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Abstract

Due to current advances made in Virtual Reality solutions, we can now simulate
real world professional soccer matches in such a way that anyone can relive a match as if
they were on the pitch. Such simulation can be built through the use of motion capture
clips and positional tracking data captured during a match to replicate the player’s
motions on the virtual field. However, the automation of motion capture usage is limited
due to the lack of pose information.

We propose a framework, Beyond Mocap, which takes these two data sources
and, together with an annotation system, automatically generates the desired motion.
Beyond Mocap works by taking user provided descriptions of the moves performed by
the soccer player and matching them with an annotated motion dataset. To ensure the
virtual character follows the same path and with minimal foot-skating, we present a novel
approach of travelled distance matching by taking advantage of the fact that locomotion
is cyclical and, as such, it can be made longer or shorter by adding or removing
locomotion cycles. A simple method of motion dataset duplication by mirroring is also
provided, enabling a wider range of available motion capture.

Beyond Mocap outputs motions that are more realistic-looking, have a higher
degree of naturalness and are smoother than the motions produced by the current
solution, while at the same time following the path defined by the positional tracking data

and with minimal foot-skate.
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1. Introduction

Beyond Sports is a virtual reality (VR) soccer simulation, developed by Triple, that uses match data® to simulate real world
professional soccer matches. Using a VR headset such as the Oculus Rift, coaches, players and even fans can relive a match

through their own eyes, or through the eyes of any player on the field.

Figure 1: Screenshot taken from Beyond Sports.

This real match data, however, does not provide any information about the pose of each player throughout the match. Due to
this limitation, the virtual soccer players in Beyond Sports only have basic movement, such as walking and running.

The current solution in Beyond Sports suffers from the issues described below:

e The animations of the virtual soccer players are not realistic-looking due to the absence of non-locomotion
animations such as kicks or headers. And when these are present, there is heavy foot-skating and glaring continuity
breaks in transitions between locomotion and non-locomotion animations.

e The solution currently used to insert non-locomotion animations is prohibitively time-consuming due to the amount

of manual work required.

As a starting point, the team behind Beyond Sports had previously captured dozens of motion clips to be used for the
improvement of the animation system. The goal is then to improve the realism of the simulation by developing an automated

approach that uses motion capture (mocap) together with real match data to synthesize motions for soccer players. It should

! positional tracking data captured during a soccer match. It consists of the locations of all players and the ball, sampled at 10Hz.
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require minimal input from the user, be faster than current solutions, and match as closely as possible to the moments from

the soccer match it is replicating, as well as field positions and moves performed by the players.

The focus is on offline data-driven motion synthesis approaches since the positional tracking data is completely provided in
advance. By taking an offline approach we can simplify the solution and remove the need for real-time computation; and by
using mocap data (data-driven approach) we can have a short waiting time from the moment the match data has been loaded
to visualizing the match. Another advantage of using an offline global search method has to do with the ability to account for
global planning during synthesis, which is necessary for several soccer specific motions such as a free kick. In this example,
the player might have a long setup phase by first taking a few steps back to gather momentum before the kick. Finally, a data-
driven approach was chosen over a more realistic physics-based approach because it would have been too computationally
intensive [Geijtenbeek and Pronost 2012] for the desired low turnaround times.

This project was conducted as part of an internship at Triple situated in Alkmaar, The Netherlands.

1.1. Research Questions

By taking into account the problems described previously, we pose the following questions:

Q1: To what extent can we synthesize an animation for a virtual soccer player through the use of motion capture and
positional tracking data which is more realistic-looking than the current solution?

Q2: To what extent can we automate the process so that it takes less time to obtain an animation for a virtual soccer player

than the current solution?

The main contributions to research in the field will therefore be on the automatic generation of realistic-looking animations,
in an offline manner, which match any constraints in time and space throughout the duration of a soccer match, with minimal

user input.
1.2. Report Structure

In the next chapter, related work in the field is presented and split into sub chapters for synthesis (Chapter 2.1) and editing
techniques (Chapter 2.2). This is followed by the presentation of the approach chosen for motion synthesis and an overview
of the steps involved in Chapter 3. Since several steps in Beyond Mocap are performed before and after the main synthesis
phase, the approach description is further divided into pre-processing (Chapter 3.1), synthesis (Chapter 3.2) and a final post-
processing phase (Chapter 3.3). Chapter 4 covers the implementation highlights and intermediate files’ specifications as well
as the external tools and scripts necessary for the functioning of the Beyond Mocap tool. A small pilot study was performed
to evaluate the synthesis approach and both its results and analysis are presented in Chapter 5. This report ends with a

conclusion in Chapter 6.



2. Related Work

In a virtual simulation with human movement, it is important the human characters move with smooth and realistic-looking
animations. Synthesizing such realist-looking animation becomes harder to do when applied to interactive situations such as
video games, since the character needs to react to the Al, player-input, surrounding environments and interaction with other

characters quickly and accurately.

In the following sub-chapters, we will cover the various methods through which human movement can be synthesized
(Chapter 2.1), giving more detail to data-driven approaches; and the modifications that can be performed on existing motions
in order to adapt it to pre-defined constraints (Chapter 2.2). A final sub-chapter introduces definitions that will be used
throughout this report (Chapter 2.3).

2.1. Motion Synthesis

There are various ways of obtaining a realistic looking motion segment: procedurally simulated, through the application of
mathematical formulas; in a physically-based simulation, with the application of the laws of physics; and data-driven, by

using clips of motion captured animation.

Procedural methods can include a large number of parameters to synthesize motion, but are typically supplanted by either
physically-based or data-driven techniques. These latter two approaches can synthesize motion with a realism the former is
not able to match. This is the case because of two main reasons: it is hard to make a synthesized motion comparable in detail
to mocap clips using only mathematical formulas; and to maintain physical naturalness, this has to be explicitly specified in
the model for all possible parameter instances [Van Welbergen et al. 2010]. A physics-based approach has the advantage of
possibly allowing the highest degree of realism but at a high computational cost. On the other hand, a data-driven approach

provides a realistic enough motion for most applications with a low requirement on computational power.

2.1.1. Data-Driven Approaches

Research in the area of motion synthesis with a data-driven approach, also known as example-based, is mainly focused on the
data structures which allow motion generation (Chapter 2.1.1.1) and how and when to perform transitions between each

motion clip (Chapter 2.1.1.2).

The main disadvantage with data-driven approaches is the high cost of generating enough motion variations that can cover
the whole range of motions a character can have, as synthesis is dependent on what has been previously captured. The

techniques used to address this issue, and introduce modifications to example motion clips, are discussed in Chapter 2.2.



Finally, as a mocap database grows with new example motion clips added to its library, it becomes increasingly impractical
to manually search the whole database for a specific clip. Motion retrieval techniques can mitigate this by complementing the
various data-driven motion synthesis approaches. These techniques help to automatically and accurately search and analyze
the mocap database and retrieve example motions which match the desired specification. Motion retrieval is outside of the
scope of this project, and thus can be considered for future optimization as the motion database is relatively small (under 100
motions) and can be manually annotated. The study performed in [Pejsa and Pandzic 2010, chap.4.1] provides more

information in the area of motion retrieval.

2.1.1.1. Data Structure

Currently, the most widely used graph structures are Motion Graphs, proposed in [Kovar, Gleicher, et al. 2002]. In this paper,
the authors automatically construct a flat directed graph structure consisting of original motion clips and their transitions,
with the final motion synthesized through local search. Other similar approaches using graphs appeared in the same year: in
[Arikan and Forsyth 2002] a motion database was also used to build a hierarchical motion graph and randomized search to
generate the desired motion; and in both [Lee et al. 2002; Li et al. 2002] modified versions of motion graphs are presented,

using statistical models and motion textures respectively.

Following the definition in [Kovar, Gleicher, et al. 2002], a motion graph is a directed graph comprised of edges and nodes.
An edge is a motion segment: either a portion of one of the example clips from the mocap database or a transition between
two such clips, usually where poses are similar. A node is a choice point for connection: each outgoing edge is potentially the

successor to any incoming edge. Synthesizing a motion requires us to perform a graph walk (placing edge after edge).

To build a motion graph, as described in [Pejsa and Pandzic 2010],
we first need to compare every motion clip, frame-by-frame, using a

frame distance metric (see Chapter 2.3.2). The output of which is a

2D grid of frame distances for each pair (Figure 2). The grid is then
searched for local minima: if a minimum is below a user-specified
threshold, then the corresponding frame pair is a transition point. On
each transition point, two edges are created: transitions of first
motion to second motion and vice versa. Finally, the graph is pruned

to ensure that it is well-connected, eliminating poorly connected

nodes (dead ends and sinks). The algorithm from [Tarjan 1972] can

be used to eliminate any node that is not part of the largest strongly ‘ a

connected components. Figure 2: 2D grid of frame distances for a pair of
motions. The green points are local minima and,

therefore, transition points [Kovar, Gleicher, et al. 2002].



Using a whole database of motion clips can result in an unnecessarily large graph with duplicate transitions. Manually
choosing which clips to include would be too work-intensive and could result in a graph that is too small or poorly connected.
[Zhao et al. 2009] propose a semi-automatic method for constructing a minimum-size graph with enough motions to
synthesize acceptable motion sequences. This can be improved with the technique presented in [Zhao and Safonova 2008]
which increases connectivity by including interpolated poses (blends of original motion clips) in the graph. Another approach
to improving connectivity was described in [Ren et al. 2010] where instead of using interpolation, optimization-based graphs
were built. These graphs allow for a higher number of complex and realistic-looking transitions when compared to a standard

motion graph.

More recently, a different representation of motion data, motion fields, has been presented in [Lee et al. 2010]. A motion field
is a “mapping which associates each possible configuration of a character with a set of motions describing how the character
is able to move from their current state”. This approach has the advantage of allowing quick responses to user input and is
thus indicated for online synthesis. However, since it requires a large mocap dataset for proper results, it is impractical when
dealing with a large space of motions. This issue can be addressed by combining motion graphs and motion fields [Xing et al.
2014]. Motion fields provide the agility to react to user input and the environment, and the structure provided by motion

graphs guarantee the fast connectivity and smooth transitions between motions.

2.1.1.2. Search Method

Since motion graphs are inherently unstructured, the resulting motion sequence will be dependent on the type of graph walk
that is performed. Two main methods exist: local search and global search. Local search methods generate the sequence
incrementally and are better suited for online synthesis but with the disadvantage of not generating globally optimal motion
sequences, with the possibility of failing to achieve the desired objective. This can be addressed by expanding the search
horizon with some sort of motion planning. Global search methods generate the whole sequence at once and are better suited

for offline synthesis.

Local Search Methods

In [Kovar, Gleicher, et al. 2002] the branch and bound algorithm is used for synthesis. The graph is explored up to a specific
horizon and generates multiple graph walks simultaneously. This allows for motion sequences where the character moves
along a desired path or reaches a desired target. By modelling motion as a first-order Markov process and assigning higher
probabilities to better-quality transitions, the authors of [Lee et al. 2002] are able to expand the motion graph with an
additional layer. [Li et al. 2002] propose another local search method where recurring patterns in example motions are
identified. These are then represented as linear dynamic systems which capture dynamic properties of the patterns, also called

textons. A motion sequence is synthesized by defining the start and end textons.



Global Search Methods

The leading approaches in global search methods are those by Arikan et. al. in [Arikan and Forsyth 2002] and [Arikan et al.
2003]. In the first paper, motion graphs are represented differently than those defined by [Kovar, Gleicher, et al. 2002]: nodes
represent example motions and edges are the transitions between those motions. Motion is synthesized by employing a
randomized search. In the second paper, search is done directly on previously annotated motion clips. Dynamic programming

is later applied to refine the initial coarse motion.

Improving Local Search Methods

Local search methods’ limitations in obtaining an optimal motion sequence can be addressed in several ways. Since motion
graphs are unstructured, a possible approach would be to make sure they are structured before the search is performed, as
described in [Gleicher et al. 2003]. Another approach would be to precompute the search results [Srinivasan et al. 2005].
Finally, with motion planning techniques it is possible to obtain optimal motion sequences that meet complex high-level
goals, through the use of either probabilistic roadmaps, precomputed search trees or reinforcement learning [Lee and Lee
2004; Lee et al. 2010]. Motion planning methods consider the entire movement space and generate motion sequences that are
close to being globally optimal, meaning they will potentially achieve the desired goal in the best, fastest way possible [Pejsa
and Pandzic 2010; Van Welbergen et al. 2010]. In an example taken from [Lo and Zwicker 2008] of a character having to
grab an object (Figure 3), a local search would not plan into the future and fail to select a motion that would have the
character meet the objective (leftmost figure). With motion planning, the objective of grabbing an object is met with a detour
(center figure) when only example motion clips are used. The optimal solution is obtained when using both motion planning

and synthesized motions (rightmost figure).

Figure 3: Comparison of motion synthesis methods. Left: local search; Center: motion planning with example motion

clips only. Right: motion planning with synthesized motion.

2.1.2. Other Approaches

Besides motion synthesis that is physically-based or obtained through procedural simulations, which are not covered here
(see [Van Welbergen et al. 2010] for an overview on the subject), there are also hybrid approaches. They combine the
advantages of both data-driven (naturalness) and physically-based techniques (physically correct motions and interaction

with the environment).
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An approach presented in [Shapiro et al. 2003] switches between both techniques. The character is animated through data-
driven techniques and, when there is an interaction with the environment, the physical virtual character simulation takes over.
A similar approach is used by NaturalMotion’s animation system and also used in [Mandel 2004], where the transition from

data-driven to physically-based is done whenever the character enters a falling motion.

Physically-based character simulation can also be minimal and used only as transition between a motion clip used before
physical impact and reaction motion clip, as presented in [Zordan et al. 2005] and [Zordan et al. 2007].

2.2. Motion Editing

We would need a large mocap database to account for all possible motions (such as kicking a soccer ball at different heights)
in order to have enough motion clips that could be applied to all real-world situations. Since this is not feasible, due to the
associated cost and how time-intensive it would be to capture the whole range of motions a soccer player can have, there
needs to be some sort of editing performed on motion clips. Two types of motion editing can be performed: either by creating
new motions by modifying a single motion clip, motion adaptation (Chapter 2.2.1); or by creating new motions by blending

between multiple motion clips, motion blending (Chapter 2.2.2).

To perform motion editing, animation parameters need to be provided. Parameterization is the process of selecting animation
parameter values (like blend weights, stiffness gains, Principal Component Values and so on) to be able to enforce certain
constraints. An example of such constraints is requiring the foot to be at a certain location at a desired time (also known as
eliminating foot-skate). Such parameters can also be more abstract, such as emotion or physical state of the virtual character
[Van Welbergen et al. 2010].

Techniques like the ones used in motion adaptation approaches do not need extra work for parameterization: the animation
parameters are directly used as control parameters. As an example, [Callennec and Boulic 2004] provide a PFIK+F

framework that handles multiple (geometric) constraints and resolves possible conflicts using prioritization.

However, this is not the case with motion blending techniques, creating the need for a mapping of control parameters to
animation parameters. A parameterized motion space is defined by a set of example motion clips with known parameter
values. During animation, blend weights are computed from parameter values associated with example motion clips. Since
these clips are irregularly distributed in the motion space, scattered data interpolation needs to be used [Pejsa and Pandzic
2010] (Chapter 2.2.2).
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2.2.1. Motion Adaptation (Enforcing Pose Constraints)

Originally, techniques from the field of signal processing were used for motion adaptation since a motion can be defined as a
function of time. The authors of [Bruderlin and Williams 1995; Witkin and Popovic 1995] use a technique called
displacement mapping, locally modifying the signal while preserving its continuity and global shape, but with constraints
satisfied only at specific key frames. These constraints can, however, be enforced on every frame where desired, followed by
a smoothing of the synthesized motion through a filter using B-splines [Lee and Shin 1999]. This type of motion adaptation is
designated as “Per Frame Inverse Kinematics + Filtering” (PFIK+F). In the same line, [Choi and Ko 2000] use an IK solver
to enforce constraints at each frame. An overview of constraint-based motion editing methods up to the year of 2001 can be
found in [Gleicher 2001]. Analytical and numerical IK solver algorithms for limbs are discussed and a combination of them

proposed in [Tolani et al. 2000].

Different constraints can be in conflict, however. If one of the constraints is not achievable, or some constraints are not
simultaneously achievable, a priority strategy will sort them and satisfy the most important constraints first. This is the
approach presented in [Callennec and Boulic 2004], where the original motion clip can be deformed using prioritized
constraints, allowing an arbitrary number of priority-layers and constraints to be used, and control for the position of the
center of mass is included so the adapted motion is physically plausible. In this framework, each frame is individually

deformed using a PFIK + F algorithm.

In [O’Brien et al. 2011], an approach using a vertex-based representation of the character’s skeleton, and mass distribution at
each frame, also maintain the appearance of physical plausibility. Constraints are, therefore, based on points (rather than rigid
bodies) to formulate a space-time optimization problem that solves for edited character motion. Multiple frames are coupled

together to enforce certain features of motion such as smooth acceleration and dynamical correctness.

As with motion synthesis, there are also physically-based approaches to motion adaptation, which are especially desirable for
highly dynamic motions. The technique described in [Sok et al. 2010] uses trajectory optimization based on normalized
dynamics to allow the user to control the momentum and force, while at the same time maintaining the landing position and

physical plausibility of the original motion clip.

2.2.2. Motion Blending (Transitions and Interpolation)

Motion blending allows the creation of new motions by performing a weighted combination of two or more similar base
motion clips. The resulting motion is called a blend. Blends can be distinguished by the number of motion clips being
blended. An interpolation is a blend of two or more motions, but when the blend is performed between only two clips, we get

a special interpolation case, also called transition.
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2.2.2.1. Transitions

When blending, the example motions should be aligned in time and space. In transitions where blend weight change
monotonically from 1 to O, these blending constraints, usually on end-effectors, are easily dealt with by enforcing the
constraint on the motion with greater blend weight and ignoring it on the other motion, as presented in [Kovar, Gleicher, et
al. 2002] and [Ashraf and Wong 2001]. Inverse kinematics can also be used to calculate proper positions for the end-effectors
[Kovar, Schreiner, et al. 2002]. However, in parametric motions they can change in an unpredictable manner. As an example,
in a walking motion one of the feet must always be planted on the ground, but that is not the case with running motions, and
such conflict can arise when blending between running and walking. High-level parameters such as speed can also be mapped
to blend weights to control the blending of the base motions [Pejsa and Pandzic 2010]. The most complete method is
presented by [Kovar and Gleicher 2003] where registration curves are used to automatically determine the time, space and

constraint correspondences between a family of example motions.

To transition between discrete motions, pairs of similar frames must be identified in the example motion clips, followed by
the creation of transitions centered around these frames. However, parametric transitions are more complicated since the

number of possible transition points is infinite, thus requiring a different transition technique [Pejsa and Pandzic 2010].

Transitions between discrete motions

Transitions of length L are performed by blending between motions starting (L — 1)/2 frames before and ending (L — 1)/2
frames after the transition point. The second motion is first rotated in the 2D plane to align it with the first motion. Root
positions P are blended using linear interpolation (lerp) and joints’ orientations q using spherical linear interpolation (slerp)

[Pejsa and Pandzic 2010]. For every transition frame p:
Proot,p = a(p)Proot,Hp +(1- a(p))Proot,j—L+1+p 1)

qp = slerp(qisp Qj-r+14p @) )

Where i and j are start and end frame indexes, p is relative frame index in the transition window (0 < p < L) and a(p)

specifies the blend weights:

am =2(B2) <3 (2 4 ®

This simple transition scheme is suitable for short transition intervals ([Kovar, Gleicher, et al. 2002] use L ~ 0.33s). Longer
or variable transition lengths are proposed in different studies: [Rose et al. 1996] and [Zordan et al. 2005] take character
dynamics into account when generating transitions; [Wang and Bodenheimer 2008] use new methods to calculate optimal
blend weights and durations and [Kovar and Gleicher 2003] describe registration curves for correct blending of N motions

and generation of high-quality transitions.
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In several other approaches [Arikan and Forsyth 2002], [Gleicher et al. 2003], [Ikemoto et al. 2007], [Callennec and Boulic
2004], [Oshita 2008], [Ménardais et al. 2004] and [Lee et al. 2002], where the transition period L is 1s <L <2,

displacement mapping is used. This technique can be used to preserve fine details even over long transition periods.

Transitions between parametric motions

Three schemes have been proposed for parametric transitions: stitching motions together using techniques of Snap-Together
Motions (STM) [Gleicher et al. 2003], where a motion graph is semi-automatically constructed. This idea is expanded in
[Shin and Oh 2006] with fat graphs but with the disadvantages of having less structure in parametric motion. In [Heck and
Gleicher 2007], the authors address this issue by using the techniques presented in [Kovar and Gleicher 2004] and [Kovar
and Gleicher 2003] to build parametric motions and then organize them into a parametric motion graph. Nodes of the graph
correspond to parametric motions, while edges represent transitions between them. Its disadvantages are that an edge between
two parametric motions can be generated only when every sample motion of the source motion space can transition to at least
one subspace of the target motion space; and transitions are only possible from the end of the source motion which can be a

problem when parametric motions are long.

In contrast to the two online techniques mentioned above, a more powerful technique that can only be used in offline motion

synthesis is described in [Safonova and Hodgins 2007], where an A* search of interpolated motion graphs is performed.

2.2.2.2. Interpolation

Several interpolation methods exist, such as Scattered Data Interpolation with RBFs which was originally presented in [Rose
et al. 1998]. Further improvements were made but it remained very limited and produced poor-looking blends for
extrapolation (when input parameter values are far from sample values). To resolve these issues, k-Nearest-Neighbors
Interpolation on Densely Sampled Motion Spaces was proposed in [Kovar and Gleicher 2004]. They used the method of
match webs to retrieve similar motion segments to a query motion, followed by the creation of registration curves [Kovar
and Gleicher 2003] for these segments. An analysis and comparison of these two and two other motion blending techniques

for interpolation (Barycentric interpolation and Inverse Blending optimization) are presented in [Feng et al. 2012].

2.3. Definitions

2.3.1. Motion Specification

A character is animated via its skeleton: hierarchical structure composed of bones connected at joints. Each joint inherits a
3D transformation (translation and rotation) from the parent joint. Motion can therefore be defined as a continuous function

by interpolating between frames:

m(f) = (- () (), s () 4)
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Where f is the frame indeX; p,. is the position of the root joint at frame f and defined as a 3D vector [x, y, z]; and g; is the
joint i orientation at frame f and defined as a quaternion [Pejsa and Pandzic 2010]. The same is applicable when defining

motion as a function of time:
m(t) = (p(), ¢ (1), ..., g () ®)

2.3.2. Frame Distance Metric

In order to compare two motions for similarity, a frame distance metric was defined in [Kovar, Gleicher, et al. 2002]. It

computes the difference between character poses at two frames and takes the following into account:

¢ Joint velocities and accelerations at both frames. Given frames a and b the metric compares windows of frames of
fixed length, centered on frames a and b.

o Joint influences. Since not all joints affect the motion’s appearance equally, different joints have different weights w.

o Position and orientation in the 2D plane. Because there’s no difference between two walking motions rotated by 180
degrees in the 2D plane, a second motion can be aligned in the 2D floor plane to the first motion using a 2D

transformation Ty ,, -

D(ab) = ming iz, > willpi(@) = Ty ropi DI ©)

4

Where p; is the world position of joint i. This equation can be solved analytically using equations given in [Kovar, Gleicher,
et al. 2002].

2.3.3. Motion Blending

B(t) is a frame of a blend constructed from N base motions (m,, m,, ..., my) and an N-dimensional weight function w(t) =
[wy (t), w, (), ..., wy (t)]. The weight determines the influence of the corresponding base motion clip on the final motion. For
example, if wy(t,) = 1 and w;(t,) = 0 for every i # k, then B(t,) = m(f;,). In a transition, the sum of the weights of
each motion is 1 at all times: w; + w, = 1, w;(t) smoothly changes from 1 to 0 and w, (t) smoothly changes from 0 to 1. In

an interpolation, w; (t) = const.

Lerp is used for root positions. They are blended by computing the weighted average of root positions or velocities in base

motion clips:

Pblena = W1Pr1 t+ WaDrp + -+ WyDpy (7
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Using quaternions for joint orientations, blending between two motions is performed with slerp:

sin((l — w)@) sin(w8)

q1

Abiena = Slerp(qy, g2, w) = q> (8)

sin@ sin @

where 8 = cos™1(q; * q3).

But when blending between N (N > 2) motions, the most widely accepted definition of the weighted average qpjeng Of N

quaternion orientations g; according to [Pejsa and Pandzic 2010] is given in [Buss and Fillmore 2001] as:

> wi10g(@hiknadt) = (0,0,0) ©

where log is the logarithm map operator which maps a unit quaternion to its corresponding 3-DOF rotation vector.
log(q;t.qqi) represents a displacement rotation vector between orientations represented by q; and qpena. A blending
technique is proposed in [Park et al. 2002] where all orientations g; are transformed into displacement vectors with respect to

a reference orientation q.:

v; = log(q:'q;) (10)

where v; are the displacement vectors. g, is chosen so that it is as close as possible to all blended quaternions g; and may be

computed using a least-squares method. Once displacement vectors have been determined, they are blended with lerp:

Uplenda = W1V1 + WpVp + -+ wyvy (11)

The blended quaternion is then derived by computing the exponential map of the displacement vector vy;.,q back into

quaternion space and applying it to the reference quaternion:

dviena = 9-€XP(Vpiena) (12)

Using registration curves
In [Kovar and Gleicher 2003] registration curves are used to perform blending. A registration curve is composed of a
timewarp curve S(u), alignment curve A(w) and constraint match information C(w). To create a blend frame B(t;):

1. Determine the current position S(u;) on the timewarp curve for current time t;.

2. Position and orient the frames at S(u;) using the 2D transformations at 4;(u;).

3. Blend the timewarped and aligned frames using equations (7), (10), (11) and (12).

4. Query C(u) to determine and enforce active constraints. Weighted averaging is used to determine when the

constraint is active.
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2.4. Conclusion

In the case of Beyond Sports, several dozen motion captures are provided in advance, making a good case for a data-driven
approach over one that is physically-based. Therefore, we can say the first step starts with deciding between an online or
offline synthesis based on the constraints at hand. If the synthesized motion is going to be used in an interactive environment
where user input guides the synthesis and where the end-goal is unknown, an online approach is the indicated starting point.
Otherwise, as is the case with the motions to be synthesized for Beyond Sports, an offline approach is preferred since it is a

simpler method of synthesis with fewer constraints in terms of computation time.

Global search methods are recommended for offline synthesis since they generate the whole sequence at once. In case the
motion should be synthesized in an online fashion, however, local search methods are better suited, together with some form

of motion planning if an optimal solution is desired.

Furthermore, as shown in Chapter 2.2, variation in the motion capture database is not critical since there are numerous
techniques focused on increasing the dataset for cases where the available mocap is limited. These techniques can either
generate completely new variations of a single motion or combine one or more source motions to synthesize something in

between. The latter techniques are also useful when a smooth transition is required from one motion to another.
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3. Motion Synthesis Approach

In this chapter the synthesis approach will be presented. The core of the approach described in this chapter works with a
motion capture database. In order for this database to be used for the synthesis process, our approach analyzes the motions
contained therein, segments their content and uses the obtained general motion information to splice them together into new

motions.
Beyond Mocap is composed of three main phases: the pre-processing phase where the annotation vocabulary is defined and

the mocap database annotated and mirrored (Chapter 3.1); the main synthesis phase where the actual synthesis takes place

(Chapter 3.2); and a final post-processing phase which cleans up any discontinuities left in the motion and finalizes the

Motion Capture
Data
Positional Tracking A4
Data
Pre-Processing Phase:

Annotation + Mirroring

Position Locomotion Annotations Annotated
Constraints Annotations Constraints Motion Capture

continuous position constraint matching (Chapter 3.3).

Synthesis Phase:
Enforcing Constraints & Constructing Motion

v

Intermediate
Synthesized Motion

v

Post-Processing Phase:
Smoothing, Time Warping & Orientation

Y

Final Synthesized Motion

Figure 4: Beyond Mocap Framework.

Since the positional tracking data provides only translation information for the soccer player, lacking any height or limb

position data, it needs to be augmented with some sort of pose or motion information. A simple and yet robust approach is to
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adopt an annotation system as described in [Arikan et al. 2003] as a starting point. With such a system, as long as the
vocabulary is clearly defined beforehand (Appendix A), it is possible to specify what movements the soccer player should

perform at any given time, while allowing for long term planning when using global search method (Chapter 2.1.1).

An annotation example would be to state the soccer player is running for the first 8 seconds, then dribbles with the ball for 2
seconds, kicks it to score a goal and finally celebrates the goal for 5 seconds. Due to it being a global search method, the
algorithm will ensure the setup phase before the kick as well as the post-kick phase (regaining balance for example) will be as

long as necessary, providing a better result than a local search method.

Like the framework of [Arikan et al. 2003], the proposed approach will synthesize motions by selecting frames from the
mocap database which, when concatenated, match the annotations (annotation constraints) and are continuous by ensuring
the absence of noticeable cuts between the concatenated frames (continuity constraint) while enforcing user selected frames

to occur at defined moments (frame constraints) and at the desired spatial position (position constraints).

Due to the fact the mocap database will not include every single possibility of annotation composition, the synthesis itself is
designed as an optimization problem, to be solved by application of dynamic programming with the objective to choose the

best frames that respect all constraints listed above.

The method described here improves on the reference paper’s framework to allow for continuous constraints to the positions
as opposed to discrete constraints, with the advantage of forcing a motion to follow a specific path as described by input data.
Although the positions obtained from the positional tracking data are sampled at 10Hz, they are referred to as continuous
constraints since the position of the character in the synthesized motion should match the reference positions at all times.
Beyond Mocap also improves on [Arikan et al. 2003] work by automatically providing locomotion annotations for the motion
to be synthesized based on the positional tracking data; and by ensuring exact matches on input annotations, as opposed to

“close enough”, enabling the synthesized motion to replicate as closely as possible the movements of the real soccer player.

3.1. Pre-Processing

In the pre-processing phase, the mocap database and the motion to be synthesized are fully annotated (Chapter 3.1.1). We

also present a simple technique that duplicates the motion dataset by mirroring the original animations (Chapter 3.1.2).

3.1.1. Annotating

Annotations will serve to describe the motions in the database as well as to specify what movements the soccer player should

perform in the motion to be synthesized. Therefore, two sorts of annotations need to be created: per motion in the mocap

database (mocap annotations) and per soccer player (desired annotations). The desired annotations, annotation
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constraints, are what will be fed into the synthesis algorithm in order to choose the best matching motions (annotation file

specification in is presented in Chapter 4.2.2).

Such annotations are derived from an annotation vocabulary. The vocabulary (Appendix A) is designed by taking into
account the motions present in the database and the soccer context. As an example, if the player in the real match runs for the
first 8 seconds, dribbles with his right foot for 2 seconds and then shoots the ball at a low height with the top of his right foot,
then the motion to be synthesized should have its first 8 seconds annotated with running, the following 2 seconds with

right dribble and finally with top kick low right.

The motion dataset was manually annotated due to its small size: about 75 motions with an average duration of 5-7 seconds
each. It is possible, however, to employ machine learning to lessen the amount of manual work needed for annotation of
larger databases as presented in [Arikan et al. 2003], where the authors use Support Vector Machine classifiers. Once the full

mocap database is annotated, it does not need to be annotated again for further synthesis.

Beyond Mocap departs from the approach taken by [Arikan et al. 2003] regarding the annotation of locomotion when
specifying the desired annotations for the motion to synthesize. In the reference paper, the user has to manually state when
the character is running or walking for example, but for the most time throughout a soccer match, the player will be walking,
jogging, running or in another form of locomotion, with only a small amount of its time taken by other types of motion. Since
we can extract movement speed from the positional tracking data, locomotion annotation is automated, greatly reducing the
time necessary to annotate a player timeline. Taking Beyond Sports’ mocap database into account, locomotion is any cyclical

motion which translates the character by an almost constant distance: walking, jogging, running, sprinting and dribbling.

Automatic locomotion annotation works by first specifying which mocap to use for which locomotion. The average speed of
all locomotion mocap is first computed by calculating the total distance travelled divided by the motion’s total duration in

seconds. We then define thresholds between different type of locomotion as:

Sq—S
threshold, g = s4 + M

Where A and B are locomotion mocap, sz > s, are the average speed of each locomotion and ® a constant defining where
the threshold should be placed relative to both mocap speeds. We set w = 4 in order to limit the usage of slower locomotion
mocaps on higher movement speed. These thresholds are then used together with the movement speed extracted from the

positional tracking data in order to perform automatic locomotion annotation:
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1. FOR EACH frame f IN total number of frames of motion to synthesize m

) COMPUTE s, () = P =D =PI/

3o FOR EACH threshold,, IN all computed thresholds from thresholdsyese tO threshold; sosiest
4. IF s,(f) < threshold, ;

5. A(f) = A.(f)

6. f=f+1

In cases where no threshold is found where s,,,(f) < threshold, ;, then A(f) = A, (f). In the pseudo-code above, s, (f) is
the speed at frame f of the motion to be synthesized, p the position of the soccer player taken from the positional tracking

data, At(f) the time duration of a frame in the positional tracking data, A(f) the annotation at frame f and with sg > s,.

Since we want to use only the specified locomotion animations to prevent different speed definitions for the same annotation
(such as running at different average speeds), all other mocap must not be annotated with locomotion annotations. It would
be interesting in a future study to research if we would still obtain good, or even improved results by removing this

requirement.

3.1.2. Mirroring

By mirroring the existing motions on skeleton’s sagittal plane, we are able to duplicate the available mocap dataset without
the need for extra expensive motion capture sessions. In the case of Beyond
Sports, since the mocap vendor provided motions with only one dominant side,
such as kicks with only the right foot for example, we can mirror them to have

animations for players with any dominant side.

When analyzing the skeleton provided by the vendor (Figure 5), the following

was noticed:

A) For all joints, the X axis in the local coordinate system, X; pictured as a red

unit vector in Figure 5, points to the child joint: - s LT
| / Coordinate Axes

X, = normalized (p;11 — i)

|
1
World Coordinate Axes

Therefore, the mirrored world rotation should position the local T (L) X -21.73
(mirrored) X axis unit vector, X;, such that its origin is located at current Figure 5: Skeleton with the root's (Hips) local
world position, p;, and directed towards the mirrored world position of coordinate axes.
the child joint, p;;":
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X = normalized (p;41' — ;)

B) The Y axis in the local coordinate system, ¥, pictured as a green unit vector in Figure 5, is in the opposite direction of
the facing direction of the root joint, &}: V= —JT. For all the other joints, it is the Z axis, Z; and pictured in blue, which

is either in the opposite or in the same direction as the joint’s facing direction: Z; = —cfl- orz, = cfl- depending on the

jointi #r.

Therefore, the mirrored world rotation should position the local (mirrored) Y (or Z) axis unit vector, y; (or Z;), such
that its origin is located at the same position but directed towards the mirrored direction of the current Y (or Z) axis in

the ZY plane (negating X coordinate):
Y =Tudy or 2/ =TyZ

Where Ty, is a 3D transformation that performs mirroring on the plane M defined as x,, - (p — p,) = 0. X,,, is the X axis

in the world coordinate system and p,. the root’s position.

Using the motion specification defined in Equation (4) we can further define WR and LR as the set of all world and local
rotations, respectively, and WP as the set of all world positions. The following pseudo-code performs the mirroring of the

original motion:

1. FOR EACH frame f IN total number of frames of motion m

2. GET d;(f) FOR EACH joint i

3. GET Wh,(f) = {ps’ (), pi’" (), .. pn ()}

4. COMPUTE WP, (f) = Ty WP, (f) = {pt" (), pt’" (F), .., o' (1)}

5. COMPUTE WR,+(f) = {ag"' (), ¢ (), -, " ()}

6. WHERE ¢"'(f) is such that FOR EACH joint i

7. () =q 'ey,gz(f)fc = normalized (p;+,'(f) — pi(f))

8. () = qiw'ex_ey,ez(f)? = Ty9.(f) where 9,(f) = —d;(f) for i=root
9. Z(f) = qi""gxygyﬂz(f)f = Ty (f) where 2(f) = —di(f) or 2(f) = d;(f) for i+ root.
10. COMPUTE LR,+(f) = {qb (), a} (f), .. qh ()}

11. WHERE g/ (f) = (qi“il'(f))_l qt’'(f) where qf (f) = q!"'(f) for i=root
12. coMPUTE m(F) = (p2' (), a8 (1), 4t (F) - 44" ()

22



Where m is the original motion, g} the local rotation of joint i, p!¥ the world position of joint i, n the total number of joints

in skeleton and the superscript ' defines it is related to the mirrored motion. In step 7, q‘{”'e o. (D) is used to denote that only
y'Vz

two rotations are needed to get £, (f) and in steps 8 and 9 the other rotation is computed to get either 9, (f) or Z;(f).

3.2. Synthesis

The synthesized motion will be a sequence of concatenated frames that match user provided annotations (annotation
constraints) and are continuous (continuity constraint) while ensuring user selected frames occur at desired moments

(frame constraints) and at the desired spatial position (position constraints).

Taking the same definition as in [Arikan et al. 2003], if frames in the database are represented as f;, ..., f, the synthesized

motion will be f;,, ..., f5, wWhere g; € [1...T] is frame number i. T is the total number of frames in the database and n the

number of frames of the motion to synthesize. The function to minimize which will give the desired motion is:

Jnin [a z p(LA(f))+ (- Z C(fop fgiﬂ)] (13)

D and C evaluate how well the motion to synthesize matches the desired annotations and how far each frame is from each
other, respectively. The o parameter is used to give more weight to motions that are more continuous (¢ — 0) or motions that
match the annotation better (¢ — 1). Functions D and C introduce annotation and continuity constraints to the synthesis and
are delved into in Chapters 3.2.1 and 3.2.2. Due to the way these two functions are defined in our approach, a value of 0.2
was experimentally reached and set for a. This value gives a good result because the motion to synthesize will be mostly
composed of locomotion with punctual sections of non-locomotion. These non-locomotion sections are defined as frame
constraints and, therefore, will always occur in the output motion, decreasing the importance of a good annotation match for

such cases.

The function presented in equation (13) only takes local continuity and annotation matching into account. In order to obtain a

global minimum, it can be formulated as a dynamic programming problem, as presented in [Arikan et al. 2003]:
J(i.£5) = min[aD (1, A(f)) + (1 = OC(fo £) +J G = 1L£) (14)

J(1,£;) = DL, A(f;)) (15)
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Position constraints are not included in the equations above and will be addressed at a later stage in the Beyond Mocap
framework (Chapter 3.2.4). A possible improvement on our approach would integrate position constraint evaluation with

annotation matching and continuity evaluation, which could potentially make it more memory and time efficient.

If the synthesis was performed by single frame analysis, as described by the equations (14) and (15), it would be too
computationally costly in regards to both memory and time cost: O(n x T?). As described in the reference paper, a much
faster approach that provides an approximation to an optimum solution is using frame blocks taken from the mocap

database, and further refining the synthesized motion by using progressively shorter frame blocks.

The initial synthesized motion created out of big blocks of frames captures the most significant characteristics desired by the
user. By using smaller blocks, we improve the smoothness and annotation matching while making the algorithm run faster
due to the smaller search space provided by the rough initial motion. The dynamic programming (DP) problem will be run
with frame blocks instead because for most of the time, a soccer player does not perform a motion for just a couple of
frames, be it either running, walking, kicking the ball or falling over a tackle. It usually lasts for a couple of seconds.
Therefore, since the mocap was performed at 30 frames per second, and the shortest mocap in the database is about 36 frames

long, we start by performing DP on blocks of 32 frames. This is further refined in following runs to 16 and 8 frame blocks.

With all motions in the database split in blocks of frames, many of these will be similar to each other. As an example, with a
single running motion it is possible to get as many similar frame blocks as there are running cycles. To prevent redundant
computations, and following the technique provided in the reference paper, clustering is performed on all similar blocks of
the same length into representative frame blocks represented by a cluster. This will significantly speed up the synthesis since,

as noted by [Arikan et al. 2003], the computational cost of DP is quadratic in the number of available frame blocks.

For a motion n frames long and with a starting frame block length of 32, there will be n/32 time slots. Each slot will need to
be filled with a 32 frame block taken from the database and in accordance to equations (14) and (15). Due to the
computational cost of DP being O(n x T?), we aim to have the minimal possible number of clusters so that the solution is
close to the global optimum that we would have obtained if we had used all frame blocks. The reference paper proposes 100
clusters to use in the clustering of all frame blocks in the database, and the same amount is also used in Beyond Mocap. Since
it was empirically shown as providing enough variety between each cluster while still enabling the DP to be fast enough.
However, contrary to the reference paper, we do not limit the number of frame blocks to 100 for each cluster. Since our
mocap database is small, we take all blocks that are contained in the respective cluster, meaning that once we reach slots of 8
frames long, which is the stopping point of the algorithm, we have reached the best result for the optimization function

without needing to restart the search.

In order to perform clustering, the frame blocks need to have a corresponding coordinate system so k-means clustering can be

applied:
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e The coordinate system of a frame is the frame’s feature vector. The feature vector F(f) for frame f contains the
joint position, velocity and acceleration for all joints relative to the skeleton root for that frame, meaning the root
only contains speed and velocity information with the position being the world center. This ensures each feature
vector contains temporal information about each joint. Therefore, the first two frames of every motion are discarded
since the first frame does not contain velocity and acceleration and the second frame does not have acceleration

information.
e Given the above definition, the coordinate system of a frame block is the corresponding augmented feature vector.
An augmented feature vector is simply all feature vectors concatenated into a big vector. If the frame block is 32

frames long, then the augmented feature vector is the concatenation of 32 feature vectors.

As presented in [Arikan et al. 2003], once all augmented

feature vectors are computed for all blocks, k-means clustering

soe a is performed to find 100 clusters of frame blocks of the desired

| h (Fi h h cl i db
* Dynamic Programming * b ength (Figure 6-a, where each cluster is represented by a

oo column and each rectangle is a frame block). These will be
used to provide candidate frame blocks for each slot of the
motion to be synthesized. After DP is performed on 32 frame

I I B (I

(e}

\ | | | | | | | eee® blocks, we will have a resulting motion capturing the desired
\ | | | ] | ] | EE general characteristics (Figure 6-b). In the next step, this
: , [E_— sequence of 32 frame blocks is refined by doing another DP

* Dynamic Programming * e
BN T eee [ E run on 16 frame blocks. By doing so, continuity and annotation
* Locomotion Filling * f matching are improved without changing the main structure of
I N ece [ I the synthesized motion. The candidate blocks for each slot will
* Discontinuity Minimization * g also be taken from a representative cluster but the cluster
BN I ece I WH selection is performed differently: the same amount of clusters

i ) (100) will be used for k-means, and the cluster where the 16
Figure 6: Representation of Beyond Mocap, adapted from

[Arikan et al. 2003], depicting the main synthesis phase. frame block of the parent solution belongs to will be used to

obtain the candidate blocks for this second dynamic
programming run (Figure 6-c,d,e, where the initial rough motion is broken into 16 frame blocks, which are then used to find
what cluster to use for obtaining the candidate frame blocks for each slot, and another run of DP is performed). The search
stops at 8 frame blocks since further refinement would not provide significant gains in terms of continuity or annotation

matching while making the algorithm much slower.

A note regarding the first time DP is performed: at the start of the algorithm, we first need to select which clusters provide
better continuity and better annotation matching. Therefore, DP is actually performed twice: once to select the cluster for

each time slot, and a second with the candidate frame blocks from each cluster. This is in contrast to the following iterations
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where we do not need to analyze clusters in this way since we take the cluster where the 16 (or 8) frame block of the parent
solution belongs to. The optimization formula used is the same as if we were working with frame blocks, but instead of

getting a sequence of frame blocks, the result will be a sequence of clusters.

After obtaining a sequence of 8 frame blocks, two more steps are taken before the motion is constructed: locomotion filling
to respect position constraints (Figure 6-f) and discontinuity minimization (Figure 6-g). These will be addressed in chapters
3.2.4 and 3.2.5, respectively. In the following chapters we will also delve deeper into how continuity constraints (3.2.1),
annotation constraints (3.2.2) and frame constraints (3.2.3) are enforced, and end with how the concatenation of the

resultant sequence of frame blocks is performed (3.2.6).

3.2.1. Continuity Constraint

In order to ensure a certain degree of continuity and smoothness in the synthesized motion, a function specifying the level of
continuity when placing frame f; after frame f; will need to be defined. This is the C function in equations (14) and (15). It is
calculated as the frame distance between f; and f;,, (frame following f;). To perform such calculations, feature vectors are

computed for all frames in the mocap database. Frame distance, C(f;, f;), is therefore calculated as:

C(fuf;) = IIF(Fu) = FR| (16)

However, computing these frame distances with such a large number of features (279 in the case of the skeleton provided by
the vendor for Beyond Sports: 31 joints x 9) would be time prohibitive. The number of features is therefore reduced using
Principal Component Analysis as presented in [Arikan et al. 2003]. In our approach, we reduce the number of features to a
number which satisfies the cumulative energy of the principal components being more than 98%. For the mocap database
used in this project, 27 features were enough to describe all frames, which implies at least a tenfold reduction in the frame
distance calculation time as well as a high reduction in memory usage. The value of 98% was empirically chosen due to the

fact it still gives results very similar to a calculation with the original number of features and is quick enough to be practical.

Since the algorithm will be working with frame blocks (fb) instead of individual frames, frame distance will also be

calculated as frame block distance instead and will use augmented feature vectors (AF) for its calculation:

C(fbi: fb]) = ”AFend(fbi) - AFstart(fbj)” (17)
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AFgqe and AF,,; are the augmented feature vectors | rc:iol
length
representing the initial and the end motion of the respective °

frame block. In our approach, AF,.,; is obtained from the | . | | e |
W start " end
feature vectors of a moving window of predefined size with its

— b —  a)
center on the first frame of the respective frame block. AF,,, D n

mf, mfy

is obtained from the feature vectors of a moving window of the

same size with its center on the last frame of the respective | AFstart | | AFeng |

frame block (Figure 7-a). Beyond Mocap uses slot_length/2 - b b)

for the window size, meaning that for the initial 32 frame mf, mf;
blocks, both AF;,,: and AF,,, are computed from the feature

Figure 7: Computing AF’s for a frame block (a) and

vectors of 16 frames, starting 8 frames before and ending 8
g g computing AF’s for a frame block where the window of AFstart

frames after the first frame (or last frame). cannot be centered on the first frame (b). The horizontal line

represents the full length of the original motion from where fb
The augmented feature vectors are defined as moving is extracted.

windows because of cases where the first frame (or last frame)

are positioned in the original motion in such a way that it is not possible to obtain the amount of preceding (or following)
frames necessary for the AF computation. If the first frame of a frame block, mf;, is at the beginning of the original motion
where the frame block was taken from, mf; < window_size/ 2, the window center of AF,,. Will need to be translated. It
will then start at the first usable frame of the original motion and end window _size frames after (Figure 7-b). The equivalent

approach is also taken for AF,,; but with regards to the last frame.

When working with clusters instead of frame blocks, equation (17) is still valid but the calculation of AF,;,,; and AF,,4 IS
much simpler. They are, respectively, the first window_size frames and the last window_size frames of the representative

frame block of the respective cluster.

3.2.2. Annotation Constraint

The other component of the optimization problem expressed in equations (14) and (15) is the level of similarity in
annotations between the motion in the mocap database and the desired annotation for the motion to be synthesized. This can
be represented by a cost function to be minimized for a best annotation match: D (i, A(f)), where lower values indicate a

better annotation match.

Following [Arikan et al. 2003], with an annotation vocabulary of size [, an annotation vector for frame f is defined as
A(f)[1...1] € {1, —1} where the k’th element, with 1 < k < [, has the value “1” if frame f has the k’th annotation and “-1”
if it doesn’t. For example, in a vocabulary consisting only of walking, running and kick, and where the first item in the
annotation vector represents the presence of walking, the second item the presence of running and the final element the

presence of kick, we could have annotation vectors as follows:
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e  For a walking only frame, f;: Af)=11 -1 -1]
e Forarunning kick frame, f5: A(fg) =[-1 1 1]
e  For arunning only frame, fg: A(fg) =[-1 1 —1]

As such, A(fg)[1] = 1 for a 0-based vector:

When annotating the player timeline, which are desired annotations, the same rule applies. If the annotation is desired, the
corresponding element in the annotation vector will have the value 1, and if it should not be present, the element will have the
value -1.

In the same way augmented feature vectors are all feature vectors of a block of frames concatenated into one big vector, an
augmented annotation vector (AA) is similarly defined as all annotation vectors of a block of frames concatenated into one

big vector.

The annotation similarity cost function, adapted from [Arikan et al. 2003], is then:

Tjoy T AAG(FB)1]] X AAw (FB)L] 8)
r

D(i, A (fD)) = -
for all AA;(fb;)[k] and AA,,,(fb)[k] that are present in the corresponding frame (having value 1).

AA,,(fb) represents the augmented annotation vector for frame block fb in the mocap database; AA,(fb;) represents the
augmented annotation vector for frame block fb; of the motion to be synthesized (desired annotations); slot_length is the
number of frames present in a frame block (and, therefore, 32 at the start of the algorithm) and, finally, r is the total number
of annotations that are present in either frame. Taking the annotation examples shown above, if we were comparing frames A

and C, the value of r would be 2.

In case D is being computed between AA, and the AA of a cluster, AA., we calculate the similarity between AA, and each

AA of all frame blocks contained in the cluster, averaged by the total number of frame blocks:

2, D (i, Adw(fD)))

(19)
b

D(i,AA.(c)) =

Where AA,(c) represents the augmented annotation vector for cluster ¢ and b the total number of frame blocks present in

cluster c.
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There are two differences in our annotation similarity cost function when comparing to the equivalent function defined in
[Arikan et al. 2003]: there is no “don 't care” annotation (value of 0), and only annotations that are present in either frame are
compared. Annotations marked as “don’t care” are not supported because We are concerned with replicating a real life
moment, making it undesirable to have variations that are not exactly what is intended in the synthesized motion: they need
to be exact. If the desired annotation states the player is kicking the ball with the top of the left foot at a lower height, then a
motion annotated with a kick with the top of the left foot at a medium height instead is not acceptable as an annotation match.
And only annotations that are present in either frame are compared, due to the vocabulary being quite large. This can lead to
a running motion matching well with a jogging motion when the whole vector is used for comparison, only for the fact that

all the other annotations are defined as not present, and therefore as matching with each other.

Since the entire player timeline will be annotated, contrary to the scenario presented by [Arikan et al. 2003], a potentially
better approach mentioned by the authors would have been to simply calculate the squared difference between annotation

vectors as a representation of annotation similarity.

There is one exception to how the annotation of a frame should be done as defined at the start of this sub-chapter. The motion
to synthesize will contain several setup or entry phases, which are the transition motions just before a key moment, as well
as post key moment or exit phases. In a match situation where the player executes a free kick, the motions corresponding to
the player taking a few steps back before running forward to kick the ball (entry phase) and to the player regaining balance
after the kick (exit phase) would be the transition motions around the key moment of the player kicking the ball. When the
player is in a transition motion, the annotation vector should have all elements with value ‘0’ regardless of the characteristics
of such motion, forcing the synthesis algorithm to only consider continuity constraints when choosing which frame block to
choose for the corresponding slot. This is intended to ensure there is a smooth and continuous transition between the motion
before and after the kick, and that it takes as long as necessary, preventing half-entry or half-exit phases which would not be

natural looking.

3.2.3. Frame Constraint

Frame constraints in Beyond Mocap are used for key moments and are defined by a specific annotation format presented in
Chapter 4.2.2. With regards to the synthesis algorithm, frame constraints restrict the search space in the dynamic
programming problem for the slot in consideration, to the individual frame block that contains such a frame. We can then go
directly to the cluster and select the relevant frame block. Frame constraints make the motion synthesis much faster because
the computational cost of DP is quadratic in the number of frame block candidates, and in these cases, there is only one

candidate: the frame block containing the desired frame.

Since the algorithm works with frame blocks and not individual frames, there could be multiple frame blocks which contain

the desired frame. In order to deal with this, a multiplier, FC,,, is applied to the result ofD(i,AAm(fb)) (equation (18))
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when comparing blocks where the desired augmented annotation vector contains the frame constraint. FC,, is a function of

the distance to the desired frame number location and value of the annotation similarity between the two individual frames.

FCp = ﬁ|aAAm - bAAd| X D(far fo) (20)

where B = slot_length. By using FC,, we ensure the chosen frame block from the mocap database has the frame constraint

occurring at exactly the same time as desired.

3.2.4. Position Constraint

At this point, the DP formulated by equations (14) and (15) has output a sequence of 8 frame blocks:

S ={fbo,fby, ..., fbg} (21)
Where fb; is frame block i and B = n/slot_length is the total number of blocks in the sequence.

The solution proposed by [Arikan et al. 2003] describes how to respect position constraints, but only for discrete cases and is
mostly focused on having a motion start and end at specific locations but not following a specific path. Due to this reason, a
new approach is presented in this sub-chapter that ensures the synthesized motion follows the path described by the positional

tracking data.

Locomotion is cyclical and therefore it should be possible to add or remove cycles to a locomotion animation if we desire to
add to, or remove from, the virtual character’s distance travelled. Another observation is that foot-skating is introduced when
the skeleton’s root is moved in space at a different speed than the original. But if the motion is only time warped by speeding

up or slowing down its playback, no foot-skating is introduced.

Taking these observations into account and if we ensure the distance travelled by the virtual character is the same as in the
positional tracking data, we can then match the speed at which it is played so that the distance travelled at each frame is also
the same, with no foot-skating added. With this approach we enforce the position constraints. In this chapter we will cover
the algorithm that synthesizes locomotion sequences in order to have the character travel a desired distance. In Chapters 3.3.2
and 3.3.3 we will cover the second part of enforcing position constraints: time warping specific sections of the synthesized

motion and setting movement direction.

The algorithm described here works by adding or removing locomotion cycles per locomotion sequence, to ensure the
distance being travelled in the synthesized motion matches the distance travelled by the soccer player obtained from the
positional tracking data. In order to maintain continuity, the entry and exit frame blocks, fbep.ry and fbey;e, respectively, are

kept the same and the frame blocks in between are replaced. Let S, denote a sequence of frame blocks from a locomotion
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sequence, dty,,, the distance travelled by the soccer player in the frames contained in fb; and PTD refers to the positional

tracking data:

1. INITIALIZE S'=S
2. GET ALL S; = {fDbentry piocks f i s f Pexit biock} Where entry <i < exit AND AA(fb;) = locomotion only
3. FOR EACH locomotion sequence S;; IN all locomotion sequences found in step 1
4. COMPUTE PTD.; = {fj, -, fj+n} where A(fj) = locomotion only
5. COMPUTE dtprp,, =y dt;, where f; is taken from PTD
6. COMPUTE dts, = Sie b iock dtrp,
entry_blocks; .—1

7. COMPUTE dtiyy = |dtprp,, — (dts,, + 5, Tty )|
8. IF dtgr > 6 THEN
9. COMPUTE dtdesired = dtSLi + dtdlff
10. COMPUTE S;, such as dtgr = dtyesirea

L
11. REPLACE S;, with Sj;

Where § is an acceptable travelled distance mismatch and fb' a frame block from S;. As shown in the above pseudo-code,
since this approach is only possible with locomotion animation, the desired distance the character should travel has to take
into account the distance mismatch in non-locomotion animation. Due to the usage of a small mocap database, the non-
locomotion animations in the majority of cases will not traverse the same distance as provided by the real match data. As an
example, we could be using a kick animation with a dt of 1 meters when, according to the positional tracking data, the player
travelled 1.5 meters, losing 0.5 meters in the synthesized sequence. As such, dt .ireq IS Calculated as the sum of the distance

travelled by the current synthesized locomotion sequence (dtSLi) plus the distance we have to add, or remove, (dtg;r).
dtg;rr is calculated as the difference between the distance travelled by the player provided by the PTD until the end of the
current locomotion sequence (dtPTDLi) and the sum of dtsLi with the distance travelled in the replacement synthesized

locomotion sequences until the beginning of the current sequence (¥i=% dtSik)' If instead we took dt egireq = dtPTDLL- we

would only be taking into account the distance lost (or gained) during locomotion only, ignoring the distance mismatch

during non-locomotion animations.

Locomotion (40m) Kidk {10m) Locomotion {45m)
1 120 188 300

Figure 8: Soccer player motion to be synthesized split into locomotion and non-locomotion sections with their respective distance

travelled and boundary frame numbers.
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27m 5m 42m

fby fb, fbs fbs fbs fbs fbs fbs fbo fhbio

Run Run Walk Run Kidk Kidk Kidk Run Jog Walk

Figure 9: Synthesized sequence at the start of position constraint enforcement. We list the corresponding annotation below each

frame block and the distance travelled for each locomotion and non-locomotion sections.

In order to illustrate this approach, let us take an example of a motion where the soccer player runs and walks for about 40
meters, then Kicks the ball while in motion traversing 10 meters throughout, and finally runs, jogs and walks totaling 45 more
meters (Figure 8). With a synthesized sequence S shown in Figure 9, the steps shown below are performed by the algorithm

described in the previous pseudo-code. For example purposes only, we arbitrarily set § to 1m:

Iteration 1:

SLl = {fb1'fb2'fb3'fb4}

(4) PTDy, = {fo, -+, f120}

(5) dtprp,, = Y2 dty, =40m

(6) dts,, = Xk=1dtsp, = 27m

(7) dtaigs, = |dtorp,, — (dts,, + Tk dtyy )| = 140 = (27 + 0)| = 13m
(8) Since dtdl-ffl > 1m:

(9) dtaesirea = dts,, + dtapy =27 + 13 = 40m

(10 & 11) 57, is synthesized, consisting of 6 frame blocks with a total dt of 39m, and replaces S, , in the final sequence:

39m Sm 42m

fby fb, fbs fbs fbs fbs fbs fhg fby fbio fbiy fbiz

Figure 10: Final synthesized sequence after Iteration 1 where S, has been replaced by S’Ll.

Iteration 2:

SLZ = {fb1o, fb11, fb12}

(4) PTDLZ = {f188) - f300}

(5) dtprp,, = T3 dty, =95m

(6) dts,, = Yitqo0 dtpy, = 42m

(7) dtugy, = |dtPTDL2 — (dts,, + A% dtfb}rc)l =195 — (42 + 44)| = 9m

(8) Since dtm-ff2 > 1m:

(9) dtgesirea = dts,, + dtapp, = 42+9 = 51m

(10 & 11) S;, is synthesized, consisting of 6 frame blocks with a total dt of 51, and replaces S, , in the final sequence:
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39m sm 51m

N N N N N N N

Figure 11: Final synthesized where the distance travelled by the virtual character is the same as in the positional tracking data.

Locomotion frame blocks are represented in green.

Following the above pseudo-code, the objective is the minimization of dt .gireq — dtsi.' Thus, we can formulate it as a DP
i

problem in a similar way as previously done in equations (14) and (15):

Ju (i, fby) = min[D (i, AAy(fb)) + C(fbg, fb)) +J(i = 1, fby)] (22)

]L (2’ fbl) = D(i'AAm(fbl)) + C(fbentry_blockx fbl) (23)

Where D and C evaluate how well the motion to synthesize matches the desired annotations and how far each frame is from
each other, respectively, and A4,,(fb;) the augmented annotation vector for frame block fb,. In the equations above, the

pool of motions the frame blocks fb; andfb, are extracted from consist of only locomotion mocap. S;, from the previous

pseudo-code, is therefore computed as:

1. FOR EACH locomotion frame block fb;

2. WHILE Adt < dtgesireq With Adt = (S dtcg ;) + Ao,y pion

3. CSL = {fbo,fby, ..., fbg} found through J, (i,fb,) where fbg = fbeyit piock and fb, = fbentry_block
4. FOR EACH candidate sequence CS; obtained from previous cycle

(9]

! = mi il = Dol | = mi p—
Sp= r?;? [|dtdestred 21:1 dtcsi(n” I(I:ISI‘I{I [|dtde31red dtcsi”

From equations (22) and (23), D(i,AAm(fbl)) will need to be computed. However, the positional tracking data cannot be
simply split into the same number of blocks of frames for annotation matching calculation. AA;(fb;) is then the desired

augmented annotation vector between frames in the positional tracking data corresponding to the total distance travelled of

i-1 i
Yo dtrs, and X, dtep;.

As mentioned at the start of this sub-chapter, this is the first part of enforcing position constraints. The obtained final
sequence S; with the correct distance travelled does not have orientation information. This is introduced at a later stage and
described in Chapter 3.3.3.

An interesting future research question is whether the synthesis would enforce all constraints in a shorter amount of time by

integrating the technique presented in this sub-chapter in the initial motion synthesis algorithm.
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3.2.5. Discontinuity Minimization

Since the synthesized motion is constructed out of a sequence of frame blocks, there will always be a certain degree of
discontinuity at the boundaries between each pair of blocks coming from different motions. Therefore, as proposed by
[Arikan et al. 2003], a local minimization step is introduced to decrease the discontinuity between exit and entry frames of

the frame blocks sharing a boundary, while at the same time ensuring the overall frame count remains the same.

Taking the definition of sequence of frame blocks given by equation (21), and with frame block length of slot_length, at
each boundary point, between S(i) = fb; and S(i + 1) = fb;,,, the motion switches from frame f,,;; = fb;(slot_length)

taken from mocap m; to frame f,p¢ry, = fb;41(0) taken from mocap m,.

The objective at this step is to decrease the distance C(foxit, fontry) = ||F Fexit+1) — F (fonery)||- As such, this function is
minimized with respect to fe,;. and fo,,., Using gradient descent as presented in [Arikan et al. 2003], shifting the entry and
exit frames forward or backwards. However, although the majority of frame shifts stay within 1-2 frames, as stated in the
reference paper, some boundaries produce bigger frame shifts. This could be due to the small size of our mocap database, but
ensuring a constant motion length is crucial to our approach since we must match the distance travelled by the character in
the synthesized motion to that of the positional tracking data. Even 1 or 2 frame shifts for each boundary, for a large number
of boundaries, could end up introducing a distance error of more than one meter as well as a mismatch on when a key

moment should occur.

In Chapter 3.3.2 we present a simple approach to minimize these key moment mismatch errors. Perhaps by including this step
in the optimization problem formulated for motion synthesis we could improve the discontinuity minimization described
here, the motion synthesis speed and minimize travelled distance error as well as key moment frame mismatch. Another
possible, and interesting, approach that would minimize the distance error introduced by this step include using blending
techniques within a window of frames centered around f,,;; and fe,,.y, in case increasing the available mocap dataset is not

feasible.

3.2.6. Constructing Motion

In order to construct the final synthesized motion, we concatenate all frame blocks from the final sequence, S, by taking the
frames from the corresponding motions the blocks were extracted from. This chapter describes how each frame is
concatenated and how the character’s movement direction is computed for motions where the character is not in an upright

position.

When taking frame f;,; from motion m, to concatenate with the preceding frame f; from motion m, it can happen the
skeleton is not moving in the same direction, especially for motions a # b. With this in mind, and in order to have a smooth

concatenation with no sudden change in direction, it is necessary to align the movement direction of the skeleton at the
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beginning of fb;,, with the movement direction of the skeleton at end of the preceding frame block, fb;, before

concatenation is performed.

A simple alignment in the horizontal movement direction is not sufficient however. For the most part, the character will be in
an upright position but in situations where that is not the case we also need to ensure the direction of the torso remains
unchanged between both frames. Otherwise, it could lead to situations where the skeleton would change the position of its
torso from one side to the other between frames f; and f;, . Our approach starts by first aligning the skeleton’s horizontal
movement direction followed by an extra check on the spine’s position relative to the root. Both of these directions can be
easily obtained through the observation mentioned in Chapter 3.1.2 (A and B).

After fb;, is aligned with fb; a simple concatenation of all frames referenced by fb;, , to the current resulting motion that
has been constructed until fb;, can be performed. The starting position of the skeleton at frame f;, is obtained by simply

calculating the displacement of the skeleton’s root in the last two frames and applying it to the skeleton’s position at f;:

pr(fir1) = pr(f) + Ap,- (i) (24)

where Ap,.(f;) = p-(fi) — pr(fi-1)-

3.3. Post-Processing

After the synthesized motion is built out of the frame blocks selected in the synthesis phase, our approach enters its final
post-processing phase. Although the sequence of frame blocks, which the motion is built from, goes through several passes to
ensure a certain degree of continuity between each other, including the discontinuity minimization described in Chapter 3.2.5,
there will still be some small discontinuities at the boundaries between them. These small discontinuities are hard to prevent
from occurring without resorting to blending, since we only ensure C° continuity during concatenation, and thus there will
always be a small velocity change due to the limited number of available mocap. In the following Chapter, 3.3.1, we discuss

how we smooth out these discontinuities by spreading it over several frames.
The other steps in the post-processing phase are concerned with finalizing the enforcement of the position constraints

(Chapter 3.3.2), and referenced in Chapter 3.2.4, and with orienting the character so that it moves in the desired direction
(Chapter 3.3.3).
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3.3.1. Discontinuity Smoothing

Domain of smoothing - s

| Discontinuity Magnitude

The small discontinuities between consecutive frames

S

extracted from different original motions, that are still

{

X

present in the synthesized motion, are now smoothed as -\}-
suggested by the reference paper [Arikan et al. 2003],
presented in [Arikan and Forsyth 2002, chap.4.2.3], but

adapted to our approach.

Smoothed Motion

Smoothing works by spreading the magnitude of the

A

/- ) 2.5
iy

Smoothing Function - y(f)

Figure 12: Discontinuity smoothing adapted from Figure 4 in

[Arikan and Forsyth 2002]. Top left signal represents the original

discontinuity over a window of frames around the .
non-smoothed motion.

boundary where the discontinuity is present (Figure 12).

Since the synthesis phase outputs a motion with an optimal continuity, controlled by the o parameter, these discontinuities

should be small enough to render any resulting visual artifacts such as foot-skating imperceptible to the user. In practice, the

magnitude of the discontinuity is multiplied by the smoothing function presented in [Arikan and Forsyth 2002] and

reproduced below:

0 f<d-s
=iy
= _l<f—_d+s)2+z(f—_d+s)—2 d<f<d+s )
2 s s -0
0 f>d+s

This equation represents how much of the original displacement should be added to frame f; and added back to the original

motion. d = f; is the frame that follows the discontinuity present between frames f;_; and f;. Our approach differs from that

of [Arikan and Forsyth 2002] in the value given to s: it is the size of the smoothing window around the discontinuity frame

and, in our case, set to half of the length of the smallest sequence of frames, fseq, without discontinuities. Such a sequence is

selected between the frames preceding and following the discontinuity frame:

1. FOR EACH discontinuity point i

2. SET d; as the discontinuity frame number

3. GET d;_, as the previous discontinuity frame number
4. GET d;;, as the following discontinuity frame number
5. Nfseq, = di —di—q and Npgeq,,, = diy — d;

6. IF Nfseq;y < Mfseqisy

7. S = Ngseq, /2

8. ELSE 5 = Nfgeq,,,/2
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Where ng.q is the number of frames in sequence of frames fseq. Otherwise, if the window was set to 30 frames as suggested

in the reference paper, the accumulation of successive displacement distribution would cause bigger discontinuities than

those we are aiming to smoothen.

If fi_y = £, where f;* is frame number j taken from motion m,, and f; = .2 then the discontinuities are calculated as joint
rotation difference and their magnitude is taken between frames ;% ; and f& with the exception of the root joint. The root
rotation is taken from the pair of frames in the discontinuity of the current synthesized motion (between f;_; and f;) since
some orientation discontinuities might still exist after the frame block alignment performed before concatenation. The

discontinuity magnitude at frame d for joint i can be given by the following:

a(f0) —a(fi) iET (26)

magnitude(d,!) {qr(ﬁ-_l) —alf)  i=r

3.3.2. Time Warping

Although the virtual character is now travelling the same distance in the synthesized motion as the real soccer player (as
provided by the positional tracking data), this distance is not traversed at the same speed, causing its position to not match at
all times with the desired coordinates, and is only done in a straight line since no orientation data has yet been analyzed.
Only after speed and orientation are adapted to match the real match data, will the virtual soccer player respect the provided
position constraints. To accomplish this, we start by first time warping the locomotion sections followed by orienting the

character at each frame. The latter is presented in the following chapter (3.3.3).

During locomotion, small differences of less than a meter between the position of the character in the synthesized motion and
the position obtained from the positional tracking data can be ignored as long as this difference is zero for the key moments
(defined by frame constraints, Chapter 3.2.3). This is done by time warping the synthesized motion, through simple lerp for
root position and slerp for joint rotations, in order to have the virtual character move at the same speed as the speed computed

from the match data.

However, this is not sufficient for the majority of the synthesized motions due to the distance lost (or gained) when
performing non-locomotion animations as mentioned in Chapter 3.2.4. The virtual character will need to travel this distance
delta after a non-locomotion animation. If, for example, the character performs a kick, travelling 1 meter in the process,
followed by a run of 4 meters, and in the real match data it should have travelled 2 meters during the kick motion, followed
by a run of 3 meters, then at the end of the kick there will be a position error of 1 meter. This is the distance, d o, that will
need to be caught up by the virtual character when running the following 4 meters so that at the end of the total 5 meters of

kick & run, he will be in the same coordinates as those provided in the positional tracking data.
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In our approach, this is solved by having the character move at a faster speed when catching up lost distance (or slower speed
when it has travelled more than desired) until the coordinates match with the positional tracking data. A logistic function,
d(f), is used to spread d.,...,- Over a user defined window of locomotion frames, [, by providing how much distance it should
be added (or removed) to the speed computation per frame, in order to make it look like the virtual character is progressively

moving faster to catch up and slowing down to the actual desired speed once it has caught up with the lost (or gained)

distance:
derror
df) =155 @7)
Where: C
v=—l/—2(f—fo—l/2) (28)

And where C = 4.59512 found empirically and f; is the initial frame of the current locomotion section.

This approach is very limited in nature to only motions with sparse frame constraints and special motions with large time
intervals between them. Otherwise the speeding up (or slowing down) of the synthesized motion is too obvious to look

natural.

In this step we also fix any key moment frame mismatch introduced by the discontinuity minimization described in Chapter
3.2.5 by ensuring that, after time warping, the key moments occur at the frame indicated by the corresponding frame
constraints.

3.3.3. Movement Orientation

To finalize position constraint enforcement, all that is left to do is to change the virtual character’s movement from a straight

line to the actual path provided by the positional tracking data. Since the data used throughout this project did not include

character movement orientation, J(f), orientation was computed at a frame level based on the position delta obtained from
the current position in the synthesized motion, m, and the next position based on travelled distance from the positional

tracking data:

d() = normatized (pn(F) = Poro (futmeron))) (29)

Where fdtm( fo1) is the frame in the positional tracking data corresponding to the distance travelled by the character in the

synthesized motion until frame f + 1. However, if the provided data is not properly filtered this can cause unrealistic

rotations performed by the virtual character. Improvement suggestions are presented in Chapter 6.2.
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4. Implementation

Beyond Mocap is only part of the full suite of tools necessary to automate the usage of real match data and motion capture in

Beyond Sports. A number of tools and scripts need to be integrated to allow for close interaction with each other:

Motion Captured Data
(fo)

v

{A) Exporter (FBX to BVH)

Player Mocap Data
(-bvh)

N/

(B) Beyond Mocap

Positional Tracking Annotated Match
Data

Y

Synthesized motion
per player (.bvh)

Y

(C) Importer (BVH to FBX)
+
(D) Custom Unity Model Importer

Y

Beyond Sports
Engine

Figure 13: Flowchart diagram showing how Beyond Mocap is integrated with other external tools
and scripts in order to be used with Beyond Sports. Ball Mocap Data extraction and a Match

Annotation Tool (red background) are possible improvement avenues to be taken in a future

version of the framework.
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The motion capture data provided by the vendor is in the Filmbox (FBX) format and, in order to be used by Beyond Mocap,
is converted to a more easily editable motion file format (Figure 13-A, Chapter 4.1). Since our motion synthesis approach
works by having player timelines annotated, a match annotation tool would simplify and speed up the annotation compared to
simply manually typing the corresponding annotations per player (Figure 13-Match Annotation Tool in red background).
Finally, in order to load the output synthesized motion files, these have to be converted back to the FBX format due to the
game engine used in the development of Beyond Sports not accepting the intermediary motion file format used during
synthesis (Figure 13-C and D). The external tools created and used to perform these conversions, and the decisions taken in

the implementation direction, are presented and discussed in Chapter 4.1.

In Chapter 4.2 we present the specifications of the intermediary motion file format, of the annotation file format and the
positional tracking data used by Beyond Mocap, together with associated issues originating from their use and how these
were solved. Finally, since optimization in runtime is a priority in the implementation of Beyond Mocap, we show in Chapter

4.3 how this is further minimized by simple serialization.

4.1. Supporting Tools

Initially, the intention was to have Beyond Mocap and associated scripts implemented using Unity?, since this is the game
engine being used in the creation of Beyond Sports. Therefore, an initial feasibility study was performed, focused on how

Unity could assist in the editing and synthesis of character animation as well as its playback in the simulation.

The study centered on the API provided by Unity for its own animation system, Mecanim, and the possibility of allowing us
to simply load the FBX motion files and create new motions, or edit existing ones. However, most of the available calls that
would allow deeper motion editing are hidden, with only some experimental interfaces available. Yet these do not provide
enough flexibility in joint data manipulation for example. Since Unity cannot be used for such operations, and the FBX file
format is proprietary and not straightforward to edit, an extra tool which would read from and write to motion files, as well as
a different file format, became necessary. Biovision hierarchical data (BVH) was chosen as the intermediary motion file

format. In Chapter 4.2.1 we cover it in more detail.

Another limitation encountered in Unity is its lack of functionality to import BVH motion files. Due to this reason,
conversions between FBX and BVH have to be performed. Autodesk MotionBuilder® was chosen amongst other packages
due to its handling of FBX files, easy conversion between these two formats, and ability to run scripts in Python to extend its

capabilities and automate the conversion.

2 https://unity3d.com/. Version used for feasibility study and development of motion file import scripts: Unity v5.3.4f1.

3 http://www.autodesk.com/products/motionbuilder/overview. Version used: Autodesk MotionBuilder 2016.
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Due to the factors just described, it was decided to proceed with a standalone tool (Figure 13-B — Beyond Mocap) that takes
as input the match and mocap data and outputs the resulting synthesized animation for each player. Unity is simply used to
load and playback the synthesized animation. This has the added benefit that only minimal changes are required on the

Beyond Sports engine in order to support the new animations.

To simplify the import of the resulting synthesized animations into Unity, we simply changed the standard import system to
automatically extract the animation from the FBX file and retarget it to the model being used, which features the same

skeleton hierarchy (Figure 13-D).

Besides character animation and the 3D models for the soccer player and ball, the FBX files provided by the vendor also
include ball trajectory whenever the animation has player-ball interaction. It would be interesting to, in a future version of the
tool, extract this data and use it to better integrate the synthesized motions in the simulation. Another possible automation
improvement would include the creation of a Match Annotation Tool to simplify player timelines annotations and, at a later

stage, automatically suggest annotations based on the player motions.

4.2. Input & Output Files
4.2.1. BVH Motion File

As reasoned above, BVH* is used as the intermediary motion file format for synthesis and editing (general structure presented
in Appendix B). The BVH file manipulation tool used by Beyond Mocap is based on a Python library developed internally at
Utrecht University®. In its implementation, the skeleton is defined through a hierarchy of BVHNode objects, the root of
which is the skeleton’s root and the only joint to contain translation data besides rotation; and the end nodes are the end
effectors plus top of the head. Each BVHNode has an offset: for the root this represents the starting position in world

coordinates and for all the other joints it represents the corresponding bone length.

Regarding the vendor’s avatar specification, it has an extra, stationary, root joint and thus the root of the skeleton matches
this extra joint, with the hips specified as child. Due to this, before conversion from BVH to FBX, an extra root is added back

again following the same name convention, to allow for an easy import and retargeting in Unity.

Finally, the order of the rotation channels in the BVH motion file follow a non-standard order: first Z, followed by X and
finally Y rotations. Therefore, the rotation matrix needs to be computed through the concatenation of Y, X and Z rotation

matrixes as follows:

4 http://research.cs.wisc.edu/graphics/Courses/cs-838-1999/Jeff/BVH.html.
5 http://www.uu.nl
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1 0 0 cos(8,) 0 —sin(6,) cos(6,) sin(6,) 0
R,=[0 cos(6,) sin(6)|, R, =| 0 1 0 R, =|—sin(8,) cos(6,) O (30)
0 —sin(6,) cos(6,) sin(6,) 0 cos(6,) 0 0 1

Therefore:
RBVH = RnyRz

cos(Hy)cos(QZ)——sin(@x)sin(ey)sin(ez) cos(ey)sin(ez)i—sin(Ox)sin(Hy)cos(Hz) —cos(8y)sin(8,)] (31)

Rpyy = —cos(6,)sin(8;) cos(6,)cos(6,) sin(6,)
sin(6,,)cos(8,) + cos(6,)sin(b,)sin(8,) sin(B,)sin(6,) — cos(6,)cos(6,)sin(6,) cos(ey) cos(6,)

Where R, denotes rotation around the x axis. When saving back to disk into a BVH file, the Euler angles from the Rg, 4
rotation matrix defined above can be extracted through simple trigonometry.
4.2.2. Annotation File

The annotation file is a major component of Beyond Mocap. Below an example file, with time stamps specified in seconds.

Lines are indicated for illustration purposes only:

[Line 1] © 8.5

[Line 2] 8.5 9.8 right dribble

[Line 3] 9.8 top kick low right

[Line 4] 9.8 15

[Line 5] 15 20 celebration arms inside

Time stamps are used to state when certain movements should appear in the synthesized motion. When specifying frame
constraints, which constrain the motion to be synthesized to a specific frame of the mocap database or indicate a key
moment in the mocap file (such as the exact moment a ball is kicked), a single timestamp must be used indicating the

moment in time it should occur (Line 3 in the example above):

[Frame Constraint Timestamp] [Annotation #1] .. [Annotation #N]

For all other situations (locomotion, before or after key moments) both a start and end timestamps must be specified:

[Start Timestamp] [End Timestamp] [Annotation #1] .. [Annotation #N]

Timestamps can be indicated in either frame numbers or seconds. Whenever the motion is a transition motion, thus not
locomotion nor a frame constraint such as setup for a free kick, annotations must not be set in the corresponding line of the

annotation file (Lines 1 and 4 in in the example above).
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4.2.3. Positional Tracking Data

In this project, the positional tracking data consists of only the X and Y coordinates of the soccer player (no height data),
specified in meters and sampled at 10Hz. Besides parsing the coordinates and player names, the tool which handles this data
also calculates the player’s orientation through its position difference between consecutive data points; performs
automatic locomotion annotation (as mentioned in Chapter 3.1.2) based on the current soccer player speed, obtained
through translation delta; and time scales the input data into any desired framerate. Since the motion capture data is given
at a frequency of 30 frames per second and the input data at 10Hz, we can simply interpolate and obtain positional

coordinates at a frequency of 30Hz in order to match it with the mocap data

We expect a much better looking synthesized motion by, in a future version of the tool, adding filtering on the position
coordinates in order to obtain a smoother sequence of orientations; using past data and with it infer the most likely

orientation, or maybe even obtaining the real orientation from a better source of tracking data.

4.3. Optimization

Through the reduction of the number of features by application of PCA (Chapter 3.2.1) we already lower computation time

during synthesis. But more can be done to remove redundant calculations through serialization.

The Accord.NET Framework® implementation of Principal Component Analysis is used to reduce the size of the feature
vector of a motion frame. The resulting principal components and transformation matrix are then saved on local disk. Since
the original data will not change unless new mocap is added to the database, we can continue using the same transformation

on further executions of Beyond Mocap.

Given that the mocap in the database is read-only, we also serialize the computed feature vectors as well as the resulting

feature vectors after dimensionality reduction through PCA.

As for clustering through k-means, we use ALGLIB’s” implementation. Clustering is performed for all possible block sizes
(thus for 32, 16 and 8 frame blocks) before synthesis begins and the results saved to disk. The clusters themselves, with their

associated feature vectors and frame blocks, are also serialized.

By only performing PCA and k-means computations once, and saving the results to disk, we only have to load them the next

time the application is started, decreasing the time it takes to synthesize a motion. The gains obtained here are presented in

6 http://accord-framework.net/

7 http://www.alglib.net/
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Chapter 5.2. It should also be possible, and would be interesting to evaluate the benefits of pre-computing and serializing

continuity between frame blocks.
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5. Evaluation and Results

To determine if the new animation system is successful in achieving the goals defined at the start of the research, a qualitative
evaluation was performed alongside a quantitative analysis. For the qualitative evaluation, a pilot study was performed as
described in Chapter 5.1, and for the quantitative evaluation several aspects of the synthesized motion were measured and are

presented in Chapter 5.2.

5.1. Motion Naturalness

From Q1 defined in Chapter 1.1, one of the objectives is to research how to synthesize an animation that is more natural and
smooth-looking than the current solution. Since naturalness is more of a subjective evaluation, a limited pilot study should be

the best approach to analyze how, and if, Beyond Mocap improves on this aspect.

The main hypothesis that can be extracted from the mentioned research question is as follows:

[H1]
The motion output by Beyond Mocap is more natural and smooth looking

than the motion output by the current system.

Since foot-skating is a visible factor that can influence how natural and realistic a motion looks, this hypothesis can be

complemented by the following sub-hypothesis:
[H1.1]
The foot-skating removal algorithm (Chapter 3.2.4)

contributes favorably to the naturalness of the motion.

In the next sub-chapter the pilot study is detailed and in 5.1.2 the results are presented.

5.1.1. Pilot Study Setup

In order to measure the level of naturalness and smoothness as seen by the end-user, a total of 5 soccer scenarios of about 20

seconds long were chosen, each having 2 or 3 frame constraints. These scenarios are excerpts taken from real soccer matches:

Scenario 1) Gerrard Scenario: The player starts with a slow walk, picks up some speed and starts running, performs a

short dribble followed by a kick and finally runs a while longer finishing his run with a goal celebration.
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Scenario 2) Messi Scenario: The player walks and jogs around for a little while. He then receives the ball with his foot
at a low height, performs a long dribble close to the penalty area followed by a pass and finally runs towards the goal in

order to perform a scoring header. The scenario ends with the player celebrating the goal.

Scenario 3) Vilhena Scenario: After running and jogging around for a while, the player performs a slide to intercept the
ball but does not end in possession. A team mate does, however, allowing the player to run towards the goal and kick at a

low height with the inside of the foot, scoring a goal. The scenario ends with the player celebrating the goal.

Scenario 4) Lennon Scenario: In this scenario, the player receives a ball lobbed at him with his chest bouncing over to
his feet. Even though he does not maintain possession of the ball after these moves, he is still able to later score a goal

with the top of his foot at a low height.

Scenario 5) Hein Scenario: The player in this scenario tries to score a goal by kicking the ball at the line of the penalty

area. The ball bounces off the top bar and he finishes his try by converting it into a goal with a bicycle kick.

For each scenario, three video clips were rendered: with the
motions provided by the current system, by Beyond Mocap
with foot-skating still present and by Beyond Mocap with
foot-skating minimized, totaling 15 video clips. In order to
render these video clips, each motion was imported into
MotionBuilder in a mockup environment so that the
participant could focus on the motion itself, and finally

rendered with the camera following the hips of the player at

a set distance (as shown in Figure 14).

Figure 14: Screen capture from one of the rendered videos.

These clips were randomly presented to the participants so that they would not know which system output they were looking
at. Not only randomly presented between system outputs but also between scenarios, meaning one survey order could be
Scenario 1 Video 2, Scenario 4 Video 1, Scenario 4 Video 3, and so on; and between participants so that no participant would

have the same order of videos being shown.
A total of 12 people took part in the survey, all employees of Triple, but none had seen the output by the new Beyond Mocap
animation system up until the point of participating in the survey nor were they directly involved with Beyond Sports

development. This should remove any potential bias in the answers given.

To collect the necessary data, an online survey was created (Appendix C). The survey was designed to let the participant

know the objective is to analyze the naturalness of the character animation and to rate each animation shown in a 1-5 Likert-
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scale: Really bad, Bad, Neither good nor bad, Good and Really good. Before any video clip was shown, one question was

posed in order to have an indication of how much each participant knows and is aware of character animation.

At the beginning, two training examples are shown which demonstrate both extremes in the level of naturalness but without a
mention about which one is being presented. These examples do not count towards the evaluation and are used only to give
an indication of the difference in realism in the generated motions that the participant could expect. After the training
examples, the set of videos with the animations to be evaluated in terms of level of realism are presented.

5.1.2. Analysis

Diverging stacked bar charts are used to present the results of the survey, as suggested by [Robbins and Heiberger 2011],
where the bars are centered on the 0% line, with the percentage of participants who rated the motions positively in terms of

naturalness shown to the right, and negatively to the left.

mReally Bad Bad MNeither Bad nor Good Good mReally Good

| | | [
Beyond Mocap _
| | |

Beyond Mocap
with Foot Skate

Scenario 1

Current Solution

Beyond Mocap

Beyond Mocap
with Foot Skate

Current Solution

Scenario 2

Beyond Mocap

Beyond Mocap
with Foot Skate

Scenario 3

Current Solution

Beyond Mocap

Beyond Mocap
with Foot Skate

Scenario 4

Current Solution

Beyond Mocap

Beyond Mocap
with Foot Skate

Scenario 5

Current Solution

-80% -60% -40% -20% 0% 20% 40% B60% 80%
Figure 15: Pilot survey results grouped per scenario.
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Figure 16: Pilot survey results grouped per system.

The results show participants rated the motions generated by the Current Solution (CS) as being generally the least realistic
and natural looking, and the motions generated by the Beyond Mocap (BM) system as the most natural looking. Even
though the motions synthesized by Beyond Mocap with foot-skating present (BMFS) were not expected to be rated
significantly higher than those synthesized by CS, that is what the results show. This is could be due to them being smoother,
as shown by the data presented in Chapter 5.2.1.

By performing a one-tailed t-test on the results shown in Figure 16, with a null hypothesis stating there is no difference in
terms of naturalness between the motions obtained from Beyond Mocap and Current Solution, we observe the improvement
in realism and naturalness of the motion synthesized by BM over CS is statistically significant for an alpha value of 0.05 (p-
value of 0.0002). Consequently, we accept hypothesis H1 presented in Chapter 5.1. The same can be concluded regarding
hypothesis H1.1, for a corresponding “there is no improvement in naturalness with the foot-skate removal algorithm” null
hypothesis, since the difference in naturalness of BM over BMFS s statistically significant for the same alpha value of 0.05
(p-value of 0.016), we accept hypothesis H1.1.

From this survey we can also notice that foot-skating is relatively accepted by the participants in general, to a much higher
degree than the motion having discontinuities or not looking natural by itself. This could be due to the absence of shadow in
the rendered video. It would be interesting to follow up on this study with a more extensive evaluation, with a larger pool of
participants, a greater number of scenarios and videos with better lighting, and thus casting shadows, as well as the presence

of the ball in the motion; thus providing better data for a more detailed analysis and representative results.

5.2. Quantitative Analysis

Other aspects of the synthesized motion and of the approach implementation were measured and analyzed quantitatively and,
in the sub-chapters below, we present the most relevant ones for the project. These include motion smoothness, which is part
of the main objective of this research, as well as matching positional tracking data and matching annotations. As for the

implementation, since automation and minimal involvement of the user is desired, we measure the time it takes to annotate a
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scenario for one player and compare it with the current solution. This chapter ends with a performance analysis covering

some of the choices taken during implementation.

5.2.1. Synthesized Motion

Smoothness

The smoothness of the synthesized animation can be computed by analyzing the feature vectors per frame throughout the
whole duration of the motion. By measuring the distance between feature vectors of consecutive frames, we obtain
information about corresponding breaks in smoothness. The results of these measurements are presented in full in Appendix
D). Feature vector distance is without units since the values obtained are computed using the reduced feature vector through
PCA as described in Chapter 3.2.1.

In these charts, we are only interested in the peaks shown since they occur whenever the character suddenly changes direction
or in sudden transitions between different motions. Due to the first, Beyond Mocap outputs animations with some jerkiness.
However, across all scenarios, the animations synthesized by Beyond Mocap have less jerkiness and are, therefore, smoother

than the ones provided by the current solution.

Matching Positional Tracking Data

Another desired aspect of the synthesized motion is to match, as closely as possible, the position of the character in the
synthesized motion to the position provided by the tracking data. This is all the more important during frame constraints since
these refer to key moments of the match. A header in the synthesized animation several meters away from the actual position
may not look unrealistic when looked at outside of any context, but once the animations are used in the Beyond Sports
simulation, this would make the character perform a header meters away from the ball. In the table below the average

distance error (in meters) throughout the synthesized motion is reported:

Average distance error (m) Scenariol  Scenario2  Scenario 3  Scenario4  Scenario 5
Whole animation ‘ 4.52 3.42 3.24 1.21 1.86

At Frame Constraints ‘ 1.20 2.14 3.50 3.19 1.20

Table 1: Average distance error between the position of the virtual character and the position given by the tracking data in meters.

Unfortunately, the approach used to “catch up” with the distance lost after frame constraints described in Chapter 3.3.2 does
not provide natural looking animations for scenarios where non-locomotion motions are not spaced by several seconds. In
these situations, it causes the character to move at an unnaturally slow or fast speed and, therefore, the results shown in
Chapter 5 are obtained with motion synthesized without this approach. The distance error shown in the table above reflect

both the error obtained with the catching up approach removed as well as due to the frames removed during continuity
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minimization as described in Chapter 3.2.5, which in turn alter the distance travelled and successively adds to the distance

error.

The higher distance error at frame constraints in Scenarios 3 and 4 can be explained by the existence of long locomotion
sections, where the discontinuity minimization approach progressively adds or removes distance travelled. In Scenario 4, this
is compounded by the fact the mocap database does not include motions of players receiving the ball with the chest, followed
by catching it with the foot, while moving forward. Therefore, for the second part of this constraint, the virtual character is

still in the same place receiving the ball with his foot while the match data reports him being several meters away.

By having a different method of continuity minimization, or having it integrated in an adapted synthesis algorithm which also
includes distance travelled constraints, we expect these distance errors to be minimized without negatively affecting the

naturalness of the synthesized animation.

Matching Annotations

Finally, since the synthesized motion is essentially replicating a real match scenario, the motions the virtual character
performs throughout should match those performed by the real soccer player. It is possible to get an indication of how similar
the motions are in terms of overall movement by comparing the annotations of the synthesized motion with the desired set of
annotations. These are only an indication since, for example, just a running motion can be performed in many different ways

that cannot be discretely represented by text annotations.

Average Annotation Similarity Scenariol  Scenario2  Scenario 3  Scenario4  Scenario 5
Whole animation ‘ -0.05 -0.54 -0.09 -0.34 -0.25

At Frame Constraints ‘ -1 -0.24 -0.75 -0.44 -0.8

Table 2: Average annotation similarity between the synthesized motion and the desired annotations. A value of ‘-1’ represents

100% match and a value of ‘1’ represents a 0% match.

As shown in Table 2, all of the synthesized motions were more similar to the desired annotation than they were dissimilar. In
the same way matching positional tracking data at frame constraints is more important than outside of such moments, having
the exact desired motion, by way of annotation, at frame constraints is critical to the synthesis of a motion which replicates

well its corresponding soccer match scenario.

Since the speed at which the player is moving is not annotated but computed based on the positions in the real match data, the
corresponding annotation can change at a high frequency if the player is moving at a boundary speed between two different
locomotion speeds (such as between running and jogging). Therefore, when compared with the annotations of the synthesized
motion, a large quantity of frames will not have the exact same locomotion annotation because the synthesis algorithm

chooses the best fitting motion per block of frames. The lower annotation similarity values at frame constraints for Scenario 2
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when compared with the whole animation is due to the fact one of the constraints required a jogging header when the mocap
database only contains standing and running headers.

5.2.2. Implementation

Annotation Effort

As stated in the introduction, due to the current solution being prohibitively time-consuming due to the amount of manual
work required, Beyond Mocap should minimize the time it takes for a user to annotate motions for each player while
ensuring key moments occur at the correct timestamp. For this measurement, we counted the time it takes to annotate the

same scenarios as those used in the pilot study.

Average Annotation Time () Scenariol  Scenario2  Scenario3  Scenario4  Scenario 5
Current Solution ‘ 437 436 377 460 230
Beyond Mocap without annotation tool ‘ 137 258 136 138 144

Table 3: Time in seconds that it takes to annotation motions for a player while ensuring key moments happen at the correct
timestamp.

Although the annotation process for the Beyond Mocap system requires the user to manually type the annotations for each
player with the corresponding timestamp, it is already about 2.5 times faster than with the current system. Once the Match

Annotation Tool proposed in Chapter 4 is in place, this reduction in annotation time effort should be more noticeable.

Performance Analysis

Below we report the motion synthesis run time for each scenario used in the pilot study, for both Beyond Mocap with foot-
skate as well as with the foot-skate minimization algorithm present. Each motion was synthesized 5 times in a release build
on a laptop PC with 16GB of RAM and an Intel Core i7-5600U processor running at 2.60Ghz.

Scenario 1 Scenario 2 Scenario 3 Scenario 4 Scenario 5

Motion Duration (s) 20 22.5 225 21 19.5
FS FSM FS FSM FS FSM FS FSM FS FSM
Synthesis Time (s) 65 148 95 215 34 353 199 477 94 614

Table 4: Average synthesis run time duration, in seconds, for each scenario split into motions generated with foot-skate (FS) and

motions generated with the foot-skate minimized by the approach described in Chapter 3.2.4 (FSM).

Results show the original synthesis is quite fast but, once the foot-skate minimization algorithm is included, it can lead to a
tenfold increase in total synthesis time. This is due to how the algorithm works when adding locomotion cycles to match the

desired travel distance. In Scenario 5, for example, a large part of a locomotion section is composed of walking motions.
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Since the computational cost is quadratic in the number of frame blocks needed to match the desired distance travelled, and
each walking locomotion cycle travels a small distance, we will need a larger number of walking frame blocks to travel the

same distance, versus using running frame blocks, thus increasing the final synthesis time as shown in the table above.

By having position constraint enforcement in the same main algorithm step of motion synthesis presented in Chapter 3.2, we

expect synthesis time to be brought down since, as it stands, the synthesis of locomotion sections is being performed twice.

Finally, as mentioned in Chapter 4.3, through serialization of PCA’s principal components and transformation matrix, feature
vectors and reduced feature vectors of all motions in the database, and the result of k-means clustering for all frame block
sizes (32, 16 and 8 frame blocks), we decrease the time it takes to synthesize each motion by approximately 187 seconds.
Running k-means clustering on a database of 150 motion captures with an average duration of approximately 120 frames
long we obtain the clusters for frame blocks 8 frames long in about 29.6 seconds, for frame blocks 16 frames long in about
49.5 seconds and for frame blocks 32 frames long in 94.7 seconds (average values over 3 runs). The difference in
computation time between frame blocks of different lengths is due to larger augmented feature vectors in longer frame
blocks, requiring more operations for distance calculation. Computing feature vectors for all motions take approximately 5.9

seconds and running PCA about 7 seconds. These are significant gains when synthesizing several motions.
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6. Conclusion

Beyond Mocap is an automated offline data-driven motion synthesis framework, requiring no user input for the synthesis
itself. The synthesized motion respects positional constraints provided by the positional tracking data, with a certain margin
of error (see Chapter 5.2.1), although with better results for key moments. These key moments are defined as frame
constraints and are provided by the user through an annotation system. Through the annotation system, Beyond Mocap also

ensures these frame constraints occur at user defined time-stamps.

Motions synthesized by Beyond Mocap are more realistic-looking and have a higher degree of naturalness when compared to
the motions in the current solution used by Beyond Sports, partially due to foot-skating minimization as well as smoother

transitions between different motions.

Although the synthesis process takes longer when compared with the current solution, this is less important as the resulting
animation is more natural looking. The time it takes to annotate the motion to be synthesized is significantly lower, however,

allowing the algorithm to be run in the background while the user performs other tasks.

6.1. Limitations

Since Beyond Mocap synthesizes motion by splicing blocks of frames from a mocap database, it will not be able to
synthesize new motions that do not have a corresponding base mocap to extract frames from. This means the vocabulary
must match the database. Issues can arise from this limitation whenever the desired annotations describe inexistent motions,
leading to a synthesis of possibly highly discontinuous motion, depending on the value set for a. As an example, if the
desired annotation is “jogging header” and the database only contains motions with “standing header” and “running header”,
this could lead the algorithm to output a motion where the character is jogging and suddenly stops to perform a standing
header. A consequence of this include the discontinuity minimization step (Chapter 3.2.5) removing, or adding, too many
frames to increase better connectivity between frame blocks, which in turn decreases, or increases, the overall length of the
motion as well as significantly changes the distance travelled by the virtual character. This is undesired as it further increases
the distance between the virtual character’s position and the real soccer player’s position as provided by the positional

tracking data.

Positional constraint enforcement through time-warping as proposed in Chapter 3.3.2 is also limited in its application. In the
described approach, we change the speed at which the animation is played in order to have the character “catch up” with the
data. For cases where the locomotion section between key moments is not long enough, the character will appear as running

unrealistically fast, or unrealistically slow, causing the overall feeling of naturalness to disappear.
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Because our approach is an improvement over the work from [Arikan et al. 2003] in terms of position constraint
enforcement, most of the limitations of their framework are also present in Beyond Mocap. The main synthesis algorithm
works by selecting any block of frames after any other block of frames, independent of the motion they are extracted from.
Therefore, transitions with some discontinuity can be chosen in case there are no transition motions in the database between
the selected frame blocks. Working with blocks of frames also limit the length of motions to be included in the database to

motions longer than the set initial block size.

The magnitude of discontinuity still present in the output motion, as well as the degree to which the annotations are
respected, can be specified by tweaking the o variable in order to give more weight to one or the other. It is essentially a
decision between more continuous motions or motions that replicate the match scenario more faithfully. Its importance in the

synthesis algorithm is, therefore, decreased by the addition of more motions to the mocap database.

Movement orientation for the synthesized motion is not ideal due to it being obtained from the positional tracking data.
Information regarding facing direction of the soccer player is not provided, and the position coordinates are not tracked in
detail either, causing the data to be rather noisy. Since rotation is computed from the difference between position coordinates,
this can cause the character in the synthesized motion to rotate unrealistically. Consequently, motions that require the virtual
character to move in a different direction than the facing direction, such as goalkeepers or a “walking back” motion, are not
supported by our approach. By setting movement direction in the last stage of the motion synthesis, some minimal foot-
skating is also introduced since it is not part of the main synthesis algorithm and is performed without any constraints on foot

plants.

Finally, the initial setup of Beyond Mocap can be time intensive due to the necessity of having the underlying database to be
fully annotated. Regarding the implementation itself, the whole synthesis process is not fully automated yet since it needs

further testing with cases where the motion to be synthesized has several non-locomotion motions in a short time-frame.

6.2. Future Work

The described approach was chosen due to its simplicity and could be complemented with several other techniques to obtain
more variation in the final output motion as well as higher degrees of realism. Motion adaptation (Chapter 2.2.1) could be
applied on individual mocap clips in order to have the virtual soccer player limbs reach to the correct position of where the
contact point should be, which would allow, for example, for kicks at any desired height. It could also provide locomotion at

different speeds, possibly reducing the computational time of the proposed position constraint enforcement.

Blending (Chapter 2.2.2) between locomotion mocap clips would provide another method of increasing variation in
locomotion animation instead of simply using the distance travelled matching and time warping approach we take in
enforcing position constraints. Such blending techniques could also be an alternative to the discontinuity minimization

technique described in Chapter 3.2.5 that would minimize or completely prevent changes in the character’s distance travelled.
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Using machine learning, as described in the reference paper, would eliminate much of the time it takes to annotate whenever
new motions are added to the database. This could also be used for some sort of informed automatic annotation by analyzing
the general character movement leading to, and away from, key moments, as well as by taking the ball coordinates as input

since these are also provided by the positional tracking data.

On the implementation side, a visual interactive tool for player timeline annotation, presented in a decision-tree that could
traversed through key sequence presses or similar, would further reduce the time it takes to provide the set of desired
annotation, while simultaneously ensuring the vocabulary is used correctly and preventing the usage of annotations with no

corresponding motion in the database.

With respect to the long synthesis running time caused by the foot-skate minimization through the addition, or removal, of
locomotion cycles, improvements could be brought by investigating the possible inclusion of distance travelled and both
character and motion orientation as constraint in the main synthesis algorithm. As consequence, this could enable synthesis of
motions where the character moves in a different direction than where he faces, such as in motions for goalkeepers.

Finally, and as stated in the last paragraph of Chapter 5.1.2, a more extensive evaluation, with a larger pool of participants, a

bigger number of scenarios, more detailed videos with a more realistic lighting which casts shadows, and the presence of the

ball in the motion, would enable a more detailed analysis and possibly offer new insights to guide future work.
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Appendices

A)  Annotation Vocabulary

The vocabulary was designed by taking into account the mocap present in the database. It was also cross-checked with
another team-member at Beyond Sports more accustomed to soccer terms to make sure the vocabulary was comprehensive
enough and that the motions were correctly annotated. It is composed of annotations for continuous motions and for

discrete motions:

e Continuous motions annotations are used for cyclical motions which can be indefinitely extended and, when used, must
have a start and end frame / second time stamp specified.

standing, walking, jogging, running, sprinting, sitting, ground, celebration, hold, turning,
dribble

o Discrete motions annotations are used for discrete motions which contain a key moment: point in time where the actual
described move is performed. In the example of a Kick, the key moment would be when the foot touches the ball. When

using these annotations, only the frame / second time stamp when the key moment happens should be specified.

There are also modifier annotations which must be present when annotating discrete motions: right, left, front,
back which can be used for kicks, throws, headers, dives and so on. And subtle, with_setup which can be used for
kicks.

All of the annotations are presented in a decision tree-like structure since each annotated frame block must contain all of the

annotation words from parent to bottom child. As an example for the “stomp” motion:

stomp
high
middle
low
dive
long_duration
high
low
short_duration
high
low

When annotating with a dive stomp, one must annotate with the duration and if it is done high or low as well. Such as: stomp

dive long_duration high right.
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For Continuous Motions:

standing
knee
turning

walking
back
dribble
turning

jogging
dribble

running
with
dribble

sprinting
dribble

For Discrete Motions:

receive
foot
low
inside
high
inside
body

kick
low
inside
standing
running
outside
standing
running
top
standing
running
volley
standing
running
high
inside
standing
running
top
standing
running
bicycle
half

61

sitting
ground

celebration
running
arms
inside
ender
arms
outside

hold
high
middle
low
ground
sitting

throwb
high
middle

turning
dribble
letgo

header
standing
Jump
running
Jump

scissors

getting up
short_duration
long_duration
with

fall
standing
slide

fly
slide



Jump

slide
intercept
slide
knee
inside
outside
short_duration
long_duration
catchb
high
middle
low
slide
dive
long_duration
low
short_duration
high
low
stomp
high
middle
low
dive
long _duration
high
low
short_duration
high

low



B) BVH Motion File Structure

The BVH motion file is composed of two sections:

e The HIERARCHY section describes the skeleton’s hierarchy through its joints and their offsets plus which CHANNELS
are available for motion specification.

e The MOTION section describes the motion itself by specifying the values for the CHANNELS of each joint (defined in
the HIERARCHY section) per row. Each row contains the values for one frame with the values in the same order as the
order of the joints in the HIERARCHY section.

All distance units are usually specified in centimeters and rotation in degrees. Its general structure is as follows:

HIERARCHY

ROOT Hips

{
OFFSET [x_value] [y_value] [z_value]
CHANNELS 6 Xposition Yposition Zposition Zrotation Xrotation Yrotation
JOINT Spine

OFFSET [x_value] [y_value] [z_value]
CHANNELS 3 Zrotation Xrotation Yrotation
JOINT Ribcage

OFFSET [x_value] [y_value] [z_value]
CHANNELS 3 Zrotation Xrotation Yrotation
JOINT Neck
{
OFFSET [x_value] [y_value] [z_value]
CHANNELS 3 Zrotation Xrotation Yrotation
JOINT Head
{
OFFSET [x_value] [y_value] [z_value]
CHANNELS 3 Zrotation Xrotation Yrotation

End Site
{
OFFSET [x_value] [y_value] [z_value]
}
}
}
JOINT LeftShoulder
{
[...]
}
MOTION

Frames: [n, motion duration in frames]

Frame Time: [duration in seconds of one frame. For a 30 frame per second motion, this value is 1/30 = ©0.0333333]
[value of channel 1 in frame 1] [value of channel 2 in frame 1] [...] [value of channel c in frame 1]

[value of channel 1 in frame 2] [value of channel 2 in frame 2] [...] [value of channel c in frame 2]

[...]

[value of channel 1 in frame n] [value of channel 2 in frame n] [...] [value of channel c in frame n]

Where c represents the total number of channels: ¢ = nrjgi,.s * 3 + 3.



C)  Pilot Study Survey
Page 1

Beyond Mocap Survey

Introduction

In the following pages, you'll be asked a series of questions designed to evaluate the naturalness of several motions being performed by a
virtual soccer player. There are no right nor wrong answers and the answers you give are completely anonymous.

This survey will take around 10 minutes to complete. Thank you for taking your time to participate.

1. What is your age?
) 18to24
) 25t0 34
35t0 44
45t0 54
) 55to 64
) 65t0 74

) 75 or older

2. What is your gender?

) Female

Male

x

3. In a typical month, about how many times do you play video games or watch
movies with virtual human characters in them?

Never A couple of times Once a week Several times a week Every day I don't know
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Page 2

Beyond Mocap Survey

Rate level of realism

* 4. Please click on each entry to load a video. For each video, | would rate the level
of realism of the respective animation as:

Really bad Bad Neither bad nor good Really good
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Page 3

Beyond Mocap Survey

Rate level of realism

In the question below, please click on each entry to watch a video of an animation.

This is the last page of this survey.

* 5. For each video, | would rate the level of realism of the respective animation as:

Really bad Bad Neither bad nor good Good Really good
0Dd ) ) () ) )
GkaG .. ) ) ') )
laWd ) ® 'S ) )
ABmD @) O O
dxaG ( g O (
GQgh
A4T0 ) ) () ) )
AyDO .;:7 ) &) M
dzX0 C
daal s s If_‘ 'S s
ONVO ) ') 'S )
GlvA ) ® 'S ) )
AD1d ) )

G2lA 4 4 'S 'S 4

65



Feature Vector Distance Feature Vector Distance

Feature Vector Distance
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Scenario 3

Beyond Mocap Current Solution
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Scenario 4

Current Solution

Beyond Mocap
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