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Abstract Sketching provides the most natural way to provide a visual search
query for visual object search. However, how to draw 3D sketches in a three-
dimensional space and how to use a hand-drawn 3D sketch to search similar 3D
models are not only interesting and novel, but also challenging research topics.
In this paper, we try to answer them by initiating a novel study on 3D sketching
and build a 3D sketching system which allows users to freely draw 3D sketches
in the air and demonstrate its promising potentials in related applications such
as collecting 3D sketch data and conducting 3D sketch-based 3D model retrieval.
By utilizing the 3D sketching system, we collect a 3D sketch dataset, build a 3D
sketch-based 3D model retrieval benchmark, and organize a Eurographics Shape
Retrieval Contest (SHREC) track on 3D sketch-based shape retrieval based on the
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benchmark. We investigate 3D sketch and model matching problems and propose
a novel 3D sketch-based model retrieval algorithm CNN-SBR based on Convolu-
tional Neural Networks (CNNs) and achieve the best performance in the SHREC
track. We wish that the 3D sketching system, the 3D sketch-based model retrieval
benchmark, and the proposed 3D sketch-based model retrieval algorithm CNN-
SBR will further promote sketch-based shape retrieval and its applications. We
have made all of these publicly available on the project homepage: http://orca.
st.usm.edu/~bli/SBR16/project.html.

Keywords 3D sketching - Kinect - Sketch-based 3D model retrieval - Convolu-
tional Neural Networks

1 Introduction

Content-based 3D shape retrieval [66] is important for many various related ap-
plications such as computer-aided design (CAD), 3D movie and game production,
augmented reality (AR), virtual reality (VR), and 3D printing. Given a query
which is often a 2D sketch/image or a 3D model, content-based 3D model retrieval
is to retrieve relevant 3D models (typically only single object models) coming from
the same category as the query based on a similarity/distance metric. Effective-
ness, efficiency, and scalability are the three most important performance aspects,
which can be measured by a set of retrieval performance evaluation metrics [59] [39]
that are commonly used in the field of information retrieval.

Due to the intuitiveness, convenience and potential for related applications,
sketch-based 3D shape retrieval has received a lot of attentions from both inside
and outside of the community of 3D shape retrieval. As we know, as a univer-
sal form of communication to depict the visual world, sketching has been used
by human beings since tens of thousands of years ago [22]. Nowadays, sketch-
ing has become one of the most natural and popular ways to provide a visual
search query for retrieval, e.g., one can search images [15], videos, and 3D mod-
els [39] [38] [18] [16] [I7] on the Internet by sketching an object or scene on a touch
screen phone/tablet.

However, the type of sketch-based 3D shape retrieval often only involves 2D
sketching in a two-dimensional space (i.e. a paper or screen), rather than drawing
a 3D sketch (3D skeleton specifically for us) in a three-dimensional space, which
we refer to as “3D sketching”. By limiting a sketch to only two dimensions, we also
lose most 3D information that the shape can communicate, thus creating a huge
semantic gap between the iconic representation of a 2D sketch and the accurate 3D
coordinate representation of a model. Due to this semantic gap, 2D sketch-based
shape retrieval becomes a very challenging task [39] [38].

In the hope of bridging this semantic gap, why not considering 3D sketching
such that we can provide a 3D sketch query and perform 3D sketch-based shape
retrieval? If provided with a convenient 3D sketching human-computer interface to
draw a 3D sketch query, we have a better chance to achieve significant improvement
in the performance of sketch-based 3D model retrieval. This is because inherently
both 3D sketches and 3D models are represented by 3D coordinates, that is, these
two representations come from the same domain. A 3D sketch query is typically
composed of a set of salient 3D feature lines of the shape that the 3D sketch
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depicts. Therefore, compared with a 2D sketch, a 3D sketch explicitly encodes
much more 3D information, such as the depth information and features of more
facets of the shape. However, we find that there is a lack of comprehensive research
in 3D sketching interfaces that allow users to sketch 3D shapes in a 3D space, 3D
sketch understanding, 3D sketches-3D models matching, as well as 3D sketch-based
applications.

In this paper, we perform a new study of 3D sketching technology and de-
velop a 3D sketching system which allows users to sketch an object in the air by
tracking the user’s hand movement with a Microsoft Kinect. Please note that our
idea is general, thus other 3D motion controller devices are also applicable for
this project, as long as they can detect the 3D location of our hands’ trajectories
and also can receive voice commands to avoid mouse operations during drawing.
By utilizing the 3D sketching system, we collected a 3D sketch dataset, built a
3D sketch-based shape retrieval benchmark, and organized a Eurographics Shape
Retrieval Contest (SHREC) track on 3D sketch-based shape retrieval [35] based
on the benchmark. Further, to investigate 3D sketches-3D models matching, we
propose a basic 3D sketch-based shape retrieval system [35] based on 3D shape
histogram [I]. We also propose a more advanced and novel 3D sketch-based shape
retrieval system CNN-SBR [73] based on Convolutional Neural Networks (CNNs).
We participated in the aforementioned SHREC track based on our learning-based
method CNN-SBR and won the First Place among all the learning-based partic-
ipating approaches while its performance is also significantly better than any of
the non-learning based participating approaches. We believe that the 3D sketch-
ing system, the 3D sketch-based shape retrieval benchmark, and the proposed
3D sketch-based shape retrieval algorithm CNN-SBR, will further promote sketch-
based 3D shape retrieval and its applications. We have made all of these publicly
available on the project homepage.l.

This paper is extended from our previous work on 3D sketching technology
and 3D sketch-based shape retrieval [36] [73] [35]. To the best of our knowledge,
we are the first to explore 3D sketching [36] in a free 3D space and to develop
an innovative retrieval system that enables users to search 3D models based on
human hand-drawn 3D sketches. Since 3D sketching allows us to have more direct
communication based on users’ drawings, it has broad impact on many related
applications, such as sketch-based shape retrieval and other human sketch related
applications, including hand gesture recognition for virtual reality applications,
and virtual try-on systems for clothes, glasses and watches. The application back-
ground also serves the second motivation of this project since it involves a new
interaction mode: rather than using pencil and paper, we use our hands directly.
The amazing thing for this is its convenience and reachability since even kids
can also do 3D sketching. The main contributions of our work are highlighted as
follows:

— We propose and implement a novel 3D sketching system, which allows users
to freely draw 3D sketches in the air (a real 3D space). We also collect the first
human 3D sketch dataset based on it.

— To study and tackle the new problem of 3D sketches-3D models matching, a
basic 3D sketch-based shape retrieval system is first introduced.

! http://orca.st.usm.edu/~bli/SBR16/project.html
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13— To deal with this challenging matching problem, a more advanced and novel
104 3D sketch-based shape retrieval system CNN-SBR is further proposed based
105 on Convolutional Neural Networks.

1w — Comprehensive experiments have been conducted to evaluate our CNN-
107 SBR algorithm and the experimental results demonstrate the state-of-the-art
108 performance of our approach.

1w 2 Related Work
1o 2.1 Sketching

w1 Sketches can be artistic sketches, drawings, diagrams, schematics, and blueprints [29],
12 created for quick but informal communication via abstract and uncertain elements
13 which may have ambiguity in their interpretation and different meanings in terms
us  of semantics.

115 Sketching has a very long history [22] and is a traditional way for people to
us record, demonstrate, and develop an idea. There is a universal capacity for vi-
w7 sual communication in humans [48]. That is why oracle bone script was used by
us  primitive people to tell stories in prehistoric times and even nowadays there is a
19 whiteboard in every meeting room. Sketching is easier and quicker for commu-
120 nication: a complicated shape can be perceived and imagined with only a few
121 strokes. Compared with text, sketches are incredibly intuitive to humans and offer
12 inherently fine-grained visual descriptions in the context of image retrieval [75].
123 With the proliferation of touch-screen devices, such as smart phones, tablets
124 and smart watches, we see the popularity of the research in hand-drawn sketches
15 and its related applications including sketch recognition, sketch-based image re-
16 trieval (SBIR), sketch-based 3D model retrieval, and sketch-based interface for
1z modeling (SBIM). For example, Li et al. [41] proposed detecting visual attributes
18 of shoe sketches and images at part-level for fine-grained (i.e. within the same
19 category, like shoes) sketch-based image retrieval (FG-SBIR). Unfortunately, its
130 experiments and evaluations were only performed on a shoe dataset.

131 However, none of the above involves 3D sketching and 3D sketch dataset. Fa-
12 cilitated by a Microsoft Kinect, we are the first [36] to study 3D sketching and
133 propose a 3D sketching system to collect 3D sketches and perform 3D sketch-based
13¢ 3D shape retrieval.

135 2.2 Sketch Datasets

136 Most early sketch datasets are small-scale collections including artistic draw-

1w ings [62], professional CAD figures [46], and specific domain structure sketches [49] [44].
138 Recently, a large-scale collection of free-hand sketches, the TU Berlin sketch dataset [14],
130 is open to the public, which contains 20,000 single-object sketches in 250 daily ob-

1o ject categories. Here is a list of brief survey of several available sketch datasets.

11 (1) Snograss and Vanderwart’s standard line drawings (1980) [61]
12 contains 260 standard line drawings for experiments in cognitive psychology.
143 (2) Cole et al.’s line drawing benchmark (2008) [9] is composed of 12 line

s drawings of bones, mechanical parts, tablecloths and synthetic shapes, together
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with corresponding 3D models, for the relationship study between human-drawn
sketches and computer graphics feature lines.

(3) Yoon et al.’s sketch-based 3D model retrieval benchmark (2010) [74]
has 250 2D sketches and 260 watertight models [68], divided into 13 classes for
sketch-based shape retrieval and evaluation.

(4) Eitz et al.’s sketch-based shape retrieval benchmark (2012) [16]
collects one sketch per model for all the 1814 models existing in the well-known
Princeton Shape Benchmark (PSB) [59].

(5) Eitz et al.’s sketch recognition benchmark (TU Berlin sketch
dataset, 2012) [I4] is the currently largest and most comprehensive 2D sketch
recognition benchmark. It contains 20,000 sketches, uniformly divided into 250
categories.

(6) Hu et al.’s sketch-based image retrieval benchmark (Flickr15K
dataset, 2013) [24] complies 15K Flickr images and 330 sketches over 33 cate-
gories to evaluate sketch-based image retrieval algorithms.

(7) Disney portrait dataset (2013) [7] is composed of 672 portrait sketch
images drawn by seven artists at four abstraction levels.

(8) Huang et al.’s sketch segmentation and labeling benchmark (2014)
[26] comprises 300 sketches, uniformly divided into 10 classes. Each sketch (i.e. hu-
man) has been manually segmented into components and each component has been
assigned a label (i.e. head, hand, body and foot). The benchmark also contains
401 relevant 3D models.

(9) Li et al.’s shoe sketch dataset (2016) [41] has 304 images and 912
sketches, each of which is annotated with semantic parts and part-level attributes.

(10) Sangkloy et al.’s Sketchy dataset (2016) [53] is created for fine-
grained sketch-based image retrieval. It has 75,471 sketches for 12,500 objects
belonging to 125 categories.

According to our knowledge, all of the currently available sketch datasets,
including above ones, are for 2D sketches and none of them involves 3D sketches.
We are the first to build a 3D sketch dataset in this manner.

2.3 Sketch Recognition

Previously, sketching is introduced as a human-computer interaction (HCI) tech-
nology [65] [23], where users use a mouse or pen to draw lines and curves based on
a graphical user interface. Before 2014, hand-crafted low-level features, including
stroke length, stroke order and even stroke orientation, were proposed to under-
stand human sketch input at a semantic level. A simplified Histogram of Gradients
(sHOG) feature coupled with the Bag-of-Words (BoW) method [I4] has demon-
strated a promising sketch recognition accuracy of 56% based on the TU Berlin
sketch dataset [14]. Sun et al. [64] proposed to mine object and shape topics exist-
ing in retrieved clipart images for a query sketch by utilizing a probabilistic topic
model. In 2014, Schneider [54] achieved human-like sketch recognition accuracy
(68.9% vs. 73.1% for human on the TU Berlin dataset) based on Fisher Vectors
which represents an image by pooling local image features. However, all of the
aforementioned methods involve designing a hand-crafted feature for the sketch
recognition purpose, while no single “designed” feature previously proposed by
people in this field has ever performed generally well for different types of sketches,
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including sketching styles and different levels of abstraction. This poses a natural
limit on the performance of sketch recognition and its possible extensive applica-
tions in our daily life.

After 2014, machine learning, especially deep learning, based sketch recognition
approaches have dominated the field of sketch recognition. Li et al. [42] proposed
a Multiple Kernel Learning (MKL) framework to fuse several low-level sketch fea-
tures and high-level attribute features for sketch recognition and employed star
graph ensemble matching to address the structure complexity of sketches. Re-
cently, Yu et al. [76] [77] proposed a deep neural network named “Sketch-a-Net”
for hand-drawn sketch recognition which outperforms human beings and achieves
an accuracy of 74.9% on the TU-Berlin sketch dataset [I4]. Deep convolutional
neural networks have been utilized in complete [55] or partial [I3] sketch recogni-
tion, which achieve an accuracy of 75.42% and 77.69% respectively on the same
TU-Berlin dataset. While, an extended version has been proposed by the same
group [56], which can achieve an accuracy of 79.18%. Li et al. [43] proposed a
general free-hand sketch synthesis algorithm which can automatically summarize
the stroke composition of a given category and discover semantic parts from stroke
data. A recurrent neural network (RNN) representation has been proposed by the
Google Brain [2]] for generating sketch drawings.

Our proposed Convolutional Neural Network-based 3D sketch-based shape re-
trieval algorithm CNN-SBR also involves 2D sketch recognition since we transform
the problem of direct classification of 3D sketches into 2D sketch views classifica-
tion. We utilize the aforementioned TU Berlin dataset [I4] for training our CNN
as well. Thus, it is related to and also can be applied to sketch recognition.

2.4 Sketch-Based Modeling

With the developments of 3D data acquisition tools and multi-media storage and
processing techniques, more and more 3D digital media contents are available to
us. 3D models become ubiquitous and have been widely used in many fields such as
game, movie, medicine, biology and architecture. Scientists also create 3D models
for visualization and engineers use 3D models to design new styles for industrial
products such as vehicles and computer mice. Usually, a 3D model is a collection
of points in 3D space, connected by triangles, lines, curved surfaces, etc.

We can create a 3D model using many 3D modeling techniques. Basic 3D
modeling techniques include polygonal modeling, NURBS modeling, constructive
solid geometry, implicit surface and subdivision surfaces and procedural modeling.
Beside these basic 3D modeling techniques, we have another four advanced 3D
modeling techniques: geometric and solid 3D modeling, multi-view images-based
3D modeling, and sketch-based 3D modeling.

Traditional modeling software is so complicated that only professional users can
use them to create models in a given time. However, sketch-based 3D modeling
systems aim at providing more intuitive and user-friendly interfaces to express our
thoughts simply through sketching. Therefore, they will be accessible for novice
users, even children. The key issue of designing sketching system is to infer missing
information such as depth. Sketching systems also need to handle ambiguity in
users’ input. Many sketch-based 3D modeling systems have been proposed since the
pioneer work of Zeleznik et al. [78]. Usually these sketch-based modeling systems
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have simple interfaces and are easy to learn and to use. A comprehensive survey
has been presented in [48] and [12], respectively.

Igarashi et al. [27] introduced a sketching interface named Teddy to quickly
and easily construct free-form models that have spherical topology. It uses free-
form strokes as an expressive design tool to specify the silhouette of an object.
Nealen et al. [47] aimed at surface detail preservation by sketching significant
shape details on already existing coarse or detailed shapes. Bae et al. [4] proposed
a 3D curve sketching system named ILoveSketch which facilitates users to iterate
on concept 3D curve models during a design process. Shao et al. [58] generated
shaded concept sketches by leveraging properties of designer-drawn cross sections
to automatically infer and propagate 3D normals everywhere on a sketch. Jung
et al. [3T] presented the first sketch-based 3D modeling method for developable
surfaces with pre-designed folds (i.e., garments or leather products) by introduc-
ing a new zippering algorithm for progressive identification of silhouette edges
and their binding to silhouette strokes. A sketch-based 3D modeling system called
SecondSkin targeting layered 3D model construction was proposed by Paoli and
Singh [50]. Huang et al. [25] proposed a sketch-based procedural model construc-
tion approach by automatically computing a set of procedural model parameters
based on a deep Convolutional Neural Network (CNN) which maps sketches to
procedural model parameters after training on a large number of synthetic line
drawings. Sketch-based interfaces and modeling (SBIM) have been applied into
many application fields such as tree modeling, flower modeling, and cloth model-
ing. Recently, an important and promising trend in this research axis is to explore
VR-based 3D sketching for 3D modeling [2128].

Among all the aforementioned 3D modeling techniques, sketch-based 3D mod-
eling is one of the most important, intuitive and popular ones. While, different
from previous sketch-based 3D modeling techniques that separate sketch-based
interfaces and modeling (SBIM) and sketch-based 3D model retrieval (SBR) from
each other, our 3D sketching and retrieval system combines SBIM and SBR. to-
gether, thus being more concise, versatile and comprehensive. 3D sketches drawn
by users in our 3D sketching system may also be different from 3D skeletons of 3D
objects being drawn by users in previous sketch-based 3D modeling systems.

2.5 Sketch-Based 3D Model Retrieval

Sketch-based 3D model retrieval targets on retrieving 3D models given a hand-
drawn query sketch. Recently, sketch-based shape retrieval has attracted much
attention since it can be widely used in sketch-based rapid prototyping, recog-
nition, mobile 3D search, 3D printing, 3D animation production and etc. Many
related algorithms that use a 2D hand-drawn sketch as a query have been pro-
posed [39] [38] [18] [16] [I7]. A skeleton sketch-based 3D articulated model re-
trieval approach is proposed in [52]. A series of Shape Retrieval Contest (SHREC)
tracks on this topic have been held in conjunction with the Eurographics Work-
shops on 3D Object Retrieval (3DOR) between 2012 and 2016. Some new bench-
mark datasets have been built and released to the public, such as the large scale
SHREC’13 Sketch Track Benchmark (SHREC13STB) [37] which contains 7,200 2D
sketches and 1,258 3D models of 90 classes, and the large scale SHREC’14 Sketch
Track Benchmark (SHREC14STB) [39] that has 13,680 sketches and 8,987 models
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of 171 classes. Due to the semantic gap between the two different representations
of rough sketches and accurate 3D models, sketch-based shape retrieval remains
one of the most challenging research topics in the field of 3D model retrieval. In
order to bridge the gap, we propose a 3D sketching solution and develop two 3D
sketch-based 3D model retrieval systems that use human 3D sketches as query,
and they are described in detail in Section

Recently, deep Convolutional Neural Networks (CNNs) have shown promising
results in many vision recognition tasks in different domains. CNN was introduced
in early 1980s, and was applied to solve simple and small vision recognition tasks
like handwritten digit recognition [33]. Currently, Wang et al. [69] learned two
Siamese Convolutional Neural Networks (CNNs) for sketch-based shape retrieval:
one for the views of 3D models, one for sketches. They connected the two CNNs
via a loss function to compute cross-domain similarities. Similarly, a Cross-Domain
Neural Network (CDNN) and its extended version Pyramid CDNN have been
proposed in [79]. An octree-based Convolutional Neural Network (O-CNN) [70] is
proposed to represent a 3D shape and it supports various CNN structures and has
a quadratic space and time complexity. While, Xie et al. [72] devised a barycentric
representation of 3D shapes for sketch-based 3D shape retrieval, which outperforms
the state-of-art algorithms on the SHREC’13 [37] [38] and SHREC’14 [40] [39]
sketch track benchmarks SHREC13STB and SHREC14STB. Recently, Dai et
al. [I0] proposed a deep correlated holistic metric learning (DCHML) approach
which jointly trains two distinct deep neural networks, one for each domain,
with one loss function to depict both inter-class differences and intra-class vari-
ations. It has achieved the state-of-the-art performance on SHREC’13 [38] [37]
and SHREC’14 sketch [40] [39] track benchmarks, and also outperforms some
top algorithms, such as CNN-Siamese [35] on the latest SHREC’16 sketch track
dataset [35]. However, there is still much room for further improvement in the re-
trieval performance. For example, even for the top-performing algorithm DCHML,
the average precision on the SHREC’16 sketch track dataset is only 0.147. A gen-
eral CNN-based model trained on edge maps that can handle multiple tasks includ-
ing both general and fine-grained sketch-based image retrieval, as well as domain
generalization, has been proposed in [5I]. Recently, similarity search in 3D human
motion data has raised a lot of attentions [B,[6,/57] due to its many application
scenarios in VR, AR, MR and Internet of Things (IoTs). It deals with the search,
matching, and classification based on 3D human motion data. Giunchi et al. [20]
proposed to search appropriate 3D models for 3D scene completion by immersive
3D sketching within a virtual environment. They focused on precise immersive
sketching to distinguish between similar objects within a large class of objects,
that is, fine-grained retrieval. Also, they enabled sketching over existing models
by utilizing a VR equipment, rather than sketching in a VR-free environment, like
us. Similar to Su et al. [63], they utilized the standard VGG-M [§] model-based
multi-view CNN network to recognize a colored 3D sketch based on its multiple
views: first extract the local features for each view based on five convolutional
layers, then aggregate the local features across multiple views by element-wise
max pooling, finally feed the pooling results into three fully connected layers for
classification. However, different from both Giunchi et al. [20] and Su et al. [63],
we directly classify each view first using a CNN network pre-trained on a large 2D
sketch dataset, and then use majority voting to combine the multiple classification
results for a 3D sketch for ranking and retrieval.
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In this paper, different from almost all of the above algorithms (only excluding
Giunchi et al. [20]) that focus on 2D sketch-based shape retrieval, we propose
the idea of 3D sketch-based shape retrieval and devise two retrieval systems for
this new research topic. This novel work opens and establishes a new direction in
dealing with the challenging research topic of sketch-based shape retrieval.

3 3D Sketching

As mentioned in Section [Il a user-friendly 3D sketching interface is important
and required to provide a 3D sketch query for the 3D sketch-based shape retrieval
system. By utilizing such 3D sketching interface, users can easily depict the shape
of a 3D object by drawing several salient 3D feature lines in a 3D space by using
a tool, such as a digital pen or just our hands directly. Unfortunately, there are
few existing such interfaces available for us to use. However, we have Microsoft
Kinect (or other similar motion sensing input devices) which can serve as a perfect
platform for us to develop one such interface enabling 3D sketching in the air.

Please note that we prefer Kinect over Leap Motion due to at least its following
two limitations for our project. (1) Its usable range (1 to 20 inches) is much
smaller than that of Kinect (1.2m to 3.5m), which puts a much stricter limit on
the allowable space for our hands’ movement. (2) As mentioned in Section[I] voice
functionality is required to avoid mouse operations during drawing since we often
require to send voice commands for starting the drawing, changing viewpoints,
pausing, showing more results, etc. However, Leap Motion does not integrate any
voice sensor and related API library for development purposes, which means an
additional voice input processing system is required if we adopt it for our 3D
sketching interface.

As illustruated in Fig. [0l as one of the most popular and low-cost motion
sensing input devices, a Kinect device provides us with the following three features
to utilize during 3D sketching: (1) Keep Tracking: a built-in RGB video camera
which allows users to closely monitor their hand movement in the air; (2) Keep
Drawing: a depth sensor to track the 3D locations of a user’s hand movement to
generate the 3D sketch, and (3) Keep Listening: a multi-array microphone which
has voice recognition capacity such that it can receive voice commands from the
users, thus avoiding mouse operations during drawing.

As shown in Fig. @ a voice-activated Kinect-based 3D sketching Graphical
User Interface (GUI), which supports tracking and visualizing the trajectory of a
user’s hand movement, is developed to help the sketching and retrieval. Besides
tracking, the proposed 3D sketching interface always listens to the following five
sets of voice commands: (1) drawing process control: “start”, “pause”, “resume”,
“reset”, and “search” commands, which allow a user to initiate, pause and continue
the current sketching while drawing, or just restart a new sketching, and finally
perform search after finishing drawing a 3D sketch query; (2) hand change: switch
between “left hand” and “right hand” for convenience during 3D sketch drawing;
(3) view display: switch between “front view” and “side view” to easily perceive a
3D sketch to help and continue the drawing; (4) sketch display mode: “point mode”
or “line mode” for sketch viewing; (5) results browse: displaying next set of results
by saying “show more results” or simply “next”. According to our experiments,
all the aforementioned operations can be performed in real-time and we also have



378

379

380

381

382

383

384

385

386

387

388

389

390

391

10 Bo Li et al.

(a) a user is drawing in the air

3D Sketching Interface Mechanism \
]

ool o
d

Keep Tracking Keep Drawing  Keep Listening

|
1

(b) working mechanism of our 3D sketching interface

Fig. 1 3D sketching idea and working mechanism.

found that these real-time interactions significantly help a user in drawing a 3D
sketch and improve their overall drawing experience.

3.1 Kalman Filtering

As we know, we can utilize the Microsoft Kinect to track the 48 important
joints of a user’s body. However, we have found that usually the captured hand
motion data contain a lot of noise, though we have found that using a Kinect for
Windows v2 is much better. This is mainly due to the fact that it is very difficult
for the users to maintain a very stable and smooth hand movement while drawing
in the air. They often shake their hands, resulting a hand trajectory which contains
a lot of unnecessary outliers and small zig-zag line segments. These types of noise
will have significant impact on the 3D model retrieval performance. In order to
produce a smooth 3D sketch, an efficient Kalman filter [32] [45] [71] based noise
removal algorithm is developed and applied on the 3D sketches. As an optimal
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(b) GUI of the retrieval subsystem (basic version)

Fig. 2 3D sketching system Graphical User Interface (GUI).

linear estimator, Kalman filter is capable of inferring parameters of interest from
inaccurate and uncertain observations.

Based on an optimal recursive data processing algorithm [45], it takes a series
of observed measurements over time and produces optimal estimates of unknown
signal by incorporating all available information including data measurements, and
prior knowledge of the system and devices for measurement. The implementation
of the Kalman filter can be found in our project homepage. In our experiments,
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we find that the Kalman filter successfully filters out partial noises and predicts
smoother sketch curves.
4 Dataset Collection and Benchmark Building

4.1 Kinect300 Dataset Collection

Based on the developed 3D sketching system introduced in Section Bl we have
collected a 3D sketch dataset named Kinect300, containing 300 3D sketches, uni-
formly divided into 30 object categories, that is, each category has 10 3D sketches.
The 30 classes are: alarm clock, basket, bed, book, candle, chair, dog, door, door
handle, eyeglasses, floor lamp, fork, hat, house, key, knife, ladder, laptop, mailbox,
pen, scissors, screwdriver, shovel, skateboard, spider, table, tire, tree, umbrella,
and vase. We base the category selection mainly on the criteria of popularity (most
commonly seen categories) to decide these 30 classes, while we also consider the
coverage/comprehensiveness of our dataset. By using a majority-vote among five
people (three undergraduate student and a postdoc voters, and a faculty moder-
ator), we choose the most popular 30 classes from all the available 250 common
object labels in the TU-Berlin human sketch dataset [I4], which serves as the cur-
rently most comprehensive one. One example per class is demonstrated in Fig. B
Kinect300 avoids the evaluation bias w.r.t data unbalancing problem since we
collected the same number of sketches for every class, while the sketch variation
within one class is also adequate enough. During the stage of 3D sketch data col-
lection, we found 17 volunteer student users of our 3D sketching system. They
include 4 females and 13 males, while their average age was 21 then, and only two
males had a background in art. Each of the 17 users drew a set of sketches for
several categories.

4.2 SHREC’16 3D Sketch-Based 3D Shape Retrieval Benchmark (SHREC16STB)

Based on the Kinect300 dataset and SHREC’13 Sketch Track Benchmark
(SHREC13STB) [37], we built a 3D sketch-based shape retrieval benchmark
(SHREC16STB) and organized the Eurographics 2016 Shape Retrieval Contest
(SHREC) track on 3D sketch-based 3D shape retrieval [35].

Query 3D sketch dataset: The query 3D sketch dataset contains all the 300
3D sketches (split into 30 classes, 10 sketches for each) available in Kinect300.

Target 3D model dataset: The target 3D model dataset of the SHREC’13
Sketch Track Benchmark (SHREC13STB) [37], which has 1,258 models cat-
egorized int 90 classes, is utilized to form the target 3D model dataset of our
SHREC16STB benchmark. Fig. @ demonstrates some examples.

The reason that we chose SHREC16STB to form the target dataset of this
proposed 3D sketch-based 3D shape retrieval benchmark SHREC16STB is that the
large-scale SHREC’13 Sketch Track Benchmark (SHREC13STB) is the currently
available largest 2D sketch-based 3D model retrieval benchmark. However, the set
of the 90 classes that are available in SHREC13STB is not a superset of the set
of the 30 classes available in Kinect300. There are 9 classes coming from Kinect30
which do not appear in the 90 classes of SHREC13STB. That is to say, only 21
of the 30 classes in Kinect300 can find their relevant models in the target 3D
model dataset of this benchmark SHREC16STB. Therefore, when computing
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Fig. 3 Example 3D sketches (one example per class, shown in one view) of our Kinect300

dataset.

Fig. 4 Example target 3D models of our SHREC16STB benchmark.

the retrieval performance, we only consider the results of these 21 classes. The
9 classes that have no relevant 3D models are: alarm clock, basket, candle, door
handle, eyeglasses, fork, key, pen, and scissors.

To help evaluate learning-based retrieval approaches as well, for each class we
randomly pulled out 7 sketches for training and the remaining 3 sketches are used
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for testing, while all the 1,258 target models are still kept as a whole to serve as
the target 3D model dataset.

4.3 Evaluation Method

To comprehensively evaluate the performance of the proposed 3D sketch-based
shape retrieval systems, we employ the following seven evaluation metrics [59] [39]:
Precision-Recall (PR) diagram, Nearest Neighbor (NN), First Tier (FT), Second
Tier (ST), E-Measures (E), Discounted Cumulated Gain (DCG) and Average Pre-
cision (AP). They are commonly used in the field of 3D object retrieval as well
as information retrieval. We have made the SHREC16STB benchmark, together
with its evaluation toolkit, publicly available online [34].

5 3D Sketch-Based 3D Model Retrieval Systems

Although a 3D sketch has provided us with a better and more comprehensive
description of the object than a 2D sketch, there is little related research work [11]
191[20] in 3D sketch understanding including recognition and classification, even less
in 3D sketches-3D models matching. In this section, we propose two 3D sketch-
based shape retrieval systems. Section 5.1l presents the basic non-learning one,
which serves as our novel work as well as a baseline approach in this aspect and
it is also integrated into our 3D sketching system, as demonstrated in Fig. 2l (b).
Section focuses on the best performance, which represents our advanced and
learning-based work on this research topic.

5.1 Basic Version: 3D Shape Histogram-Assisted 3D Sketch-Based 3D Model
Retrieval System (3DSH)

Based on the above 3D sketching platform and 3D shape histogram [I], we build
a simple and basic, yet efficient 3D sketch-based shape retrieval system, named
3DSH. As demonstrated in Fig. Bl our retrieval system is composed of offline
and online processes and it has three major components which are 3D outline
generation, feature extraction, and 3D sketches-3D models matching.

(1) 3D outline generation. The objective of this stage is to generate a
3D outline for each target 3D model. Firstly, we normalize each 3D model by
first aligning it based on Principle Component Analysis (PCA) [30], and then
translating the center of the model’s bounding sphere to the origin, and finally
scaling the model to make the radius of its bounding sphere be 1. Please note
that the same normalization process will be applied on an online hand-drawn 3D
sketch (Fig. [l (h)). Secondly, we integrate all the 3D contour points of its six
principle views (that is front/back, left/right, and top/bottom views) to generate
a 3D outline for the model, as demonstrated in Fig. Bl (b) for a bicycle model.
Thirdly, to improve the robustness of our algorithm w.r.t different resolutions of
3D outlines and sketches, an approximately uniform point sampling is applied on
the 3D outline by setting a threshold for the distance between any two 3D points
in the outline, as shown in Fig. [ (c) for the final 3D outline of the bicycle model.
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Fig. 5 3DSH’s system framework.

Finally, a PCA alignment is applied (Fig.[Bl(d)) on the 3D outline to make it ready
for extracting the rotation-dependent shape descriptor 3D shape histogram.

(2) Feature extraction. Most existing shape descriptors, such as the local
features proposed in [60], target a complete mesh model, rather than a 3D sketch
model, which is substantially a sparse set of 3D points. Here, we investigate us-
ing the 3D shape histogram [I] to characterize both 3D models and 3D sketches
considering its descriptiveness, high efficiency, and simplicity. The 3D shape his-
togram descriptor depicts a 3D model based on a histogram feature generated by
calculating the percentages of the model’s vertices falling in a set of pre-defined
shell, sector or spiderweb bins, which partition the space occupied by the model
from the center of the model. Shell bins are defined by the different radii of a
set of concentric shells surrounding the center of a model; sector bins are defined
based on the idea of uniformly distributing the number of vertices of a 3D model
into a set of different surface regions of a surrounding sphere of the model. De-
composition of regular polyhedrons and Voronoi diagrams [3] are utilized for the
space partition. While, the spiderweb bins are defined by a combined utilization
of both the Shell and the Sector models, resulting the Combined model which
provides a finer-grained 3D decomposition for the model’s 3D shape histogram
feature extraction. One visualization example for the Spiderweb model-based 3D
shape histogram feature is shown in Fig.[6l Considering the inherent nature of the
representations for a 3D sketch and a 3D outline, as well as the efficiency issue, for
each 3D sketch or outline, we extract its 3D shape histogram [1] descriptor based
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on the following spiderweb model: 20 shells, 6 sectors, that is, 120 bins in total, as
shown in Fig. [ (e).

(a) 3D model (b) point mode (c) feature visualization

Fig. 6 Visualizing the Spiderweb model-based 3D shape histogram (3DSH) feature
of an example model (m349) in the Princeton Shape Benchmark (PSB) dataset. Different
spiderweb bins are colored differently to differentiate from each other.

(3) 3D sketches-3D models matching. We measure the similarity between
the 3D sketch query and each target 3D model based on the Euclidean distance
(Fig. B (k)) between their 3D shape histograms generated based on their 3D out-
lines. We sort all the distances in an ascending order (Fig.[Hl (m)) and finally rank
the target 3D models accordingly (Fig. Bl (n)).

5.2 Advanced Version: Convolutional Neural Network-Based 3D Sketch-Based 3D
Model Retrieval System (CNN-SBR)

As shown in Section 5.1l the most straightforward way to perform 3D sketches-3D
models matching is to compute their feature distances based on some hand-crafted
shape descriptors for both 3D sketches and 3D models. However, it turns out
such kind of approach cannot achieve top retrieval accuracy, mainly due to their
limited descriptive power, as demonstrated by the 3D shape histogram descriptor
in Section[6.I] Fortunately, as reviewed in Section[ZF] in recent years Convolutional
Neural Networks (CNNs) have demonstrated their great potentials (e.g. in terms
of retrieval accuracy) and advantages (i.e. automatic feature extraction, instead
of hand-crafted features) in the field of 2D sketch-based shape retrieval. Inspired
by this, to further advance the retrieval accuracy in the hope of finally bridging
the semantic gap between 2D sketch queries and 3D target models by conducting
3D sketch-based shape retrieval, in this section we propose a novel CNN-based 3D
sketch-based shape retrieval system “CNN-SBR” by utilizing multiple state-of-the-
art deep CNNs in sketch object recognition and 3D model processing techniques.

5.2.1 CNN-SBR Architecture Querview

As illustrated in Fig. [l our CNN-SBR system is inspired by early 2D sketch-
based image retrieval work. Firstly, multiple 2D sketch views are rendered for
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Fig. 7 CNN-SBR architecture.

each 3D sketch coming from either the training or the testing dataset, before
a data augmentation technique is applied on these generated 2D sketch views.
Secondly, by utilizing the much larger and more comprehensive TU Berlin 2D
sketch dataset [I4], we pre-train our deep CNN model such that we can populate
our model with a set of well-learned initial weights. Thirdly, further fine-tune the
CNN model based on the augmented 2D training sketch views. Fourthly, based on
the fine-tuned CNN model, we generate the classification result for each query 3D
sketch by feeding its 2D sketch views into the model. Finally, generate the rank
list for the query based on a majority-vote based label matching method.

5.2.2 Data Processing

To fit a 3D sketch query into our proposed CNN-SBR framework, we need to
transform a 3D sketch into a set of 2D sketch views. To do this, we generate six
depth images by projecting all the coordinates of a 3D sketch onto the six faces
(viewpoints) of its bounding cube by mapping the 3D coordinates to a 2D depth
image, where the pixel values encode the distances between the 3D coordinates
and their corresponding viewpoints: 0 indicates the nearest while 255 represents
the farthest.

To avoid overfitting our CNN models, a data augmentation technique is also
applied on several involved datasets. In our experiments, we expand the sizes of
both the TU Berlin 2D sketch dataset and the 2D sketch view set generated from
the training dataset by 500 times based on random rotations, shifts and flips.
Specifically, Algorithm [ details our data augmentation algorithm. By utilizing
this algorithm, a sketch image will generate 500 new transformed images, which
increase the variety of sketches and also significantly reduce the noises in users’
hand-drawings.
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Input: S: Original 2D hand-drawn sketch / sketch views dataset
Output: T: Enlarged 2D hand-drawn sketch / sketch views dataset with random
shifts, rotations, and flips
Initialization;
w = Widthoriginal — widthiarget;
foreach I € S do
for i < 1 to 500 do
M < copy(I);
Zshift < random(0,w);
Yshift < random(0,w);
M  shift(M,Tspife; Yshift);
roll < random(0, 1);
if roll < 0.5 then
rd < random(—5,5);
M <« rotate(M,rd);

end
roll < random(0, 1);
if roll < 0.5 then

| M« flip(M)
end
append(T, M);

end
end
Algorithm 1: Data augmentation algorithm.

5.2.3 CNN-SBR System

In our CNN-SBR system, Sketch-a-Net [76] [(7] serves as our core CNN model for
3D sketch (reduced to 2D sketch views) recognition. Based on AlexNet, Sketch-a-
Net is designed for 2D single object sketch recognition. It has five convolutional
layers and three fully-connected lays. Its CNN architecture and explanations of
its parameters and differences from previous well-known CNNs for images such
as AlexNet can be found in [76] [77]. Since we have less number of categories,
the number of neurons in the last layer will be less, for example it is 30 for our
SHREC16STB benchmark. Considering the big number of categories (250) and
diverse variation (80) within one category existing in the TU Berlin 2D sketch
dataset, we use it as an ancillary training dataset and feed it to Sketch-a-Net for
pre-training. Although the TU Berlin dataset is obtained from human’s 2D sketch-
ing (rather than for 3D sketching), it provides Sketch-a-Net with a comprehensive
set of human drawings’ features, which helps build a set of initial learning weights
for future fine-tuning on a 3D sketch dataset.

In fine-tuning step, we choose the pre-trained model at epoch 500 trained on
the TU Berlin 2D sketch dataset, while fine-tuning it on the 3D sketch training
dataset (resulting 2D sketch views) at epoch 5000.

5.2.4 Magority Vote and Label Matching

A majority vote algorithm is utilized to decide the final classification result for
each 3D sketch based on its six 2D sketch views’ corresponding six CNN-SBR
output similarity vectors. That is, for each 2D sketch view we have a CNN-SBR
classification output, which is a similarity vector for predicting its categories. Each
similarity vector contains a top first label which indicates the category that has the
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maximum similarity value in the similarity vector. We utilize both the counts of top
first labels and average similarity values to rank all the target category labels for
each 3D sketch. The reason to consider average similarity values as well is because
some target categories may have the same top first label count. Thus, we further
consider the difference in their average similarities to rank those categories. After
considering both differences, we are able to simply rank all the target categories
for each query 3D sketch and accordingly list all relevant target 3D models based
on their category ranks. In detail, we use the following procedure for ranking.

(1) Step 1: similarity vector scaling: we scale the similarity values in each
of the six similarity vectors to make them fall into the range of [0,1]. A higher
value indicates bigger similarity.

(2) Step 2: top first label vector generation: for each target 3D category
label, we first count its appearance on the top first among the six similarity vectors,
that is, the top first label count which is an integer belonging to the range of [0, 6].
We thus form a top first label vector T=[t1, t2, - - -, tn], where n is the total number
of categories.

(3) Step 3: average similarity vector calculation: an average similarity
vector S=[s1, $2, - -+, sn] is calculated by averaging over the six similarity vectors
to measure the similarity between the 3D sketch and all the target 3D category
labels. Each similarity value in this average similarity vector is in the range of
[0, 1].

(4) Step 4: summation vector computation and ranking: all the target
category labels are ranked based on the summation vector R of the top first label
vector T" and the average similarity vector S: R=T+S5, and then all the 3D target
models are ranked accordingly.

6 Experiments and Discussions
6.1 Basic Version: 3DSH Retrieval Experiments

To conduct a comprehensive evaluation on the performance of our basic retrieval
system presented in Section [B.I] we conduct the following three different types of
experiments.

(1) Outline-model retrieval. This experiment evaluates the performance of
3D model similarity retrieval given a perfect 3D outline, rather than a rough human
3D sketch. The target dataset (1,258 3D models, 90 classes) of our SHREC16STB
benchmark described in Section is used as the target 3D model dataset here,
while the 3D outline queries are directly generated from all the target 3D models.

(2) Sketch-sketch retrieval. We conduct this 3D sketch similarity retrieval
using a hand-drawn 3D sketch query considering the fact that the intra-class vari-
ations of human-drawn 3D sketches in the same category can be extremely high.
Kinect300 (Section [IT]) is used as both the query and the target datasets in this
experiment.

(3) Sketch-model retrieval. This experiment targets our main research
topic: 3D sketch-based shape retrieval, which measures the retrieval performance of

searching similar 3D models based on a human 3D sketch query. Our SHREC16STB

benchmark introduced in Section is used for this experiment.
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6.1.1 Running Time

We implemented the 3DSH system using C/C++ and performed all the above
three experiments on a modern computer with an Intel Xeon X5675 @3.07 GHz
CPU. Due to the high efficiency of both the Kalman filter algorithm and the 3D
shape histogram-based matching, we have achieved a real-time performance for all
the above three types of retrieval experiments. For instance, the average time to
conduct the third type of retrieval is only 1.22 sec.

6.1.2 Evaluation Results

Fig. Bl and Table [Il show the experimental results. As one would expect, the per-
formance of outline-model retrieval is the best, followed by that of sketch-sketch
retrieval, which again beats that of sketch-model retrieval. It has been found that
the 3D shape histogram descriptor has good representation capacity in describ-
ing different vertex distribution patterns among accurate 3D models or perfect
outlines, but much weaker discrimination power in differentiating models from
different categories. This also explains why sometimes 3D models from irrelevant
categories may be returned in the front part of the rank list for a 3D outline query.

It has also been found that the 3D shape histogram feature is sensitive to noise.
As can be seen, all the 3D sketches collected in Kinect300 are both extremely
abstract and very noisy due to the fact that most of the 17 users have little
drawing experience, especially in 3D sketching. We have found that the sketch
lines drawn by naive users are often not smooth and even non-continuous. This
is because during sketching they often pause their hands, which produces many
densely located noisy points. Even though we have applied Kalman filter to remove
outliers and smooth the sketching, usually the query sketches still have some noise.
This partially explains the relative lower performance of sketch-sketch retrieval, if
compared with that of outline-model retrieval.

In fact, sketch-model retrieval is the most challenging one among the three
types of experiments due to the different levels of accuracy and abstraction in the
query and target datasets. In addition, though small, Kinect300 contains diversi-
fied categories, including some challenging ones (i.e., dog and human) for people to
draw a simple and compact 3D sketch. All these facts pertinent to the sketch-model
retrieval type motivate us to solve this challenging but also interesting specific re-
search problem: what is the most effective way to measure the distance between a
rough and abstract hand-drawn 3D sketch and a 3D model with many more de-
tails and much more accurate 3D information? On the other hand, we have found
that even based on this simple 3DSH method, we have achieved good retrieval
results on many simple categories including wineglass, sword, airplanes, and bal-
loons. This suggests that it is very promising to significantly improve the retrieval
performance after further research on the above research problem. Three such ex-
amples using 3D sketches with different levels of complexity are demonstrated in
Fig.



670

671

672

673

674

675

676

677

678

679

680

681

682

683

684

685

686

3D Sketching for 3D Object Retrieval 21

1

—— outline—model
—W¥— sketch-sketch
—@— sketch—-model ||

0.8

I
2}

Precision

©
~

0.2

0.2 0.4 0.6

Recall

0.8 1

Fig. 8 Precision-Recall diagram performance of our 3DSH system.

Table 1 Other performance metrics of our 3DSH system.

Benchmark NN FT ST E DCG AP

outline-model 0.391 0.156 0.238 0.121 0.486 0.217
sketch-sketch 0.167 0.087 0.139 0.092 0.360 0.176
sketch-model 0.029 0.021 0.038 0.021 0.254 0.029

6.2 Advanced Version: CNN-SBR, Experiments

To further advance the retrieval performance for the sketch-model retrieval, we
have developed the CNN-SBR system. In order to have a comprehensive evalu-
ation on its performance, we participated in the Eurographics 2016 Shape Re-
trieval Contest (SHREC’16) 3D sketch-based shape retrieval track [35] which is
based on the SHREC16STB benchmark (Section[L2). Six teams participated in
this SHREC’16 track, while our basic 3D sketch-based shape retrieval algorithm
3DSH (Section [51)) is also included here as a baseline non-learning based method.
All the participating algorithms are evaluated either on SHREC16STB’s test
dataset (i.e. for learning-based algorithms such as our CNN-SBR) or on its com-
plete dataset (i.e. for non-learning based algorithms such as our 3DSH). Our CNN-
SBR system achieved the best accuracy in terms of all the seven evaluation metrics
(Section [£3)). In this section, we will conduct a comparative evaluation between
our CNN-SBR system and several other participating methods in order to find
out possible reasons that contribute to the state-of-the-art performance of our ap-
proach. We also compare our CNN-SBR with the most recently proposed approach
DCHML [I0].
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(a) Simple (b) Medium (¢) Complicated

Fig. 9 3DSH’s three example retrieval results using sketches with different complexities based
on the 3D sketch-based 3D model retrieval system demonstrated in Fig. 2] (b). The first row
shows the 3D sketch queries, while the second row demonstrates the top five retrieval results.

6.2.1 Running Time

Our CNN-SBR system was implemented using Matlab and the MatConvNet tool-
box [67]. A server with an 8-core 3.5 GHz CPU and a GeForce GTX Titan X GPU
was used to perform the experiments. Based on the GPU, it took approximately 1
hour for the pre-training on the TU Berlin 2D sketch dataset and about 30 minutes
for the fine-tuning on the Kinect300 dataset. Only five minutes were needed for
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the majority voting and label matching process, that is the response time for each
query is about 1.4 seconds.

6.2.2 FEvaluation Results

Tableland Fig. [Qlshow the evaluation results. It is apparent that on all the seven
evaluation metrics CNN-SBR has achieved much better performance than other
learning-based participating algorithms, including the most recent DCHML [10]
approach. CNN-SBR/’s performance is also much higher than non-learning based
approaches. On the other hand, it is also evident that SHREC16STB is a chal-
lenging dataset for 3D sketch-based shape retrieval evaluation considering the still
low overall performance of most methods.

0.35F
0.3
——LL(3DSH)
0.25¢ —6—Fan(LSFMR) ]
—%— Li(CNN-Point)
S —A—i(CNN-Edge)
w 0.2r —8&—Tabia(HOD1-4) 7
3 ——Tabia(HOD64-1)
o —#—Tabia(HOD64-2)
0.15 —— Tabia(HOD64-4) ]
—#—Yin(CNN-Maxout-Siamese)
——Our(CNN-SBR)
0.1+
0.05
0
0 0.2 0.4 0.6 0.8 1

Recall

Fig. 10 CNN-SBR’s Precision-Recall diagram comparison on the complete dataset of
SHREC16STB for non-learning based algorithms and on its testing dataset for learning
based algorithms.
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Table 2 CNN-SBR’s performance metrics comparison on the SHREC16STB benchmark.

Participant/Author Group Method NN FT ST E DCG AP
Non-learning based methods Complete benchmark

LL 3DSH 0.029 0.021 0.038 0.021 0.254 0.029

Fan LSFMR 0.033 0.020 0.033 0.018 0.248 0.032
HOD1-4 0.029 0.015 0.035 0.026 0.259 0.032

Tabia HOD64-1 0.052 0.031 0.053 0.034 0.274 0.044
HOD64-2 0.067  0.031 0.057  0.032 0.272 0.044
HODG64-4 0.124 0.019 0.022 0.013 0.230 0.026

Learning-based methods Testing dataset

Li CNN-Point 0.124 0.044  0.075 0.046 0.294 0.060
CNN-Edge 0.114 0.056 0.084  0.051 0.302 0.063

Yin CNN-Maxout-Siamese  0.000 0.031 0.108 0.048 0.293 0.072

[10] DCHML 0.117  0.106 0.148 0.086 0.327 0.147

Our Group CNN-SBR 0.206 0.249 0.340 0.196 0.472 0.310

6.2.8 Discussions

First, we comment on other competition methods in the SHREC’16 challenge. For
DCHML, please refer to Section Fan’s Localized Statistical Feature (LSF)
and Manifold Ranking (MR) approach (LSFMR) is a non-learning based method
which mainly consists of two components: LSF local feature extraction and mani-
fold feature distance ranking for enhancing its retrieval performance. Tabia’s His-
togram of Oriented Distances (HOD) is also a non-learning based method which
builds a dubbed histogram representing a joint distribution of distances and angles
for a 3D sketch. Another two CNN-based shape retrieval approaches, Li’s CNN-
Point and CNN-Edge, are non-learning based methods which train a CNN based
on a large number of sample views of the point cloud forms of our target 3D mod-
els. While, a query 3D sketch is first transformed to a point-based or edge-based
3D sketch, whose sample views are fed into the trained CNN to generate classifi-
cation output. One more CNN-based approach Yin’s CNN-Maxout-Siamese is
a learning-based method which employs random view sampling and Siamese CNN
network.

It should be noted that both learning-based participating methods (CNN-SBR
and CNN-Maxout-Siamese) are based on CNN. However, compared with our CNN-
SBR approach, either non-learning based or other learning-based methods still
have a big performance gap to catch up.

After looking over their implementation details, we have identified the following
advantages or differences of our CNN-SBR system.

— Adaptive feature learning. Unlike HOD, 3DSH and LSFMR . which ex-
tract conventional hand-crafted features, we utilize deep CNN to conduct au-
tomatic and adaptive feature learning.

— Data augmentation. A data augmentation process has been performed in
our CNN-SBR system both on the TU-Berlin dataset for pre-training and
the 2D sketch views of each 3D sketch during fine-tuning. By enlarging the
dataset by 500 times, we significantly reduce the chance of overfitting. However,
none of other CNN-based participating methods employs this type of data
augmentation technique to avoid the overfitting problem, which may partially
explain the much better performance of our algorithm.

— Pre-training on TU Berlin. We pre-train CNN-SBR, based on the cur-
rently largest and also the most comprehensive sketch dataset: TU Berlin



737

738

739

740

741

742

743

744

745

746

747

748

749

750

751

752

753

754

755

756

757

758

759

760

761

762

763

764

765

766

767

768

769

770

771

772

773

774

775

776
777

3D Sketching for 3D Object Retrieval 25

2D sketch dataset. However, other CNN-based methods, including DCHML,
CNN-Point, CNN-Edge, and CNN-Maxout-Siamese, do not employ this
pre-training technique by training their CNNs on a large dataset to boost the
performance, which also, in some degree, explains their relatively unsatisfac-
tory performance even similarly based on CNNs as ours.

7 Conclusions and Future Work

3D sketching in 3D space and 3D sketch-based shape retrieval are novel, inter-
esting and promising research topics. There exists very little preliminary work
in this field, which allows us enough room to further explore and produce possi-
bly very exciting and useful research results. In this paper, we have developed a
novel 3D sketching system, based on which we collected a 3D sketch dataset and
built a benchmark for 3D sketch-based shape retrieval. We also proposed two 3D
sketch-based shape retrieval systems. The results of performance evaluation have
demonstrated the promising potentials of our 3D sketching technique in related ap-
plications such as collecting 3D sketch data and conducting 3D sketch-based shape
retrieval. Our CNN-based 3D sketch-based shape retrieval algorithm (CNN-SBR)
also achieves top performance in a related Shape Retrieval Contest (SHREC)
track. We believe all these will have many implications in related research and
applications.

Nonetheless, there are quite a few open questions to further promote the two
challenging tasks: 3D sketching and 3D sketch-based shape retrieval. Firstly, de-
veloping an even more convenient and effective human-computer interface to help
people draw 3D sketches freely in a 3D space is among the top list of our future
work. More advanced and specific 3D sketches-3D models matching algorithms are
deserved for our further exploration as well for this specific type of retrieval. In
addition, the 3D sketches currently we have collected are quite abstract and noisy.
It will be rewarding to propose even better denoising and smoothing algorithms
to further filter out more noisy points existing in a 3D sketch. Finally, to further
promote the performance of our retrieval system, we plan to collect a large-scale
3D sketch dataset from more diverse users, and then use it to train our system for
better matching between 3D sketches and 3D models.
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