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Sketch-Based Shape Retrieval via Best View
Selection and a Cross-Domain Similarity Measure

Yongzhe Xu'”, Jiangchuan Hu

Abstract—Retrieving 3D shapes from 2D human sketches has
received increasing attention in computer vision and computer
graphics. Most previous methods projected 3D shapes from
numerous viewpoints and then extracted features of 3D shapes
from these projections and calculated the similarity with sketches.
However, due to the unknown pose of 3D shapes, viewpoints
were usually sampled uniformly from a sphere coordinate. Hence,
some projections acquired insufficient descriptions of 3D shapes.
In this paper, we proposed a view selection algorithm to find
the most reasonable viewpoints, which can benefit representation
learning for 3D shapes. Additionally, to indicate the apparent
discrepancy between sketches and 3D shapes, we leveraged a
generalized similarity model to encourage the accuracy of cross-
domain feature matching. We first computed line renderings of
3D shapes from an enormous number of viewpoints. Then, we
calculated the similarity of shapes between line renderings and
sketches. In this vein, we obtained several superior projections.
Second, we implemented a sketch network to extract features of
the sketch and a shape network to extract features of projections.
We combined the features of different projections to secure the
compact representation for 3D shapes. Finally, a metric network
was constructed using a cross-domain similarity model, and we
trained the metric network with triplet loss. Online hard sample
mining was leveraged to accelerate the convergence of the network.
We evaluated our method on SHREC*13 and SHREC’14 sketch
track benchmark datasets. The experimental results demonstrated
that both view selection and cross-domain similarity models were
able to encourage retrieval performance.

Index Terms—SKketch, 3D shape, similarity model, best view
selection.

I. INTRODUCTION

N RECENT times with the proliferation of 3D shapes, the
demand for efficient retrieval of 3D shapes has been in-
creasing both in academia and industry. At present, most 3D
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Fig. 1.  The line renderings of 3D shapes from uniformly sampled viewpoints:

(a) 3D shapes and (b) their corresponding line renderings. The line renderings
with the red bounding box are uncommon perspectives.

shape databases that are frequently used were developed by the
keyword-based retrieval approach, such as 3D Warehouse and
TurboSquid. They require rich and accurate annotations for 3D
shapes, which is a considerable workload. Another approach is
the content-based method, in which users are allowed to provide
a similar 3D shape to retrieve what they desired. However, this
is impractical since 3D shapes are not easy to obtain. Compared
to these methods, sketch-based shape retrieval is more conve-
nient for users. Since users without professional skills can easily
express their intent by simply drawing sketches, sketch-based
shape retrieval has been gaining considerable attention in recent
years.

Sketch-based shape retrieval needs to overcome the appar-
ent discrepancy between images and 3D shapes. To address the
problem, most existing works [1]-[4] have attempted to project
3D shapes into 2D line renderings and measure the similarity
between sketches and projections. The viewpoints for projec-
tion were uniformly sampled on the spherical coordinate sys-
tem whose origin is the centroid of 3D shapes. However, such
methods always suffer from two problems. On the one hand,
due to the unknown pose of 3D shapes, some of the projections
could not characterize 3D shapes well. We demonstrated some
3D shapes and their line renderings, which were rendered from
uniformly sampled viewpoints in Fig. 1. Notice that some pro-
jections are difficult to represent as 3D shapes and even lead to
ambiguity (e.g., the rightmost projection of a camel sometimes
looks similar to a horse). In the design literature [5] and other
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Fig. 2.

The framework of our algorithm. First, we proposed a view selection method to select the best viewpoints for 3D shapes. Then, the projections of selected

viewpoints and sketches were fed into convolutional networks of corresponding domains to perform feature extraction. Finally, a cross-domain similarity model
was applied to calculate the similarity distance between the features of the sketch and the 3D shape.

sketching systems [6]—[8], researchers also recommend the use
of informative perspective viewpoints that reduce ambiguity by
showing the 3D object with minimal foreshortening on all sides.
On the other hand, directly comparing sketches and projections
may harm the retrieval since projections can only express one
side information of 3D shapes. Recently, Su [9] proposed the
MVCNN (multiview convolutional neural network) to fuse dif-
ferent projections into compact representations of 3D shapes,
which can effectively solve the problem. Our proposed method
leverages MVCNN to improve representation learning for 3D
shapes.

Another problem arises from the similarity measure between
sketches and 3D shapes, which is insufficiently studied. Most
previous works projected the features of sketches and 3D shapes
into the same feature space and applied Euclidean distance or
cosine similarity to calculate the similarity between them. How-
ever, since sketches and 3D shapes lay in different domains, the
method for measuring the similarity between them could greatly
impact retrieval performance. In addition, because the similarity
model is highly related to the property of features, it is nearly im-
possible to specify the best similarity model by human decision
making.

In this paper, we proposed a method to resolve the problem
of best view selection and similarity measure between differ-
ent domains. To solve the viewpoint problem, we proposed
a best view selection algorithm inspired by Zhao [10] to se-
lect the best viewpoints of 3D shapes, which can reduce un-
reasonable projections and benefit the representation learning
of 3D shapes. The idea is based on the fact that when people
draw sketches, they mostly tend to create objects from some
common perspectives, which means there hardly exists uncom-
mon perspectives that have never been considered. Thus, we
can acquire representative projections of 3D shapes by render-
ing shapes into line renderings from numerous viewpoints and

then compare the contour similarity between line renderings
and sketches. By using the prior of sketches, we find some of
the best viewpoints for each 3D shape regardless of their pose,
and the process can be achieved without any manual annota-
tions. For the similarity measure problem, several works have
recently been explored to resolve visual matching or feature
adaption for different domains, such as person reidentifica-
tion [11], [12], sketch-based image retrieval [13]-[16] and fea-
ture fusing of different modalities [17], [18]. In this paper, we
applied a cross-domain similarity model proposed by Lin [11]
to compute the similarity between sketches and 3D shapes. This
similarity model was proven to be a generalized form of Maha-
lanobis distance and cosine similarity. We embedded the simi-
larity model into a neural network and optimized its parameters
in a data-driven manner, which is more robust for cross-domain
feature matching.

The framework of our method is shown in Fig. 2. It is mainly
comprised of three modules: a best view selection, feature ex-
traction and a cross-domain similarity model. First, we put the
centroid of each 3D shape at the origin of the spherical co-
ordinate system and uniformly sampled a mass of viewpoints
to render shapes into line renderings. Then, a view selection
method was implemented to select the reasonable projections for
each 3D shape. The details of this method are demonstrated in
Section III-A. Next, we used two different convolutional net-
works to extract features of the selected projections and sketches
and combined features of projections into compact represen-
tations of 3D shapes. Finally, the features of sketches and 3D
shapes were fed into a cross-domain similarity model to measure
the similarity distances between them. Here, minimal distance
guarantees the most similar features. We used triplet loss to train
our similarity model and introduced online hard sample mining
to accelerate the convergence and increase the performance of
the network.
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In summary, the contributions of this paper are three-fold:

® We proposed a view selection method to select the best
viewpoints of 3D shapes, which can promote the represen-
tation learning of shapes.

® We leveraged a cross-domain similarity model to perform
feature matching between sketches and 3D shapes, which
can improve the retrieval accuracy.

e We evaluated our method on the SHREC’13 [19] and
SHREC’ 14 [20] benchmarks. The result shows that both
the view selection and similarity model can improve the
performance.

The rest of this paper is organized as follows. Section II re-
views related works. In Section III, we demonstrate our view
selection method and similarity model in detail. We present
experimental results in Section IV and conclude this paper in
Section V.

II. RELATED WORK

In this section, we review some related works of best view
selection and sketch-based shape retrieval.

A. Best View Selection

Itis challenging to determine the best viewpoints of 3D shapes
due to the ill-defined best viewpoints. Eitz et al. [1] struggled to
learn a view classifier to select the best projections of 3D shapes
based on the area of projection and occluding contours. Yasseen
et al. [21] established the definition of best viewpoints from
the perspective of cognitive science that representative projec-
tions are supposed to have minimal part occlusion or maximal
information and minimal symmetry. They also proposed some
methods to quantify these concepts. Lu et al. [22] considered the
problem from a different perspective and argued that a viewpoint
is preferred if people usually draw shapes from it. They selected
the preference viewpoints of 3D shapes by measuring the simi-
larity between sketches and line renderings. Zhao et al. [10] also
considered sketch contours and proposed a method to learn best
views of 3D shapes by using the context information of contours
of sketches and line renderings. Here, we leveraged sketch con-
tours in our prior process. Moreover, we applied a convolutional
network [23] pretrained on edge images to extract the feature of
contours, which can preserve the semantics of sketches and is
more robust against the large variations of sketches.

B. Sketch Recognition

Since the widespread use of touch screens on portable devices,
sketching has been introduced as a means of human-computer
interaction, and sketch recognition has become a challenging
task in computer vision. In 2012, Eitz et al. [24] released the
first large-scale TU-Berlin sketch dataset because free-hand
sketch recognition has attracted increasing attention. Earlier
studies [24]-[26] applied hand-crafted features as feature rep-
resentations of sketches and used SVM to classify sketches.
Due to the success of deep learning, convolutional neural net-
works were effectively explored for sketch recognition. Omar
et al. [27], [28] designed a network to extract features from
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sketches and employed LSTM to investigate the stroke order of
sketch drawing. Likewise, Yu et al. [29], [30] used CNN as a
feature extractor and applied ensemble fusion to improve recog-
nition performance. Recently, Zhang et al. [31] proposed hybrid
CNN, which consists of two-stream CNNSs, to extract powerful
features based on sketch appearance and shape. In our work, we
used Inception-ResNetv2 [32] as the backbone for our sketch
network.

C. 3D Shape Recognition

Our work is also related to 3D shape recognition. A large
corpus of previous works computed 3D shape descriptors di-
rectly on the native 3D representations of objects, such as poly-
gon meshes, voxel-based discretizations or point clouds. Tabia
et al. [33] explored the covariance matrices of descriptors of 3D
shapes and studied geodesic distances on the Riemannian man-
ifold of matrices as metrics for 3D shape matching and recog-
nition. Xie et al. [34] extracted multiple types of hand-crafted
shape features and constructed a novel deep multimetric network
for 3D shape retrieval. Because of the success of deep learning
in feature learning, researchers have increasingly taken inter-
est in applying neural networks to directly extract features of
3D shapes. Volumetric CNNs [35], [36], as an extension of the
2D convolutional network, were explored to extract features on
voxelized shapes. Recently, Qi et al. [37], [38] first proposed a
new network architecture named PointNet to process large point
clouds. In this paper, since we aimed to compute the similarity
between images (sketch) and 3D shapes, view-based descriptors
are preferred to perform feature extraction for 3D shapes. A pi-
oneering work toward exploiting view features of 3D objects is
MVCNN [9]. It learns a compact shape descriptor from multi-
ple rendered views of an object using CNN with a view-pooling
layer. Bai et al. [39] applied CNN to extract features of projec-
tive images and sped up the retrieval task by combining GPU
acceleration and inverted file. Recently, Ma et al. [40] proposed
to combine CNN with LSTM to exploit the correlative informa-
tion from multiple views and achieved promising performance
for 3D shape recognition and retrieval. In our work, we first se-
lected the preference viewpoints using the prior of sketches and
then applied MVCNN [9] to compute descriptors by extracting
features from rendering views of 3D shapes and fusing them
into compact descriptors for 3D shapes. Compared to previous
works, our method requires fewer projections and can encourage
sketch-based shape retrieval.

D. Sketch-Based Shape Retrieval

Sketch-based shape retrieval has received increasing interest
in computer vision and computer graphics. Previous works [1],
[31, [41], [42] preferred to render 3D shapes into line render-
ings before extracting hand-crafted features of projections and
sketches to measure their similarity. Saavedra et al. [3] ex-
tracted the external contours of projections and sketches and then
applied three kinds of descriptors to describe the contours. Sub-
sequently, the Manhattan distance was used for similarity match-
ing. Eitz et al. [1] rendered 3D shapes using occluding contours
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and suggestive contours from numerous viewpoints. They ex-
tracted features of projections and sketches by performing the
bag-of-features method and computed similarity using cosine
similarity. Recently, as the success of deep learning in com-
puter vision, several deep learning-based approaches have been
extensively leveraged. Wang et al. [2] first adopted a Siamese
network to extract features of sketches and projections. They out-
performed other state-of-the-art methods based on hand-crafted
features. Xie et al. [43] proposed to learn barycentric repre-
sentation of 3D shapes based on Wasserstein distance. They
then applied another network to extract features of sketches
and calculated the similarity using Euclidean distance. Chen
et al. [44] adopted the domain adaption method to transfer fea-
tures of sketches to the feature space of 3D shapes, which com-
pensated for the divergence between different modalities. Their
method significantly outperformed the state-of-the-art methods.
Therefore, we integrated a deep learning approach in our work.
However, we proposed the best view selection method to en-
hance the representation learning of 3D shapes, which has not
been sufficiently studied in this era. Furthermore, we applied
a cross-domain similarity model [11] in a sketch-based shape
retrieval task, which can encourage retrieval performance.

III. METHOD

In this section, we devote the overall introduction to the pro-
posed method. Our framework consists of three modules: a view
selection module to select reasonable projections of 3D shapes,
two networks for feature extraction, and a cross-domain simi-
larity model to measure the similarity of different domains. In
subsection A, we demonstrate the process of our view selection
algorithm. The feature extraction networks for sketches and 3D
shapes are briefly covered in subsection B. Then, we introduce
the formulation of the similarity model in subsection C. Finally,
we discuss the optimization of our method and online hard sam-
ple mining in subsection D.

A. Best View Selection

Representative projections can significantly promote the
recognition of 3D shapes. However, due to the unknown pose of
3D shapes and ill-defined best viewpoints, it is still challenging
to obtain reasonable projections. Inspired by Zhao [10], we used
the prior that sketches may depict the painter’s favorite view of
the object to select reasonable viewpoints of 3D shapes auto-
matically. Although the drawing style among people may differ
greatly, the difference usually occurs in the shape of objects,
the richness of contents, and other aspects, while the preference
viewpoints are much the same. We show some sketch examples
in Fig. 3. The examples illustrate that although large variations
exist in different objects, the preference viewpoints are nearly
the same (e.g., for airplane sketches, people tend to draw them
from side view and frontal view, and rarely choose the bottom
view or top view). Hence, the information of reasonable view-
points may implicitly exist in these sketches, which can further
assist in selecting the representative projections of 3D shapes.

The process of our best view selection method can be divided
into four steps: (1) to render each 3D shape into line renderings
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Fig. 4. The rendering effect of 3D shape: (a) the uniformly sampled view-
points, red points indicate the position of viewpoints, (b) line renderings from
different viewpoints.

from densely sampled viewpoints; (2) to obtain the sketches
that belong to the same class for each shape; (3) to compute the
similarity between sketches and line renderings and obtain the
similarity score for each line rendering against corresponding
sketches; (4) to rank each line rendering according to similarity
scores and select top-K line renderings as the most reasonable
projections for each 3D shape.

Specifically, to render 3D shapes, we put the centroid of
each shape at the origin of the spherical coordinate system and
uniformly sample an enormous number of viewpoints. Virtual
cameras are placed at these viewpoints, and all of them point
toward the centroid of the mesh. To make the projections of
3D shapes roughly resemble user sketches, we applied exterior
silhouettes, occluding contours, suggestive contours [45], appar-
ent ridges [46] and boundary lines to render project views of 3D
shapes. After rendering each shape, we obtained its projections
V = {v;}¥, where k represents the number of viewpoints and
was set to 80 in our experiment. Fig. 4 presents some rendering
results of a 3D shape. The sketches that belong to the same class
for each shape are gathered and denoted as S = {s;}, where n
is the number of sketches.

We then calculated the similarity between each projection and
the corresponding sketches. Zhao [10] employed a Harris corner
detector to compute the Harris key points of contours, and pro-
posed a key context similarity to compute the similarity between
contours of sketch and projection. However, due to the high ab-
straction of sketches, we found that their approach was not very
robust and inevitably led to the selection of unreasonable pro-
jections. For this challenge, we applied another shape matching
model proposed by Radenovic [23] to perform a similarity mea-
sure between sketches and line renderings. Radenovic [23] cast
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shape matching as metric learning with a convolutional network
and trained their network using edge maps extracted from nat-
ural images. Their experimental results showed that their shape
matching model can generalize well to similarity measures of
different fields, such as sketches and edge maps. In this paper,
we leverage the pretrained model in [23] to extract the features
of sketches and line renderings. This feature extractor was de-
noted as feqge, then the similarity distance between sketch and
projection could be calculated as follows:

Sedge(via 51) = ||f€dge(vi) - fedge(si)HQ (1)

where ||.||2 is the Euclidean distance. We further normalized the
similarity between the projection and each sketch into [0, 1]:

Sedge(via Sz) — min Sedge (Uiy 8j>

p(’Ui,Si) = (2)

max Sedge (Vi, §5) — min Seqge(vi, S5)
where s; € S. Finally, the similarity score between projection
v; and sketches S can be computed according to the following
equation:

h(vi, S) = exp (— Z p(vi,si)> 3)

s; €S

After the similarity scores for each projection are obtained,
we can sort them in descending order, and higher scores indi-
cate the more preferred projections. However, since the initial
viewpoints are densely sampled, nearby viewpoints may have
similar scores due to the tiny difference in their line renderings.
Therefore, we employ the ranking algorithm in [10] to increase
the diversity of the selected projections. We formulate a new
function to calculate the similarity score as follows:

h(vi, S) = exp <— Z p(vg, si)> + exp (— ¢§Zl2)2> 4)

s; €S

where 0 = 0.2 and ¢(v;) is a penalty term to suppress those
similar projections. It is defined as:
@(vi) = maxIoU (v;, v;) 5)

’U]‘EV

where V indicates projections that rank higher than v; according
to h(v;, S). The Intersection over Union(IoU) is applied to
measure the similarity between projections. It is defined as the
intersection of projection areas divided by their union. Obvi-
ously, the larger IoU is, the higher the similarity between v; and
its previous projections, which means a larger penalty is added
on v;. Note that when V' is empty, we define h(v;, S) = h(v;, S)
by default. The whole process of our ranking method is sum-
marized in Algorithm 1. We show some reasonable projections
produced by our approach in Fig. 5. Note that our view selection
procedure can filter out most viewpoints from unusual perspec-
tives. This procedure improves the representation learning of
3D shapes. The quantitative justification for our view selection
procedure on 3D shape classification is shown in Section IV
Table IV.

Our best view selection module is performed offline before
training feature extractors. Specifically, we computed the best
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Fig. 5. The top-6 projections selected by our approach.

Algorithm 1: Best View Selection.
Input: line renderings of each viewpoint
Output: U, the set of top-N best line renderings
1. U+ {}
: Initial scores $; of each viewpoint v; € V using (3)

2
3:  choose v; with highest s;
4. U+ U—+wv;
5. V+V-— (7
6: repeat
7 for all v; € V do
g 5= +ow (—22L)

: S; = S; + exp 552

9: end for
10: choose v; with the highest s;
11: U+ U-++uw;
12: Ve V—u
13:  until size of U reaches N

viewpoints for each 3D shape and saved their preference line ren-
derings offline. These line renderings are further used to train our
ShapeCNN, which is described in subsection B. During testing,
the preference viewpoints of a 3D shape can be computed by
comparing its projections with the training sketches that have
the same class label using Algorithm 1. Then, the preference
projections can be further leveraged to extract the feature of the
3D shape.

B. Feature Extractor

In this module, two different convolutional networks,
SketchCNN and ShapeCNN, were employed to extract fea-
tures of user sketches and 3D shapes, respectively. We applied
Inception-ResNetv2 [32] as the backbone of our SketchCNN
and used the output of the last avg-pooling layer as the sketch
features. We chose Inception-ResNetv2 because the residual
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Fig. 6. Our ShapeCNN for feature extraction of 3D shapes: (a) the overall
architecture of ShapeCNN, (b) the network architecture of CNN component
in ShapeCNN. BN refers to batch normalization [50], and FC refers to fully
connected layers. We passed all line renderings from best viewpoints through
the CNN component to extract features. These features were fused through the
view-pooling layer and further fed into the subsequent layers to obtain a compact
shape descriptor.

connections could accelerate the training convergence and had
better performance compared with other Inception networks,
according to [32]. Following [43], [47], we initialized the pa-
rameters of Inception-ResNetv2 by the model pretrained on Im-
ageNet [48]. Since sketches are quite different from the training
images in ImageNet [48], we attached a fully connected layer and
a softmax classification layer to the end of the last avg-pooling
layer to construct a multiclass sketch classifier and fine-tuned
the network.

Assume that the sketches can be classified into C' classes,
given a training sample (s;, ¢;), we trained the SketchCNN using
the following classification loss:

exp(p(si, i)
S exp(p(si k)

where s; denotes the ¢-th training sketch with ground-truth class
¢i, and p(s;, k) denotes the probability of s; belonging to the
k-th class.

For 3D shapes, we applied view-pooling [9] to aggregate fea-
tures of preference projections and synthesized them into a com-
pact 3D shape descriptor. The architecture of our ShapeCNN is
shown in Fig. 6. The convolutional component is the same as
in AlexNet [49], and the view-pooling layer is placed close to
the last convolutional layer. The feature obtained from view-
pooling was fed into subsequent fully connected layers. Similar
to SketchCNN, we initialized the convolutional component us-
ing a pretrained AlexNet and fine-tuned the network by attaching
a classification layer. We used the 512D feature vector before
the classification layer as the features of 3D shapes.

(6)

le(si,¢;) = —log

C. Cross-Domain Similarity Model

The similarity measure is less investigated in sketch-based
shape retrieval. Most existing works projected features of
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sketches and 3D shapes into the same feature space and com-
puted their similarity based on Euclidean distance or cosine sim-
ilarity. However, since similarity models are highly related to the
properties of features, it is difficult to determine the most appro-
priate similarity measure. Therefore, we explored a generalized
similarity model proposed by Lin [11] to perform cross-domain
feature matching. This similarity model combined Mahalanobis
distance and cosine similarity under affine transformation, and
its parameters could be optimized in a data-driven manner, which
encouraged the performance of the cross-domain similarity mea-
sure. In [11], the similarity model was applied to compute sim-
ilarity between images of different modalities. In this paper, we
leveraged it to perform a similarity measure between sketches
and 3D shapes.

Assume x and y are two samples of different domains. We
performed feature extraction and obtained feature vectors x and
y, respectively (assume x,y € R*). Then the similarity model
can be expressed as:

A C d| [x
S(x,y):[xT yT 1] c’ B ellyl o
d’ T f| |1

where A represents the self-correlation of sketch samples, B
represents the self-correlation of 3D samples, and C represents
the cross-domain correlation between sketch samples and 3D
samples. A and B are only dependent on their own domains,
while C is affected by both domains. Asderivedin[11], A and B
are restricted as semidefinite matrices, while C is less restricted
(A,B, C € R**F), d and e are parameter vectors corresponding
tox and y, respectively (d, e € R¥), and f is a scalar. We further
factorized A, B, C as:

A=LATLaA
B=Lg"Lg
C=-Lg'LY @®)

(8) was substituted into (7) to obtain the generalized similarity
model:

La'La -LETLY d| [x
S(x,y):[xT yT 1} —L’éTL)éT Lg’Lg el |y
dar e’ fl |1

= |[Lax| + |[Lpy|? +2d7x
—2(LEx) " (LEy) + 2"y + f ©9)

The formulation in (9) represents the final form of the similarity
model, and its value is used to obtain the similarity. Note that
this model is asymmetric, meaning S(x,y) # S(y, x), which is
reasonable because x and y belong to different domains and thus
have different parameters. Since f has no influence on training,
we set it to —1.9 throughout this paper as in [11].

To obtain the parameters of the similarity model, we incor-
porated the similarity measure matrix into a metric network and
optimized its parameters using a data-driven manner. We first
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Fig. 7. The architecture of our metric network. All parameters in the shared

subnetwork were shared between different domains except batch normalization
layer (BN), while the similarity subnetwork had different parameters for dif-
ferent domains. The output of the metric network formed the parameters of the
similarity model, and the similarity was further calculated by (9).

projected the features of sketches and 3D shapes into 512D fea-
ture vectors and constructed a metric network to compute the
parameters of the similarity model. Our metric network is shown
in Fig. 7. It is composed of two modules: a shared subnetwork
and a similarity subnetwork. The shared subnetwork consisted
of four fully connected layers, each of which is followed by
ReL.U activation and batch normalization [50]. The parameters
of all fully connected layers are shared between sketches and 3D
shapes except batch normalization [50], since the latter performs
normalization according to the mean and variance in samples,
which should not be shared between different modalities. The
similarity subnetwork has only two fully connected layers for
two domains and is aimed at computing similarity components,
such as Lo x. Once the outputs from the metric network were
obtained, we measured the similarity between sketches and 3D
shapes using (9).

Since the similarity components of 3D shapes are independent
of sketches, we precomputed the similarity components offline,
and the similarity matching was efficient.

D. Optimization

We first fine-tuned two feature networks, as demonstrated in
subsection B and employed them to extract features of sketches
and 3D shapes. These feature vectors were saved offline and
used to train our metric network.

1) Metric Network: Contrastive loss [2], [11], [15], [43],
[51], [52] and triplet loss [12], [14], [16], [52]-[55] are two
common methods in metric learning. Compared with contrastive
loss, triplet loss is more stable and can achieve better results, as
shown in previous works [52], [54], [55]. Hence, we used triplet
loss to train our metric network.

Given a triplet sample in the form of (x,y™*, y™), in which x
is the sketch feature, y™ is the shape features of the same class
as x and y~ is of different class to x, triplet loss can be defined
as follows:

itriplet (Xv y+7 yi) = maX(S(X7 y+) - S(X7 yi) + Oa 0)
(10)
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where C indicates the margin that is enforced between positive
and negative pairs. We denote the output of the metric network
as:

72 [Lax LEx d7x|T

+ 4 [LBy-‘r L%’:y-i- eTy+]T

<

Y

(1>

Ley Liy e’y " (11)

To incorporate these output vectors into (9), we introduce three
auxiliary matrices as in [11]:

P, = [Ir><r 0rx(r+1)]
P2 — [Orxr Irxr Orxl]

P3 — [01><2T 11><1]T (12)

where 7 is the dimension of the output vector from the shared
subnetwork, I indicates the identity matrix and O indicates the
zero matrix. Thus, the original similarity model can be rewritten
as:

S(x,y") = (P13) P17 + (P157) T P1g*

—2(P33) " Paj +2PsT 7 + 2P Tt + f
(13)

S(x,y7) = (P12) P17 + (P15 ) P1g~

—2(P22) " Paj +2P3" % +2P3"§ + f
(14)

Substitute (13) and (14) into (10), then our objective function
can be represented as:

Ztriplet(xa y+7y7) = max(L(x,y*,y’) + C: O) (15)
where
L(x,y*,y ) =(P1g") P1g —2(P23) Poj ™ +2P5" j*

— (P17 ) Py +2(P2i) ' Pay~ —2P3 7§~
(16)

Assume that the parameters of the metric network are €2, the
gradient of the objective function with respect to €2 is

al~triplet oL
TO0 90 Sty h-Seay)+C>0 Sy
where  I.ondgition = 1 if condition is true, otherwise

Ieondgition = 0. Since there exist two network branches corre-
sponding to sketch and 3D shape, we denote parameters of the
sketch branch as €7 and parameters of the 3D shape branch as
Q5. For the sketch branch, the gradient can be calculated as

OL _ 0L 0%
0 OF O
Tp ~— Ty ~+y OT
— (2P Pyj — 2P, Pajt) o (18)
o
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(a) Normal triplet sample (b) Hard sample mining

Fig. 8. Illustration of hard sample mining. The orange color indicates the 3D
shape sample, and the blue color indicates the sketch sample. Different shapes
of icons represent different classes of 3D shapes and sketches. C is the margin
in equation (20).

Similarly, the gradient for the shape branch is

oL 0L oyt 87L5'§F
0y Oyt 00 07 0,
Tp ~+ \T ™ 95t
= (2P1 Ply — 2(P2!L‘) P2 +2P3 )7
009
NT Tp ~ ™ 99"
+ (2(P22) TPy — 2P, TPy — 2P3") —=— (19)
0
Hence, the objective function in (15) can be integrated into the

backpropagation.

2) Online Hard Sample Mining: To accelerate convergence
of the network, online hard sample mining in [55] was applied
to generate triplet samples. As shown in Fig. 8, a normal triplet
randomly selects positive and negative samples for the anchor
point in a batch. Hard sample mining aims to find the hardest
positive (negative) sample that has the maximum (minimum)
similarity distance from the anchor point in a batch. Since
hard samples can provide larger gradients during training, hard
sample mining helps to accelerate convergence and eliminate
zero gradients when positive and negative samples already
satisfy margin constraints in (15) in the normal triplet sample.
In our hard sample mining, we first randomly selected IV classes
and randomly sampled K sketch features for each class to build

sketch batches X = {X11,..,X1,Ks--sXN1s--s XN K}
of size N x K. Similarly, a 3D shape batch Y =
{y¥i1,-->¥Y1,5,--+YN1,---, YN,k } can be created. Then, for

each sketch sample x; ;, we select the hardest positive sample
Yip, which has the largest similarity distance to x; ;, from
the 3D shape samples of the same class as x; ;. Additionally,
we select the hardest negative sample, which has the smallest
similarity distance to X;; from shape samples of different
classes to x; ;. Thus, we obtain a triplet batch of size NV x K.
By using online hard sample mining, our objective function can
be represented as

N K
- 1 -
Ltriplet(X7Y) = NK E E ma'X(S(Xi,j7yi,p>
ig
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p = 3 i I I
T iR gy & &6
N EEL W AR
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(a) sketch (b) 3D shape
Fig. 9. Sketch examples and corresponding 3D shapes from SHREC’13
dataset.
where
Yip = argmax S(Xij: Yip)
ie{l,....,N},pe{l,... . K}
Ykn = argmin S(Xi,5, Yk,n)

ke{l,...,N},k#ine{l,...K}

E. Training Procedure

We trained our networks with 3D models and human sketches

in the following three steps.

e The first step is best view selection. Before training, we
rendered 3D models into line renderings. Then, we com-
puted the best viewpoints by view selection algorithm
(Algorithm 1) with training sketches and line renderings.

e The second step is feature extraction. In this step,
SketchCNN was used to extract sketch features from user
sketches, whereas ShapeCNN was used to extract shape
features from line renderings of best viewpoints. Both
SketchCNN and ShapeCNN were saved offline.

® The third step is cross-domain similarity model training.
The features of sketches and 3D shapes were fed into the
cross-domain similarity model, which is a metric network
to measure the similarity distance, as shown in Fig. 7.

IV. EXPERIMENTS

In this section, we evaluated our method on SHREC’13 [19],
[42] and SHREC’ 14 [19], [20] and compared it to state-of-the-
art methods. We further conducted experiments to analyze the
benefits of best view selection, generalized similarity models
and online hard sample mining.

A. Datasets and Experimental Settings

We tested our method on SHREC*13 and SHREC’ 14 sketch
track benchmark datasets. SHREC’13 was constructed based
on a human sketch dataset [24] and Princeton shape bench-
mark [56]. It contains 7,200 sketches and 1,258 shapes, and
a total of 90 classes. Each class consists of 80 sketches: 50 sam-
ples for training and 30 samples for testing. The construction of
SHREC*14 is similar to SHREC’13. It contains 13,680 sketches
and 8,987 shapes, and a total of 171 classes. Following the same
configuration as SHREC’ 13, the sketches for each class were
splitinto 50 training samples and 30 testing samples. We showed
some examples of SHREC’13 in Fig. 9. Due to the large varia-
tions in sketches, the retrieval task is very challenging.
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In our experiment, we applied the configuration of the
SHREC*13 and SHREC’ 14 datasets. For each class, we used 50
sketches for training and the remaining 30 sketches for testing.
In the best view selection procedure, we leveraged all the train-
ing sketches to compute preference viewpoints for 3D shapes.
We ranked the line renderings of each 3D shape and selected the
top 6 preference line renderings to perform feature extraction for
3D shapes. The training sketches and preference line renderings
were leveraged to fine-tune SketchCNN and ShapeCNN using
the classification loss in (6). The output dimension of the shared
subnetwork in our metric network was set to 64, and the mar-
gin in (20) was set to 5. We employed the Adam [57] optimizer
to train our network. The initial learning rate was 0.01, and de-
cayed exponentially after 5 epochs. To fine-tune SketchCNN and
ShapeCNN, their batch sizes were set to 24 and 20, respectively.
We adopted the Adam [57] optimizer to minimize classification
loss in (6) and triplet loss in (20). Once the classifiers were opti-
mized, we saved the features offline and applied them to perform
metric learning. For the metric network, we set /N and K in (20)
in online hard sample mining to 16 and 4, respectively. Since the
number of training sketches is limited, we applied the sketch de-
formation technique in [29] along with random flip and rotation
to augment the train samples.

We reported our results using the following evaluation meth-
ods: precision-recall curve, nearest neighbor (NN), first tier (FT),
second tier (ST), E-measure (E), discounted cumulative gain
(DCG) and mean average precision (mAP).

B. Comparative Results

We compared our method with other state-of-the-art meth-
ods on the SHREC‘13 and SHREC’14 datasets. We named
our method BV-CDSM (best view selection and cross-domain
similarity model). To reveal the effect of the best view se-
lection, we replaced the best view selection with a uniform
viewpoint sampling method, and all other factors remained un-
changed, which is denoted as BV-CDSM(uniform) in our ex-
periment. We removed our similarity model and used the output
of the shared subnetwork to compute similarity based on Eu-
clidean distance and cosine similarity, which were denoted as
BV-CDSM(Euclidean) and BV-CDSM(cosine), respectively.
These comparative settings aimed to explore the differences with
other state-of-the-art methods and causes for performance pro-
motion. We also explored the performance of the number of pro-
jections and online hard sample mining. To further understand
the effect of best view selection, we conducted an experiment
for 3D shape recognition.

1) SHREC’13 Dataset: We compared our method with
CDMR [4], HOG-SIL [42], SBR-2D-3D [41], SBR-VC [42],
Siamese network [2], LWBR [43], DCHML [58] and DCA [44]
on the SHREC’ 13 benchmark. The comparison results of NN,
FT, ST, E, DCG and mAP are shown in Table I. It is notice-
able that approaches based on deep learning (Siamese, LWBR,
DCHML, DCA and ours) are superior to those based on hand-
crafted features. Compared with other methods utilizing deep
learning, our method can also achieve higher accuracy. Com-
pared with DCA, which obtained the best accuracy among
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TABLE I
RETRIEVAL RESULTS ON SHREC’ 13 DATASET

Method NN FT ST E DCG mAP
CDMR[4] 0.279 0203 0.296 0.166 0.458  0.250
HOG-SIL[42] 0.110  0.069 0.107 0.061 0307 0.086
SBR-2D-3D[41] 0.132  0.077 0.124 0.074 0.327 0.095
SBR-VC[42] 0.164 0.097 0.149 0.085 0348 0.116
Siamese[2] 0.405 0403 0.548 0.287 0.607 0.469
LWBR[43] 0.712 0.725 0.785 0.369 0.814 0.752
DCHML|[58] 0.730 0.715 0.773 0368 0.816 0.744
DCA[44] 0.783 0.796 0.829 0.376 0.856 0.813
BV-CDSM(cosine) 0.764 0.780 0.833  0.387 0.851 0.803
BV-CDSM(Euclidean)  0.757 0.772  0.822 0.390 0.845 0.794
BV-CDSM ((uniform) 0.789 0.806 0.854 0.396 0.869 0.828
BV-CDSM 0.811 0.830 0.878 0.406 0.885 0.849
1.0
—— BV-CDSM
—— BV-CDSM(cosine)
—— BV-CDSM(euclidean)
—— BV-CDSM(uniform)
/_/'——'/"—— COMR ]
0.8 /(/"/— HOG-SIL 1
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D e———— . SBR-VC
0.6 1
(=4
o
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o .
@
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0.0 0.2 0.4 0.6 0.8 1.0
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Fig. 10.  The precision-recall curve for COMR, HOG-SIL, SBR-2D-3D, SBR-

VC, LWBR and our method on the SHREC’ 13 dataset.

previous methods, our approach outperformed it by 2.8% in NN,
3.4% in FT, 4.9% in ST, 3.0% in E, 2.9% in DCG and 3.6% in
mAP. The precision-recall curve in Fig. 10 demonstrates the ad-
vantages of the proposed method since our approach achieved
higher precision even when recall increased to 1. For LWBR,
it did not take advantage of the sketch prior and the cross-
domain similarity measurement. It sampled projections from
the 3D shape uniformly and applied Euclidean distance as the
similarity measurement. Compared with BV-CDSM(Euclidean)
and (BV-CDSM(uniform)), our PR curve performed better than
LWBR. This implies that the best view selection model and
the cross-domain similarity model are conducive to improving
the accuracy of the algorithm. We also reported the results of the
uniform viewpoint sampling method and other similarity mod-
els. Our best view selection can yield better performance and
outperform the uniform viewpoint sampling method by 2.1% in
mAP. This is because view selection can promote the feature
learning of 3D shapes, which in turn improves the retrieval per-
formance. Regarding the similarity measure, our approach can
both advance cosine similarity and Euclidean distance on all
evaluation methods, which shows the effect of the cross-domain
similarity model. As a result, the view selection model and the
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TABLE II
RETRIEVAL RESULTS ON SHREC’ 14 DATASET
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TABLE III
THE EFFECT OF DIFFERENT PROJECTION NUMBERS FOR OUR METHOD

Method NN FT ST E DCG mAP Projection NN FT ST E-Measure DCG  mAP
CDMR[4] 0.109 0.057 0.089 0.041 0.328 0.054 1 0.711  0.700  0.769 0.375 0.838  0.717
SBR-V(C[42] 0.095 0.050 0.081 0.037 0.319 0.050 2 0.732  0.726 0.787 0.385 0.849  0.742
SCMR-OPHOG([59] 0.160 0.115 0.170 0.079 0376 0.131 ) 0.760 0.774 0.808 0.398 0.865 0.733
BOF-JESC[60] 0.086 0.043 0.068 0.030 0310 0.131 6 0784 0.796 __0.831 0.404 0.868  0.800
Siamese[2] 0239 0.212 0316 0.140 0496 0.228 3 0'796 0.821 0'849 0'415 0‘890 0'829
LWBR[43] 0.403 0378 0455 0236 0.581 0.401 10 0'801 0‘826 0b853 0'417 0‘894 0'832
DCHML|[58] 0403 0329 0394 0201 0.544 0336 : : : : : :
MVPR[47] 0546 0506 0642 0301 0715 0.543 12 0.805 0832 0.859 0.421 0.896  0.834
DCA[44] 0.770  0.789 0.823 0.398 0.859 0.803
BV-CDSM(cosine) 0.747 0750 0.795 0.385 0.842 0.766
BV-CDSM(euclidean)  0.743  0.720 0.776  0.379  0.831  0.739 .
BV-CDSM(uniform) 0.736 0.709 0.790 0.389 0.828 0.739 “v;n } ® Normal triplet generation
BV-CDSM 0.784 0.796 0.831 0.404 0.868 0.809 - } ® Online hard sample mining |
1.0 %
—— BOF-JESC =
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Fig. 11.  The precision-recall curve for CDMR, HOG-SIL, SBR-2D-3D, SBR- (b) testing mAP

VC, LWBR, MVPR and our method on SHREC’ 14 dataset.

cross-domain similarity model both played significant roles in
promoting the retrieval performance.

2) SHREC’14 Dataset: We also evaluated our method on
the SHREC’ 14 dataset and compared it with CDMR [4], SBR-
VC [42], SCMR-OPHOG [59], BOF-JESC [60], Siamese [2],
LWBR [43], DCHML [58], MVPR [47] and DCA [44]. The re-
sults of NN, FT, ST, E, DCG and mAP are shown in Table II. Due
to the complexity of the SHREC’ 14 dataset, most methods, in-
cluding deep learning-based approaches, could not achieve high
performance. DCA significantly outperformed other methods
due to its important-aware feature learning and cross-modality
transformation. The performance of our method is approximate
to DCA. However, due to the view selection, only 6 projections
were required in our approach, which is more computationally
efficient compared to 12 projections in DCA. We presented the
precision-recall curve in Fig. 11 and further validate the robust-
ness of our method since the precision remains nearly unchanged
as recall increases to 0.9. Similarly, we also conducted experi-
ments to justify the effectiveness of our best view selection and
generalized similarity model. As shown in Table II, both the

Fig. 12.  The training loss and testing mAP of online hard sample mining and
normal triplet generation on SHREC’ 14 dataset.

best view selection and cross-domain similarity model obtained
better performance compared with uniform viewpoint sampling
and other similarity models.

In addition, we evaluated the effect of the projection number
on the SHREC’14 dataset. We ranked the line renderings ac-
cording to best view selection and selected the top-K renderings
for the experiment. The retrieval results are shown in Table III.
It can be observed that retrieval performance improved as the
projection number increased. This is reasonable since more pro-
jections provide richer information about 3D shapes, therefore
leading to better retrieval results. However, we found that the re-
trieval performance did not improve when the projection number
reached beyond 8. This is due to the information redundancy of
selected viewpoints and the increasing selections of ambiguous
projections.

Furthermore, we invalidated the performance of online hard
sample mining. We proposed the training loss and testing mAP
of online hard sample mining and normal triplet generation on
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Fig. 13.  Some retrieval results of the proposed method: (a) the red bounding
box denotes the incorrect retrievals, (b) the red bounding box denotes the correct
retrievals.

the SHREC’ 14 dataset in Fig. 12. Note that the network con-
verged faster in online hard sample mining than normal triplet
generation. Additionally, online hard sample mining achieved
a higher mAP when the network was finally optimized since
the network had a more powerful discriminative ability to those
outliers, which is difficult to mine in normal triplet generation.

We present some successful and failed retrieval results of our
method in Fig. 13. The first column shows query sketches from
different classes, and each row shows the top 9 retrieval results.
One can note that our method may have failed to retrieve correct
results due to the large within-class variations of sketches. For
example, the second row in Fig. 13(b) shows a query sketch
of a standing bird; however, since it has a similar look as the
kangaroo, our method failed to recognize it and returned 3D
shapes of a kangaroo as the top-4 results.

3) 3D Shape Recognition: We designed a 3D shape recogni-
tion experiment using the 3D shapes in the SHREC’ 14 dataset to
verify the effectiveness of the proposed best view selection for
feature learning of 3D shapes. The number of 3D shapes varies
among different classes in the SHREC’ 14 dataset. We selected
those classes with more than (or equal to) 80 shapes, and for
each class, we randomly chose 80 samples, among which 60
were used for training and 20 were used for testing. We adopted
the same network, as in Fig. 6. The recognition accuracy for
our view selection method (Ours), uniform viewpoints sam-
pling method (Uniform) and Zhao’s method [10] (Zhao) are
shown in Table I'V. Note that under the condition of 10 projec-
tions, our best view selection method and Zhao’s method [10]
outperformed the uniform viewpoint sampling method by 9.2%
and 7.6%, respectively, which means that view selection can
significantly boost the performance of feature learning of
3D shapes. With 4 projections, our method achieved higher
accuracy, higher than the uniform viewpoint sampling method
(with 10 projections) by 1.5%, which further validates the
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TABLE IV
THE ACCURACY OF DIFFERENT VIEW SELECTION METHODS FOR 3D
SHAPE RECOGNITION
Accuracy Method
Uniform  Zhao[10] Ours
Projection
2 0.738 0.817 0.821
4 0.783 0.863 0.857
6 0.814 0.876 0.883
8 0.825 0.893 0.912
10 0.842 0.918 0.934

effect of our approach. Our method outperformed Zhao [10] by
1.6% when the projection number was 10. However, we found
that when the projection number was reduced to 4, Zhao [10]
was slightly higher than ours by 0.6%. A great deal of informa-
tion about 3D shapes was lost when the projection number was
limited. Hence, representation learning is not very robust even
for best view selection. In addition, we learned that recognition
accuracy increases when more projections are added. This is
consistent with the result in Table III, meaning that more pro-
jections can preserve more information about 3D shapes, which
has more benefits to feature learning.

V. CONCLUSION

In this paper, we proposed a best view selection method to
select reasonable projections and applied MVCNN to learn a
compact feature for 3D shapes. Because our proposed method
can select projections that characterize 3D shapes, we achieved
a more robust representation learning for 3D shapes. To indi-
cate the apparent discrepancy between sketches and 3D shapes,
a cross-domain similarity model was leveraged to calculate
the similarity distance between features of sketches and 3D
shapes. We employed triplet loss and online hard sample min-
ing to train our model. Extensive experiments on SHREC*13 and
SHREC’ 14 benchmarks demonstrate that both best view selec-
tion and cross-domain similarity measures can achieve promis-
ing results.

There are still certain limitations to our work. First, since
we did not deeply study the feature representation of sketches,
our best view selection algorithm is not very robust to the high
abstraction of sketches and could cause some unexpected view-
points. Second, the training sketches are needed for our best view
selection module, which could be impractical for 3D shapes
of unknown classes. Additionally, without high-performance
equipment support, our system is not end-to-end trainable. For
deployment, it needs to be implemented on the server end. All
offline 3D features are stored in the server, and the proposed
method can be deployed on that server. Furthermore, the re-
trieval results are highly related to the recognition of sketches;
therefore, to achieve high accuracy against the large within-class
variations of sketches, we need to integrate both low and high
quality of all sketch features to the training dataset. We will in-
vestigate the stroke order of sketch drawings to enhance the
feature representations of sketches. Moreover, we will study
hashing features of sketches and 3D shapes into binary
codes [61] to reduce memory storage and boost computational
efficiency.
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