this module consists of the colour frame and the

body part templates. The output of this module represents the body

Chamfer matching part candidates z; and their associated singleton potentials ®;(x;).

In the following we discuss the basis for finding patterns in images,

h 4
Candidate
body parts

then we elaborate on chamfer matching and on additional techniques.

4.1.1 Rectangular filters as part templates

Singleton and pairwise
potentials

FlGURE  4.9: Model building Linear filtering is a strategy to find different image patterns. Linear

pipeline: Searching for body part filtering consists of replacing a pixel in an image with a weighted sum
candidates. of the surrounding pixel values using a selected set of weights [Forsyth

and Ponce, 2002]. This operation is:

1. shift invariant - meaning the output depends on the pattern in the image neighbourhood, rather
than its position;
2. linear - meaning that the output of several images summation is the same as the summation of the

individual outputs.

The process is also referred to as a convolution, represented by the following operation:

)= Y > Iu—iw—j)H(,j) = H (u,0), (4.1.1)

1=—00 j=—00

where [ is the original image, I' is the filtered image, H is the kernel of the filter and (u,v) are pixel

coordinates [Sanchez, 2011].

Filters can be used to find simple patterns in an image, because they give higher responses in the areas
that look like the filters [Forsyth and Ponce, 2002]. [Ramanan et al., 2007] use rectangular templates,
with known width and length for each body part. These filters are applied to the edge image of an input
frame. In this form, part templates are colour invariant and only model the shape of the body part.

Figure 4.6(c) shows a rectangular template for an upper leg rotated with 45°.

4.1.2 Chamfer matching

Matching is the problem of determining the similarity between predicted features (in our case, the body
part templates) and image features (such as edges). Chamfer matching [Barrow et al., 1977] compares
the shape of two collections of curves, by calculating a measure of similarity called chamfer distance.
The chamfer distance between two sets of feature points is the mean of distances between each point in

n m

the template and the nearest image point. For two point sets & = {u;};,_; and V = {v;};_,, the formula

for the chamfer distance is the following [Thayananthan et al., 2003]:

1 .
donam (U, V) = — > min [|u; — vj]| (4.1.2)
u; EU J
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To calculate this distance, we first introduce the distance transform of an image, then illustrate how this

helps calculating the chamfer distance.

Distance transform

The distance transform of an image is an output image in which every pixel is labelled with its distance
to the closest zero pixel in the original image [Bradski and Kaehler, 2008]. The zero pixels in the original
image denote features, such as edges. Distance transforms are calculated using masks where each pixel

is labelled with the distance between a pixel at that position and the centre of the mask.

Figures 4.3(a) and 4.3(d) show two binary feature images. These images could be the result of an edge
detection process on a colour frame. Figures 4.3(b) and 4.3(e) were obtained by using the OpenCV

function cvDistTransform with the Euclidean distance as a metric.

Chamfer distance
To calculate the chamfer distance, we superimposed a bar template (like the rectangle template used
to detect body parts), depicted by the black lines in Figures 4.3(b) and 4.3(e).

is simply calculated by averaging all the pixel values underneath the template points. This is done for

The chamfer distance

every pixel by translating the template above the feature image.
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(a) Binary feature image
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(¢) Convolution of distance trans-
form and part template
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(f) Convolution of distance trans-
form and part template

FiGUrE 4.3: Chamfer matching

We can see that in Figure 4.3(c), where the image looks exactly like the template, the values in the
centre of the image patch are lower than in Figure 4.3(f). This result can be obtained by convolving the
distance transform with the template. Figures 4.3(c) and 4.3(f) resulted by using the OpenCV function
cvFilter2D. The lowest value (in dark green) will give the score and the position of the centre of the
patch that looks like the template. In Figure 4.3(c) we obtained a score of 0 for perfect matching, while
in Figure 4.3(d) we illustrated some degenerate edges and obtained a score of 8 in the centre of the

convolution result shown in Figure 4.3(f).
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Edges and orientation cues

We saw that a feature image is needed for chamfer matching. Given that the search is performed to
find shapes that look like the body part templates, the feature image will actually represent the edge
detection of a video frame. To obtain the edges, first the x and y derivatives of the image are computed,
by convolving the image with elongated Gaussian filters [Martin, 2003]. Then the gradient magnitude
of the image (Figure 4.4(a)) is computed as the square root of the sum of squared derivatives. These
operations are performed per separate colour channels. The maximum gradient magnitude is selected
from the colour channels (shown in Figure 4.4(b)) and further processed by non-maximum suppression
(explained next). By imposing a limit on the gradient magnitude level (zeroing the pixels under a certain

threshold), we obtain the strong edges (Figure 4.4(c)).

(a) Gradient magnitude of RGB (b) Maximum gradient magni- (¢) Non-maximum suppression (d) Edge image labelled with
image tude across channels result orientation bins

F1aURE 4.4: Edge detection

To explore orientation cues, [Ramanan et al., 2007] label each edge pixel with the bin in which the
gradient orientation falls (out of 24 bins). We show the labelled edge image in Figure 4.4(d), where
the 24 orientations have been scaled to display a grayscale image. Then, only those edge pixels whose
orientations either fall perpendicular to the rectangular template, either neighbour these orientations to
the left and to the right, are selected.

An example is illustrated in Figure 4.5. For a template rotated 60° counterclockwise, with the bin
numbering starting near the positive x axis in counterclockwise order, the selected edges will correspond
to the following bins: 4, 5, 6 (for orientations between 45° and 90°) and the opposite bins, 16, 17, 18 (for

orientations between 225° and 270°).

The distance transform (Figure 4.6(b)) of these edges (Figure 4.6(a)) is finally convolved with the rotated
template (Figure 4.6(c)) to give the chamfer score (Figure 4.6(d)).

FIGURE 4.5: Orientations perpendicular on the template
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// Y%
//. .
i
z /
(a) Edges of interest orienta- (b) Distance transform (c) Part template (d) Chamfer distance as convo-
tions lution result

FiGURE 4.6: Chamfer matching

Non-maximum suppression

Figure 4.7(b) shows the resulting chamfer distance image obtained by selecting the best chamfer scores
over individual edge orientations and their corresponding rotated templates. Sharpening this response
is a useful technique that allows for thinner, more precise lines and eliminates noise. By imposing a

threshold on these thin lines, it is possible to determine the position of the candidate body parts.

(a) Original image (b) Chamfer distance for an upper leg (¢) Non-maximum suppression result

FIGURE 4.7: Non-maximum suppressed chamfer distance

Non-maximum suppression is commonly used to sharpen such responses, making them more appropriate
to threshold [Kitchen and Rosenfeld, 1982]. The idea of non-maximum suppression of gradients is to
search for local maxima in the gradient strength image (in our case, the chamfer distance image, see
Figure 4.7(b)) in the gradient direction [Jepson, 2011].

We implement the non-maximum suppression algorithm as provided by [Martin, 2003]. We use a similar

figure to [Jepson, 2011] to illustrate the method - see Figure 4.8. The algorithm steps are the following:

1. Determine in which of the eight areas does the edge normal (as depicted by the dashed green arrow)
at the interest pixel (as depicted by a green dot) fall into.

2. Consider the original image. If the two neighbouring pixels in that area (as depicted by black dots
on dashed blue lines) exist (they do not fall outside the image), calculate the angle tangent.

3. Interpolate the values of the pixels, based on the distance (the purple line in Figure 4.8) between
them as given by the tangent.

4. Compare the interest pixel value with the interpolated value. If smaller, then suppress (make equal

to zero) the pixel value in the result image.

Figure 4.7(c) shows the result of the non-maximum suppression on the chamfer distance image. This
result gives clearer indications of the candidate upper legs positions. As the maximum values across
orientations have been retained in the chamfer distance image (Figure 4.7(b)), as well as the corresponding
orientations, only the body part position remains to be determined. By imposing a threshold for the

chamfer distance, only the most likely positions are retained.
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F1GURE 4.8: Non-maximum suppresion in gradient direction

Finding the body part candidates
The above procedures can be put in order in the following algorithm that finds candidates for a specific

body part:

1. Build rectangle template of known width and length.
2. For each possible orientation of the body part,
2.1 Rotate template.
2.2 Select edges with perpendicular (and neighboring) orientations.
2.3 Calculate distance transform of selected edges.
2.4 Convolve distance transform with rotated template to obtain chamfer cost image.
3. For each pixel in the image, choose the best chamfer score across orientations.
4. Threshold chamfer scores and select those pixels locations that have better scores than the thresh-
old.

Steps 3 and 4 give the orientation and the centre position of the body part detection. With the known
width and length, the body part detection is now fully parameterised and scored. The corresponding

chamfer score will represent the singleton potentials, ®;(x;).

Figure 4.9 shows all upper leg candidates obtained with the above procedure.

FiGure 4.9: Sample image with candidate upper legs represented by purple rectangles

The discussed procedure can find thousands of body part candidates in an image. Imposing a threshold
on the chamfer score does lower the number of candidates, but it is also convenient to set a maximum
number of candidates. If there are more than a fixed number of candidates, [Ramanan et al., 2007]
sample with replacement (see the sampling procedure in Section 3.3) an exact number of samples from

the discrete distribution given by the chamfer scores of the candidate body parts.
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4.2 Stylised pictorial structure

Once the body part candidates have been found,

using the procedure described in Section 4.1, we

Candidate
need to find those candidates which form a typical

pose, as defined by kinematic constraints (hence,
- - Inference on the .
Singletonand pairwise i i Posterior
potentials tree pictorial

stylised). This is done by performing the inference croeture o)

message passing

(described in Section 3.3) on the pictorial struc-

ture tree model, where the nodes are represented
Candidate pose Sampling from the
by the candidates. Once the belief (or posterior) samples posterior (with global

constraints)

for each node has been obtained through message
passing, we sample from the posterior to obtain Figure 4.10: Model building pipeline: Matching a
several matches for the body configurations. This stylised pictorial structure.

section refers to the model building module pipeline components in Figure 4.10.

Finding a typical pose in a video sequence is called opportunistic detection. The system will only recognize
this pose and will use it to learn the colour appearance model parameters. The appearance model will

be used by the detection module to find general poses in every frame.

The chosen stylised pose is a lateral walking pose, which has the following properties: it is usually
encountered in a video of a person, it offers a clear and distinctive perspective on each of the body parts
(little self-occlusion) and it is relatively easy to detect due to the scissor pattern in the legs. Figure 4.11
shows the tree model of the lateral walking pose, with both legs and one arm only. The acronyms for

the body parts have been explained in Figure 3.1.

FI1GURE 4.11: Tree model of a stylised pictorial structure.

In the single frame pictorial structure formula P(PN, I|CYN) « [[Y, P (1|1P?,C?) P(P'|P™®), the
value for the image likelihood P(I|P*, C?) will be:

P(I|P',C") =

e~ ®i (z7)/k

where z; is a candidate obtained with the procedure described in Section 4.1, ®; (z;) is a function of
the candidate’s chamfer score and k is a scaling factor used to smooth the likelihood. This procedure is
related to annealing and ensures that different samples will be obtained in the sampling from posterior

distributions procedure [Felzenszwalb and Huttenlocher, 2005].

The image likelihood expresses the match between a rectangle of a given size, representing the shape

template of a body part, and a patch in the edges image corresponding to an input frame. It contains
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no colour information about the person we want to detect. This weakness is compensated by the prior

term P(P?|P™"), which models strict kinematic constraints of the lateral walking pose such as:

1. the torso must be vertical such that the head is above it,

2. the bent in the elbow must be close to 180° (we chose this constraint due to the nature of walking
poses in gymnastics, the source of our test videos),

3. the legs must be below the torso,

4. lower end points of the two lower legs must be away from each other.

Figure 4.12 shows a sampled upper leg and all lower leg candidates which satisfy the kinematic constraints

with respect to the sampled upper leg as the parent body part.

FIGURE 4.12: Valid lower legs (blue rectangles) under kinematic constraints for a sampled upper leg
(purple rectangle).

[Ramanan et al., 2007] also imposed global appearance constraints for the legs, which means that they
compare the colour histograms of the candidate legs and verify if they have a low dissimilarity. We found
that this feature (shown as the pipeline component in Figure 4.13) does not always add value to the

lateral walking pose detection and often chose to disable it.

Candidate Colour binning airwise distances
body parts between upper legs

F1GURE 4.13: Module building pipeline: General appearance constraints.

Next, we describe the algorithm steps for finding a lateral walking pose in a static frame.

Candidate

body parts
Singletonand pairwise

potentials

Model building pipeline: Algorithm steps 1 and 2 (finding candidates and calculating potentials).

Algorithm

1. Find body part candidates based on shape:
1.1 Calculate singleton potentials ®; (z;) for i € {tor,la,ua,ll,ul}.
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1.2 Retain candidates for which ®; (z;) > chamfer_thresh; for i € {tor,la,ua,ll, ul}.
2. Calculate pairwise (kinematic) potentials W, ;) (%;(;)) where i € {tor,la,ua,ll,ul} and 7(i) is
the parent of part .

3. Potentials to image likelihood and deformable model probabilities:
= @14 (14) [k e~ Viaua (%10, ua)/*

(&
P(I Pla Cla « P Pla Puay
( | ’ ) lea e~ P14 (210) /K ( | ) . e~ Yia,ua (’”la,ua>/k
e — Pua (mua)/k + e - ‘I’ua,tor (zua,tor)/k
P(I|P"*,C") « P(P"| P! «
(7P, C™) S, e we e (P P) e Ca
e~ Tu@n)/k e~ Yitul (z10,01)/%
P(I Pll 1 P Pll Pul
( ‘ ¢ ) < Za:” e~ ®uzu)/e ( | ) <~ Zm”,zul e~ YiLul (210,u)/%
e~ Put @ut) [k e~ Yul.tor (2wt tor)/®

PP, C") « P(P|P'T) «

Zmuz e = Pul (@ul) /k

= ®tor (@tor) [k

Z e~ Yol tor (“’ul,tor)/k
Zul;Ttor
e

— ®tor (@tor) [k
thor €

potentials tree pictorial

structure by
message passing

P(IlPtOT, Ctor) —

Model building pipeline: Algorithm steps 4, 5 and 6 (tree inference).

4. Calculate messages from lower body parts to upper body parts:
Miaua (Tua) < Y _ P(I|P', C')P(P'*|P"*) Mia.ua (Tua) < >

Tia Tua
™Myl (xul)
EIul mii,ul (xul)

Mia,ua (xua)

Mia,ua (xua>

M (Tur) < Y P(IIPY, C"Y PP P Mt (Tur)
Tyl
5. Separate left upper legs and right upper legs, based on orientation, and calculate messages from

upper body parts to torso:

Mya,tor \Ttor
Mua,tor (xtor) < ZP(I‘Pua7 Cua)P(Pua|Ptor)mla,ua (xua) Muya,tor (IEtor) — Z t ( t )

mua,tor (xtor>

Tua Ttor
my 1, X
Miut tor (Tror) ¢ ZPU\PW,Cluz)P(Plu”th)mu,zuz (Trt)  Miuttor (Trur) uttor (Ttor)
Tyl thor Miul,tor (mtor)

m l X
Mrul,tor (xtor) < Z P(Ilprul7 CTUl)P(Prqutor)mll,rul (Irul) Myl tor (xrul) <~ rul,tor ( tor)

mer Myl tor (xtor>

Trul

6. Calculate torso (root) posterior:
btor(xtor)

btor (xtor) — Mya,tor (-rtor) Miul tor (xtor) Myl tor (-rtor) btor (xtor) —
Z btor(xtor)

Ztor
7. Sampling:

- sample tor _idx from by, (40r)

- sample lul_idz from P(I|P" C"™)P(P"™|P* —“Ymy 1 (T1ur)

- sample Il _idxr from P(I|Pl”7 C’l”)P(P”|Pl“l—id””) where z;; on same side as Tyu_idx
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sample rul_idx from P(I|P™, C”"“l)P(P“‘l\Ptor—idm)m”’ml (Zu1) where 2., similar in
appearance with @y, 4. and far from zp,; e

- sample rll _idx from P(I|PT”, CT”)P(P”|PT“le””) where zy; on same side as %, 4. and
similar in appearance with Tl _idx

sample ua_idx from P(I|P“?, C““)P(P"“|Pt°’lidx)mla7ua (Tua)

sample la_idx  from P(I|P'®, C'*)P(ple|pra_ide)

Posterior
Sampling from the
Candidate pose p n’ .
posterior (with global
samples

constraints)

Model building pipeline: Algorithm step 7 (sampling).

Step 7 is performed 2000 times. This leads to 2000 different lateral walking pose configurations obtained
in a single frame. The final walking pose in this frame is selected as the pose with the highest score,

where the score is calculated as the sum of the image likelihoods of all body parts (model building module

pipeline component shown in Figure 4.14).

Scoring |— Candidate pose
samples
Best body
configuration

FI1GURE 4.14: Model building pipeline: Choosing the best sampled configuration in a frame.

A result example of the above algorithm on an input frame of a gymnast on a beam is shown in Figure
4.15.

Ficure 4.15: Lateral walking pose detection
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4.3 Classification and Evaluation

When a lateral walking pose is found in a frame, the system first evaluates the correctness of the pose
detection. Once the entire video has been processed to find all the lateral walking poses, their respective
scores are compared to obtain the best detection (pipeline component shown in Figure 4.16(a)). We
explain the evaluation in Section 4.3.3. The best lateral walking pose detection is chosen to further learn

the appearance model of the distinct body parts (pipeline component shown in Figure 4.16(b)).

Single frame stylized
pose detector

Single frame stylized
pose detector

Best body Best body
configuratio configuratio l
I { Body parts appearance models

Evaluation by testing body part
models on adjacent rectangles)

Best lateral walking pose in video

(a) Model building pipeline: Walking pose evaluation in different frames. (b) Model building pipeline: Learning
appearance model parameters.

Single frame stylized
pose detector

Y
CQueadratic logistic regression

i
i
i
[}
i
i
:
| Best lateral walking pose in videg
i
i
i
i
i
i
i
[}
i

F1GURE 4.16

We first lay the foundation of the classification method in Section 4.3.1 and Section 4.3.2. Then we

explain the pose evaluation procedure in Section 4.3.3.

4.3.1 Linear methods for classification

Given a number of variables that describe an object, classification addresses the problem of placing
the object in a class and estimating the probability that the object is part of that class [Feelders and
Veltkamp, 2012].

In the following, we will use the concepts and notations of [Hastie et al., 2001] to derive the theoretical
background for linear methods for classifications and linear logistic regression. The set of variables are
called inputs which determine the outputs, also called responses. The outputs can belong to different
classes denoted as G. In our context, the inputs are the colour values of a pixel and the classes are: body

part pixel and non-body part pixel, for a specific body part.

The main assumption of linear regression is that the regression function E(Y|X) is linear in the inputs.

Given a vector of inputs X = (X1, Xs,..., X)), the linear regression model that predicts the output ¥’
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has the form:

f(X) =ﬂ0+ZXj5j (4.3.1)

j=1

where [y is called intercept or bias and (;’s are model coefficients and need to be learnt through classi-
fication. If the vector X includes the constant 1 and the intercept is included in 3, equation (4.3.1) can
be rewritten as

f(xX)=Xx"p (4.3.2)

We wish to model posterior probabilities P(G = k|X = z), that is, given that we know the colour of a
pixel, what is the probability that the pixel is part of a specific body segment. Linear methods require
that some monotone transformation of this probability is linear, so that the decision boundaries which

divide the input space in regions are linear.

A common model for the posterior probabilities is the logistic function as logit—! (o) = ﬁ = %
The graph for this function is drawn in Figure 4.17.
‘ i
08r |
o8t :
07+ :
nsf !
|
056G — — — — = —m o 4
o4t |
03k :
02r :
ot !
|
DE 4 3‘ 2 1 a\ 1 2 3‘ 4 i
Fiaure 4.17: Standard logistic function
For the two class case, the probabilities are formulated as follows:
6(50+5TI)
) 3.

P(G = 2|X = J,‘) = 71 T e(ﬁo—‘r,@T:E)

The monotone transformation is the logit transformation logit (p) = log [;£;]. The logistic function is

the inverse of the logit transformation. The ratio % is called odds.
Equations (4.3.3) result in the log-odds:
P(G=1X=x)

1
CPGE=2X =2)

= 6o+ Bz (4.3.4)

The decision boundary is obtained by making equation (4.3.4) equal to 0 which describes the hyperplane
{z|Bo + BTx}. Linear logistic regression results in linear log-odds and will be discussed in Section
4.3.2. Now, considering that G has K classes, the responses will be represented by K indicator variables
Yi,k=1,..., K, with: Y, =1if G =k and Y}, = 0 elsewise.
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The indicator response matrix Y is a N x K matrix, where IV is the number of available input data and
each row is constituted by the vectors Y = (Y7,...,Yx) . In the following we will consider K = 2 classes,

body part pixel and non-body part pixel.

4.3.2 Logistic regression

The model for two class logistic regression has the same form as equation (4.3.4). Logistic regression
ensures that the posterior probabilities of the K classes sum to one and remain under the unit value.

[Hastie et al., 2001] demonstrate this on the general case of K classes.

Considering N observations, their log-likelihood is:

N
U(B) = _logpy, (wi5 B) (43.5)

where pi(z;; 8) = P(G = k| X = z;; 8).

For our two classes, we can encode g; = 1 with y; = 1 and g; = 2 with y; = 0. Therefore, the response
vectors will contain a 1 for those pixels which belong to the body part and a 0 for all the other pixels in

the image. The log-likelihood log py, (z; 5) takes one of two values:

R (R
Using the 0/1 for y; values as a selector, we can rewrite equation (4.3.5) as such:
1(B)) = i {yilogp(ai; B) + (1 — ;) log(1 — p(a4; 8))} (437)
=
=" {yilogplas; B) + log(1 — p(xs; B)) — yilog(1 — plas; §))} 439
= ‘.
- Z:ZI {yz log % + log(1 — p(l‘i;ﬁ))} (4.3.9)

From equation (4.3.4), we see that log % = BTz;. From equation (4.3.3), we see that 1 —p(z;; 8) =

ﬁ. Replacing these into (4.3.9) leads to:

18)=> {yl-BT:m — log (1 + eﬁTﬂ“)} , (4.3.10)

i=1
where (3 contains the intercept and vectors x; contain the corresponding constant value 1.

1
zlnb

Knowing that - log, u(z) = u’(z), the derivation of the previous equation results in the following:

(9) R e
85 Z (mzyz - (1 —+ BBTrci) hlee T | = ;xz Yi — 1+ e;BTmz (4311)

=1
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With (4.3.3) and setting the derivative to 0, in order to maximize (4.3.9), (4.3.11) becomes:

N
08 o — plais ) = 0 (4.3.12)

i=1

Newton-Raphson algorithm

Equations (4.3.12) are called score equations and are solved using the Newton-Raphson algorithm [Weis-
stein, c]. This algorithm is an iterative method to find the root of a function. Considering x¢ an initial
approximation of the root, 1 = xg+ €g is taken as a better approximation of the root. Using the Taylor

expansion of f(x1), the offset ¢ is ¢g = — }{,((Z%)). With the calculated value of x1, the process can be

repeated until convergence.

In our terms, we can say that 1 is Bpew, To iS Boig and f(z) is %g). Then,

new a0 9°1(B) \ " al(pB)
prr=p ld_(aﬂaﬂT) a(B)

(4.3.13)

This update is repeated until either the log-likelihood increases, or, if the log-likelihood decreases, the

step size is halved.

In matrix notation:

y vector of y; values
X N X (p+ 1) matrix of x; values
P vector of fitted probabilities p(z;; 3°'¢)
W N x N diagonal matrix of weights p(xz; 8%9)(1 — p(z;; 8°'?))

Then, the first derivative of the likelihood w.r.t. (5 is % = XT(y — p), and the second derivative of the
g;la(g% = —XTWX. Practically, in the implementation, we invert

likelihood w.r.t. 8, or the Hessian, is

the Hessian matrix using [alg, 2013].

Input data
[Ramanan et al., 2005] used a quadratic logistic regression model to learn the appearance of distinct
body parts. This model solves the issue of testing on the same data used for training, which in case of

nearest neighbors classifiers gives zero errors. The input vectors z;, in this case, are composed of:

e R, G, B values of foreground and background pixels
e basis expansions R?, G2, B%, RB, GB, RG

Foreground pixels are those pixels contained within the rectangle that represents the detection of a body
part. Background pixels are all the other pixels in the image. Figure 4.18 shows the mask for the torso
pixels where the occluding arm has been removed. The pixels under this masks will be used as positive

samples, while all other pixels in the image will be used as negative samples.

For each upper leg and lower leg respectively, the pairwise body parts are ignored, in order to remove
false negatives. This is founded by the assumption that the legs should be similar in appearance. Unlike
the original method where pixels from both legs were used as positives, we only use the left side leg pixels

to learn the appearance, for computation speed reasons.
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(a) Lateral walking pose detection (b) Torso pixels mask

F1cure 4.18: Torso pixels masks with removed occluding arm for appearance learning

4.3.3 Walking pose evaluation in different frames

In this section we refer to the model building module pipeline components shown in Figure 4.16(a). The
body part detection (pixels within the green rectangles in Figure 4.19) are used as positives and the
flanking rectangles (pixels within the dashed red rectangles in Figure 4.19) of said detection are used as
negatives to build a logistic regression appearance model of the respective body part. The model is then
tested on the same pixels and the misclassified pixels are counted, accounting for the score of a detection.
A misclassified pixel is said to be a pixel whose classification result differs from the actual status (inside

or outside the body part detection).

The classification result is given by the computed log-likelihood of the pixel being a body part pixel,
which can be computed with known appearance model 8 using equations (4.3.3) and (4.3.7). A likelihood
above 0.5 means that the pixel was classified as body part pixel, otherwise the pixel was classified as

background pixel (see the graph of the standard logistic function in Figure 4.17).

(a) Correct body part detection (b) Wrong body part detection

FI1GURE 4.19: Body part detections and flanking rectangles used to evaluate detection correctness

We explain this reasoning by illustrating two cases in Figure 4.19: the case when the detection is correct
and the case when the detection is slightly deviated from the correct position. In case 4.19(a), the pixels
within the flanking rectangles will have a completely different appearance than the pixels within the
detection. In case 4.19(b), the pixels within the flanking rectangles will look like some of the pixels
within the detection (as the incorrect detection includes both body part pixels and non-body part pixels
in the illustrated case). In the latter case, the learnt model will classify pixels from the flanking rectangles
as body part pixels, increasing the number of misclassified pixels, therefore accurately indicating that

the detection is incorrect.
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Finally, the summation of the misclassified pixels for each body part gives the total score for a lateral
walking pose detection. The appearance models are learnt from the frame that contains the lateral

walking pose detection with the highest score.



5 Detection

The goal of this module is to find general human poses by using the learnt body part colour appearance

models, as well as the initially known person scale. The pipeline of the detection module is given in

Figure 5.1. The candidates are matched in a pictorial structure, then inference is performed on the tree

model, to obtain the posterior. Several configurations are sampled from the posterior, which determine

the distribution of poses. The last step is to find the modes of this distribution which represent the final

detection.

Parts templates

Body parts
appearance
models

Human pose detection

Mean-shift algorithm on
the posterior

Modes in the posterior
corresponding to individual legs
and arms

Inference on the tree DICEDII’IEI Posterior over body configurations
structure by message passing

Sampling single arm,

single leg pictorial
structures from the

posterior

FIGure 5.1: Detection module pipeline.

Pose from frame -1 |

A

—————— — —

The original method, that of the single frame pictorial structure, is contained within the black dashed

rectangle. We try to improve this method by suggesting two ways of including the previous frame

information through the motion model prior:

1. We consider the previous body part detection (obtained with the modes finding procedure) as P},

and calculate the motion model prior with respect to this previous body part as P(P}|P} ). This

feature is shown with a dot and dash green arrow in Figure 5.1.

2. We consider all the previously sampled body part candidates z;, ,, and calculate the motion model
prior with respect to these candidates as 33, [P(P{|P{_ )P(I;—1|P/_,C")]. This feature is
g

shown with a dashed green arrow in Figure 5.1.

Finding a stylised pose, as described in Section 4.2, is possible due to rigorously imposed kinematic

constraints, general poses require more relaxed body part connections, to account for variety. Colour and

30
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shape appearance models combined give a more reliable image likelihood compared to shape templates
alone. This compensates for the soft kinematic constraints. We also added a motion model to aid

detection accuracy.

5.1 Searching for body parts using appearance models

In this section we explain how rectangular templates and the learnt colour appearance models can be
used to find candidate body parts in input frames containing any possible human pose. With learnt

colour appearance model parameters 3;, the indicator response vector for body part i becomes:

i\ [Ba
¥ :
YVi=| : (5.1.1)
: Bio
% 1

where:
2T colour values (R G B R G2 B2 RB GB RG 1), at pixel j

J
N number of pixels in the image
Y; binary N sized indicator response vector

i body part.

The binary image in Figure 5.2(f) showing pixels assigned to a specific body part is obtained by reshaping
the values from the output vector Y according to input frame width and height. Knowing which areas in
the image look like body part of interest, the next step is to match the rectangular body part template to
these areas. Matching will give the body part centre coordinates and orientation with the highest score,
or image likelihood. The procedure is conceptually similar to the one described in Section 4.1, namely

using rectangular filters as part templates. The difference is that the search is now more localized.

Similar to [Ramanan et al., 2007], we use a Gaussian centered at the part template to model the local

image patch. This is a two-dimensional Gaussian function calculated as:

T=mg | Y=g

fz,y) = Ae_[ 27 e },for x € |0, width] and y € [0, length] (5.1.2)

where:
A is the amplitude, set at A = length - width

Oz, 0y are the x and y spreads, set at o, = 0.2 - width? and oy =02 length?

Zo,Yo  are the means, xg = width/s and y, = length/a,

For A,o0, and o, we use the same values as the authors.

The following two filters are used: an interior filter obtained by flanking the two-dimensional Gaussian
function in equation (5.1.2) with two equally sized black rectangles (Figure 5.2(b)) and an exterior filter

composed of a black rectangle flanked by two white rectangles of the body part’s width and length (Figure
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5.2(g)). Let these two filters be H;; and H;, (where ¢ denotes the body part), and I; the input image
obtained from the indicator response vector Y;. Then, the singleton potential for body part , calculated

at body part ¢ candidate x;, is obtained from the following equation:

-1« H 1 (9)](@ ) +[LixHi5 ()] (=,y)

(I)i ($1($7 Y, 9)) —e lengthy width; k , (513)

where H;;(0) and H;5(6) are filters rotated with angle 6. Figures 5.2(c) and 5.2(h) show convolutions
(1 —1;) » H;1(135°) and I; x H;5(135°), respectively.

The body part candidate z; is parameterised by its centre coordinates (z,y), known width and length

and orientation 6. Possible orientations 6 are § = a - 15°, fora=1,...,12.

(8)

FI1GURE 5.2: Body part detection with known appearance and shape model.
(a),(f) - assigned body part pixels. (b), (g) - interior and exterior filters. (c), (h) - convolutions
(d) - cost as exponential of the sum of (¢) and (h). (e) - thresholded cost.

The valid candidates x; are the candidates for which the singleton potential ®;(x;) is larger than an
imposed threshold. Figure 5.2(d) shows the result of equation (5.1.3) for § = 135°. Figure 5.2(e) shows
the thresholded result. The non-black pixel values represent the values for ®; (x;(135°)), while their
coordinates represent the center coordinates (z,y) for candidates z; oriented at 135°. This procedure is

performed for all possible orientations, mentioned above.

In Figure 5.3 we compare the results obtained when looking for upper legs using only the shape model
(rectangular template) and using both the shape model and the colour appearance model. Figure 5.3(b)

shows more accurately localized upper legs, relative to the person’s position.

For the head, which is represented as a square instead of a rectangle and parameterised with a single
orientation # = 0°, the above algorithm is slightly different. The Gaussian centred at the part template

f, the interior filter f;, and exterior filter f5, are given by the following equations:

w—xg yfyo]

f(x’y) = Alei 207 2”11%:| + A267{2”m§ 203

z—zy | y—Yp

(5.1.4)
S f(@y), f(zy) >0
fi(z,y) = { 0. flag)<0 (5.1.5)
_ _.f(xvy)’ f(x,y) <0
fo(z,y) = { 0, ) >0 (5.1.6)
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(a) Result with shape model (b) Result with shape and appearance model

Fi1cURE 5.3: Sample image with candidate upper legs represented by purple rectangles

for z,y € [0, width], where:
Ay, Ay are amplitudes, set at A1 = 1 andAs; = 0.5

O21,0y1,022, Oy are the x and y spreads, set at 0,1 = 0y, = 0.25- width? and o5 = Oyy =0.5- width?

To,yo  are the means, g = yo = (4-width+1) /5,

Filters fi and fo are shown in Figures 5.4(b) and 5.4(g).

FiGure 5.4: Head detection with known appearance and shape model
(a),(f) - assigned head pixels. (b), (g) - interior and exterior filters. (c), (h) - convolutions
(d) - cost as exponential of the sum of (c¢) and (h). (e) - thresholded cost.

The following equation gives the singleton potential ®pead(Thead):

(A=Theaa)*f1) (@9 +(Tnead*f2) (@,y)

(I)head (xhead(‘r7 y)) =e k . (517)

Figures 5.4(c) and 5.4(h) show convolutions (1 — Ixeqq) * f1 and Ipeqq * fo, respectively.

As for the other body part types, the valid candidates xj¢.q are the candidates for which the singleton
potential @peqd(Thead) is larger than an imposed threshold. Figure 5.4(d) shows the result of equation
(5.1.7). Figure 5.4(e) shows the thresholded result. The non-black pixel values represent the values for

Dpead(Thead), while their coordinates represent the center coordinates (z,y). We show the result obtained
via this procedure in Figure 5.5.
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FIGURE 5.5: Sample image with candidate heads (turquoise squares) obtained with shape and appear-
ance model

5.2 General pictorial structure

To deal with overlap between body parts, the general pictorial structure is modelled as a single arm,
single leg pictorial structure. By sampling from the posterior of body configurations, we will find such
poses that will either encompass only one leg/arm at the time. This means that, for example, for a
fully visible person, some single arm, single leg configuration samples will contain the right arm, other
samples will contain the left arm. In this case, the mode finding procedure will determine two modes

which correspond to the two distinct arms or legs (see Section 5.3).

In the single frame pictorial structure formula P(P'N, I|CYN) o T[N, P (I|P?,C7) P(P'|P™™), the
value for the image likelihood P(I|P?,C?) will be:

P(I|P',C") =

e i (=) /K

W7 (5.2-1)

where z; is a candidate obtained with the procedure described in Section 5.1, ®; (z;) is calculated with

one of the formulas (5.1.3) or (5.1.7) and k is a scaling factor used to smooth the likelihood.

In comparison with the stylised pictorial structure case, where the image likelihood was a function of
the matching score between a shape template and an edge image patch, now the image likelihood also
carries information about the match between colour appearances of the learnt template and the image
patch, respectively. This allows for lesser strict kinematic constraints, which need to be general enough
in order cover the entire range of human poses. Except for the hard constraints, which impose that body

parts are connected, some softer constraints express a preference for certain relative positions, like:

1. the upper arm/leg position should preferably be far away from the torso,
2. shoulder and wrist should not overlap,

3. the lower leg position should preferably be far away from the upper leg.

5.2.1 Single frame pictorial structure

Figure 5.6 shows the graphical model for a single frame, single arm, single leg pictorial structure. The
inference on this model is done according to the procedure explained in Section 3.3. This algorithm finds

single arm, single leg body configurations using the information found in the current frame only (without
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a motion model prior). [Ramanan et al., 2007] obtained successful detection results using this algorithm
and by smoothing the track. Smoothing was done by adding the previous frame and the next frame
samples to the current set of samples, which they provided as input to the modes finding procedure.

Sampling was done 1000 times in each frame.

FIGURE 5.6: Tree model of a single frame pictorial structure

Algorithm

1. Find body part candidates based on shape and colour appearance:
1.1 Calculate singleton potentials ®; (x;) for ¢ € {tor,la,ua,ll,ul,h}.
1.2 Retain candidates for which ®; (x;) > thresh; for i € {tor,la,ua,ll, ul,h}.
2. Calculate pairwise (kinematic) potentials ¥; ;) (%‘,n(z‘)) where ¢ € {tor,la,ua,ll,ul,h} and 7(7) is
the parent of part <.
3. Potentials to probabilities:

la la e~ Pla (z1a) /K lat T e~ Yiaua (Wmua)/’“
PP, C™) R P(P'*[P"*)

~Yia,ua (‘Ela,ua)/k
TrasTua ©

— ®ua (Tua)fk e~ Yuator (vua,tor)/k

uUa ua € ua or
P(I|P ? C ) — Z e~ Pya (xun,)/k P(P |Pt ) — Yya,tor ( ua.tor)/k
=y (@) /k TR (*LL ut)/*
P(I|P",CM) + W P(PU Py e
e o) [k
zy

e~ Tul (#ul)/k

= @y (Tyu1) /R
D € /

— @ (zh) /K

e~ Yul,tor ( ul,tor)/k

P(I\P“I,C’“l) «— P(Pul|Ptor)

Vi, tor (wul,tor)/k
Lul, Itor

e e~ Vhitor (mh tcn)/k

th e~ Th (=n)/k

= ®tor (tor) /k

P(I|P" C") « P(P"| PPy «

>
>
D, € (#11,u1)/k
>
>

= ¥Yn,tor (Th tor)/k
Zh wtor

€

P([IPtOT, CtOT) — Z e~ Pior (Ttor) [k
Ltor

4. Calculate messages from lower body parts to upper body parts:
Miaua (Tua) < Y P(I|P',C')P(P'*|P"*) Mia.ua (Tua) >
Lla Tya

™Myl ul (xul>

> ey, Mitul (Tul)

Mia,ua (xua)
Mig,ua (xua>

mugur (za) < Y PI|PY, M P(P! P My (Zu)

Zu
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5. Calculate messages from upper body parts and head to torso:
Mya,tor (xtor) — ZP([‘Puav Cua)P(Pua|Ptor)mla,ua (xua) Mya,tor (Itor) <~

Moyl tor (xtor) <~ ZP(I‘P’M, Cuz)P(Pul|Ptor)mll,ul (mul) mul,tar (mul) — Z

Tl Ttor
mh,tor (xtor)
Mp tor (xtor)

mua,tor (Itor)
thor mua,tor (xtor)
Moyl tor (mtor)

Myl tor (xtor)

Mp tor (xtor) — ZP([‘thch)P(Ph|Ptor) M, tor (Itor) = Z

Th Ttor

6. Calculate torso (root) posterior as mixture or messages:
[btor (xtm')]l

[btor(mtm“)h — mul,tor (xtor) mh,tar (wtor) [btor (xtor)]l — war [btor(xtor)]l
b or\Ltor
[btor(mtor)}g — Myl tor (xtor) mp tor (xtor) Mya,tor (xtor) [thT (xtOT)]2 < ZIE; [b(to:’(x)jjr)]g

btor (xtor) — P(I|Ptora Ctor){[btor(xtor)]l + [btor(xtor)]g}

btor (wtor)

b or (Ltor =
tor (1 ) thw btor (Ttor)

7. Sampling:
- sample tor _idx from by, (T40r)
- sample ul_idr from P(I|P", C*)P(P"|P* = "“Ymy i (Tu1)
-sample Il_idz  from P(I|P", C'")pP(P! pu-idz))
- sample ua_idz from P(I|P"“*,C"*)P(P"“*| P~ )my, va (Tua)
I[P, Cla) p(pla|pua_idry
I[P, CM P(P"|ptor—ide)

sample la_idx from P

(
(

sample h_idx  from P

5.2.2 Two frame pictorial structure

We aim to improve the detection result obtained with the single frame pictorial structure algorithm
(without smoothing). Therefore, we introduce two variants of temporal graphical models, which include

the detection from the previous frame.

Algorithm 1
First, we add only the previous part detection (obtained from the mode finding procedure) as parents
to the current body part nodes, as shown in Figure 5.7. This allows us to introduce the motion model
prior in the posterior from which a body part is sampled as:
p (Pti7 It‘Ptﬂ-(l)_ldm’ Pti—lv Cz) ~ P (It|Ptﬂ'(z)_zdac’ Cﬂ(i)*idx) P (Pﬂpt‘rr(z)_zdm) P (Pti|Pti—1) H m; (Iz) 7
jec(@)
(5.2.2)

where P}, is the body part detection from the previous frame.
The algorithm steps are the following:

1. Find body part candidates based on shape and colour appearance:
1.1. Calculate singleton potentials ®; (x;) for i € {tor,la,ua,ll,ul, h}.
1.2. Retain candidates for which ®; (z;) > thresh; for i € {tor,la,ua,ll,ul, h}.
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Ficure 5.7: Two frame pictorial structure with previous parts detections as parents

2. Calculate pairwise potentials:
2.1. Kinematic constraints ¥, ;) (:ci,,r(i)), where i € {tor,la,ua,ll,ul,h} and 7 (i) is the parent of
part <.
2.2. Motion model P(P}|P} ;) = Ui prev i (wi,preyj), where i € {tor,la,ua,ll,ul,h} and prev_i
is the body part detection in the previous frame.
3.-5. Similar to single frame pictorial structure algorithm.

6. Calculate torso (root) posterior as mixture or messages:

b or\Ttor
[btor(ztor)h < Mul tor (-Ttor) Mh,tor (xtor) [btor(xtor)]l <~ ZIE: [b(toi(x)t]olr)]l

[btor(xtor)]g
[btor(xtor)b — Myl tor ((Etor) mp tor (xtor) Muya,tor (wtor) [btor (xtor)]g — Zwtm [btor(l'tor)b

bior (Tror) < P([t|Pttor7 Ctor)P(Pttor|Pttgq){[bt0r($t0r)]1 + [thT(xtor)b}

bior (mtor)
btar (xtor)

btm’ (xtor) — Z

7. Sampling:

- sample tor _idz from bior (Zior)
sample ul_idz  from P(I,|PM,C*YP(PM PP =" PP PM Y myg it (ur)
-sample ll_idx  from P(I,|P",C")P(PY P P(P! P )
- sample ua_idz from P(I|P,C")P (P | P/ ="") P(P"| P Yiig ua (Tua)
L| P, C') P(Ple| P ") (Pl  Pl*,)
L, C™ PP P (PPl )

- sample la_idxr  from P(
(

sample h_idx  from P

Algorithm 2
Second, we add all the previously sampled body part candidates as parents to the current body part
nodes, as shown in Figure 5.8. This allows us to calculate the posterior from which a body part is

sampled as:
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P (PLLIPTO=" Py 07) o (1 P01, cmO—ids) p(pi P01

Y [PEP)PL—a|Py, O] T mya (i), (5.2.3)

Ti, g JEC(i)

where we have averaged over all previously sampled candidates z;, ,, to obtain the motion model prior.

This difference reflects in Steps 6 and 7 of Algorithm 2, compared to Steps 6 and 7 of Algorithm 1.

( ptof'.

F1cURrE 5.8: Two frame pictorial structure with previous parts candidates as parents

The algorithm steps are the following:

1.-5. Similar to Algorithm 1.

6. Calculate torso (root) posterior as mixture or messages:

bior (Tior
[btor(xtor)h — Myl tor (xtor) mp tor (xtor) [btor(xtor)]l — Zw[t: [b(toi(x)t]jr)h
[btor(xtor)]g
bior (Tior < Multor (Ttor) Mh tor (Ttor) Mua,tor (Ttor bior(Tior <~
o (o) = Mt tor (tor) Mt (tor) Mo (er) o)y 6 =5 20

bior (Tior) P(It|PttOTv th) Z [P(Pfoqpttgrl)P(Itfl|Pttgrla Ctor)] {[btor(xtm’)h + [btor(xtor)b}

Ttory _q
bto’r‘ (xtor)

bor Ttor =
! (t ) Zwtorbtor($tor)

7. Sampling:
- sample tor _idx from by, (Ti0r)

. or idx
- sample ul_idz from P(L|PM,C)P(PP P/ =") N~ [P(PM|PM ) P(I—a| Py C™)] mup i (wr)

Tuly_q
- sample Il_idz  from P(L|P}', ") P(PI'|P="*) N~ [P(PIPI ) P(L,—1|P,, O]
Tty
- sample ua_idz from P(I,|P*,C")P(Pre| Pl ") >[PPI P(I-a | PE, C)] Mua g (Tua)
Tuay_q
- sample la_idz from P(I,|P}*, C')P(Ple|p~"") > [P(PIP) P11 |P}*,, C'*)]
Tlay_q

- sample h_idz  from P(I;|PF,C" PP} Py N~ [P(PP] ) P(Ii1| P, C™)]

Thy_1
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5.3 Modes

The 1000 samples obtained for each body part in the single arm, single leg pictorial structure constitute
the feature space for that specific body part. Figure 5.9(a) shows an example of 1000 sampled upper legs
drawn on the input frame. Figure 5.9(b) is an alternative representation to show the density distribution

obtained from these samples.

The significant features, or the two upper leg detections that we need to find in this case, will be at
the dense regions (or clusters) of the feature space. Finding these clusters can be done using a density
estimation-based nonparametric clustering approach. The main idea is that the feature space is regarded
as the empirical probability density function (p.d.f.) of the represented parameter, such that dense

regions correspond to the local maxima of the p.d.f., or the modes of the unknown density.

FIGURE 5.9: (a) 1000 upper legs sampled from the posterior, depicted as purple rectangles.
(b) Probability density function obtained from the 1000 upper leg samples.

5.3.1 Mean shift algorithm

The employed mode detection procedure by [Ramanan et al., 2007] is the mean shift algorithm [Comaniciu
and Meer, 2002]. We derive this algorithm by first introducing kernel estimation as a nonparametric

method for probability density estimation. For an arbitrary set of n data points {x;} in the d-

i=1,...,n
dimensional space IR?, the multivariate kernel density estimator with kernel K (z) and windows radius

(or bandwidth) A, in the point z is defined as:

f(w)=nlhdiz:;K<x_hxi>. (5.3.1)

The profile of a kernel K is a function k : [0,00) — IR such that K(z) = ¢k qak (Hx||2), where ¢ 4 is a

strictly positive normalisation constant that makes K (x) integrate to 1. Using the profile notation, the

2) . (5.3.2)

Assuming that the derivative of the kernel profile k exists for all « € [0, c0), except for a finite set of points,
the profile g can be defined as g(z) = —k’(x). A kernel G can now be defined as G(z) = ¢4,49 <||.T||2)

density estimator in equation (5.3.1) can be written as:
n
2 Ck,d
x)=— k

xr — X

h
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The modes are located at the zeros of the gradient V f(z) = 0. The estimate of the density gradient can

be defined as the gradient of kernel density estimate:

- o 2¢k,4 i T —x; 2

Vinw(x) =V fnr(e) = o5 ¢—1(x L < . ) (5.3.3)
. 2¢k,4 i( o ) T — T 2 (534
- nhd+2 P X &€ g h .

Tr — I

- )—x . (5.3.5)

)1 S g ([

Sie ([1=52=17)

The first term in equation (5.3.5) can be written in relation to the density estimate computed with kernel

G as: )
~ - Cg7dh2 ) 2Ck,d "
fha(z) = dona  hiT? lZQ( )] . (5.3.6)

(5.3.7)

o QCk,d "
= hd+2 29
i=1

Tr — x;

h

The last term in equation (5.3.5) is the sample mean shift vector,
12

Dis1Tig (H T )

n T W
Zi:lg<|‘tht ) i

or the difference between the weighted mean, where the weights are given by kernel G, and the centre of

mh’G(x)

the kernel window z. It can be seen that the maximum value for f;hK will be attained when my, g (x) = 0.

Replacing (5.3.6) and (5.3.7) in (5.3.5) results in:
Cg7dh2 . th7K(.Z‘)
20 fraz)

N A 2c
V(@) = fnc (@) = mn () = mia(@) =
9,

(5.3.8)

which shows that the mean shift vector computed with kernel G is proportional to the normalized
density gradient estimate obtained with kernel K, meaning that the mean shift vector points towards the
maximum increase in the density. The mean shift vector can lead to the stationary point of the estimated

density, which represents the mode.
The mean shift procedure thus consists of the following steps, repeated until convergence:

1. Fix a (kernel) window G(z) around every data point.
2. Calculate the mean shift vector my, ¢(z) within that window.
3. Translate the (kernel) window G(z) by my, ¢ (x).

The convergence of this algorithm is demonstrated in [Comaniciu and Meer, 2002].

Implementation The feature space employed by [Ramanan et al., 2007] consists of the 2D end points
coordinates for each sampled body part. The chosen kernel, G, is the uniform kernel, the metric is
the Euclidean distance and the chosen bandwidth h is the torso length (which is the largest body part
length). The starting point z is the feature vector which tessellates the entire feature space by kernels
of the given bandwidth.

Figure 5.10(a) shows the different body part distributions obtained from the 1000 samples, which are
colour coded as follows: red for the torso, green for the upper arms and upper legs, blue for the lower

arms, lower legs and the head. Finding the single arm, single leg pose means finding the first mode from
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each of these distributions. This is achieved in a relatively small number of iterations, as can be seen in

Figure 5.10.

(a) Probability densities (b) Mean shift iteration 1 (¢) Mean shift iteration 6

(d) Mean shift iteration 11 (e) Mean shift (last) iteration 15 (f) Single arm, single leg pose

FI1GURE 5.10: Mean shift on posterior distributions to find single arm, single leg pose modes.

The second mode on the arms and legs distributions will fall on the second limb. The search for the
second mode is done on samples that do not belong to the first mode. [Ramanan et al., 2007] impose
that a certain fraction of the total number of samples lay next to this second mode. This is motivated
by the fact that the number of remaining samples might be low, thus forming a weak distribution. A
mode found on this distribution would not be as prominent as the first one. Figure 5.11 shows the result
of the mean shift procedure on the distribution obtained from the leg samples which do not belong to

the first modes (for the first upper leg and lower leg, respectively).

(a) Probability densities (b) Mean shift (last) iteration 8 (c) Second mode for upper and lower legs

F1cure 5.11: Mean shift on posterior distributions to find the second mode for upper and lower legs



6 Experimentation

6.1 Method analysis

6.1.1 Size influence on candidate detection

We study the relationship between a body part’s size and the quality of the search results in the detection
module of the tracking system (body part size and appearance parameters known, as described in Section

5.1). We hypothesize that the larger a body part is, the more reliable the detection.

Experiment setup

We test this hypothesis by searching for a person in three different sequences consisting of ten frames
each. To obtain the ground truth, we first inspect the detection results obtained with the two frame
pictorial structure algorithm 1. If the system outputs visually correct final body pose detections (in
which the rectangles cover the actual body parts), then we consider these as the ground truth. This
automatic step is useful to save time in the process of labelling the ground truth data. In case the body
pose detection is not entirely correct, meaning it has wrong or undetected limbs, we manually label those
parts (by providing the body part parameters: centre coordinates (z,y) and orientation 6, which we

approximate visually).

In our evaluation, a candidate is considered to be correct if its centre deviates less than 40% of the body
part diagonal length from the ground truth centre coordinates. We chose this measure because we found

that the candidates that abide it manage to cover (a significant part of) the actual body parts.

A sample image from each of the three different sequences is provided in Figure 6.1.

(a) Video 1 (b) Video 2 (¢) Video 3

FIGURE 6.1: Sample image from each test sequences

42
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TABLE 6.1: Search precision for candidate body parts using appearance and shape models

Video 1 Video 2 Video 3
Torsos Size 35 x 17 36 x 17 40 x 20
Threshold  exp(-3.0) exp(-3.0) exp(-3.0)
Total 953 175 1090
Correct 828 175 1036
Correct({%) 86.88% 100.00% 95.05%
Upper legs Size 26x 16 31x13 41 x 14
Threshold  exp(-3.5) exp(-2.5) exp(-2.5)
Total 1362 711 768
Correct 584 343 462
Correct(%) 47.88% 48.24% 60.16%
Lower legs Size 27x9 26x 38 30x11
Threshold exp(-3.5) exp(-2.5) exp(-2.0)
Total 1423 1251 892
Correct 378 362 242
Correct(%) 26.56% 28.94% 27.13%
Upper arms Size 17x7 17x6 22x 8
Threshold  exp(-2.0) exp(-1.5) exp(-2.0)
Total 417 454 210
Correct 138 133 163
Correct(%) 33.09% 26.92% 77.62%
Lower arms Size 16x%6 15%5 20x7
Threshold  exp(-5.0) exp(-1.3) exp(-1.7)
Total 1937 870 641
Correct 13 61 35
Correct(%) [ 10:675% 7.01% 5.46%
Heads Size 14x 14 14x 14 21x21
Threshold  exp(-1.8) exp(-1.0) exp(-1.5)
Total 312 56 481
Correct 43 13 103
Correct(%) 15.38% 33.93% 21.41%

Table 6.1 shows the results of our experimentation, averaged over the ten frames. For each

video and each body part in the single arm, single leg pictorial structure, we list the known size, the
singleton potential ®;(x;) threshold for a candidate to be considered valid, the total number of retrieved
candidates (which scored better than the threshold), the number of correctly retrieved candidates (as
explained above) and the search precision. We colour code the precision with green for high values,

yellow for in-between values and red for small values.

Torso and legs We find high precision values for the torso, which means that the method is guaranteed
to find a person in a frame, if the person exists and its torso colour appearance model was learnt. We
notice that, for each video, the precision decreases with the size of the body part: from torso to upper

legs and lower legs, respectively. This result is in agreement with our hypothesis.
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Arms The upper arms tend to have a search precision as high as the lower legs, with the exception
of the upper arms in video 3. We assume this is due to the fact that the upper arms in video 3 are
white and the torso is blue and no upper arm candidates are detected on the torso. We observe that a
significant number of incorrect upper arm candidates in the other videos tend to lie on the torso, because

of the colour appearance.

For each video, the precision of the upper arm search is higher than the precision of the lower arm search,

which is in agreement with our hypothesis.

Because the arm detection seems to be more difficult than the other body parts detection, we also look
at how the degree of similarity between the arms and the other body parts affects the search precision.

We list the following properties of our input sequences:

1. In video 1, upper and lower arms are similar in appearance to the torso.

2. In video 2, the upper arm is similar in appearance to the torso and the lower arm is similar in
appearance to the legs and head (skin colour).

3. In video 3, the upper and lower arms are similar in appearance to each other but different from
the other body parts.

4. In videos 1 and 2 one arm is clearly visible and the second arm is fully occluded at all times. In
video 3, both arms are clearly visible at all times.

5. The arms are far away from the rest of the body, such that the arm candidates laying on other

areas of the body are not taken into account as false positives.

Table 6.1 only contains candidates that were found on the body. Those candidates found in the back-
ground (only in the case of the second video) were removed, so that we focus our results on the arm

colour - body colour relationship.

For upper arms in videos 1 and 2, where the sleeve has the same colour as the suit, we find close precision
percentages. For upper arms in video 3, where the sleeve has a different colour than the suit, we obtain

high precision.

For the lower arms in videos 2 and 3, we chose the Diower _arm (xlower_mnm) thresholds in order to obtain
a correct final full body pose. For the lower arms in video 1, which proved to be the most challenging to
find, we lowered the @loweriwm(mlowwiwm) threshold to obtain some correct candidates. However, the
strong (high score) candidates were found on the body, instead of on the arms, and due to the fact that

they also lie within the kinematic constraints, they were included in the final body pose.

Head For each video, we found heads with a better precision than that of the lower arms. While
the lengths of the head and lower arms are close, the difference between the widths seems to make the

difference in the overall quality of the detection.

Full pose detection We observed that, to obtain a successful full body pose detection, the score of
the correct detections is more important than their number with respect to the total number of retrieved
candidates. For video 1 we were unable to find more than one correct full body pose, due to the low

scores of the correct lower arm candidates. In videos 2 and 3, even though the precision for lower arms
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was small, we found the correct body pose in all tested frames, due to the high score of the few correct

candidates. All body poses from the three sequences contained correct torsos and legs.

Conclusion
We found that the results were in agreement with our hypothesis. However, as the size of the body part
becomes smaller, we consider that the degree to which the part is similar to other parts in the body is

also a factor that influences the search precision. We illustrated this case for the lower and upper arms.

For challenging situations, like video 3, where the lower arm was covered in a long sleeve of the same
colour as the suit, we recommend raising the score threshold for the lower arms, such that incorrect
candidates that lay elsewhere on the body, but have good scores, will not be encountered in the final

pose.

6.1.2 Robustness

In this section, we analyse the robustness with respect to input parameters of the model building module,
responsible for finding an accurate lateral walking pose. We wish to verify if we can find one set of
parameters to fit our input videos, similarly to [Ramanan et al., 2007]. As the correctness of the lateral
walking pose is crucial for the success of the detection module, we assume that chamfer score thresholds

in detecting candidate body parts need to be accurately set for different videos.

In this experiment, we refer to the body part candidate search using rectangular filters, described in
Section 4.1.

Experiment setup

We choose one frame from three distinct videos, with the following properties:

e the image depicts a lateral walking pose

e our system is able to clearly detect the lateral walking pose

We use the second property to determine the ground truth. For each of the three frames, we determine
by trial and error a set of parameters that results in a successful full body pose detection. Then, for
each different frame, we vary the chamfer score thresholds in the same way. In our implementation, we
use three thresholds: one for the torso, one for the legs (same for upper/lower legs) and one for the arms

(same for upper/lower arms).

For each value of the chamfer score thresholds and their corresponding body parts, we count the number
of correct detections, as well as the total number of detections. We consider a detection to be correct if
its centre deviates less than 10% of the body part diagonal length from the ground truth. We restrict
this error to only 10% because is it essential that the appearance models are learnt from correct body

part detections.

Results For each tested frame, we list in Table 6.2 the following: the known size, the singleton potential

®;(x;) threshold for a candidate to be considered valid, the total number of retrieved candidates (which
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TABLE 6.2: Search precision for candidate body parts using rectangular templates

18 11 11
19 9 9
7
5
5
3
1

100.00%
100.00%

o o0 00 o0 oo o ol

OOOOOOOOO&HLDK;

[=]

Threshold Total 1 Correct 1 Correct 1{%) Total 2 Correct2 Correct 2(%) Total 3 Correct 3 Correct 3(%)

(a) Search results for torso

0.15 1393 1.82%
0.16 1292 1.37%
0.17 1168 1.81%
0.18 1065 2.13%
0.19 970/ 2.38%

0.2 908/ 2.19%
0.21 B822] 2.71%
0.22 757 2.09%
0.23 686 2.27%
0.24 621 2.57%
0.25 569 2.94%
0.26 533 3.33%
0.27 495 19.91% 3.88%
0.28 454 20.79% 4.81%
0.29 417 21.17% 6.09%

0.3 361 21.55% 7.60%
0.31 319 21.73% 9.42%
0.32 286 22.52% 12.34%
0.33 251 24.06% 17.11%
0.34 209 25.15% 22.93%
0.35 176 27.18% 28.46%

Threshold Total 1 Correct1 Correct 1(%) Total 2 Correct 2 Correct 2(%) Total 3 Correct 3 Correct 3(%)

(b) Search results for legs

0.15[ 2076 0.52%
016 2085 10 0.27%
017 2047 8 0.45%
018 2050 3 0.40%
019 2040 8 0.42%

02 2012 13 0.46%
021 2032 3 0.51%
022 2016 10 0.49%
023 1985 8 0.45%
024 1954 10 0.51%
025 1503 s 0.64%
026 1883 5 0.72%
027 2880 9 0.82%
028 2048 s 0.54%
029 1600 3 1.07%

03 1118 3 1.26%
031 466 8 1.84%
032 362 7 18 2.70%
033 288 7 18 4.02%
031 237 18 5.73%
035 109 18 9.28%

Threshold Total 1 Correct 1 Correct 1(%) Total 2 Correct 2 Correct 2(%) Total 3 Correct 3 Correct 3(%)

(¢) Search results for arms
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scored better than the threshold), the number of correctly retrieved candidates (as explained before) and

the search precision.

Torso Table 6.2 shows that 100% detection precision for the torso is possible. However, this does occur

at different chamfer score thresholds, for the three different frames.

Legs and arms For the legs and arms we look at the maximum number of correct candidates (high-

lighted in green). We see that the green stripes do not coincide for the three distinct frames.

Full body pose For the final detection, we wish to include as many correct torsos as possible and the
maximum number of correct legs and arms. As the message passing from the tree inference algorithm is
quadratic in the number of candidates, we also wish to have a low total number of candidates. From the
three tables in Table 6.2, we select those values that meet the above conditions. The values are bordered
and highlighted (for the torso) in the table. Figure 6.3 shows that these parameters lead to good lateral

walking pose detections.

(d) Video 1 (e) Video 2 (f) Video 3

FiGURE 6.3: Lateral walking poses obtained with experimentally determined chamfer score tresholds.

Conclusion

We showed that, unlike [Ramanan et al., 2007]’s results, one set of values for the three chamfer score
thresholds does not suit all input videos. We also provided some guidelines for choosing these values -
leaving from a trial and error set of parameters, it is possible to refine then by choosing those chamfer
score thresholds that results in 100% precision for the torso and in the highest precision corresponding
to the maximum possible number of correct candidates. Finding a unique set of thresholds could be
possible for videos which share a set of common features, but could come at a cost on computation time,

if the total number of candidates includes a high ratio of incorrect to correct candidates.

6.2 Contributions

6.2.1 Two frame pictorial structure

Motion model implementation

In Section 5.2.2 we described in detail two algorithms in which we introduced the previous body part
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detection (Algorithm 1) or the previously sampled body part candidates (Algorithm 2) as nodes in the
graphical model.

Calculating the motion model prior for the head and the torso is straightforward. But, because we are
implementing [Ramanan et al., 2007]’s single arm, single leg pictorial structure, we have to deal with
left /right ambiguity in the arms and legs. In other words, for a current leg or arm candidate, we cannot
know for sure which is the corresponding detection from the previous frame. So, for the arms and legs,

our implementation of the motion model for Algorithm 1 follows these rules:

1. If no previously detected arms or legs, ¥ yrey i (Tipres i) = 1.

2. If one arm or one leg was detected, consider that part as z,,., ; and calculate W; prep 4 (mim,«e@_i)
according to the chosen motion model.

3. If two arms or two legs were detected, calculate Vs prev 4 (xi’previi) for both Tprev i and choose

the highest value.

Step 1 ensures that the current detection is not compromised if the previous detection failed, and makes
the method equivalent to the single frame pictorial structure algorithm described in Section 5.2.1. Step
3 tries to solve the left/right ambiguity by choosing as previous node the detection or candidate that is

closest to the current candidate.

Step 2 covers the case where one arm or one leg is occluded. However, if in the current frame the second
limb becomes visible, it might not validate the motion model, as it is calculated in relationship with the
other limb that was visible in the previous frame. When using the bounded velocity motion model, we
deal with this shortcoming by not setting the motion model prior to zero in equation (3.2.5), which would
discard the candidates entirely. Instead, we set the motion model prior at a small number, such that
the posterior is different from zero and the candidates could still be sampled in the sampling from the
posterior phase. For the Gaussian noise motion model this is not necessary as we do not obtain absolute

zero values for the prior.

For Algorithm 2, where the difference is that instead of the previous body part detection (obtained
through the modes finding procedure over the distribution obtained from the 1000 samples), we marginal-
ize over all previously sampled candidates. This means we calculate P(P}|P_;) = U prev_i (:1:,;7,,7,60_1-)

for all corresponding previously sampled candidates, and obtain the motion model prior by averaging
with the formula 37, [P(P}|Pl_y)P(I;_1|P{_,C")].

Hypothesis For both algorithms shown in Section 5.2.2 and reffered to as Method 1 and Method 2
below, we expect that both the tracking quality and smoothness would improve, compared to the single

frame pictorial structure algorithm.

Experiment setup
We run our two algorithms and the single frame pictorial structure algorithm on different videos and
determine by trial and error the input parameters that give satisfactory results. The common input

parameters that we need to adjust for all methods are:

e appearance thresholds per body part (see Section 5.1),

e second mode thresholds for arms and legs (see Section 5.3).
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To this set of parameters we add v;,,4, for the bounded velocity motion model. Due to the already large

dimension of the parameter set, we use the same v,,,, for all body parts.

We use the bounded velocity motion model for Methods 1 and 2. For each comparison of two methods,

we show results obtained with the same set of input parameters.

We choose to evaluate our results by comparing sequences of images that contain the pose detections.
We compare Method 1 and Method 2 to the single frame pictorial structure algorithm, in turns. We
consider this form of evaluation suitable to our purpose, because it allows us to identify the situations
in which our method exceeds or fails, and it also gives the reader the chance to observe the differences
between the detections obtained with the distinct methods. We choose relevant sequences which show

both the advantages and disadvantages of each method.

For each sequence obtained with the motion model prior using Method 1, we manually labelled the initial
frame. For each sequence obtained with the motion model prior using Method 2, the candidates from the
initial frame were obtained using the single frame pictorial structure algorithm. The initialised frames

are not shown in our result figures.

Method 1: adding the previous body part detection as a parent node to the current body

part node

Results

Video 1 We first show our results on a clear and simple setting: the background is not cluttered, the
body parts are distinctly coloured and the person occupies a large space in the image (torso area to frame

area ratio is 1:80).

(b) Tracking sequence obtained with a motion model.

FIGURE 6.4

Figure 6.4 shows a challenging sequence: the movement is fast, blurred and the head is partially occluded
by the arms. We found that, with the same set of input parameters for both methods, the motion model
helps to maintain the torso and head track (in the middle two frames), unlike the single frame pictorial

structure algorithm.
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(b) Tracking sequence obtained with a motion model.

FIGURE 6.5

Figure 6.5 shows that both tracks are equally precise, due to the fact that the person is clearly visible
such that the appearance model performs well. While the single pictorial structure algorithm finds both
arms in the middle two frames, the motion model fails to do so, due to the shortcoming of Step 2 in the
motion model implementation. In other words, the right arm in the sequence shown in Figure 6.5(b) is
not detected because the motion model prior is calculated with respect to the left arm instead, which

was previously detected.

Video 2 Second, we show our results on a more challenging setting: the person is smaller compared
to the frame size (torso area to frame area ratio is 1:107) and the upper arms are coloured similarly as

the torso.

The motion model helps to prevent wrong arm detection which occurs due to appearance model similarity
with the rest of the body (upper arm with torso and lower arm with the leg), as can be seen in the first

and last frames in Figure 6.6.

(b) Tracking sequence obtained with a motion model.

FIGURE 6.6
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First and last frame in sequence 6.6(a) Appearance thresholds

threshior = exp(—2.5)
thresh,, = exp(—1.5)
thresh;, = exp(—1.0)
threshy = exp(—2.0)
threshy = exp(—2.0)
threshy, = exp(—1.2)

threshio, = exp(—2.5)
thresh,, = exp(—1.0)
thresh;, = exp(—0.5)
threshy = exp(—2.0)
threshy = exp(—2.0)
threshy, = exp(—1.2)

TABLE 6.2: Example of parameter adjustment to obtain correct detections with the single frame
pictorial structure algorithm.

We also show the middle three frames with correct body pose detections, in Figure 6.6(a), to illustrate
the following often encountered situation: even within a short sequence of consecutive frames (five frames
in this case), a single set of input parameters does not always produce the correct body pose detection,

which makes the robustness of the method with respect to input parameters again debatable.

We illustrate the method’s sensitivity to input parameters in Table 6.2. The first row contains the first
and last frame in Figure 6.6(a), together with the appearance thresholds used to obtain this sequence.
The second row shows an example of how these parameters can be adjusted in order to obtain the correct
detections. The motion model prior automatically removes the necessity for these manual adjustments

(as illustrated in Figure 6.6(b) obtained with a single set of appearance thresholds).

We also found in our experiments that the motion model might propagate wrong detections, if they
strongly resemble the learnt appearance model. For both this situation and the one seen in Figure
6.6(a), the solution would be to enforce stronger appearance similarity thresholds (as exemplified in the
second row of Table 6.2).

Figure 6.7 shows a situation similar to Figure 6.4: fast motion with a partly occluded head. As above,

the motion model successfully manages to maintain the head track (in the middle frames).

Video 3 Figure 6.8 shows our results on a short sequence from a third video. In Figure 6.8(a) we
notice that the left upper legs tends to drift from the correct position, also influencing the position of
the left lower leg (due to kinematic constraints). This occurs due to differences in the colour appearance
between the current frames and the frame from which the appearance model was learnt (the frame where
the lateral walking pose was detected). The motion model prior compensates for this inaccuracy and

maintains the upper leg track consistent from one frame to the other, as shown in Figure 6.8(b).

Conclusion
Our results confirmed the hypothesis in very specific situations, enumerated below. We consider that
indeed the appearance model can perform well in clear scenarios, where the person moves at a steady

pace and the body parts are clearly defined, both in shape and in colour.
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(b) Tracking sequence obtained with a motion model.

FIGURE 6.7

(b) Tracking sequence obtained with a motion model.

FIGURE 6.8

Additionally, we showed that the motion model can improve tracking in more challenging situations, like

the following:

partially occluded head;

fast, blurred motion;

limbs detected on other parts of the body due to the similarity in colour appearance (for example,

arms on torso);

drifting body parts due to differences between learnt colour appearance model from the stylized

pictorial structure frame and the colour appearance in the current frame.

The main weakness of the motion model, as currently implemented, is that it needs to be readjusted,
depending on the movement. For example, for (moderate pace) equilibrium exercises performed at the
balance beam, lower values for the bounded velocity parameter v,, ., resulted in more accurate detections,

while for the swift movements (like the jumps shown in some of the sequences above), larger values for
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Umaz Were required. As such, the bounded velocity motion model requires precise tuning for the v,

parameter value.

Method 2: adding the previously sampled body part candidates as a parent node to the
current body part node

We use the same video sequences as before, to demonstrate our results of Method 2 compared to the
single frame pictorial structure algorithm. Second to this, we also make comments, where relevant, about
the results obtained with Method 2 compared to Method 1, with no intention to extensively compare

these two methods.

Results

Video 1 Figure 6.9 shows the challenging scenario for Video 1 that we described before (see Video 1
in the results for Method 1). Just as Method 1, our current method manages to maintain the head track

stable (and with it, the rest of the body), unlike the single frame pictorial structure algorithm.

(b) Tracking sequence obtained with a motion model.

FIGURE 6.9

(b) Tracking sequence obtained with a motion model.

FIGURE 6.10
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The quality of the two tracks in Figure 6.10 is similar, with the observation that the motion model prior
maintains a more stable head track. Figure 6.10(b) shows that the algorithm is able to recover the right
arm in the second frame. This is due to the fact that, even though the system sampled a low number of
right arms which did not suffice to constitute a second mode (or a second limb detection) in the first frame,
[PPIPL )PPy, €]
for the next frame with a high probability, which led to the right arm detection in the second frame. We

the right arm samples did weight in the arm motion model prior (Zx
i

consider this an advantage of Method 2 over Method 1 (comparing the track in Figure 6.10(b) with the
one in Figure 6.5(b)).

(b) Tracking sequence obtained with a motion model.

FI1GuURE 6.11

Video 2 For the second video (of a gymnast wearing a uniformly coloured suit, with elbow-length
sleeves of the same colour as the torso), Figure 6.11(b) shows a similar result to Figure 6.6(b): the motion
model maintains only the correct arm detection, while the single frame pictorial structure algorithm
(Figure 6.11(a)) finds a wrong upper arm on the torso and a wrong lower arm on the leg in the first and
last frames. This occurs due to the colour appearance similarity between the upper arm and the torso
(clothing colour) and the lower arm and the leg (skin colour). The motion model prevents the wrong

arm detection, as there is no corresponding arm in a similar position in the previous frame.

The second sequence from Video 2 (in Figure 6.12) also shows that, unlike the single frame pictorial
structure, Method 2 is able to maintain a stable head track, in a sequence where the head is partially
occluded. The incorrect positioning of the head also leads to a displacement of the torso (due to kinematic

constraints), which makes the track from one frame to another even more inconsistent.

Video 3 Unlike in the previous two examples, the results obtained in the third video (Figure 6.13)
show that Method 2 adds no value, compared to the single frame pictorial structure algorithm. The legs

drift in an equal manner, towards the areas that comply with the learnt appearance model.

Conclusion

Most of our conclusions for Method 1 also stand for Method 2. The results confirmed our hypothesis for
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(b) Tracking sequence obtained with a motion model.

FI1GURE 6.12

(b) Tracking sequence obtained with a motion model.

FIGURE 6.13

Method 2 in very specific situations, but in less examples than for Method 1. We consider that Method
2 can improve the detection results, as compared to the single frame pictorial structure, in the following

cases:

e partially occluded head;
e fast, blurred motion;
e limbs detected on other parts of the body due to the similarity in colour appearance (for example,

arms on torso).

6.2.2 Motion models: bounded velocity and Gaussian noise

We analyse the tracking results obtained when implementing the motion model prior P(P}|P}_,) accord-
ing to either the bounded velocity motion model (see equation 3.2.5) or the Gaussian noise motion model

(see equation 3.2.8). The differences between these two motion models are:
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1. The bounded velocity motion model discards candidates that are positioned outside the imposed
distance with respect to the detection from the previous frame and assigns the same probability for
the candidates positioned within the distance limit. The Gaussian noise motion model expresses
a preference for those candidates which are positioned closer to the detection from the previous
frame. Closer candidates will be assigned a higher probability, while farther candidates will be
assigned a lower probability.

2. The bounded velocity motion model considers the distance between the centre coordinates of the
previous detection and the current candidate. Aside from the centre coordinates, the Gaussian noise

motion model also includes the von Mises distribution that takes into account the angle variation.

Note: In our implementation of the bounded velocity motion model we do not fully discard the candidates
that lie outside the distance limit. Instead of assigning P(P}|P}_,) = 0, we assign a very small number,
std :: numeric_ limits<double>::epsilon(), for the motion model prior. This is motivated by the fact that
the value for v;,4, needs to be determined experimentally because there is no a priori knowledge about the
motion in the video. We determine this value by trial and error. This might lead to one of the following
situations: either the v,,4, value is inadequate (too low) for the entire video sequence, which might lead
to all candidates being discarded with respect to the previous detection, or the v,,,, value is appropriate
for a part of the sequence but not for other parts, where the motion could suddenly accelerate. Assigning
a very small motion model prior for candidates outside the v, 4, limit solves both these cases at the same
time, as follows: for the first case, the two frame pictorial structure algorithm becomes equivalent to the
single frame pictorial structure algorithm, while for the second case, the two frame algorithm applies for
those video parts where the bounded velocity distinguishes plausible from implausible candidates, and
becomes equivalent to the single frame pictorial structure algorithm for those video parts where it would

normally discard all candidates.

Hypothesis We expect the Gaussian noise motion model to successfully remove those candidates which
have a sudden shift in orientation with respect to the previous frame detection, but whose centre position

is close to the previous detection, as imposed by vy,qz-

Experiment setup

For this comparison, we use the baseball pitch sequence that [Ramanan et al., 2007] have also reported
detailed results on. As stated in our hypothesis, we try to address the case where candidates with im-
plausible orientation, but plausible centre coordinates, negatively influence the final body part detection,
resulting in sudden orientation shifts. We explain later in this section why this situation occurs in the

baseball sequence and not in the gymnasts videos that we used to exemplify our results before.

We use Algorithm 1 of the two frame pictorial structure algorithm. We set the bounded velocity motion
model at v,,4, = 8, because it results in good detections for the sequences of frames where there are no
premises (discussed below) for sudden shifts in orientation. For the sequences where this occurs (relevant
for our experiment and illustrated in the comparative figures), we find this parameter value suitable for
comparison between the two motion models. For the Gaussian noise motion model, we varied o, and
oy between 7 and 14 simultaneously and we chose between 1 and 4 as values for k. For these values we
have obtained similar results relative to the problem that we are studying (sudden shifts in orientation).

For each sequence that we show in the Results section, we mention the correspondent parameter values
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(b) Tracking sequence obtained with the Gaussian noise motion model, (04,04, k) = (8,8,4).

FI1GURE 6.14

in the figure description. All other parameters (body part sizes, appearance thresholds, second mode

thresholds) are the same for both cases.

Results

The second frame in Figure 6.14(a) shows that the bounded velocity motion model allows for the torso

detection to rotate to the left, although in the first frame the torso detection is approximately vertical.

Finding candidate torsos in that configuration is possible due to clothes defor-
mation (the stretched arms elongate the blouse) and the appearance similarity
of the upper arms and the torso, which makes the torso-like coloured image
patch (the white mask in Figure 6.15(a)) fairly wide relative to the length, thus

allowing for torso candidates to rotate in place.

The pictorial structure match in this case is also facilitated by the fact that
the head and the lower sleeve have a similar appearance (both coloured in red).
Figure 6.15(b)) shows the mask that covers the pixels which have the colour

appearance of the head in the second frame from Figure 6.14.

Throughout the sequence shown in Figure 6.14(a), the bounded velocity motion
model propagates the wrong detection of the head on the lower arm connected
to the rotated torso detection. Figure 6.14(b) shows that the Gaussian noise
motion model correctly maintains the orientation of the torso and successfully

tracks the head and the torso throughout the same sequence.

Throughout the sequence shown in Figure 6.14(a), the bounded velocity motion

A

(a) Torso mask.

(b) Head mask.

FiGure 6.15: Pixels

that match head and

torso appearance models

(second frame in Figure
6.14).

model propagates the wrong detection of the head on the lower arm connected to the rotated torso

detection. Figure 6.14(b) shows that the Gaussian noise motion model correctly maintains the orientation

of the torso and successfully tracks the head and the torso throughout the same sequence.

Figure 6.16 is a continuation of the sequence shown in Figure 6.14 (ten frames later). It shows that both

motion models perform the same in terms of consistently propagating the detections from the previous

frames. However, due to the faulty detection in the initial frame in Figure 6.16(a), the system tracks

the lower arm instead of the head. It is able to recover the torso configuration in the fifth frame, but
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(c) Tracking sequence obtained with the Gaussian noise motion model, (o4, 0y, k) = (8,8,1).

FI1GURE 6.16

continues to track the arm instead of the head. The head detection is positioned between the lower arm

and the actual head in the last three frames.

Figures 6.16(b) and 6.16(c) show that, with the Gaussian noise motion model and a correct initial
frame, the detection is more stable. The head is correctly tracked and the orientation of the torso
changes smoothly according to the actual motion. Figure 6.16(c) shows an overall better detection for
the legs, due to the more permissive value for parameter k. Both sequences were initialised with the
same detection, where both the legs were present, but only the sequence in Figure 6.16(c) perpetuates
both leg tracks. This indicates that while one set of parameter values (like the one for Figure 6.16(b))
gives good results for some body parts (the head and the torso, in this case), a different set of parameter

values could improve results for other body parts (in this case, the legs).

(b) Tracking sequence obtained with the Gaussian noise motion model, (o4, 0y, k) = (8,8,1).

FI1GURE 6.17

Figure 6.17 shows a challenging sequence that destabilises both tracks. In this case, the white torso is
occluded by a black baseball glove. The detection in the sequence obtained with the Gaussian noise

motion model is confused for the first six frames, but it manages to recover in the last frame (in Figure
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6.17(b)). The bounded velocity motion model is more stable (although mostly incorrect) - it maintains

the (partly incorrect) torso track and the (correct) leg track (in Figure 6.17(a)).

(a) Tracking sequence obtained with the bounded velocity motion model, Ve = 8.

(b) Tracking sequence obtained with the Gaussian noise motion model, (4,0, k) = (8,8, 1).

FIGURE 6.18

Figure 6.18 is the immediate continuation of the sequence in Figure 6.17. It shows that, due to the
recovery from the last frame in Figure 6.17(b), the tracking algorithm using the Gaussian noise motion

model successfully propagates the torso and the head (in Figure 6.18(b)).

Figures 6.17 and 6.18 show that the Gaussian noise motion model can recover more reliably from a
challenging situation where the torso is occluded by the glove. We focused our observations on the torso
and the head detections because we believe that inaccuracies in these body parts’ detections lead to the

most disturbing effects on a viewer’s perception of the detected body pose.

Conclusion

The results confirm our hypothesis for the given set of parameters and the selected sequences. We
showed an example video of situations where shifts in orientation of the candidates can occur due to the
deformation of the clothes and the similarity in appearance of the connected body parts (upper arms and
the torso). For this case, the Gaussian noise motion model succeeds in reliably maintaining the correct

detection.

We identified the clothes deformation as the issue that can be addressed using the Gaussian noise motion
model. We could not find dramatic shifts in torso candidates orientation in the gymnasts videos, where
the torso’s shape is constant because the suit is tightfitting. For this reason, we do not consider that the
Gaussian noise motion model would add value to videos where people wear tightfitting clothes and where
the provided body part sizes apply throughout the sequence. For this case we recommend the bounded

velocity motion model.
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We tackled the problem of estimating the pose of an individual in video, by tracking the major body
parts in every frame. We used pictorial structures to represent the human body as a puppet of rectangles.
We coped with the frequent challenges which occured in our test input videos of gymnasts performing
at the balance beam, such as fast motion, resembling body parts and illumination changes, by extending
[Ramanan et al., 2007]’s single frame pictorial structure graphical model. We added nodes containing

temporal information from the previous frame, through connections in the form of motion models.

We implemented two algorithms which calculated the motion model prior in two ways: by considering
that the previous node is represented by the previous body part detection (mode) and by considering that
the previous node is represented by all previously sampled body part candidates. Both methods showed
advantages compared to the single frame pictorial structure algorithm, in terms of accurate detection of

the body parts, especially that of the arms and the head.

We also found that incorporating the body part orientation, aside from the centre position, in the
motion model can help cope with situations where body part candidates are incorrectly localised due
to the mismatch between the part templates and the image patch belonging to the actual part being
deformed by the clothes stretch.

We analysed the original method in terms of robustness and performance with respect to the type of
input videos and we found that the original method is highly dependent on the set of input parameters,
which do not translate across different videos. We also showed situations where one set of parameters
can lead to different results within the same video and found that the motion model can eliminate the

necessity to manually adjust these parameters when processing a single video.

Motion model prior We proposed two methods to include the previous pose detection in the graphical
model of the pictorial structure. These methods are simplifications and particularisations of the complete
temporal model that we partly showed in Figure 3.2. In the first method we considered that the current
pose detection depends solely on the pose detection from the previous frame. In the second method
we considered that the current pose depends on all previously sampled (single arm, single leg) body
configurations. We found that both methods can improve the single frame pictorial structure algorithm
in specific situations such as fast motion or similarly coloured body parts. We put forward the first
method as being an elegant solution to integrate the temporal dimension into the tracking system, as it

is both efficient in terms of computation time and it also provides reliable results.

60
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We also compared two variants to calculate the motion model prior: the bounded velocity motion model,
that [Ramanan et al., 2007] suggested as the simplest solution, and the Gaussian noise motion model
which has been used in other research papers. We only identified one situation (refer to Section 6.2.2)
where the bounded velocity motion model did not perform as well as the Gaussian noise motion model.

Thus we conclude that the bounded velocity motion model remains a reliable solution.

Input parameters The original method requires a number of input parameters that must be hand-

picked by the user, as follows:

e 15 parameters for the model building module: 6 body part widths and lengths and 3 chamfer score
thresholds (for the torso, legs and arms),
e 18 parameters for the detection module: 6 body part widths and lengths, 6 appearance similarity

thresholds (for each body part) and 2 second mode thresholds (one for the arms, one for the legs),
to which we added:

e 1 parameter for the bounded velocity motion model (same for all body parts),
o 3 parameters for the Gaussian noise motion model (covariances o, and o, and parameter k for the

von Mises distribution, same for all body parts).

We observed that the performance of the system can change dramatically with the adjustment of these
parameters. The model building module finds a fixed scale stylised pose, thus it requires exact sizes for
the body parts. We obtained these by visually inspecting the video and measuring the body parts in one

of the frames containing a lateral walking pose.

The detection module performance highly depends on the appearance similarity thresholds. We showed
that one set of such thresholds does not translate across different videos. We also found in our experiments
that one set of thresholds per video does not give optimum results either. The thresholds need fine tuning
in order to obtain the best results at frame level (we intervened manually when we noticed that the pose
detection became inaccurate). We made an attempt to eliminate this shortcoming by making the system
more precise by implementing a motion model. We showed that, in specific situations, the motion
model prior can compensate for inaccuracies in the image likelihood (matching an image patch to the

body part appearance model).

The entire system, however, remains highly dependent on the input parameters. In order not to increase
the complexity of the parameter adjusting process even more, we opted to provide the same motion
model parameter values for all body parts. We obtained satisfactory results, but there is still room for

improvement that we suggest in Future work.

Appearance and deformable models We explained the complementarity between the appearance
model and the kinematic constraints. When using generic appearance models (via general features
like edges), it is crucial that the deformable model is precisely defined (such as for the stylised pose).
When detecting general poses, which require a relaxed set of kinematic constraints, it is crucial that the
appearance model is precisely defined (using features such as shape and colour, in the detection module).

We consider that the image likelihood calculated with the colour appearance model gives the strongest
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indication about the person’s position and configuration and that further refinements of the kinematic

model are not necessary.

Stylised pose We found that rectangular templates are a simple and powerful tool to detect body
parts and we successfully detected lateral walking poses in our videos. However, from our experiments,
we found that the current implementation imposes very strict limitations on the input video. In other
words, a pose that a human would perceive as a lateral walking pose might not always be detected by the
computer, as the implementation requires the following: the torso must be perfectly vertical, the head
must be exactly above the torso, the elbow must display an imposed angle and the overlap between legs
must be at a minimum. Also, one main assumption of learning appearance models from a lateral pose
is that the person’s clothes are symmetrical in colour. For this reason we were not able to use videos of

gymnasts whose sport costumes were unevenly coloured.

Prior knowledge and system limitations We found that a great deal of research was dedicated
to tracking pedestrians or upright people. Other papers focused on laboratory controlled settings or
sacrificed accuracy for a large applicability in terms of video input. We also conclude that to achieve the
(body part level) detailed results and wide applicability (with respect to the video input) from [Ramanan
et al., 2007]’s method, the system requires extensive knowledge about the video. This knowledge can
be gained through observation (person scale as defined by body part sizes), or through experimentation
(chamfer score thresholds, appearance similarity thresholds, second mode threshold). Our solution of
implementing a motion model can be seen as a compromise, because we attempt to minimize the manual
intervention on the previously listed parameters, but we also introduce a supplementary set of parameters

for the motion model.

Future work We list here a series of possible improvements and open issues for future work.

1. Ilumination invariance
We found that the results notably suffer from illumination changes. Therefore, we believe that find-
ing other illumination invariant features to model the appearance of the person would significantly
improve the detection results.

2. Chamfer matching
We found that upper and lower arm detection is difficult in the model building module because of
their reduced size. At the moment, chamfer matching is used to find body part candidates, using
edges as features. Scientists proposed improvements to the classic chamfer matching algorithm,
such as [Borgefors, 1988], which could be a starting point to research further on this detection
procedure.

3. Motion model parameters
With the scope to keep the amount of parameters low, we resumed to only one set of motion
model parameters for all body parts. Without increasing the number of parameters, it would be
interesting to determine if there exist some general dependencies between motions of different body
parts (regardless of the activity performed by the person in the video), such that only one set of
parameters would need to be provided by the user (for the torso, for example) and the rest would

be expressed as functions of this set.
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4. Implementation limitations
The following two features have been solved in previous research and could be included in our
implementation, to expand the system’s functionality: tracking more than one person at the same
time and tracking people at various scales.

5. Ground truth comparison
All our experiments could offer more conclusive results if they were compared with ground truth.
This would require a measure of similarity between body part detections (rectangles) and a dataset
where the same body configuration (torso, head, upper legs, lower legs, upper arms, lower arms)
would be labelled per body part.

6. Temporal smoothing
[Ramanan et al., 2007] implemented temporal smoothing by inputting the body configuration sam-
ples from the previous frame, the current frame and the next frame into the modes finding proce-
dure to obtain the current pose. It would be interesting to compare our results using the two frame
pictorial structure algorithms to the results obtained with the aid of temporal smoothing.

7. Torso template
Aside from the set of input parameters that we discussed, the model building module requires a
torso template which consists of the torso and head edges labelled with the orientation. We obtain
these by looking at a frame containing a lateral walking pose and by running the edge detection
on it, then by selecting that area that corresponds to the torso and the head. We speculate that
it is possible to find the torso using a rectangular template (as for the other body parts). Using a
rectangular template instead of the toilsome torso template would be a step further to make the

system fully automatic.
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