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Nomenclature
ℍ The skew field of quaternions

ℝ The real field

𝐀 Conjugated matrix

𝒊, 𝒋, 𝒌 The standard quaternion imaginary units

𝐀∗ Conjugate transposed matrix

𝐀𝑇 Transposed matrix

ADMM Alternating direction method of multipliers [8]

CPCA Complex principal component analysis

PCA Principal component analysis

QPCA Quaternion principal component analysis

QSPLOCS Quaternion SPLOCS

QSPLOCS_lap QSPLOCS with added Laplacian term

QSVD Quaternion singular value decomposition

SPLOCS Sparse Localized Deformation Components [39]

SPLOCS_lap SPLOCS with added Laplacian term

SVD Singular value decomposition
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1
Introduction

1.1. Motivation
Nowadays, various 3D data acquisition techniques exist that are able to create detailed and high
resolution copies of realworld objects. Modeling and analyzing this digital geometric content is of
interest in many different areas, ranging from computer animation to medical imaging. In the former
field, methods for deforming 3D shapes and synthesizing new ones from a collection of shapes are
studied. Medical imaging, on the other hand, is more concerned with analyzing the shape variations in
order to detect abnormalities present in organs or tissues.

One of the problems related to the methods described above is that they often require the solution
of a highdimensional nonlinear optimization problem. At the same time, users often expect to get
realtime responses. Therefore, approximation algorithms are needed in order to provide a balance
between accuracy and speed. For this reason, subspace construction methods have been introduced
in the past. The objective of these methods is to construct a lowerdimensional approximation of the
problem in an offline phase and to only solve this lowerdimensional system interactively.

Many techniques for constructing subspaces have been introduced, where this work focuses on the
wellknown Principal Component Analysis (PCA) method as well as a sparse PCA variant called Sparse
Localized Deformations Components (SPLOCS) [39]. The objective of PCA is to decompose the data
into components that describe as much variance as possible, while being orthonormal. The sparse
PCA technique, on the other hand, tries to find components that are both sparse and localized, without
having the orthonormality constraint. By only storing the first few components, a subspace is formed
that represents the lowfrequency deformations or variations present in the data samples.

When applying PCA or sparse PCA to geometric data, it is common to concatenate the 𝑥, 𝑦 and 𝑧
coordinates of each sample mesh into a single realvalued vector. As a result, the coordinates of each
vertex are no longer treated as a unit, which means that we may lose the potential nonlinear spatial
relationship that is present among them. Another problem related to these methods is that they are not
invariant to rigid motion of the data samples. This means that the quality of the subspace is heavily
influenced by the alignment of the shapes. Therefore, the shapes have to be aligned in a preprocess
ing step, which is often done through rigid registration. This is, however, not always an easy task,
especially when the shapes do not have a natural up direction, such as 3D models of an organ. Thus,
ideally we would like to find a subspace construction method that is invariant to these rigid motions.

This work investigates whether quaternions can be utilized to solve these challenges. By combining
quaternions with PCA or sparse PCA, we wish to construct a subspace that is able to describe a richer
space of deformations using fewer components. More specifically, this work will explore the following
research directions:

1



2 1. Introduction

PCA
Can quaternions be used in combination with PCA in order to obtain a lowerdimensional sub
space that is invariant to rigid motion of the samples? This research question is motivated by
related work on complex PCA, which shows that complex PCA is invariant to rotations in the two
dimensional setting. Therefore, we investigate whether the same holds for quaternion PCA using
threedimensional data.

If quaternion PCA is able to construct an improved subspace, another important research topic is then
how can the quaternion principal components be computed efficiently? A prominent method in
this direction for real PCA is the method of snapshots, which learns the subspace from observations.
We will explore whether a similar method can be performed using quaternions instead.

Finally, it is also desirable to have a subspace construction method that works on meshes with irregu
lar triangulation. Thus, an additional question we ask is can we choose a scalar product such that
quaternion PCA becomes robust to mesh irregularities? If this is not the case, deformations will
mostly be found in areas of the mesh that have many small triangles as opposed to areas with fewer
large triangles.

Sparse PCA
Since the sparse PCA technique acts on vertex displacements rather than vertex positions, it does not
make sense to investigate rigid motion invariance for this method. However, due to the properties of
quaternions, a question we can still ask is can quaternions be combined with SPLOCS in order to
construct a subspace that is able to describe a richer space of deformations?

One property of the SPLOCS method is that it uses a spatially varying regularization parameter to cre
ate localized components that are centered around certain vertices. These center positions are heavily
influenced by the initialization phase, training samples and parameters set by the user. As a result,
the obtained components do not always seem natural and can differ a lot based on these parameters.
Therefore, an interesting question is can we replace the spatially varying regularization strengths
in SPLOCS with an additional term based on the Laplacian in order to obtain components that
are sparse, localized and smooth?

And if this is possible, can this newly constructed sparse PCA technique also be implemented
using quaternions?

1.2. Contribution
This work combines quaternions with PCA and sparse PCA in order to improve results based on their
real counterparts. To the best of our knowledge, this is one of the first researches that uses quaternion
PCA in a geometry processing related topic. The main contributions can be summarized as follows:

1. First, we describe how existing methods for computing quaternion PCA (QPCA) can be applied to
geometric data in Section 4.2.1. Furthermore, we show how the mass matrix can be incorporated
into QPCA in order to obtain a quaternion subspace that is robust to mesh irregularities. This can
be found in Section 4.2.3.

2. Next, we present a quaternion method of snapshots in Section 4.2.2, which gives us a much more
computationally efficient way of computing the quaternion principal components. Additionally, we
describe how the quaternion method of snapshots can be combined with the mass matrix in order
to improve the computational efficiency of the massweighted QPCA technique.

3. Regarding sparse PCA, we derive a quaternion generalization of SPLOCS, which we call QS
PLOCS. Additionally, we derive a quaternion ADMM based scheme for solving the resulting op
timization problem. This is shown in Section 5.2.

4. Furthermore, we propose a new sparse PCA method in Section 5.3, inspired by SPLOCS, that
introduces an additional term to the objective based on the Laplacian. We call this method
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SPLOCS_lap. Additionally, we show how this method can be implemented using quaternions
in Section 5.4.

5. After evaluating the performances of SPLOCS and SPLOCS_lap, we introduce a third sparse
PCA method that uses both the spatially varying regularization strengths and the Laplacian term.
This is discussed in Section 7.4. The method is shown to improve upon the smoothness aspect
of SPLOCS and the sparsity and locality aspects of SPLOCS_lap. Additionally, we derive a
quaternion version of this method.

6. Finally, we compare the performances of quaternion PCA and the quaternion sparse PCA meth
ods to the performance of their real counterparts on a variety of different datasets in order to
determine the accuracy and generality of the methods. These experiments are shown in Chap
ters 6 and 7. By additionally performing experiments on datasets that are not rigidly aligned, we
show that quaternion PCA is more rigid motion invariant than PCA.

1.3. Thesis structure
This master’s thesis is structured in the following way. First, Chapter 2 discusses related work and
recent developments in the topics of PCA, sparse PCA, complex PCA and quaternion PCA. Next,
the background chapter gives a brief introduction on the algebra of quaternions and describes the
quaternion SVDmethodwe use in this work. Furthermore, this chapter describes real PCA and complex
PCA in more detail as well as the method of snapshots. In Chapter 4, we present the quaternion
subspace construction method including the quaternion method of snapshots. Additionally, we show
how tomake this method robust to mesh irregularities and investigate whether this technique is invariant
to rigid motion of the samples. Next, Chapter 5 describes a quaternion subspace construction method
based on sparse PCA, which is inspired by the SPLOCS method. Additionally, we introduce a new
sparse PCA technique that includes an additional term based on the Laplacian. The performances
of the methods are discussed and compared in Chapters 6 and 7, where multiple experiments are
performed. Finally, we discuss all findings of this work as well as limitations and future work in Chapter
8.





2
Related work

2.1. PCA and sparse PCA
Principal Component Analysis (PCA) is a wellknown technique in the fields of computer graphics and
geometry processing for construction a lowdimensional subspace from example shapes, poses or
motions. This section briefly discusses the applications of PCA as well as its limitations. Thereafter,
we discuss the sparse PCA techniques that have been introduced to solve some of these problems.

One obvious application of PCA is data compression. Alexa and Müller [1] were one of the first
to apply PCA to animation sequences for the purpose of geometry compression. By only storing the
first few components, they showed that very high compression ratios can be achieved, while accepting
a small loss in animation accuracy. This method was subsequently improved by Karni and Gotsman
[25], who exploited both the spatial and temporal correlations present in the dataset. Besides capturing
the spatial correlations using PCA, the method exploits the temporal coherence present in the data by
applying secondorder linear prediction coding to the PCA coefficients. In the years following, many
more data compression methods have been proposed that in some way make use of PCA.

As a second application, PCA has often been used to represent different facial features or expres
sions. PCA has proven to be very useful in this area, as facial motions can often be described by a
linear path. Blanz and Vetter [6] were one of the first to apply PCA for creating morphable face models.
By computing the average face and the principal components of a large number of 3D face scans, the
authors constructed a parametric face model that is able to generate almost any face. The model can
then be matched to a set of 2D images or 3D scans of faces resulting in a 3D reconstruction of the
input face including textures, which is in full correspondence with the morphable face model.

More recently, Weise et al. [59] proposed a system for live facial puppetry, that enables realtime
facial expression tracking and can transfer expressions to another person’s face. This is done by
first fitting a generic template to the actor’s face. This personalized template is then tracked offline
through a set of facial expressions, which is used as input for PCA. The resulting subspace can then
be used online for realtime tracking of the facial expressions, which can then be transferred onto an
arbitrary target face. Li et al. [31] proposed an alternative method for this, that does not require the
lengthy offline training session that was needed in [59]. In an offline phase, the neutral face model
of the actor is reconstructed, from which a set of initial blendshapes is automatically generated using
the deformation transfer method from [52]. Next, the actor’s face is tracked online and fitted onto the
initial blendshapes, after which it is projected onto the adaptive PCA space. This adaptive PCA space
consists of 𝑘 anchor shapes derived from the initial blend shapes as well as 𝑙 corrective shapes, which
are learned online from new unseen expression samples.

Another area of research that has really benefited from the use of PCA is the area of medical
imaging. Statistical shape analysis is a very important topic in this direction, as it can be used to detect
abnormalities in a variety of organs or tissues. A PCA subspace can be constructed from either 2D
or 3D medical scans in order to represent the shape variability present in the data. Bryan et al. [9]
used PCA to obtain a statistical shape model of the femur bone. The goal of this study was to generate
realistic femurs from this model as solid tetrahedral meshes with associated material properties. This
large set of realistic femur models can then be used as input for new finite element studies. Previous
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6 2. Related work

studies in this direction (such as orthopedic implant design studies) often led to dramatic differences in
performance between patients due to the lack of available source data.

Grosgeorge et al. [17] proposed a method for segmenting the right ventricle in cardiac MRI scans,
which is required for the assessment of cardiac function. PCA is used to construct a shape model from
a set of right ventricle shapes that have been obtained from manual segmentation by an expert. Seg
mentation of new data is then performed by incorporating this shape model into the wellknown graph
cut framework. Promising results are obtained, however the method is not yet able to segment 3D MRI
data. Desdouits et al. [15] used PCA to characterize the evolution of cavity geometry in dynamic pro
tein systems. They performed a parallel PCA method on protein structures as well as their associated
cavities. Using this method, the authors show that there are correlations between the evolutions of
the cavities and the structures. Additionally, it can suggest how certain protein conformations can be
modified in order to induce a given cavity geometry.

Many more studies exist that use PCA in a computer graphics or geometry processing related topic.
For example, Kókai et al. [27] introduced a styling framework for creating early conceptual designs of
automotive shapes. By training PCA on a set of example car shapes, that are represented using defor
mation gradients, users are able to pull, drag or edit points in order to obtain new automotive designs.
In a complete opposite direction, Heeren et al. [19] applied PCA to analyse the shape of plant organs
of different cultivars for the purpose of plant breeding. Statistical shape analysis was performed on
140 sugar beet roots of different cultivars in order to obtain a description of the variation in shape. This
model is then used to classify unknown tap roots.

One drawback of the components found by PCA is that they are of global support and therefore often
lack semantic meaning. This makes the PCA bases less suitable for shape editing and deformation, as
the user often requires specific control over small parts of the mesh. For this reason, multiple methods
have been introduced for extracting deformation components with local support.

Meyer and Anderson [36] proposed a method to solve this by applying Varimax rotations to the PCA
modes. These Varimax rotations are used to alter the basis vectors without changing the spanned
subspace. The basis vectors are rotated to maximize the variation of a small set of vertices, while
driving the remaining variations towards zero. As a result, the components are much more localized
and meaningful. An alternative method was introduced by Tena et al. [53], which is a regionbased
PCA variant. The method uses spectral clustering to divide the mesh into clusters of spatially close
vertices. Thereafter, PCA is applied to each cluster individually, resulting in a collection of PCA sub
models with shared boundaries. One drawback of this technique is that it is not known whether the
clustering is optimal with respect to the deformation model. Furthermore, the model is constrained to
the space learned from the training samples, which means that it is not possible to create exaggerated
poses.

In 2006, Zou et al. [67] introduced standard sparse PCA, which adds a sparsity inducing norm in
order to obtain components that only contain a few nonzero values. This method, however, does not
take spatial constraints into account, which means that sparsity can occur at any vertex. Thus, even
though the components are sparse, they are not necessarily localized around a small section of the
mesh. By incorporating these spatial constraints, Neumann et al. [39] introduced the SPLOCSmethod,
which is able to extract sparse components that are both localized and meaningful. One disadvantage
of this method, however, is that the size and location of the local support region have to be modeled
explicitly. Consequently, the resulting components can differ a lot based on these parameters and
might not always look natural. A second disadvantage of SPLOCS is that it cannot handle deformations
involving largescale rotations well, as themethod uses vertex displacements. In the past years, several
approaches have been introduced that address these issues.

Bernard et al. [3] tried to tackle the first problem by incorporating regularization terms that simul
taneously introduce sparsity and smoothness into the components. As a result, the local support re
gions can be modeled implicitly, without having to initialize their size and location. However, similar to
SPLOCS the method cannot handle articulated motions well.

The limitation of SPLOCS regarding largescale rotations can be addressed by using more ad
vanced shape representations. Huang et al. [21] proposed a method that uses deformation gradients
to represent the shape deformations. These deformation gradients are then decomposed to produce
components that are both sparse and localized. The rotational components are treated nonlinearly,
which means that the method is able to handle larger rotations. However, due to the limitations of de
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formation gradients, rotations larger than 180∘ cannot be dealt with. Furthermore, the method cannot
cope with global rotations, since deformation gradients are not an intrinsic geometric quantity.

Wang et al. [58] overcome these issues by describing the shapes as edge lengths and dihedral
angles instead. Sparse localized components are then extracted using the SPLOCS method [39].
Unfortunately, this method also has some drawbacks. First, the method is insensitive to the scale of the
deformations, which makes it sensitive to noise. Furthermore, the method only supports manipulation
by modifying the weights of the components, which is not very intuitive. The latter issue was addressed
by Liu et al. [34] by reformulating the examplebased discrete shell deformation. This makes it possible
to obtain new poses by simply dragging some of its vertices.

Recently, Sassen et al. [48] introduced Sparse Principal Geodesic Analysis (SPGA), which com
bines the advantages of PGA with those of SPLOCS. The method applies PGA on shape manifolds,
which provides a way of obtaining nonlinear models of shape variability that are invariant to rigid
transformations of the examples poses. By using a 𝓁1 norm as regularizer, the resulting components
describe localized deformations, such as the movement of a human shoulder. By defining sparsity as
local distortions instead of local displacements, which is used in SPLOCS, the proposed SPGAmethod
is able to handle articulated motions well.

2.1.1. Shape correspondence
Before being able to apply PCA to a dataset, it is important that the vertices of each sample mesh are
in correspondence. By this we mean that each vertex of the sample mesh should be paired with the
“same” vertex in the other meshes. Note that corresponding vertex pairs might not exist, for instance
when the dataset contains a set of partial scans. For this reason, amongst others, shape correspon
dence is a very difficult problem to solve. The topic of shape correspondence is an own branch of
research. A detailed overview of various proposed solutions to shape correspondence can be found in
[55]. In this work, we simply assume that all datasets are in correspondence.

2.1.2. Rigid registration
Besides finding point correspondences, we additionally want the samples to be aligned rigidly before
applying PCA. This can be achieved by using one of the many Iterative Closest Point (ICP) algorithms
that have been introduced over the past three decades. ICP algorithms generally consist of six stages:

1. Select source points from one or both meshes.

2. Match points to points in other mesh.

3. Weight the corresponding pairs.

4. Reject outlier point pairs.

5. Assign error metric based on the point pairs.

6. Minimize error metric.
where the first four stages are related to finding the point correspondences. ICP was first introduced by
Besl and McKay [4], who used a pointtopoint metric for matching the vertices. This method, however,
did not always give satisfactory results, for instance when the samples had a low overlap ratio. In the
years following, hundreds of other ICP variants were proposed that affected one of the six stages of
the algorithm. Chen and Medioni [10] altered the fifth stage of ICP by using a pointtoplane metric
instead, which computes the the distance between the selected point and the tangent plane of the
corresponding point. This method is shown to converge at a faster rate using less iterations and is able
to get out of a local minimum.

As mentioned in the previous section, finding the corresponding points in stage 2 is a difficult and
computationally expensive task. For this reason, Blais et al. [5] proposed a faster alternative based on
reverse calibration. This method finds corresponding pairs by projecting a point onto the destination
mesh using the destination mesh’s range camera. Even though this method performs slightly worse
in each iteration, it can be up to two orders of magnitude faster than standard closestpoint matching.
Thus, a tradeoff between accuracy and speed has to be made. Another alternative algorithm for the
second stage was proposed by Godin et al. [16], which restricts the method to only matching points
with similar color. This method additionally weights the corresponding pairs based on their color.

A more extensive review of the many existing ICP algorithms can be found in [42, 45].



8 2. Related work

2.2. Complex PCA
Complex PCA (CPCA) has been used in a number of different applications due to its useful properties,
such as its insensitivity to rotation about the origin of the plane. This section briefly discusses a few
applications of CPCA in the fields of computer graphics and geometry processing.

Papaioannou et al. [40, 41] proposed a method for learning statistical shape priors in the complex
domain. By storing the 𝑥 and 𝑦 coordinates of the 2D shapes as complex numbers, the CPCA model is
shown to be able to include more information. Both horizontal and vertical poses are incorporated in the
first complex component, while real PCA needs two components to represent the same deformations.
Colosimo and Pacella [11] used CPCA in an industrial context and presented a case study for analyzing
the straightness of cylinder axes. By measuring the 3D curve points at equally spaced locations along
the 𝑧 axis, CPCA can be used to model the 𝑥 and 𝑦 coordinates of the curve points. Due to the rotation
invariance property of CPCA, the authors demonstrate that the registration preprocessing step, which
is needed for PCA, can be omitted when using CPCA.

2.3. Quaternion PCA
Quaternion eigenvalue problems have been used in various areas of study, ranging from quantum
mechanics [14] to spacecraft attitude dynamics [60]. However, research of these eigenvalue problems
in the areas of computer graphics and computer vision seems lacking. Nevertheless, this section briefly
discusses the methods that have been used to solve quaternion eigenvalue problems as well as how
these methods are applied to various computer vision and graphics tasks.

2.3.1. Methods
Over the past two decades, various methods have been introduced for solving quaternion eigenvalue
problems. One of the most used methods in the areas of computer vision and graphics is the method
proposed by Le Bihan and Sangwine [29], who introduced a quaternion version of the wellknown PCA
method. This method, called QPCA, performs eigenvalue decomposition by applying quaternion sin
gular value decomposition (QSVD). The authors obtain this decomposition by rewriting the quaternion
matrix as a complex matrix and using classical algorithms for computing complex SVD. The complex
representation of a quaternion matrix is called the complex adjoint matrix [65].

Since the introduction of the QPCA technique above, multiple other methods for solving quater
nion eigenvalue problems have been published. Sangwine and Le Bihan [47] proposed an alternative
method for computing the quaternion SVD based on a transformation of the quaternion matrix to bidi
agonal form using quaternion Householder transformations. Instead of computing the QSVD indirectly
by applying classical algorithms on the complex adjoint matrix, which requires twice as much storage
and might lead to a loss in accuracy, this publication introduces a somewhat direct quaternion method
of computing the SVD of a quaternion matrix. More details on how this method works are covered in
Section 3.4.

A year later, the same authors introduced an implicit Jacobi algorithm for computing the SVD of
quaternion matrices directly using quaternion arithmetic [30]. First, the authors proposed an extension
of Jacobi rotations to 2 × 2 quaternionic Hermitian matrices, which can then be used for the diagonal
ization of quaternion matrices. Based on this, an extension of the implicit Jacobi SVD algorithm for
quaternion matrices is introduced, which is more accurate, but slower than the direct QSVD method
based on quaternion Householder transformations [47].

In 2013, Jia et al. [23] presented a structurepreserving algorithm for solving right eigenvalue prob
lems of Hermitian quaternion matrices. By taking into account the structures of the 4𝑛 × 4𝑛 real repre
sentation, the authors are able to construct a structurepreserving method for the tridiagonalization of
this real matrix, which reduces the 4𝑛dimensional problem to an 𝑛dimensional problem.

Using the same idea, Li et al. [32] introduced a fast structurepreserving algorithm for comput
ing the quaternion SVD. This algorithm evaluates the singular values by applying structurepreserving
bidiagonalization of the real representation.

2.3.2. Applications
Quaternion eigenvalue problems have been applied to a variety of computer vision tasks in order to
solve problems related to traditional PCA. When dealing with color images, traditional PCA was often
applied to each color channel separately after which the results were fused together. However, this
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completely ignores the spatial relationship between the different color channels, which could potentially
contain valuable information. This issue was addressed by using quaternions instead, as they provide
a nice way of describing each pixel of a color image as a pure quaternion:

𝑞 = 𝑅𝒊 + 𝐺𝒋 + 𝐵𝒌

As a result, color can be processed as a unit, rather than as 3 separate channels. Below we briefly
discuss some of the computer vision tasks that make use of quaternion eigenvalue problems.

Shi and Funt [49] proposed an algorithm consisting of three stages for the purpose of texture seg
mentation of color images. In the first stage features are extracted by applying QPCA to a set of square
subwindows taken from the input image. The training data from the subwindows is then projected onto
the first principal component of the QPCA space. Next, 𝑘means clustering is applied to the feature
vectors yielding 𝑘 centroids that describe the features of the texture clusters. Clusters that are sta
tistically similar are merged in the final stage in order to avoid oversegmentation. Unfortunately, the
performance of this approach is very dependent on the parameter selection.

For the purpose of vessel segmentation, Shi et al. [50] introduced a method that estimates the
curvature in color images. By introducing a quaternion representation of the Hessianmatrix, the authors
are able to detect lines and edges in color images directly, without having to treat each color channel
separately. This Hessian matrix is used as input for QSVD in order to find the principal curvature. This
way, it is possible to better separate the vessel structures from the background of the image. This same
quaternion Hessian matrix was also used by Mirzaalian et al. [37] for detecting malignant melanoma
from skin images. Streak structures visible in the dermoscopic images can be enhanced and thereafter
classified as regular or irregular depending on their intensity, texture and color distribution.

Another topic of interest is color image denoising. Xu et al. [62, 63] proposed a quaternionbased
sparse dictionary learning algorithm called KQSVD. The authors demonstrate that the proposed algo
rithm can be used for color image reconstruction, denoising and inpainting. For all three usecases,
the KQSVD method is shown to improve performances based on traditional KSVD methods. One
disadvantage of this method, however, is that the same dictionary is used for all pixels, making the
method unsuitable for large and complex images. More recently, Yu et al. [64] published a different
technique for color image denoising based on quaternion weighted nuclear norm minimization. This
method involves applying QSVD to a large set of noisy patch matrices, which improves results both
quantitatively and qualitatively. However, this method is less computationally efficient due to the many
QSVD computations.

Quaternion eigenvalue problems have also been applied to a number of security related topics,
such as identification and image watermarking. Xu and Guo [61] proposed a method for identification
using palmprint recognition. Multispectral images, obtained by illuminating palmprints under four
different wavelengths, can be used to obtain more information about palmprints, since different light
wavelengths penetrate through different skin layers. These images can then be described using quater
nions by storing the pixel values of the four wavelengths in the four parts of the quaternion. Features
can then be extracted by applying QPCA on the regions of interest, which can be used for classification.
Lang et al. [28] published a method for protecting the authenticity, integrity and copyright ownership
of digital images. This is done in multiple phases. First, the method selects the four most prominent
feature points from each quarter of the image. The pixels inside the quadrangle spanned by the four
points are then put into a matrix, which is called the watermarks carrier. QPCA is applied to this matrix
and the original dataset is subsequently projected onto this space. Finally, the projected data matrix
is combined with a private key and reprojected back to the original space. The authors show that the
method is able to withstand a variety of geometrical attacks (translation/rotation/scaling/skewing) as
well as some signal processing attacks (salt and pepper noise). However, the method is very compu
tationally expensive.

Quaternion eigenvalue problems have hardly been used in threedimensional computer graphics ap
plications. To the best of our knowledge, it has only been applied in combination with the quaternion
Dirac operator. Crane et al. [12] used this operator to compute conformal transformations of 3D tri
angle meshes. By solving a quaternion eigenvalue problem related to the quaternion Dirac operator,
the authors are able to project the result of any arbitrary deformation onto a surface that is approxi
mately conformal, while preserving the textures. In some cases a tradeoff between conformality and
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approximation quality has to be made, for instance when the deformation contains a large amount of
shear.

Liu et al. [33] presented a quaternion relative Dirac operator, which is purely extrinsic, and intro
duced a family of differential operators by interpolating between the relative Dirac operator and the
LaplaceBeltrami operator, which is purely intrinsic. The idea behind this is that the user can select
operators that are more intrinsic or extrinsic depending on the usecase. QPCA can then be applied for
extracting features. The extrinsic relative Dirac operator is shown to be good at distinguishing surfaces
with similar base shape but different details. Furthermore, it can distinguish manmade objects from
organic shapes with high accuracy. One drawback of this method is that there is no way to select the
most appropriate differential operator automatically.



3
Background

Before we can investigate the various questions posed at the start of this work, it is important to first
understand the basics of PCA and quaternion PCA. Therefore, this chapter first summarizes the con
cepts of PCA as well as rigid shape alignment. Thereafter, Section 3.2 briefly discusses complex PCA
and its property of rotation invariance. Next, we give an introduction to quaternion numbers and their
properties in Section 3.3, which can then be used to explain a method for quaternion SVD in Section
3.4.

3.1. Principal component analysis
PCA is one of the oldest and best known techniques for statistical analysis. It is a popular linear
transformation method that transforms data to a new coordinate system, such that the variance is
maximized along as few axes as possible, while keeping the axes orthogonal [24]. The first axis,
also called the first principal component, explains the largest possible variance present in the dataset.
Each succeeding component accounts for as much of the remaining variance as possible, while being
uncorrelated (i.e. orthogonal) to the previous components.

Since most of the variance is contained in the first few components, PCA can be used to reduce
the dimensionality of large datasets. By only keeping the first 𝑑 components that together explain a
large percentage of the variance, the dimensionality of the dataset can be reduced, while preserving
as much information as possible.

PCA is often computed using a closely related linear algebra concept called singular value decom
position (SVD). SVD is able to factor any real matrix as:

𝐘 = 𝐔𝚺𝐕𝑇

where 𝐔 and 𝐕 are orthogonal matrices containing the eigenvectors (i.e. principal components) of 𝐘𝐘𝑇
and 𝐘𝑇𝐘 respectively and 𝚺 contains the eigenvalues of 𝐘. Thus, the matrix 𝐔 contains principal com
ponents of the covariance matrix of the dataset, which is exactly what PCA aims to find.

One drawback of PCA is the significant computing resources it requires in terms of processing time and
memory usage. Nowadays, the mesh models used are often very detailed and highdimensional. As
a result, PCA would require the solution of a very large eigenvalue problem for the covariance matrix
of the data. This could require multiple gigabytes of memory and many hours of computing.

In order to overcome this problem, Sirovich [51] proposed the method of snapshots. This method
improves the computational complexity in cases where the number of vertices is much larger than the
number of samples, which is often the case in geometry processing applications. Instead of solving
the eigensystem for the covariance matrix of size 𝐘𝐘𝑇 ∈ ℝ3𝑛×3𝑛, where 𝑛 is the number of vertices,
one only needs to consider the matrix 𝐘𝑇𝐘 ∈ ℝ𝑓×𝑓, where 𝑓 is the number of samples. This smaller
matrix is known as the Gram matrix. The principal components of the covariance matrix can then be
deducted from the solution of the smaller eigenvalue problem.

The method of snapshots can also be combined with the mass matrix in order to get a mass
weighted PCA [56]. Amassmatrix is a diagonal matrix that for each vertex stores a third of the combined
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Figure 3.1: Two data samples before (left) and after (right) applying rigid registration. The red mesh is taken as the reference
sample.

area of all triangles adjacent to it. Massweighted PCA can be used to correct for meshes with irregular
triangulation. The resulting principal components will then be robust against remeshing, coarsening or
refining of the meshes.

3.1.1. Rigid shape alignment
In the field of geometry processing, subspaces are often constructed to analyze the shape variations
and/or scales present in the dataset. A shape can be defined as all the geometrical information that
remains when location, scale and rotational effects are filtered out of the object [26]. Thus, when
analyzing the data we often want to filter out the rigid motions (i.e. translations and rotations) of the
samples.

One property of PCA is that it is not invariant to these rigid motions. Thus, in order to obtain a mean
ingful subspace using PCA, one has to often apply rigid registration to the samples as a preprocessing
step. This method determines the rigid motion for each sample that minimizes the squared distance to
a selected reference sample. By applying the optimal rigid motion to each sample, the shapes will be
approximately aligned, which can then be used as an input for PCA. Different methods used to achieve
this are discussed in Section 2.1.2.

Rigid registration, however, does not always give desirable results, especially on datasets where
the samples do not have a natural up direction or when the data samples contain many nonrigid
transformations. An example of the latter can be found in Figure 3.1. Since the distance between the
vertices in the arms of the two samples is large, applying rigid registration will rotate the blue sample
backwards in order to minimize the total squared distance between the points.

3.2. Complex PCA
When working with threedimensional geometric data, PCA is often applied by concatenating the three
components of each data sample. As a result, we may lose the notion that they form a spatial vector.
When we are instead working with twodimensional data, such as a collection of 2D shapes, this prob
lem can be solved by describing each vertex as a complex number instead. Thereafter, complex PCA
(CPCA) can be applied to the data, which is computed in a similar way. The only difference between
PCA and CPCA is that CPCA employs the conjugate transpose instead and thus uses a Hermitian
covariance matrix.

CPCA is shown to lead to improved performance in comparison to real PCA [11, 41]. Using less
components the method is able to give a better approximation of the training data samples. This prop
erty is nicely visualized in Figure 3.2, taken from [41], which shows the first four components of the
PCA and CPCA subspaces. The first component of CPCA (top and bottom image) is able to incor
porate both the horizontal and vertical poses of the face. Meanwhile, PCA needs two components to
express these same motions.
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Figure 3.2: First 4 principal components of PCA (left) and CPCA (right). Top and bottom show component 1, left and right show
component 2 and the main diagonals show components 3 and 4. Taken from [41].

One important property of CPCA is its insensitivity to variability of the shape with respect to arbitrary
rotations around the origin of the complex plane [11]. In other words, this means that CPCA produces
the same subspace no matter how the samples are rotated in 2D space. The reason for this is as
follows: Let 𝐘 ∈ ℂ𝑛×𝑓 be our data matrix, where each sample contains 𝑛 2D points. The matrix 𝐘𝑟𝑜𝑡
then represents the dataset where each vector is rotated by an arbitrary angle 𝜃𝑖:

𝐘𝑟𝑜𝑡 = 𝐘𝐑, 𝐑 = diag([exp(𝒊𝜃1),⋯ , exp(𝒊𝜃𝑓)])

As it turns out, the covariance matrices of these two data matrices are equal:

𝐘𝑟𝑜𝑡𝐘∗𝑟𝑜𝑡 = 𝐘𝐑𝐑∗𝐘∗
= 𝐘𝐘∗

Since CPCA is computed from the covariance matrix, this proves that CPCA is indeed invariant to
rotations around the origin. As a result, the preliminary step of rigidly aligning each sample, as has to
be done for PCA, can be omitted for CPCA.

3.3. The algebra of quaternions
Before investigating how to combine PCA with quaternions, it is important to first understand what
quaternion numbers are and what we can do with them. Therefore, this section provides a brief in
troduction on quaternions and quaternion matrices and discusses how quaternions can be used to
describe rotations in 3D space.

3.3.1. Quaternions
Quaternions were first introduced by the mathematician Hamilton in 1843 [18]. They are essentially an
extension to complex numbers, where a quaternion 𝑞 ∈ ℍ consists of one real part and three imaginary
parts:

𝑞 = 𝑎 + 𝑏𝒊 + 𝑐𝒋 + 𝑑𝒌
where 𝑎, 𝑏, 𝑐, 𝑑 ∈ ℝ and 𝒊, 𝒋, 𝒌 are three imaginary units satisfying:

𝒊2 = 𝒋2 = 𝒌2 = 𝒊𝒋𝒌 = −1
𝒊𝒋 = −𝒋𝒊 = 𝒌, 𝒋𝒌 = −𝒌𝒋 = 𝒊, 𝒌𝒊 = −𝒊𝒌 = 𝒋

A quaternion with no real part (𝑎 = 0) is said to be a pure quaternion. The conjugate 𝑞 of a quaternion
is given by: 𝑞 = 𝑎−𝑏𝒊−𝑐𝒋−𝑑𝒌 and its norm is: ‖𝑞‖ = √𝑞𝑞 = √𝑞𝑞 = √𝑎2 + 𝑏2 + 𝑐2 + 𝑑2. The inverse
of a quaternion is then given by: 𝑞−1 = 𝑞/‖𝑞‖2. Thus, a property of unit quaternions is that their inverse
is equal to their conjugate.
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A characteristic property of quaternions is that they are noncommutative under multiplication. This
means that for two quaternions 𝑞1, 𝑞2 ∈ ℍ:

𝑞1𝑞2 ≠ 𝑞2𝑞1
This will be an important property throughout this work. An exception to this rule applies when the
imaginary part of either 𝑞1 or 𝑞2 is zero, i.e. when 𝑞𝑖 ∈ ℝ. In this case quaternions are commutative
under multiplication:

𝑞𝑎 = 𝑎𝑞 𝑞 ∈ ℍ, 𝑎 ∈ ℝ
In order to explain how quaternion multiplication works, it is useful to know that quaternions can be
represented as an order pair, where 𝑟 and �⃗� denote the scalar and vector parts respectively:

𝑞 = [𝑟, �⃗�] = [𝑎, (
𝑏
𝑐
𝑑
)]

The formulas for addition and multiplication are then as follows:

[𝑟1, �⃗�1] + [𝑟2, �⃗�2] = [𝑟1 + 𝑟2, �⃗�1 + �⃗�2]
[𝑟1, �⃗�1] ⋅ [𝑟2, �⃗�2] = [𝑟1𝑟2 − ⟨�⃗�1, �⃗�2⟩ , 𝑟1�⃗�2 + 𝑟2�⃗�1 + �⃗�1 × �⃗�2]

(3.1)

where ”⟨⋅, ⋅⟩” denotes the scalar product and ”×” denotes the vector product.

3.3.2. Quaternion vectors and matrices
The scalar product of two quaternion vectors 𝐱, 𝐲 ∈ ℍ𝑛 is defined as:

⟨𝐱, 𝐲⟩ = 𝐱∗𝐲 =
𝑛

∑
𝑖=1
𝑥𝑖𝑦𝑖

where ”∗” denotes the quaternion conjugate transpose operator, i.e. 𝐱∗ = (𝐱)𝑇 = 𝑥𝑇. One of the
properties of this scalar product is that ⟨𝐱, 𝐲⟩ = ⟨𝐲, 𝐱⟩. Similar to real vectors, quaternion vectors are
said to be orthogonal if ⟨𝐱, 𝐲⟩ = 0. Using this scalar product, the norm for quaternion vectors is defined
as:

‖𝐱‖ = √⟨𝐱, 𝐱⟩
which can be used to measure the distance between two quaternion vectors 𝐱 and 𝐲 as ‖𝐱 − 𝐲‖.

Let 𝐗 ∈ ℍ𝑛×𝑛 be a square matrix containing quaternion entries. This matrix is said to be Hermitian
if 𝐗∗ = 𝐗, unitary if 𝐗∗𝐗 = 𝐈 and invertible if 𝐗𝐘 = 𝐘𝐗 = 𝐈 for some quaternion matrix 𝐘 ∈ ℍ𝑛×𝑛.
Quaternion matrices also have some other properties, which will be of importance later on in this work.
Let 𝐗 ∈ ℍ𝑚×𝑛 and 𝐘 ∈ ℍ𝑛×𝑜, then [65]:

1. (𝐗)𝑇 = (𝐗𝑇)
2. (𝐗𝐘)∗ = 𝐘∗𝐗∗

3. 𝐗𝐘 ≠ 𝐗 𝐘 (in general)

4. (𝐗𝐘)𝑇 ≠ 𝐘𝑇𝐗𝑇 (in general)
Since standard packages for numerical linear algebra do not support quaternion matrices, a real matrix
𝐗′ ∈ ℝ4𝑚×4𝑛 can be constructed from any quaternion matrix 𝐗 ∈ ℍ𝑚×𝑛. This is done by replacing each
entry 𝑞 = 𝑎 + 𝑏𝒊 + 𝑐𝒋 + 𝑑𝒌 by the 4 × 4 matrix:

(
𝑎 −𝑏 −𝑐 −𝑑
𝑏 𝑎 −𝑑 𝑐
𝑐 𝑑 𝑎 −𝑏
𝑑 −𝑐 𝑏 𝑎

)

The real transpose of matrix 𝐗′ corresponds to the conjugate transpose of the original quaternion matrix
𝐗, i.e. 𝐗′𝑇 = 𝐗∗. When solving eigenvalue problems with this real representation, each eigenvector
of the quaternion matrix is represented by four eigenvectors of the real matrix, which differ only by an
arbitrary multiplicative constant 𝑞 ∈ ℍ.
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3.3.3. Rotations using quaternions
In Section 3.3.1 we explained how a quaternion can be represented as an ordered pair. Using this
notation the product of two quaternions could be expressed in a nice and structured way, as shown in
Equation (3.1). Now, we will use this to prove that quaternions can be used to rotate points in 3Dspace.

Let 𝑞𝑟𝑜𝑡 be a unitnorm quaternion, which will be used to rotate points:

𝑞𝑟𝑜𝑡 = [cos𝜃, sin𝜃�⃗�]

Here, 𝜃 denotes the angle of the rotation, while the unit vector �⃗� denotes the rotational axis. Further
more, let 𝑝 be the pure quaternion point that we wish to rotate:

𝑝 = [0, �⃗�]

A proper rotated version of 𝑝 can be obtained by right and left multiplying the point by the unit quaternion
𝑞𝑟𝑜𝑡 and its conjugate respectively:

𝑝𝑟𝑜𝑡 = 𝑞𝑟𝑜𝑡 ⋅ 𝑝 ⋅ 𝑞𝑟𝑜𝑡
= [cos𝜃, sin𝜃�⃗�] ⋅ [0, �⃗�] ⋅ [cos𝜃, − sin𝜃�⃗�]
= [− sin𝜃 ⟨�⃗�, �⃗�⟩ , cos𝜃�⃗� + sin𝜃�⃗� × �⃗�] ⋅ [cos𝜃, − sin𝜃�⃗�]
= [− sin𝜃 cos𝜃 ⟨�⃗�, �⃗�⟩ + ⟨cos𝜃�⃗� + sin𝜃�⃗� × �⃗�, sin𝜃�⃗�⟩ ,

sin2 𝜃 ⟨�⃗�, �⃗�⟩ �⃗� + cos𝜃(cos𝜃�⃗� + sin𝜃�⃗� × �⃗�) − (cos𝜃�⃗� + sin𝜃�⃗� × �⃗�) × (sin𝜃�⃗�)]
= [sin2 𝜃 ⟨�⃗� × �⃗�, �⃗�⟩ ,

sin2 𝜃 ⟨�⃗�, �⃗�⟩ �⃗� + cos2 𝜃�⃗� + sin𝜃 cos𝜃�⃗� × �⃗� − sin𝜃 cos𝜃�⃗� × �⃗� − sin2 𝜃(�⃗� × �⃗�) × �⃗�]
= [sin2 𝜃 ⟨�⃗�, �⃗� × �⃗�⟩ ,

sin2 𝜃 ⟨�⃗�, �⃗�⟩ �⃗� + cos2 𝜃�⃗� + 2 sin𝜃 cos𝜃�⃗� × �⃗� + sin2 𝜃�⃗� × (�⃗� × �⃗�)]
= [0, sin2 𝜃 ⟨�⃗�, �⃗�⟩ �⃗� + cos2 𝜃�⃗� + 2 sin𝜃 cos𝜃�⃗� × �⃗� + sin2 𝜃 ⟨�⃗�, �⃗�⟩ �⃗� − sin2 𝜃 ⟨�⃗�, �⃗�⟩ �⃗�]
= [0, 2 sin2 𝜃 ⟨�⃗�, �⃗�⟩ �⃗� + cos2 𝜃�⃗� − sin2 𝜃�⃗� + 2 sin𝜃 cos𝜃�⃗� × �⃗�]
= [0, (1 − cos 2𝜃) ⟨�⃗�, �⃗�⟩ �⃗� + cos 2𝜃�⃗� + sin 2𝜃�⃗� × �⃗�]

(3.2)

The result we obtain is exactly the same as Rodrigues’ rotation formula around the �⃗� axis with an angle
of 2𝜃. Thus, 𝑝𝑟𝑜𝑡 gives us a proper rotated version of the point 𝑝.

3.4. Quaternion SVD
Similar to real PCA, quaternion PCA can also be computed using singular value decomposition. One
straightforward way of computing this quaternion SVD (QSVD) is by rewriting the 𝑛 × 𝑚 quaternion
matrix as a 2𝑛 × 2𝑚 complexvalued matrix [29], also known as the complex adjoint matrix [65]. The
quaternion singular values and vectors can then be obtained by applying any classical SVD algorithm for
complex matrices. This indirect method of computing QSVD can, however, lead to a loss of accuracy
and involves twice as much work as a direct quaternion method. This has to do with the fact that
each quaternion is represented by four complex numbers in the complex adjoint matrix, while only two
complex numbers are required to describe it.

In 2006, Sangwine and Le Bihan [47] proposed an alternative to the indirect method described
above. This method bidiagonalizes any quaternion matrix to a real bidiagonal matrix by applying a
simple recursive algorithm that uses quaternion Householder transformations. Classical real PCA can
then be applied to obtain the singular values and vectors. Even though this method still does not
compute the QSVD directly, it does not rely on the complex adjoint matrix and thus does not require
twice the amount of computations. Furthermore, it still makes use of traditional real SVD routines that
are well tested and known to be computationally efficient.

The algorithm for the bidiagonalization of a quaternion matrix 𝐘 can be found in Algorithm 1. Here,
the result 𝐙 can be an upper or lower bidiagonal real matrix depending on the relative magnitudes of
𝑛 and 𝑚. After having computed this matrix, one can compute the SVD of 𝐙 and use the result to find
the singular values and vectors of 𝐘. This is shown in Algorithm 2.



16 3. Background

Algorithm 1: Bidiagonalization of quaternion matrix 𝐘.
Data: Data matrix 𝐘 ∈ ℍ𝑛×𝑚.
Result: 𝐋 ∈ ℍ𝑛×𝑛, 𝐙 ∈ ℝ𝑛×𝑚, 𝐑∗ ∈ ℍ𝑚×𝑚

1
2 if 𝑚 ≤ 𝑛 then
3 Bidiagonalize(𝐘, 𝐋, 𝐙, 𝐑);
4 else
5 Bidiagonalize(𝐘∗, 𝐑, 𝐙, 𝐋);
6 𝐙 ← 𝐙𝑇;
7 end
8
9 Function Bidiagonalize(Input: 𝐘, Output: 𝐋, 𝐙, 𝐑):
10 𝐯 ← [1 0 ⋯ 0]𝑇;
11 𝐋 ← H(𝐘∶,1, 𝐯) ; // Householder transformation.
12 𝐙 ← 𝐋𝐘;
13 𝐑 ← 𝕀𝑚×𝑚;
14
15 if 𝑚 > 1 then
16 Bidiagonalize(𝐘∗∶,2∶𝑚, 𝐑′, 𝐙′, 𝐋′);
17 𝐋 ← 𝐋′𝐋;
18 𝐘∶,2∶𝑚 ← (𝐙′)𝑇;
19 𝐑2∶𝑚,2∶𝑚 ← 𝐑′;
20
21 𝐙 ← 𝑟(𝐘) ; // Scalar part of 𝐘.
22
23 Function H(Input: 𝐲 ∈ ℍ𝑛, 𝐯 ∈ ℝ𝑛, Output: 𝐇 ∈ ℍ𝑛×𝑛):
24 Find unit quaternion scalar 𝑧 and quaternion vector 𝐮 ∈ ℍ𝑛 with ‖𝐮‖ = √2 such that:
25 𝑧(𝕀 − 𝐮𝐮∗)𝐲 = ‖𝐲‖𝐯;
26
27 𝐇 ← 𝑧(𝕀 − 𝐮𝐮∗);

Algorithm 2: Quaternion singular value decomposition.
Data: Data matrix 𝐘 ∈ ℍ𝑛×𝑚.
Result: 𝐔 ∈ ℍ𝑛×𝑛, 𝚺 ∈ ℝ𝑛×𝑚, 𝐕∗ ∈ ℍ𝑚×𝑚

1
2 Bidiagonalize 𝐘 using Algorithm 1 to decompose 𝐘 into 𝐋𝐙𝐑∗;
3
4 Compute SVD of 𝐙 to obtain 𝐔′, 𝚺, 𝐕′ such that:
5 𝐙 = 𝐔′𝚺(𝐕′)∗;
6
7 𝐔 ← 𝐋𝐔′;
8 𝐕∗ ← (𝐕′)∗𝐑∗;



4
Quaternion PCA

This chapter investigates how quaternion PCA (QPCA) can be applied to geometric data in order to
describe the shape variability present in a dataset. First, we describe how the sample meshes can
be represented using pure quaternions. Using this notation, we then specify how existing methods for
quaternion PCA can be applied to this geometric data in Section 4.2. Furthermore, this section includes
the derivation of a quaternion method of snapshots as well as a massweighted QPCA technique.
We believe that this is the first work to introduce these two computationally efficient methods. After
discussing the quaternion subspace construction, we explain how samples can be projected onto this
subspace in Section 4.3. Finally, Section 4.4 discusses whether the rigid motion invariance property
holds for the presented QPCA techniques.

4.1. Samples
Quaternions provide us a nice way to describe 3D meshes. By encoding the 𝑥, 𝑦 and 𝑧 coordinates
of each vertex as a pure quaternion, a mesh of 𝑛 vertices can be described by a vector of quaternions
𝐲 ∈ ℍ𝑛. Thus, if we have 𝑓 poses or snapshots, this can be described by a matrix of quaternions
𝐘 ∈ ℍ𝑛×𝑓. In order to obtain meaningful results, it is required that the vertices of each sample are in
correspondence. The datasets used in this work already satisfy this requirement. However, methods
of obtaining such vertex correspondences are briefly discussed in Section 2.1.1.

4.2. Subspace construction
A mesh containing 𝑛 vertices has 3𝑛 degrees of freedom (i.e. the vertex positions). In many cases, a
high correlation is present between the vertices of the samples. Therefore, a lowdimensional subspace
can be constructed that is optimized for providing a good approximation of the data samples. This
subspace is found by constructing a basis matrix 𝐔 that minimizes the approximation of the samples:

argmin
𝐮𝑗

𝑓

∑
𝑖=1
‖𝐲𝑖 −

𝑑

∑
𝑗=1
𝐮𝑗 ⟨𝐮𝑗 , 𝐲𝑖⟩ ‖2

s.t. ⟨𝐮𝑎 , 𝐮𝑏⟩ = 𝛿𝑎𝑏

(4.1)

This optimization problem can be solved using a quaternion version of PCA. The remainder of this
section is built up as follows. First, we describe a general way of performing quaternion PCA (QPCA)
in the section below, which is taken from previous work [29, 47]. Due to the inefficiency of this method in
solving the objective above, we contribute by introducing a quaternion method of snapshots in Section
4.2.2. We show that this method significantly improves the computational efficiency of QPCA. Next, we
combine this newly introduced quaternion method of snapshots with the mass matrix in order to obtain
a massweighted QPCA technique in Section 4.2.3. This makes the method more robust to coarsening
or refining of the sample meshes.

17
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4.2.1. Quaternion principal component analysis (QPCA)
Given a dataset 𝐘 ∈ ℍ𝑛×𝑓, one can build the covariance matrix 𝚪 ∈ ℍ𝑛×𝑛 as:

𝚪 = 𝐘𝐘∗ (4.2)

Performing QPCA now consists of decomposing 𝚪 using quaternion eigenvalue decomposition. Due
to the noncommutative property of quaternion multiplication, two kinds of eigenvalue problems ex
ist, namely left and right eigenvalue problems. These two problems are given by 𝚪𝐮𝑖 = 𝜆𝑖𝐮𝑖 and
𝚪𝐮𝑖 = 𝐮𝑖𝜆𝑖 respectively. In this work, however, there is no difference between these two eigenvalue
problems. Since 𝚪 is a quaternionic Hermitian matrix, the eigenvalues 𝜆𝑖 will be realvalued [43]. Left
or right multiplication of a quaternion by a real number yields the same result and therefore these two
eigenvalue problems are identical. Rewriting the eigenvalue problem into matrix form gives:

𝚪 = 𝐔𝚲𝐔∗ (4.3)

where 𝐔 ∈ ℍ𝑛×𝑛 is a unitary matrix that contains the eigenvectors of 𝚪 and 𝚲 ∈ ℝ𝑛×𝑛 is a diagonal
matrix containing the eigenvalues. Equation (4.3) can be computed using a quaternion version of
singular value decomposition (QSVD). The data matrix 𝐘 admits a QSVD given as:

𝐘 = 𝐔𝚺𝐕∗ (4.4)

Here, 𝐔 ∈ ℍ𝑛×𝑛 and 𝐕 ∈ ℍ𝑓×𝑓 are unitary matrices containing the eigenvectors of 𝚪 and 𝐘∗𝐘 respec
tively and 𝚺 is a diagonal matrix containing the singular values of 𝐘. Furthermore, 𝚺 is related to 𝚲 in
Equation (4.3) by 𝚲 = 𝚺2. This is easily shown by:

𝚪 = (𝐔𝚺𝐕∗)(𝐔𝚺𝐕∗)∗ = 𝐔𝚺𝐕∗𝐕𝚺∗𝐔∗ = 𝐔𝚺2𝐔∗
𝐘∗𝐘 = (𝐔𝚺𝐕∗)∗(𝐔𝚺𝐕∗) = 𝐕𝚺∗𝐔∗𝐔𝚺𝐕∗ = 𝐕𝚺2𝐕∗ (4.5)

By storing only the first 𝑑 eigenvectors of 𝐔 that together explain the largest part of the variance present
in the data, we can approximate the samples while strongly reducing the degrees of freedom. The num
ber of elements 𝑑 can be chosen such that the corresponding basis satisfies a prescribed approximation
goal:

∑𝑑𝑖=1 𝜆𝑖
∑𝑓𝑖=1 𝜆𝑖

(4.6)

where 𝜆𝑖 are the eigenvalues from 𝚲. Depending on the application, this value should lie close to 1.
Note that this only guarantees the approximation error on the set of training samples and not on other
unseen test samples.

Sangwine and Le Bihan [47] proposed a method for computing the QSVD based on bidiagonalization to
a real matrix using quaternion Householder transformations, which is described in Section 3.4. We de
cided to use this method as it is shown to be more efficient than other indirect methods of computation.
Furthermore, this method is readily available in the MATLAB toolbox qtfm [46].

4.2.2. Quaternion method of snapshots
When applying QPCA to the samples, the number of vertices 𝑛 is often much larger than the number of
frames 𝑓, especially for high resolution meshes. In that case, the computation of QPCA would require
the solution of a very large eigenvalue problem for the dense covariance matrix 𝚪 ∈ ℍ𝑛×𝑛. For PCA this
problem was solved by applying the method of snapshots, where instead of solving the eigensystem
for the covariance matrix, one only needs to consider the Gram matrix [51]. In this section we introduce
a quaternion method of snapshots, which is heavily inspired by the real method of snapshots. To the
best of our knowledge, we are the first to derive and use this quaternion method.

The quaternion Gram matrix of a data matrix 𝐘 ∈ ℍ𝑛×𝑓 is defined as 𝐘∗𝐘 ∈ ℍ𝑓×𝑓. Equation (4.5) shows
that the right eigenvalue problem for this matrix is given by:

𝐘∗𝐘𝐯𝑖 = 𝐯𝑖𝜆𝑖 (4.7)
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This smaller eigenvalue problem can be solved using QPCA, as described in the previous section. By
rewriting Equation (4.4), we know that:

𝐘𝐯𝑖 = 𝐮𝑖𝜎𝑖 (4.8)

with 𝜆𝑖 = 𝜎2𝑖 . Therefore, we can obtain the QPCA basis 𝐮𝑖 from the solution of the smaller eigenvalue
problem of 𝐘∗𝐘 by setting:

𝐮𝑖 = 𝐘𝐯𝑖√𝜆𝑖
−1

= 1
√𝜆𝑖

𝐘𝐯𝑖
(4.9)

Note that the eigenvalues 𝜆𝑖 are realvalued. Therefore, it is allowed to move the √𝜆𝑖
−1

term forward.

Applying the quaternion method of snapshots can significantly improve the computational complexity
of the subspace construction. As an example, suppose that we have 𝑓 = 20 samples, each consisting
of 𝑛 = 10, 000 vertices. In this case, the normal QPCA method needs to solve a quaternion eigenvalue
problem for the large covariance matrix of size 10, 000×10, 000. This can take a considerable amount
of time and might even fail, depending on the QPCA implementation. On the other hand, the quaternion
method of snapshots only requires the solution of a quaternion eigenvalue problem for the Gram matrix
of size 20×20. Thereafter, the 20 eigenvectors of the covariance matrix can be obtained by performing
20 quaternion matrix multiplications, as described in Equation (4.9). This comes down to performing
𝑛𝑓2 quaternion multiplications, 𝑛𝑓(𝑓 − 1) quaternion additions and 𝑓 scalar multiplications.

4.2.3. Massweighted quaternion method of snapshots
The subspace found by QPCA might not be satisfactory when the training meshes have irregular trian
gulation. Imagine a dataset where the left side of each mesh contains many triangles, while the right
side only contains a few triangles. In that case, QPCA will prioritize finding basis vectors that accurately
represent the left side of the meshes, as the shape variation summed over the triangles is much larger
in that area. For real PCA, this problem was solved by computing a massorthonormal basis instead,
using the mass matrix, that corrects for these mesh irregularities. In this section, we derive a quater
nion version of this massweighted PCA technique. Furthermore, we show that this massorthonormal
quaternion basis can also be computed using the more efficient quaternion method of snapshots.

The massweighted QPCA subspace can be found by solving an adjusted version of the optimization
problem in Equation (4.1):

argmin
𝐮𝑗

𝑓

∑
𝑖=1
‖𝐲𝑖 −

𝑑

∑
𝑗=1
𝐮𝑗 ⟨𝐮𝑗 , 𝐲𝑖⟩𝑀 ‖

2
𝑀

s.t. ⟨𝐮𝑎 , 𝐮𝑏⟩𝑀 = 𝛿𝑎𝑏

(4.10)

Here, the massweighted scalar product and norm are denoted by ⟨𝐱, 𝐲⟩𝑀 = 𝐱∗𝐌𝐲 and ‖𝐱‖𝑀 = √⟨𝐱, 𝐱⟩𝑀
respectively. Furthermore,𝐌 ∈ ℝ𝑛×𝑛 denotes the mass matrix, which is a diagonal matrix that for each
vertex stores a third of the combined area of the triangles containing it. The sample on which the mass
matrix is computed can be chosen manually. However, it can also be selected automatically, e.g. as
the sample that has the median triangle areas. Using the mass matrix allows us to obtain a basis matrix
that is robust against remeshing, coarsening or refining of the meshes.

The problem from Equation (4.10) can be solved by applying QPCA on the covariance matrix of the
dataset 𝐌1/2𝐘 ∈ ℍ𝑛×𝑓:

𝚪′ = 𝐌1/2𝐘(𝐌1/2𝐘)∗

= 𝐌1/2𝐘𝐘∗(𝐌1/2)∗

= 𝐌1/2𝐘𝐘∗𝐌1/2

The data matrix 𝐌1/2𝐘 then admits a QSVD given by:

𝐌1/2𝐘 = 𝐔𝚺𝐕∗ (4.11)
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Here, 𝐔 and 𝐕 are unitary matrices storing the eigenvectors of the new covariance matrix 𝚪′ and mass
weighted Gram matrix 𝐘∗𝐌𝐘 respectively. However, it should be noted that we still want to obtain the
orthonormal basis of 𝚪, from Equation (4.2), and not of 𝚪′. This basis can easily be found by rewriting
Equation (4.11) as:

𝐌1/2𝐘 = 𝐔𝚺𝐕∗

𝐘 = (𝐌−1/2𝐔)𝚺𝐕∗

𝐘 = 𝐔′𝚺𝐕∗ with 𝐔′ = 𝐌−1/2𝐔
(4.12)

Thus, 𝐔′ is the massorthonormal basis that solves the massweighted optimization problem. It is also
possible to adapt the newly introduced quaternion method of snapshots in order to solve this. Similar
to Equation (4.7), the eigenvalue problem for the massweighted Gram matrix is defined as:

𝐘∗𝐌𝐘𝐯𝑖 = 𝐯𝑖𝜆𝑖 (4.13)

Furthermore, the eigenvalue problem related to Equation (4.12) can be written as:

𝐘𝐯𝑖 = 𝐮′𝑖𝜎𝑖 (4.14)

Thus, the massorthonormal basis 𝐔′ can also be computed from the solution of the smaller eigenvalue
problem of the massweighted Gram matrix by setting:

𝐮′𝑖 = 𝐘𝐯𝑖√𝜆𝑖
−1

= 1
√𝜆𝑖

𝐘𝐯𝑖
(4.15)

where again 𝜆𝑖 = 𝜎2𝑖 .

4.3. Projection onto quaternion subspace
After having constructed the quaternion subspace, we can project any number of samples onto this
subspace by finding the weight matrix𝐖 ∈ ℍ𝑑×𝑓 that minimizes:

argmin
𝑤𝑗𝑖

𝑓

∑
𝑖=1
‖𝐲𝑖 −

𝑑

∑
𝑗=1
𝐮𝑗𝑤𝑗𝑖‖2 = argmin

𝐰𝑖

𝑓

∑
𝑖=1
‖𝐲𝑖 − 𝐔𝐰𝑖‖2

= argmin
𝐖
‖𝐘 − 𝐔𝐖‖2𝐹

(4.16)

where ‖ ⋅ ‖2𝐹 denotes the Frobenius norm, 𝐔 ∈ ℍ𝑛×𝑑 contains the first 𝑑 columns of the orthonormal
basis and 𝐘 ∈ ℍ𝑛×𝑓 contains the 𝑓 samples that we wish to project onto the QPCA space. Note that
these samples do not necessarily have to be the same samples that were used for the construction of
the subspace.

Since the basis constructed with QPCA is orthonormal, a closedform solution exists for finding the
desired weights:

𝐖 = 𝐔∗𝐘 (4.17)
Thus, a projection of the samples onto the QPCA subspace is found by:

𝐘𝑝𝑟𝑜𝑗 = 𝐔𝐖
= 𝐔𝐔∗𝐘 (4.18)

If 𝐔 would instead be a massorthonormal basis, as described in Section 4.2.3, the optimal weights are:

𝐖 = 𝐔∗𝐌𝐘 (4.19)

In that case, the projection of the samples onto the subspace can be found by:

𝐘𝑝𝑟𝑜𝑗 = 𝐔𝐖
= 𝐔𝐔∗𝐌𝐘 (4.20)
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Since the number of components 𝑑 is typically smaller than the number of vertices 𝑛, the projected data
matrix 𝐘𝑝𝑟𝑜𝑗 will not only contain pure quaternions. In other words, besides the 𝑥, 𝑦 and 𝑧 components
of the vertices that are stored in the imaginary parts of the quaternions, the quaternions will also have an
additional nonzero real part. Since we are not able to visualize these real parts, as this would require a
fourdimensional space for viewing, we simply set these real parts to zero. Furthermore, setting these
real parts to zero will also minimize the optimization problem shown in Equation (4.16), since the data
matrix 𝐘 only contains pure quaternions.

4.4. Rigid motion invariance
As mentioned in Section 3.1.1, one of the problems of PCA is that it is not invariant to rigid motions
of the data samples. This means that the quality of the subspace found by PCA heavily depends on
the alignment of the data samples. Therefore, rigid registration is often applied beforehand in order to
approximately align the samples.

This section investigates whether the rigid registration preprocessing step can be omitted when
QPCA is used instead. In other words, this section tries to answer the following question: Is the sub
space found by QPCA invariant to rigid motion of the input samples? Here, a rigid motion is defined as
a translation, a rotation or a combination of both. Note that we are mostly interested in the rotational
aspect, which we discuss in Section 4.4.2.

4.4.1. Translation invariance
Similar to the PCA approach, translation invariance in QPCA can be achieved by simply centering each
sample around zero. This is done by subtracting the centroid of the shape from the shape itself:

𝐲′𝑖 = 𝐲𝑖 − 𝑦𝑚𝑒𝑎𝑛,𝑖 for 𝑖 = 1,… , 𝑓 (4.21)

The centroid of a shape 𝐲𝑖 can easily be computed using quaternions by:

𝑦𝑚𝑒𝑎𝑛,𝑖 =
1
𝑛

𝑛

∑
𝑗=1
𝑦𝑗𝑖 (4.22)

When using massweighted QPCA, one can also define the centroid of the shape as its center of mass:

𝑦𝑚𝑒𝑎𝑛,𝑖 =
1

‖𝟏‖2𝑀

𝑛

∑
𝑗=1
𝑚𝑗𝑗 ⋅ 𝑦𝑗𝑖 (4.23)

Here, 𝐌 denotes the massmatrix and ‖ ⋅ ‖𝑀 is the massweighted scalar norm.

4.4.2. Rotation invariance
Ideally, we would like the constructed subspace to be independent to rotations of the data samples. In
other words, we would like to obtain the same subspace whether we compute it on 𝑓 sample frames 𝐲𝑖
or compute it on 𝑓 rotated sample frames 𝑞𝑖𝐲𝑖𝑞𝑖 for some unit quaternions 𝑞𝑖. Unfortunately, we could
not fully achieve this. In order to be able to represent all possible rotations of a sample, a combination
of both left and right multiplication with a unit quaternion is needed, as seen in Section 3.3.3. For this
reason, it is not possible to create a subspace that is rotation invariant. This has to do with the fact that
the original samples and rotated samples do not give the same covariance matrix:
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𝐘𝐘∗ =
𝑓

∑
𝑖
𝐲𝑖𝐲∗𝑖

𝐘𝑟𝑜𝑡𝐘∗𝑟𝑜𝑡 =
𝑓

∑
𝑖
(𝑞𝑖𝐲𝑖𝑞𝑖)(𝑞𝑖𝐲𝑖𝑞𝑖)∗

=
𝑓

∑
𝑖
𝑞𝑖𝐲𝑖𝑞𝑖𝑞𝑖𝐲∗𝑖 𝑞𝑖

=
𝑓

∑
𝑖
𝑞𝑖𝐲𝑖𝐲∗𝑖 𝑞𝑖

(4.24)

Since the quaternion subspace is constructed from the covariance matrix, we know that 𝐘 and 𝐘𝑟𝑜𝑡 will
not generate the same subspace. However, frames that have been multiplied with a unit quaternion 𝑞𝑖
only from the right, i.e. 𝐲𝑖𝑞𝑖, do give us the same subspace as the subspace constructed from 𝐲𝑖. In
this case, the covariance matrix is the same for both datasets:

𝐘𝑟𝑖𝑔ℎ𝑡𝐘∗𝑟𝑖𝑔ℎ𝑡 =
𝑓

∑
𝑖
(𝐲𝑖𝑞𝑖)(𝐲𝑖𝑞𝑖)∗

=
𝑓

∑
𝑖
𝐲𝑖𝑞𝑖𝑞𝑖𝐲∗𝑖

=
𝑓

∑
𝑖
𝐲𝑖𝐲∗𝑖

(4.25)

Thus, any pair of covariance matrices will be equal if the frames are right multiplied by arbitrary unit
quaternions. This means that the quaternion subspace is invariant to multiplication with a unit quater
nion from the right. In order to explain which transformations can be represented in this subspace, we
have to take another look at quaternion multiplication. Multiplying a point 𝑝 with a unit quaternion 𝑞𝑟𝑜𝑡
from the right gives:

𝑝𝑟𝑖𝑔ℎ𝑡 = 𝑝 ⋅ 𝑞𝑟𝑜𝑡
= [0, �⃗�] ⋅ [cos𝜃, − sin𝜃�⃗�]
= [sin𝜃 ⟨�⃗�, �⃗�⟩ , cos𝜃�⃗� − sin𝜃�⃗� × �⃗�]
= [sin𝜃 ⟨�⃗�, �⃗�⟩ , cos𝜃�⃗� + sin𝜃�⃗� × �⃗�]

(4.26)

In cases where �⃗� is perpendicular to �⃗�, i.e. when �⃗� ⊥ �⃗�, the real term in Equation (4.26) disappears and
point 𝑝𝑟𝑖𝑔ℎ𝑡 already describes a proper rotated version of 𝑝. However, when the two vectors are not
perpendicular, a proper rotated version can only be obtained by additionally leftmultiplying the result
by 𝑞𝑟𝑜𝑡. In Section 3.3.3 we showed that this results in:

𝑝𝑟𝑜𝑡 = 𝑞𝑟𝑜𝑡 ⋅ 𝑝 ⋅ 𝑞𝑟𝑜𝑡
= [0, (1 − cos 2𝜃) ⟨�⃗�, �⃗�⟩ �⃗� + cos 2𝜃�⃗� + sin 2𝜃�⃗� × �⃗�] (3.2)

If we ignore the real parts, we can see that Equation (4.26) and (3.2) differ only by the term (1 −
cos 2𝜃) ⟨�⃗�, �⃗�⟩ �⃗�. This term actually projects �⃗� onto the axis of rotation �⃗�, as can be seen in Figure 4.1,
and scales it by 1 − cos 2𝜃. Thus, when only rightmultiplication by 𝑞𝑟𝑜𝑡 is applied to each point of a
mesh, the resulting mesh will be a “correctly” rotated mesh apart from the scaling of the points along the
axis of rotation �⃗�. An example of this can be found in Figure 4.2, where the mesh seems to be perfectly
rotated when looking straight through the axis of rotation. However, when viewed from another angle,
the incorrect scaling along the axis of rotation becomes visible.
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Figure 4.1: Visualization of the term �⃗�𝑝𝑟𝑜𝑗 = ⟨�⃗�, �⃗�⟩ �⃗�, where �⃗� contains the vertex coordinates of point 𝑝 and �⃗� denotes the axis
of rotation.

Figure 4.2: Rightmultiplied sample 𝐲𝑖𝑞𝑖 (gray) versus proper rotated sample 𝑞𝑖𝐲𝑖𝑞𝑖 (transparent) viewed through the axis of
rotation (left) and from another angle (right).

It should be noted that the optimal unit quaternion to rightmultiply each point with in order to best
approximate the rotated sample is not necessarily the same as the unit quaternion that was used to
obtain the rotated sample. Instead, the optimal unit quaternion is given by:

𝑞𝑜𝑝𝑡 =
𝐲∗𝑖 𝐲𝑟𝑜𝑡,𝑖
‖𝐲∗𝑖 𝐲𝑟𝑜𝑡,𝑖‖

= 𝐲∗𝑖 𝑞𝑖𝐲𝑖𝑞𝑖
‖𝐲∗𝑖 𝑞𝑖𝐲𝑖𝑞𝑖‖

= 𝐲∗𝑖 𝑞𝑖𝐲𝑖𝑞𝑖
‖𝐲∗𝑖 𝐲𝑖‖

(4.27)

This optimal quaternion is visualized in Figure 4.3, where 𝑞𝑜𝑝𝑡 is used to obtain the rightmultiplied
sample instead of the 𝑞𝑖 from Figure 4.2.

In conclusion, we can state that the subspace found byQPCA is not rigidmotion invariant. It is, however,
invariant to rightmultiplication with a unit quaternion. Therefore, both the original sample as well as
any rightmultiplied sample can be represented in the same subspace. In practice, this means that we
are able to describe any rotation up to an incorrect scaling along the axis of rotation, as shown in Figure
4.2. By selecting a different unit quaternion, and thus a different axis of rotation, we can approximate
the rotated sample even better, as shown in Figure 4.3. Thus, even though the QPCA technique will
not give a subspace that is fully rotational invariant, and thus rigid motion invariant, it will most definitely
be able to filter out the rotational aspect of the samples better than PCA is able to.



24 4. Quaternion PCA

Figure 4.3: Rightmultiplied sample 𝐲𝑖𝑞𝑜𝑝𝑡 (gray) versus proper rotated sample 𝑞𝑖𝐲𝑖𝑞𝑖 (transparent) viewed through the axis of
rotation (left) and from another angle (right). The rightmultiplied sample uses the optimal unit quaternion from Equation (4.27).



5
Quaternion sparse PCA

One disadvantage of the PCA and QPCA methods described in Chapter 4 is that the components
found by these methods are of global support. This means that each component deforms every vertex
of the mesh. As a result, only the first few components can typically be interpreted. In some settings
it would be preferable to have sparse and localized components, where each component only impacts
a small part of the mesh. This way, the components are much more interpretable and each vertex of
the mesh is deformed by a small set of components only. Another added benefit of this sparsity is
that less storage space is required to store the components. This chapter describes ways of obtaining
sparse and localized components using both real numbers and quaternions, inspired by a sparse PCA
technique called the Sparse Localized Deformation Components (SPLOCS) method [39].

The chapter is structured as follows. First, we briefly review the original SPLOCSmethod in Section
5.1. Thereafter, we introduce a quaternion SPLOCS method, which takes advantage of the correlation
between the 𝑥, 𝑦 and 𝑧 coordinates of the vertices. This is derived in Section 5.2. Next, we introduce
a new sparse PCA method in Section 5.3, which adds an additional Laplacian term to the optimization
problem of SPLOCS. The quaternion version of this new sparse PCA method is then described in
Section 5.4. Details on how the samples are projected onto the sparse subspaces are given in Section
5.5. Finally, Section 5.6 discusses the tunable parameters that are present in the sparse PCAmethods.

5.1. Sparse localized deformation components (SPLOCS)
Before going into how the SPLOCSmethod can be implemented using quaternions, we first give a brief
summary of the original SPLOCS method. For a more detailed description, we refer to [39].

Similar to the PCA and QPCA methods, the SPLOCS method aims to construct a lowdimensional
subspace that is optimized for providing a good approximation of the sample frames. However, instead
of imposing an orthogonality constraint on the components, SPLOCS introduces a sparsity inducing
term as regularizer on the components. Thus, SPLOCS aims to minimize the following optimization
problem:

argmin
𝐔,𝐖

‖𝐘 − 𝐔𝐖‖2𝐹 + Ω(𝐔) s.t. 𝒱(𝐖) (5.1)

where 𝐔 ∈ ℝ3𝑛×𝑑 contains the 𝑑 components,𝐖 ∈ ℝ𝑑×𝑓 contains their corresponding weights, Ω(𝐔) is
the regularizer and the constraint 𝒱 makes sure that the weights of each component do not grow too
large:

max(|𝐰𝑖|) = 1 for 𝑖 = 1,… , 𝑑 (5.2)
It is important to note that the dataset 𝐘 does not contain the vertex positions of each frame, as was
the case in PCA and QPCA. Instead, the method expresses the vertex coordinates as the residual
displacements to a “rest shape” 𝐲 of the mesh, which could for instance be the first sample or the
average over all samples. Thus, the dataset is defined as:

𝐘 ← 𝐘 − 𝐲 (5.3)

where the rest shape is subtracted from each column of 𝐘. Since the dataset is defined in terms of
residual displacements, the component matrix 𝐔 will also be defined in such a way. Therefore, the
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sparsity inducing term Ω(𝐔) can be described as:

Ω(𝐔) =
𝑛

∑
𝑖=1

𝑑

∑
𝑗=1
Λ𝑖𝑗‖𝐮𝑖𝑗‖2 (5.4)

where 𝐮𝑖𝑗 is a triplet corresponding to the 𝑥, 𝑦 and 𝑧 displacements of vertex 𝑖 in component 𝑗 and Λ𝑖𝑗
is the regularization strength. By using a 𝓁1/𝓁2 norm in the sparsity inducing term, which is a form of
group sparsity, we make sure that the 𝑥, 𝑦 and 𝑧 dimensions of each vertex vanish simultaneously.

If the regularization strength would be constant for all vertices and components, the resulting compo
nents would be sparse, but not necessarily localized. The sparsity inducing term does not specify which
vertex displacements should vanish. For this reason, SPLOCS employs a spatially varying regulariza
tion parameter based on the distances to the center of each component. The method stipulates that
each component should be centered around the vertex showing the largest displacement within that
component. Thereafter, the method computes the geodesic distances of each vertex in the rest shape
to this center vertex, using the heat method [13], and linearly maps and clips these values to the range
[0, 1]:

Λ𝑖𝑗 = 𝜆 ⋅ {
0 if 𝑑𝑖𝑗 < 𝑑min

1 if 𝑑𝑖𝑗 > 𝑑max
𝑑𝑖𝑗−𝑑min

𝑑max−𝑑min
otherwise

(5.5)

Using this definition, vertices that lie close to the center of a component will have a low regularization
strength, while vertices that lie further away will have a larger value for Λ𝑖𝑗. As a result, the sparsity
inducing term Ω(𝐔) will only apply to vertices that lie far away and thus only these displacements will
vanish.

The optimization problem shown in Equation (5.1) is solved using a refinement method that iteratively
fixes either 𝐖 or 𝐔 and solves for the other. Optimizing Equation (5.1) with respect to the weights 𝐖
is a constrained linear least squares problem, while optimization of the components 𝐔 is tackled using
the Alternating Direction Method of Multipliers (ADMM) [8].

5.2. Quaternion SPLOCS (QSPLOCS)
The SPLOCS method needs some adjustments in order for it to be implemented using quaternions.
In this section we introduce a quaternion version of this method, which we call QSPLOCS, and take a
closer look at its implementation details. Similar to the SPLOCS method, QSPLOCS aims to minimize
the following optimization problem:

argmin
𝐔,𝐖

‖𝐘 − 𝐔𝐖‖2𝐹 + Θ(𝐔) s.t. 𝒱(𝐖) (5.6)

where 𝐘 ∈ ℍ𝑛×𝑓, 𝐔 ∈ ℍ𝑛×𝑑 and𝐖 ∈ ℍ𝑑×𝑓 are quaternion matrices describing the dataset, components
and their weights respectively, Θ(𝐔) is the regularizer and the constraints 𝒱 are defined in the same way
as in the real case from Equation (5.2). As before, the vertex coordinates are expressed as residual
displacements to a rest shape 𝐲. The sparsity inducing term of SPLOCS, however, which uses the
𝓁1/𝓁2 group norm, can be simplified when using quaternions. Since the 𝑥, 𝑦 and 𝑧 displacements of
each vertex are already grouped together in a quaternion, applying a simple 𝓁1 norm on the quaternion
components will have the same effect as applying the 𝓁1/𝓁2 norm in the real case. Thus, the regularizer
of QSPLOCS can be written as:

Θ(𝐔) =
𝑛

∑
𝑖=1

𝑑

∑
𝑗=1
Λ𝑖𝑗|𝑢𝑖𝑗| (5.7)

Here, the regularization strengths Λ𝑖𝑗 are defined in the sameway as in Equation (5.5). The optimization
problem of Equation (5.6) is again solved using an iterative refinement method and ADMM for the
optimization of the components. Since we are dealing with quaternions and a 𝓁1 norm, there are
some differences in the implementation of ADMM for QSPLOCS. Details on how this is computed are
discussed in Section 5.2.2. The following section first discusses the initialization phase of QSPLOCS.
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Algorithm 3: Initialization phase of QSPLOCS.
Data: Data matrix 𝐘, regularization strength matrix 𝚲 and regularization parameter 𝜆.
Result: Components 𝐔 and their corresponding weights𝐖.

1
2 𝐑 = 𝐘;
3 for 𝑖 = 1,… , 𝑑 do
4 𝑗 ← index of vertex showing largest displacement over all samples in 𝐑;
5 𝐖𝑖,∶ ← 𝒱(𝐑𝑗,∶);
6 𝐔∶,𝑖 ← (𝐑𝐖∗

𝑖,∶⊙ (1 − 𝚲∶,𝑖/𝜆)) / ‖𝐖𝑖,∶‖2;
7 𝐑 ← 𝐑 − 𝐔∶,𝑖𝐖𝑖,∶;
8 end

5.2.1. Initialization phase
We initialize the components and weights of QSPLOCS in a similar way as the real SPLOCS method
does [39]. The components are initialized in an iterative way, where each component is centered
around the vertex that shows the largest displacement over all samples in the residual. This is shown
in Algorithm 3. Note that⊙ stands for the elementwise product operator.

5.2.2. Optimization phase
After the components have been initialized, the next step is to optimize the components and their cor
responding weights. Due to the nonconvexity of Equation (5.6) and the spatially varying regularization
parameters Λ𝑖𝑗, the problem cannot easily be optimized directly. Therefore, the problem is optimized
using an iterative refinement method that alternates between optimizing for𝐖 and 𝐔.

The optimization of the weights given fixed 𝐔 is a linear least squares problem and is solved, sim
ilarly to real SPLOCS [39], using a simple blockcoordinate descent algorithm. The optimization of 𝐔
given fixed 𝐖 is tackled using convex optimization. SPLOCS showed quick convergence when using
ADMM to solve this, which is a first order optimization method. For this reason, QSPLOCS is also
optimized using ADMM, so that we are able to compare both methods later on.

Before being able to solve Equation (5.6) with respect to 𝐔 using ADMM, we first need to modify this
optimization problem by introducing a dual variable 𝐃 ∈ ℍ𝑛×𝑑. The objective can then be rewritten as:

argmin
𝐔,𝐃

‖𝐘 − 𝐔𝐖‖2𝐹 + Θ(𝐃) s.t. 𝐔 − 𝐃 = 𝟎 (5.8)

Algorithm 4 shows the three steps of ADMM that are iterated in order to optimize the objective above.
The first step, optimizing for 𝐔, is a linear least squares problem. The derivative of these terms using
quaternion algebra are:

𝜕
𝜕𝐔 (‖𝐘 − 𝐔𝐖‖

2
𝐹 +

𝜌
2‖𝐔 − 𝐃 + 𝐕‖

2
𝐹) = 2 ⋅ 𝐔𝐖𝐖∗ − 2 ⋅ 𝐘𝐖∗ + 𝜌(𝐔 − 𝐃 + 𝐕) (5.9)

Setting the derivative to zero, we obtain the optimal 𝐔:
2 ⋅ 𝐔𝐖𝐖∗ − 2 ⋅ 𝐘𝐖∗ + 𝜌(𝐔 − 𝐃 + 𝐕) = 0

2 ⋅ 𝐔𝐖𝐖∗ + 𝜌𝐔 = 2 ⋅ 𝐘𝐖∗ + 𝜌(𝐃 − 𝐕)
𝐔 = (2 ⋅ 𝐘𝐖∗ + 𝜌(𝐃 − 𝐕)) (2 ⋅ 𝐖𝐖∗ + 𝜌𝕀)−1

(5.10)

Since the (2 ⋅𝐖𝐖∗ +𝜌𝕀) term does not depend on 𝐔 and thus does not change during ADMM, we are
able to factorize this term using Cholesky decomposition. We compute this using a structurepreserving
method for quaternion Cholesky decomposition [57].

The second step, optimizing for the dual variable 𝐃, corresponds to the proximal operator of the 𝓁1
norm Θ. A closedform solution of this can be found in [8]:

𝑑𝑖𝑗 ← proxΘ(𝑢𝑖𝑗 + 𝑣𝑖𝑗) = (1 −
Λ𝑖𝑗

𝜌|𝑢𝑖𝑗 + 𝑣𝑖𝑗|
)
+
(𝑢𝑖𝑗 + 𝑣𝑖𝑗)

= sign(𝑢𝑖𝑗 + 𝑣𝑖𝑗) (|𝑢𝑖𝑗 + 𝑣𝑖𝑗| −
Λ𝑖𝑗
𝜌 )+

(5.11)
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Algorithm 4: Optimization of 𝐔 using ADMM for QSPLOCS.
Data: Data matrix 𝐘, weight matrix𝐖, penalty parameter 𝜌 and number of ADMM iterations 𝑘.
Result: Optimized components 𝐔.

1
2 𝐕 ← 𝟎;
3 𝐃 ← 𝐔;
4 for 𝑖 = 1,… , 𝑘 do
5 𝐔 ← argmin𝐔 ‖𝐘 − 𝐔𝐖‖2𝐹 +

𝜌
2‖𝐔 − 𝐃 + 𝐕‖

2
𝐹;

6 𝐃 ← argmin𝐃 Θ(𝐃) +
𝜌
2‖𝐔 − 𝐃 + 𝐕‖

2
𝐹;

7 𝐕 ← 𝐕 + 𝐔 − 𝐃;
8 end

where (⋅)+ =max(⋅, 0). This optimization of the dual variable𝐃 differs from its optimization in SPLOCS,
since SPLOCS uses the proximal operator of the 𝓁1/𝓁2 group norm.

5.3. SPLOCS using Laplacian term (SPLOCS_lap)
Even though the SPLOCS andQSPLOCSmethods are able to extract components that are both sparse
and localized, the resulting components found by these methods are heavily influenced by the initial
ization phase and the varying regularization strengths Λ𝑖𝑗. This has a few consequences. First, the
vertices around which the components are centered in the initialization phase will change depending
on the sample set used for training and the values for 𝑑𝑚𝑖𝑛 and 𝑑𝑚𝑎𝑥. Additionally, due to the way Ω(𝐔)
and Θ(𝐔) are defined and the use of ADMM as solver, these center locations do not move around a
lot during the optimization phase. Finally, the size of the components is heavily influenced by the 𝑑𝑚𝑖𝑛
and 𝑑𝑚𝑎𝑥 values set by the user. These parameters often need to be adjusted manually to get good
results on different datasets.

Ideally, we would like to find a sparse PCA method that gives components that are naturally lo
calized, around parts of the mesh that make sense, without having to define these spatially varying
regularization strengths Λ𝑖𝑗. This section discusses whether this can be achieved by adding an ad
ditional regularization term to the optimization problem based on the Laplacian. This Laplacian term
compares the displacement value of each vertex to that of its neighbors and penalizes whenever this
difference is large. The idea is that this will, in combination with the 𝓁1/𝓁2 group norm, give components
that are sparse (due to the group norm) and also localized and smooth (due to the added Laplacian
term).

By adding the new Laplacian term and removing the spatially varying regularization strengths Λ𝑖𝑗,
we end up with the following optimization problem:

argmin
𝐔,𝐖

‖𝐘 − 𝐔𝐖‖2𝐹 +
𝜆1
2 Tr(𝐔𝑇𝐋𝐔) + 𝜆2

𝑛

∑
𝑖=1

𝑑

∑
𝑗=1
‖𝐮𝑖𝑗‖2 s.t. 𝒱(𝐖) (5.12)

where the 𝓁1/𝓁2 group norm is defined as before, without the varying regularization strengths, the
constraints 𝒱 are defined in Equation (5.2) and the matrix 𝐋 ∈ ℝ3𝑛×3𝑛 contains the cotangent weights:

𝑙𝑖𝑖 = −∑
𝑗
𝑙𝑖𝑗

𝑙𝑖𝑗 = {
−12(cot(𝛼𝑖𝑗) + cot(𝛽𝑖𝑗)) for all neighbors 𝑗 of 𝑖
0 for all other entries

(5.13)

By computing the cotangent weight matrix on the rest shape, instead of computing the traditional Lapla
cian matrix, we get a Laplacian term that is invariant to meshes with irregular triangulation. Note that
each row of 𝐋 from Equation (5.13) is repeated three times and shifted right, so that the Laplacian term
acts on the 𝑥, 𝑦 and 𝑧 coordinates of each vertex simultaneously. Sections 5.3.1 and 5.3.2 specify how
the components and weights from Equation (5.12) are initialized and optimized. We will refer to this
method as SPLOCS_lap.
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5.3.1. Initialization phase
The results in Section 7.3.2 and the discussion in Chapter 8 show that the SPLOCS_lap method is still
very dependent on the initialization phase. Different methods of initializing the components will yield
very different results. Therefore, we decided to initialize the components in the same way as SPLOCS
was initialized. Thus, the initialization phase of SPLOCS_lap still makes use of the spatially varying
regularization strengths Λ𝑖𝑗 from Equation (5.5). This term is then removed in the optimization phase
and replaced by the Laplacian term.

5.3.2. Optimization phase
Similar to SPLOCS, we optimize the problem using an iterative refinement method, which optimizes for
𝐖 and 𝐔 in an alternating fashion. The optimization of the weights given fixed components is solved
in the same way as in real SPLOCS, using a blockcoordinate descent algorithm. The optimization of
𝐔 is again tackled using ADMM, where we now introduce two dual variables 𝐃, 𝐄 ∈ ℝ3𝑛×𝑑 due to the
added Laplacian term. Adding an additional dual variable for solving ADMM is inspired by [38]. The
objective from Equation (5.12) with respect to 𝐔 can then be reformulated as:

argmin
𝐔,𝐃,𝐄

‖𝐘 − 𝐔𝐖‖ + 𝜆12 Tr(𝐃𝑇𝐋𝐃) + 𝜆2
𝑛

∑
𝑖=1

𝑑

∑
𝑗=1
‖𝐞𝑖𝑗‖2 s.t. 𝐔 − 𝐃 = 𝟎, 𝐔 − 𝐄 = 𝟎 (5.14)

This is solved using ADMM by iterating the four steps shown in Algorithm 5. The first step, solving for
𝐔, can again be solved by taking the derivative and setting it to zero. The derivate of the first step is as
follows:

𝜕
𝜕𝐔 (‖𝐘 − 𝐔𝐖‖

2
𝐹 +

𝜌
2 ‖[

𝐔
𝐔] − [

𝐃
𝐄] + [

𝐕𝐃
𝐕𝐄]‖

2

𝐹
) = 2 ⋅𝐔𝐖𝐖𝑇 −2 ⋅ 𝐘𝐖𝑇 +𝜌(2 ⋅ 𝐔−𝐃+𝐕𝐃−𝐄+𝐕𝐄) (5.15)

By setting this derivative to zero, we obtain the optimal 𝐔:

2 ⋅ 𝐔𝐖𝐖𝑇 − 2 ⋅ 𝐘𝐖𝑇 + 𝜌(2 ⋅ 𝐔 − 𝐃 + 𝐕𝐃 − 𝐄 + 𝐕𝐄) = 0
2 ⋅ 𝐔𝐖𝐖𝑇 + 2𝜌 ⋅ 𝐔 = 2 ⋅ 𝐘𝐖𝑇 + 𝜌(𝐃 − 𝐕𝐃 + 𝐄 − 𝐕𝐄)

𝐔 = (2 ⋅ 𝐘𝐖𝑇 + 𝜌(𝐃 − 𝐕𝐃 + 𝐄 − 𝐕𝐄))(2 ⋅ 𝐖𝐖𝑇 + 2𝜌 ⋅ 𝕀)−1
(5.16)

Similar to SPLOCS and QSPLOCS, we use Cholesky decomposition to factorize the (2 ⋅𝐖𝐖𝑇 +2𝜌 ⋅ 𝕀)
term. Optimizing with respect to the dual variable 𝐃 is again a linear least squares problem, which can
be solved by setting the derivative to zero. The derivative of this second step of Algorithm 5 is given
by:

𝜕
𝜕𝐃 (

𝜆1
2 Tr(𝐃𝑇𝐋𝐃) + 𝜌2‖𝐔 − 𝐃 + 𝐕𝐃‖

2
𝐹) = 𝜆1 ⋅ 𝐋𝐃 + 𝜌(𝐃 − 𝐔 − 𝐕𝐃) (5.17)

The optimal 𝐃 is then obtained by:

𝜆1 ⋅ 𝐋𝐃 + 𝜌(𝐃 − 𝐔 − 𝐕𝐃) = 0
𝜆1 ⋅ 𝐋𝐃 + 𝜌 ⋅ 𝐃 = 𝜌(𝐔 + 𝐕𝐃)

𝐃 = (𝜆1 ⋅ 𝐋 + 𝜌𝕀)−1𝜌(𝐔 + 𝐕𝐃)
(5.18)

Finally, optimization for the dual variable 𝐄 is achieved using the proximal operator of the 𝓁1/𝓁2 group
norm [2], similar to the one used in SPLOCS. The only difference is that this version uses a fixed weight
𝜆2 instead of the spatially varying regulation strengths:

𝑒𝑖𝑗 ← prox(𝐮𝑖𝑗 + 𝐯𝐄𝑖𝑗) = (1 −
𝜆2

𝜌‖𝐮𝑖𝑗 + 𝐯𝐄𝑖𝑗‖2
)
+
(𝐮𝑖𝑗 + 𝐯𝐄𝑖𝑗) (5.19)
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Algorithm 5: Optimization of 𝐔 using ADMM for SPLOCS_lap.
Data: Data matrix 𝐘, initialized component matrix 𝐔, weight matrix𝐖, Laplacian matrix 𝐋, 𝜆1,

𝜆2, penalty parameter 𝜌 and number of ADMM iterations 𝑘.
Result: Optimized components 𝐔.

1

2 𝐕 = [𝐕𝐃𝐕𝐄] ← [
𝟎
𝟎];

3 𝐃 ← 𝐔;
4 𝐄 ← 𝐔;
5 for 𝑖 = 1,… , 𝑘 do

6 𝐔 ← argmin𝐔 ‖𝐘 − 𝐔𝐖‖2𝐹 +
𝜌
2 ‖[

𝐔
𝐔] − [

𝐃
𝐄] + 𝐕‖

2

𝐹
;

7 𝐃 ← argmin𝐃
𝜆1
2 Tr(𝐃𝑇𝐋𝐃) + 𝜌

2‖𝐔 − 𝐃 + 𝐕𝐃‖
2
𝐹;

8 𝐄 ← argmin𝐄 𝜆2 ∑
𝑛
𝑖=1 ∑

𝑑
𝑗=1 ‖𝐞𝑖𝑗‖2 +

𝜌
2‖𝐔 − 𝐄 + 𝐕𝐄‖

2
𝐹;

9 𝐕 ← [𝐕𝐃𝐕𝐄] + [
𝐔
𝐔] − [

𝐃
𝐄];

10 end

5.4. QSPLOCS using Laplacian term (QSPLOCS_lap)
Similar to what we showed in QSPLOCS, it is also possible to implement SPLOCS_lap using quater
nions. We will refer to this method as QSPLOCS_lap. This section briefly discusses the changes with
respect to SPLOCS_lap.

The quaternion optimization problem containing the new Laplacian term is:

argmin
𝐔,𝐖

‖𝐘 − 𝐔𝐖‖2𝐹 +
𝜆1
2 Tr(𝐔∗𝐋𝐔) + 𝜆2

𝑛

∑
𝑖=1

𝑑

∑
𝑗=1
|𝑢𝑖𝑗| s.t. 𝒱(𝐖) (5.20)

where the differences with SPLOCS_lap are the use of the conjugate transpose operator and the re
placement of the group norm by the simpler 𝓁1 norm. The Laplacian matrix 𝐋 ∈ ℝ𝑛×𝑛 is defined in
the same way as in Equation 5.13, which can be seen as a quaternionic matrix with imaginary parts
equal to zero. For reasons discussed in Section 5.3.1, the components and weights of this method are
initialized in the exact same way as in the QSPLOCS method, shown in Algorithm 3.

The optimization phase again solves for 𝐔 and 𝐖 in an iterative fashion, where the components are
optimized using ADMM. The steps of solving this are shown in Algorithm 6 and are very similar to the
steps performed in SPLOCS_lap (Algorithm 5). The first step, solving for𝐔, has the following derivative:

𝜕
𝜕𝐔 (‖𝐘 − 𝐔𝐖‖

2
𝐹 +

𝜌
2 ‖[

𝐔
𝐔] − [

𝐃
𝐄] + [

𝐕𝐃
𝐕𝐄]‖

2

𝐹
) = 2 ⋅ 𝐔𝐖𝐖∗ −2 ⋅ 𝐘𝐖∗ +𝜌(2 ⋅ 𝐔−𝐃+𝐕𝐃 −𝐄+𝐕𝐄) (5.21)

Solving for zero gives the optimal 𝐔, which is essentially the same as Equation (5.16) apart from the
conjugate transpose operator:

2 ⋅ 𝐔𝐖𝐖∗ − 2 ⋅ 𝐘𝐖∗ + 𝜌(2 ⋅ 𝐔 − 𝐃 + 𝐕𝐃 − 𝐄 + 𝐕𝐄) = 0
2 ⋅ 𝐔𝐖𝐖∗ + 2𝜌 ⋅ 𝐔 = 2 ⋅ 𝐘𝐖∗ + 𝜌(𝐃 − 𝐕𝐃 + 𝐄 − 𝐕𝐄)

𝐔 = (2 ⋅ 𝐘𝐖∗ + 𝜌(𝐃 − 𝐕𝐃 + 𝐄 − 𝐕𝐄))(2 ⋅ 𝐖𝐖∗ + 2𝜌 ⋅ 𝕀)−1
(5.22)

Again, we use quaternion Cholesky decomposition to factorize the term containing the weight matrix.
In a similar way, one can show that the optimal 𝐃 is found in the exact same way as in SPLOCS_lap,
shown in Equation (5.18).
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Algorithm 6: Optimization of 𝐔 using ADMM for QSPLOCS_lap.
Data: Data matrix 𝐘, initialized component matrix 𝐔, weight matrix𝐖, Laplacian matrix 𝐋, 𝜆1,

𝜆2, penalty parameter 𝜌 and number of ADMM iterations 𝑘.
Result: Optimized components 𝐔.

1

2 𝐕 = [𝐕𝐃𝐕𝐄] ← [
𝟎
𝟎];

3 𝐃 ← 𝐔;
4 𝐄 ← 𝐔;
5 for 𝑖 = 1,… , 𝑘 do

6 𝐔 ← argmin𝐔 ‖𝐘 − 𝐔𝐖‖2𝐹 +
𝜌
2 ‖[

𝐔
𝐔] − [

𝐃
𝐄] + 𝐕‖

2

𝐹
;

7 𝐃 ← argmin𝐃
𝜆1
2 Tr(𝐃∗𝐋𝐃) + 𝜌

2‖𝐔 − 𝐃 + 𝐕𝐃‖
2
𝐹;

8 𝐄 ← argmin𝐄 𝜆2 ∑
𝑛
𝑖=1 ∑

𝑑
𝑗=1 |𝐞𝑖𝑗| +

𝜌
2‖𝐔 − 𝐄 + 𝐕𝐄‖

2
𝐹;

9 𝐕 ← [𝐕𝐃𝐕𝐄] + [
𝐔
𝐔] − [

𝐃
𝐄];

10 end

Finally, the optimal 𝐄 can be found using proximal operator of the 𝓁1 norm, similar as in QSPLOCS:

𝑒𝑖𝑗 ← prox(𝑢𝑖𝑗 + 𝑣𝐄𝑖𝑗) = (1 −
𝜆2

𝜌|𝑢𝑖𝑗 + 𝑣𝐄𝑖𝑗|
)
+
(𝑢𝑖𝑗 + 𝑣𝐄𝑖𝑗)

= sign(𝑢𝑖𝑗 + 𝑣𝐄𝑖𝑗) (|𝑢𝑖𝑗 + 𝑣𝐄𝑖𝑗| −
𝜆2
𝜌 )+

(5.23)

5.5. Projection onto constructed subspace
After obtaining the 𝑑 components using one of the four methods discussed in this chapter, we can now
project any set of samples onto this subspace by finding weight matrix𝐖 that minimizes:

argmin
𝐖
‖𝐘 − 𝐔𝐖‖2𝐹 (5.24)

where 𝐘 contains the samples that we wish to project onto the sparse PCA subspace and 𝐔 contains
the 𝑑 components. Note that 𝐘 should again be defined in terms of residual displacements from the
rest shape 𝐲. A closedform solution of this problem exists by finding the derivative with respect to 𝐖
and setting this to zero:

𝜕
𝜕𝐖‖𝐘 − 𝐔𝐖‖

2
𝐹 = 2𝐔𝑇𝐔𝐖− 2𝐔𝑇𝐘 (5.25)

2𝐔𝑇𝐔𝐖− 2𝐔𝑇𝐘 = 0
𝐖 = (𝐔𝑇𝐔)−1𝐔𝑇𝐘 (5.26)

When quaternions are used instead of real numbers, the optimal weights can be found by replacing
the transpose operators in Equation (5.26) with the conjugate transpose. Note that the optimal weight
computation differs to that from PCA and QPCA, as seen in Section 4.3, since the components found
by those methods form an orthonormal basis. In that case, the optimal weight computation is simplified,
since (𝐔𝑇𝐔)−1 is simply equal to the identity matrix.

The projection of the sample set onto the subspace is found by:

𝐘𝑝𝑟𝑜𝑗 = 𝐔𝐖
= 𝐔(𝐔𝑇𝐔)−1𝐔𝑇𝐘 (5.27)
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This projection can then be defined in terms of vertex positions by adding the rest shape 𝐲 back to each
column:

𝐘𝑝𝑟𝑜𝑗 ← 𝐘𝑝𝑟𝑜𝑗 + 𝐲 (5.28)

In the quaternionic setting it is not guaranteed that 𝐘𝑝𝑟𝑜𝑗 only contains pure quaternions. Since the real
parts of these quaternions will only result in a higher reconstruction error, we simply set the real part of
each quaternion to zero. This was also done for PCA and QPCA, as described in Section 4.3.

5.6. Tunable parameters
The four sparse subspace construction methods described in this chapter all take a number of user
specified parameters. For SPLOCS and QSPLOCS these parameters are:

• The required number 𝑑 of deformation components.

• The sample that is used as the rest shape.

• 𝑑𝑚𝑖𝑛 and 𝑑𝑚𝑎𝑥, the minimal and maximal geodesic distances for the support map.

• 𝜆, the weight of the sparsity inducing norm.

• 𝜌, the penalty parameter used in ADMM.

• The number of iterations of ADMM and the number of iterations of the total optimization phase.

Likewise, SPLOCS_lap and QSPLOCS_lap use the following parameters:
• The required number 𝑑 of deformation components.

• The sample that is used as the rest shape.

• 𝑑𝑚𝑖𝑛 and 𝑑𝑚𝑎𝑥, the minimal and maximal geodesic distances for the support map (only used
during initialization).

• 𝜆1, the weight of the Laplacian term.

• 𝜆2, the weight of the sparsity inducing norm.

• 𝜌, the penalty parameter used in ADMM.

• The number of iterations of ADMM and the number of iterations of the total optimization phase.

By making some changes to the datasets prior to constructing the subspaces, the selection of some of
these parameters can be made a lot easier. First, we rescale each dataset so that the samples all fit
inside a [−0.5, 0.5] box, where each sample is centered around zero. This helps in selecting the 𝑑𝑚𝑖𝑛
and 𝑑𝑚𝑎𝑥 parameters, as it allows us to use the same distance values on each dataset. The spatially
varying regularization strengths are then computed on the rest shape of this scaled version.

Next, we normalize 𝐘 by its standard deviation after subtracting the rest shape from each sample.
This makes the algorithm more invariant to the different amounts of deformations present in different
datasets. As a result, the selection of the weights for the Laplacian and sparsity inducing terms is
simplified. This enables us to use the same weights on all datasets that contain approximately the
same number of vertices. In cases where one dataset contains more vertices than another, we can
correct for this difference by adjusting the weight of the Laplacian term. Both the data term and the
sparsity inducing term scale approximately linearly with the number of vertices. The Laplacian term,
on the other hand, remains almost constant when more vertices are added. Therefore, we only have
to adjust the weight of this Laplacian term in order to correct for datasets containing a different number
of vertices.

Strategies for adjusting the penalty parameter 𝜌 are discussed in [8]. However, we found that fixing
this parameter to 𝜌 = 10 already works well on all the datasets we considered. Furthermore, we found
that iterating ADMM 20 times and the total optimization phase 5 times gives acceptable results. This
is further discussed in Sections 7.2.1 and 7.3.1, where convergence plots of different datasets are
shown.
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In this chapter, we evaluate the effectiveness of the QPCA based subspace. First, we perform tests
to assess the reconstruction quality of both training data and unseen test data. This is done using
quantitative evaluation in Section 6.2.1 as well as a visual comparison in Section 6.2.2. The former
section also includes an overview of the computation times. Next, we perform similar tests in Section
6.3 to see how well the proposed method performs when all the training and test samples have been
randomly rigidly rotated and translated in space. In these experiments, we evaluate to what extent the
QPCA subspace is invariant to rigid motion of the samples. All these experiments are evaluated on
both PCA and QPCA, after which a comparison is made. Finally, we investigate whether the mass
weighted QPCA technique is indeed robust to mesh irregularities. These experiments are performed
in Section 6.4.

6.1. Datasets
In order to properly asses the performance and generality of the QPCA method, we compare it to PCA
on a variety of captured datasets. The first dataset we used is the DFAUST dataset [7]. This dataset
contains highresolution scans of human subjects in motion, captured at 60 fps. Furthermore, we used
the TCD Hands [20] and ACCAD [54] datasets, which are part of the larger AMASS database [35].
AMASS is a relatively new database that fits captured motion onto the SMPL+H model [44], which is
a human model that can capture detailed full body and hand motions. The TCD Hands dataset specif
ically focuses on these hand motions, while the ACCAD dataset contains a range of full body motions.
In order to make the comparisons more general, we also tested the methods on various animal datasets
[52] as well as on a captured face dataset [66]. Note that the motion captures described above are
already rigidly aligned, since the captures are taken from people and animals standing on a level floor.

For the sake of clarity, all experiments in this chapter will be performed on two datasets only:

• “C5  Walk to run”, taken from ACCAD [54].

• “horsegallop”, taken from the animal dataset [52].

Results of these experiments on various other datasets can be found in Appendix A. All experiments
are performed using a MATLAB implementation. For quaternion algebra, we utilize the quaternion
MATLAB toolbox qtfm [46]. Furthermore, the meshes are visualized with the help of the MATLAB
toolbox for geometry processing, called gptoolbox [22].

6.2. Experiments on rigidly aligned datasets
Before investigating how well the QPCA technique performs on data that has not been rigidly aligned
in a preprocessing step, we want to assess how the method compares to PCA when data is rigidly
aligned. Since quaternions are able to describe rotations better than real numbers, it is interesting
to examine whether the QPCA subspace is able to better describe the nonrigid motions (i.e. local
rotations) present in the data.

33
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First, the methods are compared quantitatively in Section 6.2.1. The reconstruction accuracies of
both methods are evaluated and the percentage of variance explained by each component is given.
This section also includes a comparison of computation times on various datasets. Next, a visual
comparison in given in Section 6.2.2.

6.2.1. Quantitative evaluation

As a first experiment, we evaluate the reconstruction accuracies on rigidly aligned datasets. For this,
we train both PCA and QPCA on the two datasets mentioned in Section 6.1, where each sample is
centered around zero as described in Section 4.4.1. The samples are then reconstructed using a
varying number of components, after which the reconstruction error is computed. The error function
used is based on the rootmeansquare error:

𝐸𝑅𝑀𝑆 = √
∑𝑓𝑖=1 ‖𝐲𝑖 − 𝐲

𝑝𝑟𝑜𝑗
𝑖 ‖

2

𝑀
𝑓 ⋅ ‖𝟏‖2𝑀

(6.1)

where 𝐘 is the input data, 𝐘𝑝𝑟𝑜𝑗 is the projection of 𝐘 onto the subspace using a varying number of
components, 𝟏 denotes the allones vector and ‖ ⋅ ‖2𝑀 is the massweighted 𝓁2 norm. The methods are
evaluated using 5fold cross validation. This means that both PCA and QPCA are trained on 80% of
the data, while the remainder of each run is used to test on unseen data.

Results of this experiment performed on the “C5  Walk to run” and “horsegallop” datasets can be
found in Figures 6.1 and 6.2 respectively. Furthermore, the variance distributions of these two motion
captures are plotted in Figures 6.3 and 6.4, where the left side shows the percentage of variance
explained by each component taken from the singular values and the right side shows the cumulative
percentage of variance explained. Results obtained from other datasets can be found in Appendices
A.1.1 and A.1.2.

Figures 6.1 and 6.2 show that QPCA is able to reconstruct the frames more accurately using fewer
components than PCA can. The difference in terms of reconstruction accuracy seems to be even
slightly higher on unseen test data. It should be noted that the orthonormal basis found by QPCA is
fourdimensional, while the basis found by PCA is not. This means that the QPCA method requires
4/3 times more memory to store the basis vectors than PCA does. Thus, it is useful to also plot the
reconstruction error with respect to the memory needed to store the basis vectors. This is shown in
Figures 6.5 and 6.6. From these figures it becomes clear that the reconstruction accuracy of QPCA is
in most cases still higher than PCA when storage capacity is limited, especially on the unseen test data.
When more components are selected on the training data, PCA seems to be the preferred method on
these two datasets.

In conclusion, we can say that QPCA is able to describe the nonrigid motions in the datasets better
than PCA is able to. Using the same amount of components, QPCA is able to describe a richer space
of deformations, leading to an increase in reconstruction accuracy. Even if we take into account the
memory space required to store the components, QPCA is often still the preferred method, especially
when applied to unseen test data. This indicates that the subspace constructionmethod indeed benefits
from the use of quaternions, as we are able to store more information using the same amount of
storage. This improvement can be explained by the properties of quaternions, that take into account
the correlation between the 𝑥, 𝑦 and 𝑧 coordinates of the vertices.
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(a) 𝐸𝑅𝑀𝑆 error computed on 520 training frames.
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(b) 𝐸𝑅𝑀𝑆 error computed on 130 (unseen) test frames.

Figure 6.1: Reconstruction error (𝑦axis) with respect to the number of components used (𝑥axis) on the “C5  Walk to run”
motion capture from ACCAD [54]. 5fold cross validation is used.
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(a) 𝐸𝑅𝑀𝑆 error computed on 40 training frames.
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(b) 𝐸𝑅𝑀𝑆 error computed on 9 (unseen) test frames.

Figure 6.2: Reconstruction error (𝑦axis) with respect to the number of components used (𝑥axis) on the “horsegallop” motion
capture from the animal dataset [52]. 5fold cross validation is used.
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Figure 6.3: (Cumulative) percentage of variance explained per component, computed on the “C5  Walk to run” motion capture
from ACCAD [54].
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Figure 6.4: (Cumulative) percentage of variance explained per component, computed on the “horsegallop” motion capture from
[52].

0 2 4 6 8 10 12

Memory (bytes) 10
7

10
-9

10
-8

10
-7

10
-6

10
-5

10
-4

10
-3

10
-2

10
-1

R
e
c
o
n
s
tr

u
c
ti
o
n
 e

rr
o
r 

(E
R

M
S
)

PCA

QPCA

(a) 𝐸𝑅𝑀𝑆 error computed on 520 training frames.
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(b) 𝐸𝑅𝑀𝑆 error computed on 130 (unseen) test frames.

Figure 6.5: Reconstruction error (𝑦axis) with respect to the memory needed to store the number of components (𝑥axis) on the
“C5  Walk to run” motion capture from ACCAD [54]. 5fold cross validation is used.
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(a) 𝐸𝑅𝑀𝑆 error computed on 40 training frames.
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(b) 𝐸𝑅𝑀𝑆 error computed on 9 (unseen) test frames.

Figure 6.6: Reconstruction error (𝑦axis) with respect to the memory needed to store the number of components (𝑥axis) on the
“horsegallop” motion capture from the animal dataset [52]. 5fold cross validation is used.
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As a second experiment, it is also interesting to compare the methods based on their computation time.
Table 6.1 shows the computation times of both methods on a variety of datasets. The average times
were taken over five runs, where both methods make use of the (quaternion) method of snapshots.
Furthermore, all measurements are performed on the same laptop.

As expected, PCA is faster on all datasets considered, which is a result of quaternion multiplication
being slower than real multiplication. Furthermore, the SVD methods used by both PCA and QPCA,
which are applied to the Gram matrix, also differ in speed. The SVD method used in real PCA is a
builtin function in MATLAB, which has been optimized to perfection. The SVD function used in QPCA,
however, is part of the qtfm MATLAB toolbox [46] and based on [47]. Thus, this algorithm is most
likely less efficient. Since subspace construction is often performed in an offline phase, the difference
in computation times is not a very large issue. The largest observed computation time of 45.18s is still
very reasonable.

Table 6.1: Comparison of computation times when using PCA and QPCA. The table shows the number of vertices 𝑛, the number
of frames 𝑓 and the computation times for both methods using the (quaternion) method of snapshots. i7 2.50GHz, 8GB RAM,
Matlab implementation.

Mesh 𝑛 𝑓 Times for PCA Times for QPCA
“horsegallop” [52] 8431 49 0.04s 0.63s
“face” [66] 23725 385 0.34s 6.94s
“Sign D poses” [20] 6890 601 0.22s 34.38s
“C5  Walk to run” [54] 6890 650 0.30s 45.18s
“E5  Hook left poses” [54] 6890 327 0.08s 3.60s
“jumpingjacks50022” [7] 6890 308 0.07s 3.18s
“jiggleontoes50004” [7] 6890 239 0.04s 1.75s

6.2.2. Visual comparison
Besides performing a quantitative evaluation, one can also make a visual comparison between the
two methods. This makes it possible to interpret the different components better and to understand
the differences between the PCA and QPCA subspaces. For consistency purposes, we perform all
visualization experiments on the “C5  Walk to run” dataset only. More visualization results can be
found in Appendix A.1.3.

As a first experiment, we visualize five principal components of both methods. Since we are working
with vertex positions instead of vertex displacements, the first component actually represents the mean
shape of the dataset. Therefore, we actually plot the projection onto the first component in combination
with the other components. Figure 6.7 shows five components of PCA, where each component is
displayed with weights −√𝜆𝑖 and √𝜆𝑖. Here, 𝜆𝑖 denotes the 𝑖th eigenvalue. Visualization of the QPCA
components can be found in Figures 6.86.11. Since each principal component and corresponding
weight is quaternionvalued and can thus be represented by a fourdimensional real space, it is not
possible to visualize each component in one single image. Therefore, we plot models corresponding
to −√𝜆𝑖 and √𝜆𝑖 along the real part and the three imaginary parts of the 𝑖th principal component. Each
sample projected onto one of these modes can then be represented as a linear combination of these
four deformations.

When comparing Figure 6.7 to Figure 6.8 we notice that the 2nd component from PCA shows ap
proximately the same deformation as the real part (left image) of the 2nd QPCA component. This
means that besides describing the same deformation as the PCA component, the QPCA component
is additionally able to describe three other deformations corresponding to multiplication with weights
containing the three imaginary parts. Therefore, QPCA is able to describe a broader range of deforma
tions in this single component. This same property also applies to the 4th component, as can be seen
by comparing the 4th PCA component to the QPCA component in Figure 6.9. However, from the 5th
component onwards, this property does not seem to hold anymore. If we compare the 5th component
of both methods, we notice that these do not look similar. This has to do with the fact that the 5th PCA
component is already partially described by the previous QPCA components. The elongated right leg
of PCA is, for instance, also visible along the third dimension of the 2nd QPCA component. Thus, the
QPCA method is able to describe more variance by showing a different deformation. This is why the
5th QPCA component, shown in Figure 6.10, shows some resemblance to the 6th PCA component.
Thus, the first 5 QPCA components are able to approximately describe the same set of deformations
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as the first 6 PCA components. This is yet another indicator that the QPCA method is able to describe
a richer space of deformations using less components. If we compare higher component numbers,
such as the 16th component of both methods, no similarities can be noticed anymore.

Figure 6.7: Visualization of PCA: 5 modes of deformation on the “C5  Walk to run” motion capture from ACCAD [54]. Models cor
responding to −√𝜆𝑖 (top) and √𝜆𝑖 (bottom) along the 𝑖th principal component are displayed. Color coding shows the magnitude
of vertex displacements inside the components.

Figure 6.8: Visualization of QPCA: The 2nd quaternion mode of deformation on the “C5  Walk to run” motion capture from
ACCAD [54]. Models corresponding to −√𝜆2 (top) and √𝜆2 (bottom) along the four dimensions of the 2nd principal component
are displayed. Color coding shows the magnitude of vertex displacements inside the components.
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Figure 6.9: Visualization of QPCA: The 4th quaternion mode of deformation on the “C5  Walk to run” motion capture from
ACCAD [54]. Models corresponding to −√𝜆4 (top) and √𝜆4 (bottom) along the four dimensions of the 4th principal component
are displayed. Color coding shows the magnitude of vertex displacements inside the components.

Figure 6.10: Visualization of QPCA: The 5th quaternion mode of deformation on the “C5  Walk to run” motion capture from
ACCAD [54]. Models corresponding to −√𝜆5 (top) and √𝜆5 (bottom) along the four dimensions of the 5th principal component
are displayed. Color coding shows the magnitude of vertex displacements inside the components.
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Figure 6.11: Visualization of QPCA: The 16th quaternion mode of deformation on the “C5  Walk to run” motion capture from
ACCAD [54]. Models corresponding to−√𝜆16 (top) and√𝜆16 (bottom) along the four dimensions of the 16th principal component
are displayed. Color coding shows the magnitude of vertex displacements inside the components.

As a second experiment, in order to make the differences between the methods more clear, we project
a single sample of the dataset onto the first 1 to 9 components from both PCA and QPCA. This is
visualized in Figures 6.12 and 6.13, where the projection onto the subspace (solid color) as well as the
original frame (transparent) are shown.

It is evident from this figure that QPCA is able to reconstruct the sample better using less compo
nents. Using only 7 components, the QPCA projection is already better aligned with the original frame
than the PCA projection is using 9 components. Another interesting observation is that the first com
ponent of QPCA, which represents the mean shape of the capture sequence, is already slightly tilted
forward to match the running pose. Thus, it seems that QPCA is able to describe small rotations in its
components.

Figure 6.12: Visualization of PCA: Projection of one sample of the “C5  Walk to run” motion capture from ACCAD [54] onto the
subspaces consisting of 1 (left) to 9 (right) principal components stacked on top of each other.
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Figure 6.13: Visualization of QPCA: Projection of one sample of the “C5  Walk to run” motion capture from ACCAD [54] onto
the subspaces consisting of 1 (left) to 9 (right) principal components stacked on top of each other.

6.3. Experiments on nonrigidly aligned datasets
Now that the methods have been compared on rigidly aligned datasets, it is interesting to investigate
the performance of both methods on data that is not rigidly aligned. Since QPCA is invariant to right
multiplication with a unit quaternion, as described in Section 4.4, we expect this method to outperform
PCA on these types of nonrigidly aligned datasets. In order to evaluate this, multiple experiments are
performed similar to the ones performed in Section 6.2.

6.3.1. Quantitative evaluation
In the first experiment, we take a single frame of the “C5  Walk to run” motion capture and create 100
copies of it that have been randomly rigidly translated and rotated in space. Thereafter, PCA and QPCA
are applied and the frames are reconstructed using a varying number of components. The result of this
is shown in Figure 6.14.

As expected, PCA needs 9 components in order to describe all randomly rotated frames, since this
is equal to the number of elements in the 3dimensional rotation matrix. The QPCA basis, however,
only needs 3 components to describe any rotated frame.
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Figure 6.14: Reconstruction error (𝑦axis) with respect to the number of components used (𝑥axis) on the first frame of the “C5
 Walk to run” motion capture from ACCAD [54]. 5fold cross validation is used.
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As a second experiment, instead of taking one sample and creating copies that have been rigidly
transformed, we take all samples of the dataset and apply a random rigid motion to each one. Then,
PCA and QPCA are applied to the data and the reconstruction errors are computed, which is plotted in
Figures 6.15 and 6.16. The variance distribution is displayed in Figures 6.17 and 6.18. Furthermore,
a comparison in terms of memory needed to store the eigenvectors is given in Figures 6.19 and 6.20.
Results on other datasets can be found in Appendices A.2.1 and A.2.2.

These figures really show the benefit of usingQPCA on data that is not rigidly aligned. In comparison
to PCA, the reconstruction accuracy is shown to improve by more than one order of magnitude for “C5
 Walk to run” and by almost an order of magnitude for “horsegallop”. Even when comparing the
methods based on the amount of memory needed to store the components, we see a large difference
in performance. Thus, we can conclude that the QPCA subset is able to describe rigid rotations better
and using less components than PCA. However, if we compare the QPCA results to the results of
the rigidly aligned experiment, shown in Figures 6.1 and 6.2, we notice that the reconstruction errors
on the rigidly aligned datasets are still lower. This indicates that QPCA is not completely rigid motion
invariant and, therefore, we are not able to completely omit the rigid registration preprocessing step.
Nevertheless, this does mean that QPCA will perform better on data that has not been perfectly rigidly
aligned, as is often the case.
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(a) 𝐸𝑅𝑀𝑆 error computed on 520 training frames.
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(b) 𝐸𝑅𝑀𝑆 error computed on 130 (unseen) test frames.

Figure 6.15: Reconstruction error (𝑦axis) with respect to the number of components used (𝑥axis) on the “C5  Walk to run”
motion capture from ACCAD [54], where a random rigid motion is applied to each frame. 5fold cross validation is used.
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(a) 𝐸𝑅𝑀𝑆 error computed on 40 training frames.
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(b) 𝐸𝑅𝑀𝑆 error computed on 9 (unseen) test frames.

Figure 6.16: Reconstruction error (𝑦axis) with respect to the number of components used (𝑥axis) on the “horsegallop” motion
capture from the animal dataset [52], where a random rigid motion is applied to each frame. 5fold cross validation is used.
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Figure 6.17: (Cumulative) percentage of variance explained per component, computed on the “C5  Walk to run” motion capture
from ACCAD [54]. A random rigid motion is applied to each sample of the dataset.
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Figure 6.18: (Cumulative) percentage of variance explained per component, computed on the “horsegallop” motion capture
from the animal dataset [52]. A random rigid motion is applied to each sample of the dataset.
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(a) 𝐸𝑅𝑀𝑆 error computed on 520 training frames.
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(b) 𝐸𝑅𝑀𝑆 error computed on 130 (unseen) test frames.

Figure 6.19: Reconstruction error (𝑦axis) with respect to the memory needed to store the number of components (𝑥axis) on
the “C5  Walk to run” motion capture from ACCAD [54], where a random rigid motion is applied to each frame. 5fold cross
validation is used.
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(a) 𝐸𝑅𝑀𝑆 error computed on 40 training frames.

0 2 4 6 8 10 12

Memory (bytes) 10
6

10
-14

10
-12

10
-10

10
-8

10
-6

10
-4

10
-2

10
0

R
e
c
o
n
s
tr

u
c
ti
o
n
 e

rr
o
r 

(E
R

M
S
)

PCA

QPCA

(b) 𝐸𝑅𝑀𝑆 error computed on 9 (unseen) test frames.

Figure 6.20: Reconstruction error (𝑦axis) with respect to the memory needed to store the number of components (𝑥axis) on
the “horsegallop” motion capture from the animal dataset [52], where a random rigid motion is applied to each frame. 5fold
cross validation is used.

Similar to what we showed in Section 6.2.1, we can also compare the computation times of both meth
ods on nonrigidly aligned datasets. This is shown in Table 6.2. The computation times are very similar
to the ones obtained on the rigidly aligned datasets. Again, PCA is shown to be more computationally
efficient on all datasets considered for reasons discussed before.

Table 6.2: Comparison of computation times when using PCA and QPCA. The table shows the number of vertices 𝑛, the number
of frames 𝑓 and the computation times for both methods using the (quaternion) method of snapshots. i7 2.50GHz, 8GB RAM,
Matlab implementation.

Mesh 𝑛 𝑓 Times for PCA Times for QPCA
“horsegallop” [52] 8431 49 0.03s 0.53s
“face” [66] 23725 385 0.34s 7.72s
“Sign D poses” [20] 6890 601 0.28s 35.23s
“C5  Walk to run” [54] 6890 650 0.31s 46.29s
“E5  Hook left poses” [54] 6890 327 0.09s 3.88s
“jumpingjacks50022” [7] 6890 308 0.07s 3.37s
“jiggleontoes50004” [7] 6890 239 0.04s 1.93s

6.3.2. Visual comparison

Similar to the experiments performed in Section 6.2.2, we can also visually compare the two methods
on data that is not rigidly aligned. However, since all samples are randomly rotated in space, the
resulting components will not be very interpretable. Therefore, it does not make sense to visualize the
first five components of both methods. Instead, we only perform the second experiment, where a single
sample is projected onto the first 1 to 9 principal components for both PCA and QPCA. Figures 6.21
and 6.22 show the results of this experiment on the “C5  Walk to run” dataset. As before, more visual
comparisons can be found in Appendix A.2.3.

Figures 6.21 and 6.22 appear to be in agreement with the results from Figure 6.14, where it was
shown that PCA needs nine components to describe any rotated version of a sample, while QPCA
only needs three components. From the visual comparison it seems that the first nine (PCA) or three
(QPCA) components are used to get a “proper” rotation, while the remaining components are used to
resemble the shape of the sample.
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Figure 6.21: Visualization of PCA: Projection of one sample of the “C5  Walk to run” motion capture from ACCAD [54] onto the
subspaces consisting of 1 (left) to 9 (right) principal components stacked on top of each other.

Figure 6.22: Visualization of QPCA: Projection of one sample of the “C5  Walk to run” motion capture from ACCAD [54] onto
the subspaces consisting of 1 (left) to 9 (right) principal components stacked on top of each other.

6.4. Experiments on dataset with irregular triangulation
In Section 4.2.3 we introduced a massweighted QPCA method, which incorporates the mass matrix
into QPCA in order to construct a massorthonormal basis. The idea is that this would make the method
robust against remeshing, coarsening or refining of the meshes. In this section we perform various ex
periments on a dataset with irregular triangulation in order to investigate whether the method is indeed
robust to meshes with irregular triangulation. The dataset we use in these experiments is the “jumping
jacks50022” dataset from DFAUST [7], since this dataset has symmetric deformations on the left and
right side of the mesh.

As a preprocessing step, we refine the left side of all sample meshes using subdivision. An example of
this is shown in Figure 6.23. Next, we train both QPCA and massweighted QPCA on this dataset and
evaluate the reconstruction accuracy of both methods. Figure 6.24 shows the results of this experiment.
As before, 5fold cross validation is used.

From this figure it becomes clear that themassweightedQPCAmethod is indeed able to reconstruct
the samples more accurately than normal QPCA. This applies to both training data and unseen test
data. However, it is not yet clear whether the massweighted QPCA technique is fully robust against
mesh irregularities. This can be evaluated by comparing the results to results obtained on the original
dataset, which has regular triangulation. If both datasets give the same reconstruction accuracy, this
would indicate that massweighted QPCA is indeed robust against remeshing.

The reconstruction accuracy of the original “jumpingjacks50022” dataset is plotted in Figure A.7
of Appendix A.1.1. By comparing this figure to Figure 6.24, we notice that massweighted QPCA on
the irregular dataset gives approximately the same reconstruction accuracy as normal QPCA on the
regular dataset. This indicates that massweighted QPCA is indeed robust to mesh irregularities.
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Figure 6.23: Sample of the “jumpingjacks50022” dataset from DFAUST [7], where the left side of the mesh is subdivided.
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(a) 𝐸𝑅𝑀𝑆 error computed on 247 training frames.
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(b) 𝐸𝑅𝑀𝑆 error computed on 61 (unseen) test frames.

Figure 6.24: Reconstruction error (𝑦axis) with respect to the number of components (𝑥axis) on the “jumpingjacks50022”
motion capture from DFAUST [7], where the left side of each sample is refined. 5fold cross validation is used.

In order to get a better understanding of the differences between QPCA and massweighted QPCA,
we can make a visual comparison between both methods. We do this by projecting a single sample
of the irregular “jumpingjacks50022” dataset onto the first 1 to 9 principal components of QPCA and
massweighted QPCA. Figures 6.25 and 6.26 show the results of this experiment, where the projection
onto the subspace (solid color) is shown as well as the original frame (transparent).

These figures are really able to capture the difference between both methods. The original QPCA
method clearly prioritizes the accurate reconstruction of the left side of the mesh. Using only five
components the left side of the projected sample already seems to align perfectly with the original
frame. The right side of the mesh, however, is not even aligned correctly using nine components.
The reason for this difference has to do with the fact that the left side of the sample meshes contain
many more vertices. Therefore, QPCA is able to capture a larger amount of variance in the first few
components by prioritizing the left side. The method can gain less by accurately reconstructing the
right side of the sample meshes and, therefore, this has a lower priority.

Massweighted QPCA, however, multiplies each vertex by its mass before applying QPCA. As a
result, vertices with a larger triangular area get a higher priority and vice versa. This means that QPCA
will no longer prioritize the left side of the sample meshes. Figure 6.26 seems to be in agreement with
this theory. When using five components, we see that both the left and the right side of the projected
sample are not yet perfectly aligned. This indicates that the left side is no longer prioritized. Further
more, when using nine components we are able to reconstruct the sample more accurately than the
normal QPCA method is able to.



6.4. Experiments on dataset with irregular triangulation 47

Figure 6.25: Visualization of QPCA: Projection of one sample of the “jumpingjacks50022” motion capture from DFAUST [7]
onto the subspaces consisting of 1 (left) to 9 (right) principal components stacked on top of each other.

Figure 6.26: Visualization of massweighted QPCA: Projection of one sample of the “jumpingjacks50022” motion capture from
DFAUST [7] onto the subspaces consisting of 1 (left) to 9 (right) principal components stacked on top of each other.
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The quaternion sparse PCA techniques described in Chapter 5 are designed to find components that
are both sparse and localized. As a result, the obtained components require less storage space and
should be more interpretable than the components found by normal PCA and QPCA. In this chapter,
we evaluate both the real sparse PCA methods and their quaternion counterparts. Through a number
of experiments, we aim to answer the questions posed in Chapter 1.

The chapter is organized as follows. First, we discuss the datasets that will be used in the experi
ments as well as the values of the tunable parameters. Next, we perform experiments on the SPLOCS
and QSPLOCS methods in Section 7.2. This section includes both quantitative experiments, where
the methods are compared on reconstruction accuracy, sparsity, convergence rates and computation
times, and a number of visual experiments. The same experiments are then performed on SPLOCS_lap
and QSPLOCS_lap in Section 7.3.

7.1. Datasets and parameter selection
All experiments in this chapter are performed on a variety of datasets. For consistency, we use the
same datasets as described in Section 6.1. It will be especially interesting to evaluate the sparse PCA
methods on the face dataset [66], which typically shows a lot of linear deformations, as well as on the
TCD Hands dataset [20], in which only a small portion of the mesh moves around (arms/hands) while
the remainder remains almost constant over the samples. For this reason, we perform all experiments
in this chapter on the following datasets:

• “horsegallop”, taken from the animal dataset [52].

• “face”, taken from [66].

• “Sign D poses”, taken from TCD Hands [20].

Experiments performed on other datasets can be found in Appendix B.

The sparse PCA methods all contain a fair amount of tunable parameters. Prior to performing the
experiments, a number of preprocessing steps are applied as discussed in Section 5.6. That is, all
datasets are rescaled and normalized by their standard deviation after subtracting the rest shape.
Since all samples are rescaled to fit in a [−0.5, 0.5] box, the 𝑑𝑚𝑖𝑛 and 𝑑𝑚𝑎𝑥 parameters are fixed at
0.2 and 0.6 respectively. Next, the rest shape is simply taken as the first sample of the datasets, as
we found that the first sample often shows a neutral pose. The penalty parameter 𝜌 is set to 10 on all
experiments, as this appeared to give good results. Furthermore, the number of iterations for ADMM
is set to 20, as convergence was often observed around this time, and the total optimization phase is
iterated 5 times.

As discussed in Section 5.6, both the data term and the sparsity inducing term scale approximately
linearly with the number of vertices. The Laplacian term, on the other hand, stays approximately con
stant. Therefore, we can use the same weights on all datasets and only have to adjust the weight of the
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Laplacian term in order to correct for this. Through trial and error, tested on the “horsegallop” dataset,
the weights are set as follows:

• 𝜆1 =
𝑛
250 (Laplacian term).

• 𝜆2 = 3 (sparsity inducing term).

7.2. SPLOCS and QSPLOCS
Before investigating the effect of the added Laplacian term, we first evaluate the performance of the
original SPLOCS method and compare it to the performance of the proposed QSPLOCS method. We
do this by first analyzing the methods quantitatively, where we compare the reconstruction accuracy,
sparsity and convergence rates of both methods. Here, we also give a comparison of the computation
times. All these experiments are performed in the section below. Afterwards, we visually compare
the methods in Section 7.2.2 in order to assess the interpretability of the components as well as how
much the components depend on the initialization phase. An additional experiment is performed in this
section, where the methods are evaluated on their ability to handle articulated rotations.

7.2.1. Quantitative evaluation
As a first experiment we evaluate the reconstruction accuracy on the selected datasets. For this we
use the same error function as before, shown in Equation (6.1). We plot the average over 2 runs,
where 80% of the samples are used for training and the remaining samples are used to evaluate the
performance on unseen test data. Since we are interested in obtaining components that are sparse, it
makes sense to additionally plot the sparsity error of the components. The error function we use is:

𝐸𝑠𝑝𝑎𝑟𝑠𝑖𝑡𝑦 = √
∑𝑛𝑖=1 ∑

𝑑
𝑗=1𝑚𝑖𝑖 ⋅ ‖𝐮𝑖𝑗‖2
𝑑 ⋅ ‖𝟏‖2𝑀

(7.1)

where 𝐌 denotes the mass matrix, 𝐔 contains the real components and 𝑑 denotes the number of
components. Note that the sparsity error for QSPLOCS can be written in a slightly different way due to
its simplified 𝓁1 norm:

𝐸𝑠𝑝𝑎𝑟𝑠𝑖𝑡𝑦 = √
∑𝑛𝑖=1 ∑

𝑑
𝑗=1𝑚𝑖𝑖 ⋅ |𝐮𝑖𝑗|
𝑑 ⋅ ‖𝟏‖2𝑀

(7.2)

Results of this experiment on the three datasets can be found in Figures 7.17.3. Results obtained on
other datasets can be found in Appendix B.1.1. From the results it becomes clear that QSPLOCS is
able to achieve higher reconstruction accuracies using less components than SPLOCS. This higher
reconstruction accuracy is observed on all three types of datasets, containing either linear motions
(“face”) or more nonlinear rotational motions (“horsegallop” and “Sign D poses”). If we look at Figure
7.3, we notice that the 𝐸𝑅𝑀𝑆 values fluctuate a lot depending on the number of components used. This is
especially noticeable for QSPLOCS. One explanation for this could be the fact that the ADMMmethod,
which is used in both methods, is a first order method and can end up in a nonoptimal local minimum.
Since the “Sign D poses” dataset only contains motions in the arm and hand regions, while the rest of
the body remains almost constant, the methods will try to center almost all components around these
arm and hand regions. This makes it harder to find a global minimum.

Figures 7.17.3 also show the sparsity errors of the three datasets. From the plots it becomes clear
that the average sparsity error goes down when more components are added. This is as expected,
since a tradeoff is made between reconstruction accuracy and sparsity. When only a few components
are computed, the methods can gain more in terms of a better data approximation and therefore accept
the higher sparsity penalty. However, when more components are added you reach a point where the
sparsity term is higher than what can be gained in terms of a better data approximation. This results in
components that are more sparse.

On the “face” and “Sign D poses” datasets QSPLOCS is shown to have a lower sparsity error. This
means that QSPLOCS is able to give components that are more sparse than SPLOCS, while also
achieving a higher reconstruction accuracy. A slightly higher sparsity error is observed for QSPLOCS
on the “horsegallop” dataset in Figure 7.1. However, the difference in terms of reconstruction accuracy
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between SPLOCS and QSPLOCS is also higher for this dataset. Thus, this again visualizes the trade
off that is made between reconstruction accuracy and sparsity.

As before, we can also plot the reconstruction and sparsity errors against the amount of memory
needed to store the components. This is shown in Figures 7.47.6. From these figures we can conclude
that QSPLOCS is still able to describe a richer space of deformations, even when storage capacity is
limited.
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(a) 𝐸𝑅𝑀𝑆 and 𝐸𝑠𝑝𝑎𝑟𝑠𝑖𝑡𝑦 computed on 40 training frames.
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(b) 𝐸𝑅𝑀𝑆 and 𝐸𝑠𝑝𝑎𝑟𝑠𝑖𝑡𝑦 computed on 9 (unseen) test frames.

Figure 7.1: Reconstruction error and sparsity error (𝑦axis) with respect to the number of components used (𝑥axis) on the
“horsegallop” motion capture from the animal dataset [52].
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(a) 𝐸𝑅𝑀𝑆 and 𝐸𝑠𝑝𝑎𝑟𝑠𝑖𝑡𝑦 computed on 308 training frames.
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(b) 𝐸𝑅𝑀𝑆 and 𝐸𝑠𝑝𝑎𝑟𝑠𝑖𝑡𝑦 computed on 77 (unseen) test frames.

Figure 7.2: Reconstruction error and sparsity error (𝑦axis) with respect to the number of components used (𝑥axis) on the “face”
motion capture from [66].
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(a) 𝐸𝑅𝑀𝑆 and 𝐸𝑠𝑝𝑎𝑟𝑠𝑖𝑡𝑦 computed on 481 training frames.
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(b) 𝐸𝑅𝑀𝑆 and 𝐸𝑠𝑝𝑎𝑟𝑠𝑖𝑡𝑦 computed on 120 (unseen) test frames.

Figure 7.3: Reconstruction error and sparsity error (𝑦axis) with respect to the number of components used (𝑥axis) on the “Sign
D poses” motion capture from the TCD Hands dataset [20].
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(a) 𝐸𝑅𝑀𝑆 and 𝐸𝑠𝑝𝑎𝑟𝑠𝑖𝑡𝑦 computed on 40 training frames.
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(b) 𝐸𝑅𝑀𝑆 and 𝐸𝑠𝑝𝑎𝑟𝑠𝑖𝑡𝑦 computed on 9 (unseen) test frames.

Figure 7.4: Reconstruction error and sparsity error (𝑦axis) with respect to thememory needed to store the number of components
(𝑥axis) on the “horsegallop” motion capture from the animal dataset [52].
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(a) 𝐸𝑅𝑀𝑆 and 𝐸𝑠𝑝𝑎𝑟𝑠𝑖𝑡𝑦 computed on 308 training frames.
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(b) 𝐸𝑅𝑀𝑆 and 𝐸𝑠𝑝𝑎𝑟𝑠𝑖𝑡𝑦 computed on 77 (unseen) test frames.

Figure 7.5: Reconstruction error and sparsity error (𝑦axis) with respect to thememory needed to store the number of components
(𝑥axis) on the “face” motion capture from [66].
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(a) 𝐸𝑅𝑀𝑆 and 𝐸𝑠𝑝𝑎𝑟𝑠𝑖𝑡𝑦 computed on 481 training frames.
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(b) 𝐸𝑅𝑀𝑆 and 𝐸𝑠𝑝𝑎𝑟𝑠𝑖𝑡𝑦 computed on 120 (unseen) test frames.

Figure 7.6: Reconstruction error and sparsity error (𝑦axis) with respect to thememory needed to store the number of components
(𝑥axis) on the “Sign D poses” motion capture from the TCD Hands dataset [20].
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Besides looking at the reconstruction accuracy, it is also interesting to compare the convergence rates
of both methods. Since we observed similar convergence behavior on all datasets considered, we will
only discuss the convergence rates on the “face” dataset, which is shown in Figure 7.7.

For constructing the convergence plots, we applied SPLOCS and QSPLOCS to the dataset using
𝑑 = 100 components. Thereafter, we plotted the value of each term in the objective function after
each iteration. The peaks that are visible after every 20 iterations are due to the weight optimization
step. Both SPLOCS and QSPLOCS show similar convergence behavior. The data term and sparsity
inducing term are both shown to decrease at every iteration (apart from the weight update step). The
QSPLOCS method is able to achieve a lower objective function value, both on the data term and the
sparsity inducing term. This indicates that the quaternion method is able to obtain components that
give a higher reconstruction accuracy, while being more sparse.
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(a) Convergence of SPLOCS.
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(b) Convergence of QSPLOCS.

Figure 7.7: Objective function value (𝑦axis) with respect to the number of iterations (𝑥axis) on the “face” motion capture from
[66].

Finally, it is also interesting to compare themethods based on their computation time. Since quaternions
can be rewritten as a 4 × 4 real matrix, multiplication of two quaternions takes 16 real multiplications
and 12 additions. Thus, we expect the computation times of QSPLOCS to be considerable higher than
those of SPLOCS. Table 7.1 shows the computation times on a variety of datasets. The average time
is taken over two runs.

From the table it becomes clear that SPLOCS is indeed faster than QSPLOCS on all datasets
considered. The computation times seem to be dependent on both the number of vertices and the
number of frames contained in the dataset. On the “horsegallop” dataset, SPLOCS is shown to be
on average 1.7 times faster than QSPLOCS. On the “C5  Walk to run” dataset, which contains more
frames but less vertices, SPLOCS is 3.4 times as fast. Thus, the frame count appears to have a large
effect on the computation times of QSPLOCS. Even though the methods show a large difference in
computation times, this is not a huge issue. Since subspaces are typically computed in an offline
phase, 23 minutes computation time, which is the largest value shown in the table, is still acceptable.

Table 7.1: Comparison of computation times when using SPLOCS and QSPLOCS. The table shows the number of vertices 𝑛,
the number of frames 𝑓 and the computation times using a varying number of components 𝑑 on a variety of datasets. i7 2.50GHz,
8GB RAM, Matlab implementation.

Mesh 𝑛 𝑓 Times for 𝑑 = 10 comp. Times for 𝑑 = 50 comp. Times for 𝑑 = 100 comp.
SPLOCS QSPLOCS SPLOCS QSPLOCS SPLOCS QSPLOCS

“horsegallop” [52] 8431 49 12.07s 17.63s 61.28s 98.61s 119.96s 199.22s
“face” [66] 23725 385 59.54s 146.79s 287.24s 708.43s 574.55s 1415.40s
“Sign D poses” [20] 6890 601 18.07s 53.59s 86.36s 271.95s 173.02s 541.37s
“C5  Walk to run” [54] 6890 650 17.99s 56.36s 90.35s 285.24s 177.25s 572.15s
“E5  Hook left poses” [54] 6890 327 13.07s 32.40s 64.51s 168.06s 128.01s 334.89s
“jumpingjacks50022” [7] 6890 308 13.25s 33.12s 62.85s 161.85s 124.93s 322.51s
“jiggleontoes50004” [7] 6890 239 11.84s 26.57s 58.64s 140.12s 116.56s 278.73s
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7.2.2. Visual comparison
Similar to the experiments performed in Sections 6.2.2 and 6.3.2, we can alsomake a visual comparison
between the two sparse PCA techniques. This enables us to better evaluate the sparsity and locality
of both methods. We perform these experiments on all three datasets described at the beginning of
this chapter. For these experiments, the methods were applied to obtain 𝑑 = 50 sparse components.
Visualizations of other datasets can be found in Appendix B.1.2

The SPLOCS and QSPLOCS methods aim to find components that approximate the training sam
ples as good as possible while being sparse and localized. Thus, as opposed to the components found
by PCA and QPCA, which are ordered based on their eigenvalues, the sparse PCA components do not
have a clear ordering. This means that the 1st component is not necessarily more important than the
20th component. In addition, this means that the components found by SPLOCS do not necessarily
describe the same deformations as the components found by QSPLOCS.

As a first experiment, we visualize and compare a few components of both SPLOCS and QSPLOCS.
We do this by selecting 4 SPLOCS components at random and finding the QSPLOCS components that
show a similar motion. Note that not all real components have a quaternion component showing the
same motion and vice versa. Since the components do not have an eigenvalue that can be used as
weight for the visualization, we select the weight of each component manually.

The components of SPLOCS for the “horsegallop” dataset are shown in Figure 7.8. The corre
sponding quaternion components can be found in Figures 7.97.12. Both SPLOCS and QSPLOCS are
able to produce components that are sparse and localized. However, the amount of sparsity present
in the components can vary between the two methods. For example, the deformation shown in Figure
7.10 is slightly more sparse than its real counterpart. One reason for this could be that each quaternion
component has 4 dimensions, while the real components only have 3. This means that the sparsity er
ror of a quaternion component would be slightly higher than that of its real counterpart on components
that cover the same area of a mesh. Consequently, the area covered by the quaternion component
could decrease during the optimization phase.

Similar to what we observed for PCA and QPCA, the deformations described by the SPLOCS com
ponents are also contained in the QSPLOCS subspace. When comparing Figure 7.8 to Figure 7.9, we
notice that the first SPLOCS component shows the same deformation as the QSPLOCS component
along the fourth dimension (𝒌). In addition, the quaternion component describes three other deforma
tions. This property also applies to the other visualized components.

Visualizations of SPLOCS on the other two datasets are found in Figures 7.13 and 7.18 and the
corresponding QSPLOCS components can be found in Figures 7.147.17 and Figures 7.197.22 re
spectively. Similar properties as described above can be observed in these datasets. Interestingly
enough, the deformation shown in the SPLOCS component is not always described by the same di
mension of the QSPLOCS component. On the “face” dataset, for instance, the SPLOCS components
show approximately the same deformations as the QSPLOCS components along the second dimen
sion (𝒊). On the “Sign D poses” dataset this is mostly shown along the fourth dimension (𝒌) of the
QSPLOCS components, except for the component in Figure 7.22, which describes the real motion
along its first dimension. It should be noted that this does not hold for all component of both methods.
As mentioned above, some deformations shown in the SPLOCS components are not present in the
set of QSPLOCS components and vice versa. An example of this is shown in Figure 7.16, in which
the QSPLOCS component shows quite different deformations than the 12th SPLOCS component from
Figure 7.13.

One apparent property of the two methods is that the components do not always look smooth or
natural. Two examples of this are the 10th SPLOCS component of the “horsegallop” dataset, shown
in Figure 7.8, and the 4th QSPLOCS component of the “Sign D poses” dataset, shown in Figure 7.20.
The deformations described by these components show a very sharp boundary at the neck region. As
a result, the motions do not feel very natural. Another example is shown in Figure 7.19, where the
deformation along the first dimension shows a wide forearm while the elbow region does not change in
size. The reason for these unnatural sharp boundaries is the spatially varying regularization strengths
used in both methods. Using these regularization strengths, only vertices that lie far away from the
center of the component are penalized by the sparsity inducing term. Other vertices are less penalized
by this term and some vertices are not penalized at all. This can result in components with a sharp
boundary, since the center vertices are able to freely describe any large motion, while the sparsity
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penalty at the boundaries might be too large to describe any small motion.

Thus, in conclusion, we can say that the SPLOCS and QSPLOCS methods are both able to obtain
components that are sparse and localized. Oftentimes, the deformation described by the SPLOCS
component is also present in the space spanned by its quaternion variant. The area covered by both
components can, however, vary in size. Due to the spatially varying regularization parameters, it can
happen that the deformations described by the components show sharp boundary edges. Thus, the
components are not always smooth or natural looking.

Figure 7.8: Visualization of SPLOCS: 4 sparse components on the “horsegallop” motion capture from the animal dataset [52].
Models corresponding to −𝑤𝑖 (top) and 𝑤𝑖 (bottom) along the 𝑖th component are displayed. Color coding shows the magnitude
of vertex displacements inside the components.

Figure 7.9: Visualization of QSPLOCS: The 1st quaternion sparse component on the “horsegallop” motion capture from the
animal dataset [52]. Models corresponding to −𝑤1 (top) and 𝑤1 (bottom) along the four dimensions of the 1st component are
displayed. Color coding shows the magnitude of vertex displacements inside the components.

Figure 7.10: Visualization of QSPLOCS: The 8th quaternion sparse component on the “horsegallop” motion capture from the
animal dataset [52]. Models corresponding to −𝑤8 (top) and 𝑤8 (bottom) along the four dimensions of the 8th component are
displayed. Color coding shows the magnitude of vertex displacements inside the components.
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Figure 7.11: Visualization of QSPLOCS: The 9th quaternion sparse component on the “horsegallop” motion capture from the
animal dataset [52]. Models corresponding to −𝑤9 (top) and 𝑤9 (bottom) along the four dimensions of the 9th component are
displayed. Color coding shows the magnitude of vertex displacements inside the components.

Figure 7.12: Visualization of QSPLOCS: The 12th quaternion sparse component on the “horsegallop” motion capture from the
animal dataset [52]. Models corresponding to −𝑤12 (top) and 𝑤12 (bottom) along the four dimensions of the 12th component
are displayed. Color coding shows the magnitude of vertex displacements inside the components.

Figure 7.13: Visualization of SPLOCS: 4 sparse components on the “face” motion capture from [66]. Models corresponding to
−𝑤𝑖 (top) and 𝑤𝑖 (bottom) along the 𝑖th component are displayed. Color coding shows the magnitude of vertex displacements
inside the components.
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Figure 7.14: Visualization of QSPLOCS: The 1st quaternion sparse component on the “‘face”’ motion capture from [66]. Models
corresponding to −𝑤1 (top) and 𝑤1 (bottom) along the four dimensions of the 1st component are displayed. Color coding shows
the magnitude of vertex displacements inside the components.

Figure 7.15: Visualization of QSPLOCS: The 2nd quaternion sparse component on the “‘face”’ motion capture from [66]. Models
corresponding to −𝑤2 (top) and𝑤2 (bottom) along the four dimensions of the 2nd component are displayed. Color coding shows
the magnitude of vertex displacements inside the components.

Figure 7.16: Visualization of QSPLOCS: The 15th quaternion sparse component on the “‘face”’ motion capture from [66]. Models
corresponding to −𝑤15 (top) and 𝑤15 (bottom) along the four dimensions of the 15th component are displayed. Color coding
shows the magnitude of vertex displacements inside the components.
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Figure 7.17: Visualization of QSPLOCS: The 22nd quaternion sparse component on the “‘face”’ motion capture from [66]. Models
corresponding to −𝑤22 (top) and 𝑤22 (bottom) along the four dimensions of the 22nd component are displayed. Color coding
shows the magnitude of vertex displacements inside the components.

Figure 7.18: Visualization of SPLOCS: 4 sparse components on the “Sign D poses” motion capture from TCD Hands[20]. Models
corresponding to −𝑤𝑖 (top) and𝑤𝑖 (bottom) along the 𝑖th component are displayed. Color coding shows the magnitude of vertex
displacements inside the components.
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Figure 7.19: Visualization of QSPLOCS: The 1st quaternion sparse component on the “‘Sign D poses”’ motion capture from TCD
Hands [20]. Models corresponding to −𝑤1 (top) and 𝑤1 (bottom) along the four dimensions of the 1st component are displayed.
Color coding shows the magnitude of vertex displacements inside the components.

Figure 7.20: Visualization of QSPLOCS: The 4th quaternion sparse component on the “‘Sign D poses”’ motion capture from TCD
Hands [20]. Models corresponding to −𝑤4 (top) and 𝑤4 (bottom) along the four dimensions of the 4th component are displayed.
Color coding shows the magnitude of vertex displacements inside the components.
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Figure 7.21: Visualization of QSPLOCS: The 19th quaternion sparse component on the “‘Sign D poses”’ motion capture from
TCD Hands [20]. Models corresponding to −𝑤19 (top) and 𝑤19 (bottom) along the four dimensions of the 19th component are
displayed. Color coding shows the magnitude of vertex displacements inside the components.

Figure 7.22: Visualization of QSPLOCS: The 29th quaternion sparse component on the “‘Sign D poses”’ motion capture from
TCD Hands [20]. Models corresponding to −𝑤29 (top) and 𝑤29 (bottom) along the four dimensions of the 29th component are
displayed. Color coding shows the magnitude of vertex displacements inside the components.
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As a second visual experiment, we want to investigate the influence of the initialization phase on the
components that are obtained. Since we found that the ADMM method used in the optimization phase
does not progress that much from its initial values, we expect the method to be very dependent on the
initialization phase. In this experiment, we applied the methods to various datasets using a random
initialization. For SPLOCS this means that the entries in each component got assigned a random
value between [−1, 1]. For QSPLOCS, each entry was filled with a uniformly distributed unit quaternion.
Results of this are shown in Figures 7.23 and 7.26 for SPLOCS and in Figures 7.24, 7.25, 7.27 and 7.28
for QSPLOCS. Since other datasets showed similar results, we will limit our discussion to these two
datasets only.

From the figures we can immediately tell that the results obtained using random initialization are
far from optimal. Especially on the “horsegallop” dataset we notice many artifacts. Many of the com
ponents, such as the 4th SPLOCS component in Figure 7.23 and the 1st QSPLOCS component in
Figure 7.24, show a lot of noise due to the random initialization. This is far from ideal and indicates
that ADMM is indeed not able to reach a good solution. However, not all components show this noise.
Some components do seem nicely sparse and localized, such as the 19th SPLOCS component from
the “horsegallop” dataset. Other components, however, are less localized or lack interpretable mean
ing, such as the 13th SPLOCS component from Figure 7.26.

Figure 7.23: Visualization of SPLOCS using random initialization: 3 sparse components on the “horsegallop” motion capture
from the animal dataset [52]. Models corresponding to −𝑤𝑖 (top) and 𝑤𝑖 (bottom) along the 𝑖th component are displayed. Color
coding shows the magnitude of vertex displacements inside the components.

Figure 7.24: Visualization of QSPLOCS using random initialization: The 1st quaternion sparse component on the “horsegallop”
motion capture from the animal dataset [52]. Models corresponding to −𝑤1 (top) and 𝑤1 (bottom) along the four dimensions of
the 1st component are displayed. Color coding shows the magnitude of vertex displacements inside the components.
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Figure 7.25: Visualization of QSPLOCS using random initialization: The 5th quaternion sparse component on the “horsegallop”
motion capture from the animal dataset [52]. Models corresponding to −𝑤5 (top) and 𝑤5 (bottom) along the four dimensions of
the 5th component are displayed. Color coding shows the magnitude of vertex displacements inside the components.

Figure 7.26: Visualization of SPLOCS using random initialization: 3 sparse components on the “face” motion capture from [66].
Models corresponding to −𝑤𝑖 (top) and 𝑤𝑖 (bottom) along the 𝑖th component are displayed. Color coding shows the magnitude
of vertex displacements inside the components.

Figure 7.27: Visualization of QSPLOCS using random initialization: The 2nd quaternion sparse component on the “‘face”’ motion
capture from [66]. Models corresponding to −𝑤2 (top) and 𝑤2 (bottom) along the four dimensions of the 2nd component are
displayed. Color coding shows the magnitude of vertex displacements inside the components.
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Figure 7.28: Visualization of QSPLOCS using random initialization: The 17th quaternion sparse component on the “‘face”’ motion
capture from [66]. Models corresponding to −𝑤17 (top) and 𝑤17 (bottom) along the four dimensions of the 17th component are
displayed. Color coding shows the magnitude of vertex displacements inside the components.

One known limitation of SPLOCS is that the method cannot handle articulated rotations well [39]. Since
the components are linear, the method is not able to describe the curvilinear paths present in the
datasets, such as the rotating limbs in the “horsegallop” dataset. Since each quaternion QSPLOCS
component can be seen as a linear combination of four real deformations, it is interesting to investigate
whether the QSPLOCS method is able to better describe these rotations. We do this by visualizing
some components using a few different weights. These weights are selected as follows. For SPLOCS,
we simply take the largest and smallest weights that were observed in the training data as well as
some values in between. QSPLOCS is, however, harder to visualize, since many different quaternion
valued weights are possible. We do this by taking the weights from the training data that have the
largest, median and smallest value along each of the four dimensions. This gives us a maximum of 12
projected samples to visualize, from which we remove samples that have a similar weight.

We perform this experiment on the “horsegallop” dataset only, as this dataset contains a lot of ar
ticulated rotations. Figures 7.29 and 7.30 show the results on two SPLOCS components and Figures
7.31 and 7.32 show the corresponding QSPLOCS components. As expected, we see that the SPLOCS
components indeed follow a linear path. This introduces some unwanted artifacts, where the compo
nents shows a shrinkage of the leg or tail along the middle of the path. The QSPLOCS components,
on the other hand, seem to be able to describe a somewhat curvilinear path. The deformations do not
follow a linear path. However, since many different quaternion weights are possible for QSPLOCS, it is
not easy to describe this path. The figures show two approximate lines that seem to follow the motion
of the selected samples. The deformations, however, do not necessarily move the mesh in a single
direction. From the backview, we can see that the components also move the mesh from left to right.
Thus, it is very hard to properly describe these motions. The QSPLOCS method also introduces some
new artifacts, where some configurations again show a shrunken or skewed version of the leg or tail.

Figure 7.29: Visualization of SPLOCS on the “horsegallop” dataset [52] showing its limitation regarding articulated rotations.
Models corresponding to the largest and smallest weights present in the training data are displayed as well as some values in
between. The experiment is performed on the 2nd component.
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Figure 7.30: Visualization of SPLOCS on the “horsegallop” dataset [52] showing its limitation regarding articulated rotations.
Models corresponding to the largest and smallest weights present in the training data are displayed as well as some values in
between. The experiment is performed on the 5th component.

Figure 7.31: Visualization of QSPLOCS on the “horsegallop” dataset [52] showing how it handles articulated rotations. Models
corresponding to the largest, median and smallest weights along each dimension present in the training data are displayed. The
experiment is performed on the 2nd component.

Figure 7.32: Visualization of QSPLOCS on the “horsegallop” dataset [52] showing how it handles articulated rotations. Models
corresponding to the largest, median and smallest weights along each dimension present in the training data are displayed. The
experiment is performed on the 5th component.

7.3. SPLOCS_lap and QSPLOCS_lap
After having evaluated the original SPLOCS method and its quaternion variant QSPLOCS, it is inter
esting to evaluate the effect of the added Laplacian term. As mentioned in Section 5.3, one of the
properties of SPLOCS is that it uses varying regularization strengths based on the 𝑑𝑚𝑖𝑛 and 𝑑𝑚𝑎𝑥 dis
tances set by the user. This means that during optimization, only vertices that lie far away from the
center of the components are penalized by the sparsity term. We found that this results in components
that are not always very smooth or natural looking, as shown in the previous section. Furthermore, this
results in components that are heavily influenced by the initialization phase of the method.
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By getting rid of these spatially varying regularization strengths and instead introducing an additional
term based on the Laplacian, which penalizes large differences in values between neighboring vertices,
the goal was to obtain naturally smooth, sparse and localized components without having to explicitly
specify the size and location of the components. In this section we perform various experiments to
investigate this. First, we perform a quantitative evaluation in the section below, where we compare
SPLOCS_lap and QSPLOCS_lap based on their reconstruction accuracy, sparsity, convergence rates
and computation times. Next, we perform visual analysis in Section 7.3.2, where we evaluate the spar
sity, locality and smoothness of the components. Furthermore, we perform experiments to investigate
to what extent the methods are dependent on the initialization phase and whether the methods are able
to handle articulated rotations.

7.3.1. Quantitative evaluation
As before, we evaluate the reconstruction accuracy and sparsity error of the SPLOCS_lap and QS
PLOCS_lap methods on the three datasets described at the start of this chapter. We apply both meth
ods two times using a varying number of components, where 80% of the data is used for training.
Results of this are shown in Figures 7.337.35. In order to avoid clutter, we only plot the sparsity error
of the first run. Results obtained on other datasets can be found in Appendix B.2.1

Immediately, we can notice a lot of differences when comparing these plots to those obtained by
SPLOCS and QSPLOCS in Figures 7.17.3. First of all, we have plotted the reconstruction error of each
run separately instead of taking the average. This has to do with the way in which SPLOCS_lap and
QSPLOCS_lap are designed. Asmentioned above, the original SPLOCSmethod uses spatially varying
regularization parameters that do not penalize vertices that lie close to the center of the components.
Thus, it is possible to improve the data approximation in that area without having any penalty. For
SPLOCS_lap and QSPLOCS_lap, on the other hand, we do not have this term based on the distance
to the center. The sparsity inducing term penalizes each nonzero valued vertex in the components.
As a result, it can happen that the value of the sparsity inducing term is larger than what can be gained
in terms of a better data approximation. In those cases, the entire component will go to zero. Since
each run uses different training samples, and because ADMM is prone to end up in nonoptimal local
minima, the number of nonzero components can vary per run. Therefore, we are not able to take the
average over all runs.

A second consequence of this is that there is a maximum number of components that can be ob
tained by the methods. For the “horsegallop” dataset, shown in Figure 7.33, we are not able to obtain
more than ±50 real components or ±40 quaternion components. All remaining components are zero
vectors due to the tradeoff between reconstruction accuracy and sparsity. The same applies to the
“Sign D poses” dataset, shown in Figure 7.35, where only ±55 real and ±45 quaternion nonzero com
ponents can be found. On the other hand, the “face” dataset from Figure 7.34 is able to get the full
amount of nonzero components. The reason why some datasets are able to get many components,
while other datasets are not, has to do with the motions present in the dataset. As mentioned before,
the face dataset shows many linear deformations, where the entire face is in motion. In this case, the
improved performance in terms of data approximation always outweighs the penalty introduced by the
sparsity and Laplacian terms. Therefore, the components will not go to zero everywhere. The “Sign D
poses” dataset, on the other hand, shows very detailed motions in the hand and arm regions, while the
remainder of the body remains almost constant. As a result, components will mostly be found in these
significant areas, since the sparsity inducing term will be too high in other regions. More components
can be found by lowering the weight of the sparsity inducing term, however the resulting components
will then also be less sparse. A tradeoff needs to be made.

In comparison to SPLOCS_lap, QSPLOCS_lap shows improved performances both in terms of re
construction accuracy and sparsity on all three datasets. This indicates that the quaternion variant is
again able to describe a richer space of deformations. Figures 7.367.38 show the reconstruction and
sparsity errors plotted against the memory needed to store the components. One interesting observa
tion from these figures is that both methods are able to get approximately the same amount of nonzero
components in terms of memory needed to store them. This does not hold for the “face” dataset for
reasons discussed above.
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(a) 𝐸𝑅𝑀𝑆 and 𝐸𝑠𝑝𝑎𝑟𝑠𝑖𝑡𝑦 computed on 40 training frames.
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(b) 𝐸𝑅𝑀𝑆 and 𝐸𝑠𝑝𝑎𝑟𝑠𝑖𝑡𝑦 computed on 9 (unseen) test frames.

Figure 7.33: Reconstruction error and sparsity error (𝑦axis) with respect to the number of components used (𝑥axis) on the
“horsegallop” motion capture from the animal dataset [52].
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(a) 𝐸𝑅𝑀𝑆 and 𝐸𝑠𝑝𝑎𝑟𝑠𝑖𝑡𝑦 computed on 308 training frames.
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(b) 𝐸𝑅𝑀𝑆 and 𝐸𝑠𝑝𝑎𝑟𝑠𝑖𝑡𝑦 computed on 77 (unseen) test frames.

Figure 7.34: Reconstruction error and sparsity error (𝑦axis) with respect to the number of components used (𝑥axis) on the
“face” motion capture from [66].
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(a) 𝐸𝑅𝑀𝑆 and 𝐸𝑠𝑝𝑎𝑟𝑠𝑖𝑡𝑦 computed on 481 training frames.
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(b) 𝐸𝑅𝑀𝑆 and 𝐸𝑠𝑝𝑎𝑟𝑠𝑖𝑡𝑦 computed on 120 (unseen) test frames.

Figure 7.35: Reconstruction error and sparsity error (𝑦axis) with respect to the number of components used (𝑥axis) on the
“Sign D poses” motion capture from the TCD Hands dataset [20].
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(a) 𝐸𝑅𝑀𝑆 and 𝐸𝑠𝑝𝑎𝑟𝑠𝑖𝑡𝑦 computed on 40 training frames.
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(b) 𝐸𝑅𝑀𝑆 and 𝐸𝑠𝑝𝑎𝑟𝑠𝑖𝑡𝑦 computed on 9 (unseen) test frames.

Figure 7.36: Reconstruction error and sparsity error (𝑦axis) with respect to the memory needed to store the number of compo
nents (𝑥axis) on the “horsegallop” motion capture from the animal dataset [52].
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(a) 𝐸𝑅𝑀𝑆 and 𝐸𝑠𝑝𝑎𝑟𝑠𝑖𝑡𝑦 computed on 308 training frames.
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(b) 𝐸𝑅𝑀𝑆 and 𝐸𝑠𝑝𝑎𝑟𝑠𝑖𝑡𝑦 computed on 77 (unseen) test frames.

Figure 7.37: Reconstruction error and sparsity error (𝑦axis) with respect to the memory needed to store the number of compo
nents (𝑥axis) on the “face” motion capture from [66].
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(a) 𝐸𝑅𝑀𝑆 and 𝐸𝑠𝑝𝑎𝑟𝑠𝑖𝑡𝑦 computed on 481 training frames.
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(b) 𝐸𝑅𝑀𝑆 and 𝐸𝑠𝑝𝑎𝑟𝑠𝑖𝑡𝑦 computed on 120 (unseen) test frames.

Figure 7.38: Reconstruction error and sparsity error (𝑦axis) with respect to the memory needed to store the number of compo
nents (𝑥axis) on the “Sign D poses” motion capture from the TCD Hands dataset [20].
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As a second experiment, we again compare the convergence rates of the two methods. This is shown
in Figure 7.39 for the “face” dataset, where 𝑑 = 100 components were selected.

As before, a slight peak can be observed after every 20 iterations due to the weight update step.
Nevertheless, the total objective function value appears to go down on all other iterations for both
methods. QSPLOCS_lap appears to have a slightly lower objective value function for both the data
term and the sparsity inducing term. This means that the quaternion method is able to get components
that are more sparse, while also being able to give a better data approximation.
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(a) Convergence of SPLOCS_lap.
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(b) Convergence of QSPLOCS_lap.

Figure 7.39: Objective function value (𝑦axis) with respect to the number of iterations (𝑥axis) on the “face” motion capture from
[66].

As a final quantitative experiment, we compare SPLOCS_lap and QSPLOCS_lap based on their com
putation times on various datasets. This is shown in Table 7.2. As before, the average time is taken
over two runs and the algorithms are run on the same laptop.

Similar to what we saw for SPLOCS and QSPLOCS in Table 7.1, SPLOCS_lap is again shown to
be faster than its quaternion variant on all datasets considered. The difference in speed between the
two methods is now, however, even more pronounced. On the “horsegallop” dataset, SPLOCS_lap is
now shown to be on average 3.1 times faster than QSPLOCS_lap. On the “C5  Walk to run” dataset,
SPLOCS_lap is 4.0 times as fast on average. When we compare the results to those obtained by
SPLOCS and QSPLOCS, we observe that the quaternion variants only differ slightly in computation
times. The QSPLOCS_lap method is slightly slower due to the added step of optimizing the Laplacian
term. When comparing the real methods, however, we notice that SPLOCS_lap is actually faster than
the original SPLOCS method. This has to do with the fact that we removed the spatially varying regu
larization parameters. These parameters had to be computed for all components and after each weight
optimization iteration using the heat method [13]. Thus, it appears that for the real methods it is more
computationally efficient to optimize the Laplacian term in each ADMM iteration than it is to compute the
spatially varying regularization strengths after each weight optimization iteration. For the quaternion
methods, the opposite holds. One reason for this is the inefficient implementation of the Laplacian term
optimization step from Equation 5.18. Since the qtfm toolbox does not contain a function for solving a
system of quaternion linear equations, we solve this by rewriting the quaternion system as a real sys
tem and using builtin MATLAB functions for solving a system of real linear equations. Thereafter, the
resulting matrix is converted back to quaternions again. Thus, the QSPLOCS_lap computation times
could be improved by finding a more efficient way of computing this step.
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Table 7.2: Comparison of computation times when using SPLOCS_lap (SPLOCS in table) and QSPLOCS_lap (QSPLOCS in
table). The table shows the number of vertices 𝑛, the number of frames 𝑓 and the computation times using a varying number of
components 𝑑 on a variety of datasets. i7 2.50GHz, 8GB RAM, Matlab implementation.

Mesh 𝑛 𝑓 Times for 𝑑 = 10 comp. Times for 𝑑 = 50 comp. Times for 𝑑 = 100 comp.
SPLOCS QSPLOCS SPLOCS QSPLOCS SPLOCS QSPLOCS

“horsegallop” [52] 8431 49 13.22s 27.79s 35.34s 114.54s 64.43s 219.29s
“face” [66] 23725 385 54.27s 174.03s 189.81s 749.73s 362.15s 1502.10s
“Sign D poses” [20] 6890 601 16.52s 60.28s 63.37s 260.92s 108.10s 404.65s
“C5  Walk to run” [54] 6890 650 17.50s 62.84s 69.01s 303.68s 133.65s 563.78s
“E5  Hook left poses” [54] 6890 327 11.60s 38.83s 45.65s 182.80s 81.51s 299.46s
“jumpingjacks50022” [7] 6890 308 11.97s 39.86s 44.47s 179.56s 82.47s 332.59s
“jiggleontoes50004” [7] 6890 239 10.38s 32.75s 37.49s 135.89s 65.15s 231.58s

7.3.2. Visual comparison
Perhaps even more important than the quantitative analysis is a visual comparison of the two newly
proposed sparse PCA techniques. The goal of this is to see whether the proposed methods including
the Laplacian term are indeed able to obtain components that are sparse and localized, while also
being smooth and natural looking. Since the Laplacian term penalizes neighboring vertices with a
large difference in value, we expect to solve the problem related to the sharp boundaries that was
observed for the SPLOCS and QSPLOCS methods in Section 7.2.2. All experiments in this section
are performed on the same three datasets, where the methods were applied to obtain 𝑑 = 50 sparse
components. Results obtained from other datasets are shown in Appendix B.2.2.

First, we visualize a few components of both methods in order to assess how sparse, localized
and smooth the components are. Since we are also interested in knowing whether the newly proposed
methods are able to solve problems related to the original SPLOCSmethod, we do this by selecting the
four SPLOCS_lap and QSPLOCS_lap components that describe a similar motion as the components
visualized in Section 7.2.2. Note that in some cases we were not able to find components showing a
similar motion. As before, the weights corresponding to the components are selected manually.

The SPLOCS_lap components are visualized in Figures 7.40, 7.45 and 7.50 and the corresponding
QSPLOCS_lap components can be found in Figures 7.417.44, 7.467.49 and 7.517.54 respectively.
From these figures it becomes clear that the two methods are indeed able to get some components that
are sparse and localized. When comparing SPLOCS_lap to its quaternion variant, we notice similar
properties to those observed for SPLOCS and QSPLOCS in Section 7.2.2. First, the deformations
described by the SPLOCS_lap components are often also described along one of the dimensions of
the corresponding QSPLOCS_lap component. However, the area covered by the motion of the real
component and its quaternion variant can differ. An example of this is the 4th component of the “Sign
D poses” dataset shown in Figures 7.50 and 7.52. The SPLOCS_lap component shows a deformation
in the head and torso area while the corresponding quaternion component shows a deformation in the
head and arm regions.

Even though many of the components are sparse and localized, the area covered by the compo
nents can vary a lot in size. Some components cover a large area, such as the 12th SPLOCS_lap
component from the “face” dataset shown in Figure 7.45, while other components are too sparse and
localized, such as the 19th QSPLOCS_lap components from the “Sign D poses” dataset in Figure 7.53.
This is as expected from the proposed methods, since they no longer make use of the spatially vary
ing regularization strengths. Furthermore, natural looking deformations can in theory cover a range of
different area sizes. Nevertheless, not all components obtained by the proposed methods describe a
natural motion, such as the latter example described above, where only a single fingertip is in motion.

Another drawback of the proposed methods is that not all components are localized. An example
of this is given in Figure 7.43, where the deformation not only affects the hind leg of the horse, but
additional moves its two hooves. One potential cause of this could be the optimizer used by the two
methods. ADMM is a first order method that can end up in nonoptimal local minima. Throughout
the experiments performed on all four sparse PCA methods, we noticed that ADMM typically does not
progress that much and therefore does not always reach a good solution. If a better solution would
be reached, the deformations in the hooves would most likely be added to another component which
would result in a lower objective function value.
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When comparing the components obtained by the proposed methods to the components computed
by SPLOCS and QSPLOCS in Section 7.2.2, we notice that the added Laplacian term is indeed able
to produce components that are more smooth and natural looking. One example of this is shown in
Figure 7.52, which can be compared to the corresponding QSPLOCS components shown in Figure
7.20. Where the QSPLOCS component shows a deformation in the head region with a very sharp and
unnatural boundary below the neck, the corresponding QSPLOCS_lap component shows a smooth
transition throughout the deformation. Thus, the sharp boundaries that were observed in the SPLOCS
and QSPLOCS components are no longer present. However, this example also demonstrates that the
deformations can be too smooth, resulting in implausible and crooked face shapes.

In conclusion, this experiment has given us a lot of insight on the properties of SPLOCS_lap and QS
PLOCS_lap and their drawbacks. The methods are able to obtain components that are in many cases
shown to be sparse, localized and smooth. As before, the deformation described by the real compo
nent is oftentimes also present in the space spanned by its corresponding quaternion component. The
areas covered by the components can vary a lot in size, which can be beneficial in datasets showing
both large and small deformations. In some cases, however, the methods are shown to obtain compo
nents that are too localized and only move a few vertices of the mesh. Another drawback is that some
components are not localized at all, meaning that they can impact different areas of the mesh that are
not necessarily connected. This problem could potentially be solved by using another optimizer that
uses second order information.

Figure 7.40: Visualization of SPLOCS_lap: 4 sparse components on the “horsegallop” motion capture from the animal dataset
[52]. Models corresponding to −𝑤𝑖 (top) and 𝑤𝑖 (bottom) along the 𝑖th component are displayed. Color coding shows the
magnitude of vertex displacements inside the components.

Figure 7.41: Visualization of QSPLOCS_lap: The 1st quaternion sparse component on the “horsegallop” motion capture from
the animal dataset [52]. Models corresponding to −𝑤1 (top) and 𝑤1 (bottom) along the four dimensions of the 1st component
are displayed. Color coding shows the magnitude of vertex displacements inside the components.
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Figure 7.42: Visualization of QSPLOCS_lap: The 8th quaternion sparse component on the “horsegallop” motion capture from
the animal dataset [52]. Models corresponding to −𝑤8 (top) and 𝑤8 (bottom) along the four dimensions of the 8th component
are displayed. Color coding shows the magnitude of vertex displacements inside the components.

Figure 7.43: Visualization of QSPLOCS_lap: The 9th quaternion sparse component on the “horsegallop” motion capture from
the animal dataset [52]. Models corresponding to −𝑤9 (top) and 𝑤9 (bottom) along the four dimensions of the 9th component
are displayed. Color coding shows the magnitude of vertex displacements inside the components.

Figure 7.44: Visualization of QSPLOCS_lap: The 12th quaternion sparse component on the “horsegallop” motion capture from
the animal dataset [52]. Models corresponding to −𝑤12 (top) and𝑤12 (bottom) along the four dimensions of the 12th component
are displayed. Color coding shows the magnitude of vertex displacements inside the components.
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Figure 7.45: Visualization of SPLOCS_lap: 4 sparse components on the “face” motion capture from [66]. Models corresponding
to −𝑤𝑖 (top) and𝑤𝑖 (bottom) along the 𝑖th component are displayed. Color coding shows the magnitude of vertex displacements
inside the components.

Figure 7.46: Visualization of QSPLOCS_lap: The 1st quaternion sparse component on the “‘face”’ motion capture from [66].
Models corresponding to −𝑤1 (top) and 𝑤1 (bottom) along the four dimensions of the 1st component are displayed. Color
coding shows the magnitude of vertex displacements inside the components.

Figure 7.47: Visualization of QSPLOCS_lap: The 2nd quaternion sparse component on the “‘face”’ motion capture from [66].
Models corresponding to −𝑤2 (top) and 𝑤2 (bottom) along the four dimensions of the 2nd component are displayed. Color
coding shows the magnitude of vertex displacements inside the components.
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Figure 7.48: Visualization of QSPLOCS_lap: The 15th quaternion sparse component on the “‘face”’ motion capture from [66].
Models corresponding to −𝑤15 (top) and 𝑤15 (bottom) along the four dimensions of the 15th component are displayed. Color
coding shows the magnitude of vertex displacements inside the components.

Figure 7.49: Visualization of QSPLOCS_lap: The 22nd quaternion sparse component on the “‘face”’ motion capture from [66].
Models corresponding to −𝑤22 (top) and 𝑤22 (bottom) along the four dimensions of the 22nd component are displayed. Color
coding shows the magnitude of vertex displacements inside the components.
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Figure 7.50: Visualization of SPLOCS_lap: 4 sparse components on the “Sign D poses” motion capture from TCD Hands[20].
Models corresponding to −𝑤𝑖 (top) and 𝑤𝑖 (bottom) along the 𝑖th component are displayed. Color coding shows the magnitude
of vertex displacements inside the components.

Figure 7.51: Visualization of QSPLOCS_lap: The 1st quaternion sparse component on the “‘Sign D poses”’ motion capture from
TCD Hands [20]. Models corresponding to −𝑤1 (top) and 𝑤1 (bottom) along the four dimensions of the 1st component are
displayed. Color coding shows the magnitude of vertex displacements inside the components.
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Figure 7.52: Visualization of QSPLOCS_lap: The 4th quaternion sparse component on the “‘Sign D poses”’ motion capture from
TCD Hands [20]. Models corresponding to −𝑤4 (top) and 𝑤4 (bottom) along the four dimensions of the 4th component are
displayed. Color coding shows the magnitude of vertex displacements inside the components.

Figure 7.53: Visualization of QSPLOCS_lap: The 19th quaternion sparse component on the “‘Sign D poses”’ motion capture
from TCD Hands [20]. Models corresponding to −𝑤19 (top) and 𝑤19 (bottom) along the four dimensions of the 19th component
are displayed. Color coding shows the magnitude of vertex displacements inside the components.
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Figure 7.54: Visualization of QSPLOCS_lap: The 25th quaternion sparse component on the “‘Sign D poses”’ motion capture
from TCD Hands [20]. Models corresponding to −𝑤25 (top) and 𝑤25 (bottom) along the four dimensions of the 25th component
are displayed. Color coding shows the magnitude of vertex displacements inside the components.

Since the ADMM optimizer is shown to not progress that much, the result is very dependent on the ini
tialization of the components. As a second experiment, we aim to visualize this dependency by applying
the two proposed methods using a random initialization phase similar to the experiment performed in
Section 7.2.2. For SPLOCS and QSPLOCS, we observed that random initialization can lead to very
noisy components or components that are positioned strangely and therefore seem unnatural. For
these proposed methods, we expect to solve the problem related to noise due to the added Laplacian
term. Results obtained on the “horsegallop” and “face” datasets are shown in Figures 7.55 and 7.58
for SPLOCS and in Figures 7.56, 7.57, 7.59 and 7.60 for QSPLOCS.

From the figures it becomes clear that the added Laplacian term indeed gets rid of the noise problem
that was present for SPLOCS and QSPLOCS. The components are still smooth and in some cases also
sparse. However, since all components are initialized randomly and since we do not use the spatially
varying regularization strengths, we observe that many of the components are not restricted to one
small area of the mesh. Most of the components are shown to deform many different regions, such
as the 1st SPLOCS_lap component in Figure 7.55 and the 22nd QSPLOCS_lap component in Figure
7.60. This again shows that ADMM is not able to reach a good solution, since a lower objective function
value could most likely be obtained by moving the deformations of each region to another component.

Figure 7.55: Visualization of SPLOCS_lap using random initialization: 3 sparse components on the “horsegallop” motion capture
from the animal dataset [52]. Models corresponding to −𝑤𝑖 (top) and 𝑤𝑖 (bottom) along the 𝑖th component are displayed. Color
coding shows the magnitude of vertex displacements inside the components.



7.3. SPLOCS_lap and QSPLOCS_lap 77

Figure 7.56: Visualization of QSPLOCS_lap using random initialization: The 1st quaternion sparse component on the “horse
gallop” motion capture from the animal dataset [52]. Models corresponding to −𝑤1 (top) and 𝑤1 (bottom) along the four dimen
sions of the 1st component are displayed. Color coding shows the magnitude of vertex displacements inside the components.

Figure 7.57: Visualization of QSPLOCS_lap using random initialization: The 19th quaternion sparse component on the “horse
gallop” motion capture from the animal dataset [52]. Models corresponding to −𝑤19 (top) and 𝑤19 (bottom) along the four
dimensions of the 19th component are displayed. Color coding shows the magnitude of vertex displacements inside the compo
nents.

Figure 7.58: Visualization of SPLOCS_lap using random initialization: 3 sparse components on the “face” motion capture from
[66]. Models corresponding to −𝑤𝑖 (top) and 𝑤𝑖 (bottom) along the 𝑖th component are displayed. Color coding shows the
magnitude of vertex displacements inside the components.
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Figure 7.59: Visualization of QSPLOCS_lap using random initialization: The 1st quaternion sparse component on the “‘face”’
motion capture from [66]. Models corresponding to −𝑤1 (top) and 𝑤1 (bottom) along the four dimensions of the 1st component
are displayed. Color coding shows the magnitude of vertex displacements inside the components.

Figure 7.60: Visualization of QSPLOCS_lap using random initialization: The 22nd quaternion sparse component on the “‘face”’
motion capture from [66]. Models corresponding to −𝑤22 (top) and 𝑤22 (bottom) along the four dimensions of the 22nd compo
nent are displayed. Color coding shows the magnitude of vertex displacements inside the components.

Similar to the experiment performed on SPLOCS and QSPLOCS in the previous section, it is also
interesting to see how well SPLOCS_lap and QSPLOCS_lap are able to handle articulated rotations.
Since the components of SPLOCS_lap are also linear, we expect to see similar artifacts as observed
in SPLOCS, since the components will not be able to describe the curvilinear paths present in some
datasets. As before, we perform this experiment on the “horsegallop” dataset only.

The experiment performed on SPLOCS_lap is shown in Figures 7.61 and 7.62 and the results of
QSPLOCS_lap are shown in Figures 7.63 and 7.64. The results are very similar to what we observed
for SPLOCS and QSPLOCS. As expected, the SPLOCS_lap components follow a linear path, which
introduces linearization artifacts. The QSPLOCS_lap components seem to be able to describe the
articulated rotations better. Using different weights, the components are able to follow a curvilinear
path. However, similar to QSPLOCS, it is very hard to properly describe this path due to the four
dimensional weights. As can be seen in Figure 7.63, multiple different paths can be observed, where
some configurations introduce new artifacts.
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Figure 7.61: Visualization of SPLOCS_lap on the “horsegallop” dataset [52] showing its limitation regarding articulated rotations.
Models corresponding to the largest and smallest weights present in the training data are displayed as well as some values in
between. The experiment is performed on the 2nd component.

Figure 7.62: Visualization of SPLOCS_lap on the “horsegallop” dataset [52] showing its limitation regarding articulated rotations.
Models corresponding to the largest and smallest weights present in the training data are displayed as well as some values in
between. The experiment is performed on the 5th component.

Figure 7.63: Visualization of QSPLOCS_lap on the “horsegallop” dataset [52] showing how it handles articulated rotations. Mod
els corresponding to the largest, median and smallest weights along each dimension present in the training data are displayed.
The experiment is performed on the 2nd component.
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Figure 7.64: Visualization of QSPLOCS_lap on the “horsegallop” dataset [52] showing how it handles articulated rotations. Mod
els corresponding to the largest, median and smallest weights along each dimension present in the training data are displayed.
The experiment is performed on the 5th component.

7.4. Combined method
From the experiments performed in the previous sections we can conclude that all discussed sparse
PCA techniques have their advantages and disadvantages. The SPLOCS and QSPLOCS methods
are able to generate components that are sparse and only affect a small part of the mesh. In some
cases, however, the deformations described by the components lack smoothness and can therefore
look unnatural. Furthermore, the performance of the methods is very dependent on the initialization
phase. These issues are partially due to the spatially varying regularization strengths that are used in
both methods.

The SPLOCS_lap and QSPLOCS_lapmethods, which replace these spatially varying regularization
strengths with an additional term based on the Laplacian, are able to improve on some of the aspects
mentioned above. Due to the Laplacian term, the components are able to look much more smooth
and natural. Furthermore, this term gets rid of the noise problem that was observed for SPLOCS and
QSPLOCS using a random initialization. However, since the spatially varying regularization strengths
are removed in these methods, the components found by these methods are in many cases either too
sparse and localized, or not localized at all. Thus, it appears that the Laplacian term in combination
with the sparsity inducing term are not able to enforce the components to consistently be both sparse
and localized.

In this section, we investigate whether we can construct a new sparse PCA technique, which takes the
positive aspects of all methods discussed above. We do this by including both the spatially varying
regularization strengths and the Laplacian term in the optimization problem. The former will give com
ponents that are both sparse and localized, while the latter term will make sure that these components
are smooth. The computation times of this combined method and its quaternion variant are given in
Table 7.3. As before, the average computation time is taken over two runs. From the table we ob
serve that the combined method has higher computation times than both SPLOCS and SPLOCS_lap.
The same holds for the quaternion variants. This is as expected, since we now have to compute the
spatially varying regularization strengths after each weight iteration as well as solve Equation 5.18 in
each ADMM iteration. The difference in computation times is, however, still reasonable. The largest
observed value in the table, 1652.70s for the quaternion combined method, is only 10 − 15% higher
than the computation times taken from QSPLOCS_lap and QSPLOCS respectively.

Table 7.3: Comparison of computation times when using the combined method (comb. 1) and its quaternion variant (comb.
2). The table shows the number of vertices 𝑛, the number of frames 𝑓 and the computation times using a varying number of
components 𝑑 on a variety of datasets. i7 2.50GHz, 8GB RAM, Matlab implementation.

Mesh 𝑛 𝑓 Times using 𝑑 = 10 comp. Times using 𝑑 = 50 comp. Times using 𝑑 = 100 comp.
comb. 1 comb. 2 comb. 1 comb. 2 comb. 1 comb. 2

“horsegallop” [52] 8431 49 26.57s 30.20s 68.83s 143.07s 147.36s 287.80s
“face” [66] 23725 385 73.92s 177.78s 300.34s 823.81s 590.51s 1652.70s
“Sign D poses” [20] 6890 601 21.06s 61.98s 92.24s 299.14s 177.69s 586.16s
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We evaluate the combined method by visually comparing it to SPLOCS and SPLOCS_lap. There
after, we show a few example components obtained by its quaternion variant. These experiments
are performed on the three datasets mentioned at the start of this chapter. Figures 7.657.73 show
example components of SPLOCS, SPLOCS_lap and the combined method. We do this by selecting
components from the combined technique at random and finding the SPLOCS and SPLOCS_lap com
ponents that describe a similar deformation. Results show that the combined method is indeed able to
generate components that are sparse, localized and smooth. If we look at Figure 7.65, we notice that
the combined method shows a smoother variant of the deformation described by SPLOCS. The sharp
boundary at the neck has disappeared due to the Laplacian term. Furthermore, the method covers a
larger area than the corresponding SPLOCS_lap method, which seems to be too sparse and localized.
Similar examples can be found in Figures 7.67, 7.71 and 7.72. The combined method can also result
in components that are better localized, as can be seen in Figure 7.66. Here, the SPLOCS component
shows additional movement around the chest area of the horse, whereas the combined method only
deforms the leg region. Differences between SPLOCS and the combined method are less noticeable
on the “face” dataset.

Next, we visualize the components of the quaternion combined method. We do this by selecting
the components that show similar deformations to the ones visualized for the real combined method.
This is shown in Figures 7.747.82. It seems that most of the components obtained by the quater
nion combined method are sparse, localized and smooth. Only the component shown in Figure 7.79
seems to be a bit less natural than the components shown in Figure 7.70. The deformation is mostly
located on the left eye, while it would be more natural to have the component deform both eyes equally.

In conclusion, we can say that this combined method shows much potential. In comparison to SPLOCS
the method is able to obtain similar components with added smoothness near the boundaries. This gets
rid of the sharp transitions that were present in SPLOCS. Furthermore, all obtained components only
affect a small part of the mesh. This was often not the case for SPLOCS_lap, which yielded many
components that were either too sparse and localized or not localized at all. Thus, using the current
implementation and solver, this combined method seems to be the preferred choice. This also applies
to the quaternion combined method, which shows similar properties.

Figure 7.65: Visualization of SPLOCS (left), SPLOCS_lap (middle) and the combined sparse PCA technique (right): Example
component on the “horsegallop” motion capture from the animal dataset [52]. Models corresponding to−𝑤𝑖 (top) and𝑤𝑖 (bottom)
along the 𝑖th component are displayed. Color coding shows the magnitude of vertex displacements inside the components.
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Figure 7.66: Visualization of SPLOCS (left), SPLOCS_lap (middle) and the combined sparse PCA technique (right): Example
component on the “horsegallop” motion capture from the animal dataset [52]. Models corresponding to−𝑤𝑖 (top) and𝑤𝑖 (bottom)
along the 𝑖th component are displayed. Color coding shows the magnitude of vertex displacements inside the components.

Figure 7.67: Visualization of SPLOCS (left), SPLOCS_lap (middle) and the combined sparse PCA technique (right): Example
component on the “horsegallop” motion capture from the animal dataset [52]. Models corresponding to−𝑤𝑖 (top) and𝑤𝑖 (bottom)
along the 𝑖th component are displayed. Color coding shows the magnitude of vertex displacements inside the components.

Figure 7.68: Visualization of SPLOCS (left), SPLOCS_lap (middle) and the combined sparse PCA technique (right): Example
component on the “face” motion capture from [66]. Models corresponding to −𝑤𝑖 (top) and 𝑤𝑖 (bottom) along the 𝑖th component
are displayed. Color coding shows the magnitude of vertex displacements inside the components.
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Figure 7.69: Visualization of SPLOCS (left), SPLOCS_lap (middle) and the combined sparse PCA technique (right): Example
component on the “face” motion capture from [66]. Models corresponding to −𝑤𝑖 (top) and 𝑤𝑖 (bottom) along the 𝑖th component
are displayed. Color coding shows the magnitude of vertex displacements inside the components.

Figure 7.70: Visualization of SPLOCS (left), SPLOCS_lap (middle) and the combined sparse PCA technique (right): Example
component on the “face” motion capture from [66]. Models corresponding to −𝑤𝑖 (top) and 𝑤𝑖 (bottom) along the 𝑖th component
are displayed. Color coding shows the magnitude of vertex displacements inside the components.
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Figure 7.71: Visualization of SPLOCS (left), SPLOCS_lap (middle) and the combined sparse PCA technique (right): Example
component on the “Sign D poses” motion capture from the TCD Hands dataset [20]. Models corresponding to −𝑤𝑖 (top) and
𝑤𝑖 (bottom) along the 𝑖th component are displayed. Color coding shows the magnitude of vertex displacements inside the
components.

Figure 7.72: Visualization of SPLOCS (left), SPLOCS_lap (middle) and the combined sparse PCA technique (right): Example
component on the “Sign D poses” motion capture from the TCD Hands dataset [20]. Models corresponding to −𝑤𝑖 (top) and
𝑤𝑖 (bottom) along the 𝑖th component are displayed. Color coding shows the magnitude of vertex displacements inside the
components.
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Figure 7.73: Visualization of SPLOCS (left), SPLOCS_lap (middle) and the combined sparse PCA technique (right): Example
component on the “Sign D poses” motion capture from the TCD Hands dataset [20]. Models corresponding to −𝑤𝑖 (top) and
𝑤𝑖 (bottom) along the 𝑖th component are displayed. Color coding shows the magnitude of vertex displacements inside the
components.

Figure 7.74: Visualization of the quaternion combined sparse PCA technique: Example component on the “horsegallop” motion
capture from the animal dataset [52]. Models corresponding to −𝑤𝑖 (top) and𝑤𝑖 (bottom) along the 𝑖th component are displayed.
Color coding shows the magnitude of vertex displacements inside the components.
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Figure 7.75: Visualization of the quaternion combined sparse PCA technique: Example component on the “horsegallop” motion
capture from the animal dataset [52]. Models corresponding to −𝑤𝑖 (top) and𝑤𝑖 (bottom) along the 𝑖th component are displayed.
Color coding shows the magnitude of vertex displacements inside the components.

Figure 7.76: Visualization of the quaternion combined sparse PCA technique: Example component on the “horsegallop” motion
capture from the animal dataset [52]. Models corresponding to −𝑤𝑖 (top) and𝑤𝑖 (bottom) along the 𝑖th component are displayed.
Color coding shows the magnitude of vertex displacements inside the components.

Figure 7.77: Visualization of the quaternion combined sparse PCA technique: Example component on the “face” motion capture
from [66]. Models corresponding to −𝑤𝑖 (top) and 𝑤𝑖 (bottom) along the 𝑖th component are displayed. Color coding shows the
magnitude of vertex displacements inside the components.
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Figure 7.78: Visualization of the quaternion combined sparse PCA technique: Example component on the “face” motion capture
from [66]. Models corresponding to −𝑤𝑖 (top) and 𝑤𝑖 (bottom) along the 𝑖th component are displayed. Color coding shows the
magnitude of vertex displacements inside the components.

Figure 7.79: Visualization of the quaternion combined sparse PCA technique: Example component on the “face” motion capture
from [66]. Models corresponding to −𝑤𝑖 (top) and 𝑤𝑖 (bottom) along the 𝑖th component are displayed. Color coding shows the
magnitude of vertex displacements inside the components.



88 7. Results quaternion sparse PCA

Figure 7.80: Visualization of the quaternion combined sparse PCA technique: Example component on the “Sign D poses” motion
capture from the TCD Hands dataset [20]. Models corresponding to −𝑤𝑖 (top) and 𝑤𝑖 (bottom) along the 𝑖th component are
displayed. Color coding shows the magnitude of vertex displacements inside the components.

Figure 7.81: Visualization of the quaternion combined sparse PCA technique: Example component on the “Sign D poses” motion
capture from the TCD Hands dataset [20]. Models corresponding to −𝑤𝑖 (top) and 𝑤𝑖 (bottom) along the 𝑖th component are
displayed. Color coding shows the magnitude of vertex displacements inside the components.
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Figure 7.82: Visualization of the quaternion combined sparse PCA technique: Example component on the “Sign D poses” motion
capture from the TCD Hands dataset [20]. Models corresponding to −𝑤𝑖 (top) and 𝑤𝑖 (bottom) along the 𝑖th component are
displayed. Color coding shows the magnitude of vertex displacements inside the components.





8
Discussion & conclusion

The main goal of this work was to investigate whether quaternions could be used in combination with
PCA or sparse PCA in order to solve some of the challenges related to these methods in geometry
processing applications. By deriving a number of theoretical properties and performing various exper
iments, we are now able to answer the questions posed at the start of this work. These questions are
answered in Section 8.1, where we discuss the main findings and limitations of the proposed methods.
Based on this discussion, we then suggest topics for future research in Section 8.2.

8.1. Discussion
Some of the main limitations of PCA and sparse PCA were their variance to rigid motion, resulting
in the need of a rigid alignment preprocessing step, as well as the fact that the correlations between
the 𝑥, 𝑦 and 𝑧 coordinates are not taken into account. Through a number of research questions, we
aimed to investigate whether quaternions could be utilized to solve these issues. Now, we will review
each research question in more detail and discuss the findings, limitations and conclusions that can be
made.

8.1.1. PCA
Can quaternions be used in combination with PCA in order to obtain a lowerdimensional sub
space that is invariant to rigid motion of the samples?
For this research direction we were most interested in the rotational aspect. Since quaternions can only
be rotated by applying both right and left multiplication using a unit quaternion, we found that PCA using
quaternions is not invariant to rigid motion. However, through the use of quaternion linear algebra we
were able to prove that QPCA is invariant to rightmultiplication with a unit quaternion. This means that
all rotations can be described in the space up to an incorrect scaling along the axis of rotation. Through
multiple experiments, we were able to show that this property leads to a huge increase in performance
on data that has not been rigidly aligned in a preprocessing step. Where PCA needs nine components
to describe rotations, QPCA is shown to only need three. On various datasets, QPCA is shown to
improve the reconstruction accuracy achieved by PCA by more than one order of magnitude. Never
theless, the reconstruction accuracy of QPCA on those datasets is still lower than the reconstruction
accuracy achieved by the same method on datasets that are rigidly aligned. Thus, we are not able to
completely omit the rigid registration preprocessing step. However, since rigid registration is often no
easy task and does not always align the samples perfectly, we do believe that the use of QPCA will be
beneficial.

How can the quaternion principal components be computed efficiently?
When applying PCA or QPCA to geometric data, we often see that the number of vertices present in
the data meshes is much larger than the number of samples to work with. This makes the computation
of the principal components very inefficient, as it requires the solution of a very large eigenvalue prob
lem related to the covariance matrix. For PCA we know that this problem was solved by an algorithm
called the method of snapshots, which can compute the same principal components by only solving
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the eigenvalue problem related to the much smaller Gram matrix. In this work, we successfully derived
a quaternion method of snapshots, which vastly improves the computational efficiency of QPCA on
this type of geometric data. Even though this algorithm makes it possible to compute the quaternion
principal components in a fraction of the time it would take without this algorithm, we show that QPCA
is still much slower than PCA on all datasets considered in this work. The reason for this is that quater
nion multiplication is slower than multiplication with real numbers. Furthermore, the quaternion linear
algebra toolbox used by QPCA is just not as efficient as the builtin MATLAB functions used by real
PCA. Since the subspaces are often constructed in an offline phase, we do not perceive this difference
in speed as a large issue.

Can we choose a scalar product such that quaternion PCA becomes robust to mesh irregulari
ties?
It is in fact possible to choose a scalar product that makes QPCA robust against remeshing, coarsening
or refining of the meshes. This can be achieved by adding the mass matrix into optimization problem,
which is a diagonal matrix that for each vertex stores one third of the combined area of all triangles
containing it. The purpose of this matrix is to assign smaller weights to vertices that lie close to each
other and larger weights to vertices covering a large area. In this work, we described how this mass
weighted QPCA problem can be solved. Additionally, we introduced a slightly altered version of the
quaternion method of snapshots, which greatly improves the computational efficiency of this method.
Through quantitative and visual experiments we showed that this massweighted QPCAmethod indeed
leads to improved performances on datasets with irregular triangulation. By assigning different weights
to each vertex, vertices lying close together are no longer prioritized as was the case with normal QPCA.

8.1.2. Sparse PCA
Can quaternions be combined with SPLOCS in order to construct a subspace that is able to
describe a richer space of deformations?
The SPLOCS method aims to find components that are able to approximate the data as good as pos
sible, while also being sparse and localized. By making various small changes to the original SPLOCS
method, we showed how the method can be implemented using quaternions. One of these changes
was the use of a simplified sparsity inducing term, where QSPLOCS makes it possible to replace the
𝓁1/𝓁2 group norm by a 𝓁1 norm. Through a number of experiments we evaluated the performance of the
QSPLOCS method. On all datasets considered, we showed that QSPLOCS is able to achieve a higher
reconstruction accuracy than SPLOCS, while in many cases also being more sparse and localized.
Thus, QSPLOCS is able to improve performances on both aspects of the tradeoff between accuracy
and sparsity. However, this does come at the cost of a larger computation time, since QSPLOCS is
shown to be slower on all datasets considered. The visual experiments provided us with many insights
on the similarities and differences between the components obtained by both methods. In many cases
we found that the deformation described by the real component was also present in the four dimen
sional space of a quaternion component. These quaternion components were then additionally able to
describe three other deformations. Furthermore, we showed that the quaternion components are able
to better describe the articulated rotations present in some datasets. Where the SPLOCS components
are only able to follow a linear path, resulting in unwanted artifacts, the QSPLOCS components are
able to describe some curvilinear paths. However, since many different configurations are possible due
to the quaternion weights, this can also introduce new artifacts. Nevertheless, we can still conclude
that QSPLOCS is indeed able to describe a richer space of deformations.

Can we replace the spatially varying regularization strengths in SPLOCSwith an additional term
based on the Laplacian in order to obtain components that are sparse, localized and smooth?
The Laplacian term uses a cotangent weight matrix in order to penalize neighboring vertices in the
components that have a large difference in value. This termmust be added to the optimization when the
spatially varying regularization strengths are removed in order to obtain components that are not only
sparse, but also localized. The idea was that without this term, the sparsity inducing term would only
enforce sparsity onto the components, without specifying where this sparsity should occur. We showed
that this new optimization problem, which we called SPLOCS_lap, can be solved by using a revised
version of ADMM that introduces an additional dual variable. Results showed that this method has
positive aspects, but also some negative ones. Due to the removal of the spatially varying regularization
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strengths, we often observed that some components go to zero everywhere. As a result, we were
only able to obtain a certain number of nonzero components on many of the datasets considered.
Furthermore, we noticed a huge difference in sparsity and locality between the different components.
Where some components did indeed look sparse, localized and smooth, other components were either
too sparse or not sparse and local at all. One positive aspect of this method, however, is that the
components are indeed more smooth, which can result in the components looking more natural. Some
of the components obtained by the original SPLOCS method had very sharp looking boundary edges.
These rough edges are smoothed out nicely by SPLOCS_lap. Additionally, the Laplacian term fixes
the noise problem that was present in SPLOCS when using a random initialization. Overall, we can say
that even though this method shows potential, the performance in its current form is still inadequate.
Some of these challenges could potentially be improved by using a different solver.

As a final experiment, we wanted to see whether we could combine the SPLOCS and SPLOCS_lap
methods in order to get components that are sparse, localized and smooth using the current ADMM
solver. This new sparse PCA technique uses both the spatially varying regularization strengths and the
added Laplacian term. Results show that this method is indeed able to generate sparse and localized
components, similar to SPLOCS, with added smoothness due to the Laplacian. Thus, this method
shows a lot of potential and for now seems to be the preferred choice.

Can this newly constructed sparse PCA technique also be implemented using quaternions?
Similar to how SPLOCS was implemented using quaternions, we also showed how the SPLOCS_lap
method can be combined with quaternions in order to obtain QSPLOCS_lap. Experiments showed that
this method is again able to achieve both higher reconstruction accuracies and lower sparsity errors
than its real counterpart. This, however, comes at the cost of higher computation times. Furthermore,
similar properties to SPLOCS_lap are visible, where some components are too sparse and localized,
while others are not localized at all. Since each QSPLOCS_lap component describes a larger percent
age of the shape variability, we notice that this method is able to obtain less nonzero components than
SPLOCS_lap. More components could be obtained by lowering the weight of the sparsity inducing
term. This would, however, also give components that are less sparse, thus a tradeoff needs to be
made. Similar to QSPLOCS, we observed that the method is able to better describe the curvilinear
paths present in some datasets. The SPLOCS_lap components, on the other hand, are only able to
follow a linear path.

We additionally constructed a new quaternion sparse PCA technique that uses both the spatially
varying regularization strengths and the Laplacian term. This method is able to construct quaternion
components that are sparse, localized and smooth. Due to the drawbacks of QSPLOCS_lap in its cur
rent form, this combined method seems to be the preferred choice.

8.2. Future work
Through various experiments we have shown that it can be very beneficial to use quaternion PCA and
sparse PCA in a geometry processing application. The methods are able to describe a richer space
of deformations using less components and can solve some of the problems related to real PCA and
sparse PCA. The 𝑥, 𝑦 and 𝑧 coordinates of the vertices are now treated as a unit and the quaternion
components are able to better describe the rotations, both global and local, that are present in the
datasets.

This work focused specifically on quaternion PCA and sparse PCA, showing their benefits on a
variety of different datasets for generality. For future research, we are interested to see how these
methods could be applied in various computer graphics and geometry processing applications. One
example topic that could be of interest is nonrigid registration, where one applies QPCA to a template
model and uses this to fit the template to for instance a stream of depth images or a set of ct scans. Other
topics of interest could be deformationbased modeling or shape interpolation. The former example
provides the user with a set of tools for modifying a geometry object, which can be especially useful
using quaternion sparse PCA. This makes it possible for the user to modify small parts of the mesh
without affecting the whole mesh.

Some applications might require fast computation times for constructing the subspaces. Experi
ments showed that quaternion PCA and sparse PCA are unfortunately not as computationally efficient
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as their real counterparts. This is partly due to the quaternion linear algebra package that is used,
called qtfm [46]. This package is simply not as optimized as the builtin real linear algebra package.
Thus, to make these quaternion methods more effective, one could look for a more efficient quaternion
linear algebra toolbox.

Through the experiments performed in Chapter 7, we showed that the ADMM optimizer is in many
cases not able to reach a good solution. The optimizer does not progress much from its initial values,
making the methods very dependent on their initialization phase. Furthermore, we showed that for
SPLOCS_lap and QSPLOCS_lap this can lead to components that are not localized at all. Thus, for
future work one could look at whether it is possible to implement these methods using another solver,
which uses second order information. During this research project, we made an attempt to solve this
using quadratic programs with inequality constraints, similar to what was done in [48]. This, however,
turned out to be very difficult to solve due to the 𝓁1/𝓁2 group norm used in the methods as well as the
added Laplacian term. Thus, further research is needed in this direction.

Finally, one could investigate whether the mass matrix can also be combined with the sparse PCA
and quaternion sparse PCA methods similar to what we showed for QPCA. This would make the meth
ods more robust against meshes with irregular triangulation. Furthermore, this could potentially simplify
the selection of the tunable parameters.
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In this appendix, we perform some of the experiments from Chapter 6 on the following datasets:

• “face” from [66].

• “Sign D poses” from TCD Hands [20].

• “E5  Hook left poses” from ACCAD [54].

• “jumpingjacks50022” from DFAUST [7].

• “jiggleontoes50004” from DFAUST [7].

A.1. Experiments on rigidly aligned datasets
A.1.1. Quantitative evaluation  Reconstruction accuracy
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(a) 𝐸𝑅𝑀𝑆 error computed on 308 training frames.
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(b) 𝐸𝑅𝑀𝑆 error computed on 77 (unseen) test frames.

Figure A.1: Reconstruction error (𝑦axis) with respect to the number of components used (𝑥axis) on the “face” motion capture
from [66]. 5fold cross validation is used.
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(a) 𝐸𝑅𝑀𝑆 error computed on 308 training frames.
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(b) 𝐸𝑅𝑀𝑆 error computed on 77 (unseen) test frames.

Figure A.2: Reconstruction error (𝑦axis) with respect to the memory needed to store the number of components (𝑥axis) on the
“face” motion capture from [66]. 5fold cross validation is used.
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(a) 𝐸𝑅𝑀𝑆 error computed on 481 training frames.

0 50 100 150 200 250 300 350 400 450 500

Number of components

10
-8

10
-7

10
-6

10
-5

10
-4

10
-3

10
-2

10
-1

R
e

c
o

n
s
tr

u
c
ti
o

n
 e

rr
o

r 
(E

R
M

S
)

PCA

QPCA

(b) 𝐸𝑅𝑀𝑆 error computed on 120 (unseen) test frames.

Figure A.3: Reconstruction error (𝑦axis) with respect to the number of components used (𝑥axis) on the “Sign D poses” motion
capture from TCD Hands [44]. 5fold cross validation is used.
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(a) 𝐸𝑅𝑀𝑆 error computed on 481 training frames.
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(b) 𝐸𝑅𝑀𝑆 error computed on 120 (unseen) test frames.

Figure A.4: Reconstruction error (𝑦axis) with respect to the memory needed to store the number of components (𝑥axis) on the
“Sign D poses” motion capture from TCD Hands [44]. 5fold cross validation is used.
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(a) 𝐸𝑅𝑀𝑆 error computed on 262 training frames.
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(b) 𝐸𝑅𝑀𝑆 error computed on 65 (unseen) test frames.

Figure A.5: Reconstruction error (𝑦axis) with respect to the number of components used (𝑥axis) on the “E5  Hook left poses”
motion capture from ACCAD [54]. 5fold cross validation is used.
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(a) 𝐸𝑅𝑀𝑆 error computed on 262 training frames.
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(b) 𝐸𝑅𝑀𝑆 error computed on 65 (unseen) test frames.

Figure A.6: Reconstruction error (𝑦axis) with respect to the memory needed to store the number of components (𝑥axis) on the
“E5  Hook left poses” motion capture from ACCAD [54]. 5fold cross validation is used.
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(a) 𝐸𝑅𝑀𝑆 error computed on 247 training frames.

0 50 100 150 200 250

Number of components

10
-5

10
-4

10
-3

10
-2

10
-1

R
e

c
o

n
s
tr

u
c
ti
o

n
 e

rr
o

r 
(E

R
M

S
)

PCA

QPCA

(b) 𝐸𝑅𝑀𝑆 error computed on 61 (unseen) test frames.

Figure A.7: Reconstruction error (𝑦axis) with respect to the number of components used (𝑥axis) on the “jumpingjacks50022”
motion capture from DFAUST [7]. 5fold cross validation is used.
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(a) 𝐸𝑅𝑀𝑆 error computed on 247 training frames.
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(b) 𝐸𝑅𝑀𝑆 error computed on 61 (unseen) test frames.

Figure A.8: Reconstruction error (𝑦axis) with respect to the memory needed to store the number of components (𝑥axis) on the
“jumpingjacks50022” motion capture from DFAUST [7]. 5fold cross validation is used.
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(a) 𝐸𝑅𝑀𝑆 error computed on 192 training frames.
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(b) 𝐸𝑅𝑀𝑆 error computed on 47 (unseen) test frames.

Figure A.9: Reconstruction error (𝑦axis) with respect to the number of components used (𝑥axis) on the “jiggleontoes50004”
motion capture from DFAUST [7]. 5fold cross validation is used.
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(a) 𝐸𝑅𝑀𝑆 error computed on 192 training frames.
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(b) 𝐸𝑅𝑀𝑆 error computed on 47 (unseen) test frames.

Figure A.10: Reconstruction error (𝑦axis) with respect to the memory needed to store the number of components (𝑥axis) on
the “jiggleontoes50004” motion capture from DFAUST [7]. 5fold cross validation is used.
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A.1.2. Quantitative evaluation  Variance distribution
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Figure A.11: (Cumulative) percentage of variance explained per component, computed on the “face” motion capture from [66].
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Figure A.12: (Cumulative) percentage of variance explained per component, computed on the “Sign D poses” motion capture
from TCD Hands [44].
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Figure A.13: (Cumulative) percentage of variance explained per component, computed on the “E5  Hook left poses” motion
capture from ACCAD [54].
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Figure A.14: (Cumulative) percentage of variance explained per component, computed on the “jumpingjacks50022” motion
capture from DFAUST [7].
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Figure A.15: (Cumulative) percentage of variance explained per component, computed on the “jiggleontoes50004” motion
capture from DFAUST [7].
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A.1.3. Visual comparison

Figure A.16: Visualization of PCA: 4 modes of deformation on the “horsegallop” motion capture from the animal dataset [52].
Models corresponding to −√𝜆𝑖 (top) and √𝜆𝑖 (bottom) along the 𝑖th principal component are displayed. Color coding shows the
magnitude of vertex displacements inside the components.

Figure A.17: Visualization of QPCA: The 2nd quaternion mode of deformation on the “horsegallop” motion capture from the
animal dataset [52]. Models corresponding to −√𝜆2 (top) and √𝜆2 (bottom) along the four dimensions of the 2nd principal
component are displayed. Color coding shows the magnitude of vertex displacements inside the components.

Figure A.18: Visualization of QPCA: The 5th quaternion mode of deformation on the “horsegallop” motion capture from the
animal dataset [52]. Models corresponding to −√𝜆5 (top) and √𝜆5 (bottom) along the four dimensions of the 5th principal
component are displayed. Color coding shows the magnitude of vertex displacements inside the components.
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Figure A.19: Visualization of PCA: 4 modes of deformation on the “face” motion capture from [66]. Models corresponding to
−√𝜆𝑖 (top) and √𝜆𝑖 (bottom) along the 𝑖th principal component are displayed. Color coding shows the magnitude of vertex
displacements inside the components.

Figure A.20: Visualization of QPCA: The 2nd quaternion mode of deformation on the “face” motion capture from [66]. Models
corresponding to −√𝜆2 (top) and √𝜆2 (bottom) along the four dimensions of the 2nd principal component are displayed. Color
coding shows the magnitude of vertex displacements inside the components.

Figure A.21: Visualization of QPCA: The 5th quaternion mode of deformation on the “face” motion capture from [66]. Models
corresponding to −√𝜆5 (top) and √𝜆5 (bottom) along the four dimensions of the 5th principal component are displayed. Color
coding shows the magnitude of vertex displacements inside the components.
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Figure A.22: Visualization of PCA: 4 modes of deformation on the “E5  Hook left poses” motion capture from ACCAD [54].
Models corresponding to −√𝜆𝑖 (top) and √𝜆𝑖 (bottom) along the 𝑖th principal component are displayed. Color coding shows the
magnitude of vertex displacements inside the components.

Figure A.23: Visualization of QPCA: The 2nd quaternion mode of deformation on the “E5  Hook left poses” motion capture from
ACCAD [54]. Models corresponding to −√𝜆2 (top) and √𝜆2 (bottom) along the four dimensions of the 2nd principal component
are displayed. Color coding shows the magnitude of vertex displacements inside the components.
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Figure A.24: Visualization of QPCA: The 5th quaternion mode of deformation on the “E5  Hook left poses” motion capture from
ACCAD [54]. Models corresponding to −√𝜆5 (top) and √𝜆5 (bottom) along the four dimensions of the 5th principal component
are displayed. Color coding shows the magnitude of vertex displacements inside the components.

Figure A.25: Visualization of PCA: 4 modes of deformation on the “jumpingjacks50022” motion capture from DFAUST [7].
Models corresponding to −√𝜆𝑖 (top) and √𝜆𝑖 (bottom) along the 𝑖th principal component are displayed. Color coding shows the
magnitude of vertex displacements inside the components.
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Figure A.26: Visualization of QPCA: The 2nd quaternion mode of deformation on the “jumpingjacks50022” motion capture from
DFAUST [7]. Models corresponding to −√𝜆2 (top) and √𝜆2 (bottom) along the four dimensions of the 2nd principal component
are displayed. Color coding shows the magnitude of vertex displacements inside the components.

Figure A.27: Visualization of QPCA: The 5th quaternion mode of deformation on the “jumpingjacks50022” motion capture from
DFAUST [7]. Models corresponding to −√𝜆5 (top) and √𝜆5 (bottom) along the four dimensions of the 5th principal component
are displayed. Color coding shows the magnitude of vertex displacements inside the components.
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Figure A.28: Visualization of PCA: 4 modes of deformation on the “jiggleontoes50004” motion capture from DFAUST [7].
Models corresponding to −√𝜆𝑖 (top) and √𝜆𝑖 (bottom) along the 𝑖th principal component are displayed. Color coding shows the
magnitude of vertex displacements inside the components.

Figure A.29: Visualization of QPCA: The 2nd quaternion mode of deformation on the “jiggleontoes50004” motion capture from
DFAUST [7]. Models corresponding to −√𝜆2 (top) and √𝜆2 (bottom) along the four dimensions of the 2nd principal component
are displayed. Color coding shows the magnitude of vertex displacements inside the components.
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Figure A.30: Visualization of QPCA: The 5th quaternion mode of deformation on the “jiggleontoes50004” motion capture from
DFAUST [7]. Models corresponding to −√𝜆5 (top) and √𝜆5 (bottom) along the four dimensions of the 5th principal component
are displayed. Color coding shows the magnitude of vertex displacements inside the components.

A.2. Experiments on nonrigidly aligned datasets

A.2.1. Quantitative evaluation  Reconstruction accuracy
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(a) 𝐸𝑅𝑀𝑆 error computed on 308 training frames.
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(b) 𝐸𝑅𝑀𝑆 error computed on 77 (unseen) test frames.

Figure A.31: Reconstruction error (𝑦axis) with respect to the number of components used (𝑥axis) on the “face” motion capture
from [66], where a random rigid motion is applied to each frame. 5fold cross validation is used.
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(a) 𝐸𝑅𝑀𝑆 error computed on 308 training frames.

0 0.5 1 1.5 2 2.5

Memory (bytes) 10
8

10
-6

10
-5

10
-4

10
-3

10
-2

10
-1

10
0

R
e

c
o

n
s
tr

u
c
ti
o

n
 e

rr
o

r 
(E

R
M

S
)

PCA

QPCA

(b) 𝐸𝑅𝑀𝑆 error computed on 77 (unseen) test frames.

Figure A.32: Reconstruction error (𝑦axis) with respect to the memory needed to store the number of components (𝑥axis) on
the “face” motion capture from [66], where a random rigid motion is applied to each frame. 5fold cross validation is used.
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(a) 𝐸𝑅𝑀𝑆 error computed on 481 training frames.
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(b) 𝐸𝑅𝑀𝑆 error computed on 120 (unseen) test frames.

Figure A.33: Reconstruction error (𝑦axis) with respect to the number of components used (𝑥axis) on the “Sign D poses” motion
capture from TCD Hands [44], where a random rigid motion is applied to each frame. 5fold cross validation is used.

0 2 4 6 8 10 12

Memory (bytes) 10
7

10
-8

10
-6

10
-4

10
-2

10
0

R
e

c
o

n
s
tr

u
c
ti
o

n
 e

rr
o

r 
(E

R
M

S
)

PCA

QPCA

(a) 𝐸𝑅𝑀𝑆 error computed on 481 training frames.
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(b) 𝐸𝑅𝑀𝑆 error computed on 120 (unseen) test frames.

Figure A.34: Reconstruction error (𝑦axis) with respect to the memory needed to store the number of components (𝑥axis) on
the “Sign D poses” motion capture from TCD Hands [44], where a random rigid motion is applied to each frame. 5fold cross
validation is used.
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(a) 𝐸𝑅𝑀𝑆 error computed on 262 training frames.
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(b) 𝐸𝑅𝑀𝑆 error computed on 65 (unseen) test frames.

Figure A.35: Reconstruction error (𝑦axis) with respect to the number of components used (𝑥axis) on the “E5  Hook left poses”
motion capture from ACCAD [54], where a random rigid motion is applied to each frame. 5fold cross validation is used.
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(a) 𝐸𝑅𝑀𝑆 error computed on 262 training frames.
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(b) 𝐸𝑅𝑀𝑆 error computed on 65 (unseen) test frames.

Figure A.36: Reconstruction error (𝑦axis) with respect to the memory needed to store the number of components (𝑥axis) on
the “E5  Hook left poses” motion capture from ACCAD [54], where a random rigid motion is applied to each frame. 5fold cross
validation is used.
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(a) 𝐸𝑅𝑀𝑆 error computed on 247 training frames.
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(b) 𝐸𝑅𝑀𝑆 error computed on 61 (unseen) test frames.

Figure A.37: Reconstruction error (𝑦axis) with respect to the number of components used (𝑥axis) on the “jumpingjacks50022”
motion capture from DFAUST [7], where a random rigid motion is applied to each frame. 5fold cross validation is used.
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(a) 𝐸𝑅𝑀𝑆 error computed on 247 training frames.
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(b) 𝐸𝑅𝑀𝑆 error computed on 61 (unseen) test frames.

Figure A.38: Reconstruction error (𝑦axis) with respect to the memory needed to store the number of components (𝑥axis) on
the “jumpingjacks50022” motion capture from DFAUST [7], where a random rigid motion is applied to each frame. 5fold cross
validation is used.
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(a) 𝐸𝑅𝑀𝑆 error computed on 192 training frames.
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(b) 𝐸𝑅𝑀𝑆 error computed on 47 (unseen) test frames.

Figure A.39: Reconstruction error (𝑦axis) with respect to the number of components used (𝑥axis) on the “jiggleontoes50004”
motion capture from DFAUST [7], where a random rigid motion is applied to each frame. 5fold cross validation is used.
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(a) 𝐸𝑅𝑀𝑆 error computed on 192 training frames.
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(b) 𝐸𝑅𝑀𝑆 error computed on 47 (unseen) test frames.

Figure A.40: Reconstruction error (𝑦axis) with respect to the memory needed to store the number of components (𝑥axis) on
the “jiggleontoes50004” motion capture from DFAUST [7], where a random rigid motion is applied to each frame. 5fold cross
validation is used.
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A.2.2. Quantitative evaluation  Variance distribution
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Figure A.41: (Cumulative) percentage of variance explained per component, computed on the “face” motion capture from [66].
A random rigid motion is applied to each sample of the dataset.
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Figure A.42: (Cumulative) percentage of variance explained per component, computed on the “Sign D poses” motion capture
from TCD Hands [44]. A random rigid motion is applied to each sample of the dataset.
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Figure A.43: (Cumulative) percentage of variance explained per component, computed on the “E5  Hook left poses” motion
capture from ACCAD [54]. A random rigid motion is applied to each sample of the dataset.
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Figure A.44: (Cumulative) percentage of variance explained per component, computed on the “jumpingjacks50022” motion
capture from DFAUST [7]. A random rigid motion is applied to each sample of the dataset.
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Figure A.45: (Cumulative) percentage of variance explained per component, computed on the “jiggleontoes50004” motion
capture from DFAUST [7]. A random rigid motion is applied to each sample of the dataset.

A.2.3. Visual comparison

Figure A.46: Visualization of PCA: Projection of one sample of the “horsegallop” motion capture from the animal dataset [52]
onto the subspaces consisting of 1 (left) to 9 (right) principal components stacked on top of each other.

Figure A.47: Visualization of QPCA: Projection of one sample of the “horsegallop” motion capture from the animal dataset [52]
onto the subspaces consisting of 1 (left) to 9 (right) principal components stacked on top of each other.
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Figure A.48: Visualization of PCA: Projection of one sample of the “face” motion capture from [66] onto the subspaces consisting
of 1 (left) to 9 (right) principal components stacked on top of each other.

Figure A.49: Visualization of QPCA: Projection of one sample of the “face” motion capture from [66] onto the subspaces consisting
of 1 (left) to 9 (right) principal components stacked on top of each other.

Figure A.50: Visualization of PCA: Projection of one sample of the “E5  Hook left poses” motion capture from ACCAD [54] onto
the subspaces consisting of 1 (left) to 9 (right) principal components stacked on top of each other.

Figure A.51: Visualization of QPCA: Projection of one sample of the “E5  Hook left poses” motion capture from ACCAD [54]
onto the subspaces consisting of 1 (left) to 9 (right) principal components stacked on top of each other.
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Figure A.52: Visualization of PCA: Projection of one sample of the “jumpingjacks50022” motion capture from DFAUST [7] onto
the subspaces consisting of 1 (left) to 9 (right) principal components stacked on top of each other.

Figure A.53: Visualization of QPCA: Projection of one sample of the “jumpingjacks50022” motion capture from DFAUST [7]
onto the subspaces consisting of 1 (left) to 9 (right) principal components stacked on top of each other.

Figure A.54: Visualization of PCA: Projection of one sample of the “jiggleontoes50004” motion capture from DFAUST [7] onto
the subspaces consisting of 1 (left) to 9 (right) principal components stacked on top of each other.
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Figure A.55: Visualization of QPCA: Projection of one sample of the “jiggleontoes50004” motion capture from DFAUST [7]
onto the subspaces consisting of 1 (left) to 9 (right) principal components stacked on top of each other.





B
Additional results sparse PCA

In this appendix, we perform some of the experiments from Chapter 7 on the following datasets:

• “C5  Walk to run” from ACCAD [54].

• “E5  Hook left poses” from ACCAD [54].

• “jumpingjacks50022” from DFAUST [7].

• “jiggleontoes50004” from DFAUST [7].

B.1. SPLOCS and QSPLOCS
B.1.1. Quantitative evaluation  Reconstruction accuracy and sparsity error
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(a) 𝐸𝑅𝑀𝑆 and 𝐸𝑠𝑝𝑎𝑟𝑠𝑖𝑡𝑦 errors computed on 520 training frames.
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(b) 𝐸𝑅𝑀𝑆 and 𝐸𝑠𝑝𝑎𝑟𝑠𝑖𝑡𝑦 errors computed on 130 (unseen) test frames.

Figure B.1: Reconstruction error and sparsity error (𝑦axis) with respect to the number of components used (𝑥axis) on the “C5
 Walk to run” motion capture from ACCAD [54].
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(a) 𝐸𝑅𝑀𝑆 and 𝐸𝑠𝑝𝑎𝑟𝑠𝑖𝑡𝑦 computed on 520 training frames.
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(b) 𝐸𝑅𝑀𝑆 and 𝐸𝑠𝑝𝑎𝑟𝑠𝑖𝑡𝑦 computed on 130 (unseen) test frames.

Figure B.2: Reconstruction error and sparsity error (𝑦axis) with respect to the memory needed to store the number of compo
nents (𝑥axis) on the “C5  Walk to run” motion capture from the ACCAD [54].
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(a) 𝐸𝑅𝑀𝑆 and 𝐸𝑠𝑝𝑎𝑟𝑠𝑖𝑡𝑦 computed on 262 training frames.
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(b) 𝐸𝑅𝑀𝑆 and 𝐸𝑠𝑝𝑎𝑟𝑠𝑖𝑡𝑦 computed on 65 (unseen) test frames.

Figure B.3: Reconstruction error and sparsity error (𝑦axis) with respect to the number of components used (𝑥axis) on the “E5
 Hook left poses” motion capture from ACCAD [54].
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(a) 𝐸𝑅𝑀𝑆 and 𝐸𝑠𝑝𝑎𝑟𝑠𝑖𝑡𝑦 computed on 262 training frames.
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(b) 𝐸𝑅𝑀𝑆 and 𝐸𝑠𝑝𝑎𝑟𝑠𝑖𝑡𝑦 computed on 65 (unseen) test frames.

Figure B.4: Reconstruction error and sparsity error (𝑦axis) with respect to the memory needed to store the number of compo
nents (𝑥axis) on the “E5  Hook left poses” motion capture from the ACCAD [54].
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(a) 𝐸𝑅𝑀𝑆 and 𝐸𝑠𝑝𝑎𝑟𝑠𝑖𝑡𝑦 computed on 247 training frames.
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(b) 𝐸𝑅𝑀𝑆 and 𝐸𝑠𝑝𝑎𝑟𝑠𝑖𝑡𝑦 computed on 61 (unseen) test frames.

Figure B.5: Reconstruction error and sparsity error (𝑦axis) with respect to the number of components used (𝑥axis) on the
“jumpingjacks50022” motion capture from DFAUST [7].

0 0.5 1 1.5 2 2.5 3 3.5 4 4.5 5

Memory (bytes) 10
10

10
-4

10
-3

10
-2

10
-1

10
0

R
e
c
o
n
s
tr

u
c
ti
o
n
 e

rr
o
r 

&
 s

p
a
rs

it
y
 e

rr
o
r

E
RMS

 SPLOCS

E
RMS

 QSPLOCS

E
sparsity

 SPLOCS

E
sparsity

 QSPLOCS

(a) 𝐸𝑅𝑀𝑆 and 𝐸𝑠𝑝𝑎𝑟𝑠𝑖𝑡𝑦 computed on 247 training frames.

0 0.5 1 1.5 2 2.5 3 3.5 4 4.5 5

Memory (bytes) 10
10

10
-4

10
-3

10
-2

10
-1

10
0

R
e
c
o
n
s
tr

u
c
ti
o
n
 e

rr
o
r 

&
 s

p
a
rs

it
y
 e

rr
o
r

E
RMS

 SPLOCS

E
RMS

 QSPLOCS

E
sparsity

 SPLOCS

E
sparsity

 QSPLOCS

(b) 𝐸𝑅𝑀𝑆 and 𝐸𝑠𝑝𝑎𝑟𝑠𝑖𝑡𝑦 computed on 61 (unseen) test frames.

Figure B.6: Reconstruction error and sparsity error (𝑦axis) with respect to the memory needed to store the number of compo
nents (𝑥axis) on the “jumpingjacks50022” motion capture from the DFAUST [7].
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(a) 𝐸𝑅𝑀𝑆 and 𝐸𝑠𝑝𝑎𝑟𝑠𝑖𝑡𝑦 computed on 192 training frames.
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(b) 𝐸𝑅𝑀𝑆 and 𝐸𝑠𝑝𝑎𝑟𝑠𝑖𝑡𝑦 computed on 47 (unseen) test frames.

Figure B.7: Reconstruction error and sparsity error (𝑦axis) with respect to the number of components used (𝑥axis) on the
“jiggleontoes50004” motion capture from DFAUST [7].
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(a) 𝐸𝑅𝑀𝑆 and 𝐸𝑠𝑝𝑎𝑟𝑠𝑖𝑡𝑦 computed on 192 training frames.
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(b) 𝐸𝑅𝑀𝑆 and 𝐸𝑠𝑝𝑎𝑟𝑠𝑖𝑡𝑦 computed on 47 (unseen) test frames.

Figure B.8: Reconstruction error and sparsity error (𝑦axis) with respect to the memory needed to store the number of compo
nents (𝑥axis) on the “jiggleontoes50004” motion capture from the DFAUST [7].

B.1.2. Visual comparison

Figure B.9: Visualization of SPLOCS: 4 sparse components on the “C5  Walk to run” motion capture from ACCAD [54]. Models
corresponding to −𝑤𝑖 (top) and𝑤𝑖 (bottom) along the 𝑖th component are displayed. Color coding shows the magnitude of vertex
displacements inside the components.
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Figure B.10: Visualization of QSPLOCS: The 2nd quaternion sparse component on the “C5  Walk to run” motion capture from
ACCAD [54]. Models corresponding to−𝑤2 (top) and𝑤2 (bottom) along the four dimensions of the 2nd component are displayed.
Color coding shows the magnitude of vertex displacements inside the components.

Figure B.11: Visualization of QSPLOCS: The 3rd quaternion sparse component on the “C5  Walk to run” motion capture from
ACCAD [54]. Models corresponding to−𝑤3 (top) and𝑤3 (bottom) along the four dimensions of the 3rd component are displayed.
Color coding shows the magnitude of vertex displacements inside the components.
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Figure B.12: Visualization of SPLOCS: 4 sparse components on the “E5  Hook left poses” motion capture from ACCAD [54].
Models corresponding to −𝑤𝑖 (top) and 𝑤𝑖 (bottom) along the 𝑖th component are displayed. Color coding shows the magnitude
of vertex displacements inside the components.

Figure B.13: Visualization of QSPLOCS: The 2nd quaternion sparse component on the “E5  Hook left poses” motion capture
from ACCAD [54]. Models corresponding to −𝑤2 (top) and 𝑤2 (bottom) along the four dimensions of the 2nd component are
displayed. Color coding shows the magnitude of vertex displacements inside the components.
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Figure B.14: Visualization of QSPLOCS: The 5th quaternion sparse component on the “E5  Hook left poses” motion capture
from ACCAD [54]. Models corresponding to −𝑤5 (top) and 𝑤5 (bottom) along the four dimensions of the 5th component are
displayed. Color coding shows the magnitude of vertex displacements inside the components.

Figure B.15: Visualization of SPLOCS: 4 sparse components on the “jumpingjacks50022” motion capture from DFAUST [7].
Models corresponding to −𝑤𝑖 (top) and 𝑤𝑖 (bottom) along the 𝑖th component are displayed. Color coding shows the magnitude
of vertex displacements inside the components.
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Figure B.16: Visualization of QSPLOCS: The 2nd quaternion sparse component on the “jumpingjacks50022” motion capture
from DFAUST [7]. Models corresponding to −𝑤2 (top) and 𝑤2 (bottom) along the four dimensions of the 2nd component are
displayed. Color coding shows the magnitude of vertex displacements inside the components.

Figure B.17: Visualization of QSPLOCS: The 3rd quaternion sparse component on the “jumpingjacks50022” motion capture
from DFAUST [7]. Models corresponding to −𝑤3 (top) and 𝑤3 (bottom) along the four dimensions of the 3rd component are
displayed. Color coding shows the magnitude of vertex displacements inside the components.
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Figure B.18: Visualization of SPLOCS: 4 sparse components on the “jiggleontoes50004” motion capture from DFAUST [7].
Models corresponding to −𝑤𝑖 (top) and 𝑤𝑖 (bottom) along the 𝑖th component are displayed. Color coding shows the magnitude
of vertex displacements inside the components.

Figure B.19: Visualization of QSPLOCS: The 2nd quaternion sparse component on the “jiggleontoes50004” motion capture
from DFAUST [7]. Models corresponding to −𝑤2 (top) and 𝑤2 (bottom) along the four dimensions of the 2nd component are
displayed. Color coding shows the magnitude of vertex displacements inside the components.
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Figure B.20: Visualization of QSPLOCS: The 5th quaternion sparse component on the “jiggleontoes50004” motion capture
from DFAUST [7]. Models corresponding to −𝑤5 (top) and 𝑤5 (bottom) along the four dimensions of the 5th component are
displayed. Color coding shows the magnitude of vertex displacements inside the components.

B.2. SPLOCS_lap and QSPLOCS_lap
B.2.1. Quantitative evaluation  Reconstruction accuracy and sparsity error
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(a) 𝐸𝑅𝑀𝑆 and 𝐸𝑠𝑝𝑎𝑟𝑠𝑖𝑡𝑦 errors computed on 520 training frames.
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(b) 𝐸𝑅𝑀𝑆 and 𝐸𝑠𝑝𝑎𝑟𝑠𝑖𝑡𝑦 errors computed on 130 (unseen) test frames.

Figure B.21: Reconstruction error and sparsity error (𝑦axis) with respect to the number of components used (𝑥axis) on the “C5
 Walk to run” motion capture from ACCAD [54].
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(a) 𝐸𝑅𝑀𝑆 and 𝐸𝑠𝑝𝑎𝑟𝑠𝑖𝑡𝑦 computed on 520 training frames.
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(b) 𝐸𝑅𝑀𝑆 and 𝐸𝑠𝑝𝑎𝑟𝑠𝑖𝑡𝑦 computed on 130 (unseen) test frames.

Figure B.22: Reconstruction error and sparsity error (𝑦axis) with respect to the memory needed to store the number of compo
nents (𝑥axis) on the “C5  Walk to run” motion capture from the ACCAD [54].
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(a) 𝐸𝑅𝑀𝑆 and 𝐸𝑠𝑝𝑎𝑟𝑠𝑖𝑡𝑦 computed on 262 training frames.
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(b) 𝐸𝑅𝑀𝑆 and 𝐸𝑠𝑝𝑎𝑟𝑠𝑖𝑡𝑦 computed on 65 (unseen) test frames.

Figure B.23: Reconstruction error and sparsity error (𝑦axis) with respect to the number of components used (𝑥axis) on the “E5
 Hook left poses” motion capture from ACCAD [54].
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(a) 𝐸𝑅𝑀𝑆 and 𝐸𝑠𝑝𝑎𝑟𝑠𝑖𝑡𝑦 computed on 262 training frames.
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(b) 𝐸𝑅𝑀𝑆 and 𝐸𝑠𝑝𝑎𝑟𝑠𝑖𝑡𝑦 computed on 65 (unseen) test frames.

Figure B.24: Reconstruction error and sparsity error (𝑦axis) with respect to the memory needed to store the number of compo
nents (𝑥axis) on the “E5  Hook left poses” motion capture from the ACCAD [54].
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(a) 𝐸𝑅𝑀𝑆 and 𝐸𝑠𝑝𝑎𝑟𝑠𝑖𝑡𝑦 computed on 247 training frames.
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(b) 𝐸𝑅𝑀𝑆 and 𝐸𝑠𝑝𝑎𝑟𝑠𝑖𝑡𝑦 computed on 61 (unseen) test frames.

Figure B.25: Reconstruction error and sparsity error (𝑦axis) with respect to the number of components used (𝑥axis) on the
“jumpingjacks50022” motion capture from DFAUST [7].
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(a) 𝐸𝑅𝑀𝑆 and 𝐸𝑠𝑝𝑎𝑟𝑠𝑖𝑡𝑦 computed on 247 training frames.
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(b) 𝐸𝑅𝑀𝑆 and 𝐸𝑠𝑝𝑎𝑟𝑠𝑖𝑡𝑦 computed on 61 (unseen) test frames.

Figure B.26: Reconstruction error and sparsity error (𝑦axis) with respect to the memory needed to store the number of compo
nents (𝑥axis) on the “jumpingjacks50022” motion capture from the DFAUST [7].
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(a) 𝐸𝑅𝑀𝑆 and 𝐸𝑠𝑝𝑎𝑟𝑠𝑖𝑡𝑦 computed on 192 training frames.
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(b) 𝐸𝑅𝑀𝑆 and 𝐸𝑠𝑝𝑎𝑟𝑠𝑖𝑡𝑦 computed on 47 (unseen) test frames.

Figure B.27: Reconstruction error and sparsity error (𝑦axis) with respect to the number of components used (𝑥axis) on the
“jiggleontoes50004” motion capture from DFAUST [7].
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(a) 𝐸𝑅𝑀𝑆 and 𝐸𝑠𝑝𝑎𝑟𝑠𝑖𝑡𝑦 computed on 192 training frames.
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(b) 𝐸𝑅𝑀𝑆 and 𝐸𝑠𝑝𝑎𝑟𝑠𝑖𝑡𝑦 computed on 47 (unseen) test frames.

Figure B.28: Reconstruction error and sparsity error (𝑦axis) with respect to the memory needed to store the number of compo
nents (𝑥axis) on the “jiggleontoes50004” motion capture from the DFAUST [7].

B.2.2. Visual comparison

Figure B.29: Visualization of SPLOCS: 4 sparse components on the “C5  Walk to run” motion capture from ACCAD [54]. Models
corresponding to −𝑤𝑖 (top) and𝑤𝑖 (bottom) along the 𝑖th component are displayed. Color coding shows the magnitude of vertex
displacements inside the components.
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Figure B.30: Visualization of QSPLOCS: The 2nd quaternion sparse component on the “C5  Walk to run” motion capture from
ACCAD [54]. Models corresponding to−𝑤2 (top) and𝑤2 (bottom) along the four dimensions of the 2nd component are displayed.
Color coding shows the magnitude of vertex displacements inside the components.

Figure B.31: Visualization of QSPLOCS: The 3rd quaternion sparse component on the “C5  Walk to run” motion capture from
ACCAD [54]. Models corresponding to−𝑤3 (top) and𝑤3 (bottom) along the four dimensions of the 3rd component are displayed.
Color coding shows the magnitude of vertex displacements inside the components.
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Figure B.32: Visualization of SPLOCS: 4 sparse components on the “E5  Hook left poses” motion capture from ACCAD [54].
Models corresponding to −𝑤𝑖 (top) and 𝑤𝑖 (bottom) along the 𝑖th component are displayed. Color coding shows the magnitude
of vertex displacements inside the components.

Figure B.33: Visualization of QSPLOCS: The 2nd quaternion sparse component on the “E5  Hook left poses” motion capture
from ACCAD [54]. Models corresponding to −𝑤2 (top) and 𝑤2 (bottom) along the four dimensions of the 2nd component are
displayed. Color coding shows the magnitude of vertex displacements inside the components.
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Figure B.34: Visualization of QSPLOCS: The 5th quaternion sparse component on the “E5  Hook left poses” motion capture
from ACCAD [54]. Models corresponding to −𝑤5 (top) and 𝑤5 (bottom) along the four dimensions of the 5th component are
displayed. Color coding shows the magnitude of vertex displacements inside the components.

Figure B.35: Visualization of SPLOCS: 4 sparse components on the “jumpingjacks50022” motion capture from DFAUST [7].
Models corresponding to −𝑤𝑖 (top) and 𝑤𝑖 (bottom) along the 𝑖th component are displayed. Color coding shows the magnitude
of vertex displacements inside the components.
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Figure B.36: Visualization of QSPLOCS: The 2nd quaternion sparse component on the “jumpingjacks50022” motion capture
from DFAUST [7]. Models corresponding to −𝑤2 (top) and 𝑤2 (bottom) along the four dimensions of the 2nd component are
displayed. Color coding shows the magnitude of vertex displacements inside the components.

Figure B.37: Visualization of QSPLOCS: The 3rd quaternion sparse component on the “jumpingjacks50022” motion capture
from DFAUST [7]. Models corresponding to −𝑤3 (top) and 𝑤3 (bottom) along the four dimensions of the 3rd component are
displayed. Color coding shows the magnitude of vertex displacements inside the components.
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Figure B.38: Visualization of SPLOCS: 4 sparse components on the “jiggleontoes50004” motion capture from DFAUST [7].
Models corresponding to −𝑤𝑖 (top) and 𝑤𝑖 (bottom) along the 𝑖th component are displayed. Color coding shows the magnitude
of vertex displacements inside the components.

Figure B.39: Visualization of QSPLOCS: The 2nd quaternion sparse component on the “jiggleontoes50004” motion capture
from DFAUST [7]. Models corresponding to −𝑤2 (top) and 𝑤2 (bottom) along the four dimensions of the 2nd component are
displayed. Color coding shows the magnitude of vertex displacements inside the components.
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Figure B.40: Visualization of QSPLOCS: The 5th quaternion sparse component on the “jiggleontoes50004” motion capture
from DFAUST [7]. Models corresponding to −𝑤5 (top) and 𝑤5 (bottom) along the four dimensions of the 5th component are
displayed. Color coding shows the magnitude of vertex displacements inside the components.
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