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A B S T R A C T

How to quickly, accurately retrieve and effectively reuse 3D CAD models that conform to user’s design intention
has become an urgent problem in product design. However, there are several problems with the existing
retrieval methods, like not being fast, or accurate, or hard to use. Hence it is difficult to meet the actual
needs of the industry. In this paper, we propose a 3D CAD model retrieval approach that considers the speed,
accuracy and ease of use at the same time, based on sketches and unsupervised learning. Firstly, the loop is
used as the fundamental element of sketch/view, and automatic structural semantics capture algorithms are
proposed to extract and construct attributed loop relation tree; Secondly, the recursive neural network based
deep variational autoencoders is constructed and optimized to transform arbitrary shapes and sizes of loop
relation tree into fixed length descriptor; Finally, based on the fixed length vector descriptor, the sketches and
views of 3D CAD models are embedded into the same target feature space, and 𝑘-nearest neighbors algorithm is
adopted to conduct fast CAD model matching on the feature space. In this manner, a prototype 3D CAD model
retrieval system is developed. Experiments on the dataset containing about two thousand 3D CAD models
validate the feasibility and effectiveness of the proposed approach.
1. Introduction

With the rapid development of the economy and the trend of
globalization, the market competition among enterprises is becoming
extremely fierce. In the new product development activities, if the
designer can effectively reuse the existing knowledge and 3D CAD mod-
els, on this basis to modify and secondarily develop, that will greatly
shorten the development cycle and reduce the development cost. This
technique will help the enterprises in the cruel market competition get
an invincible position [1–4]. It is a friendly and convenient way to
retrieve the 3D CAD models that designers really want from the massive
existing model databases by using a 2D sketch as the query input [5].

However, it is difficult to search and reuse 3D CAD models by
using 2D sketches as the query input. First of all, a 2D engineering
sketch and a 3D CAD model have different dimensions. Even if they
both describe the same object, it is difficult to establish semantic as-
sociation and mapping relationship between these two different media
forms; secondly, 3D CAD models in real industrial applications have
complex composition structure, arbitrary topological connection and
variable shape features, and they are domain related, containing multi-
granularity local details with engineering semantics [6]. Even CAD
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models belonging to the same category may have completely different
overall shapes. It is not easy to use descriptors to conduct uniformly se-
mantic descriptions and characterize the essential structure of 3D CAD
models from multiple CAD systems in engineering [7]. In addition, two-
dimensional engineering sketches drawn by different designers have
different drawing styles, abstraction granularity and levels according
to their personal habits and preferences. How to automatically extract
key semantic features from personalized sketches is still a key issue to
be solved.

This paper studies a new approach of intelligent reuse of 3D CAD
model driven by sketch, aiming to implement a practical industrial
application for product retrieval and reuse. By using a deep neural
network, the internal structure correlation between a 2D engineering
sketch and a 3D CAD model is established, which is embedded into the
same feature space jointly. On this basis, the retrieval and reuse of CAD
models are realized. The research carried out includes the following
three points:

∙ Propose an automatic method to generate sketch and view’s
description which contains structural semantics. Firstly extract
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loop structure data from the view of 3D CAD models or the
sketch drawn by users. Then generate the corresponding rela-
tionship tree as an initial description, by combining these data
orderly.

∙ Propose a sketch and view descriptor generation method based
on recursive neural network (RvNN). According to the charac-
teristics of structured view data, a RvNN based variational au-
toencoder is designed to automatically extract view descriptors,
which can effectively compress view information meanwhile
retain enough view information, so as to support rapid matching
between sketch and 3D CAD models.

∙ A prototyping 3D CAD model retrieval system based on sketches
and unsupervised autoencoder is developed, which verifies the
effectiveness of the proposed method.

2. Related work

2.1. Sketch-based 3D model retrieval and reuse

In the aspect of sketch-based retrieval, many existing works gener-
ally regard the sketch as a set of two-dimensional pixels, extract the
feature vector from the sketch by using image descriptor, measure the
similarity between the sketch and the 3D model of the library, and then
retrieve the related 3D model. This method needs to solve two major
problems: one is to project the 3D model into the two-dimensional view
with the best angle; the other is to select the image descriptor suitable
for both the two-dimensional view and the hand-drawn sketch feature
extraction.

Hou et al. [8,9] proposed a sketch-based 3D engineering part classi-
fication retrieval method. The user inputs the sketch by hand through
the interactive interface. At the same time, the 3D parts in the library
are projected into orthogonal three views, and then features are ex-
tracted from the sketch and three views by combining image descriptors
such as spherical harmonics, Fourier transform and Zernike moment.
Finally, the distance of feature vectors is calculated to complete the sim-
ilarity matching between the sketch and the 3D parts. Wang et al. [10]
proposed a sketch-based 3D model retrieval method using a convo-
lutional neural network (CNN). The method trains Siamese CNN to
select the best angle projection view for the three-dimensional model,
with contour descriptors (e.g. closed boundaries, Suggestive Contours)
being used to extract features from sketches and projected views. Eitz
et al. [11–13] have done a lot of work on sketch-based retrieval for
3D models and 2D images, including selecting and improving image
descriptors specifically for 2D sketches, such as Shape Context, Spark
and SHoG, and using machine learning methods such as SVM to select
the best angle to project 3D models and draw 2D sketches, etc. Liu
et al. [14] considered the idea of a bag of words and proposed a 3D
CAD model retrieval method that takes user’s hand-drawn 2D sketches
as input, and this method could carry out adaptive learning for each
individual user. Zeng et al. [5] proposed a sketch-based retrieval and
instantiation method for parametric parts. First, the feature vertices and
adjacencies are extracted to form a view-dependent (VD) graph repre-
sentation which is smaller and more efficient than a part’s attribute
face graphs. Then, automatic algorithms are designed to hierarchically
search similar parametric parts from the database. In this work, a
prototyping retrieval system with 50 parametric from the mechanical
and furniture industries is implemented. In addition, Han et al. [15]
developed a sketch-based 3D art-style face modeling system using deep
learning technology.

Compared with the keyword-based or instance-based 3D model
retrieval, the retrieval method based on a sketch is more convenient
and practical, and conforms to the user’s input habits. The existing
work of 3D model retrieval based on sketch has achieved good results
in general 3D model retrieval by selecting image descriptors suitable for
sketch feature extraction, or improving the existing image descriptors,
and using heuristic or machine learning methods to select the best
2

angle projection of 3D model. However, the two-dimensional sketch
input by engineers in the CAD field is different from the general hand-
drawn sketch, which has its own constraints and specific semantics, and
usually takes the loop as the basic semantic unit. The existing work of
3D model retrieval based on sketch has not been able to describe and
express the engineering semantics of 2D sketch well, which should be
considered in the retrieval and reuse of 3D CAD model.

2.2. Deep learning in CAD domain

Deep learning technology makes machine learning a big step toward
its original goal of achieving true artificial intelligence. Since 2006,
deep learning methods have made major breakthroughs [16], triggering
a research boom in the field of machine learning and artificial intel-
ligence. Deep learning technology allows machines to automatically
learn multiple levels of abstraction and representation of objective
objects to understand the essential meaning of sounds, text, images,
videos, and three-dimensional models [17]. Deep learning technology
has been successfully applied in many fields, and scholars have also
introduced it into the field of CAD for related research. Currently, deep
learning algorithms that have been widely used include convolutional
neural networks (CNN) and its variants, recurrent neural networks
(RNN) and its variants, deep belief networks (DBN) and recursive
neural networks (RvNN), etc. [18].

CNN in CAD domain. Convolutional neural network has three struc-
tural characteristics: local connection, weight sharing, and spatial sub-
sampling. It is good at processing array data (e.g. 1D vector, 2D matrix,
3D tensor, etc.) [19]. The five most widely used convolutional neural
network architectures are AlexNet [20], ZFNet [21], VGGNet [22],
GoogLeNet [23] and ResNet [24]. A 3D CAD model can be processed
into a 3D voxel or projected into a 2D image to generate an input
acceptable to CNN. Su et al. [25] designed a multi-view convolutional
neural network for 3D shape recognition. The three-dimensional shape
is first projected into multiple two-dimensional images, then multiple
standard CNN structures are used to extract the features of the two-
dimensional images from different angles independently, and finally,
the image features from multiple angles are fused by the View Pooling
layer to generate a compact three-dimensional shape description. On
this basis, Hegde et al. [26] designed a FusionNet classifier, which
combines voxelized representation and view representation of the 3D
model as input at the same time to train CNN. Experimental results
show that the fusion classifier has better classification performance
than pixel representation or voxel representation alone. Qi et al. [27]
also designed voxelized CNN and multi-view CNN with different struc-
tures, processed the 3D model into pixel and voxel representations with
different resolutions as inputs, trained CNN, besides analyzed, com-
pared the shape recognition and classification performance of various
CNN structures.

RNN in CAD domain. Through the use of self-feedback neurons, RNN
is good at processing sequential data (e.g. temporal data, character
stream, etc.), and has been widely used in speech recognition, machine
translation, natural language generation and other tasks [28]. RNN is
not suitable for the analysis and processing of 3D CAD models directly,
but it can be used for natural language processing (NLP) tasks such
as content analysis of design documents and automatic knowledge
extraction of patent documents in CAD field.

DBN in CAD domain. Wu et al. [29] designed a deep learning model
3D ShapeNets based on a deep belief network for the recognition,
shape completion and reconstruction of 3D CAD models. The model
takes a 30 × 30 × 30 voxel grid as input to automatically learn and
extract various features of 3D shapes, and then maps and transforms the
features layer by layer. The filters of each hidden layer can learn some
relevant features of this layer. For example, the first hidden layer learns
some surfaces and corners of three dimensional shapes; the second and
third hidden layers roughly learns multiple parts which make up the
three dimensional shape, such as the table top and the table foot; the
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Fig. 1. Overview of the proposed approach.
fourth and fifth layers recognize the entire three dimensional shape.
However, because 3D ShapeNets take 3D voxels as input, the dimension
of the input vector is very large, which leads to difficulty in training the
neural network model and poor generalization ability.

RvNN in CAD domain. Socher et al. [30] first proposed to use recur-
sive neural networks to analyze natural scenes and natural languages
in 2011. In this work, the text is seen as a collection of words, while
images are seen as a collection of super-pixel blocks. RVNN is able
to learn a parse tree and recursively merge text/image fragments.
Xu et al. [31] extended RVNN and developed Generative Recursive
Autoencoders for Shape Structures (GRASS) to automatically encode
the semantic structure of 3D shapes. GRASS can implicitly capture the
complex internal topological connection relations and symmetry rela-
tions (e.g. translational symmetry, rotational symmetry, etc.) of several
kinds of three-dimensional shapes (e.g. chairs, candlesticks, vehicles,
etc.), map the component layout of 3D shape to a dimensional-fixed
feature vector. The feature vector can be used to retrieve, interpolate
and generate the corresponding 3D shape. In essence, GRASS, based
on the idea of RVNN, can recursively encode the tree/graph data
structure with an arbitrary topological connection into a dimensional-
fixed feature vector, which implicitly describes the internal topological
connection relationship of the corresponding tree/graph data structure.

The two-dimensional sketch of engineering CAD model is composed
of several sketch loops with different geometric shapes. The loop is the
most basic semantic unit of engineering sketch. There are topological
relationships between loops such as adjacency, disjoint, inclusion, and
symmetry. We have been thinking about how to make vectorization
representation (similar to pixel representation of 2D images and voxel
representation of 3D shapes) of engineering sketches that contain any
number of complex topological connection loops, so as to provide
machine learning/deep learning algorithms for training and feature
extraction. Inspired by the work of Xu et al. [31], the deep recur-
sive neural network is used to encode and represent two-dimensional
engineering sketches/views in this paper.

3. Overview of approach

Aiming at the deficiency of the existing 3D CAD model retrieval, this
paper proposes a new sketch-based 3D CAD model retrieval approach
combining with the characteristics of 3D CAD model, automatically
extracting and using structural semantic information in sketches, and
using an unsupervised autoencoder, to improve the accuracy and ef-
ficiency of 3D CAD model retrieval and reuse, as shown in Fig. 1. In
reference to the behavior of engineers, this article assumes that the
3

sketch input by the user is usually similar to one of the engineering
drawings of the target 3D CAD model that the user wants to search
in both topology and geometry. In general, the approach in this paper
needs to solve the following three key problems.

∙ How to effectively and automatically extract structural semantic
information from views/sketches. The 2D view projected by the
3D CAD model contains accurate geometric information and
structural semantic information, which plays an important role
in improving the accuracy of 3D CAD model retrieval. Since the
structural semantic information is only implicit in the sketch
and the view, how to extract the structural semantic information
from the view/sketch completely and effectively based on the
original geometric information is the first key problem to be
solved.

∙ How to transform the extracted structural semantic information
into an appropriate descriptor. On the premise that Problem 1
is solved, the structure semantic information in the view/sketch
is very complex, and it is difficult to use it as a descriptor
to support effective and efficient similarity calculation. There-
fore, how to transform the structural semantic information into
appropriate descriptors and make the descriptors preserve the
structural semantic information in the original view to a large
extent is the second key problem to be solved.

∙ How to improve the online retrieval efficiency of sketch-based
3D CAD model retrieval. Similarity comparison is one of the
most important stages of 3D CAD model retrieval. Due to the
dimension of the comparison data in the similarity comparison
stage is uncertain, so the efficiency of online retrieval of these
methods is not high. How to transform the variable-length com-
parison data in the similarity comparison stage into fixed-length
comparison data and enable it to express the structural semantic
information contained in the original views and sketches, to im-
prove the efficiency of online retrieval is the third key problem
to be solved.

CAD semantics encoding. We use a loop as the primary element to
represent the structural semantics of the CAD models, and define an
abstraction of loop trees, which are composed of spatial arrangements
of axis align bounding boxes (AABBs). Each AABB is defined by a
fixed length code to represent its geometry. The fixed length code
encodes both the geometry of its child AABBs and their detailed topo-
logical grouping mechanism: adjacency, disjoint, inclusion, and sym-
metry (e.g. reflectional symmetry, rotational symmetry, translational

symmetry).
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Fig. 2. The procedure for capturing structural semantics of CAD model sketch/view.

Stage1: Structural semantics capture. 3D CAD models are projected
into six 2D views including FrontView, RighView, TopView, BackView,
LeftView, BottowView in the offline processing module. According to
the characteristics of the CAD domain, the loop is used as the funda-
mental element of both the projected views and user drawn sketches.
Automatic semantics capture algorithms are developed to extract the
loop properties and topological relationship between loops, and the
attributed loop relation tree is generated from 2D views/sketches,
which represents the structural semantics of 3D CAD models.

Stage2: Unsupervised autoencoder based CAD model descriptor gen-
eration. The RvNN based unsupervised autoencoders are constructed
and optimized to encode the attributed loop relation tree of arbitrary
shapes and sizes into the fixed length vector (80-D CAD model descrip-
tor), which implicitly represents the structural semantics, geometric
and topological information of the 3D CAD model. A 3D CAD model
corresponds to multiple view descriptors, whereas a view descriptor
corresponds to only the 3D CAD model that generated the view.

Stage3: Fast CAD model matching. Since both the sketches and the
2D views are represented by the fixed length vector descriptors, they
would be embedded into the same target space. 𝑘-nearest neighbors (𝑘-
NN) based fast matching algorithm is used to search the most similar
3D CAD models from the dataset, inputting the user drawn sketch. The
12 CAD models with the top similarity values are returned by the online
retrieval module.

4. Structural semantics capture

In order to effectively generate structural semantic data that can
completely describe the sketch/view information, we propose a struc-
tural semantics capture algorithm. The difficulty of the structural se-
mantics capture algorithm is how to extract the loop structure and the
relationship tree of loops based on the original data of the sketch/view.
Its main idea is as follows: based on the original geometric information
such as lines and arcs in the 2D sketch/view, the undirected sparse
graph composed of the lines and the intersections of the lines in the
sketch/view is firstly constructed; then a single source search algorithm
based on breadth-first traversal is used to identify the loop structure
in the sketch/view; finally, apply the recursion-based algorithm to
combine these loops orderly to generate the relationship tree of loops.

The algorithm includes the following steps, as shown in Fig. 2:
(1) based on the definition of loop attributes, the algorithm extracts
the complete loop structure from the sketch/view; (2) extract the
topological relations between loops, based on the properties of loops;
(3) extract the loop relation tree, with the help of the definition of the
relationship between loops.

4.1. Loop

A fundamental loop is the smallest unit of meaning in a 2D sketch/
view, analogous to the word component of a sentence in natural
language processing. By analogy with the words in sentences, the data
structure of loop property designed in this paper does not add artificial
design features.

The bounding box is used to describe the loop attribute. The types
of bounding boxes include spheres, AABB, Oriented Bounding Boxes
(OBB), 8-DOP and convex shells. Because the geometric features of the
3D CAD model themselves are more obvious and neat, the geometric
shapes of the 2D view obtained by its projection are neat and almost
4

Fig. 3. Example of extracting loops from a threaded joint model.

Fig. 4. Examples of symmetry relation.

parallel to the coordinate axis. Hence we use AABB as the bounding
box of the loop in this paper. The data structure of the loop property
includes the location of the center point of the bounding box, the size
of the bounding box along the axis and the type of the line taking the
point as its end point in the loop. It is a 11D vector, the specific data
structure is provided in Table 1. An example of extracting loops from
a threaded joint model is illustrated in Fig. 3.

4.2. Topological relationship between loops

In order to make the structural semantics fully describe the view
information, based on the definition of loop properties, we define
the topological relationship between loops into four kinds: adjacency,
disjoint, inclusion, and symmetry. There are three kinds of symmetry
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Table 1
Data structure of the loop property.
Data location Data type Data meaning

1 Double-precision floating-point The abscissa of the center point of the bounding box
2 Double-precision floating-point The ordinate of the center of the bounding box
3 Double-precision floating-point The size of the bounding box moves along the horizontal axis
4 Double-precision floating-point The size of the bounding box moves along the longitudinal axis
5 Double-precision floating-point The abscissa of the starting point at the lower left corner of the bounding box
6 Double-precision floating-point The ordinate of the starting point in the lower left corner of the bounding box
7 Integer The number of lines in the bounding box
8 Integer The number of arcs in the bounding box
9 Integer The number of ellipses in the bounding box
10 Integer The number of parabolas in the bounding box
11 Integer The number of splines in bounding box
Table 2
Data structure of the symmetry relation.
Data location Rotational symmetry Reflectional symmetry Translational symmetry

1 Use 0 to identify the category Use 1 to identify the category Use 2 to identify the category

2 The abscissa of the rotational
center point

The abscissa of the vector
of symmetry axis

The abscissa of the displacement
vector

3 The ordinate of the rotational
center point

The ordinate of the vector
of symmetry axis

The ordinate of the displacement
vector

4 The number of symmetric
loops

The abscissa of the starting
point of symmetry axis

The abscissa of the center
point of the last loop

5 The ordinate of the starting
point of symmetry axis

The ordinate of the center
point of the last loop
relations of loops: rotational symmetry, reflectional symmetry, and
translational symmetry, as shown in Fig. 4. The specific data structure
of symmetry relation is provided in Table 2.

Since the loop is described by the bounding box in this paper, the
collision between objects can be quickly detected by the bounding box.
In this section, based on the information of the bounding box, the
geometric information of the line and the arc in the loop, the automatic
extraction algorithm of the topological relationship between loops is
designed. The algorithm pseudocode is shown in Algorithm 1.

Algorithm 1 The automatic extraction algorithm of the topological
relationship between loops
Input: Loop list, loop center list and geometry information of each loop
Output: Topological relationship of loops
1: initial 𝑟𝑒𝑙𝑎𝑡𝑖𝑜𝑛𝑠ℎ𝑖𝑝𝑙𝑖𝑠𝑡
2: for 𝑖 = 1 → 𝑁 do
3: for 𝑗 = 1 → 𝑖 − 1 do
4: if 𝐿𝑜𝑜𝑝𝑖 area = 𝐿𝑜𝑜𝑝𝑗 area then
5: if 𝐿𝑜𝑜𝑝𝑖 edge list equals 𝐿𝑜𝑜𝑝𝑗 edge list by order then
6: The relationship between 𝐿𝑜𝑜𝑝𝑖 and 𝐿𝑜𝑜𝑝𝑗 is 𝑆𝑦𝑚𝑚𝑒𝑡𝑟𝑖𝑐𝑎𝑙
7: end if
8: else
9: if 𝑐𝑒𝑛𝑡𝑒𝑟𝑖 in 𝐿𝑜𝑜𝑝𝑗 then

10: if 𝐿𝑜𝑜𝑝𝑖 and 𝐿𝑜𝑜𝑝𝑗 have common edge then
11: The 𝑟𝑒𝑙𝑎𝑡𝑖𝑜𝑛𝑠ℎ𝑖𝑝 between 𝐿𝑜𝑜𝑝𝑖 and 𝐿𝑜𝑜𝑝𝑗 is 𝐴𝑑𝑗𝑎𝑐𝑒𝑛𝑡
12: else
13: The 𝑟𝑒𝑙𝑎𝑡𝑖𝑜𝑛𝑠ℎ𝑖𝑝 between 𝐿𝑜𝑜𝑝𝑖 and 𝐿𝑜𝑜𝑝𝑗 is 𝐼𝑛𝑐𝑙𝑢𝑠𝑖𝑜𝑛
14: end if
15: else
16: if 𝐿𝑜𝑜𝑝𝑖 and 𝐿𝑜𝑜𝑝𝑗 have common edge then
17: The 𝑟𝑒𝑙𝑎𝑡𝑖𝑜𝑛𝑠ℎ𝑖𝑝 between 𝐿𝑜𝑜𝑝𝑖 and 𝐿𝑜𝑜𝑝𝑗 is 𝐴𝑑𝑗𝑎𝑐𝑒𝑛𝑡
18: else
19: The 𝑟𝑒𝑙𝑎𝑡𝑖𝑜𝑛𝑠ℎ𝑖𝑝 between 𝐿𝑜𝑜𝑝𝑖 and 𝐿𝑜𝑜𝑝𝑗 is 𝐷𝑖𝑠𝑗𝑜𝑖𝑛𝑡
20: end if
21: end if
22: end if
23: end for
24: end for
25: return 𝑟𝑒𝑙𝑎𝑡𝑖𝑜𝑛𝑠ℎ𝑖𝑝𝑙𝑖𝑠𝑡
5

Fig. 5. Procedures for generating loop relation tree.

4.3. Loop relation tree

Based on the extracted loops and topological relationship between
loops from sketch/view, in this section, the binding order of loops
is processed accordingly to generate the required loop relation tree.
The procedures for generating the loop relation tree are as follows, as
illustrated in Fig. 5.

Step 1: Input basic information about loops and between loops. The
relation between loops is obtained through geometric operation of loop
bounding box, and the unprocessed loop set (hereinafter referred to as
loop set) is recorded.
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Fig. 6. The loop relation tree of threaded joint model.

Step 2: Merges loops with symmetric relations. According to statis-
tics, the loops with symmetric relations in the two-dimensional projec-
tion view of the 3D CAD model are all fundamental loops. For the sake
of simplifying the processing steps, the loops with symmetric relations
are merged first, and then deleted from the loop set.

Step 3: Look for the outermost loops. Here, outermost loop refers
to the loop that is not contained by any loop and includes at least one
outermost boundary edge of the sketch/view in x or y direction. Taking
the view in Fig. 3 as an example, the loop 9 and loop 13 are two of its
outermost loops at the first. If there are more than one outermost loops,
step 4 needs to be performed for each one.

Step 4: Record the outermost loop number and delete it. Remove
the outermost loop from the loop set in step 3 and record its ordinal
number.

Step 5: Determine whether the loop set is empty. If the loop set is
empty, then perform step 6; if the loop set is not empty, then perform
step 3.

Step 6: Generate the loop relation tree from bottom to top according
to the loop order determined above.

A loop relation tree which is obtained from the threaded joint model
of Fig. 3(b), by the loop relation tree generation procedures, is shown
in Fig. 6.

5. Unsupervised autoencoder based CAD model sketch/view de-
scriptor generation

In this section, we propose a method to encode CAD model sketch/
view structures into a short, fixed-dimensional code. The learned en-
coding is fully invertible, allowing the sketch/view structures to be
reconstructed from the code (CAD model sketch/ view descriptor). The
main idea of this method is: use a recursive neural network (RvNN)
based variational autoEncode to process the captured structural se-
mantic information, and generate fixed length descriptor; Design RvNN
based variational autoDecode to make the descriptor retain the original
structural semantic information significantly; compute the loss between
the captured structural semantic information and the restored semantic
information, train the RvNN by back propagation through structure
(BPTS) algorithm [32].

The proposed method has two procedures: (1) input the captured
structural semantic information of CAD model sketch/view into the
variational autoEncode to produce mean vector and standard deviation
vector, then generate fixed length sketch/view descriptor. (2) restore
the descriptor to sketch/view structural semantic information through
the variational autoDecode, and retain the original structural semantic
information as more as possible. The procedures for generating the CAD
model sketch/view descriptor are shown in Fig. 7.
6

5.1. Variational autoencoder construction

The variational autoencoder is an artificial neural network which
learns effective data code without supervision. It learns the latent
representation using a variational approach which impels the encoder
more effective meanwhile generates latent variables with abundant
information. The variational autoencoder includes two modules: Encode
and Decode. Encode firstly carries out dimension reduction for the input
data, obtains mean and standard deviation of Gaussian distribution.
Then the latent variables which are CAD model descriptors are gen-
erated by re-parameterization. Decode restores the latent variables and
makes them as close to the original data input as possible.

5.1.1. Encode
For processing the relationship between loops such as adjacency,

disjoint, inclusion and symmetry, the corresponding Encodes are de-
signed in the RvNN.

The forms of these encoders are roughly similar, except that the
choice of weight matrixes and bias vectors differs depending on the
loop relationships. The encoder module is combined by two neural
network layers which merge codes for two adjacent loops into the code
for their parent node.

Adjacency, disjoint and inclusion. It has two 𝑛-D inputs and one 𝑛-D
output. Its trainable parameters are a weight matrix 𝑊 ∈ 𝑅𝑛×2𝑛 and
a bias vector 𝑏 ∈ 𝑅𝑛, which are used to obtain the code of parent
(merged) node 𝑦 from children node codes 𝑥1 and 𝑥2 using the formula

𝑦 = tanh(𝑊 ⋅ [𝑥1; 𝑥2] + 𝑏) (1)

Symmetry. The symmetry encoder module differs from others in the
way it converts the encoding of a symmetric child node and its symmet-
ric mode encoding into the encoding of the parent node. The encoder
for the symmetry module merges the 𝑛-D code for a generator loop of a
symmetry group, as well as the 𝑚-D parameters of the symmetry itself
into a single 𝑛-D output. The code for a group with generator loop 𝑥
and symmetry relationship parameters 𝑝𝑠𝑦𝑚 is computed as

𝑦 = tanh(𝑊𝑠𝑦𝑚𝑒 ⋅ [𝑥; 𝑝𝑠𝑦𝑚] + 𝑏𝑠𝑦𝑚𝑒) (2)

where the weight matrix 𝑊𝑠𝑦𝑚𝑒 ∈ 𝑅𝑛×(𝑛+𝑚) and the bias vector 𝑏𝑠𝑦𝑚𝑒 ∈
𝑅𝑛.

In this paper, the four encode modules are two layer neural net-
works, the size of the hidden layer is 120, and the size of the output
layer is 80, that is 𝑛 = 80. For symmetry relationship, we set the size of
symmetry relationship parameters as 5, that is 𝑚 = 5. Furthermore, the
input for RvNN is the AABB set of sketch/view. On the contrary, the
aforementioned four encode modules only deal with 𝑛-D vectors. Hence
a single layer BoxEncode module is designed for converting 11-D loop
structural data to 𝑛-D vector. The encode modules based on RvNN are
illustrated in Fig. 8, ellipsis dots in the figure could be the output of
BoxEncode, AdjEncode, DisEncode, IncEncode, or SymEncode modules.

5.1.2. Decode
For containing sketch/view structural semantics in the code vector,

the 𝑛-D vector produced by encode module needs to be decoded to
restore the structural semantics contained in sketch/ view. Correspond-
ing to the encode modules, four kinds of decode modules aiming for
different topological relationships between loops are designed. Similar
to the encoder, the structure of the decoder is also roughly the same.
There is only a difference in the selection of the weight matrix and the
bias. Besides, the symmetry decoder module is slightly different from
the other decoder modules in that its output is the encoding of one
child node and its symmetry mode encoding, while the output of the

other encoding modules is the encoding of two child nodes.
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Fig. 7. Procedures of generating the CAD model sketch/view descriptor.
Fig. 8. The RvNN based encode modules.

Fig. 9. The RvNN based Decode modules.

Adjacency, disjoint and inclusion. The corresponding decoder splits
a parent code vector 𝑦 back to chid code vectors 𝑥′1 and 𝑥′2, using the
reverse mapping

[𝑥′1𝑥
′
2] = tanh(𝑊 ⋅ 𝑦 + 𝑏) (3)

where the weight matrix 𝑊 ∈ 𝑅2𝑛×𝑛 and the bias 𝑏 ∈ 𝑅2𝑛.

Symmetry. The corresponding symmetry decoder recovers the gener-
ator loop semantic information and symmetry relationship parameters
7

as

[𝑥′𝑝′𝑠𝑦𝑚] = tanh(𝑊𝑠𝑦𝑚𝑑 ⋅ 𝑦 + 𝑏𝑠𝑦𝑚𝑑 ) (4)

where the weight matrix 𝑊𝑠𝑦𝑚𝑑 ∈ 𝑅(𝑛+𝑚)×𝑛 and the bias 𝑏𝑠𝑦𝑚𝑑 ∈ 𝑅𝑛+𝑚.
The decode modules based on RvNN are illustrated in Fig. 9, ‘‘...’’ in
the figure could be the output of BoxDecode, AdjDecode, DisDecode,
IncDecode, or SymDecode modules.

5.2. Training

In essence, the training of a neural network is a process of solving
the optimization problem of non-convex functions. And the loss func-
tion of the network is no longer a convex function of the parameter set.
Therefore, it is necessary to adopt a combination of various training
strategies in the training process of a neural network. Using the data
augmentation method can increase the training set effectively so that
the network model can achieve better generalization effect; adopting
triangular learning rate policy so that the neural network can approach
the global optimal solution in the feasible solution space more quickly;
a training protocol is employed in order to reduce the memory over-
head caused by the large amount of data and get the global optimal
solution more quickly; an early stopping method is also used to prevent
neural network overfitting.

5.2.1. Data augmentation
Data augmentation is a way of increasing the volume of data and

improving model generalization without changing data categories. In
this method, operations such as translation, rotation, noise, and hori-
zontal flipping are applied to the original data set to form more and
richer data sets. More data can make the network model achieve better
experimental results on the test set. Different from the data augmenta-
tion method applied to images, the data augmentation method used in
this paper is as follows:

• Rotate. The data extracted from the two-dimensional sketch/
view is processed. The point coordinates are randomly rotated
according to a certain angle, and the angle is uniformly sampled
in the interval [−20◦,+20◦].

• Scale. The data extracted from the two-dimensional sketch/ view
is processed, and the point coordinates are randomly expanded
and shrunk in a certain proportion. The scaling factors are uni-
formly sampled in the interval [0.6, 1.0] to obtain.

• Translate. The data extracted from the two-dimensional sketch/
view is processed, and the point coordinates are randomly trans-
lated according to a certain distance. The horizontal translation
distance and the width of the original sketch/view have a scaling
factor 𝑅1, and the vertical translation distance and the height of
the original sketch/view have a scaling factor 𝑅2. 𝑅1 and 𝑅2 are
uniformly sampled in the interval [0, 0.4].
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Fig. 10. The triangular learning rate policy.

Table 3
The hyper-parameter setting of learning rate.

base_lr max_lr stepsize start max_iter

0.01 0.06 100 0 1,000
0.001 0.006 50 1,000 1,700
0.0001 0.0006 30 1,700 2,000

5.2.2. Learning rate
This paper uses cyclical learning rates (CLRs) [33]. This method

eliminates the need to find the best value through experiments and
could adjust the global learning rate according to the design in advance.
The method does not reduce the learning rate monotonously, but makes
the learning rate change in a cycle between reasonable boundary val-
ues. The adopted triangular learning rate policy in this paper is shown
in Fig. 10. Through the method mentioned in [33], the reasonable
boundary of the learning rate is estimated, and the learning rate is
adjusted linearly in the periodic training. The specific learning rate
setting is shown in Table 3. 𝑏𝑎𝑠𝑒_𝑙𝑟 is the initial learning rate, 𝑚𝑎𝑥_𝑙𝑟 is
the maximum learning rate, 𝑠𝑡𝑒𝑝𝑠𝑖𝑧𝑒 is the stepsize of the linear change
of learning rate, 𝑠𝑡𝑎𝑟𝑡 is the starting point of the cycle, and 𝑚𝑎𝑥_𝑖𝑡𝑒𝑟 is
the maximum iteration number.

5.2.3. Training protocol
Because neural network is a differentiable system, the gradient

descent method can be used to optimize the parameters of a neu-
ral network. Different from traditional neural networks, deep neural
network (DNN) and convolutional neural network (CNN) adopt back
propagation (BP) algorithm to calculate the gradient; recurrent neural
network (RNN) usually uses back propagation through time (BPTT)
to calculate the gradient. And the variational autoencoder based on
RvNN employed in this paper uses BPTS [32] algorithm to calculate
the gradient.

The training protocol adopted in this paper is Mini-Batch, which is a
compromise between full batch training protocol and random training
protocol. A hyper parameter 𝑏𝑎𝑡𝑐ℎ_𝑠𝑖𝑧𝑒 needs to be artificially set. The
operation mechanism of the Mini-Batch training protocol is similar
to that of the random gradient descent training, but the difference is
that the Mini-Batch adopts multiple training samples to estimate the
gradient value, which reduces the abnormal parameter fluctuations
caused by a few abnormal samples. When the training data is large and
the memory consumption is large, the method can still be carried out
effectively under the condition of memory limitation because the data is
trained in mini-batches. Typically, the batch size is 2 to the NTH power.
In this paper, after several experiments were conducted, the batch size
was set to 64.

5.2.4. Early stopping
In this paper, the training samples are divided into a training set

(neural network weight is obtained through gradient descent algo-
rithm) and a validation set (experimental results are verified with
trained neural networks). The early stop method can be used to pre-
vent neural networks from overfitting on the training set. It achieves
its goal by monitoring the experimental effect of the model on the
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validation set. In the early stop method, the training process of the
model is periodically paused (a training cycle contains multiple training
sessions). And after each training cycle, the experimental effect of the
model on the validation set will be tested. The specific steps for periodic
estimation follow by validation are as follows:

(1) After one cycle of training, it is set to be 20 rounds in this paper.
At this time, the parameter weights in the RvNN have been
updated. Then, the experimental effectiveness of the current
model is tested in the validation set.

(2) After the model is tested on the validation set, the training of
the RvNN will start a new training cycle, and this process will
continue to cycle until the experimental effect is optimal.

5.2.5. Energy function
During the training process, the RvNN in autoencoder is trained

with the help of the loss values between the original input data and the
reconstructed generated data, and the gradient calculation is performed
by BPTS. The final energy function is composed of reconstruction loss
and categorical cross entropy loss, and the formula is as follows.

𝐿𝑜𝑠𝑠𝑓𝑖𝑛𝑎𝑙 = 𝛽𝐿𝑜𝑠𝑠𝑟𝑒𝑐𝑜𝑛 + (1 − 𝛽)𝐿𝑜𝑠𝑠𝑐𝑟𝑜𝑠𝑠𝑒𝑛 (5)

The reconstruction loss is defined as 𝐿𝑜𝑠𝑠𝑟𝑒𝑐𝑜𝑛 = ‖𝑥 − 𝑥′‖, which is
used to ensure that the error between the original extracted structural
semantic information 𝑥 and the reconstructed structural semantic infor-
mation 𝑥′ is continuously reduced after training. The cross entropy loss
with certain weight is added to further ensure the quality of training,
which is 𝐿𝑜𝑠𝑠𝑐𝑟𝑜𝑠𝑠𝑒𝑛 = − 1

2𝑥 log 𝑥
′. In this paper, 𝛽 is set to 0.6.

6. Fast CAD model matching

For model matching, because the linear search in the target space
is excessively time-consuming and reduces the user experience, we
adopt 𝑘-nearest neighbors (𝑘-NN) algorithm to improve the efficiency of
online retrieval. In this paper, the 𝑘-NN algorithm is used in different
ways. The first 𝑘 categories of most similar descriptors are counted,
and the corresponding 3D CAD models are displayed according to the
frequency of view descriptor categories.

Algorithm idea of optimized 𝑘-NN. The calculation of 𝑘-NN is highly
time-consuming when the training set is large. To improve the effi-
ciency of 𝑘-NN search, special structures can be considered to store
the training data in order to reduce the number of computed distances.
Therefore, 𝑘𝑑 tree is used to optimize the algorithmic complexity of
𝑘-NN.

The search process for the nearest neighbor. Given a test sample,
according to the construction rule of 𝑘𝑑 tree, the coordinate of the
left child node is smaller than the parent node (the coordinate of the
slicing point) and the coordinate of the right child node is larger than
the coordinate of the parent node, then search for its nearest neighbor.
The method first finds the leaf node that contains the test sample (a
subregion that cannot be divided again); then starting from the leaf
node, back to the parent in turn; constantly search for the node closest
to the test sample, and end the algorithm when it is determined that
no closer node exists.

Searching using 𝑘𝑑 tree can only be calculated on partial data
set rather than the whole data, so this paper uses 𝑘NN based on 𝑘𝑑
tree algorithm to retrieve the target space to improve 3D CAD model
retrieval efficiency.

7. Experimental results

We have developed a prototype system to support the proposed
sketch and unsupervised learning based 3D CAD model retrieval ap-
proach. VBA (Visual Basic for Applications) is used for acquiring
2D views from 3D CAD models, C++ is used for developing auto-
matic algorithms which capture structural semantics information from
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Fig. 11. UI of the proposed retrieval system.

Fig. 12. Six views of a threaded joint part model.

views/sketches, moreover deep learning framework PyTorch is used
for constructing the RvNN based autoencoders. The user interface (UI)
of the prototype system is developed with QT. The PC used for the
experiments is a desktop with 3.00 GHz Intel core i5 processor, 16GB
memory, a Nvidia GeForce GTX 680 graphics card and is running on
Windows 7.

As shown in Fig. 11, the UI of the proposed prototype retrieval
system mainly consists of three parts: (i) toolbar, which provides some
common drawing and auxiliary functions, and engineers can choose
different types of brushes to draw sketches; (ii) sketch drawing area.
The engineer could select the appropriate brush type to draw the
sketches in the sketch drawing area; and (iii) result display area, which
returns the top 12 CAD models in the 3D CAD model library that
have the highest similarity to the input sketch. The thumbnail images
and names of the returned models are displayed in order of similarity
ranking from high to low.

3D CAD models containing design features are very valuable. They
are one of the most important core assets of an enterprise. Due to the
protection of intellectual property rights, it is difficult to obtain 3D
CAD models from related enterprises. However, in order to conduct
the experiments this paper, we have acquired more than 2000 3D
CAD models from several local mechanical companies and constructed
the corresponding datasets for the experiments. These 3D CAD models
are created by experienced engineers with commercial CAD model-
ing systems (e.g. SolidWorks, CATIA). Six views including FrontView,
RightView, TopView, BackView, LeftView, and BottowView are projected
and generated from each 3D CAD model of the dataset. Fig. 12 shows
the six views of a threaded joint part. In the future, we will further
9

obtain 3D CAD models designed by multiple CAD systems from manu-
facturing companies to build a dataset with tens of thousands samples
for further experiments.

7.1. Case study

To illustrate the advantages of our sketch and unsupervised vari-
ational autoencoder based retrieval approach, we compared our ap-
proach with sketch and heuristic rule based retrieval approach [34],
and CNN-VAE approach of which the descriptors are generated directly
by CNN, contrary to our unsupervised learning manner. CNN-VAE is a
method we put forward in this paper to perform a comparison test in
the experimental stage. CNN-VAE treats sketch as a 2D image composed
of pixels, uses CNN to conduct feature extraction, and then feeds the
extracted feature to VAE for processing. To be fair, the dimension of
descriptors in CNN-VAE approach is the same as in this paper, which
is 80.

Several query samples are tested. The retrieval results of approach
in this paper are shown in Fig. 13 ; A part of the samples we will show
in the next two methods to compare with the proposed approach. The
retrieval results of sketch and heuristic rule based retrieval approach
are shown in Fig. 14; And the retrieval results of CNN-VAE approach
are shown in Fig. 15.

Case 1. The user draws Sketch1 in the interactive UI. The preci-
sion/recall curves of the retrieval results of inputting Sketch1 are shown
in Fig. 16(a). It can be seen that the retrieval method in this paper is
slightly better than the heuristic method on the whole and significantly
better than CNN-VAE method. In fact, for Sketch1, the model expected
to be retrieved is the model ranked 8th in the first row of Fig. 13, and
Sketch1 corresponds to its top view. The heuristic method and CNN-VAE
method fail to retrieve the target model.

Case 2. The user draws Sketch2 in the interactive UI. The preci-
sion/recall curves of the retrieval results of inputting Sketch2 are shown
in Fig. 16(b). It can be seen that the retrieval method in this paper
is better than the heuristic method and the CNN-VAE method on the
whole. For Sketch2, the model expected to be retrieved is the model
ranked 1th in the second row of Fig. 13, and Sketch2 corresponds to
its top view. The right views of the models ranked 3rd and 4th in the
second row of Fig. 13 have similar structural semantics with Sketch2.
Compared with the retrieval results of the heuristic method shown in
the second row of Fig. 14, the models ranked 9th and 10th are similar
with Sketch2. But other models clearly do not match. And the retrieval
results of CNN-VAE method shown in the second row of Fig. 15 are
obviously not similar to the target model.

Case 3. The user draws Sketch3 in the interactive UI. The preci-
sion/recall curves of the retrieval results of inputting Sketch3 are shown
in Fig. 16(c). It can be seen that the overall effect of the retrieval
method in this paper is similar to that of the heuristic method, but
obviously better than the CNN-VAE method. For Sketch3, the model
expected to be retrieved is the model ranked 1st in the third row of
Fig. 13, and Sketch3 corresponds to its front view. Both the target model
retrieved by the method in this paper and the target model retrieved
by the heuristic method rank first. However, the models ranked from
2nd to 5th in the third row of Fig. 14 are similar to Sketch3. For the
CNN-VAE method, all the retrieval results are obviously not similar to
the target model.

Case 4. The user draws Sketch4 in the interactive UI. The preci-
sion/recall curves of the retrieval results of inputting Sketch4 are shown
in Fig. 16(d). It can be seen that the retrieval method in this paper
is better than the heuristic method and the CNN-VAE method on the
whole. For Sketch4, the model expected to be retrieved is the model
ranked 1st in the fourth row of Fig. 13, and also the model ranked 3
in the fourth row of Fig. 14. Sketch4 corresponds to its front view. In
the retrieval results of our method and the heuristic method, the front
views of the models ranked from 1st to 4th are all similar to Sketch4.
However, the ranking of the target model retrieved by the method in
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Fig. 13. The retrieval results of our approach. The sketches in the left column are input queries. Twelve models with the highest similarities are listed from the 2nd column to
the 13th column in descending order.
Fig. 14. The retrieval results of sketch and heuristic rule based approach. The sketches in the left column are input queries. twelve models with the highest similarities are listed
from the 2nd column to the 13th column in descending order.
this paper is higher than that of the heuristic method. In the retrieval
results of CNN-VAE method, there was no model similar to the target
model.

Case 5. The user draws Sketch5 in the interactive UI. The preci-
sion/recall curves of the retrieval results of inputting Sketch5 are shown
in Fig. 16(e). It can be seen that the retrieval method in this paper is
better than the heuristic method and CNN-VAE method on the whole.
For Sketch5, the model expected to be retrieved is the models ranked
1st and 2nd in the fifth row of Fig. 13, and Sketch5 is their right
view. The symmetry features in Sketch5 is rotational symmetry, and
the model feature in the retrieval results of the method in this paper is
rotational symmetry. However, the features of the models retrieved by
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the heuristic method are mostly translational symmetry, and the models
with rotational symmetry feature rank low. In the retrieval results of
CNN-VAE method, the number of models with rotational symmetry is
small, and they are not similar to the target model.

Case 6. The user draws Sketch6 in the interactive UI. The preci-
sion/recall curves of the retrieval results of inputting Sketch6 are shown
in Fig. 16(f). It can be seen that the retrieval method in this paper is
not as good as the heuristic method on the whole, but better than CNN-
VAE method. For Sketch6, the model expected to be retrieved is the
model ranked 1st in the sixth row of Fig. 13, and Sketch6 is the front
view of the model. In the retrieval results of the heuristic method, the
target model ranked 2nd, and one of the views of the models ranked
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Fig. 15. The retrieval results of CNN-VAE approach. The sketches in the left column are input queries. twelve models with the highest similarities are listed from the 2nd column
to the 13th column in descending order.
1st, 5th and 6th is similar to Sketch6. The results of CNN-VAE method
are obviously not similar to the target model.

Case 7. The user draws Sketch7 in the interactive UI. The preci-
sion/recall curves of the retrieval results of inputting Sketch7 are shown
in Fig. 16(g). It can be seen that the retrieval method in this paper is
better than the heuristic method and CNN-VAE method on the whole.
For Sketch7, the model expected to be retrieved is the models ranked
1st and 2nd in the seventh row of Fig. 13, and Sketch7 is the right view
of the model. However, the retrieval results of the heuristic method and
CNN-VAE method are obviously not similar to the target model.

7.2. Comparative analysis

In the first four case studies, the sketch retrieval target of Case 1
and Case 3 is the same model, and the sketch retrieval target of Case
2 and Case 4 is the same model. Case 1 and Case 3, Case 2 and Case 4
depict 3D CAD models with input sketches of different complexity from
different perspectives. Although the sketch input in Case 1 is simpler
than that in Case 3, and the sketch input in Case 2 is simpler than that
in Case 4, the retrieval results of Case 1 and Case 2 contain the target
model, and the ranking of the proposed method is relatively high. From
the comparative analysis of Case 1 and Case 2, and Case 3 and Case
4, it can be seen that when the target model can be described with
sketches of different complexity, the method in this paper can handle
both relatively simple and complex sketch inputs.

From the point of view of engineers’ retrieval of the target model,
the expected 3D CAD model has views from multiple perspectives, and
the complexity of the views is different, that is, the difficulty of drawing
the sketch is different. The method proposed in this paper can query the
target model by inputting relatively simple sketches instead of complex
sketches, shorten the drawing time of input sketches and improve the
efficiency of product design.

In Case 3 and Case 6, the method presented in this paper is slightly
inferior to the heuristic method. Because our approach currently just
supports normal retrieval mode where model matching is based on
the models’ complete information including detailed information, the
retrieval effect of our approach is sometimes not as good as that of the
heuristic method if the input sketch lacks some details. Sketch 3 and
Sketch 6 in Fig. 13 are two examples. In the future, we will improve
the retrieval effect of our approach for such situation by supporting
coarse-grained retrieval mode where model matching is only based on
the models’ coarse-grained information.
11
In summary, the retrieval effect of this method is significantly better
than that of CNN-VAE method in the seven case studies. The retrieval
effect of this method in Cases 1, 2, 4, 5 and 7 is significantly better than
that of the heuristic method, but the retrieval effect in Cases 3 and 6
is slightly inferior to that of the heuristic method. In addition, under
the same experimental environment, the average retrieval time of the
proposed method on the data set is about 52 ms, which is similar to
CNN-VAE method and nearly 2 times faster than that of the heuristic.
The advantages and disadvantages of this method are as follows:

• The method of retrieving CAD models based on structure seman-
tics is more effective than CNN-VAE method. The experiment
proves that it is unreasonable to extract descriptors from CAD
model view and sketch by using CNN from the perspective of
image. The proposed method combines the structural seman-
tics of two-dimensional view and sketches to achieve a high
improvement in retrieval effect.

• When the target CAD model has different complexity of sketch
input, we can obtain a better retrieval effect than the heuristic
method and CNN-VAE method by input the sketch with lower
complexity.

• The method in this paper improves the retrieval efficiency while
ensuring the accuracy of model retrieval.

• The method in this paper is sensitive to the shape of the loop
relation tree. When the input sketch is too complex, the retrieval
effect of the method in this paper will be reduced because the
engineer will lose some details when drawing.

7.3. Efficiency analysis of the 𝑘-NN based on 𝑘𝑑-tree

In our approach, to improve the efficiency of searching the similar
3D CAD models from the library by matching the feature vector of the
input sketch with the feature vectors of 3D CAD models in the library,
we use the 𝑘-NN based on 𝑘𝑑-tree to efficiently find out 12 most similar
3D CAD models according to the input sketch. And thus, we construct
a 𝑘𝑑-tree for the feature vectors of 2000 3D CAD models in the library
while setting up the 3D CAD model library. In our current experiments,
it is about 100 times faster using 𝑘-NN based on 𝑘𝑑-tree than using
𝑘-NN without help of 𝑘𝑑-tree. In fact, the larger the 3D CAD model
library, the greater the efficiency improvement (see Table 4).
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Fig. 16. Precision/Recall curves of the retrieval results by query cases. Blue: our approach; Red: sketch and heuristic rule based approach; Green: CNN-VAE approach.
8. Conclusion and future work

Aiming at the existing problems of the 3D CAD model retrieval ap-
proach based on sketches, this paper proposes a 3D CAD model retrieval
approach based on sketches and unsupervised learning. This approach
uses structural semantics and variational autoencoder to improve the
accuracy and the efficiency of 3D CAD model retrieval: (i) The struc-
tural semantics based sketch/view description and automatic semantics
capture algorithms are proposed; (ii) The unsupervised autoencoder
based sketch/view descriptor generation algorithm is proposed, which
12
transforms arbitrary shape and sizes of attributed loop relation trees to
fixed length vector representation; (iii) A prototype system for 3D CAD
model retrieval is developed. A model database consisting of nearly
2000 3D CAD models is constructed, and 𝑘-NN algorithm is used to
improve the efficiency of online retrieval.

In the future, we will extend our 3D CAD model library and conduct
more experiments so as to sufficiently verify the proposed approach.
In addition, sketches used at present are more accurate, and the re-
placement of complex sketches with brief strokes will become the
development trend of future product design. Brief strokes pay more
attention to the topological relationship between drawing graphs, but
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Table 4
Comparison of 𝑘-NN optimized by 𝑘𝑑 tree and linear search
𝑘-NN.
Retrieval strategy Retrieval time (s)

Optimized 𝑘-NN 0.2520
Linear search 𝑘-NN 1.7362

weakens the geometric elements of drawing graphs. Therefore, it is
necessary to further optimize the neural network based on the struc-
tural semantics, and to improve the network structure appropriately to
meet the development trend of sketch input simplification. Currently
our retrieval system just support one retrieval mode, that is the normal
retrieval mode. In the future work, we will develop more different kinds
of retrieval modes including coarse-grained retrieval mode and fine-
grained retrieval mode so that the different abstraction granularity and
levels can be handled more effectively.
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