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Abstract

Complex geometric structure variations of 3D models
usually pose great challenges in 3D shape matching and re-
trieval. In this paper, we propose a high-level shape feature
learning scheme to extract structure variation-insensitive
feature with a discriminative auto-encoder for shape match-
ing and retrieval.  First, multiscale shape distributions
are developed to represent shape as the input of the auto-
encoder. Then, by imposing the Fisher discrimination crite-
rion on the neurons in the hidden layer of the auto-encoder,
a discriminative auto-encoder is proposed to extract the in-
trinsic shape features so that they have small within-class
scatter but big between-class scatter. Finally, the neurons
in hidden layers from multiple discriminative auto-encoders
are concatenated to form a shape descriptor for matching
and retrieval. The proposed method is evaluated on the
representative datasets with large geometry variations, i.e.,
Mecgill, SHREC’10 ShapeGoogle datasets. Experimental
results on the benchmark datasets demonstrate the effec-
tiveness of the proposed method on the applications of 3D
shape matching and retrieval.

1. Introduction

Nowadays there is an explosive growth of the 3D meshed
surface models in a variety of fields, such as engineering,
entertainment and medical imaging [25, 21, 17, 10, 9, 6].
Due to the data-richness of 3D models, shape retrieval for
3D model searching, understanding and analyzing has been
receiving more and more attention. Using a shape as a
query, the shape retrieval algorithm aims to find the similar
shapes to the query. The performance of a shape retrieval al-
gorithm mainly relies on shape descriptor which can effec-
tively capture the distinctive properties of shape, while it is
invariant to different classes of transformations. Moreover,
the shape descriptor should be insensitive to both topolog-
ical and numerical noise such as consistent behavior even
with topological short-circuits and numerical noises. Once
the shape descriptor is formed, the similarity between two
shapes is determined by the similarity between the shape

descriptors and used for retrieval.

The shape descriptor for shape matching and retrieval
has been extensively studied in geometry community [32,

, 11,33, 27]. In the past decades, plenty of shape de-
scriptors have been proposed, such as the D2 shape distribu-
tion [1 1], statistical moments of the model [33, 26], Fourier
descriptor [8], Light Field Descriptor [14], Eigenvalue De-
scriptor (EVD)[15]. Although these shape descriptors can
represent the shape effectively, they are either sensitive to
non-rigid transformation or topological changes. To be in-
variant to the isometric transformation, the local geomet-
ric features are extracted to represent the shape, such as
spin images [2], shape context [3] and mesh HOG [35].
These shape descriptors can describe deformable shapes
well, however, they are sensitive to local geometric noise
and are not able to characterize the global structure of the
shape.

Apart from the earlier shape descriptors, another popular
approaches to shape retrieval are diffusion based methods
[29, 7, 25, 23]. Based on the Laplace-Beltrami operator,
global point signature (GPS) [25] was proposed to represent
shape. Since the eigenfunctions of the Laplace-Beltrami op-
erator are able to robustly characterize the point on meshed
surface, each vertex is represented by a high dimensional
vector of scaled eigenfunctions of the Laplace-Beltrami op-
erator evaluated at the vertex. The high dimensional vector
is called GPS. Another widely used shape signature is heat
kernel signature (HKS) [29], where Sun ef al. proposed
to use the diagonal of the heat kernel as a local descriptor
to represent shape. HKS is invariant to isometric deforma-
tions, insensitive to the small perturbations of the surface.
Both GPS and HKS are point based signatures, which char-
acterizes each vertex on the meshed surface using a vector.

In the aforementioned methods, the shape descriptors
are hand-crafted rather than learned from a set of train-
ing shapes. In [23], the authors applied the bag-of-features
(BOF) paradigm to learn the shape descriptor. The dictio-
nary of words is learned by the K-means clustering method
from a set of HKSs of shapes. Then a histogram of pairs of
spatially-close words over the learned dictionary is formed
as the shape descriptor for retrieval. Based on K-means
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clustering, Lavoue et al. [19] combined the standard and
spatial BOF descriptors for shape retrieval. Since K-means
clustering can be viewed as a special case of sparse cod-
ing, Litman et al. [20] employed sparse coding to learn
the dictionary of words instead of K-means clustering. The
histogram of encoded representation coefficients over the
learned dictionary is used to represent shape for retrieval.
Moreover, in order to obtain the discriminative representa-
tion coefficients, a class-specific dictionary is constructed
in a supervised way.

Recently, due to the favorable ability of modeling the
nonlinearity by mapping the high dimensional feature to
the low dimensional discriminative feature in the hidden
layer of the network, the deep auto-encoder [12, 4] has been
widely used in many challenging tasks such as image de-
noising [34], image classification [ 18] and face recognition
[16]. Inspired by great success of the deep auto-encoder in
computer vision and pattern recognition, in this paper, we
develop a novel auto-encoder based shape descriptor for re-
trieval, which imposes the Fisher discrimination criterion on
the hidden layer to make the hidden layer features discrimi-
native and insensitive to geometric structure variations. It is
expected that the neurons in the hidden layer have small
within-class scatter but big between-class scatter. More-
over, in order to much more effectively represent shape, by
using multiscale shape distributions as the input of the auto-
encoder, we train a stacked discriminative auto-encoder and
concatenate all neurons in the hidden layers as the high-
level learning shape descriptor for retrieval. The proposed
shape descriptor is verified on the representative and bench-
mark shape datasets, showing very promising performance.

The rest of the paper is organized as follows. Sec-
tion 2 briefly introduces HKS and auto-encoder. Section
3 presents the proposed shape descriptor with the discrim-
inative auto-encoder. Section 4 performs extensive experi-
ments and Section 5 concludes the paper.

2. Background
2.1. Heat Kernel Signature

The 3D model is represented as a graph G = (V, E, W),
where V is the set of vertices, F is the set of edges and W
is the weigh value for each edge. Given a graph constructed
by connecting pairs of data points with weighted edges, the
heat kernel H;(z,y) measures the heat flow across a graph,
which is defined to the amount of the heat passing from the
vertex x to the vertex y within a certain amount of time. The
heat flow across the surface is governed by the heat equation
u(x,t), where  denotes one vertex on the meshed surface
and ¢ denotes the diffusion time. Provided that there is an
initial heat distribution on meshed surface at ¢ = 0, the heat
kernel provides the fundamental solution of the heat equa-
tion, which is associated with the Laplace-Beltrami operator

L by:

W =—LH; (1)

where H; denotes the heat kernel and ¢ is the diffusion
time. The solution of Eq. (1) can be obtained by the eigen-
function expansion by the Laplace-Beltrami operator de-
scribed below.

H; = exp(—tL) (2)

By the spectral theorem, the heat kernel can be further
expressed as follows:

Hy(z,y) = Z e M (x)di(y) 3)

where )\; is the ' eigenvalue of the Laplacian, ¢; is the
it" eigenfunction, and = and y denotes the vertex = and v,
respectively. Heat kernel signature (HKS)[29] of the vertex
x at time ¢, S;, is defined as the diagonal of the heat kernel
of the vertex x taken at time ¢:

St = Hy(z, ) 4)
=Y e Mei(z)di(x)

=0

HKS, as a point signature, can capture information of the
neighborhood of a point = on the shape at a scale defined
by t. In the following section, without the specific in-
struction, we use t to represent the scale of HKS, where
t=1,2,---,T.

2.2. Auto-encoder

An auto-encoder neural network [12, 4] usually consists
of two parts, i.e., encoder and decoder. The encoder, de-
noted by F, maps the input € R%*! to the hidden layer
representation, denoted by z € Rl where d is the di-
mension of the input and r is the number of neurons in the
hidden layer. In the auto-encoder neural network, one neu-
ron in the layer [ is connected to all the neurons in the layer
I + 1. We denote the weight and bias connecting the layer /
and the layer [ + 1 by W' and b', respectively. The output
of the layer is called the activation function. Usually, the
activation function is non-linear, such as sigmoid function

olx) = 1+i—ﬂ= or tanh function o(x) = Z:;::: There-
fore, the output f(a') of the layer [ + 1 is :
fir1(a) = o(W'la! + b)) S

where f;,1(a') is the activation function in the layer [ + 1
and a' is the neurons in the layer /. Thus, the encoder F(x)
of k hidden layers can be represented as follows:

F(x) = filfi-a(--- fa(2))) (6)
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The decoder, denoted by G, maps the hidden layer rep-
resentation z back to the input x. It is defined:

= fr(fo-1(-, fer1(2))) )

where L is the layer number of the auto-encoder neu-
ral network. Denote by W and b the weights and bi-
ases of all layers in the auto-encoder, respectively, where
W=[W. W2 ... Willandb=[b!,b% .- bl71].
To optimize the parameters W and b, the standard auto-
encoder minimizes the following cost function:

I 1
<W.b>=argminw sz Y [|x; — G(F(x:))]3
i=1 3

1
+ AW

where z; represents the i*” one of the N training samples,
parameter A is the positive scalar. In Eq. (8), the first term is
the reconstruction error and the second term is the regular-
ization term that prevents overfitting. An efficient optimiza-
tion method can be implemented by the restricted Boltzman
machine and back-propagation framework. The reader can
see [12] for more details.

3. Shape descriptor based on discriminative
auto-encoder

We detail the proposed framework of the discrimina-
tive auto-encoder based shape descriptor, which comprises
three components, namely, multiscale shape distribution,
discriminative auto-encoder and 3D shape descriptor. Fig.
1 shows the proposed framework. In the multiscale shape
distribution component, the distributions of heat kernel sig-
natures of shape at different scales are extracted as the
low-level feature to input the discriminative auto-encoder.
Then we train a discriminative auto-encoder to learn a high
level feature in the hidden layer in the discriminative auto-
encoder component. In the 3D shape descriptor component,
we form a descriptor from all hidden layer representations
of multiple discriminative auto-encoders for shape retrieval.

3.1. Multiscale shape distribution

Shape distribution [22] refers to a probability distribution
sampled from a shape function describing the 3D model. In
our work, we use the histogram of HKS to describe shape,
which is an approximation of the probability distribution
sampled from HKSs at all vertices of the shape. In order to
characterize the shape more intrinsically, we form a multi-
scale shape distribution by the histograms of HKSs at dif-
ferent scales. Suppose there are C' shape classes, each of
which has J samples. We use y; ; to index the jt* sam-
ple of the i*" shape. For each shape y; j» we extract HKS
feature S; ; € RT*N, where S; ; =[S} ., S? SiTJ»],

SR TE=5N TRRRE

S} ; denotes HKS of the shape y; ; at the ' scale, t =
1, 2 -, T, N is the number of vertices of shape y; ; and
T is the number of scales. For the scale ¢, we calculate the
distribution of heat kernel signatures of N vertices of the
shape y; ; to form the shape distribution h} i,j- The multi-
scale shape distribution can extract global representation of
shape at different resolutions. The multiscale shape distri-
bution, as a low-level feature, serves as the input of the dis-
criminative auto-encoder presented in the next subsection.
In addition, we normalize the shape distribution, which
is centralized by the mean and variance of the shape distri-
butions over all training samples from C classes, namely,
ht . —h!
By =t ©)
where h? and v are the mean and variance of all training
shape distributions h/

3.2. Discriminative auto-encoder

In this subsection, we propose a discriminative auto-
encoder to extract discriminative high-level feature for
shape retrieval. In order to boost the discriminative power
of the hidden layer features, we impose a Fisher discrimi-
nation criterion on thern Given the input x! of the shape
class i at the scale ¢, zf = [h} |, hf,, -, hf ;], we denote
by 2! the features of the hidden layer k in the auto-encoder
from all classes. We can write 2" as z* = [z}, 25, -, 2L],
where z! = [z}, 2},,---, 2} ;], 2} ; is the hidden layer
feature of the j*" sample from the class 4,7 = 1,2,--- ,C,
73 =1,2,---,J. Based on the Fisher discriminative crite-
rion, the discrimination can be achieved by minimizing the
within-class scatter of z‘, denoted by S,,(z"), and maxi-
mizing the between-class scatter of 2!, denoted by S,(z%).
Sw(2") and Sb(zt) are defined as:

15 3 it

’C i€ (10)
Sp(z") = ni(m! — m')(m] - m")T

=1

where m! and m' are the mean vector of z! and z', re-
spectively, and n; is the number of samples of class ¢. Intu-
itively, we can define the discriminative regularization term
L(z%) as tr(S,(21))) — tr(Sp(z"))). Thus, by incorporat-
ing the discriminative regularization term into the standard
auto-encoder model, we can form the following objective
function of the discriminative auto-encoder:
1
J(W' b') = argminwe pe Z §||a:f —G(F(zh))|3

=1
1 1
MW+ S (tr(Su (=) — r(Sh(=).
an
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Figure 1. The framework of the proposed discriminative auto-encoder based shape descriptor.

For the sample h! ;, we define the following functions:

’L]’

1
Jo(W' o' ki) = Slkiy — GE(R); (12
1
Lo(zi) = 5tr((=i; —mi)(zi; - mi))")
: (13)

~ Str((m = m)(m{ - m")7)

To optimize the objective function of the discriminative
auto-encoder, we adopt the back-propagation method of the
error. We denote by Wl ¢ o by the weight associated with the
connection between the un1t p in the layer [ and the unit ¢
in the layer [. Also, bi;t is the bias associated with the con-
nection with the unit p in the layer [. The partial derivatives
of the overall cost function J(W, b*) can be computed as:

aJ (W, bt) ¢ Jo(W', b, h} ;) 1
Towiht Z Z oW it AW
i= 1ht
OLy(z
+VZ Z awlt
1= 1zt
(14)
0J (W bt) AJo(WH bt ht ;)
6blt Z Z blt
i= lh,t
OLo( ) 1
of
+VZ Z M
= 1z ci

Denote by §%* the error of the output layer L in the auto-
encoder. For the output layer (the layer L), we have:

6"t = —(h}; —a™")o' (u™") (16)

where a’* is the activation of the output layer, u™! is the

total weighted sum of the activations of the layer L — 1
to the output layer and o’ (u’!) is the derivative of the
activation function in the output layer. For other layers
l=L—-1,L—-2, -2, with the back-propagation method
in [12], the error 6"* can be recursively obtained by the fol-
lowing equation:

(sl,t — ((Wl,t)T6l+1,t)a_/(uL,t) (17)

Therefore, the partial derivatives of the function
aJo(WH b RE ) aJo(WH b RE )
Jo(Wt, bt, hﬁ,j), W and #

can be computed :

OJo(W*, b ki )

_ SlHLt LT
G

an,t
(18)
8JO(thbtuh’§,j) _ (5l+1’t
obht N
Since 2zt = WPhlak=1 + bF~1 for I # k-1,
Lo (=} Lo (2! Lo (2!
Ootzis) — g and 220Z) — 0 Forl =k — 1, —aiéfgig”
and %Zi’j) can be computed as follows:
8L0( ¢ ) - 8ijp 8L0( ’,i],) _akil’taljg(zf’j)
8 k].t_a k?lt 8tjp g 8zfjp
8L0( ”) _ 8L0( z])
by, 02, jp
19)
wherez p 18 the p*" component ofz .. The partial deriva-
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¢

i j.p can be obtained:

tive of Lo(zf ;) with respect to 2

aLo(th) 1
i (1= =)z — i,
9% jp g :
1 1 P P
- (777 - Zni)(mi,p - mp)

(20)

where m} , and !, are the p'" components of m/! and m/,
respectively.
Therefore, based on Egs. (18), (19) and (20), for | #
dJ(W* bt Rt . OLo (=} . dJ(W* bt Rt .
k—1, (8W’»f« 1) + 6%&;;’) and 22t FIAR; ) +
t
% can be obtained by Eq. (18). For [ = k — 1,
DJ(Wb Rt ) | OLo(zl,) o Wiptal) | OLo(z))
OW L.t + OW L.t obl.t Y oblit
can be computed:

and

0Jo(W' bt k! ) OLo(2! ) 1
1 1
(2L = md) =5 = ) m = m)) (@)
(21)
6J0(Wt, bt, hz ) 8L0(Zf ) 1
8bl7t 5] 8bl7ta7 _ 5l+1,t + 'y(l o ,',TZ)
1 1
(z%ﬁ,j - m‘;) - V(ni - m)(mi - m')
(22)

Once the partial derivatives of the objective function of
the discriminative auto-encoder with respect to W and
b! are computed, we can employ the conjugate gradient
method to obtain W and b?. The algorithm of the proposed
discriminative auto-encoder is summarized in Algorithm 1.

3.3. 3D Shape Descriptor

In this subsection, we use the activations of the hidden
layer of the discriminative auto-encoder to form the shape
descriptor. In order to characterize the intrinsic structure of
the shape more effectively, we train multiple discriminative
auto-encoders by setting multiscale shape distributions to
the inputs of the discriminative auto-encoder. That is, for
each scale ¢, we can learn Wt and b* from a set of training
shape distributions, i.e.z}, b, - -z, t = 1,2,--- | T.
Thus, T discriminative auto-encoders can be formed by T’
groups of shape distributions. Once the multiple discrim-
inative auto-encoders are trained, we can concatenate the
activations of all hidden layers to form a shape descriptor.

Denote the t'" encoder of the multiple discriminative
auto-encoders by G*, which corresponds to the input of the
multicale shape distribution at the scale ¢ The shape descrip-
tor of the jth shape from the class 1, i.e., activations in the
hidden layers of the multiple discriminative auto-encoders,
can be represented :

a;; =[G'(hi;),G*(h:;), - ,GT(h]})] (23)

Algorithm 1 Algorithm of discriminative auto-encoder.

Input:training set x!;the layer size of the auto-encoder;)\;
.

Output: Wt and bht.

Initialize AW and Ab"* with the restricted Boltzman
machine for all [.

t .
For all h; ;:
dJo(W* b' bl ) dLo(=! )
1. Compute  ————ori— 4+ y—o2  and
6J0(Wt)bt7hf_j) aWB,tLo(zf,]-) . ow
ot T Y apre I # k-1, com-

pute them with Eq. (18); I = k — 1, compute them
with Egs. (21) and (22).

8Jo(Wt bt ht . ALo(z! .

2. Set AWh 1o AW + O(awll,t wr) 4 8‘;5,25;;’)
tpt ot OLo(z! .
3. Set Abl to Abbt 4 2T bLw)) ) OLolz, )

Update Wt and b"t: Wit = Wt — o(AWHE £ AWHE)
bl’t — bl,t _ OéAbl’t

Output Wt and b"¢ until the values of J (Wt bbt xt) in
adjacent iterations are close enough or the maximum num-
ber of iterations is reached.

4. Experimental Results

We conducted the experiments for shape matching and
retrieval to evaluate performance of the proposed 3D shape
descriptor. We define a universal time unit 7 = 0.01 and
take 101 sampled time values for the computation of the
HKS descriptor. And 128 bins are used to form the HKS
histogram, which results in the 128-dimensional input of
the discriminative auto-encoder. We train an auto-encoder,
which consists of an encoder with layers of size 128-1000-
500-30 and a symmetric decoder. Moreover, in Eq. (11), A
and y are set to 0.001, respectively.

4.1. Shape Matching Performance

The shape matching is a key step in 3D model retrieval.
A good shape descriptor should be robust to represent the
3D model with pose changes, topological changes and noise
corruption. The models used in the experiment were chosen
from the McGill dataset [28]. We evaluate performance of
the proposed shape descriptor from the two aspects.

Consistency over deformed shapes In this experiment,
we test the performance of the proposed shape descriptor
on the deformed shape models. We choose the Teddy-bear
and Human models with different poses. The shape descrip-
tors of the deformed shapes are illustrated in Fig. 2. From
the figure one can see that the descriptors of the model with
different pose changes are very similar, which demonstrates
that the proposed shape descriptor has the potential to con-
sistently represent the shapes with pose changes. On the
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other hand, the shape descriptors of different models are
distinctive. This verifies that the hidden layer features in the
proposed discriminative auto-encoder have small within-
class variations but large between-class variations.

Resistance to noise By perturbing the vertices of the
mesh with various levels of the numerical noise, we will
demonstrate that the proposed shape descriptor is robust to
noise. The noise, a 3-dimensional vector, is randomly gen-
erated from a multivariate normal distribution, Noise ~
Ni3(pu, NR « %), where p = [E[X1], E[X3], -+, E[X}]] is
the 3-dimensional mean vector of the coordinates of all ver-
tices, ¥ = [Cov[X;, X;]] is the 3 x 3 covariance matrix of
all vertices, 1 = 1,2,--- ,k, 7 = 1,2,--- .k, and NR de-
notes the ratio between the variance of noise and variance
of the coordinates of the vertices.

Fig. 3 show the clean Crab and Hand models, and their
noisy models, respectively. In (a) and (c), the green and
red noisy models are generated by noise of NR = 0.01
and NR = 0.04, respectively. Particularly, in the noisy
model with noise of NR = 0.04, geometric structures of
the mesh have been moderately deteriorated. As indicated
in Fig. 3, the variations of the proposed shape descriptors of
the clean and noisy models (plotted with the yellow, green
and red curves, respectively) are small. Since the level of
noise of NR = 0.01 is low, we can see that the difference
between the shape descriptors of the clean model and the
noisy model of NR = 0.01 is very small. Therefore, the
yellow and green curves are basically overlapped. The test
demonstrates that the proposed shape descriptor formed by
the deep discriminative auto-encoder is robust to noise.

4.2. 3D Shape Retrieval Performance

In order to demonstrate effectiveness of our method,
we test the proposed shape descriptor on three benchmark
datasets of 3D models, i.e., McGill [28], SHREC’10 Shape-
Google [5] datasets. Each shape is represented by a com-
pact 1D shape descriptor and Ly norm is used to compute
the distance between the two shape descriptors for retrieval.

4.2.1 McGill Shape Dataset

The McGill 3D shape dataset is a challenging dataset,
which contains 255 objects with significant part articula-
tions. They are from 10 classes: ant, crab, spectacle, hand,
human, octopus, plier, snake, spider and teddy-bear. Each
class contains one 3D shape with a variety of pose changes.
Fig. 4 shows some examples in the McGill shape dataset.
We compare our proposed method to the state-of-the-
art methods: the Hybrid BOW [24], the PCA based VLAT
method [3 1], the graph-based method [ 1], the hybrid 2D/3D
approach [19] and covariance descriptor [30]. We denote
our proposed discriminative auto-encoder based shape de-
scriptor by DASD. In our proposed DASD method, 10

shapes per class are randomly chosen as the training sam-
ples to train the discriminative auto-encoder. The proposed
method is evaluated with different performance measures,
namely, Nearest Neighbor (NN), the First Tier (1-Tier), the
Second Tier (2-Tier) and the Discounted Cumulative Gain
(DGC). The retrieval performance of these methods is illus-
trated in Table 1. From this table, compared to the state-of-
the-art methods [], we can see that the proposed method can
achieve the best performance on the 4 performance mea-
sures. There are large nonrigid deformations with the ob-
jects in the McGill shape dataset, which results in large
within-class variations of the shape descriptors. Nonethe-
less, due to the discriminative feature representation in the
hidden layer of the discriminative auto-encoder, as shown
in Fig. 2, DASD is still robust to nonrigid deformations.
Therefore, our proposed DASD can all obtain better perfor-
mance with the four different retrieval criteria.

Table 1. Retrieval results on the McGill dataset.
Methods NN 1-Tier2-Tier DCG

Covariance method [30]0.977 0.732 0.818 0.937
Graph-based method [1]0.976 0.741 0.911 0.933
PCA-based VLAT [31] 0.969 0.658 0.781 0.894
Hybrid BOW [24]  0.957 0.635 0.790 0.886
Hybrid 2D/3D [19]  0.925 0.557 0.698 0.850
DASD 0.988 0.812 0.934 0.955

4.2.2 SHREC’10 ShapeGoogle Dataset

SHREC’10 ShapeGoogle dataset [5] contains 1184 syn-
thetic shapes. In this dataset, there are 715 shapes from
13 classes are generated with the five simulated transforma-
tions, i.e., isometry, topology, isometry+topology, partial-
ity and triangulation, and there are 456 unrelated distractor
shapes. Following the setting in [20], in order to make the
dataset more challenging, all shapes are re-scaled to have
the same size and the samples in the dataset which have the
same attribute are considered to be of the same class. For
example, male and female shapes are considered to be from
the same class. Fig. 5 shows some examples of the Shape-
Google dataset.

We compared the proposed DASD to the bag of fea-
ture (BOF) descriptor based on standard vector quantiza-
tion (VQ) [5], sparse coding with unsupervised dictionary
learning (DL) [20] and sparse coding with supervised DL
[20]. We used the mean average precision criterion to eval-
uate our proposed method. For each query, the retrieval
was performed on the other 54 shapes of the same class and
1105 negative samples. Evaluation results are summarized
in Table 2. From this table, one can see that our proposed
DASD is superior to the BOF descriptors based on stan-
dard VQ [5], sparse coding with unsupervised DL [20] and
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Wi

(a) Teddy-bear models:
Teddy-bear2, Teddy-bear3.

Teddy-bearl,

Teddy-bear1
—— Teddy-bear2

—— Teddy-bear3

(b) Descriptors of the Teddy-bear models

A

(¢) Human models: Human1, Human2, Hu-
man3.

(d) Descriptors of the Human models

Figure 2. Descriptors of the Teddy-bear model and the Human model. In (b), the descriptors of the shapes are plotted by the yellow, green
and red curves, which correspond to Teddy-bear 1, Teddy-bear 2, Teddy-bear 3 while in (d) these curves correspond to Human 1, Human

2 and Human 3, respectively.

sparse coding with supervised DL [20] in the case of differ-
ent transformations. Compared to the dictionary learning
based shape descriptors, since the deep auto-encoder has
the good ability to model nonlinearity, DASD can charac-
terize the low-dimensional manifold embedded in the high-
dimensional shape space better. For example, in the cases
of isometry+topology and partiality, the supervised dictio-
nary learning based shape descriptor can obtain accuracies
of 0.956 and 0.951 while our proposed DASD can achieve
accuracies of 0.982 and 0.973, respectively.

Table 2. Retrieval results on the SHREC’ 10 ShapeGoogle dataset.
Transformation VQ [5]UDL [20] SDL [20] DASD

Isometry 0.988 0.977 0.994  0.998
Topology 1.000 1.000 1.000 0.996
Isometry+Topology 0.933 0934  0.956 0.982
Partiality 0947 0948 0951 0973
Triangulation ~ 0.954 0950  0.955 0.955

5. Conclusions

In this paper, we propose a deep shape descriptor with
the discriminative auto-encoder for shape matching and re-

trieval, which is insensitive to geometric structure varia-
tions. By imposing the Fisher discrimination criterion on
the feature representation in the hidden layer of the auto-
encoder, we develop a discriminative auto-encoder so that
the feature representation in the hidden layer have small
within-class scatter but large between-class scatter. Then,
with the multiscale HKS histogram, we train multiple dis-
criminative auto-encoders to extract all features in the hid-
den layers to form the deep shape descriptor. The deep
shape descriptor demonstrates its performance in various
tests for matching and retrieving 3D shapes with deforma-
tions and numerical noises.
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756 810
757 811
Clean crab model
758 Ml B 812
759 813
760 814
761 815
762 816
763 817
764 818
765 : | j 819
766 . . . 820
(a) Clean and noisy models of the shape (b) Descriptors of the clean and noisy crab models.
767 Crab, 821
768 822
769 823
770 —— Ny bandmedl 824
—— Noisy hand model2
77 825
772 826
773 827
774 828
775 829
776 830
777 831
778 832
779 (c) Clean and noisy models of the shape Hu- (d) Descriptors of the clean and noisy human models. 833
man.
;2? Figure 3. Descriptors of the clean and noisy models of CI:ab and Hand. In (a) and (c), the green and red shapes are with noise of N R = 0.01 :g:
and NR = 0.04, respectively. In (b) and (d), the descriptors of the shapes plotted by the yellow, green and red curves correspond to the
;:2 clean model, the noisy model with noise of N R = 0.01 and the noisy model with noise of N R = 0.04, respectively. :23
784 838
785 839
786 840
787 841
788 842
789 843
790 844
791 845
792 846
793 847
794 Figure 4. Example shapes in the McGill dataset. The left three columns show the shapes of Crab while the right three columns show the 848
795 shapes of Hand with nonrigid transformations. 849
796 850
797 851
798 852
799 853
800 854
801 855
802 856
803 857
804 858
805 859
806 Figure 5. Example shapes with different transformations in the SHREC’10 ShapeGoogle dataset. From left to right, the Centaur shapes 860
807 with the isometry, isometry+topology, topology, partiality and triangulation transformations are shown, respectively. 861
808 862
809 863
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