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Towards Estimating the Dynamics of Cheetahs in the Wild

by Zuhayr Parkar

Gaining insight into animal biomechanics is critical for understanding legged ma-
noeuvrability. However, studying animals in the wild remains challenging due to
the lack of accurate and non-invasive measurement techniques. This thesis proposes
a novel approach for studying cheetah motion in its natural environments for the
purpose of investigating the biomechanics of the cheetah.

Previous attempts at 3D reconstruction and motion capture of cheetahs in the wild
have been limited by the inaccuracies in conventional markerless motion capture
techniques. These challenges are addressed by the use of a photogrammetry system
to reinterpret the marker less motion capture problem posed for studying animals in
the wild.

Videos of cheetahs performing running and walking motions were recorded using a
multi-camera photogrammetry setup, enabling 3D reconstructions of the cheetah’s
outer surface. The unique fur pattern of the cheetah allowed for the placement of
“virtual markers”, that provided a non-invasive alternative to traditional physical
markers. To further aid in kinematic estimation, a skeletal model based on anatomical
data of a cheetah was developed to track internal joint positions. This approach
achieved root-mean-square marker tracking errors below 4 cm.

Furthermore, a kinetic model of the cheetah was developed. This model, combined
with trajectory optimisation techniques, was used to estimate ground reaction forces
and joint moments from the motion capture data. The optimisation process refined
the captured gaits by enforcing physical constraints, ensuring physically plausible
motion reconstructions.

The methods presented in this thesis establish a new framework for studying cheetah
biomechanics, combining non-invasive virtual markers with skeletal modelling to
achieve centimetre-scale accuracy in joint tracking. This approach enables detailed
analysis of cheetah locomotion in natural environments without the limitations of
traditional marker-based systems.
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Chapter 1

Introduction

In recent years, the field of biomimetics and bio-inspired robotics has seen a significant
increase in popularity. This can largely be attributed to advancements in computer
vision systems and enhanced computational capabilities, all of which aid in better
understanding and quantifying animal behaviour. The study of bio-inspired robots is
inseparable from the study of animal locomotion. Thus, before robots can be built
based on animals, these animals must be studied, and their movements and actions
quantified. Animal studies are difficult; more often than not, their behaviour, as
well as the environment in which they are found, cannot be easily controlled. As a
result, in-the-wild capture of these animals” dynamics is needed. Understanding the
movements of animals in their natural environment is crucial for advancing both the
field of animal biomechanics and biomimetics or bio-inspired robotics.

The cheetah (Acinonyx jubatus) presents itself as a subject for studying animal loco-
motion due to its impressive speed and agility. However, conducting such studies
cannot be done without overcoming significant challenges because of both the an-
imal’s behaviour and its natural habitat. These challenges are further complicated
by the inability to use traditional marker-based motion capture (mocap) techniques.
While research on cheetah motion capture is not entirely novel, prior efforts exhibit
notable limitations.

AcinoSet [1] presented the first dataset on cheetah locomotion. It provides 3D re-
constructions of the animal’s motion based on multi-camera setups. Despite its
contributions, the methodology and results reveal several shortcomings, including:

* Only three cameras on each side, leading to significant triangulation error.

¢ The triangulation method heavily dependent on in-field calibration and match-
ing 2D keypoints.

¢ A frame rate of 120 frames per second (fps), which is low for capturing such a
fast animal.

¢ Inability to quantify error in 3D due to the lack of ground truth.
* Motion data that includes running and manoeuvres but excludes walking.

These issues must be overcome to obtain better kinematics, without which meaningful
biomechanical analysis of the animal cannot be conducted. Thus, before any further
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biomechanical analysis can be conducted, motion capture that adheres to current
biomechanical standards must be achieved.

At present, markerless motion capture relies heavily on computer vision techniques,
often resulting in a significant disconnect from the underlying anatomical realities of
the animals being studied [2]. To fully understand and quantify the animals” motion,
the underlying biomechanical principles of the animal must also be considered.

As a solution to this problem, this project aims to bridge the gap between computer
vision and biomechanics with the goal of evaluating the animal’s motion. To this end,
a photogrammetry system is proposed to reinterpret the markerless motion capture
problem as a pseudo-marker-based motion capture approach. The cheetah, due to
its unique spotted coat, is an ideal subject for markerless motion capture. The initial
motion capture can then be tied to the cheetah through the use of an underlying
skeletal model, enabling further kinematic and dynamic analyses of the animal.

Further complicating the problem is the lack of real-world data to serve as ground
truth. Thus, rather than solely attempting to create a ground truth dataset, this
project aims to propose a methodology and solution to the problem of estimating
the dynamics of cheetahs in the wild. By addressing these challenges, the proposed
solution aims to provide new insights into cheetah biomechanics while advancing
the field of markerless motion capture.

1.1 Problem Statement

This project aims to develop a methodology for 3D motion capture and dynamic
analysis of wild cheetahs. Given the in-the-wild nature of the project, the scope of
motion capture is strictly limited to markerless motion capture. Previous endeavours
addressing this problem have presented several shortcomings, as mentioned. This
project seeks to overcome the limitations of traditional markerless motion capture
and provide a pathway for estimating kinematics and dynamics in alignment with
current biomechanical motion capture standards [3].

While existing multi-camera footage of cheetahs is available, these videos and re-
constructions are outdated and subject to their own limitations. Consequently, the
development of this project requires the collection of new footage of cheetahs to
adequately address the problem. Additional constraints are imposed on the camera
systems used due to the uncontrolled nature of the environment in which the footage
is recorded. This makes ‘laboratory’-type setups infeasible.

Although motion capture systems capable of providing millimeter-level accuracy
are available, these systems are completely impractical for studying wild animals.
As a result, motion capture methods for this application are inherently limited by
the shortcomings of current markerless approaches. Therefore, the motion capture
pipeline must deviate from traditional methods and instead connect more directly to
the animal’s actual biomechanics.

The problem is further complicated by the necessity of understanding the underlying
biology of the animal. It is imperative that, before any dynamic analysis of the animal



Chapter 1. Introduction 3

can occur, the proposed method adheres to biomechanical standards in both motion
capture and dynamic analysis. The goal of the dynamic analyses is not to produce
exact results but rather to develop a method applicable for fully in-the-wild analyses
of cheetahs.

1.2 Project Objectives

The main objectives of the project are as follows:

* Investigation of Methodologies: Explore methods to address the challenges of
traditional markerless motion capture, along with techniques for connecting
the motion capture approach to the animal’s biology.

¢ Development of a Motion Capture Pipeline: Create a pipeline for estimating
the joint angles and positions of cheetahs from multi-camera video footage.

¢ Development of a Dynamic Analysis Pipeline: Develop a method to estimate
the dynamics of cheetahs in motion based on the derived kinematics.

1.3 Project Scope

The outcomes of this project are based on the design and implementation of a motion
capture system for cheetahs, as well as the development of a method for estimating
their dynamics. To achieve these outcomes, the project has specific requirements and
limitations:

* The project will involve the collection of multi-camera video data of cheetahs in
motion.

¢ Any method implemented must rely strictly on markerless motion capture.
e The cameras used are limited to unmodified GoPro Hero 12 Black models.

¢ Any proposed method must be verified through simulations or real-world
testing before being applied to cheetahs.

¢ The final motion capture and dynamic analysis must be connected to the ani-
mal’s underlying biomechanics.

* The motion capture is not restricted to any particular type of motion.
¢ A dynamic analysis based on the motion capture data will be conducted.

¢ The dynamic analysis must address the absence of ground reaction force data.

1.4 Project Outline

The progression of the project follows linearly. Each chapter builds on the work
presented in the preceding chapters. The project outline is visually presented in
Figure 1.1 and summarised below:
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* Chapter 2: Provides an overview of the literature on the state of animal motion
capture and skeletal models used for estimating the dynamics of animals.

¢ Chapter 3: Outlines the methodology used in this project.

¢ Chapter 4: Describes the data collection process and the methodology for
photogrammetric reconstruction of cheetahs from the video data.

¢ Chapter 5: Details the development of a method for using a skeletal model to
estimate the kinematics of cheetahs based on the photogrammetric reconstruc-
tions.

¢ Chapter 6: Explains a methodology for utilising the derived kinematics for
dynamic analysis.

Chapter 4: Chapter 5:
.p . P . Chapter 6:
Multi-camera Kinematic : .
. o Dynamic Analysis
Reconstructions Estimation
3D'Mar?<er Skeletal Model
Estimation
Multi-Camera
Video l l
l Inverse Trajectory
Kinematics Optimisation
Photogrammetric
Reconstructions l i
Kinematic Dynamic
Estimation Estimation

FIGURE 1.1: System overview of the project chapters

1.5 Project Overview

This thesis addresses the challenge of capturing and analysing the biomechanics of
wild cheetahs in uncontrolled environments, where traditional motion capture meth-
ods are impractical. The primary goal was to develop a markerless, photogrammetry-
based system capable of reconstructing 3D motion and estimating dynamics without
relying on physical markers or ground reaction force measurements. By integrat-
ing computer vision techniques and biomechanical modelling, the project aimed to
address the problem of studying animal locomotion in the wild.

Multi-camera arrays and photogrammetry techniques were used to reconstruct dense
3D point clouds from synchronised video footage. Simulations were used to optimise
camera placement and coverage, while real-world trials refined the robustness of the
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system. The resulting reconstructions achieve over 90% completeness as compared
to the animals’ silhouette in the original video frames, thus providing a near com-
plete reconstruction of the animals” surface to serve as a solution space for marker
projection.

To convert surface reconstructions into biomechanically meaningful data, spots on the
cheetah’s fur were tracked across frames. These “virtual markers” were reprojected
onto 3D point clouds and linked to a skeletal model derived from CT scan data.
Inverse kinematics in OpenSim translated marker trajectories into joint angles. Finally,
trajectory optimisation enforced dynamic feasibility and allowed for estimating GRFs
and joint moments without direct force measurements. This two-stage process,
tracking the recorded motion and refining it through physics-based constraints,
provides a novel framework for analysing locomotion in the absence of laboratory-
grade instrumentation.

The outcomes of the project provide a framework for studying cheetah locomotion
with implications for wildlife conservation, robotics, and biomechanics.

1.6 Project Outcomes

These are the three key outcomes of the project:

* Development of a Markerless Motion Capture System: A pipeline for captur-
ing and reconstructing the motion of wild cheetahs from multi-camera video
footage.

¢ Integration with Biomechanics: A methodology for linking photogrammetric
reconstructions with skeletal models to estimate kinematics and dynamics
aligned with biomechanical standards.

* Dynamic Analysis Framework: A system for analysing cheetah motion dy-
namics, addressing challenges such as the absence of ground reaction force
data.



Chapter 2

Literature Review

This chapter discusses the underlying theory and literature relevant to subsequent
chapters. In particular, this chapter covers three main topics: animal pose estimation,
photogrammetry for 3D reconstruction, and biomechanical modelling.

It begins with an overview of the current state of animal pose estimation, discussing
both keypoint-based approaches and animal mesh recovery techniques, and critically
examines their limitations. Following this, photogrammetry-based motion capture
is proposed as a potential solution. Previous implementations of such systems
are reviewed to motivate the research presented in this thesis. To provide a solid
foundation for these methods, the chapter also reviews the mathematical principles
underpinning photogrammetry, thereby grounding the work in a rigorous theoretical
framework. Additionally, existing software and implementation techniques used for
photogrammetry are explored, highlighting the key methods and tools required for
developing an effective solution.

The chapter then shifts focus to a biomechanical perspective by examining previous
research on quadrupedal gait analysis. This involves an overview of the methods
required to perform similar biomechanical analyses on cheetahs. This section not
only outlines the methods used in similar analyses, but also justifies the integration
of biomechanical modelling software to enable the use of motion capture data in
dynamic analyses.

The chapter concludes by reviewing previous attempts to address these challenges
while identifying gaps in the current literature, and placing the present study within
the broader research context.

2.1 Animal Pose Estimation

Animal pose estimation involves identifying and determining the locations of an
animal’s joints and skeletal structure. This section focuses exclusively on markerless
approaches, which have gained traction as viable alternatives to traditional marker-
based systems for capturing animal motion.

In recent years, the field of animal pose estimation has witnessed remarkable growth,
driven by advancements in computer vision and machine learning. These develop-
ments have enabled the creation and availability of an increasing number of animal
pose datasets, enhancing the accessibility and accuracy of pose estimation techniques.
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However, compared to human pose estimation, research on animal pose estimation
presents unique challenges. The most notable difficulty lies in estimating the poses
of wild animals in uncontrolled, natural environments without relying on physical
markers.

To address these challenges, two prominent approaches have emerged:

1. Keypoint-Based Methods: These involve detecting and tracking specific anatom-
ical landmarks, such as joints, from images or video sequences. Keypoint-based
methods are computationally efficient and have shown promising results, espe-
cially when supported by robust training datasets.

2. Animal Mesh Recovery: This approach goes beyond keypoints by reconstruct-
ing a 3D mesh of the animal’s body. Mesh recovery provides a more compre-
hensive representation of an animal’s pose and shape, making it particularly
useful for biomechanical analysis and motion studies.

2.1.1 Keypoint Methods

Keypoint detection is one of the most commonly used techniques for animal pose
estimation, particularly for estimating joint positions from single images. These
methods typically employ deep learning architectures, such as ResNets, to detect
anatomical landmarks with high accuracy. One of the most widely used tools for this
is DeepLabCut [4].

Pose estimation in 2D involves predicting the positions of joints directly from images.
While effective for identifying animal poses from a single image, 2D keypoints lack
depth information, thereby limiting their applicability for complex motion analyses.

3D pose estimation, on the other hand, predicts joint positions in three-dimensional
space, providing poses that are grounded in reality and suitable for biomechanical or
kinematic analysis. Multiview 3D pose estimation systems typically rely on an array
of synchronised and calibrated cameras to capture images of an animal from multiple
perspectives simultaneously. A common pipeline involves performing 2D keypoint
detection on each image, followed by triangulating the keypoints across views to
compute their 3D positions. The depth information is derived from the geometric
relationships between cameras, as described in [5].

Previous works, such as OpenMonkeyStudio [6] and AcinoSet [1], have successfully
implemented this pipeline to estimate 3D poses for various animals. These stud-
ies highlight the potential of multiview systems to improve the accuracy of pose
estimation in natural settings.

AcinoSet

In the context of cheetah motion capture, AcinoSet represents the first dedicated
motion capture dataset for cheetahs. Understanding its merits and shortcomings is
crucial, as it serves as a baseline for markerless motion capture approaches. While
AcinoSet has laid important groundwork, its limitations highlight the challenges
associated with traditional keypoint-based methods.
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One significant limitation of AcinoSet is its sparse camera coverage. The dataset
employs only three cameras on each side of the animal, which leads to considerable
triangulation errors due to insufficient viewpoint diversity. Furthermore, accurate
3D reconstruction in AcinoSet is heavily reliant on precise in-field camera calibration.
Variations in calibration conditions introduce additional uncertainty, affecting the
consistency of pose estimation. Another critical issue lies in the inconsistent matching
of 2D keypoints across multiple images. Ambiguities and errors in keypoint detection
often result in unreliable matches, compounding the inaccuracies in 3D triangulation.

The dataset’s temporal resolution is also a concern. Capturing at a frame rate of 120
frames per second is insufficient to resolve the rapid dynamics of a fast-moving animal
like the cheetah. This low temporal resolution, combined with the aforementioned
challenges, leads to high errors in the dataset, which hinder its utility for detailed
biomechanical analysis. Moreover, the absence of ground truth data for 3D poses
prevents the quantification of these errors in 3D space, further limiting the dataset’s
applicability.

The shortcomings of AcinoSet underscore two major issues inherent to traditional
keypoint-based motion capture methods. First, the inherent uncertainty in 2D key-
point detection across multiple images creates significant challenges, as exact matches
often do not exist. This uncertainty propagates through subsequent stages of the
reconstruction pipeline. Second, the heavy reliance on precise calibration data, par-
ticularly in setups with sparse camera arrays, means that 3D pose estimations are
inconsistent across the animal’s surface. These limitations emphasise the need for
more robust and comprehensive approaches to motion capture, particularly for appli-
cations requiring high accuracy, such as biomechanical analysis.

Traditional keypoint-based methods are constrained by their evaluation metrics.
Since these methods are typically evaluated using 2D keypoints, the analysis remains
disconnected from the physical reality of 3D space. Without reliable ground truth
data for validation, it becomes difficult to accurately quantify the performance and
robustness of such approaches. The limitations of AcinoSet illustrate the broader
challenges faced in advancing markerless motion capture.

2.1.2 3D Mesh Recovery

3D mesh reconstruction has opened new possibilities for animal motion capture
using image sets, with most methods building upon the SMAL model [7]. Unlike
the human SMPL model [8], which is trained on thousands of human scans, SMAL
was developed using scans of animal toys. Zuffi et al. created a template mesh,
which could be deformed and fitted to various poses and shapes using a global/local
stitched shape model. This parametric mesh enables reconstruction from a single
image by fitting shape, pose, and camera parameters to 2D silhouettes and keypoints.

Later, Zuffi et al. [9] introduced SMALR, which improves upon SMAL by incor-
porating multi-view images and 2D silhouettes to reduce ambiguities in 3D pose
estimation. However, these methods depend heavily on synthetic data and 2D-to-3D
reconstruction, limiting their accuracy in providing reliable ground truth or joint
position estimates for motion capture applications. Additionally, these methods
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have not been evaluated against real-world measurements nor have they previously
been used for any biomechanical analyses. While they provide a method for pose
estimation, it does not seem entirely applicable for 3D kinematic estimation.

2.2 Photogrammetry for Motion Capture

Markerless motion capture poses significant challenges due to inherent limitations,
including inaccuracies associated with multi-camera triangulation and the critical
dependence on precise calibration [10]. These issues have long been recognised in
the field, and alternative markerless methods have been proposed to address them.
Among these, photogrammetry has emerged as a promising approach due to its
adaptability and potential ease of use [11].

Unmarked photogrammetry using multiple synchronised video cameras has been
applied for motion capture in birds [12]. Similarly, a photogrammetry-based approach
with non-invasive markers drawn on bat wings was used to capture motion in a
more natural setting [13]. Photogrammetry has also been successfully employed for
human motion capture, using specially textured suits [14]. However, these methods
generally require controlled environments and are challenging to implement in the
wild.

In a notable application, Sellers et al. [15] demonstrated a photogrammetry system for
motion capture of primates in a zoo. Their work represents a significant step toward
markerless motion capture in uncontrolled environments, although their system was
limited to single-sided capture. While this simplification reduces system complexity,
it fails to capture non-periodic gaits effectively, restricting its applicability in dynamic
scenarios.

Photogrammetry offers a unique solution to the challenges of markerless motion
capture, particularly for textured subjects. The cheetah, with its distinctive skin
pattern, is an ideal candidate for photogrammetric reconstruction, presenting an
opportunity for advancing motion capture in outdoor settings.

2.3 Mathematical Theory for Photogrammetry [16]

Reconstructing 3D geometry from photographs is a classic computer vision problem.
The goal of an image-based 3D reconstruction algorithm is to solve the following
problem, "When presented with multiple photographs capturing an object or scene,
determine the most probable three-dimensional form that would generate these im-
ages, assuming we have knowledge of the camera’s parameters.” While this definition
traditionally applies to photogrammetry with known calibration parameters, the
scope of this project extends beyond these constraints. Instead, we focus on Milti-
View Stereo(MVS) using Structure from Motion(SFM) algorithms, where camera
parameters are computed as part of the solution. This approach follows three main
steps:

1. Image collection.
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2. Computation of camera parameters for each image.

3. Reconstruction of 3D geometry from the image set and their corresponding
cameras.

This section establishes the mathematical foundation necessary to understand and
solve this problem.

2.3.1 Camera Projection Models

To understand the problem posed by MVS reconstruction, it is crucial to comprehend
how a 3D point in the world is projected onto a pixel in an image. The most commonly
used model for MVS is the pinhole camera model [16].

In this model, a 3D point Py, = (Xuw, Yu, Zw)T in the world is projected onto the image
plane using a perspective transformation. This process maps the 3D point from
Euclidean space IR® to 2D space IR?, which results in dimensionality loss.

Specifically, under the pinhole camera model, a point in space is mapped to the image
plane at the point where a line connecting the 3D point to the centre of projection in-
tersects the image plane. This projection is shown in Figure 2.1 and is mathematically
represented by the equation below:

X

y | =Psxa , (2.1)
w

—~ N =< X

where (x,y,w)T are homogeneous coordinates on the image plane, P34 is the camera
projection matrix, and (X, Y, Z, 1) is the homogeneous representation of the 3D point.
The final 2D pixel coordinates (x’, y") are obtained by normalising the homogeneous
coordinates:

r_ X r_ Y
X = — = =, 22
o VT (2.2)
i
v
_eX | :
/TI\ z :
- C = e NS
AN e« P z
principal axis f _

FIGURE 2.1: Pinhole camera geometry. Camera centre C and principal
point p. Adapted from [16]
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2.4 Projection Matrix

The projection matrix P, is a 3x4 matrix that encapsulates the complete mapping from
3D world coordinates to 2D image coordinates. It combines both the internal camera
parameters (intrinsic parameters) and the camera’s position and orientation in space
(extrinsic parameters). This matrix can be decomposed as:

fx s cx T2 13| tx
P=|0 fy Cy |- | t1 12 T3 |ty |- (2.3)
0 0 1 r31 32 133 | L
K Rt

The matrix K is called the camera calibration matrix, because it is composed of
quantities intrinsic to the camera: vertical and horizontal focal lengths fy, f,, principal
point (cx, ¢y), and skew s. However, certain assumptions regarding this matrix can
be made as follows. Pixels are assumed to have no skew (s = 0), and to be square
(fx = fy)- Also, if an image has not been cropped, it is safe to assume the principal
point is at the centre of the image. Thus, the matrix K is given as:

f 0 ¢y
K=10 f ¢ | (2.4)
0 0 1

The matrix [R|t] is commonly known as the extrinsic matrix, where R is the rotation
of the camera and f is the translation of the camera.

To describe this, a coordinate transformation is applied to points in the global refer-
ence frame, converting them to the camera’s coordinate system. This transformation
uses a 3 x 3 rotation matrix R and a 3 x 1 translation vector ¢:

P. = RP, + ¢, (2.5)
XC XIU

where P, = | Y, | represents the 3D point in camera coordinates, P, = | Yy, | is the
ZC Zw

point in world coordinates, R encodes the camera’s orientation, and t specifies its
position relative to the world origin.

In homogeneous coordinates, this rigid-body transformation becomes a single 4 x 4

-k

where the transformation matrix combines rotation and translation. When expanded:

linear transformation:

le] , (2.6)
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This formulation enables efficient composition of transformations while preserving
the geometric relationship. The complete projection of a 3D world point P, to a 2D
image point x is then achieved by combining this extrinsic transformation with the
camera’s intrinsic parameters through perspective projection. This mathematical
framework underpins camera pose estimation and 3D reconstruction in multi-view
stereo systems.

2.4.1 Epipolar Geometry

Beyond single camera projection, there arises the topic of multiple camera projections.
Epipolar geometry is the intrinsic projective geometry between two views. It is
essentially the geometry of the intersection of the image planes with the pencil of
planes having the baseline as its axis, where the baseline is the line joining the camera
centres.

Thus, given a point X in 3-space, which is imaged in two views, at x in the first, and x’
in the second, the relationship between the two points is described by a 3 x 3 matrix
F, known as the fundamental matrix. The fundamental matrix satisfies the condition
that for any pair of corresponding points x <+ x’ in the two images:

x'TFx = 0. (2.8)

This is true because if points x and x” correspond, then x’ lies on the epipolar line
I = Fx corresponding to the point x. In other words, 0 = xTl" = xTFx. Conversely, if
image points satisfy the relation x” Fx’ = 0, then the rays defined by these points are

coplanar. This is a necessary condition for points to correspond.

Suppose only x is known, and the goal is to determine how the corresponding point
x' is constrained. The plane 7t is defined by the baseline and the ray associated with
x. From the geometric relationship, the ray corresponding to the (unknown) point x’
lies within 7z, which implies that x" must lie on the line of intersection I’ of 7w with
the second image plane. This line !” is the projection in the second view of the ray
back-projected from x. It represents the epipolar line corresponding to x. This is
demonstrated in Figure 2.2
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FIGURE 2.2: Demonstration of epipolar geometry. Adapted from [16]

2.4.2 3D Triangulation

The correspondence of two points in 3D space is defined by the constraints of epipolar
geometry, assuming exact pixel matches. However, real-world measurements often
involve discrepancies between pixel points, leading to rays that do not intersect. The
goal is to estimate the 3D point that best fits the observed data. The triangulation
process is shown in Figure 2.3.

This is commonly achieved through linear triangulation, where the 3D point X is esti-
mated using projections from multiple camera views. The direct linear transformation
(DLT) method is formulated as

AX =0, (2.9)

where A is derived from camera projection matrices and image points. The system is
solved using singular value decomposition (SVD), with the solution being the singular
vector corresponding to the smallest singular value of A. While straightforward, the
DLT method assumes perfect correspondences and may yield suboptimal results
when noise is present.

An alternative is the Sampson approximation [16], which simplifies the non-linear
minimisation of geometric error. Instead of minimising perpendicular distances
between points and epipolar lines directly, it uses a linearised error metric based
on a first-order Taylor expansion. This approach balances computational efficiency
and accuracy, making it well-suited for real-time 3D reconstruction where exact
optimisation is impractical.
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FIGURE 2.3: Demonstration of the triangulation process. Adapted
from [16]

2.4.3 Bundle Adjustment

Bundle adjustment is a crucial optimisation technique commonly employed to refine
SfM models by minimising reprojection errors in the camera parameters and 3D
point coordinates. It involves minimising the following non-linear least-squares error
function:

E(P,M) =Y Y |B(M;) —my|. (2.10)
jiev(j)

Here, Pi(Mj) denotes the projection of the 3D point Mj in the i-th camera, while
m;j represents the 2D image coordinate corresponding to the projection of M; in the
same camera. V(j) is the set of cameras where point M; is visible. The goal is to
minimise the discrepancy between the observed 2D image coordinates m;; and the
3D projections P;(M;) across all cameras.

The accuracy of the bundle adjustment is often quantified by the root mean square
error (RMSE), which provides a measure of the reprojection error in pixels:

E(P
RMSE(P, M) = (&M), (2.11)
where N is the total number of residual terms summed in the error function. Before
bundle adjustment, RMSE values are typically on the order of several pixels, whereas
after optimisation, RMSE values often fall below the sub-pixel level, indicating a

significant improvement in accuracy.

In practical applications, bundle adjustment can be extended to fuse additional
sensor data into the optimisation process. This is done by adding penalty terms to
the objective function that enforce deviations of the camera parameters from the
predicted values based on GPS measurements or initial camera calibration. If the
camera model is inaccurate, large reprojection errors can prevent effective matching of
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2D image points to their corresponding 3D points, leading to significant degradation
in reconstruction quality.

As such, bundle adjustment is often required to ensure sub-pixel accuracy in the
camera parameters and 3D point locations, which is essential for high-quality MVS
results. Since MVS is highly sensitive to reprojection errors, bundle adjustments are
frequently a prerequisite to achieve sub-pixel reprojection accuracy.

It is worth noting that because the reprojection error is measured in pixels, one
can downsample the input images and rescale the camera parameters until the
reprojection error drops below a certain threshold. This approach is effective as long
as the downsampled images retain sufficient texture and details for MVS to function

properly.

2.4.4 SfM Implementations

Given the need to provide photogrammetric reconstructions from videos, choosing
the SfM/MVS pipeline best suited for the task is an important consideration. This
topic has been the subject of numerous studies [17-20], all of which evaluate pre-
viously implemented solutions to the SfM and MVS problems. This section briefly
provides an overview of these results to aid in making an informed decision on which
reconstruction pipeline to utilise.

Notably, three programs are frequently mentioned in papers regarding SfM: Open-
MVG [21], VisualSFM [22], and COLMAP [23]. OpenMVG and COLMAP are open-
source libraries and implementations of the SfM pipeline. VisualSFM, however, only
provides an implementation, making it much less flexible compared to the other
two. The required implementation of SfM/MVS is to be applied to batches of frames
sequentially, thus the need for automation rules out VisualSEM due to its inflexibility.
It should also be noted that due to the flexibility requirement, notable commercial
solutions such as Agisoft! and Autodesk ReCap? are not considered.

As for COLMAP and OpenMVG, both are very similar in their implementations.
Specifically, both use SIFT [24] for initial feature extraction, the same algorithms
for four-point homography estimation and five-point relative pose estimation [16],
and the same algorithms for incremental and global bundle adjustment. The pri-
mary difference between the two lies in their implementation of dense point cloud
generation.

Across three papers evaluating the performance of the two against each other, all
three found that COLMAP produced the best average results for 3D reconstruction.
Additionally, COLMAP allows for the use of previously calculated calibrated intrinsic
and extrinsic parameters during the dense reconstruction phase. Considering the use
case and the need for applying photogrammetry to batches of video frames, COLMAP
presents itself as the most suitable implementation of an SIM/MVS pipeline.

1www.agisoft.com

2yww . autodesk . com/products/recap/overview
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2.5 Gait Analysis

Following an exploration of the relevant literature on photogrammetry, it is similarly
necessary to review the theory of biomechanical gait analysis given the scope of
this project. A key observation from the literature is that human gait analyses and
biomechanical studies far exceed research conducted on animals, particularly wild
animals. However, it has been broadly established in the literature that the workflows
used for analysing human gait can generally be applied to animals [25].

Similarly, despite the vast variety of quadrupedal mammals, their locomotion pat-
terns, in terms of gait and kinematics, exhibit significant commonalities [26, 27]. For
these reasons, the methodologies for gait analysis, kinematic, and kinetic estimations
used in human studies are often applicable to animals as well. Furthermore, these
similarities in gait and kinematics among quadrupeds provide additional insights
and evidence that the study of animal biomechanics, particularly within the engi-
neering domain, cannot be conducted in isolation. It must consider the fundamental
biomechanical principles underlying these studies.

This section aims to provide a broad overview of previous research on quadrupedal
gait analysis to offer insights into establishing a suitable and effective approach.

2.6 Quadrupedal Analyses

The subject of this study is the cheetah. Therefore, rather than focusing on research
regarding bipeds, studies on quadrupeds are more informative. While the field of
animal gait analysis is not as advanced as human gait analysis, there exists significant
research that aids in understanding the dynamics of quadrupeds.

The first study of importance is by Zhang et al. [28], where the authors perform a
mechanical analysis of a running cheetah. This study dramatically simplifies the
cheetah’s motions and neglects the significance of Ground Reaction Forces(GRF).
Additionally, it provides joint torques for the analysis; however, due to the simplifica-
tions, these cannot be considered accurate. Notably, their use of a three-linked leg
model for dynamic analysis, which excludes pelvis motion, is of particular interest.

Nielsen et al. [29] proposed a link segment model to study limb dynamics in dogs.
Their findings suggest that linked limb models can provide reasonable insights but
necessitate the inclusion of GRFs. However, the simplifications made in their study
resulted in larger standard deviations for joint moment estimates across all results.

While 2D linked limb models can offer insights into kinematics, they fundamentally
struggle to provide meaningful dynamic estimations. As an alternative, 3D skeletal
models based on the animal’s internal geometry offer a more accurate approach. For
instance, Andrada et al. [30] used skeletal models derived from x-ray fluoroscopy to
estimate dynamics. Similarly, skeletal models combined with marker-based motion
capture have been employed to analyse the dynamics of greyhounds [31, 32]. These
models provided a deeper understanding of animal motion by leveraging detailed
anatomical geometry.
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Notably, skeletal models do not necessarily require a full-body representation to
provide accurate analyses. Becker et al. [33, 34] demonstrated this by using a single-
limb model of a horse, consisting of five joints based on scanned skeletal geometry,
to compute joint reaction forces. Despite the use of a partial model, they were able
to estimate and validate joint loading with significant accuracy, illustrating that
simplified skeletal models can yield detailed insights.

A common theme across the use of skeletal models is the reliance on biomechanical
analysis software to assist in their computations. The aforementioned studies on
skeletal models consistently used OpenSim [35] for their analyses. Based on these
findings and recommendations, creating a skeletal model and employing biomechan-
ical modelling software appears to provide substantially more freedom and accuracy
than relying on simplified linked limb models.

2.7 OpenSim

Based on the clear advantages of using biomechanical models for analysing animal
dynamics, it is evident that this approach is both suitable and effective. OpenSim?®
is an open-source software system for biomechanical modelling, simulation, and
analysis. It is the most widely used biomechanical analysis tool and has garnered
thousands of researchers due to its accessibility and broad applicability in biome-
chanical studies [36].

Simulations representing the dynamics of movement complement experimental data
by calculating quantities that cannot be directly measured. These simulations are
invaluable for understanding movements and conducting analyses that are either
challenging to perform experimentally or impossible to achieve otherwise. By com-
bining simulations with experimental data, a more comprehensive understanding of
the dynamics at play can be achieved.

OpenSim offers two primary approaches for this purpose:

* Forward Dynamics: This approach is applicable when muscle or actuator
activations are known. By using these activations as inputs, the resulting
motion can be predicted. While forward dynamics is a powerful tool, it is less
relevant to this project except in cases of direct validation.

* Inverse Dynamics: This process uses experimental measurements of a subject’s
motion to derive meaningful insights into the forces and actuation required to
produce the observed movements. Inverse dynamics is a common strategy for
integrating experimental data with musculoskeletal models. The workflow for
this process is illustrated in Figure 2.4.

The first step in inverse dynamics involves using a biomechanical model of the body
to convert marker position measurements into joint angles through a process called
inverse kinematics. After the experimental data is mapped onto the model, the joint
angles are differentiated with respect to time to estimate joint angular velocities and
accelerations. These values, combined with measurements of external forces applied

Shttps://opensim.stanford.edu/
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to the biomechanical model, are used to estimate joint moments. Furthermore, the
model can be enhanced with optimisation algorithms to calculate muscle forces or, in
cases where muscles are not modelled, actuator controls.

External forces

Velociries,
Muscle forces Moments Accelerations  Angles Positions

Inverse
kinematics

nverse
dynamics

FIGURE 2.4: Elements of a typical inverse dynamics analysis. Adapted
from [36]

2.8 OpenSim Moco

Musculoskeletal simulations in OpenSim are often categorised based on how the mo-
tion is derived. Motion can either be measured through experimental data, resulting
in prescribed motion, or predicted by the simulation itself. A third category, which
lies between prescribing and predicting motion, is tracking motion, where errors
between model kinematics and reference data are part of the problem. In this case,
both the underlying model and the data contribute to an optimal control problem.

Optimal control problems seek the parameters and time-varying controls of a system
that minimises a cost (e.g. energy consumption) subject to the system dynamics,
which are expressed as differential-algebraic equations [37]. These problems are often
highly complex, and writing code to solve them can be time-consuming. As a result,
many biologists lack the technical expertise required to implement such solutions
effectively.

OpenSim Moco, introduced by Dembia et al. [38], is an open-source, customisable,
and extensible software toolkit designed to solve optimal control problems with
OpenSim musculoskeletal models. Figure 2.5 provides an overview of the problem
that OpenSim Moco aims to address:
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FIGURE 2.5: Problem definition used by Moco [38]

Typically, solving optimal control problems in their simplest form uses a form of
trajectory optimisation called single shooting, which involves finding solutions to the
initial value problem for different initial conditions until one finds the solution that
also satisfies the boundary conditions of the boundary value problem [39].

A more popular method in recent times, however, is direct collocation, which is
much faster. Direct collocation avoids the need for time-stepping integration and
allows a more easily configurable trade-off between accuracy and computational cost
compared to direct multiple shooting [37]. Direct collocation produces a nonlinear
program in which the states are introduced as variables, and the system dynamics
are enforced as constraints.

To solve optimal control problems with musculoskeletal models, which often lead
to optimisation problems with thousands of variables, Moco uses direct collocation.
The downside of implementing this manually would be the bookkeeping associated
with solving a problem with that many variables. By using Moco, the downsides of
the method itself are mitigated.

Consequently, the exact step-by-step process of implementing a direct collocation
method to solve the optimal control problem falls outside the scope of this review.
However, it is important to understand the formulation of the problem that Moco
solves to maintain control over the simulation and ensure the solution aligns with
the expected results. This is presented in Moco as a "MocoProblem", which allows
for the creation of custom cost functions as well as custom bounds for the trajectory
optimisation problem. Figure 2.6 provides a brief overview of a MocoProblem.
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FIGURE 2.6: Overview of a MocoStudy [38]

2.9 Cost Terms, Dynamics, and Constraints

Computational modelling and optimisation of musculoskeletal motion require care-

ful consideration of dynamic principles, anatomical constraints, and performance
objectives. The MocoStudy framework addresses these challenges by formulating

motion optimisation as an optimal control problem, enabling the customisation of
cost functions, dynamic constraints, and boundary conditions to simulate physiolog-
ically plausible movements. This section outlines the foundational components of

such optimisations.

2.9.1 Cost Terms

In a MocoStudy, a weighted sum of several cost terms can be minimised by appending
terms to the initial optimisation problem. Notable examples include:

* MocoControlGoal: Minimises the sum of squared controls.

e Deviation from Observed Motion: Minimises the deviation of the model’s

motion from experimentally observed motion.

* Joint Reaction Loads: Minimises the joint reaction forces or torques.

* Motion Duration: Minimises the duration of a motion to meet specific timing

constraints.

* Other Costs: Any other custom cost terms can be incorporated as needed.
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2.9.2 Multibody Dynamics, Muscle Dynamics, and Kinematic Constraints

OpenSim models are a widely used format for modelling musculoskeletal systems,
and Moco utilises these models to obtain the underlying differential-algebraic system
of equations. These equations encompass:

* Multibody Dynamics: Governs the motion of bodies interconnected by joints.

* Muscle Dynamics: Includes muscle activation dynamics and tendon compli-
ance.

¢ Kinematic Constraints: Useful for modelling anatomy that cannot easily be
described with standard joints, or when precise modelling of ligaments and
cartilage is needed. Kinematic constraints are also necessary for modelling
closed kinematic loops.

2.9.3 Boundary Constraints
Users can enforce boundary constraints, such as:
* Average Speed: Enforcing a specific average speed during motion.

¢ Symmetry: Imposing symmetry constraints between the left and right sides of
the model.

¢ Periodicity: For periodic motions, boundary constraints relate the initial and
final states.

2.9.4 Bounds on Variables

Users can set bounds on various variables, including:
* States: Limits on the state variables, such as joint angles and velocities.

¢ Controls: Boundaries on control inputs, such as muscle activations or actuator
forces.

¢ Initial and Final Time: Constraints on the time intervals for the motion, which
are important for motion duration and synchronisation.

These terms are relevant to the study and provide the flexibility needed for controlling
and optimising musculoskeletal simulations.

210 Previous Work on Musculoskeletal Models for Gait Anal-
ysis and Prediction
The problem of optimising gaits is not confined solely to inverse dynamics. As such,

the relevant literature regarding the use of OpenSim and Moco for solving such
problems may provide useful insights for addressing the challenges at hand.

Moco itself is relatively new, having been released within the last five years. Due to
its recent development, many problems that may benefit from its capabilities have
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not yet been fully explored, meaning that Moco presents potential for enabling novel
work in biomechanical optimisation.

Despite being in its early stages, Moco has already seen application in various stud-
ies aimed at solving problems where collecting all the necessary data required for
performing inverse dynamics is not feasible. This demonstrates promise in tackling
complex biomechanical problems that may not be easily addressed using conven-
tional methods.

Two standout papers have used OpenSim Moco for gait analysis in animals. The first
paper [40] employed a musculoskeletal model for the predictive simulation of an emu
walking. In the absence of reliable motion capture data, the model was able to predict
GRFs and muscle forces that closely aligned with expected values. However, the
emu is a bipedal animal, so while this study offers valuable insights into performing
dynamic analysis using Moco, its approach is more broadly applicable to bipedal
gaits.

The second paper by van Bijlert et al. [41] also utilised a musculoskeletal model for
gait analysis. In this study, however, the analysis was performed on a horse. While
the focus of the paper is on predictive simulation, the methodology is applicable
to quadrupedal gait analysis and provides useful insights for addressing similar
challenges in quadrupeds.

Finally, Bottini et al. [42] explored the use of Moco for predicting GRFs in humans
based on IMU-based kinematics. The results demonstrated that despite inaccuracies
in motion capture, GRFs could still be estimated using optimisation techniques.
Although this study focused on bipedal motion, it is promising as it shows that
dynamic analysis is possible even when GRF data is not directly available.

While these studies are promising, they do not directly address the specific problem
athand. Each of these papers provides valuable insights into how optimisation can be
applied in Moco to perform dynamic analysis, but they all solve a problem different
to the one at hand. The application of trajectory optimisation using a skeletal model,
particularly based on kinematics, is therefore a novel approach, especially when
using Moco and addressing the problem from a biomechanics standpoint rather than
a strictly mathematical perspective.

2.10.1 Previously Work on Dynamic Analysis of Cheetahs

It is necessary to mention that dynamic analysis of cheetahs is not entirely novel
either. The works covering it are however extremely limited.

Zhang et al. [43] discuss the biomechanical analysis of cheetahs based on digital
reconstruction. . However, their analysis relies on a single video, making the motion
capture strictly planar and limited to a single-camera perspective, which is insufficient
for accurate 3D motion tracking. Additionally, their joint torque estimations are
derived directly from manipulator equations, without accounting for GRFs. As such,
their stance phase calculations are unreliable and cannot be used for comparison.
Instead, their findings are only relevant for analysing the flight phase, where no
ground contact occurs.
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Da Silva et al. [44] however,considers torque estimation along with force estimation.
While their approach to torque estimation is more robust than the method in [43],
their method relies on initial GRF data for contact estimation. This GRF data is
sourced from [45], meaning that their torque estimates are heavily dependent on
pre-existing GRF measurements. Consequently, their force estimations are essentially
reverse solutions constrained by the input data. For that reason, while their research
aligns with the objective of torque estimation, their methodology and reliance on
predefined GRF data differ significantly from the approach taken in this project.
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Chapter 3

Method

This chapter outlines the overarching methodology of the project, which is organized
into three main components: data collection and photogrammetric reconstruction,
kinematic estimation, and dynamic estimation. Each of these components is explored
in its own dedicated chapter, however this chapter provides a roadmap that not only
previews the content of the subsequent chapters but also clarifies how these processes
interrelate and support the overall analysis.

The discussion begins with the data collection process, which is essential for establish-
ing a reliable foundation for the project. Initially, the configuration and verification
of a multi-camera system are described, with preliminary 3D computer graphics
simulations playing a crucial role in optimising the camera setup. The chapter further
explains the pipeline used to transform these video frames into detailed point clouds
through photogrammetric reconstruction techniques.

Following the data acquisition, the chapter covers the kinematic estimation process.
This section discusses the use of “virtual markers” and a skeletal model to facilitate
the inverse kinematics process in OpenSim. This section details the process of going
from raw 3D point clouds to a detailed motion model of the cheetah.

The final section of the methodology focuses on dynamic estimation, where trajectory
optimisation is employed to predict ground reaction forces and joint moments in
the absence of direct force measurements. This outlines the optimisation strategy
that ensures dynamic consistency of the initial motion capture, effectively bridging
the gap between kinematic data and an estimation of the animal’s dynamics. This
section explains optimisation strategy employed to achieve dynamic consistency
from the motion capture data in order to estimate the animals” dynamics. This final
stage integrates the preceding processes and ties together data collection, kinematic
analysis, and dynamic modelling into a coherent methodological framework.

3.1 Data Collection

The goal of this thesis is ultimately to develop a methodology for performing kine-
matic and dynamic estimation on cheetahs in-the-wild. Traditional motion capture
systems, such as markered mocap are deemed to be too invasive and infeasible for
use in uncontrolled environments, especially with untrained animals. Consequently,
this requires some form of markerless motion capture.
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Dynamic estimation, requires kinematics with very high levels of accuracy. This
means that the standard markerless motion capture approaches, taken by previous
attempts at cheetah motion capture, are often subpar or totally unusable for further
analyses. For this reason, the use of a photogrammetric approach to transform the
traditional markerless motion capture problem to a markered one is proposed. 3D
photogrammetric reconstructions however, present their own unique challenges
separate from motion capture or 3D key point estimation.

To this end, the development of a new method for estimating the joint positions
and pose of cheetahs in the wild requires the collection of data that aligns with
the method for 3D reconstructions of the animals” surface. Photogrammetry relies
heavily on texture and as such cheetahs provide an ideal subject for performing
photogrammetric reconstructions on due to their unique skin pattern. That said,
performing 3D reconstructions of the animals’ surface requires a very specific setup
to obtain usable data.

The first step to this aim, before experimental data collection can be carried out, is to
determine an appropriate camera setup. In this case, simulation using 3D computer
graphics software is used to simulate an approximate representation of the presumed
environment where the experiment is to take place. Following simulations, the camera
system was tested using dogs as test subjects and the system was further adjusted
and verified in simulation. Following the verification of the system in simulation and
in testing, data collection took place at the Ann Van Dyk Cheetah Centre in North
West, South Africa, a facility dedicated to cheetah conservation and research. The
setup itself consisted of 14 Gopro hero 12 black cameras', each recording at 2.7k
resolution at 240 frames per second. Alongside running trials, walking trials were
also recorded as both motions lie within the scope of the project. The cheetahs were
observed running on six days and walking trials were collected on three days. The
result was 12 running motions captured alongside 15 walking motions captured. A
photograph of the setup used for the running trials is shown in Figure ??.

3.1.1 Point Cloud Synthesis

Following the data collection process, the video data was curated, processed and
formatted for generating 3D point clouds. Figure 3.1 illustrates the processing pipeline
for the generation of 3D point clouds.
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Data
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FIGURE 3.1: Point cloud synthesis pipeline

Ihttps://gopro.com/en/us/shop/cameras/hero12-black/CHDHX-121-master . html
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First, the synchronised video frames are extracted and separated depending on which
side of the camera array they are on (i.e left or right side). The cheetah is isolated in
each image and the background is masked. Notably, the entire background is not
completely masked out of the images, as the 3D point clouds are additionally used
for ground plane estimation. After the masking process, the images on each side are
reconstructed. The camera system is calibrated initially and these parameters are
further refined using COLMAP’s bundle adjustment feature at the beginning of each
trial to offset any deviation in camera parameters that might have occurred during
the experiment due to uncontrolled conditions. Following reconstruction, the point
clouds are fused based on the camera parameters. Figure 3.2 shows the point cloud
reconstruction alongside the camera parameters.

Following the point cloud reconstruction phase, the masked cheetah was removed
from the scene, and the final point cloud underwent a post-processing stage to clean
it up. Additionally, the point clouds were used to define a ground plane. This ground
plane was used to ensure the correct orientation of the scene relative to the z-axis
(assuming z is upwards).

The 3D reconstructions were then evaluated on two metrics, namely silhouette com-
pletion and density, to ensure that the resulting point clouds could be used further
and taken as a form of ground truth for marker approximation. A further qualitative
analysis was performed as well.
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FIGURE 3.2: 3D reconstruction of entire scene

3.2 Kinematic Estimation

Following the 3D reconstruction of the cheetahs, kinematic estimation was performed
using virtual markers generated from the 3D point clouds and video data. The
purpose of inverse kinematics is to estimate the joint angles of a subject based on
experimental data.

To create virtual markers, specific spots were strategically chosen on the cheetah’s
fur from the collected video data. These markers were initialised in the first frame
and tracked automatically using Blenders built in tracker throughout the entire video
segment. Subsequently, the markers were projected onto the 3D point cloud. This
approach was preferred over the standard triangulation process, as triangulation is
prone to errors if the keypoints are not accurately identified. Moreover, the marker
locations for each marker are subject to varying levels of error and accuracy. By
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confining the marker positions to a solution space using the point clouds, these errors
were mitigated.

After the markers were projected, a marker set was created for each trial. A model for
constraining the kinematics was then developed, based on the real cheetah skeleton.
Joint constraints were derived both from observed motions and existing literature.

The motion capture process adhered to OpenSim’s standard practices. Figure 3.3
illustrates the inputs and outputs of the inverse kinematics process in OpenSim.

Scale.xml

Markers.trc

Inverse Kinematics Kinematics.mot

Model.osim

FIGURE 3.3: OpenSim Inverse Kinematics process

The primary inputs to the IK process are the following files:

* Model.osim: A subject-specific OpenSim model. OpenSim models are defined
by an XML file that contains the model parameters. The model itself can be
manually created, as done in Andrada et al. [30]. In this project, the model was
constructed using a combination of OpenSim Creator [46], Muskemo [47], and
manual editing of the XML file.

* Markers.trc: A file containing experimental marker trajectories for a trial ob-
tained from a motion capture system, along with the time range of interest. The
".trc" file format is native to OpenSim. However, due to the widespread use of
OpenSim in biomechanics research, the ".trc" format can be easily converted to
industry-standard formats such as ".c3D" or VICON.

* Scale.xml: A file containing all the settings information for the IK tool, includ-
ing the framerate, trial length, and marker weightings. Marker weightings
allow certain markers related to specific body parts to be prioritised during the
optimisation process.

The output is a single file:

* Kinematics.mot: A file stored in OpenSim’s native format. The joint angles for
each body part are described using Euler angles [48] Notably, the angles in the
".mot" file are relative, not absolute. The default unit is radians, as opposed to
degrees.

Following the inverse kinematics process, joint angles derived from IK were evaluated
for biomechanical plausibility using a periodicity and variance analysis. A sensitivity
analysis was also performed to analyse the effect any scaling or manual adjustment
might have on the final output. Given that there exists no true measurement of the
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cheetahs” actual joint positions, these results are analysed stricly for the purpose of
assessing the method’s validity

3.3 Dynamic Estimation

The ultimate goal of this project is to provide a method to perform dynamic estima-
tion of the cheetah based on some initial kinematics. Traditional inverse dynamics
methods, which provide accurate solutions, rely on precise kinematics and external
forces. In the absence of GRFs, however, the problem becomes significantly more
challenging.

To address these challenges and the lack of GRFs associated with the kinematic
data, trajectory optimisation is employed to generate physically realisable motions
from the captured data. This approach enables a reasonable prediction of GRFs and,
subsequently, joint moments.

For this purpose, OpenSim’s Moco was used to formulate the trajectory optimisation
problem. A kinetic model based on CT scan data of a cheetah was developed to
associate rigid body parameters with the previously created skeletal model. Once the
kinetic model was established, an optimisation problem was formulated to solve for
optimal control.

Directly tracking the kinematics and using them to solve for joint moments and
external forces through a single stage of optimisation would result in a dynamic
solution requiring large residual forces to maintain system consistency. To address this
issue, the optimisation process is divided into two stages, as illustrated in Figure 3.4.

Actuator Controls

Joint Kinematics Actuator Controls

M. Stage 2: GRF Estimates

Stage 1:
Tracking Optimisation

Dynamic Optimisation

Dynamically Consistent
Kinematics

GRF Estimates
Skeletal model

FIGURE 3.4: Optimisation Process

In the first stage, the optimisation is formulated as a tracking problem. Initial kine-
matics are used to solve for actuator controls, refine the kinematics, and determine
system states, providing an initial guess for the second stage.

The second stage ensures the system maintains dynamic consistency. Trajectory
optimisation, when formulated as a predictive solver, requires an initial guess for all
states and controls. The results from the first stage serve as the initial guess for this
second stage. Here, a modified cost function is used to calculate GRFs and control
actuation, enabling the final computation of joint moments.

Due to the lack of ground truth data from measurements, the results for both GRFs
and joint torques are analysed qualitatively based on previous literature to confirm
the GRF profiles matched expected quadrupedal GRF patterns. This qualitative
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analysis evaluates whether the outcomes align with expected real-world behaviour,
providing insight into the method’s validity.

3.4 Software

The development of this project involves a diverse range of software and libraries.
This section provides an overview of the main software tools and libraries used
throughout the project. The first half of the project is primarily developed using
Python, while the sections requiring OpenSim and Moco are implemented using the
MATLAB [49] API for OpenSim and Moco.

Software Used

¢ Blender [50] : An open source computer graphics software used for 3D mod-
elling, animation, and rendering.

e COLMAP [23]: A popular implementation and library for SfM and MVS prob-
lems.

* MeshLab [51]: A widely used software system for processing and editing 3D
meshes and point clouds.

* OpenSim [35]: an open source software for biomechanical analyses.

Libraries Used

* OpenCV [52]: A cross-platform library for computer vision tasks, such as image
processing, feature detection, and video analysis.

* Open3D [53]: An open-source library for the rapid development of software
that deals with 3D data, including point clouds and mesh processing.

* PyMeshLab [54]: Python bindings for MeshLab, allowing automation of Mesh-
Lab’s features and integration with Python-based workflows.
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Chapter 4

Multi-camera Reconstruction of
Cheetahs in the Wild

Creating 3D reconstructions of wild animals is a complex task, particularly in uncon-
trolled environments. Previous efforts, such as AcinoSet [1], made significant strides
toward addressing the challenge based solely on joint positions, but ultimately failed
to provide a comprehensive solution. This chapter outlines the experimental design
and methodology developed to address the problem of 3D reconstructions of animals
in the wild.

The approach involves designing a setup capable of creating a full 3D reconstruction
of cheetahs using photogrammetry. The cheetah’s distinctive spotted coat provides
an advantage, enabling the application of MVS methods to reconstruct the animal’s
surface by exploiting the fur pattern. The focus of this chapter is on the techniques
used to capture video footage suitable for photogrammetry and on synthesising point
clouds from the video data.

The chapter is organised as follows: it begins with a discussion of the methodol-
ogy behind the experimental design, which uses simulated data to determine the
necessary setup for video capture. The process of reconstructing point clouds from
the captured videos is then described. Finally, both a quantitative and qualitative
analysis of the point clouds is presented to evaluate the effectiveness of the proposed
method.

4.1 Experimental Design

Designing experiments to collect video data in uncontrolled environments is challeng-
ing due to factors related to performing such an experiment in the wild. To overcome
the difficulties of designing an experiment with this uncertainty in mind, simulations
were employed as a foundational step before deployment in real-world scenarios.

This section outlines the experimental design, beginning with simulations used to
iterate on the setup and validate the feasibility of the approach. These simulations
provided a controlled framework to refine camera placements, relative positioning,
and data capture strategies. Following the simulations, the setup was tested in a
semi-controlled environment using dogs. This phase allowed for practical validation
of the methodology, consideration of unforeseen factors, not accounted for in the
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simulations, and further refinement of the experimental procedure before applying it
to wild cheetahs.

41.1 Simulations

Simulations serve as an essential first step in validating the use of photogrammetry
for 3D reconstructions of cheetahs. Key factors to be determined include the number
of cameras, their placements, and the feasibility of achieving results that can extend
beyond simulated scenarios to function effectively in real-world environments.

Blender[50], a comprehensive computer graphics (CG) software, was employed for
this purpose. Its capabilities include creating CG scenes and automated rendering
capabilities, making it an ideal tool for simulating complex setups. Furthermore,
Blender supports various camera models, allowing the simulations to closely mirror
real-world conditions. To facilitate the simulation process, a CG model of a cheetah
was used'. Figure 4.1 illustrates the simulated setup in Blender.

FIGURE 4.1: Pre-render of the simulated scene in Blender

4.1.2 Optimal Camera Number

Using the simulated scene in Blender, the optimal number of cameras was determined
by varying the number of cameras positioned on a single side of the setup. At each
step, the scene was rendered for every camera in the array. The rendered images were
then processed using COLMAPs” automatic reconstruction feature and a point cloud
was synthesised. The highest quality setting defined by COLMAP was used for this
step.

The quality of the point cloud was assessed at each instance and compared across
setups. Quality was quantified by the number of points in the reconstructed point
cloud, serving as a proxy for the area covered in the reconstruction. This analysis
is visualised in Figure 4.2, which shows the relationship between the number of
cameras and the point cloud quality as represented by vertex count. This provides a

Ihttps://www.cgtrader.com/3d-models/animals/mammal/cheetah-£862e1d0-4c6c-4cd6-907d-87das89eb9f11
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basis for justifying the purchase of cameras up to the point of diminishing returns.
From this analysis, it was determined that six cameras is the optimal number for the
setup. This decision is based on the observation that vertex improvements plateau
but the cost increases. However, to account for a safety factor, an extra camera was
added, bringing the total to seven cameras per side.
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FIGURE 4.2: Vertex count per camera

4.1.3 Optimal Camera Placement

Determining the optimal camera placement was a crucial step in ensuring the feasi-
bility of the experiment. Notably, there was inherent uncertainty in the real-world
implementation as the exact conditions were uncertain. Simulations were used once
again to establish an approximate layout that could be adapted to the real-world
scenario.

The GoPro cameras utilised in this setup have an 80-degree horizontal field of view
(FOV) when filming in linear mode. Additionally, according to Hudson et al. [55],
the stride length of a cheetah at high speed is approximately 6 meters. Based on this,
the cameras were arranged to accommodate this stride length. Using the determined
number of cameras, the cameras were positioned 3 meters away from the cheetah’s
central running line, with an average baseline of 15 cm between adjacent cameras.

A critical constraint in the setup was that the cameras could only be positioned
side-on as the cheetah passed through the centre of the capture area. This restriction
prevented the placement of cameras in front of or above the cheetah, limiting the
ability to capture a complete 3D point cloud directly. However, cheetahs have a
slim profile, and by calibrating the two side-view camera arrays, the separate point
clouds from each side could be fused to generate a comprehensive 3D reconstruction.
Figures 4.3 and 4.4 illustrates the camera setup and the resulting fused point cloud.
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FIGURE 4.3: Simulation renders
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FIGURE 4.4: Point cloud reconstruction of simulated images

4.2 Real World testing

After finalising the decisions regarding the experimental setup, the next step was
to test it in a slightly less controlled environment and to validate its performance
under real-world conditions. The setup was adapted for use with German Shepherd
dogs, which, while less textured than cheetahs, provided an opportunity to assess the
system’s ability to capture motion and generate point cloud reconstructions.

These tests highlighted several challenges. The cameras exhibited a tendency to
overheat during outdoor use, primarily due to the high computational demand and
strain on the internal batteries. Additionally, lens flare was observed in bright outdoor
conditions, which negatively impacted the quality of the reconstructions. To mitigate
overheating, the camera batteries were removed and external power banks were used
to power the cameras via the cameras USB-C connector. Custom lens hoods were 3D
printed for the cameras, effectively reducing glare and improving the consistency of
the captured video data.

Nk

FIGURE 4.5: Sample frame from four cameras captured during the
dog runs

4.3 Cheetah Data Collection

Building on the insights gained from simulations and real-world testing, the validated
system was deployed to capture motion data of cheetahs. The primary objective of
this phase was to acquire high-quality video footage of cheetahs both running and
walking, providing the foundational raw data for 3D reconstructions.

This section details the setup used for data collection, addressing the logistical and
technical problems encountered and the strategies employed to overcome them. All
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data collection was conducted at the Ann van Dyk Cheetah Centre in North West,
South Africa, a facility dedicated to cheetah conservation and research.

4.3.1 Data Collection Setup

The cameras were arranged based on the simulated design, with modifications to
accommodate the specific constraints of the cheetah track. The main track, which
contained a lure to motivate the cheetahs to run, was approximately 2 meters wide.
For safety reasons, the camera arrays were positioned at least 2.5 meters away from
the track boundaries, resulting in a total distance of 7 meters between the two camera
setups. This was slightly greater than the originally planned 6-meter spacing which
was determined based on the cheetahs’ stride length as well as the camera sensor

quality.
For walking trials these safety restrictions were relaxed, enabling the cameras to be
positioned closer to the track for higher-detail captures. In this configuration the

opposing cameras were spaced 5 meters apart, optimising coverage and resolution
for slower, more controlled movements.

Video footage for both walking and running trials was recorded at a resolution of
2.7K at 240 FPS, the maximum capability of the GoPro cameras used. Given that
consumer-grade cameras were used in this study, hardware synchronisation was not
possible. To ensure frame synchronisation across the camera arrays, a combination of
built-in time-code sync and a flashing LED was used at the start of each recording
session and before each trial. In all cases, syncronisation was performed within a
frame. Further subframe synchronisation is a limitation of the cameras themselves.
While this presents a potential issue, the large number of cameras mitigates large
synchronisation errors, making them less significant for photogrammetry.

The impact of synchronisation on photogrammetry has been extensively studied in
previous works [56-58]. These studies conclude that at sufficiently high frame rates,
synchronisation discrepancies become negligible, ensuring reliable reconstructions.

The layout of the track presented several challenges during the data collection process.
One of the most significant issues was the position of the cameras relative to the sun.
The orientation of the track caused one side of the setup to face directly into the early
morning sun, leading to glare and lens flare despite the use of custom-designed lens
covers. This negatively impacted image quality for certain cameras.

Furthermore,the setup time was limited to approximately 45 minutes before each
trial. This time restriction often prevented the precise alignment of the cameras to
match the simulated setup exactly. As a result, deviations in camera spacing, angles,
and overlap occurred. Figure 4.6 illustrates the camera setup for the running trials,
highlighting the layout and orientation of the arrays.
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FIGURE 4.6: Setup used for running trials

4.3.2 Calibration

Given the positioning of the two opposing camera arrays, 3D reconstruction required
performing two separate reconstructions, which were then aligned based on the
relative positions of the cameras. This posed a challenge for calibrating the opposing
cameras, as there was no direct overlap between their fields of view, making the use
of a standard calibration board impractical.

To address this, extrinsic calibration of all 14 cameras was performed in a single pass
using a 0.5m x 0.5m x 0.5m calibration cube equipped with ChArUco boards[59]
on each face. Figure 4.7 shows an image of the calibration object used for scene
calibration. The object itself is made from an aluminium frame with the boards
attached to it to prevent the boards from deforming or warping during the calibration
process. The ChArUco boards used have the advantages of both marker-based
and checkerboard-based calibration methods, providing robust feature detection at
different camera angles. To perform the calibration procedure, the Object was moved
across the capture area. For calibration, 500 frames were selected based on visibility
and used as the input. This process was performed iteratively, and calibration results
were only accepted when the total reprojection error was less than 0.25 pixels.

The calibration process was carried out using MC-Calib [60], a specialised calibration
toolbox for multi-camera systems that facilitates the calibration of converging vision
systems. This toolkit was crucial in ensuring accurate alignment of camera arrays
and achieving precise 3D reconstructions. However, given that the setup is meant
for photogrammetry, calibration can also be done using a calibration object without
the need for frame-by-frame calibration. Given an object of known dimensions, the
two-sided reconstruction can be aligned, thus providing a solution for the relative
camera positions.
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FIGURE 4.7: Calibration cube

4.3.3 Motion Capture

Data scarcity emerged as a significant challenge during both running and walking
trials. For running trials, only three cheetah runs were conducted per week, with
a maximum of two cheetahs run in a single day. This imposed a strict limit on the
amount of usable footage that could be captured. Additionally, some cheetahs did not
run effectively during their trials, resulting in suboptimal motion capture on certain
days. This variability in performance further reduced the availability of high-quality
running data.

For walking trials, the constraints were even more pronounced. Only cooperative
cheetahs could be used, thus further limiting the dataset. While most cheetahs
were accustomed to running along the track, far fewer were willing to participate in
controlled walking trials. During these trials, each cheetah was accompanied by a
handler to guide its movement and ensure it stayed within view of the camera array.
Despite this guidance, the animals’ natural behaviour meant that precise control over
their motion was often difficult. Consequently, only a limited number of complete
and usable walking cycles were recorded.

These limitations highlight the inherent difficulties of working with non-domesticated
animals, particularly in wild environments. The unpredictability of animal behaviour,
combined with previously mentioned constraints, highlights the complexity of ob-
taining large amounts of high-quality data for biomechanical studies.

In total 3 walking sessions were recorded along with 9 running sessions. Figure 4.8
shows a subset of the collected video frames.
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FIGURE 4.8: Sample frames from running trials (top three rows) walk-
ing trials (bottom three rows)

4.3.4 Data Curation

The quality of the reconstructed point cloud is heavily dependent on the input video
frame data. Before reconstruction, the collected video data must be analysed and
curated to remove frames deemed unusable. This ensures that only data suitable for
capturing the cheetah’s full surface is utilised. Given the uncontrolled outdoor envi-
ronment in which the experiments were conducted, several challenges compromised
the quality of the video data.
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Environmental factors accounted for most of the issues encountered during the
experiments. One significant problem was sand kicked up by the cheetah during its
sprints, which often obscured the visibility of the paws in the video footage. This issue
was especially prevalent in running trials, where sand clouds rendered many frames
unusable for full-body reconstruction. Another environmental challenge was lens
flare, caused by the fixed setup position and variable weather conditions. Lens flare
affected entire frames, making them overexposed and unsuitable for reconstruction.
Additionally, grass in the area occasionally occluded parts of the cheetah, further
reducing the quality of the data.

The cheetah’s behaviour introduced further complications. During running trials,
the lure system allowed the cheetah to run either along the center or outside the
designated track. While the system was designed for the cheetah to remain in the
center, instances where it ran closer to one side resulted in incomplete capture,
with only a portion of the gait cycle visible. In walking trials, the handler often
walked ahead of the cheetah to guide it and prevent occlusion. However, the cheetah
sometimes refused to follow, leading to situations where the handler inadvertently
blocked one side of the camera array, compromising the data from those frames.

These challenges highlight the inherent difficulties of conducting experiments with
wild animals in uncontrolled environments. Despite these limitations, a subset of
the collected data was suitable for reconstruction. Figure 4.9 illustrate examples of
discarded frames due to issues such as sand obscuration, lens flare, grass occlusion,
and handler interference. Out of the nine observed running trials, only 6 runs were
deemed usable. Similarly, 15 walking trials were conducted, of which 11 were suc-
cessfully curated for use in the reconstruction process. These limitations underscore
the complexity of working with non-domesticated animals and the unpredictability
of outdoor experimental setups.

FIGURE 4.9: Example frames from discarded sessions, highlighting
lens flare, sand occlusion, excessive proximity to the camera, and
handler obstruction



Chapter 4. Multi-camera Reconstruction of Cheetahs in the Wild 39

4.4 Point cloud synthesis

Following data collection, the next step was to synthesise point clouds from the
recorded data by transforming synchronised footage into detailed 3D reconstructions
of the cheetah.

The frames are processed using Sfm and MVS techniques to generate dense point
clouds. The cheetah’s textured coat helps match the initial features, thus improving
the density of the reconstruction. Post processing after the point clouds are synthe-
sised filters out noise and artifacts, resulting in a point cloud that captures only the
cheetah’s geometry. This section details the aforementioned steps used to generate
and refine the point cloud data.

44.1 Overview of Point Cloud Generation

Given the complexity of generating point clouds based through photogrammetry,
the process was based on previously implemented solutions addressing the MVS
problem. Specifically, 3D point cloud data was generated from the synchronised
frames using COLMAP, which allowed for the automation of dense point cloud
reconstruction across all frames in a sequence using custom command-line interface
code. The point clouds were reconstructed and aligned using the calibration object.

Due to the uncontrolled nature of the data collection environment, potential changes
in camera parameters must be considered, such as those caused by temperature
fluctuations, wind or changes in camera positions for any other reason. Since the
point cloud synthesis relied on known camera poses, these external factors could
introduce misalignments or changes in calibration. To mitigate the resulting error,
periodic calibration of the entire setup was avoided by re-calibrating the one sided
camera arrays at the beginning of each motion capture cycle using SfM. Calibration
points were extracted from the scene using SIFT algorithms [61]. By matching feature
points across the images, the camera extrinsic parameters were solved for using a
bundle adjustment algorithm, ensuring accurate alignment throughout the capture
process. A similar method of using SfM for calibration been used previously in multi-
camera setups, such as in the OpenMonkeyStudio dataset [6], where a multi-camera
setup was used for animal kinematic estimation.

To ensure the correct relative positioning between opposing cameras, the extrinsic
parameters obtained via SfM were robustly aligned to the extrinsic parameters calcu-
lated from the initial calibration run. This approach ensures consistent global scale
despite the inherently scale-ambiguous nature of SfM/MYVS reconstructions. This
method also generalises to setups where in-field calibration is impractical after the
initial setup or where calibrating a large multi-camera setup is infeasible. In such
cases, an object of known size, such as the calibration cube used in this project, can
serve as a reliable reference for calibration after the initial setup.

4.4.2 Preprocessing: Cheetah Masking

It is important to note that the MVS methodology used to generate point cloud data
from images reconstructs the entire scene. This differs significantly from the simulated
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reconstructions, where backgrounds are already segmented out. The presence of
the entire scene in the reconstruction process poses a challenge, as MVS algorithms
reconstructs every matching pixel. This means that for any given image set, all
matching pixels, whether from the background or the foreground, are reconstructed.

Isolating the subject (i.e. the cheetah) from the background after reconstruction thus is
needed to separate the subject in the final point cloud reconstruction. While this step
is not absolutely necessary for purely reprojecting image points onto point clouds,
it becomes essential when dealing with sparse point clouds, as meshing the entire
scene can present significant challenges from a topological standpoint.

To address this, the cheetah was masked using Segment-anything-2 (SAM2) [62].
SAM2 offers an advantage over other segmentation models of being able to perform
consistent segmentation across video frames. This means that only the initial frame
needs to be annotated. The remaining frames are automatically segmented, thus
streamlining the masking process. Additionally, SAM2 allows for further refinement
of the segmentation at discrete frames to ensure consistency over the entire sequence.
Figure 4.10 illustrates masked frames from both walking and running trials. Notably,
the background is still intact in the final image. While it is typical to remove the
non-subject area, in this case, the background provides vital information about the
ground plane, and is thus kept in the image for reconstruction.

FIGURE 4.10: Image masking process

4.4.3 Point Cloud Synthesis

Following the preprocessing and data curation steps, the final stage is point cloud
generation. Typically, photogrammetry pipelines, such as COLMAP, rely on unknown
calibration priors for each camera, meaning that each iterative set of frames would
have its own unique set of calibration parameters. However, since the goal is to
derive the animal’s pose from video sequences, maintaining scale consistency across
the entire sequence is essential. To achieve this, the calibration parameters are kept
consistent across all frames in a given run or walk. This ensures that scale is preserved
throughout the sequence, and the camera parameters are not iterated upon during
the course of a run. Scale drift is thus eliminated by keeping the camera intrinsics
and extrinsics constant throughout each trial.

The 3D point cloud data is generated from the synchronised frames using the al-
gorithms described by Schonberger [63]. COLMAP employs a patch match stereo
algorithm to compute depth maps for each image by analysing overlapping views
and estimating depth hypotheses for every pixel. These depth maps are refined itera-
tively using photo-consistency metrics and multi-view constraints to ensure accurate
correspondences across views. The process relies heavily on matching features across
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multiple images and, by extension, on the texture of the animal’s skin. Texture plays
a critical role in accurately capturing the animal’s body curvature, as it provides
distinctive points for reliable feature matching across views.

Finally, the depth maps are fused into a unified dense point cloud through the stereo
fusion process. This process projects the depth points into 3D space, combining them
while removing redundant or points with very high error. The result is a detailed,
colourised 3D point cloud that captures the geometry and texture of the cheetah in
high detail.

The cheetah itself is separated from the point cloud based on the colourised mask.
Since the cheetah is a different colour, the masking process is straightforward as the
resultant point cloud is colourised. The points that match the Red-Green-Blue values
of the mask are separated from the cheetah. The purple colour of the mask was thus
specifically chosen for this process.

4.4.4 Point Cloud Post-Processing

As a final step, the generated point clouds undergo filtering to remove noise from
the point cloud surface. This process occurs in two stages. The first stage involves
reprojection error filtering, where points with a reprojection error greater than 2 pixels
are removed. The reprojection error is calculated automatically during the dense
reconstruction process and the error metrics for all points are stored. Thus the point
clouds were inspected and based on the quality of the points, the specific threshold
was chosen that balances noise removal with data retention. This aligns as well with
COLMAP’s default filtering range which is within 1-4 pixels. This helps ensure higher
accuracy in the point cloud data by eliminating points that do not match well across
views or result from incorrect pixel matches.

The second stage of post-processing involves the application of a LooP algorithm [64],
which is used to remove any outliers that may remain outside of the desired recon-
struction area. This algorithm further refines the point cloud by ensuring that only
relevant points remain, which contributes to a cleaner and more accurate final model.

Once these steps are complete, the point clouds are considered processed and ready
for further analysis or integration into the motion capture pipeline. The initial and
final point cloud is shown in Figure 4.11

FIGURE 4.11: Initial point cloud and processed point cloud
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4.4.5 Ground Plane Approximation

An additional problem with data collection in the wild is the orientation of the world
frame. Camera calibration is typically done with either an object as a reference or
a camera as a reference. This means that for experiments where the camera setup
cannot be entirely controlled, as in the case of this project, the reconstructions are
often misaligned with the actual ground. This problem is however, solved by using
photogrammetry.

Due to the texture of the grass and sand in front of the cameras, the entire scene
can be reliably reconstructed. This means that assuming a planar floor surface, an
approximation of the ground plane can be derived from the point cloud. It must
be noted that the assumption made is that the ground surface itself is relatively
uniform. During the trials, the ground was observed to be flat with minimal long
grass. Therefore, both experimentally and theoretically, the ground can be considered
a plane.

By segmenting the area immediately in front of the cameras, the points in the point
cloud relating to the ground can be isolated. These points thus form a rough 3D
ground surface. To formally define this plane mathematically, a plane can be fit to the
points using the following procedure.

The ground surface is formed by a set of 3D points {p;} Y, the best-fitting plane can
be found as follows:

First, the centroid ¢ = % YN | p; is computed and subtracted from each point to centre
the data at the origin via p! = p; — c.

The centred coordinates are arranged into a 3 x N matrix, X, where each column
represents a point and N is the total number of points. The SVD of X is then computed:

X=UzV'. 4.1)

The columns of U are the left singular vectors, which form an orthonormal basis. The
normal vector of the best-fitting plane is given by the third column of U.

This SVD-based approach is particularly effective for noisy point clouds that deviate
from a perfect plane, as it minimises the sum of squared orthogonal distances from
the points to the fitted plane.

The final step involves reorienting the entire scene to align the best-fit plane with the
reference plane z = 0. This alignment is achieved by constructing a rotation matrix
from to plane normals, providing a canonical orientation for further analysis of the
reconstructed point cloud.

Over a trial, the plane fitting always produces a correlation coefficient of over 0.98.
This means that despite the initial noise on the ground plane point cloud itself, the
method remains robust to noise. Conclusively, the fitted ground plane is taken as the
true ground plane.
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® Fitted Plane
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FIGURE 4.12: Ground plane fitting for a point cloud

4.5 Results and Analysis

Two methods are proposed to analyse the results of point cloud synthesis. In the
absence of ground truth to directly evaluate the 3D accuracy of the point clouds,
alternative approaches are employed. Given that the point cloud reconstructions’
purpose is to serve as a solution space for any projected markers or points, evaluating
the overall quality of the reconstructed surface is vital in determining whether the
method and results are sufficient for further use.

Firstly, a quantitative analysis is conducted, focusing on metrics such as the com-
pleteness and density of the synthesised point clouds. Completeness measures the
extent to which the reconstructed point cloud represents the subject as compared to
the silhouetted masks, while density evaluates the distribution and spacing of points
across the cloud.

Secondly, a qualitative analysis is performed, involving a visual inspection of the point
clouds.his subjective evaluation assesses the fidelity and realism of the reconstruction,
providing insights into areas that a qualitative analysis might overlook

This section presents a detailed exploration of these analysis techniques and their
application to assess the effectiveness of the proposed methods.

4.5.1 Completeness

The completeness metric evaluates the coverage of reprojected points within the valid
regions defined by the mask silhouette. This measure is considered only for one-
sided reprojection only and serves as a heuristic to assess the success or failure of the
photogrammetry implementation. The mask delineates the region of interest (ROI)
boundaries, which the reprojection aims to cover. In this case, the mask from SAM2 is
taken as the ground truth measurement. SAM2’s segmentation exact pixel accuracy
was not manually validated as this was not possible. However, its consistency across
frames was visually verified, and errors (e.g. missing paws) were mitigated during
the initial masking phase.

Since the reprojection provides discrete pixel points projected onto the image plane,
an alpha-shape algorithm [65] is employed to create a continuous boundary around
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the reprojected points. This facilitates a direct and quantitative comparison of the
reconstruction area with the original boundary, independent of point density.

The mask is extracted as a binary image where white pixels define the valid ROIL The
projected boundary is overlaid onto the mask. Binary masks are then generated from
the original mask and the reprojected boundary.

The intersection between the reprojection mask and the segmented mask is then com-
puted to determine the reprojected area that lie within the valid ROI. Completeness
is then calculated as the ratio of pixels in the reprojected area to the total number of
valid pixels in the mask as follows:

Area of Reprojected boundary within mask

Total Area of Mask x 100. (4.2)

Completeness =

Figure 4.13 illustrates the mask and reprojected boundary for two images, with results
for walking and running trials compared. This separation is crucial because the high-
speed motion in running versus the slower motion in walking could lead to different
results due to differences in the camera setup, data capture process or reconstruction
process. The completeness results for 550 frames are summarised in Table 4.1.

TABLE 4.1: Completeness and standard deviation results for running
and walking trials

Trial Type | Completeness (%) | Standard Deviation (%)
Runs 89.52 1.83
Walks 93.81 1.20

From this analysis, it is evident that the point cloud coverage compared to the
silhouette covers nearly the entire surface. The difference in completeness between
running and walking trials is minimal, suggesting comparable performance across
these conditions. However, while this analysis provides insight into coverage, it does
not account for all factors affecting the quality of the reconstruction, particularly as it
is done independent of point cloud density.

4.5.2 Density

While the completeness measurement is independent of density, it is essential to
evaluate the density of the point clouds to provide a more complete analysis. The
density can then be estimated as a ratio. Given a silhouette previously defined as a
mask, instead of wrapping the points to measure completeness, the actual number of
reprojected pixels within the mask can be measured. This is expressed as:

Total Number of Reprojected Pixels

Density =
ensity Number of Pixels within Mask

x 100. (4.3)

The results for density in the same walking and running trials used for completeness
are summarised in Table 4.2.

When compared to the completeness scores, the density results reveal a more sig-
nificant difference between the walking and running trials. For the walking trials
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TABLE 4.2: Density results for running and walking trials with stan-
dard deviation

Trial Type | Density (%) | Standard deviation
Runs 18.42 4.21
Walks 23.56 0.73

the density is closer to one in four pixels being reconstructed while for running it is
closer to one in five. While the average density is comparable, what stands out is
the standard deviation. The density scores for the running reconstructions are much
more likely to be lower quality than the walking data.

To tie these results more closely to the actual scale of the cheetah and to gain an idea
of density irrespective of pixel size, the reconstructed point clouds were sampled
into segments in 3D space. These segments represent surface area segmentations
of the point cloud itself. Since the point clouds are scaled to match the real size of
the cheetah, this sampling allows for a measure of the actual real-world density. For
walking trials, the density of the point clouds is approximately 11 vertices per square
cm over the whole body. However, for running trials, the density drops significantly
to just 5 vertices per square cm.

Comparatively, the resolution of the point clouds and the high frame rate of the
cameras make photogrammetry a significantly more effective solution than standard
depth cameras, such as the Kinect Azure or Intel RealSense, as based strictly on their
point cloud densities [66, 67]. Given the number of cameras, their resolution, and the
specific settings used, this outcome is expected, as low-cost depth cameras are not
ideally suited for outdoor use.

These density measurements highlight a more pronounced difference between the two
trial types. Despite having very similar completeness scores and pixel reprojection
density, the walking trials exhibit nearly double the density of the running trials
when measured from the real world scale, providing a clearer picture of the disparity
between the two trial types. Notably, the pixel density itself did not differ too much,
thus pointing to the distance impacting the measurement as well. Figure 4.13 shows
the original image, the reprojection, and the masked reprojection.

FIGURE 4.13: Frames, reprojections and mask
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4.5.3 Qualitative Results

In addition to the quantitative metrics discussed above, the resulting point clouds
can also be evaluated qualitatively to provide a rough assessment of their accuracy.
While the silhouette-based metrics offer quantitative evaluation methods, they may
not always fully capture the nuances of the reconstruction and may be misleading.
For motion capture, the legs are more important than the body. Since the previous
metrics assess the body as a whole, a separate evaluation of the legs is not included.
However, qualitatively, point clouds can be assessed to determine whether they are
sufficient for further motion capture.

This subjective evaluation focuses on the visual inspection of the point clouds to
determine whether they align with expected characteristics, such as surface detail,
consistency and uniformity of the points. By examining the reconstructed surfaces,
further insights can be gained into the success or failure of the photogrammetry imple-
mentation beyond the numerical results. Instances of the original image, reprojection
and point cloud are shown in Figure 4.14.

The previously discussed density measurements were performed for the entire body.
However, qualitative observations reveal that the density around the body is notably
higher than that of the legs, particularly the leg in motion. This discrepancy is
expected, as the body generally exhibits more texture than the legs, resulting in a
more complete and detailed point cloud in these regions. Furthermore, in frames
where the paw is in contact with the ground or obscured by dust, the point cloud
density is significantly lower, with some segments of the paw and foot missing entirely.
While this poses a challenge, the legs, till the ankle, are generally well-preserved in
the point cloud.

The reduced density in the legs and paws may also be attributed to factors such as
synchronisation issues or motion blur in the cameras. During running, the legs and
paws exhibit the fastest motion, making these areas more challenging to reconstruct
accurately. Despite these challenges, the point clouds are qualitatively observed to
exhibit a high level of detail, with the overall reconstruction successfully capturing
key surface features. Notably, curvatures in the body, such that around the pelvis and
midriff of the animal are well defined in the point clouds. This level of detail can be
attributed to the animals skin texture.

From the qualitative evaluation, the reconstructions demonstrate a near-complete
representation of the cheetah. Notably, regions with little to no texture, such as large
black blotches on the tail, ears, or face, exhibit patches where the reconstruction is
less dense. These observations align with the initial premise of aiming to leverage
the cheetah’s distinctive texture to achieve more accurate reconstructions compared
to an untextured animal. The results highlight the importance of surface texture in
the photogrammetry process, as areas with richer texture demonstrate significant
differences in completeness and density of the reconstructed point clouds.
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FIGURE 4.14: Video frame, point cloud reprojection and 3D point
cloud
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4.6 Discussion

The lack of conclusive measurements across the entire surface of the cheetah has been
identified as a significant limitation for accurate pose estimation and reconstructions
of the animal in general. The photogrammetry system and the resulting point clouds
presented in this chapter represent a substantial step towards addressing the absence
of a ground truth for 3D keypoint estimation.

The data collection process and point cloud synthesis described in this chapter have
yielded promising results. Considering that photogrammetry has not previously
been applied to high-speed animals, especially in natural environments and with
low-cost camera setups. These findings suggest that photogrammetry can be a viable
method for capturing highly detailed 3D representations of fast-moving subjects.

The density and completeness metrics of the reconstructed point clouds suggest
that the results are reliable and can be accepted. In the absence of an actual 3D
ground truth—which is not available in this context—the reconstructed point clouds,
particularly those from walking trials, provide a highly accurate estimate of the
cheetah’s outer surface. These reconstructions can be regarded as a form of potential
pseudo-ground truth for 3D measurements.This could be experimentally verified
using more expensive depth cameras. However, given the low-cost approach of this
project, such an investigation is considered beyond its scope.

The findings also highlight areas for improvement. Higher-resolution cameras and
better synchronisation, especially during high-speed movements, could enhance the
accuracy and quality of the reconstructions. Such improvements may lead to an even
more precise approximation of the cheetahs” outer surface further advancing the
utility of photogrammetry for biomechanical analyses.

Given that this approach was designed to address the shortcomings of AcinoSet, the
point clouds and associated depth maps generated from them provide a solution for
reconstructing the cheetah’s actual surface—something not possible with AcinoSet’s
method or data. Unlike AcinoSet, which reconstructs sparse joint positions, our
method captures the cheetah’s full surface geometry. Thus, the ability to recreate
the cheetah’s full surface in motion pre-emptively addresses concerns raised about
AcinoSet regarding the accuracy of its 3D reconstruction.

Nonetheless, the point clouds presented in this chapter address the challenge of
reconstructing a complete 3D surface of the cheetah. This surface serves as a solution
space for projecting markers, forming the foundation for a solution to the markerless
motion capture problem.
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Chapter 5

Kinematic Estimation

The state of the art for motion capture involves the use of marker clusters on limb
segments [68]. While this approach works well for human subjects, applying markers
to animals is often impractical. Furthermore, the absence of markers compounds the
difficulty of achieving accurate 3D joint estimates, as markerless approaches generally
result in lower accuracy.

Markerless motion capture, which has become a popular method for animal kinematic
estimation, is heavily reliant on single-marker estimation for each limb segment. This
reliance on joint markers, combined with triangulation methods for estimating 3D
positions, introduces inherent limitations to the method that undermine the goal of
achieving precise kinematic measurements.

To address these limitations, this chapter proposes an alternative solution to tradi-
tional markerless motion capture approach. By leveraging the initial point cloud
estimates and further exploiting the unique skinned pattern of the cheetah, the
markerless motion capture problem is reformulated to align more closely with state-
of-the-art techniques used for human motion capture and kinematic estimation.

The chapter is structured as follows: an overview of the proposed approach is
presented first, followed by a discussion on marker tracking based on the cheetah’s
skin pattern. The methodology for 3D reprojection of markers is then described,
leading into the derivation of a 3D kinematic model. Using the identified markers, an
inverse kinematics problem is formulated, and the chapter concludes with an analysis
of the kinematic estimation results.

5.1 3D Marker Estimation

This method aims to enhance the accuracy of markerless motion capture for animal
kinematic estimation such that it aligns with the requirements for biomechanical
analysis. The method leverages the unique skinned pattern of the cheetah and initial
point cloud estimates to overcome the limitations of markerless motion capture
techniques.

The point clouds used in this chapter are derived from the multi-camera setup
described in Chapter 4. This provides a complete surface mapping of the cheetahs’
skin and thus provides a solution manifold for marker projection.
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Instead of relying on physical markers, the distinctive fur pattern of the cheetah
is exploited to track movement across its body and allows for spots to be tracked
throughout the video frames. This is achieved through optical flow techniques en-
abling automation after initial marker registration. These markers are then reprojected
back to the point cloud surface using known camera parameters. Following this, the
initial problem has been transformed into a traditional markered motion capture
approach.

Following marker estimation, a 3D kinematic model of the cheetah is constructed
to represent the joint positions of the underlying skeleton. This model forms the
basis for solving an inverse kinematics problem, where the joint angles and body
positions that best explain the observed marker positions are estimated. By aligning
the measured data with the kinematic model, a more accurate reconstruction of the
cheetah’s movements can be achieved. Furthermore, this step allows the motions
to be constrained depending on the underlying degrees of freedom afforded to the
kinematic model.

5.1.1 2D Marker Estimation

For the point clouds to be used further, discrete marked locations along the cheetah’s
spots need to be placed for the entire trajectory. Unlike traditional markerless motion
capture methods, these virtual markers are not placed at joint centers but are instead
located at spots on the cheetah’s body.

Tracking these markers over an entire trajectory presents its own challenge. In
traditional markered setups, infrared markers can be isolated to determine their
exact positions. To apply a similar technique, the video frames are processed to
identify regions with the highest levels of contrast. Thus, the distinctive spots of the
cheetahs, which provide high contrast regions, are used as virtual markers. These
spots are tracked using Blender’s VFX framework, which employs a robust variant
of the Kanade-Lucas-Tomasi algorithm [69]. Tracking is done frame by frame, using
the pattern from the previous frame to improve robustness and account for skin
deformations. Figure 5.1 illustrates the deformation of a single marker over time as

" .
‘

FIGURE 5.1: Marker variation of a single spot over a trial

This automated approach is significantly faster than manual marking, which takes
approximately 10 minutes per 100 frames. By comparison, automated tracking
is nearly instantaneous after initial marker placement. Additionally, this method
provides more consistent marker placement over time than deep-learning-based
approaches such as DeepLabCut.

In theory, the number of trackable spots is only limited by the number of visible
spots on the cheetah. While skin displacement remains an unresolved issue, even
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in traditional markered motion capture, increasing the number of markers beyond
joint centers and careful marker placement helps mitigate its impact [70, 71]. Thus, to
minimize the effects of skin displacement, markers are strategically placed near bony
regions. Figure 5.2 shows sample marker locations for a walking and running trial
along with their trajectories.

FIGURE 5.2: Video frames showing marker tracking

5.1.2 Marker projection

After obtaining the 2D marker-set, the next step is to get the 3D locations of the
markers. This serves as the final step in the problem reformulation of markerless
mocap to a markered mocap problem.

Given a set of marker locations in pixel coordinates, first a projection from the image
plane to the 3D point location is needed. The mapping for projection from 3D world
coordinates to camera coordinates to pixel coordinates is given below.

[Xw} Yu; Zw] — [Xc/' Ye; Zc] - [U; V; W] (5-1)

Here W = 1. The reduction in dimensionality of the mapping becomes apparent,
namely the depth loss associated with the mapping R> — R2. Thus, the projection
from the image plane back to some 3D point contains a degree of ambiguity that
for a given pixel coordinate [u’;w'] there exists a one-to-many mapping for the
corresponding 3D point [X],; Y},; Z!,] along the projection ray corresponding to the
same image coordinates.

Only with additional knowledge of the depth d(x, y) is it possible to uniquely invert
the projection process. The depth refers to the distance of the 3D point on this ray.

Given a pixel coordinate x,y, we can reconstruct its corresponding 3D ray through

1) Normalized Image Coordinates:

X X
gl =K1 |y|. (5.2)
1 1

where K is the camera intrinsic matrix.
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2) Ray Formation: The ray in world coordinates is defined by an origin C and
direction d:

C=-R"t (5.3)
X

d=R" |7|. (5.4)
1

3) Ray Equation: The ray in world coordinates is parametrised as:
X(A)=C+Ad, A>0, (5.5)

where A is a non-negative scalar representing the distance along the ray.

To resolve depth ambiguity, the closest point on the point cloud, P, to the ray is
identified. The point cloud P is obtained from a depth sensor or a 3D reconstruction
algorithm. Since point clouds are discrete and irregular, meshing via the alpha
shape algorithm [65] creates a surface representation, which is resampled for uniform
density.

The closest point, p* € P, to the ray minimizes the perpendicular distance computed
as:

p* :argminH(p—C)— <(p—C) -tf)cf , (5.6)
peP
where d = dyor1q/ ||dworia|| is the unit direction vector, and || - || is the Euclidean norm.

The depth d(x, y) is then derived from the position of p* along the ray as:

d(x,y) = |[p* = Cl. (5.7)

—— Camera Rays
Point Cloud
@ Reprojected Points
@ Camera Center

FIGURE 5.3: Image showing points reprojected from camera to 3D
point cloud
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5.1.3 Foot/Paw Prediction

Based on the results presented in Chapter 4, there are cases where the generated point
cloud does not include the foot or paw. In such instances, directly projecting and
estimating the depth of the markers leads to incorrect outcomes.

To address this issue and improve the accuracy of foot and paw marker predictions,
an alternative approach is proposed. When the perpendicular distance to the closest
point, as defined by Equation 5.6, exceeds a threshold, it indicates that the foot was
not accurately reconstructed in the point cloud. In such cases, the nearest marker with
sufficiently low error as defined by the threshold is used instead. Since the ankle or
wrist marker are consistently projected accurately—due to the inclusion of the ankle
region in the point cloud data—its depth value is substituted to provide an initial
prediction of the 3D position of the foot or paw marker. Based on the average distance
between the markers, the depth is then scaled to get a more accurate approximation
than directly using another markers’ depth. This method assumes that the foot and
paw are approximately coplanar and that their motion relative to the ankle is not off
axis. Given that the ankle joint can be approximated as a hinge joint, this assumption
is reasonable.

To validate this method, trials were conducted on point clouds where the foot region
was initially included. The foot region was then removed, and the proposed method
was applied to calculate the 3D position of the missing markers. Over 300 frames, the
average error was found to be less than 0.5 cm, confirming the method’s efficacy. For
all cameras where foot or paw marker prediction was utilised, the animal’s motion
was restricted to a straight-line trajectory.

Marker Trajectories and Errors
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FIGURE 5.4: Ankle marker projection and prediction along with error
over time
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5.1.4 Marker Trajectories

Analysing the trajectories of the raw marker data provides insight into the overall
movement of the markers over time, including an estimation of noise levels and
variations in marker positions between frames. Figure 5.5 illustrates the trajectories of
five markers during a walk spanning two gait cycles. As shown, the markers exhibit
varying degrees of noise.

To mitigate this noise and prevent it from affecting the kinematic calculations, the
trajectories are then filtered using a second-order Butterworth low-pass filter with a
cutoff frequency of 6 Hz.

Marker Trajectories
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FIGURE 5.5: Marker trajectories in the x, y and z axis(z upwards)
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5.2 Kinematic Model

Tying the marker set to a realistic model is necessary for further biomechanical
analysis. To ensure that the model accurately reflects the internal skeletal geometry of
a cheetah, a skeletal model based on a real cheetah is used as the basis for kinematic
estimation. This section outlines the process of developing the cheetah’s kinematic
model.

5.2.1 Skeletal Model

The cheetah skeletal model was constructed using computed tomography (CT) data
from two adult cheetahs. The first CT dataset [72] consisted of 1982 slices (spacing
0.625 mm), with a resolution of 514 x 510 pixels (spacing 0.841 x 0.841 mm), covering
the entire body of the cheetah. The extraction of the skeleton was performed using the
Amira3D software package, and both the original CT data and the extracted skeleton
are shown in Figure 5.6.

Due to the poor quality of the full body CT scan, the extracted bones were often noisy
and fused with nearby bones. To address this issue, a second, higher-resolution CT
scan was used'. This scan focused exclusively on the cheetah’s bones, with a higher
resolution, which allowed for better separation of bones without interference from
surrounding muscle or fat. The bones extracted from the second scan were then
aligned with the original, full-body CT scan, resulting in a more accurate and clearer
skeletal model.

FIGURE 5.6: CT scan along with the segmented skeleton

University of Wisconsin Zoological Museum | Catalog Number:UWZS 23961
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5.2.2 Joint Centers

Accurately defining joint parameters is a challenging task, primarily due to the
inherent variability and complexity of biological structures in skeletal models. The
joint centers, serving as the center of rotation for the defined degrees of freedom,
must be precisely located. Small errors in its position can propagate through the
kinematic chain, amplifying inaccuracies in joint angle calculations and leading to
significant deviations when performing further biomechanical analyses, such as force
estimations and inverse dynamics.

To address this, the high-resolution skeletal geometry was used as the foundation
for defining the joint centers. This detailed geometry provided an anatomically
accurate framework for identifying and refining joint parameters. The process entails
segmenting the bones of interest from the skeleton, followed by fitting geometric
primitives—such as spheres and cylinders—to the segmented bone sections.

For ball-and-socket joints, like the hip, spheres were used to model the joint center,
ensuring precise alignment with the curvature of the femoral head. In contrast,
hinge joints like the elbow, which rotate along a single axis, were modelled using
cylinders to define the axis of rotation. Figure 5.7 illustrates this process, showing
both the original bone geometry and the fitted geometric primitives. The fitting
process employed a least-squares method to minimise error between the skeletal
mesh data and the modeled shapes.

By leveraging high-resolution skeletal geometry, joint centers and rotation axes were
defined with a level of accuracy far surpassing what could be achieved through
manual placement. This systematic approach not only improved the fidelity of the
kinematic model but also minimises error propagation throughout the kinematic
chain.

FIGURE 5.7: Joint centers for the femur and arm/scapula

5.2.3 Joint Constraints

The primary goal of developing a model for kinematic estimation is to ensure that
it accurately reflects reality. For this reason, the model’s joint angles are based on
anatomical measurements of cats and are not arbitrarily chosen. Additionally, by
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analysing the motions and initial joint angles, these joint constraints were further
aligned with the actual joint range of motion found in the cheetah. Properly defined
joint constraints are crucial for ensuring realistic motion and preventing implausible
movements. These constraints are further adjusted according to the specific applica-
tion of the model, in this case biomechanical analysis. For example, some joints are
constrained to motion along the sagittal plane only, reducing their degrees of freedom
from three to one.

The cheetah kinematic model consists of 24 joints and 27 degrees of freedom. Ta-
ble A.1, given in Appendix A, shows the model’s joints and their associated limits.
Each joint is restricted within a specific range, reflecting typical joint motion found
in other cats, as referenced in [73-77] as well as the joint constraints observed from
the colected video data. These ranges of joints and degrees of freedom are crucial
for ensuring that the model’s movements are physically realistic and anatomically
accurate. The complete skeletal model is shown in Figure 5.8.
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FIGURE 5.8: Kinematic model of the cheetah

5.3 Kinematic Estimation

The final step in preparing the mocap data for further analysis is the conversion of
3D marker data into kinematics, i.e joint angles. This conversion requires a kinematic
model that includes the internal joints of the cheetah as well as 3D marker locations,
both of which were obtained as previously described. This section outlines the process
of converting marker trajectories into kinematic estimates using a body model in
OpenSim, through inverse kinematics.
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5.3.1 Inverse Kinematics

For traditional markered motion capture problems, converting markers to joint angles
and body positions is a standard problem. Using the previously defined model, the
constrained kinematics can be calculated from the marker data using OpenSim. Given
that OpenSim is a biomechanical analysis software, the inverse kinematics step is
usually the first before any further analysis can be done [78].

OpenSim solves the IK problem by solving a weighted least squares optimisation
problem. At each time step of the recorded motion data, the inverse kinematics
algorithm computes a set of joint angles that positions the model in a configuration
that "best matches" the experimental kinematics. This "best match" is determined
by minimising the marker error, defined as the distance between an experimental
marker and its corresponding model marker.

Each marker is assigned a weight, which specifies the importance of minimising that
marker’s error term in the least squares optimisation. At each time step, the inverse
kinematics tool solves for a vector of generalised coordinates (i.e. joint angles), that
minimises the weighted sum of marker errors, as expressed by:

N 2
min = Zwi (fop — xlm"d(q)> , (5.8)
1 i=1

where g is the vector of generalised coordinates (e.g., joint angles), x;© is the position
mod
i

i (which depends on g), and w; is the weight associated with marker 7 [78]

of experimental marker 7, x"°“(g) is the position of the corresponding model marker

The result of this minimisation process is a set of coordinates that, over time, describe
the positions of the virtual markers and the joint angles of the model, allowing it to
closely follow the real movement of the subject.

A common practice in OpenSim is to ensure that the average RMS marker error over
a run remains below 2-4 cm [78]. To achieve this, the markers and model needs to be
scaled per trial.

5.3.2 Marker Placement

As mentioned, a common challenge in OpenSim, and in marker-based mocap in
general, is aligning the marker placement during trial runs with the corresponding
marker placement on the kinematic model. This issue has been the subject of several
research papers [79, 80], which aim to quantify the uncertainty of marker placements.
Typically, marker locations are estimated from static images and reconstructed in 3D.
The method used here is an adaptation of the approach suggested by Dunn et al. [79].
The key advantage over 2D image-based marker placement is that the previously
computed point clouds provide a more accurate representation of marker placements
in 3D space. This challenge can be addressed by using 3D point cloud data.

Initially, a rough estimate of the skeleton in a single pose is fitted to the marker
data. This pose can then be refined manually to ensure correct alignment with the
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skeleton. Following this, the markers are scaled over the entire run to minimise the
RMS marker error. This approach guarantees that the error at the scaled frame is
zero, effectively minimising the error throughout the entire run based on an initial
placement. Figure 5.9 illustrates the initial point cloud data, along with the final
marker locations on the skeleton.

It is important to note that the model included certain joints constrained strictly to
planar motion, particularly in the lower legs and arms. As a result, these motions
were not exact representations of the animal’s actual 3D movements but were instead
simplified for biomechanical analysis. This simplification is justified given that the
trials selected for walking and running involved strictly linear motion, making the
approximation valid.

Despite these constraints, all trials underwent the previously described process to
minimise marker tracking errors, as recommended in the OpenSim documentation.
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FIGURE 5.9: Resulting skeletal position along with point cloud and
markers for a walking and running motion
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5.4 Results and Analysis

Following the inverse kinematics process, kinematic estimation is complete. The next
step involved analysing the resulting kinematics. In the absence of ground truth data,
results from multiple trials were presented to provide a basis for evaluation.

A sensitivity analysis is conducted first. Since marker placement significantly impacts
the final results, the marker placement process was independently repeated five times
on the same run to estimate the error introduced by the placement process itself.
These results are further qualitatively analysed under the assumption of periodicity.
For walking trials the motion is cyclic, meaning that the left side repeats the exact
motion of the right side. Assuming perfect symmetry, the left-hand side of the body
kinematics matches the right-hand side exactly. This further gives an idea of the
accuracy of the kinematics.

Lastly, intra-trial variance is analysed, for motions where the cheetah performed
multiple gaits, the results are briefly discussed. This gives an idea of what variation
is expected under the exact same measurement conditions. And thus tells us what is
within reason. The results presented correspond to the same motion performed at
approximately the same speed. Assuming the motions are identical, the results are
analysed based on motion variance across trials, providing a preliminary estimate of
the kinematic accuracy.

5.5 Sensitivity Analyses

To assess the impact of manual intervention on the accuracy of motion capture, a
sensitivity analysis was conducted. This step is critical as the initial marker placement
relative to joint positions can introduce variability in joint position estimates, thereby
influencing the final kinematic results.

A single walking trial was selected for this analysis. This trial comprised two full gaits,
ensuring a complete representation of motion and providing insight into variance
over the full movement pattern, as opposed to shorter trials that might not capture
the full range of motion. Thus, to isolate the variability introduced by manual marker
placement, the following steps were undertaken:

1. The marker set on the 2D images was kept consistent across all repetitions to
eliminate additional sources of variability.

2. The initial marker placement and scaling process were independently repeated
tive times for the same trial.

3. For each iteration, the inverse kinematics procedure was executed to compute
joint angles.

The resulting joint angles for key joints, including the knees, elbows, shoulders,
and hips, were analysed. These results are visualised in Figure 5.10, illustrating the
variability introduced by the marker placement process.
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FIGURE 5.10: Sensitivity analyses results for six joint angles (mean,
red line; range, shaded)

The sensitivity analysis reveals that the results are fairly uniform, as well as exhibiting
periodicity, strongly indicating that the manual input required to initially align and
scale the model is relatively invariant to changes. This consistency suggests that
the process is robust and reliable for marker placement and scaling. The standard
deviation for each joint was calculated and is summarised in Table 5.1:

TABLE 5.1: Summary of sensitivity analysis results for joint Angles

Joint Standard Deviation (°)
Hip flexion 4.7592
Knee angle 2.0777
Ankle angle 3.9693
Shoulder angle 4.6593
Elbow angle 4.3375
Wrist angle 3.9509

These results highlight that, despite the inherent subjectivity of manual interventions,
the variability in joint angle estimation remains within acceptable limits, further
validating the robustness of our methodology.
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5.6 Kinematic Results Across Trials

The behaviour of animals in in the wild experiments often presents challenges when
analysing motion across multiple trials. Performing controlled movement of animals
is a challenging task, which complicates the analysis further, especially when con-
sistent motion across trials is required. With this in mind, the kinematic results are
presented with only a few trials selected for the purpose of analysis.

5.6.1 Inter-trial results

Given the number of available trials and the need for consistency across them, a total
of 5 recorded gaits were selected for analysis over the stance phase. It is important to
note that locomotion speed has a significant impact on joint kinematics in quadrupeds,
as demonstrated in several studies on kinematic estimation in dogs [29, 30]. For this
reason, all trials cannot be analysed at once. The results are presented in Figure 5.11.

The figure demonstrates that the proposed method produces consistent kinematic
results across multiple trials. Overall, the standard deviation of the joint angles
is relatively low, indicating strong consistency. The primary source of variation
occurs at the peaks of the joint trajectories, which is expected given the differences in
locomotion speeds across trials.

Notably, the ankle joint exhibits the highest variance among the three joints. This is
likely due to its position as the most distal joint in the kinematic chain, where variance
in previous joints may propagate through. Despite this, the results are encouraging
and highlight the robustness of the method in capturing the correct motion patterns
across the stance phase.
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FIGURE 5.11: Trial results for hindlimb joint angles over the stance
phase
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5.7 Discussion

Traditional markerless motion capture is inherently prone to error. However, the
method presented in this chapter demonstrates effectiveness in reducing these errors
to levels that can be considered reasonable from a biomechanics standpoint. Par-
ticularly the marker projection method, which compared to keypoint triangulation
presents an errorless solution for converting the 2D pixel to 3D position.

Notably, the method relies on the cheetah’s spots and depends on markers being
clearly visible. This contrasts sharply with the previously mentioned keypoint meth-
ods [4], which estimate joint positions directly from images using deep learning
techniques. Joint estimates using these deep learning methods are highly variable
and cannot alwasy be reliable used. However, the pseudo-markered approach is not
a major limitation for replicating the method in animals with less textured coats, as
previous studies have opted to paint markers directly onto the animals; an approach
that is far less invasive than physical markers or motion capture suits [13]. That
said, the method for 3D marker estimation is successfully implemented, effectively
redefining the problem and making it possible to align markerless motion capture
with current motion capture standards.

The sensitivity analysis highlights the method’s ability to converge on joint angles
that closely approximate what might be considered the true solution. Additionally,
the analysis indicates that manual adjustments based on the point cloud and markers
ensure that any initial errors can be corrected, leading to a conclusive estimate of the
motion.

Although there is no definitive "true solution" for the motion capture performed,
the proposed method provides a stable and reliable solution for joint angles and
body positions. Furthermore, compared to standard triangulation techniques, the
derived marker locations have sub-pixel reprojection errors. This allows the method
to mitigate errors inherent in other markerless approaches, resulting in a consistent
estimate.

Ultimately, the method aimed to address the shortcomings of previous approaches.
The errors associated with the keypoint method used by Acinoset, as well as the
issue off the motion capture not being tied to the animal’s internal skeleton, have
been addressed. The shortcomings of the current method, lie not in its formulation
as a solution, but rather in the absence of a true benchmark for comparison, which
prevents a comprehensive analysis. However, based on the presented analysis, the
results are conclusive enough to consider the joint kinematics accurate for further
use.



64

Chapter 6

Dynamic Analysis

Understanding the dynamics of wild animals remains a challenge. The limiting factor
for dynamic estimation particularly in the case of analysing wild animals is firstly a
lack of accurate and dynamically consistent kinematics and second, the lack of any
further experimental data, particularly GRF data.

This chapter focusses on the design of a framework for analysing the dynamics of the
cheetah. Rather than attempting to create a dataset of force estimates, this chapter
presents a method for force and dynamic estimation in the absence of external data.
This involved designing a kinetic model and using trajectory optimisation to derive
consistent kinematics from the initial kinematics obtained in the previous chapter.
The first section describes the development of the kinematic model, which integrates
anatomical details such as inertial and CT data to provide a baseline kinetic model.
This model provides a foundation for analysing the internal dynamics of the cheetah,
enabling estimation of joint moments and external forces during locomotion.

A key focus of this chapter is the application of trajectory optimisation to refine
the recorded gaits, addressing inaccuracies in the kinematics and ensuring that the
reconstructed trajectories are physically realistic. Through optimisation, dynamic
consistency is enforced, providing a more reliable predictions of GRFs and joint
moments than using kinematic estimates directly.

6.1 Kinematic Model Design

The kinematic model is the foundation for subsequent dynamic analysis. It provides
a detailed digital representation of a cheetah’s body, encompassing its body segments,
joints, and rigid body parameters. This model enables the estimation of dynamic
parameters such as joint moments, joint forces, and ground reaction forces, while
grounding this dynamic analysis in the animal’s anatomical reality. This section
details the creation of the kinematic model.

6.1.1 Rigid Body Parameters

The defining feature of the model, compared to the kinematic model described in
Chapter 5, is its characterisation as a rigid body model. Rather than being purely
kinematic, the model incorporates rigid bodies, each with their own masses and
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inertial parameters. Furthermore, the model is able to interact physically with the
ground using contact spheres added to the surface of each foot.

To calculate these rigid body parameters, the CT-scanned body of the cheetah was
segmented into parts corresponding to the body components of the model, forming a
template. Based on the point cloud data, these body parameters were scaled relative
to one another. While it is impossible to capture these parameters with absolute
precision, combining data from both the CT scan and point cloud provides a highly
accurate approximation.

To determine the inertia tensors, the body segments were converted to watertight
meshes. This was achieved using a Poisson surface reconstruction algorithm to close
any holes in the segmented data. The inertia tensors for each body part were then
calculated using the divergence theorem. This method yields the exact inertia tensor
of the closed surface mesh. Similarly, the centers of mass for each segment were
calculated using their mean centers as defined by the outer mesh surface. The mass of
each segment was determined by scaling the segments proportionally to the cheetah’s
total body mass.

To position the mass segments relative to the underlying skeleton, the initial CT scan
was reused to map the body segments to the skeletal structure. Using this data, the
scaled model accurately aligned the bones and mass segments, allowing the rigid
body parameters to be determined for each individual subject. Figure 6.1 shows the
skeletal model with the COM for each body segment overlayed onto the skeleton.
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Finger
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FIGURE 6.1: Kinetic model showing joint positions as well as COM
positions
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6.2 Dynamic Optimisation

The motion capture performed in the previous chapter provides full-body kinematics.
However, these kinematics are not tied to any physical quantities, nor can the motion
captured be guaranteed to be physically realisable. Additionally, due to the lack
of external data, such as ground reaction forces, the motions themselves cannot
be easily analysed. The goal of this section is to detail the process of enforcing
dynamic consistency on the captured motions, achieving physically realisable gaits,
and enabling further analysis.

A popular approach for acquiring gait cycles from a musculoskeletal model involves
generating predictive solutions for locomotion based on multi-body constraints with-
out prior knowledge of the animal’s actual motion. However, since gaits have already
been captured for the animal, a purely predictive solution would be counterproduc-
tive.

Instead, a trajectory optimisation method is employed. This method enables a more
controlled approach for generating motions based on an initial motion which is used
as an input. In addition, the initial kinematics based on the animals can be used to
define an initial guess for the final solution as required by any trajectory optimisation
method.

To generate this initial guess, a tracking problem is solved as the first step. This
process generates the system’s states and controls for the motion-tracked gaits. The
resulting tracked trajectory is then used as the initial guess for a second optimisation
process. This second optimisation stage refines the solution further, resolves any
issues arising from strictly tracking the gaits, and minimises any residuals remaining
in the system.

6.2.1 Stage 1 Optimisation

The first stage of the optimisation process is framed as a tracking problem. This
involves solving for both the motion states and the underlying actuated controls.
While this provides an initial estimate, it is not a complete solution. Due to the
formulation of the tracking problem, errors in the kinematics are not easily filtered
out, which can result in incorrect motions persisting while the solved controls can
still yield a feasible solution. For this reason, the tracking problem forms the first
stage of the total optimisation process.

The tracking problem is further complicated by the absence of residual actuators,
specifically the pelvis. Typically, what might be used to offset any residual forces
which are necessary to offset motions where joint actuators are not sufficient for
generating such motions, "hand of god" forces, usually at the pelvis are used to
ensure that Newtons” second law, F=ma, is satisfied throughout the motion [78,
81]. The kinetic model used for optimisation has none of these actuators to reduce
residuals, instead relying completely on joint actuation for motion generation. This
means that for kinematics where the body slides or shifts, there is no actuator able
to compensate for such movements. Thus, any residuals which might exist in a
static optimisation problem are removed. Lastly, the solution is constrained within



Chapter 6. Dynamic Analysis 67

joint limits to ensure that the resulting motions remain realistic and do not produce
unnatural gaits.

Cost Function

The exact formulation of the trajectory optimisation problem, as implemented in
Moco, is detailed in Chapter 2. However, the specific cost function is not predefined,
as it is entirely up to the user to determine.

For solving the tracking problem, the cost function is defined as the sum of three
components

J=Ts+ ]+ (6.1)

where:
e J,: State tracking cost function.
¢ J.: Contact tracking cost function .

e J,: Effort cost function.

State Tracking

The state tracking cost function is defined as

Jo = /t:f

‘Nl w; (5i(t) — seefi (1)) dit, (6.2)
i=
where:

* N: The number of tracked frames.

e s;(t): The state of the i-th variable at time t.

* sefi(f): The reference state of the i-th variable at time .

* w;: The weighting factor for the i-th state variable.

* [to, t¢]: The time interval over which the cost is evaluated.

This cost function penalises the squared error over the trajectory, with each state being
assigned an individual weight. This is a key aspect that differentiates a standard
predictive problem from a tracking problem.

The states are further divided into two categories: positions and their derivatives.
Since position errors are more likely, the speed tracking weight is set to 0.1w; for the
corresponding position state.

The weighting factors for positions are determined by their expected variance. As
the kinematic chain is derived from the pelvis and spine downward, the weights
decrease progressively. The spine is weighted as w, and each subsequent segment in
the chain is weighted as 0.75 w, with the ankle receiving the smallest weight.
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Control Signal/Effort

The cost function related to the control signals is given as

v Y welx.(£)]7 dt, 6.3)

to cec

1
Jo =5

where:

¢ d: Displacement of the system.

C: The set of control signals.

w.: The weight associated with control signal ¢ (default: w, = 1.0).

xc(f): Control signal ¢ at time ¢.

[to, t¢]: The time interval over which the cost is evaluated.

This cost function, which penalises the cubed actuator excitation (p=3), is often
referred to as effort or fatigue, as discussed in Ackermanm et al. [82]. Additionally,
the cost is normalised by the system’s displacement, d, yielding a value known as the
"cost of transport.” Additionally, the weights for all control signals are kept constant.

Contact Tracking

The cost function associated with contact tracking is given below.
1 [t ) 5
Je=—— [} [lproj, (Fum;—Fej)|" dt, (6.4)
mg tO ]GG
where:

* [to, tf]: The initial and final times of the phase.

m: The total mass of the system.

g: Gravitational acceleration (set to 0 if not applicable; use m instead of mg in
this case).

¢ G: The set of contact force groups.
* n: A unit vector used for projecting the force error.
* proj, (+): The projection of the force error, either:
— Onto n, tracking components along n.
— Onto the plane perpendicular to n, tracking components orthogonal to n.

* F, ;: The sum of the model’s contact forces for group j, expressed in the ground
reference frame.

* F.;: The experimentally measured contact force for group j, expressed in the
ground reference frame.
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This cost function is more complex compared to the state and control tracking func-
tions. Given that the motion data includes quadrupedal walking gaits, the problem
becomes challenging. During the walking gait, the cheetah can have up to three

points of contact, leading to redundancy in the distribution of the animal’s weight
and GRFs.

Another factor worth considering is that the tracking problem solves for control state,
thus if contact points are not explicitly specified, solutions may arise where some
contact points are negated and treated as floating limbs. To address this, contact
tracking is incorporated to penalise solutions that do not match the input gait.

Using the ground plane defined in Chapter 4, estimating the contact points based on
kinematics becomes straightforward. In the selected trials, the paw is clearly visible,
making the evaluation of the method trivial.

To estimate the ground reaction forces based on the ground plane, contact spheres
were added to the models” paws and feet. These allow for contact to be specified by
the model and the kinematics directly. Figure 6.2 shows the contact sphere definition
for the back foot. Ground contact is defined when the contact spheres on the model
make contact with the ground plane. Since the kinematics are reasonably accurate and
the ground plane has been approximated and aligned, this approach is feasible. After
contact detection, the GRFs used for tracking are specified as square-wave functions
for the duration of contact. These forces are then input into the cost function. The
forces in this case are projected onto the plane perpendicular to the vector (0,0,1),
allowing transverse forces to be ignored and tracking only the vertical component of
the GRFs.

FIGURE 6.2: Contact sphere definition

This method does however require that the contact detection method be evaluated. If
the contact tracking tracks incorrect foot or paw contacts, the optimisation process
might produce motions which do not match the tracking but are rather forced to
constrain the contact timings specified.

Table 6.1 presents the results of contact estimation using two different methods. The
first method calculates contact directly from all contact spheres, where contact is
defined as the moment the spheres make contact. This method, however, resulted in
a significant number of false positives, particularly at the beginning of contact. The
issue was most noticeable when the frontmost contact sphere detected contact, even
before actual contact occurred. On the other hand, contact estimation at foot takeoff
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was much more accurate, highlighting that the initial contact detection method was
problematic.

To address this, the second method only considers contact when the foremost contact
sphere surpasses a defined height threshold. This approach led to significantly more
accurate contact estimations, as shown in Table 6.1.

TABLE 6.1: Results of Contact Estimation

Motion Frames of Contact | Frames Detected | Success Rate
Binary contact detection 267 296 89%
Threshold contact detection 267 279 95%
Tracking Outputs

The exact outputs of the tracking process are: states, actuator activation and external
forces. Additionally, The kinematics from the first stage of optimisation are refined to
better match the external forces and actuator activation. The results for a half gait,
showcasing some deviation in the kinematics, are shown in Figure 6.3. It is apparent
that the joint angles are tracked very closely, with the maximum deviation being less
than 5 degrees and the average change in angle for all joint angles remaining under 2
degrees.

As mentioned, the first stage optimisation is not meant to be the final solution, but
rather to be used to provide an initial guess to the second stage optimisation. To
formulate the initial guess, only the states and actuator controls are used. The contact
tracking states are meant purely to ensure that the output states and controls produce
a feasible initial guess.
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FIGURE 6.3: Refined joint angles
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6.2.2 Stage 2 Optimisation

Following the initial optimisation, the second stage focuses on further refining the
motions and generating the GRFs required for these motions. This stage shares
similarities with the initial optimisation process; however, a key distinction is that not
all states are tracked. As a result, the solution has the flexibility to adjust the input
kinematics within its constraints to produce viable gaits.

To prevent the solution converging on gaits that deviate significantly from the initial
data, a translation tracking term is incorporated into the cost function. This ensures
that the forward motion of the solution aligns with the input gait without constraining
it as much as state tracking. Additionally, the initial guess for the optimisation is
derived from the tracking solution, further guiding the process toward solutions
matching the initially captured motions.

Another constraint introduced in this stage is a periodicity bound. Given the chal-
lenges of guiding the cheetah to produce consistent gaits, this constraint allows the
optimisation process to generate full gait cycles by inputting only half gaits. By lever-
aging the assumption of periodicity in the gait cycle, the final solution can extrapolate
complete gait patterns, enhancing the practicality and applicability of the results.

Cost Function

The second stage optimisation process uses a slightly modified cost function. The
notable difference is that there is no contact tracking. Additionally, the initial state
tracking cost function is replaced with a translation tracking function. The cost
function is given below.

] = ]t + ]C/ (65)

where:
* J; represents the translation tracking cost,

¢ J. denotes the effort cost

Translation Tracking

The main difference between the tracking cost function and the state cost function is
that rather than tracking the joint angle and its derivative, rather the body position
in 3D is tracked. This reduces the number of tracked states and allows for more
variation in the refined motion due to only the position being tracked and not the
velocity. The cost function is given below.

tr N
Ji= [ L wilpit) = Pt () (66)
fo j=1

where:

e N: The number of tracked frames.
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pi(f): The position vector of frame i

Preti(t): The reference position vector for frame i

w;: tracking weight

[to, t¢]: The time interval over which the cost is evaluated.

6.3 Optimisation Results

Once the optimisation process is completed, the result is a dynamically consistent
motion along with the actuation and external forces needed to achieve the motion.
Additionally, due to the periodicity bounds, the resulting gait is nearly exactly sym-
metrical with any deviation removed. This results in motions moving in perfectly
straight lines, even if the input motion had some slight variation in off-axis translation.
The resulting kinematics, joint moments and ground reaction forces are presented
in this section. Given that there is currently no ground truth data, these results are
presented as a solution to the problem presented by missing data needed to do further
biomechanical analyses rather than being presented as ground truth.

6.3.1 Periodicity Outputs

As previously mentioned, the outputs of the final optimisation for half gaits are
complete gait cycles. Notably, the input gaits do not need to be perfectly segmented
to produce periodic gaits. Additionally, perfectly symmetrical gaits are not a prereq-
uisite. The result of the optimisation process, however, yields perfectly symmetrical
gait cycles as well as nearly perfect symmetry in the gait patterns. The results are
illustrated in Figure 6.4.

In this trial, the input data duration is 0.63 seconds, and there is noticeable variance
between the left and right joint angles. For the knee joint, the peak variation between
the left and right sides is eight degrees. By comparison, the final periodic gait is 1.2
seconds long, with peak variations in joint angles reduced to below two degrees for
all measurements.

This demonstrates that optimisation can effectively address the data scarcity problem
associated with collecting motion data from wild animals. It is important to note that
the periodicity bound is invariant to the definition of start and end points. As long as
the motion is approximately cyclic, the exact start and end points do not significantly
impact the results.
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Joint Angle Data: Original vs Periodic
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FIGURE 6.4: Periodicity output for gait cycles

6.3.2 Ground Reaction Force Estimation

One of the key motivations behind the optimisation process is the inherent challenge
of collecting GRF data from animals in the wild. Therefore, the ability to estimate
GRFs solely from kinematic data is of significant importance.

The GRFs are not a direct output of the optimisation process. Instead, the process
yields forces acting on each contact sphere used in the contact model. The total
GRFs are then obtained by summing these forces, making the estimates somewhat
dependent on the placement of the contact spheres rather than assuming a single
point of contact, as is done in simpler models. However, as a result of the more
complex contact model, the exact output of the simulation model after processing the
contact forces is firstly ground reaction forces for each foot/paw, and secondly the
centres of pressure for these ground reaction forces.

OpenSim Moco currently supports only a single contact model: OpenSim’s "Smooth-
SphereHalfSpaceForce" model. This model employs a smoothed contact force formu-
lation using hyperbolic tangent (tanh) functions to improve performance in gradient-
based optimisations. Additionally, it incorporates Hertz stiffness, a Hunt-Crossley
dissipation model, and a Stribeck friction curve [83, 84].

The contact parameters were determined through experimentation and based on
previous literature [41, 47]. Specifically, the plane strain modulus was set to 10 MPa,
static and dynamic friction coefficients to 0.8, viscous friction to 0.5, and dissipation
to 0.1 s - m~!. The smoothing behavior of the contact model which is controlled via
two parameters: Hertz smoothing was set to 300, while Hunt-Crossley smoothing
was set to 50.



Chapter 6. Dynamic Analysis 74

A particular challenge in this study is the lack of measured GRF data for the cheetahs
in motion. Without ground truth measurements, the evaluation of the results is
limited to assessing their realism as compared to previously reported measurements
in cheetahs and in other similar quadrupeds rather than verifying their exact accuracy.
The GRF estimates obtained from the optimisation process are directly related to joint
moments and for that reason they form an integral part of estimating the dynamics
of the animal from motion capture alone.

As mentioned in Section 5.6.1, a challenge faced when doing these evaluations is
consistency of movements over time. GRFs are no different. Previous studies have
shown a strong correlation between GRFs and movement speed [85]. To address
this, qualitative analyses of the estimated GRFs were conducted across five trials of
similar speed to assess their consistency and plausibility. The results are presented in
Figure 6.5.
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Hindlimb Horizontal GRF Forelimb Horizontal GRF
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FIGURE 6.5: Ground reaction forces for hind- and forelimbs, nor-
malised for body weight

From the resulting GRFs, it is evident that the proposed method converges to a con-
sistent force pattern over time. These findings are promising, especially considering
the limited research on GRF prediction for quadrupeds and the fact that the method
proposed in this project is novel.

To strengthen the analysis in the absence of measured GRF data, the estimated ver-
tical and horizontal GRF profiles can be compared to those reported for similar
quadrupeds. While GRF data for quadrupeds is less abundant than for humans,
relevant studies do exist. To facilitate comparison, six studies that explicitly plotted
ground reaction force profiles for dogs and cats were reviewed [86-91]. Further
analysis of these studies showed that the estimated profiles closely matched reported
measurements, particularly in force relative to body weight. The horizontal com-
ponent aligned almost exactly, while the vertical component exhibited some peak
variation. This is expected given the various differences across datasets. Overall,
these comparisons validate the results and support the realism of the GRF estimates.
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Moreover, the specific gait analysed maximum of three points of contact at any
given time. This poses significant challenges for analysis using standard bipedal
methods, which are designed to handle only two points of contact [92]. Despite this
complexity, the method demonstrates a robust capability to produce accurate GRFs
even during phases with three points of contact. Lastly, the periodicity constraint
ensures symmetry between the forces generated by the left and right legs. Given that
straight-line motion is assumed in the selected trials, this assumption remains valid.

6.3.3 Inverse Dynamics

The final step in estimating the dynamics of the animal is calculating the joint mo-
ments. Without GRFs, these moments cannot be directly determined. While, in theory,
the forces could be derived using Newton’s second law, their accuracy depends en-
tirely on the precise measurement of each body’s acceleration. This dependency often
results in joint moments with high variability. Moreover, the absence of a contact
model further compromises the accuracy of the calculations. Therefore, an alternative
approach is necessary.

In the proposed method, the optimisation process inherently solves for joint actuation
and, consequently, joint moments. However, these moments are often noisy due to
the nature of the optimisation. To mitigate this issue, the resultant kinematics and
GREFs are first filtered to reduce noise. The joint moments are then computed using
inverse dynamics, modelling the system as a series of rigid body links and applying
Newton’s second law to solve for the moments. The inverse dynamics problem can
be directly solved for in OpenSim.

While the joint moments derived through this approach are not definitive or to be
considered "ground truth," they provide a robust estimate of what the joint moments
and forces might be in the absence of additional external data. The joint moments
over the stance phase, normalised to body weight, are shown in Figure 6.6.

Shoulder Angle Shoulder Moment

Angle (degrees)
Joint Moment (Nm/kg)
|

40

0
Stance (%) Stance (%)
Knee Angle Knee Moment

Joint Moment (Nm/kg)
Lol

40 60 80 100

0 60 80 100

stance (%) Stance (%)
Ankle Angle Ankle Moment

08

Joint Moment (Nm/kg)

20 ) 60 80 100 o 20 0 60 80 100
stance (%) Stance (%)

FIGURE 6.6: Joint moments and kinematics over the stance phase for
the hind limb.
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The results presented can only be evaluated qualitatively. Since no direct measure-
ments of joint moments exist for cheetahs, these results must be assessed based on
the methodology. Given that the kinematics and ground reaction forces are generally
accepted and that the inverse dynamics results are a direct consequence of these in-
puts, the process therefore demonstrates that joint moments can indeed be estimated
using the proposed method. For that reason, the joint moments presented in this
section serve rather as a means of showcasing the methods’ ability to calculate joint
moments given mocap and GRF data.

6.4 Discussion

The ultimate goal of this chapter was to evaluate whether, given input kinematics,
GRFs and joint moments could be reasonably calculated. This had previously not
been implemented at all in cheetahs, and so to address this problem, a novel solution
was formulated. By employing the two-stage optimisation process proposed in
this chapter, it was showcased that it was possible to generate GRF profiles and
subsequent joint moments using only motion capture data.

It was assumed that the motion capture data itself was not perfect and thus to address
this, the optimisation refines the input kinematics and ensures that they are physically
realisable by relying solely on torque actuators at each joint produce the movement.
From these refined gaits, the GRF profiles are estimated.

The analysis of these GRF profiles, as compared to measurements recorded in previous
literature, demonstrates that the method effectively estimates forces within reasonable
accuracy. Furthermore, it highlights that GRF moments can be derived solely from
kinematics, even in cases involving multiple foot contacts—something that is highly
complex using conventional methods. This capability allows for further analysis of
cheetah movement even in the absence of explicitly measured GRF data.

However, certain simplifications were made to obtain the resulting GRF profiles.
The most significant assumption was that all analysed movements were straight line
motions. This simplification constrained the problem by assuming periodic motion.
This is justified as it enabled the analysis of incomplete gaits. This was necessary due
to the cheetah’s uncontrolled behavior, which made it difficult to record complete
gait cycles.

Estimating GRFs directly from kinematics enables a straightforward inverse dynamics
analysis of the model. This conclusively addresses the initial research question,
demonstrating that GRFs and joint moments can indeed be estimated in the absence of
additional data beyond joint angles. While the proposed framework is not presented
as a definitive solution, it offers a first approximation for estimating the dynamics of
cheetahs in the wild.
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Chapter 7

Conclusion

7.1 Discussion

This project aimed to develop a methodology for 3D motion capture and dynamic
analysis of wild cheetahs. The goal was to approach the problem from a biomechanics
perspective, aligning the proposed method with current biomechanics standards
rather than strictly from an engineering or computer vision perspective.

A review of the existing literature on similar problems revealed that current marker-
less motion capture techniques were insufficient for further application. To address
this, a photogrammetry-based approach was proposed, leveraging the spotted pat-
tern of cheetahs to transform the markerless motion capture problem into a pseudo-
markered approach.

After conducting simulations and real-world testing, the system was used to record
cheetahs in the wild. Walking and running sequences were captured, and 3D recon-
structions of the cheetahs” outer surfaces were generated. The resulting point clouds
were generated over the videos and evaluated both qualitatively and quantitatively.
These results were generally accepted as accurate representations of cheetahs in 3D
space. However, a notable limitation was the reduced density of point clouds during
running trials compared to walking trials. This issue is likely attributable to the qual-
ity of the low-cost cameras used for data collection. Overall, the point clouds were
able to reconstruct 90%+ of the cheetahs outer surface as compared to the silhouette
in both walking and running trials. The results were deemed suitable for further
analysis.

The next step was to complete the motion capture process. Strategic spots on the
cheetah’s body were selected to serve as markers and were projected directly onto the
point clouds, minimising errors associated with triangulation. Inverse kinematics was
performed using a skeletal model in OpenSim, adhering to biomechanics standards.
Sensitivity analyses indicated that the resulting joint angles were accurate. While
the limited number of markers introduced some error, additional markers could
potentially enhance accuracy. However, due to the absence of ground truth measure-
ments, further evaluation was not conducted. The sensitivity analyses as well as a
qualitative presentation of the results indicated that the method was successful in
reliably estimating the joint positions in the recorded motions.
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Finally, the calculated kinematics were used to estimate ground reaction forces and
joint moments. A two-stage trajectory optimisation approach successfully estimated
GRFs within acceptable error ranges across various motions. Using these GRFs and
joint kinematics, joint moments were estimated through a classic inverse dynam-
ics framework. While the methods cannot be validated exactly without ground
truth data, the optimisation approach and its application for estimating dynamics in
quadrupeds are novel and from the limited analyses are shown to be realistic.

This study demonstrates the feasibility of 3D motion capture and dynamic esti-
mation of cheetahs in uncontrolled environments, overcoming key challenges for
non-invasive biomechanical analyses. While limitations exist, the methodology lays
a foundation for future innovations in wildlife biomechanics, with potential applica-
tions ranging from robotics to conservation biology. This work provides an important
first step toward estimating the dynamics of cheetahs in the wild.

7.2 Future Work

The methodology proposed in this project is by no means entirely conclusive. Certain
simplifications were made to align with the research objectives, leaving room for
further refinement and improvement.

One primary concern during the point cloud synthesis phase is the limitation posed
by the cameras. Due to sensor quality and effective resolution, the cameras need to be
positioned close to the cheetahs during recording to achieve high-quality point clouds.
The use of low-cost cameras, lacking hardware synchronisation, further degrades the
quality of the results. Higher-quality cameras could address these issues by enabling
longer strides to be captured from greater distances and improving overall motion
capture fidelity.

This study focuses on using the cheetah’s spots as natural markers. To explore the
broader applicability of this approach, it would be valuable to test it on animals
without such markings. Alternative methods could include applying non-intrusive
markers, such as painted patterns, or projecting a texture onto the animal to facilitate
photogrammetry and marker tracking.

Regarding the inverse kinematics process, the current model assumes negligible skin
deformation. However, skin deformation is significant, particularly during running
motions. A potential improvement would be to establish a more precise mapping
between the point clouds and the underlying skeleton. This could eliminate the need
for markers entirely; for instance, an iterative closest point algorithm could directly
use the point clouds to determine joint positions.

The skeletal and kinematic model also involves simplifications in terms of degrees of
freedom. The joint ranges in the model are more constrained than those observed in
reality. By increasing the number of markers, it is feasible to incorporate additional
degrees of freedom into the model, thereby improving its accuracy. Furthermore,
the contact model currently uses discrete contact spheres to approximate foot-paw
interactions with the ground, simplifying what is, in reality, a continuous surface.
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Exploring more realistic contact modelling could further enhance the estimates of
GRFs and joint moments.

At present, the model is torque actuated. However, OpenSim and Moco are inherently
designed to support musculoskeletal models. Using OpenSim as the foundation
ensures that the complexity of the model can be progressively expanded. Adding
musculature to the model would provide deeper insights into the cheetah’s dynamics,
allowing for a more biologically accurate representation of motion.

Finally, a significant limitation of the project is the lack of ground truth measurements
for joint angles and ground reaction forces. The proposed optimisation approach is
broadly applicable to other animals, making it worthwhile to validate the method
against properly captured motion data and recorded GRFs. This would allow for a
more thorough assessment of the method’s accuracy and practical utility.
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A.1 Joint Angles and Constraints
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The joints and there accompanied joint bounds are shown in Table A.1. The pelvis
is used as the root joint for the model and thus, the DOF associated with it remain
unbound. The "zero" position for all joints are given in Figure 6.1, with clockwise

taken as positive.

TABLE A.1: Joints andjoint bounds

Joint Bounds( Radians)
pelvis_rotation [—o0, 00]
pelvis_tilt [—o0, 0]
pelvis_lift [—o0, ]
pelvis_tx [—o0, 0]
pelvis_ty [—o0, o0]
pelvis_tz [—o0, ]
spine [-0.78, 0.78]
neck [-1.05, 1.05]
head [-0.78, 0.78]
tailbase [-1.57,1.57]
hip_flexion_l [-1.25, 1.50]
hip_flexion_r [-1.25, 1.50]

knee_l
knee_r
ankle_1
ankle_r
toes_l
toes_r
scapula_l
scapula_r
shoulder_1
shoulder_r
elbow_l
elbow_r
wrist_1
wrist_r
finger_1
finger_r

[-0.43,1.91,]
[-0.43,1.91)]
[-1.05, 1.57]
-1.05, 1.57]
-1.05, 1.05]
-1.05, 1.05]
-0.52, 0.95]
-0.52, 0.95]
['11 1]
['1/ 1]
[-2.09,0.43]
[-2.09,0.43]
[-1.05, 1.57]
[-1.05,1.57]
[-1.05, 1.05]
[-1.05,1.05]

[
[
[
[
[
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