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ABSTRACT

Recently, the new generation of different 3D scanner devices (e.g., conoscopic holography, structured
light, photometric systems, etc.) has attracted a lot of attention due to their ability to provide more re-
liable results. The easiness of capturing real 3D objects has created revolutionary trends in many areas
(e.g., gaming, prominence of heritage, military, medicine, etc.) and has significantly increased the interest
for static and dynamic 3D models. However, despite the technological evolution of the 3D acquisition de-
vices, there are still limitations, deteriorating the quality of the generated results (e.g., noise, outliers, and
other abnormalities). These issues need to be addressed before the 3D models are used by other applica-
tions (such as segmentation, object recognition, tracking, etc.). In this paper, we introduce a novel method
which exploits similarities at the spectral frequencies of individual meshes in soft or rigid body 3D ani-
mations. The noise is mainly distributed over high frequencies, while the spectrum of the graph Fourier
transform of sequential meshes in a 3D animation, exhibits a low-rank which can be effectively exploited
using robust principal component analysis (RPCA). Extensive evaluation studies, carried out using a vari-
ety of different arbitrarily complex 3D animations and noise patterns, verify that the proposed technique

achieves plausible denoising results despite the constraints posed by arbitrarily motion scenarios.

© 2019 Elsevier Ltd. All rights reserved.

1. Introduction

Despite the rapid advancements in applications of 3D mesh
and point cloud processing, little attention has been given in the
area of dynamic 3D mesh denoising. The main reason is that each
frame of a dynamic sequence can be considered as an individual
mesh which can be handled separately. Although such an approach
would result in an efficient exploitation of the spatial properties
[1], it completely neglects temporal coherences, ignoring a crucial
factor to achieve higher reconstruction quality.

Motivated by this trend, we developed a simple and robust
method for denoising noisy 3D mesh sequences. More specifically,
the proposed approach is capable of exploiting both small and
large scale geometric features at significantly lower computational
complexity as compared to denoising approaches that are applied
to each frame independently. The main contributions of this work
are:

o The fast execution time, achieved also when processing in
dense meshes. This remarkable low-computational complex-
ity is attributed to the use of fast ortho-normalization ap-
proaches for tracking the graph Fourier subspaces.
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e The preservation of geometric features, by exploiting
the low-rank spectral properties of the graph Fourier
coefficients.

o All the used parameters are pre-defined, based on our ex-
perimental analysis, so the users do not need to search for
ideal values of parameters per model.

o Despite the theoretical simplicity of the proposed ap-
proach, extensive simulation studies show that it can ac-
curate denoise dynamic 3D meshes which share the same
connectivity.

Possible applications of the proposed approach include: (i) de-
noising to improve compression efficiency of state-of-the-art dy-
namic mesh compression approaches [2], (ii) denoising after the
shape completion of motion captured animation [3-5] and (iii)
removal of skinning artifacts on 3D frames captured using joint
skeleton tracking [6].

The rest of this paper is organized as follows: Section 2 presents
related work and prior art in detail. Section 3 presents an overview
of our approach, describing in details the workflow of the proposed
method. Section 4 presents the experimental results showing the
effectiveness of our methods in comparison with other state-of-
the-art methods and finally, Section 5 draws the conclusions and
we discuss limitations and future directions.
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2. Previous works

3D mesh denoising (static or dynamic) is a vital pre-processing
step which usually takes place before other more complicated pro-
cesses (e.g., transmission, segmentation, deforming, compression,
etc.) occur. These processes require fully denoised 3D models in
order to provide accurate and high-quality reconstruction results.
Without a doubt, a lot of works have been presented in the area
of 3D mesh denoising. However, despite the significant good re-
sults that some of them provide (Zhang et al. [7], Sun et al. [8], Lu
et al. [9], Arvanitis et al. [10]) many artifacts are still perceivable,
indicating the need for using more sophisticated approaches.

A strict constraint of many works that are not always valid, is
the assumption that the noise, affecting the surface of the 3D ob-
ject, has a Gaussian distribution. This assumption in many cases
is not satisfied since in several real-life applications the type and
the form of noise have different characteristics (e.g., staircase ef-
fect, outliers, devices noise, etc.). Another severe limitation is the
fact that many state-of-the-art methods utilize different parame-
ters for each model (He and Schaefer [11], Yadav et al. [12], Wei
et al. [13]) and only some parameter-free approaches Wang et al.
[14] have been proposed, which also have limitations mainly be-
cause they rely on a large dataset for the training process. At the
following, we summarize the most important categories that can
be found in the denoising literature:

Bilateral filtering and geometrical features-preserving approaches.
The majority of the state-of-the-art approaches are trying to de-
noise a mesh taking advantage of spatial similarities of the noisy
object’s surface. The most popular technique is the bilateral filter-
ing (Fleishman et al. [15], Zheng et al. [16], Jones et al. [17]). Wang
et al. [18] proposed an approach for mesh denoising by using a
combination of bilateral filtering, feature recognition, anisotropic
neighborhood searching, surface fitting and projection techniques.
Despite the good results that this method achieves, it also requires
the execution of many processes, making the method complex. Lu
et al. [9] presented an approach for robust feature-preserving mesh
denoising. The method first estimates an initial mesh, then per-
forms feature detection, identification and grouping, and finally, it-
eratively updates vertex positions based on the constructed feature
edges. Centin and Signoroni [19] introduced a feature-preserving
denoising technique. They proposed a two stage filtering where
the normal filtering is guided by a scale-invariant saliency mea-
sure while the vertex filtering is subject to metric accuracy bounds
related to the original surface. The main common limitation of the
aforementioned approaches is the utilization of different parame-
ters for different models.

Sparse optimization approaches. Another important and very
popular category for mesh denoising is the sparse optimization
methods. Zeng et al. [20] proposed a graph Laplacian regulariza-
tion based 3D point cloud denoising algorithm. To utilize the self-
similarity among surface patches, they adopted the low dimen-
sional manifold prior, and collaboratively denoise the patches by
minimizing the manifold dimension. Dinesh et al. [21] proposed to
apply graph total variation to the surface normals of neighboring
3D points as regularization. This leads naturally to a [, — [;-norm
objective function, which can be optimized elegantly using ADMM
and nested gradient descent. Despite their accurate reconstruction,
their increase computational complexity renders them improper
for real-time applications.

Tensor voting approaches. Wei et al. [22] proposed an approach
which exploits the synergy when facet normals and quadric sur-
faces are integrated to recover a piecewise smooth surface, while
the existing mesh denoising techniques focus only on either the
first-order features or high-order differential properties. However,
they adopt a cascaded operation, which is time-consuming for
large models.

Spectral processing approaches. Signal processing approaches
have played an important role in many applications related to
3D surfaces as demonstrated by Taubin [23], Rustamov and Raif
[24] and Zhang et al. [25]. Regarding denoising, Mattei and Cas-
trodad [26] proposed a technique for the restoration of noisy
point clouds using a Moving RPCA technique that is based on
low-rank and sparse modeling tools. However, this method is
time-consuming and the estimated normals are not oriented con-
sistently. Pauly and Gross [27] presented a spectral processing
pipeline that extends standard Fourier techniques to general point-
sampled geometry. This approach operates directly on points and
normals, requiring no vertex connectivity information. Rosman
et al. [28] proposed an approach for patch-collaborative spectral
denoising of surfaces combining similar patches from the denoised
surface. Beltrami operator is used to selectively smooth the sur-
face while preserving sharp surface features. Schall et al. [29] in-
troduced a similarity-based neighborhood filtering technique for
static and dynamic data, introducing a non-local similarity mea-
sure which determines the resemblance of two points on a surface.

Data-driven approaches. Most of the aforementioned categories
assume that the noise, affecting the quality of the 3D object, has
a Gaussian distribution. This assumption is far from real-life appli-
cations in which the type and the form of noise are much more
different (staircase effect, outliers, etc.) of this simplified assump-
tion. Only a few parameter-free approaches have appeared pro-
viding good results (data-driven methods Wang et al. [14], Remil
et al. [30]), but not without limitations mainly because of the large
dataset for the training process that they require making them
very time-consuming.

In this work, we present a novel approach which investigates
the problem of 3D animated sequence denoising from a differ-
ent view (i.e., spectral denoising) making it distinctive from all of
the aforementioned categories. To the best of our knowledge, this
is the first time that a method performs denoising on a 3D ani-
mated sequence not directly using the geometric information (i.e.,
points, normals, etc.) of a 3D object but processing the correspond-
ing graph Fourier coefficients.

3. Denoising of dynamic 3D meshes

In this section, we present our assumptions and the mathemat-
ical background which is necessary for the rest part of the arti-
cle. We also discuss in detail any step of the process. In Fig. 1, the
framework of the proposed approach is briefly presented.

3.1. Preliminaries of static and dynamic 3D meshes

Let us assume the existence of a sequence of n static meshes
M; e RF3 so that A=[M;; My; ---; My] representing a dy-
namic 3D mesh A. Each static mesh consists of k vertices repre-
sented as a matrix of vertices V=[ v{; vl; --.; vI Je RF3 in a
3D coordinate space, where v = [vy vy v;] € R'*3 indicates a vertex.
Each j face fj={vj; vip vj3}, V j=1,..., ks constitutes a trian-
gle (i.e,, the basic surface) and vj;, vj; and vj; define the indices of
the corresponding vertices. The vertices of a noisy mesh M; satisfy
the following identity:

Vi=1,...,k (1)

where v; are the noise free vertices and Z; represents a 1x3
noise vector (e.g., with distribution A/(0, ) in the case of Gaus-
sian noise).

Vi=vi+1Z,

3.2. Spectrum of a graph

The spectrum of a graph is defined in terms of the eigenvalues
and eigenvectors of the Laplacian matrix L. The Laplacian matrix
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Fig. 1. Steps of the proposed framework for denoising of dynamic 3D meshes via spectral low-rank matrix analysis.

of a graph G = (£, V, F), assuming that a set of edges £ can be
directly derived from a set of V and the indexed faces F of the
mesh, can be defined as:

L=D-C (2)

where C € R¥*K s the binary connectivity (or adjacency) matrix of
the mesh with elements:

o W,‘j:] ifi,jég
Gij = { 0 otherwise (3)
and D = diag{d;.d>. ..., d;} is a diagonal matrix with d; = Z’]le Cij.
The decomposition of the Laplacian matrix L is estimated accord-
ing to:

L=UAU" (4)
where U=[uj,uy,...,u,] is an orthonormal matrix with the
eigenvectors and A = diag{\q, Ao, ..., A} is a diagonal matrix with

the corresponding eigenvalues. The eigenvectors and eigenvalues
of the Laplacian matrix L provide a spectral interpretation of the
graph signals. The GFT of the ith mesh/frame AM;, represented
by the matrix of vertices V;, is defined as its projection onto the
eigenvalues of the graph, according to:

Vi=7(V)=U"V;, Vi=1,. ..n (5)

where V e R¥3 is a matrix representing the GFT of the matrix of
vertices V and 7 (.) represents the GFT function. We can easily ob-
serve that the number of components of a GFT matrix is equal to
the number of vertices of the mesh. Correspondingly, the inverse
GFT (IGFT) of each i frame is given by:

V,-:T71(‘7i)=U‘7i, Vi:l,...,n (6)

where 7-1(.) represents the IGFT function. At any noisy mesh
M;, the information corresponds to the shape of the mesh lies
in a low dimensional subspace of size m, while noise usually
has a flat spectrum that is easily identifiable at the k —m higher
frequencies in which the small-scale features are also apparent.
Previous works of Arvanitis et al. [10], Vallet and Lévy [33] and
Lalos et al. [34] suggest performing denoising or smoothing of
noisy 3D meshes by removing the high-frequency components
in which the component of noise lie. Despite the fact that these
works effectively remove the noise of a GFT representation, they
also inevitable remove high-frequency components representing
small-scale features. One of the contributions of this approach is
that these components are not removed but properly processed in
order to preserve the small-scale features.

3.3. Noisy meshes

The most common types of artifacts introduced in 3D meshes
due to scanning operations are: (i) non-uniform sampling, (ii)
Gaussian and/or (iii) impulsive noise. Surfaces with holes that
can be simulated using (iv) temporal and/or (v) spatial masks.
Another type of processing artifact is the noise caused by (vi)
lossy compression approaches (e.g., coddyac by Vasa and Skala
[31], FAMC-DCT by Mamou et al. [32]) or (vii) communication
failures (network error). In Fig. 2 we present an example of a
3D mesh (Armadillo) affected by different types of noise. Due to
this large variety of different types of noise, we focus on design-
ing an approach that can successfully mitigate any type of the
aforementioned artifacts (if possible).

3.4. Overview of our method

The proposed method exploits the coherence of the GFT coef-
ficients corresponding to the high spectral frequencies of sequen-
tial frames in soft and rigid body animations. On the other hand,
the low-frequency components, representing the main shape of a
3D object, have a different form since the shape of the moving
object is changing frame by frame. To be more specific, in rigid
and soft body animations the 3D shape inevitably changes, af-
fecting the low-frequency components, while the high-frequency
components of GFT remain almost unaffected. Fig. 3 presents an
example of four different frames of the same dynamic mesh se-
quence and their corresponding spectral components. As we can
see, only a few components (representing the low-frequency com-
ponents) significantly change while the rest values remain almost
the same. The “right” values of the GFT coefficients represent the
low-frequency components (i.e. large-scale spatial features) while
the “left” values represent the high-frequency components (i.e.
small-scale spatial features) (see Fig. 3(a)).

Low-frequency components are essential for the proper rep-
resentation of a mesh since they are related to the basic shape.
On the other hand, changes in the high frequencies are not easily
perceived, depending of course of the amount of the components
which will be removed. In Fig. 4, we present an example in
which different amount of high-frequency components have been
removed from a mesh. Specifically, in Fig. 4(e), we can see that
even if 90% of the high-frequency components are removed, the
basic shape of the 3D object is still recognizable.
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Fig. 2. (a) Original mesh (armadillo frame 1) and the corresponding noisy meshes affected by: (b) coddyac compression by Vasa and Skala [31], (c¢) FAMC-DCT compression
by Mamou et al. [32], (d) gaussian, (e) impulsive, (f) spatial masking, (g) uniform noise.
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Fig. 3. GFTs (U, e Rk<1) of different frames of the same dynamic 3D mesh (Handstand model). We can easily observe that most of the components have similar magnitude
values while very few components (low-frequency components), representing the information related to shape of the object, have significant different values.

3.4.1. Temporal matrices and estimation of the ideal number of the
remaining low-frequency components

The main objective of this research is the accurate estimation
of the denoised GFTs, in order to use them for the reconstruc-
tion of the denoised vertices by applying the IGFT according to
Eq. (6). Although the matrix U has been estimated once, accord-
ing to Eq. (4), it is used for the estimation of the n GFTs Vj =
[ V1j; Vaj; -5 W ] of any other frame V j =1, ..., n, according to
Eq. (5), where V;; = [f/x,.j f]yij f)zij] Vi=1,...,k Once the GFTs co-
efficients have been estimated, we create 3 coherent matrices Ey,
Ey, E; where E; e R™* V i ¢ {x,,z}, according to:

N

Vict:ion Uiy Dy Dy
- 7, 7; ;.
i(1:k)2 12 122 i .
E=| = o Viexyzt ()
Vi(l:f{)n Vi, VUi, . Vf;n
where Ai(]_,—()n denotes the k first components of the nt" frame GFT

of the ie{x, y, z} coordinates. It is worth mentioning that we do
not use all the k components of the GFT for the generation of the

temporal matrices but only the k highest frequency. The main rea-
sons why we exclude a number of low-frequency components are:

o The low-frequency components represent the basic informa-
tion of the 3D object’s form and they should be preserved
otherwise the original shape of the 3D object is deformed
or significantly deteriorated.

Additionally, there are not significant coherences between
low frequencies of sequential frames, attributed to the fact
that small pose changes result in different low spectral
frequencies.

Finally, it has been observed that the distribution of noise,
with respect to the GFT domain, mostly affect the high-
frequency components since low frequency errors cannot be
easily perceived by the human attention system.

For the estimation of the ideal value of k, which represent
the number of the high-frequency components per frame that we
use for the creation of the coherent matrix, we follow the next
steps. Firstly, we estimate the total energy E; of the GFT per each
frame, taking into account all the k components, based on the
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f (8)

Fig. 4. (a) Original mesh having 10002 components in total, and reconstructed models while components of the GFT have been removed: (b) 6000 components have been
removed, (c) 7000 components have been removed, (d) 8000 components have been removed, (e) 9000 components have been removed, (f) 9800 components have been

removed, (g) 9900 components have been removed. (Samba model frame 1).

next formula:
k

E,=> Iltill>. Vij=1,...n (8)
i=1

Then, we assume that the 99.99% of this energy must be preserved
and the corresponding low-frequency components must remain
unaffected. So we start adding high-frequency components, from
the component 1 to k;j, until their cumulative energy reaches the
0.01% of the total energy Esj:

T‘j
> ovil?=10"%E;,, Vj=1,....n (9)
i=1

where f<j < k. The value of I_<j may vary from frame to frame,
however, each row of the E matrix must have equal length. For
this reason, the selected value of k is defined as:

- kn) (10)

In Fig. 5, we present an example showing how many components
are required for preserving: (i) the 99.99% of the GFT's energy
(112 lower frequencies components), (ii) the 99.995% of the GFT’s
energy (1179 lower frequencies components) and (iii) the 99.999%
of the GFT's energy for a frame of the Dinosaur model (12255
lower frequencies components). In Fig. 6, we present an example
showing how the number of the unchangeable low-frequency
components affect the quality of the reconstruction results. For
the evaluation, we use different energy thresholds, in a range of
[99.5%-99.999%]. A large threshold value (yellow line) means that
we maintain many noisy components while small value (red line)
means that we may change components that represent the main
shape of the mesh and they must have been unaffected.

l_<=max(l_<1,..

3.4.2. Properties of robust principal component analysis

Once the temporal matrices E; Vi €{x, y, z} have been created,
we use RPCA in order to estimate their low-rank representation
(i.e., reconstructed results). Generally, RPCA has been used in many
application in the area of 3D meshes processing mostly for outliers
removal of unorganized point clouds, Arvanitis et al. [35-37].

Our motivation for using RPCA is based on the observation that
the high-frequency components of each GFT have a big coherence

with the corresponding components of other frames, with respect
to their form and their magnitude. RPCA specializes in finding the
low-rank matrix of coherent data (i.e., very relevant data). Addi-
tionally, despite the fact that the noise has a unified distribution in
the spatial domain (all vertices of the 3D surface can be affected
equally), we observed that the noise follows a sparse distribution
at the GFT domain in which the high-frequency components are
mostly affected. One of the contributions of this approach is that
we use RPCA to estimate the low-rank representation (smoothed)
of the GFTs values in the spectrotemporal domain which are equal
to a denoised representation of the 3D animation in the spatiotem-
poral domain.

3.4.3. Estimation of the low-rank matrix using an RPCA approach
Generally, a coherent matrix K, may be decomposed as:

K=S+N (11)

where S is a low-rank matrix representing the real (denoised) data
while N is a sparse matrix representing the space where the out-
liers lie. According to Candés et al. [38], the low-rank matrix S
can be recovered by solving the following convex optimization
problem:

minimize ||S||, +A[IN|l;, subject to: S+N=K (12)

where ||S||+ denotes the nuclear norm of the matrix which is the
sum of the singular values of S. This convex problem can be solved
using an Augmented Lagrange Multiplier (ALM) algorithm, as de-
scribed by Lin et al. [39]:

[S.N.Y, 1) = [IS]l. + 2IINJly + (Y. K =S = N) + £ K-S - N|1
(13)

Nevertheless, despite the effectiveness and the very good results,
presented also in the work of Lalos et al. [40], the exact decompo-
sition of the Eq. (11) does not always exist especially in real noisy
data E as those considered in the following section. In this case,
an adaptive model is required, taking into account the presence of
noise E = K+ G. So the matrix E can be decomposed as:

E=S+N+G (14)
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where S + N approximates E and G is the noisy part. For the sake
of simplicity, in this analysis, we use the notation E for the coher-
ent matrix, representing however all the cases of Eq. (7). For this
kind of problems, Zhou and Tao [41] proposed that the low-rank
matrix can be modeled in a bilateral factorization form WT for the
purpose of developing an SVD free algorithm. We follow the same
line of thought, by replacing S with its bilateral factorization:

S=WT (15)

and regularizing the I; norm of the entries of the sparse matrix
N:

minw,1.n||E — WT — N||2 + Allvec(N) |4
subject to: rank(W) = rank(T) <r (16)

The [; regularization induces soft-thresholding in updating N,
which is faster than sorting, caused by cardinality constraint, as
suggested in a previous work of Zhou and Tao [42] and by Xiong
et al. [43]. Optimizing the matrices W, T and N in Eq. (16), we take
the following updating rules:

weD — (E — N©® )T(I)T (T(I)T(t)T)+

T(t+1) — (W(t+1)Tw(f+1))+W(t+1)T (E _ N(t))

N(H—]) — 'DA(E—W(t+1)T([+l)) (17)
where (t) denotes the ! iteration, (\)* is the Moore-Penrose
pseudo-inverse and D, is an element-wise soft thresholding op-
erator with threshold A such that:

D, = {sign(E;;)max(|Ey| — A,0) : (i, j) € [n] x [k]} (18)

To simplify the updating rules in Eq. (17), we assume that the
product WEHDTEHD equals to the orthogonal projection of E onto
the column space of W(+D_ According to Eq. (17), the column
space of W1 can be represented by arbitrary orthonormal ba-
sis for the columns of (E — N®)T®T, It can be computed as Q via
fast qr(.) decomposition:

QR = qr((E— N©)T®T) (19)
Then, the product WEHDTED can be equivalently computed as:
W(t+1)T([+1) — QQT (E _ N(t)) (20)

According to the above analysis, we can observe that the ma-
trices WD and T¢D in Eq. (17) can be replaced by Q and
QT (E — N®) respectively, while the product WE+DTE+D s kept
the same. These replacements change the Eq. (17), providing a
faster updating procedure:

WD = Q QR = qr((E~NO)TOT)
T(t+1) — QT (E _ N(t))
N(H—l) = Dy (E _W(t+1)T(t+l)) (2-1)

3.4.4. Reconstruction of the denoised model

The low-rank matrix S € R"™*k, constituting the denoised values,
is estimated via the Eq. (15). More specifically, each i row of this
matrix consists of the k high-frequency denoised components of
the GFT values of the i frame. The total denoised GFT matrix V; of
each i frame is estimated according to:

k; components (k—k;) components

N —_—
Vi=[ Si[1:k] Vik—ki+1):k]], Vi=1,....n (22)

keeping the I_q < k denoised components of the i row of the ma-
trix S, following the assumption presented in Section 3.4.1. Then,
the final denoised vertices V; of each i frame are estimated using

the IGFT, applied to the denoised GFT matrix V;:

Vi=T'(V), Vi=1,....n (23)

As shown in Eq. (23), the reconstruction of the denoised models
can be performed either in an adaptive (frame by frame) or in a
block adaptive mode (e.g., groups of frames) increasing, even more,
the time-efficiently performance of the proposed method. All the
aforementioned steps of the proposed approach are summarized
at the Algorithm 1 .

Algorithm 1: Spectral Denoising of Dynamic 3D Meshes.

Input : Noisy sequence of meshes
A=[My; My -3 Myl
Output: Denoised 3D animation
A=[My; My -3 Myl

1 Decompose the Laplacian matrix L of the first frame

Eq. (4);
2fori=1...ndo
3 | Estimate the GFT V; of the vertices via Eq. (5)
4 | Estimate the total energy E;; of the GFT matrix via

Eq. (8) _
5 | Estimate the ideal value k; of high-frequency
components via Eq. (9)

6 end
7 Select the common used value of k via Eq. (10)
8 for Vje {x,y,z} do
9 | Create the coherent matrix E; via Eq. (7)
10 | Estimate the low-rank matrix S; via Egs. (19)-(21)
11 end
12fori=1...ndo
13 | for Vje{x,y,z} do
14 Estimate the denoised GFT Vj; via Eq. (22)
15 Estimate the denoised vertices V;; of the mesh
via Eq. (23)
16 | end
17 end

4. Results

In this section, we present the results of our approach using a
variety of dynamic 3D models affected by different types of noise.
Extensive evaluation studies carried out using a broad set of com-
plex noise patterns and models with different geometrical features,
verify the superiority of our approach as compared to other state-
of-the-art methods, in terms of reconstruction quality and compu-
tational complexity.

4.1. Datasets

The experiments and any other presented figure of this work
is carried out using dynamic 3D models of three different well-
known datasets.

o A dataset consisting of artificial sequences of moving models
with different types of noise by Torkhani et al. [44].

» A dataset consisting of real motion capture animations rep-
resenting humans (real scanned models) in different kind of
motion scenarios by Vlasic et al. [45].

o A dataset consisting of real motion silhouettes captured us-
ing joint skeleton tracking by Gall et al. [6].

At this point, it should be noted that the noisy models, affected
by Gaussian noise, are created using the dataset of Vlasic et al.
[45], by adding noise to the vertices of the ground truth meshes
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Fig. 7. Three different frames (i.e., 40, 80 and 120) of Bouncing model. (a) Original mesh, (b) Noisy mesh, (c) Bilateral normal denoising by Zheng et al. [16], (d) Fast and
effective by Sun et al. [8], (e) Ly minimization by He and Schaefer [11], (f) Guided mesh normal filtering by Zhang et al. [7], (g) Two stage graph spectral processing by

Arvanitis et al. [10], (h) Our approach.

along the vertex normals, similar to Zhang et al. [7]. The intensity
of the noise is described using a relative variance parameter:

o) = (24)

—~| Q

where o denotes the variance of the Gaussian function, and [ is
the average edge length I of the ground truth mesh.

4.2. Metrics

The quality of the reconstructed results is evaluated using a va-
riety of different metrics that are shortly presented below:

o 0: represents the mean angle y (expressed in degree) be-
tween the normals of the ground truth face and the result-
ing face normals.

o HD: representing the average one-sided Hausdorff distance
(HD) from the denoised mesh to the known ground truth
mesh.

e Heatmap visualization which highlights, in different colors
(colormap), the angle y between the normals of the de-
noised M and original mesh M per each vertex. Dark blue
color denotes a big similarity between two normals (practi-
cally the angle y goes to zero), while dark red color denotes
a big difference in respect to their directions (please refer to
Figs. 9 and 10).

4.3. Experimental results

The quality performance of the proposed technique is evaluated
by comparing its denoising results with them of other well-known
and robust techniques of the literature, such as: (i) bilateral normal
denoising by Zheng et al. [16], (ii) fast and effective by Sun et al.
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Fig. 8. Denoising results of different noisy models (i.e., Horse, Chinchilla, Dinosaur) affected by different types of noise (i.e., Impulsive, Noise because of compression using
the FAMC-DCT method and Uniform noise). (a) Original mesh, (b) Noisy mesh, (c) Bilateral normal denoising by Zheng et al. [16], (d) Guided mesh normal filtering by Zhang
et al. [7], (e) Two stage graph spectral processing by Arvanitis et al. [10], (f) Our approach.

[8], (iii) [y minimization by He and Schaefer [11], (iv) guided mesh
normal filtering by Zhang et al. [7] and (v) two stage graph spectral
processing by Arvanitis et al. [10].

For the experiments, we chose a variety of different models and
types of noise. In Table 1, we present information related to the
noisy models that are used, namely: (i) the number of vertices, (ii)
the number of faces, (iii) the number of frames that each anima-
tion has and (iv) the type of noise which each animation has been
affected with.

The benefits of our method are apparent in all of the following
experimental scenarios. In Fig. 7, we present the denoised results
of three different frames (i.e., 40, 80 and 120) of the same model
(Bouncing) affected by Gaussian noise. We additionally provide the
values of the HD metric, for each reconstructed model, and enlarge
details (in red boxes) providing an easier comparison among the
meshes and techniques.

Similar results are presented in Fig. 8. However, in this case,
each model has been affected by a different noise patterns. More
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06=7.86° 08=6.36"

0=7.03" 06=8.01°

Swing (frame 6)

. Jumping (frame 65)

(d) T& (g) A0
Fig. 9. (a) Noisy [up] and Original [down] meshes of two models (i.e., Swing, Jumping). We also provide heatmap of metric 6 [up] and denoising results [down] using:
(b) Bilateral normal denoising by Zheng et al. [16], (c) Fast and effective by Sun et al. [8], (d) L, minimization by He and Schaefer [11], (e) Guided mesh normal filtering by

Zhang et al. [7], (f) Two stage graph spectral processing by Arvanitis et al. [10], (g) Our approach. (For interpretation of the references to colour in this figure, the reader is
referred to the web version of this article.)

a | c d

Fig. 10. Two different frames of the Dog animated model [6] and the corresponding heatmap visualization of the mean curvature for the: (a)-(c) Real noisy meshes, (b)-(d)
Denoised using our approach. (For interpretation of the references to colour in this figure, the reader is referred to the web version of this article.)
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Frame 33

Fig. 11. Different frames of the same animated 3D model (Human) having been affected by spacial masks of noise. This means that each frame has been affected by the

same magnitude of noise in the same areas.

Table 1
Brief description of the used animated noisy models.

Name of model  Vertices  Faces Frames  Type of noise
Bouncing 10,002 20,000 150 Gaussian o, = 0.2
Chinchilla 4307 8550 84 FAMC-DCT

Dinosaur 20,218 40,432 152 Uniform

Dog 2502 5000 59 Capturing method [6]
Horse 8431 16,858 48 Impulsive

Human 18,890 37,776 162 Spacial mask
Jumping 9971 19,938 150 Gaussian oy = 0.2
Swing 10,002 20,000 150 Gaussian o; = 0.2

specifically, we show the reconstructed results of three synthetic
animations (i.e., Horse, Chinchilla, Dinosaur) affected by (i) impul-
sive noise!, (ii) noise attributed to lossy compression using the
FAMC-DCT method? and (iii) uniform noise, respectively. This fig-
ure highlights the effectiveness of our approach which efficiently
reconstructs the denoised models without making special assump-
tions about the distribution and the type of noise. More impor-
tantly, the steps of the proposed method are always the same, as
well as the used parameters, making it ideal for using it under
different cases without requiring any special parameterization. Qur
method handles each model with exactly the same way regardless
of the geometry of the model (e.g., different geometrical features,
intense edges and corners, etc.) or the type of noise.

In Fig. 9, we present the reconstructed results of different tech-
niques, for one frame of two different animated models (namely,
the frame 6 of the Swing model and frame 65 of Jumping model).
We additionally provide the heatmap visualization of the angle y
colorizing differently each vertex according to the value of y and
the mean angle 6. As it can be seen, in any of the presented ex-
amples, the proposed method overcome the results of the other
comparison methods.

Fig. 10 illustrates the denoising results of our method in mod-
els with real noise due to the capturing technique by Gall et al.
[6]. Our approach removes the artifacts, appeared in the surface
of the models, preserving the small-scale features. Additionally, we

1 Synthetic but simulates real noise of Lidar point clouds [46]
2 Real noise because of the encoding/decoding processes

provide the heatmap visualization of the mean curvature for easier
comparison.

5. Conclusions and open issues

In this work, we presented an approach which performs fea-
ture preserving denoising on a sequence of noisy frames that con-
stitute a dynamic 3D mesh. The proposed method achieves plau-
sible reconstruction results using an RPCA approach applied to a
coherent matrix E consisting of the high frequencies of sequential
frames of soft and rigid body animations. More specifically, each
row of this matrix consists of the k high-frequency components of
the corresponding frame. The low-frequency components are kept
unaffected since they represent the basic pose of the mesh. Finally,
the denoised vertices occur by applying IGFT to the denoised GFT
components.

Nonetheless, despite the very good results that this method
provides, there are still limitations that need to be addressed. The
extension of the proposed method to dynamic meshes with vary-
ing connectivity and a different number of vertices still remains a
challenge. Moreover, the performance of the proposed approach is
also deteriorated if we assume that the exact same type of noise
(in respect of the magnitude and direction) is applied in any se-
quential frame. Fig. 11 illustrates an example in which correspond-
ing vertices of a sequence of meshes have been affected by spatial
masks of noise and as a result, they maintain the exact the same
form in any frame.
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