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Abstract
In a 3D shape retrieval system, when attempting to select the best view from many view
images, the ability to project a 3D shape into related view images from multiple viewpoints
is important. Furthermore, learning the best view from benchmark sketch datasets is one
of the best approaches to acquire the best view of a 3D shape. In this paper, we propose
a learning framework based on deep neural networks to obtain the best shape views. We
apply transfer learning to obtain features, i.e., we use two Alex convolutional neural net-
works (CNNs) for feature extraction: one for the view images and the other for the sketches.
Specifically, the connections to learn an automatic best-view selector for different types of
3D shapes are obtained through the proposed learning framework. We perform training on
the Shape Retrieval Contest’s 2014 Sketch Track Benchmark (SHREC’14) to capture the
related rules. Finally, we report experiments to demonstrate the feasibility of our approach.
In addition, to better evaluate our proposed framework and show its superiority, we apply
our proposed approach to a sketch-based model retrieval task, where it outperforms other
state-of-the-art methods.

Keywords Multiviewpoints · Best view · Convolutional neural networks ·
Transfer learning · Sketch-based model retrieval

1 Introduction

In computer graphics, information retrieval, computer vision, etc., the ability to retrieve 3D
shapes from 2D sketches is both important and has great practical value. Compared to tra-
ditional attempts, which use keywords or 3D models as queries, the sketch-based method is
attractive because manually created sketches are often the easiest form of input; moreover,
sketches include sufficiently rich details to specify shapes. In fact, the idea of searching from
sketches has been applied in many 3D graphics applications, such as sketch-based retrieval
[7, 11, 22, 25] and 3D shape visualization. However, this approach has many remaining
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problems, such as dimensional asymmetry, which has been the focus of many researchers
and greatly limits the achievement and application of sketch-based shape retrieval. There-
fore, automatically selecting the best view for a given 3Dmodel is one of the most important
preprocessing tasks in 3D model retrieval and is a better solution to solving the dimension
asymmetry. More precisely, to determine a few viewpoints that follow human visual prefer-
ence, we must attempt to solve the problem of best-view selection. The inherent issue is that
identifying the best view is an unsolved problem, partially because a general definition of
best view is elusive. In fact, training many best-view methods requires manually selecting
viewpoints, which makes view selection by finding the best view a chicken-and-egg prob-
lem. Fortunately, many suitable sketch datasets exist, which we use as our training samples
to obtain the best view for a shape.

Recently, several researchers have conducted studies to solve this problem. For example,
Dutagaci et al. [6] described a benchmark to evaluate the best selection algorithms. This
approach proposed a methodology and a quantitative measure to evaluate the performance
of view-selection approaches. Fu et al. [10] concentrated on the upright orientation of man-
made objects by detecting the static equilibrium and learning discriminative attributes of the
views. Additionally, Yamauchi et al. [38] and Mortara et al. [24] presented the concept of
automatic upright orientation, which was generated after the viewpoint of the 3D shape was
determined. Moreover, Zhao et al. [40] presented a new insight into this field by introducing
a novel learning-based approach to automatically select the best views of 3D models using
new prior knowledge. A 3D shape viewpoint is usually reasonable if a human draws it;
therefore, in the present study, hand-drawn sketches collected from relevant datasets, such
as the TU-Berlin Sketch dataset [8], were used to enforce this concept. Zhou et al. [42]
also proposed a learning-based method to obtain the best view of a shape. The view-image
features are based on contextual relationships collected between a pair of sketches and view
images, which obtains positive and negative samples. While this method can achieve good
performance, its main disadvantage is that acquiring the features requires considerable time.
In this paper, we adopt the convolutional neural network as a classifier rather than multilayer
perceptrons.

The best view for a 3D shape not only difficult to determine but the definition of the best
view may vary substantially in different applications. For instance, in 3D shape representa-
tion, the best view always covers the greatest area of the shape. However, in sketch-based
retrieval, the best view is the one that is most similar to the hand sketch, rather than the
one covering the largest shape area. In most cases, very little difference may exist, but for
a learning method, how to select the learning object is very important. Specifically, if a
web image is selected to learn the best view of a shape, the result often closely resembles
the web image; however, the web image may differ from the hand-drawn sketch. In this
paper, we propose a novel concept by learning hand-drawn sketches to mimic the process
by which people hand-draw sketches. In this way, we can obtain a view that is suitable for
sketch-based retrieval, i.e., the best view of a shape more closely resembles the hand-drawn
sketch, by minimizing the differences in the sketch and 3D shape representations. The main
contributions of this paper are as follows:

1. We employ a pretrained AlexNet-based convolutional network to extract features used
to measure the relations between a sketch and a view image of a shape. Both positive
and negative samples are used while training the network.

2. A view ranking process is conducted to rank the view images. Through the CNN, we
can acquire good views of 3D shapes but not the best views. Thus, how to collect the
best view from a set of good-view images is a key aspect. Based on the output scores
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of the CNN, we propose a view ranking method that utilizes the mean-shift algorithm
to enlarge the best view diversity and remove similar good-view images.

The remainder of this paper is organized as follows: In Section 2, we summarize related
works. In Section 3, the learning framework is described in detail. Section 4 describes
related experiments conducted on the Princeton datasets, and the presents the results.
Finally, we conclude the paper in Section 5.

2 Related works

2.1 Learning best-viewmethods

Recent works have introduced many learning-guided methods been introduced. For exam-
ple, Eitz et al. [7] used the silhouette length, projected area, and smoothness of the depth
distribution over the shape as features to train a perceptual classifier. This method achieved
acceptable results for simple shapes but it failed when applied to complex models. Zhao
et al. [40] used a similar approach but with some differences. First, they used hand-drawn
sketches instead of photos training. Furthermore, they proposed a different similarity mea-
sure to map sketches that produced more stable results. Additionally, they obtained specific
relations between the sketches and viewpoints in the dataset by training a generic classifier
that could compute the best views for 3D shapes without requiring precise classification.
Liu et al. [21] proposed a web-image-driven approach that directly explored human percep-
tion by observing 3D shapes from relevant web images. Then, they adopted area similarity,
silhouette similarity, and saliency disparity to compute the corresponding view from an
image. The final views were determined by voting on all the input images. In contrast, Laga
et al. [18] presented a data-driven approach that formulated the best-view selection problem
as a feature selection and classification task. This approach was robust to intraclass varia-
tion and functioned consistently when given models of the same class of shapes; however,
its performance was strongly dependent on the training dataset. Moreover, Laga et al. [16]
used boosting to learn the best views of 3D shapes based on the assumption that models of
the same shape class share identical salient features.

Best views are computed directly from the geometric features of 3D shapes, such as
mesh strips or vertices. The saliency of a 3D shape was first addressed by Lee et al. [17]
and computed by center-surround filters with Gaussian-weighted curvatures. Moreover, the
best view was selected as the one with the largest amount of mesh saliency among the set
of sampled views. Based on this idea, Shtrom et al. [27] presented a new saliency measure-
ment in which the saliency detection algorithm was based on finding distinct points using a
multilevel approach, which was efficient for large point sets.

Zhou [42] proposed a method to obtain the best view of a shape based on an MLP clas-
sifier. This method can successfully obtain the best view of a shape that closely resembles
a hand-drawn sketch. However, the MLP classifier does not extract features; it obtains fea-
tures based on path traversal. Moreover, the classifier consumes substantial amounts of time,
and the results are not always satisfactory. Kim et al. [13] proposed a novel salient view
selection method that used CNNs to obtain thumbnail images of 3D shapes. Nonetheless,
this method learns from web images, not sketches. In fact, the differences in category-
specific sketches are larger than those of web images. Therefore, this method has difficulty
producing good results for sketch-based 3D shape representation applications and thus is
unsuitable for sketch-based applications.
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2.2 Deep learning network and related learning task

Recently, deep learning approaches have achieved success in many computer vision tasks;
for instance, see Hinton et al. [12], Srivastava et al. [30] and text retrieval from video
[29]. Chopra et al.[3] presented a Siamese CNN—a specific neural network architecture
consisting of two identical subconvolutional networks that is used in a weakly supervised
metric learning setting. The goal of the network is to make the output vectors similar when
the input pairs are labeled as similar and to make the output vectors dissimilar when the
input pairs are labeled as dissimilar. The Siamese network has been applied to text clas-
sification [39], speech feature classification [14] and sketch-based 3D shape retrieval. In
addition, Krizhevsky et al. [15] proposed Alex CNNs (AlexNet) that set records on the stan-
dard object recognition benchmark. With its deep structure, AlexNet requires less domain
knowledge than handcrafted features and shallow learning frameworks and can effectively
learn complicated mappings between the raw images and the target. In addition, Simonyan
et al. [28] proposed a new network structure called VGG, which was more complex and
contained more convolutional layers. Szegedy et al. [31] proposed an even deeper network
architecture, GoogLeNet, that required more parameters to be set. GoogLeNet achieved
great success on large-scale image recognition tasks; however, because of its complex
architecture, it required more computation time. Moreover, cross-domain CNN approaches
have been widely used in sketch-based 3D retrieval, such as training two Siamese CNNs
[34], learning pyramid cross-domain neural networks [43] and multiview learning neu-
ral networks [32]. In addition, support vector machine (SVM)-based learning networks
[41] and MLP-based learning networks [42] have been used to conduct sketch-based
retrieval.

End-to-end learning methods have also attracted the attention of researchers, and many
new approaches have been proposed, such as that of Xie et al. [35–37]. Furthermore, new
direct shape features have been extracted to complete the learning task. These proposed
methods effectively avoid the problem of shape view selection.

2.3 Datasets for deep learning tasks

However, most deep learning networks, such as GoogLeNet and AlexNet, were designed for
images; in other words, the networks are oriented toward processing images, not sketches.
Therefore, sketch learning method require transfer learning.

Transfer learning is a process in which the knowledge gained while solving a problem
is stored and used to solve a different problem in a similar domain. In addition, deep learn-
ing methods require many samples. Fortunately, researchers have collected many important
datasets and made them available. Efforts to construct 3D datasets can be traced back sev-
eral decades. The Princeton Shape Benchmark (PSB) is one of the best sources for 3D
shapes [26], and many advancements have been made for general and special objects,
such as the SHREC’14 benchmark [19], ShapeNet [2], and the Toyohashi shape bench-
mark [33]. In addition, 2D sketches have been used as the input in many systems [5],
so large-scale sketch collections are also available. Eitz et al. [8] collected sketches (the
TU-Berlin Sketch dataset) based on the PSB dataset. Later, Li et al. [20] organized the
sketches collected by Eitz et al. [8] in their sketch-based 3D shape retrieval challenge. More-
over, Ferrari et al. [9] and Ma et al. [23] built sketch datasets to perform sketch-based 3D
shape retrieval. Nevertheless, compared to image datasets, sketch datasets are notably small
in scale.
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3 Proposed framework

3.1 Overview of proposed framework

A 3D shape represents high-dimensional data; this, its features are both complex and high
dimensional. To accurately depict 3D shapes, in general, we project the 3D shape into many
different view images that better represent the 3D shape. Nevertheless, many problems exist;
for instance, determining how many view images are required to effectively and accurately
represent a 3D shape and, conversely, how to represent a 3D shape based on view images.

In this section, we propose a new learning framework to obtain the best view of shapes.
An overview of our proposed method is shown in Fig. 1.

In this paper, two tasks must be completed based on CNNs: first, we extract and classify
features to predict the label of a sample, which is a binary classification task. Specifically,
the entire framework is composed of a training stage and a testing stage. In the training
stage, we apply both good-view and bad-view samples to train the network to classify view
image samples. During network training, we obtain the parameters for the network. In the
testing stage, using the trained network parameters, we can easily predict the label of an
input test shape.

However, that approach acquires only good view images—not the best view images—
of 3D shapes. However, many similar good images exist. In practice, we do not require
many similar view images; the majority of these images are meaningless. Therefore, view
ranking should be conducted to remove similar good-view images and rank the remaining
view images via a score function. We utilize the mean-shift algorithm to perform this task.

To train a network that can correctly predict the label of many different view images of a
shape, we must collect many related good- and bad-view samples, which raises the question
of what a good-view image is. However, this question is notably difficult to answer. In fact,
determining the best view for a shape is not a new problem; this task is relevant to many
areas, such as traversing three-dimensional shapes based on a virtual scene.

Fig. 1 Overview of the proposed framework, which obtains samples, trains the networks, tests the networks,
and ranks the views)
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Here, the best view for a shape commonly refers to a specific model viewpoint that repre-
sents the richest information of the shape when viewed by a human. The richest information
can be measured based on the curvature of the shape or the size of the surface. Nonetheless,
in sketch-based shape retrieval applications, the best view of a shape is defined differ-
ently because when people draw a sketch, they do not consider any geometric information
of the shape; they depend on only a type of hand-drawn habit. The purpose of acquiring
the best view of a shape is to minimize the differences between the input sketch and the
selected shape. The concept of a hand-drawn sketch habit is notably difficult to under-
stand and explain using mathematical equations or theoretical models. Fortunately, various
sketch datasets, such as the TU sketch dataset [8], are available that we can use to extract
hand-drawn sketch rules. Then, we can obtain better retrieval results.

We next present the details of the framework. The complete framework includes four
tasks: sample collection, network training, network testing, and view ranking.

3.2 Sample collection and feature extraction based on pretrained CNNs

Defining the differences between good and bad samples is difficult. When the similarity
between a sketch and a projected view image (from the same category) is large, then the
probability of that view image being a good sample is large; otherwise, the probability is
low. Therefore, we acquired many different view images and projected every model into
400 different view images. For a model Mi from the ith category, the projected view images
can be represented as Vi = {0 ≤ j < 400|vj

i }; the details of the projected view images are
shown in Fig. 2.

For a set of sketches Si = {sk
i |0 ≤ k < 80} from the ith category (in the TU sketch

dataset, every category includes 80 sketches, so we set 0 ≤ k < 80), many different view

Fig. 2 Overview of the procedure to obtain many different view images
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images Vi are projected for model Mi . A Siamese CNN can be built to extract the features
of the sketches and the features of the view images. Here, we use a shortcut to obtain the
features, i.e., transfer learning based on the pretrained AlexNet [15]. In many problems, the
large amounts of data required to train a model are not available; nevertheless, the nature of
the problem requires a deep learning solution to have a reasonable effect. For example, in
image processing for object recognition [31], deep learning models are known to provide
state-of-the-art solutions [28]. In such cases, transfer learning can be used to acquire generic
features from a pretrained deep learning model; these features are then used to build a
specific model to solve the problem. Thus, features of sketches and view images can also
be extracted. The architecture of AlexNet [15] and pretrained related information is shown
in Fig. 3.

We use an input patch size of 99 × 99 for both sources. The single CNN has five con-
volutional layers with three max pooling layers and three fully connected layers to generate
features. The first convolutional layer generates 96 response maps, each of which is pooled
to a size of 3 × 3. The 4096 features generated by the final pooling operation are linearly
transformed to 1000 × 1 features in the last layer. We use rectified linear units in all layers.

3.3 Similarity metric

As discussed in the preceding section, we obtain the sketch and view image features using
transfer learning; now, we need to measure the relationships between these features. We
consider the cth sketch from Si and variable sc

i ∈ Si , where the term |Si | is the number
of sketches in category i. Likewise, model Mi projects this sketch into N (N = 400) view
images based on the suggestive contour method [7]; these are denoted by Vi , which rep-
resents the view image set. We adopt a discriminative function first proposed by Chopra
et al. [3] to conduct face verification and subsequently used by Wang et al. [34] to complete
the task of training cross-domain networks to measure the similarity between the sketches
and the view images. This discriminative function is shown in (1):

Δ(sc
i , v

k
i ; θ) = θ × ηD2

m + (1 − θ) × βeγDm, (1)

99*99*1

Input layer Output 
layer

Convolutional 
layer Max pool

48 128 192 192 128 2048 2048

1000

48 128 192 128
2048 2048

FC layer

GPU 1

Alex-Net CNN

GPU 2 

11*11*48

5*5*128

3*3*192

3*3*192

Convolutional 
layer Max pool

Convolutional 
layer Convolutional 

layer
Convolutional 

layer
Max pool FC layer

11*11*48

11*11*48
3*3*192 3*3*128

5*5*128

3*3*192

192

3*3*128

Fig. 3 Architecture of the AlexNet [15] and pretrained related information for a convolutional neural network

Multimedia Tools and Applications (2020) 79:581–601 587

Author's personal copy



where θ is a binary similarity label (i.e., it equals 0 or 1), and the function Dm is the Man-
hattan distance between the feature vectors sc

i and vk
i of the samples. Moreover, according

to Chopra et al. [34], we set the following values: η = 5, β = 0.1, and γ = 2.
We assume that vk

i (0 ≤ k < 400) is the j th viewpoint of shape Mi and that sc
i is the cth

sketch. Then, we can determine whether the view image vk
i is a positive sample using (2),

Γ (vk
i , s

c
i ) =

Δ(sc
i , v

k
i ) − min

0≤c<80
Δ(sc

i , v
k
i )

max
0≤c<80

Δ(sc
i , v

k
i ) − min

0≤c<80
Δ(sc

i , v
k
i )

(2)

We compute the probability value 0 ≤ Γ (vk
i , s

c
i ) ≤ 1 for sketch sc

i and all related view
images Vi = {0 ≤ k < 400|vk

i } and obtain the similarity relationship of each vk
i ∈ Vi with

sketch sc
i . Through experiments, we found that we often obtain positive samples when the

term Γ (vk
i , s

c
i ) is equal to 1. To collect negative samples, we computed the average of the

term Γ (vk
i , s

c
i ) for the set Si(s

c
i ∈ Si); then, the viewpoints vk

i whose average probability
were below a specified threshold were considered negative samples.

A negative sample can be seen as a viewpoint that people seldom use when drawing a
3D shape. Finally, we collect the related positive and negative samples for the SHREC’14
datasets. In general, a decision function is used to obtain the samples. According to the
proposed positive-negative collective strategy, for a viewpoint vk

i of model Mi , the decision
function is defined in (3),

Φ(vk
i ) =

⎧
⎨

⎩

0 if ∃sc
i ∈ Si, Γ (vk

i , s
c
i ) ≥ 0.9

1 if ∀sc
i ∈ Si, Γ (vk

i , s
c
i ) ≤ 0.1

null otherwise

(3)

where Φ(vk
i ) = 0 indicates that view image vk

i is treated as a positive sample. If Φ(vk
i ) = 1,

the image is considered to be a negative sample; otherwise, the image is an invalid sample
that must be discarded or removed. In this case, we can easily obtain many different positive
and negative samples to train our final classification neural network.

3.4 Training the network to determine the best shape views

Sivic et al. [29] proposed the bag-of-features (BOF) framework, which has been widely
applied in various computer vision tasks for extracting visual features. However, we do not
use this method because our CNN network can already extract and classify features. In
the previous section, the network directly extracts features and we propose the similarity
metric to obtain the related positive and negative samples. In this section, the we describe
the classification task used to determine whether a view image is good. To complete the
classification task, we apply a softmax function to obtain the probability of each view image
being the best view.

In general, more positive samples than negative samples exist; therefore, we collected
five thousand positive and negative samples. In the training stage, we use the pretrained
AlexNet for classification. In fact, the network parameters are computed based on the
optimizer, which minimizes the cost function of the network. In this study, we use the
cross-entropy cost function to measure the performance of the entire network. The training
process involves fitting the related parameters based on a feedback network. As mentioned,
the Alex CNNs output a 1000 × 1 feature vector; we add a binary classification layer com-
posed of two perceptrons that represent 0 and 1. If the output result of the classification
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layer is 0, then the input sample is a bad-view image; otherwise, the input sample is a good-
view image. Clearly, we can obtain the corresponding value from each perceptron in the
classification layer. We assume that the values of the two perceptrons are z(1) and z(0). The
cross-entropy loss function is defined in (4).

In addition, we assume that the actual label of the input samples exists (here, the label is
1 if the sample is positive and 0 otherwise), and we represent the label as y,

C = −
1∑

i=0

{y × logz(i) +(1 − y) × log1−z(i)} (4)

where the cost function C is the loss value of the entire network. The RMS optimizer is
used to minimize C. Let θ denote the parameter vector of the entire network; then, we can
optimize the parameters using (5),

θ(x+1) = θ(x−1) − η
√

g(x) + ε
∇C(θ(x)) (5)

g(x) = α × g(x−1) + (1 − α) ×
[
∇C(θ(x))

]2
(6)

where x is the xth training epoch; η is the learning rate (which we set to η = 0.005); ∇ is
used to obtain the gradient of cost functionC; g(x) is the root mean square of the gradient for
the xth epoch of cost function C(x); and g(0) is 0. In addition, α is a decay constant: we set
α = 0.9. The parameter ε is a small constant for numerical stability such that g(x) + ε > 0
is always true. In this paper, we set ε = 1e − 10.

During the initial training stage, the gradient of the cost function decreases quickly. The
RMS function can reduce the learning rate to prevent parameter overfitting. An overview of
the network training process is shown in Fig. 4.

3.5 Testing of the network for the best view of shapes

At this point, we have completed the CNN training process, and the network parameters
have been updated. Consequently, we can use the CNN to predict the label of an input view
image. However, the obtained view images are only good-view images and not the best-
view image. Hence, we define a score function χ to assess the good-view images. In fact, to
understand the value of the classification layer, we normalize the output values of the two
perceptrons in the classification layer using the softmax function. We assume that the values

Fig. 4 Overview of network training to obtain the best shape view
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Fig. 5 Overview of network testing to obtain the best shape views

of the two perceptrons are z(1) and z(0). For view image vc
i , the score function is defined

in (7),

χ(vc
i ) = max

0≤b≤1

ez(b)

∑

0≤a≤1
ez(a)

(7)

The predicted label can be obtained using (8),

O(vc
i ) = arg max

0≤b≤1

ez(b)

∑

0≤a≤1
ez(a)

(8)

which outputs the label of the input view image. We can adopt all the view images Vi from
model Mi whose predicted labels are equal to 1 as the best-view candidates V̇i . Then, we
rank these best-view image candidates to obtain the final best shape view.

The process of testing the network to obtain the best shape views is shown in Fig. 5.

3.6 View ranking

View ranking has been proposed in many research papers, for example, Zhao et al. [40].
Because each vc

i is densely sampled from the bounding sphere of the shape, the nearby
viewpoints always have similar values because of their similar contour maps. Therefore, if
we choose the top N best vc

i by directly ranking the highest possibilities, the results will be
collected on only one side of the 3D shape, which is undesirable. This issue is illustrated in
Fig. 6.

Figures 6a, b, and c are assigned good probability values, but they are highly similar,
and the results will cause (d) to be eliminated. To discover all possible viewpoints, diversity
should be encouraged in the ranking. We use a view ranking method that selects top-ranked
viewpoints that correspond to different sides of a 3D shape. Let ρc be the score of vc

i

according to (7). Then, we propose a new ranking score ρ̌c, as shown in (9),

ρ̌c = ρc + Ξ
[
Λ(vc

i )
]

(9)

Fig. 6 Four different view images projected by the horse model. The view images in a, b, and c are very
similar, whereas the view image in d is clearly different
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where the function Λ(·) is a penalty term to suppress similar viewpoints. Moreover, Ξ(·)
is a monotonically decreasing function that controls the effect of Λ(vc

i ). In this paper, we
set Ξ(a) = 1

1+ea , which is clearly a monotonically decreasing function. In addition, the
penalty function Λ is defined as shown in (10),

Λ(vc
i ) =

∣
∣V̇i

∣
∣−1

max
d=0

IoUs(vc
i , v

d
i ) (10)

where vc
i ∈ V̇i are as defined previously.

The term V̇i is the set of all best-view candidates for the shape. The term
∣
∣V̇i

∣
∣ is the size

of the set V̇i . In addition, the function IoUs is the intersection over union, which measures
the similarity of two view images. Specifically, the term IoUs is defined as the intersection
of the projection areas of two viewpoints divided by their union. The computation of IoUs

is shown in Fig. 7. Three steps are required to obtain the IoUs of two different view images.

1. The bounding rectangle of the view images is obtained and moved to the center of the
image. To compute the intersection and union areas, we move the objects in the view
images to a new position, i.e., the center of the image. In particular, we compute the
offset value between the center of the bounding rectangle and the image; then, we can
easily shift the position of every pixel by this offset value to directly obtain a new view
object at the center of the image. Thus, we can intuitively compare the relationship
between two different view images.

2. Filling pixels. The view image has no color information, only black strokes and curves.
Moreover, these strokes are not regular curves; therefore, computing their areas directly
is challenging. In this paper, we propose a new and simple method for measuring area
by counting pixels. Thus, we must fill the pixels in each view object. Specifically, we
need to compute only the number of pixels required to fill the view image object; we
need not consider any geometric information of the view image. This method is clearly
effective for computing the IoUs indicator. However, because view images are diverse
and complex, it is difficult to perfectly fill the pixels in every type of view image. In
fact, perfect pixel filling is not imperative. In image processing, the IoU metric often
uses the bounding rectangle method. Our proposed method has a smaller error than that
of the bounding rectangle method. More importantly, all the view images are projected
by the same model, so these computing errors can be ignored.

3. Computing IoUs. After completing the above steps, the IoUs of the two view images
are easier to compute. In Fig. 7, the gray part of the image denotes the intersection area,
and the sum of the black and gray parts of the image can be interpreted as the union
area. Thus, the IoU can be computed easily.

Fig. 7 Overview of computing the IoUs of two different view images
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Fig. 8 IoU examples of four viewpoints when compute their similarity. The IoUs of viewpoints a and b, a
and c, and a and d are 0.93, 0.73, and 0.368, respectively

Figure 8 shows an example of viewpoints with different IoUs. The termΞ(vc
i ) penalizes

the viewpoints that are highly similar to previously ranked viewpoints, which results in
a lower ρ̌c value. Hence, the term ρ̌c encourages the selection of new viewpoints from
different sides of the 3D shape, which promotes diversity. Next, the method to rank different
viewpoints is presented.

Step 1: We select the top N viewpoints from the viewpoint set V̌i of shape Mi according
to the probability values obtained from (8). In this paper, we select the ranking
sample size as 20, i.e., N = 20, and let the term V̌i represent the set of top N

viewpoints, i.e., the candidate set of the best views.
Step 2: We select the largest value from set V̌i , whose viewpoint can be denoted as vs

i .

Here, the size of set V̌i is 20, and our target limits the candidate viewpoint set
scale. We attempt to minimize the number of best views. In fact, too many best
views will reduce the sketch-based retrieval performance.

Step 3: For each candidate viewpoint vc
i ∈ V̌i and term vc

i �= vs
i , using (10), we obtain a

possibility value set T for viewpoint vc
i . We use the mean-shift algorithm to find

the mean bias value. This process is illustrated in Fig. 9.

Fig. 9 Illustration of the mean-shift method for view ranking
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In Fig. 9, t represents the view image based on the max value of set T , and the
black circles denote all the elements in set T . Let V̌i represent the set of best-view
image candidates based on set T . We assume the definition vc

i ∈ V̌i and compute
the distances of the term ρ̌c and others. In addition, the position is moved to select
the viewpoints to remove from candidate set V̌i . The Gaussian kernel function is
used to ensure the new position of the V̌i map. Finally, we remove vc

i . When the
position of viewpoint vc

i no longer changes, the iteration stops.
The red circle denotes the removed view based on the mean-shift algorithm,

and the blue circle is the highest ρ̌ value of set T , which is the initial point of the
mean-shift algorithm. The details of view ranking are shown in Algorithm 1.

4 Experiments

We implemented the framework in this paper using Python 3.5 and executed it on a PC
equipped with Apple Mac OS Sierra 10.12, an Intel core I5 processor, and 4 GB of mem-
ory. The deep learning framework used in this paper is Google TensorFlow [1], which is a
popular, open-source, distributed, deep learning library for the Python language. The view
images were obtained using C++. In this section, we used the SHREC’14 dataset to train
and evaluate our framework.

4.1 Sample evaluation

Sample quality is highly important for a learning method. No dataset of the best views of
shapes exists. However, deep learning strongly depends on a large-scale dataset; therefore,
we must obtain large-scale samples of view images to train our networks. In this paper, we
propose using transfer learning to obtain related samples. In this section, we evaluate the
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performance of these samples. Learning-based methods to obtain the best view are rare,
but a few exist. For instance, Zhao et al. [40] proposed three methods to collect related
samples based on appearance similarity Sapp, context similarity Scontext and Harris key
point similarity Skey . In this section, we evaluate our proposed approach and compare it
with the existing methods in terms of four evaluation indicators (accuracy, precision, recall,
and F1). The results are shown in Table 1.

Our proposed method is clearly superior. The results show that our proposed method is
completely feasible. In fact, excellent samples are very important for deep learning methods;
our sample collection approach ensures that we obtain the best results when these correct
samples are used to train the networks.

4.2 Comparison based on the final results

Notably, evaluating the best view for a shape is challenging because no indicators or metrics
exist for this purpose. Based on our proposed framework, the best view for a shape is the
one that is most suitable for human hand-drawn habits. Furthermore, we can obtain a view
image similar to the sketches in the dataset and use it as a shape substitute to complete shape
retrieval. More simply, the proposed method converts shape retrieval into image retrieval.
Specifically, in this paper, obtaining the best view of a shape involves a preprocessing step of
sketch-based shape retrieval. Hence, comparing the final results of each best-view method
and the related sketches in the dataset is the most intuitive evaluation.

We also demonstrate that our approach achieves competitive results compared with
other state-of-the-art methods, including the perceptually best view classifier [7], SVM-
based learning algorithm [40], the web-image-driven method [21], mesh saliency [17] and
perceptron-based learning method [42]. The results of these methods are shown in Fig. 10.

As shown in Fig. 10, the results obtained by our method are consistent with the hand-
drawn sketches; i.e., our results are more similar to the sketch samples in the dataset [8].
The best-view image for a shape is not fixed because it depends on the goal. Our method
obtained the best-view image via learning from the sketch dataset; therefore, its results are
similar to the sketches.

Furthermore, these results show that our proposed method can be used for sketch-based
3D shape retrieval sketch-based 3D model retrieval.

4.3 Comparison based on sketch-based shape retrieval

In this section, we propose a new evaluation method based on sketch-based shape retrieval.
Clearly, obtaining the best-view image can significantly improve the shape retrieval perfor-
mance and decrease the time consumption. Therefore, to better evaluate the performance
of our method, we apply it to sketch-based shape retrieval. However, obtaining the best

Table 1 Comparison of four different indicators between our method and the method propose by Zhao
et al. [40]

Method Accuracy Precision Recall F1

Sapp [40] 64% 70% 66% 68%

Scontext [40] 85% 90% 87% 88.4%

Skey [40] 84% 86% 88% 87%

Ours 91% 94% 91% 92.4%
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Fig. 10 Comparison of the best views obtained using different approaches

view for a shape is only one aspect of improving the performance of sketch-based shape
retrieval. Specifically, the performance of sketch-based shape retrieval is not determined
only by whether we can obtain the best view for the shape. Clearly, the proposed framework
is not the only way to improve the retrieval performance. In this section, we consider only
the best view for the model and do not consider other important factors in retrieval, such
as cross-domain learning [34] and retrieval features [19]. Therefore, we conduct a related
experiment to validate the superiority of our method.

The details of the experiment are as follows. We used different methods to obtain the
best view for a shape but used the same feature descriptor, i.e., the HOG descriptor [4], to
complete the final retrieval process to minimize the effects of other factors on the retrieval
results and to highlight the superiority of our proposed method.

The AUC, i.e., the area under the precision-recall curve of the retrieval result, is a widely
used metric for evaluating retrieval performance. We compared our method with other
methods, including the uniform distributed viewmethod [7], the perceptually best view clas-
sifier [7], an SVM-based learning method [40], a web-image-driven method [21] and mesh
saliency [17]. The results are shown in Fig. 11.

Bad-view images negatively affect the performance of sketch-based retrieval. Never-
theless, our method shows better performance in terms of AUC because our framework
minimizes the number of best views and removes many bad-view images. When the AUC
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Fig. 11 AUC comparison when using our proposed methods for retrieval

reaches 0.25, our method obtains only 6 best views, which is more advantageous than the
number obtained by other methods. A comparison of the results is shown in Table 2.

Although the overall results of our approach were better, the time consumption of the
method with CNNs was larger than that of the other methods, such as SVM [40, 41].

As shown in Fig. 12, while our proposed method requires more time in the training stage;
in the testing stage, its time consumption is close to that of the SVM method. These results
show that time disadvantage of our approach is not substantial; therefore, it is feasible for
practical applications.

In addition, in prior sketch-based shape retrieval research, many researchers have
attempted to avoid the viewpoint problem of the models. Many indirect representation meth-
ods for models have been proposed. In particular, Wang et al. [34] proposed a hypothesis
method, i.e., the model pose is upright. In this way, they were easily able to obtain the
best view for a shape. In fact, most models can satisfy this hypothesis, but exceptions exist,
e.g., CAD models, which greatly limits this approach. Hu et al. [32] proposed a multiview
method that used a multi-optimized function to obtain the final retrieval result. This method
successfully avoided the dilemma of finding the best view for a shape, but it requires consid-
erable time to optimize the computation to obtain the best retrieval result. The response time
for the deep learning method is much slower than that of other approaches, such as SVM. In
addition, Zhu et al. [43] proposed a cross-domain pyramid representation method for sketch-
based retrieval that also successfully avoided the view problem of models. Nonetheless, this

Table 2 Required number of views when the AUC exceeds 0.2 in the sketch-based retrieval system

Method AUC Number of views

Uniform distributed views [7] 0.23 50

Mesh saliency [17] 0.20 34

Perceptually best view classifier [7] 0.22 15

Web-image-driven views [21] 0.23 13

SVM-based learning method [40] 0.24 7

Ours 0.25 6
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Fig. 12 Time consumption of two different methods

method still greatly increases the response time of retrieval. In contrast, our approach is
completely independent of the retrieval method because it successfully converts the prob-
lem of sketch-based shape retrieval into one of sketch-based image retrieval. Furthermore,
our proposed method executes in an offline environment; thus, it is suitable for sketch-based
retrieval through a web browser.

4.4 Results and discussion

In Fig. 13, we show the results of our proposed method by selecting the top 3 viewpoints
from the viewpoint ranking list. However, the best-view image of the shape based on our
proposed method is not always the best one. Because our proposed method is based on learn-
ing, the samples sometimes reflect the hand-drawn habits. Notably, the scale of the sketch
dataset is limited, and significantly more types of actual sketches exist than are represented
by the types in the sketch dataset. In this situation, our proposed method has difficulty
obtaining good results. Currently, the largest available sketch dataset, proposed by Eitz
et al. [8], includes 250 sketch categories (twenty thousand sketches). Moreover, most of the
sketches are common sketches. Our proposed method aims to conduct shape retrieval based

Fig. 13 Results of our proposed method and other models. The top row shows the shapes, and the bottom
rows show the first-, second-, and third-best views obtained using our method
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on a sketch, but the number of shape types is huge and complex, which makes it difficult
to use our method for large-scale complex model scene retrieval. In future work, we plan
to increase the scale of the samples, for example, by including individual user hand-drawn
sketches; i.e., we will examine the best view of a shape based on personal habits.

5 Conclusions

In this paper, we proposed a framework to generate best-view images using convolutional
neural networks. First, based on the suggestive contour method, the shapes are projected to
produce many different view images from different viewpoints. Second, we apply transfer
learning to extract the sketch and view image features. Based on the similarity relations,
we obtain positive and negative samples and then train the networks on these samples
to obtain the related network parameters. The trained networks can correctly predict the
label of a view image. Finally, we use the view ranking method to obtain the final best
view of the shape. The experimental results show that our framework is both accurate
and feasible.

Best-view image selection is a difficult problem, but it is important in sketch-based 3D
model retrieval. However, sketch datasets contain primarily common objects; the best view
for unique objects with no available learning samples cannot be predicted. Therefore, addi-
tional sketch samples should be acquired and used for training to improve the performance
of our proposed method. In addition, the number of available sketch samples is insufficient.
Currently, image training datasets for networks contain approximately ten million samples,
but the number of available sketch samples is twenty thousand at most. Therefore, we must
use other methods to increase the number of sketches to better train the networks. For exam-
ple, sketch deformation can effectively increase the number of sketches. In the future, we
plan to use the proposed method for sketch-based 3D shape retrieval.
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