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Abstract

A large amount of 2D drawings have been produced in engineering fields. To reuse and share the available drawings efficiently, we propose two

methods in this paper, namely 2.5D spherical harmonics transformation and 2D shape histogram, to retrieve 2D drawings by measuring their shape

similarity. The first approach represents a drawing as a spherical function by transforming it from a 2D space into a 3D space. Then a fast spherical

harmonics transformation is employed to get a rotation invariant descriptor. The second statistics-based approach represents the shape of a 2D

drawing using a distance distribution between two randomly sampled points. To allow users to interactively emphasize certain local shapes that

they are interested in, we have adopted a flexible sampling strategy by specifying a bias sampling density upon these local shapes. The two

proposed methods have many valuable properties, including transform invariance, efficiency, and robustness. In addition, their insensitivity to

noise allows for the user’s causal input, thus supporting a freehand sketch-based retrieval user interface. Experiments show that a better

performance can be achieved by combining them together using weights.

q 2005 Elsevier Ltd. All rights reserved.
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1. Introduction

As a principal way to express and communicate design

ideas, a large number of 2D drawings in engineering fields

(e.g., architecture and industrial domains) have been produced

in the past decades. Reusing and sharing these drawing

efficiently is becoming an important way to accelerate the

design process, improve product quality, and reduce costs.

However, their proliferation makes it difficult for engineers to

retrieve the desired drawings. Traditionally, there have been

several ways, such as keywords, encoding approach and tree-

like structure navigation, for users to find a drawing. Although

these approaches are simple to implement, they are always

time-consuming and not sufficient to describe a 2D drawing

precisely since the design ideas are represented explicitly in its

geometric shape. Therefore, it is necessary to provide users

with a way to retrieve a 2D drawing from the shape

perspective.
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As a fundamental research topic in computer vision and

robotics, 2D shape recognition has been studied thoroughly,

and many methods have also been proposed. Most of these

methods concentrate on the contour matching between objects

because there is a popular belief that it is the outline of an

object that leads to the concept of shape [1–3]. However, it is

hard to apply these contour-based methods to a 2D drawing

since drawings usually have complex internal structures. For

example, Fig. 1(a) shows a vector drawing composed of a

series of lines, arcs, and circles, while Fig. 1(b) shows its

contour. It can be seen that they represent two different shape

concepts from an engineering perspective. If the internal

structures of a drawing are ignored, the most important

information will be missed. It is worth noting that there is

difference between drawing understanding and shape recog-

nition. Drawing understanding tries to recognize the graphic

entities (such as lines, arcs, and circles) and specific

engineering concepts (such as dimension and text) contained

in the scanned drawings, and its purpose is to convert

engineering drawings in paper or sketched from into a CAD

form. Shape recognition only focuses on the geometric shape

and its aim is to interpret what kind of object the shape

represents or compute the similarity between two arbitrary

shapes.

2D drawing retrieval is related to 2D shape recognition. As

shown in the block diagram in Fig. 2, we can define 2D

drawing retrieval as: given a drawing A and a drawing library
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Fig. 1. The difference between a drawing (a) and its contour (b).

Fig. 2. 2D Drawing retrieval process.
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LZ{Bij0%i%n}, how to compute the similarity distance A

and Bi, i.e. D(A, Bi), and find the k-nearest drawings within a

certain tolerance 3. In the retrieval process, the determination

of a proper shape descriptor is the key to 2D drawing retrieval.

In this paper, we propose two methods to compute the shape

similarity between 2D drawings. The first approach represents

a drawing as a spherical function by transforming it from 2D

space into 3D space. Then we employ a fast spherical

harmonics transformation on the 2.5D object to get a rotation

invariant descriptor. The second method represents the shape

of a 2D drawing from the statistics perspective as a distance

distribution between two randomly sampled points.

The remainder of this paper is organized as follows. In

Section 2, some related work is introduced. Then the two

proposed methods are described in Sections 3 and 4,

respectively. To evaluate the performance of these methods

and their combination, some experiments are presented in

Section 5. In Section 6, the conclusion and future work are

given.

2. Related work

As a compact way to describe the shape of an object, 2D

contour is widely used to recognize an object. Well-known

methods for 2D contour matching include Fourier descriptors

[4], curvature scale space (CSS) [5], chain codes [6], Zernike

moments [7], and the classical Hausdorff distance [8]. By

representing 2D shape as a series of points sampled along the

shape boundary, McConnell et al. [1] used the turning of a

tangent formed by consequent points sampled on the contours

of objects to measure their similarity. Sebastian et al. [9]

matched two shape outlines using an alignment curve. Gold

et al. [2] proposed a concept named graduated assignment to

match the boundary features between shapes. Belongie et al.

[3] measured the similarities among 2D shapes by building a

correspondence between points sampled on the two shapes and

estimating the aligning transform between the correspon-

dences. In MPEG-7, a region base shape descriptor named

angular radial transform (ART) [10] was adopted to

differentiate 2D shapes. As a moment-based image description

method, ART has many good properties, such as compact size,

robustness to noise, and invariance to rotation. To describe the

structure information of a 2D shape, some methods have been

proposed to represent the shape as a medial axis. For example,

Liu and Geiger [11] proposed an algorithm named A* to match

shape axis trees; Klein et al. [12] described an efficient

approach that uses edit-distance to match graphs extracted

from a 2D shape. To match the 2D contour sketched by users

with the contours generated from 3D models, Funkhouser et al.

[13] described a 2D analog method of the spherical harmonics
to extract a series of rotation invariant signatures by dividing a

2D silhouette shape into multiple circular regions. Chen et al.

[14] introduced the LightField Descriptor to represent 3D

models. The similarity between two 3D models is measured by

summing up the similarity from 10 images of a light field.

Although the contour approximation of a drawing is a possible

solution for 2D shape similarity, it leads to a low recognition

rates since a great deal of information is lost.

In contrast to the methods for the 2D contour-based shape

recognition, few have been directed toward computing the

shape similarity between 2D drawings. Liu [15] presented a

brief survey on online graphics recognition, and some

representative approaches to these problems were introduced

in this survey. Gross et al. [16] demonstrated a pen-based

interface for concept design in which a scheme is presented to

index architectural drawings. However, it has no automatic

indexing and classification mechanism. To retrieve 2D

drawings of mechanical parts, Park et al. [17] suggested an

approach in which a complex drawing is decomposed into

many adjacent closed loops or blocks. By recursively dividing

these blocks into many primitive shapes, a graph structure is

built to describe the geometry of a drawing. This method needs

a robust graph-matching algorithm and an efficient correspon-

dence searching scheme. Leung et al. [18] described a method

to retrieve unstructured free-form hand-drawings represented

by multiple strokes. These strokes are limited to a few basic

shapes, such as lines, circles, and polygons. By considering the

spatial relationships between strokes, they computed a score

between the query and each sketch in the database to measure

the similarity between sketches. Fonseca et al. [19] proposed an

approach to retrieve vector drawings in electronic format

through hand-sketched queries. First, a simplifying process is

adopted to remove irrelevant elements contained in a drawing.

Then the polygons, lines, and topological information are

extracted from a drawing by using two relationships named

Inclusion and Adjacency. Finally, they used the graph spectra

of the extracted topology to compute the shape descriptors.

Love et al. [20] presented an encoding method as the basis of a

drawing retrieval mechanism. It allows automatic or semi-

automatic coding of geometric data from industry standard

drawing exchange file formats (e.g. DXF). However, this

method does not consider the geometric shape of a drawing. In

the specific area of technical drawings, Frănti et al. [21]

proposed using the Hough transform for content based

matching in line-drawing images. Tabbone et al. [22] put

forward a method to match complex line-drawings. It is based

on a notion named F-signature. As a special kind of histogram,
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F-signature has low time complexity and is invariant to

fundamental geometrical transformations such as scaling,

translation, and rotation.

In this paper, we describe two transformation-invariant

methods to retrieve 2D drawings. They cannot only be applied

to vector drawings created by CAD software, but can also be

applied to scanned drawings. Due to their insensitivity to noise,

a natural sketch-based retrieval user interface has also been

developed to support user’s freehand sketched input. The two

proposed methods are described in detail in the following

sections.
Fig. 3. Limitation analysis of the 2D analog of the spherical harmonics: (a) and

(b) have the same descriptor but they represents different shapes; (c) and (d) are

similar shapes but their difference of descriptors is great.
3. Spherical harmonics representation

3.1. Spherical harmonics transform

Spherical harmonics representation has been successfully

applied to 3D shape matching [23] as a robust rotation invariant

descriptor. It arises on the sphere in the same way that the

Fourier exponential function arises on the circle. According

to the theory of spherical harmonics, a function f(q, 4)

represented in a spherical coordinate can be approximated with

a sum of its spherical harmonics Ym
l ðq;4Þ:

f ðq;4Þ Z
XN

lZ0

XmZl

mZKl

al;mYm
l ðq;4Þ (1)

where {al,m} are the coefficients in the frequency domain, Ym
l

ðq;4Þ are the angular portion of the solution to Laplace’s

equation and defined as

Ym
l ðq;4Þ Z

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
2l C1

4p

ðlKmÞ!

ðl CmÞ!

s
Pl;mðcos qÞeim4 (2)

where Pl,m(x) is an associated Legendre polynomial.

If f(q, 4) is a spherical function with bandwidth B, then

Eq. (1) can be rewritten as

f ðq;4Þz
XB

lZ0

XmZl

mZKl

al;mYm
l ðq;4Þz

XB

lZ0

flðq;4Þ (3)

where fl(q, 4) can be regarded as a component of f(q, 4) with

frequency l. In other words, Eq. (3) is an energy representation

of the spherical function f(q, 4). fl(q, 4) has a valuable

property: rotating a spherical function does not change its L2

norm, i.e. its energy as represented by Eq. (4) is a rotation

invariant [23].

flðq;4Þ Z

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiXl

mZKl

a2
l;m

vuut (4)

Physically, the key idea is representing a shape as a

spherical function in terms of the amount of energy it contains

at different frequencies. Since these values do not change when

the function (i.e. shape) is rotated, the resulting descriptor is

rotation invariant. Therefore, by applying spherical harmonics

transform to a spherical function representing a 3D shape, we
will get a set of rotation invariant descriptors for this shape.

The similarity between two shapes whose spherical functions

are f and g can be measured by Eq. (5).

Dðf ; gÞ Z
XB

lZ0

ðfl KglÞ
2 (5)

In essence, the spherical harmonic coefficients are the

Fourier coefficients for the group SO(3) acting on the 2-sphere.

The differences and similarities between the two coefficients

are extensively discussed in Driscoll and Healy’s work [24].
3.2. Spherical function representation of a 2D drawing

As mentioned in Section 2, Funkhouser et al. [13] used a 2D

analog of the spherical harmonics to extract a series of rotation

invariant signatures by dividing a 2D contour into multiple

circular regions as shown in Fig. 3. In fact, the obtained

descriptors are not robust enough to describe the 2D silhouette.

The limitations are analyzed as follows:

(1) If we rotate the second outermost circular region in

Fig. 3(a) by a certain angle (e.g. 908), a new 2D shape as

Fig. 3(b) shows will result. As described in Section 3.1, the

signatures of these circular functions after spherical

harmonics transformation remain the same because they

are rotation invariants. Therefore, the shapes shown in

Fig. 3(a) and (b) have the same descriptors, and they will

be regarded as the same shape. However, the correspond-

ing shapes shown in Fig. 3(a) and (b) are different. In other

words, under this circular region based method, the same

set of descriptors corresponds to multiple 2D shapes.

(2) If a 2D silhouette is represented by a series of circular

regions, a small local perturbation will wrongly lead to

great dissimilarity between similar shapes. For example,

Fig. 3(c) and (d) shows two similar shapes and there is only

small perturbation between their outermost circular

regions. According to Eq. (5), the similarity between the

two shapes is measured by computing the summation of

the squared differences between their frequencies of the

corresponding circular regions. Due to the small pertur-

bation shown in Fig. 3(c), the circulars locate in different

circular regions and the squared differences are big.

Therefore, the two similar shapes shown in Fig. 3(c) and

(d) will be considered different.

(3) Like other shape descriptors mentioned in Section 2,

Funkhouser et al. [13] only considers the contour shape
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and ignores the rich shape information contained in the

inside structure.

To overcome these limitations and make use of the valuable

properties of the spherical harmonics, we propose a strategy

called 2.5D spherical harmonics representation, which can

extract a series of rotation invariants by transforming a 2D

drawing from 2D space into 3D space uniquely. The name

‘2.5D’ arises from the fact that a 2D drawing is represented in

3D space. The proposed transformation is explained by the

following steps with the help of Fig. 4:

(1) Given a 2D drawing D (as Fig. 4(a) shows), determine a

sphere S that satisfies the following conditions:

† Its center c is in accordance with the center of the bounding

box B of this drawing.

† Its radius r is equal to half the longer diagonal length of

bounding box B. The purpose is to ensure sphere S can

enclose drawing D completely. As described later, the

spherical radius is also used for normalization.

† The 2D drawing lies in the equator plane of sphere S.

For the sake of simplicity, we can position the obtained

sphere into a coordinate system xyz. As Fig. 4(c) shows, the

sphere center locates at the origin and the equator plane lies in

the xy plane.

(2) Generate a set of rays uniformly, which start from the

sphere center c and locate in plane xy where the 2D

drawing lies, and compute the intersections between these

rays and 2D drawing D. The resulting intersection point set

{pi} can be regarded as an approximating representation of

2D drawing D, as Fig. 4(d) shows. Since the intersection

points distribute along certain angle q with respect to axis

x, they also can be represented by q and di, i.e. piZf(qi, di),

where di is the distance between point pi and the sphere

center c. However, along a single qi, there might be

multiple intersection points. This is also the motivation

that Funkhouser et al. [13] used to divide a silhouette into
Fig. 4. 2.5D Spherical harmonics representation of a 2D drawing: (a) is a 2D drawi

illustrates the intersections between a set of rays and the drawing; and (e), (f), and
a series of circles. To make use of the valuable property of

the spherical harmonics transformation, we transform all

intersection points {piZf(qi, di)} into a spherical function

form {piZf(qi, 4i, di)} by introducing a new variable 4i.

To ensure each intersection point pi corresponding to a

unique (qi, 4i), we use a simple transformation shown in

Eq. (6) to determine 4i.

4i Z arctan
di

r

� �
(6)

where r is the radius of sphere S. For a given drawing, the r is

determined uniquely, while for an intersection point pi, di is

also uniquely determined. For an intersection point pi, the

corresponding 4i obtained by Eq. (6) is unique. Therefore, a 2D

drawing is uniquely transformed into a 3D spherical

representation, i.e. the correspondence between a 2D drawing

and its spherical function is one to one. We name this process a

2.5D transformation, and Fig. 4(e)–(g) show the final 3D

representation of the drawing in Fig. 4(a) from different

perspectives. In fact, the proposed 2.5D representation trans-

forms a 2D drawing by elevating and projecting it on the

surface of a cylinder. Fig. 5 shows a more intuitive example to

illustrate this unique transformation. From this example, we

notice that the geometric information is represented clearly in

3D space along the surface of a cylinder.
3.3. Shape descriptor extraction

To get the rotation invariants as Eq. (4) shows, Healy et al.

[24] proposed a fast spherical harmonics transformation

method in which a spherical function of bandwidth B is

sampled on the 2B-many Chebyshev points and not the B-many

Gaussian points because this fast algorithm requires the equal-

distributed points. For Gaussian sampling, the longitudes are

equally spaced while the latitudes are unequally spaced.

Typically, the number of longitudes is twice the number of

latitudes (i.e. 128 longitudes and 64 latitudes). In contrast, the

sampled Chebyshev points form a 2B!2B equiangular grid
ng; (b) shows the bounding box of the drawing; (c) is the bounding sphere; (d)

(g) show the 3D representation of the drawing from different perspectives.
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Fig. 5. An example of 2.5D spherical harmonics representation: (a) is a 2D drawing; and (b), (c), and (d) show the 3D representation of the drawing from different

perspectives.
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along the longitude and latitude of a sphere, i.e. the sampling

nodes {(qi, fi)} on this equiangular grid are

qi Z ði C0:5Þ
p

B

4i Z ðj C0:5Þ
p

2B

i; j Z 0; 1; 2;.; 2BK1

8>>><
>>>:

(7)

According to this sampling requirement, the ray casting

process mentioned in Section 3.2 should be conducted at a

sampling rate 2B along the longitude direction. After the

proposed 2.5D transformation is finished, we use Eq. (8) to

decide at which Chebyshev node (i, j) a sample (qi, 4i) locates.

i Z i

j Z
2B4i

p
K0:5

i; j Z 0; 1; 2;.; 2BK1

8>>><
>>>:

(8)

To represent the shape at Chebyshev node (i, j), a simple

way is to use the distance di. Therefore, a 2D drawing D is

represented by a function defined at Chebyshev nodes, i.e. a

2B!2B equiangular grid along the longitude and latitude of a

sphere:

D Z fdi Z f ði; jÞji; j Z 0; 1; 2;.; 2BK1g (9)

However, different drawings usually have different sizes. If

two drawings with the same shape have different sizes, then

their {di} will be different. Therefore, before the fast spherical

harmonics transformation is conducted, a normalization step is

needed. An intuitive way to normalize a 2D drawing is to

normalize the longer or shorter edge of its bounding box by a

predefined value (e.g. V). The normalization process is

expressed as

scale Z
V

r

D Z fdi !scale Z f ði; jÞji; j Z 0; 1; 2;.; 2BK1g

8><
>: (10)

where r is the radius of the sphere mentioned in Section 3.2.

Now we can impose a fast spherical harmonics transform-

ation upon the spherical representation of a 2D drawing with a

bandwidth B as shown in Eq. (10). For each frequency, a

rotation invariant descriptor will be obtained according to

Eq. (4) and the similarity between 2D drawings is measured

according to Eq. (5). This proposed method can avoid the one-

to-multiple correspondence and the instability caused by shape
perturbation, and thus obtains a set of robust rotation invariant

signatures for a 2D drawing.

It is known that a small value of B serves as a low-pass-filter

and will miss some details, while a larger value of B will take

into account small details and need more computational

resources. To determine a better balance point, we can use

the inverse spherical harmonics transformation to check the

precision under different bandwidths. In Ref. [24], a detailed

explanation about the inverse transformation and the respective

formula are presented. Simple computation shows that when B

is equal to 64, the precision is almost 5!10K3. The precision is

enough for the purposes of 2D drawing retrieval.
4. 2D Shape histogram

To measure the similarity between 3D shapes, Osada et al.

[25] represented a 3D shape as a shape distribution signature

that is formed by random points sampled uniformly from the

shape surface. This method has many valuable advantages:

invariant to affine transformation, insensitive to noise or

cracks, simple, and fast. Under the inspiration of this method,

we derive a 2D shape distribution analog. Experiments in

Section 5 show this derivation is good at computing the

similarity between 2D drawings, and it also allows users to

emphasize local shapes by adjusting sampling strategy. We

will describe this derived 2D shape distribution method in

detail as follows.
4.1. Discretization representation of a 2D drawing

A 2D drawing is usually composed of some basic geometric

entities, such as lines, circles, and arcs. For later sampling

purposes, we adopt a discretization process to transform all

entities contained in a drawing into a set of line segments. For

curves such as arc and circle, we use a series of short line

segments to approximate them. In this way, a 2D drawing S can

be represented as

S Z fððxi; yiÞ; ðxiC1; yiC1ÞÞj0% i%nK1g (11)

where n is the total number of the line segments included in

stroke S, (xl, yl) and (xlC1, ylC1) are the two ending points of a

line segment. In particular, a scanned drawing can be

represented directly by a set of points. Once the edges in a

scanned drawing are detected by an edge-enhancing procedure

(e.g. Canny edge detector), the points distributed on these

edges are regarded as the sampling points.
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4.2. Uniform sampling

To ensure that the sampling process is conducted efficiently

and uniformly, we have designed a look-up table-based

algorithm:

† Step 1: Compute the summed length of all line segments

included in 2D drawing S. When each line segment is

added, the summed length is saved into table T with size n,

where nK1 is the total number of the line segments. Table

T can be represented by a linear array as Eq. (12) shows.

T Z ftijti Z
Xi

jZ0

Lððxj; yjÞ; ðxjC1; yjC1ÞÞ; 0% i%nK1g (12)

where L is the Euclidean distance between two points.

† Step 2: Generate a random real number r between 0 and the

total length tnK1, and then use the well-known binary-

search algorithm to find out the position m where r locates

in the table. This found position corresponds to line

segment ((xm, ym),(xmC1, ymC1)).

† Step 3: Generate a random real number l between 0 and 1.

According to Eq. (13), we can get a sample point (xk, yk) and

save it into an array A.

xk Z xm C lðxmC1KxmÞ

yk Z ym C lðymC1KymÞ

(
(13)

Repeating Steps 2 and 3 for 2!N times, we can get N point

pairs that are sampled in an unbiased manner.

In the sampling procedure, we have to consider two

problems: sampling density and sampling method. From the

perspective of statistics, more samples will approximate the

original shape more precisely and also need more computing

resources (e.g. memory and time). Thus, there is a tradeoff

between efficiency and precision. Fig. 6 shows our experimen-

tal results considering this tradeoff. The horizontal axis

represents the sampling density, while the vertical axis

represents the time cost of sampling procedure or the

differences under different sampling densities. It can be

concluded from the curves that for a 2D drawing, 105 sampling

point pairs can achieve a good balance between precision and

efficiency.
4.3. Distance distribution

Once enough random point pairs are sampled, the next step

is to build the corresponding distance histogram, which is

described by a shape function. From the geometric perspective,

Osada et al. [25] presented several shape functions to describe a

3D shape, including D1, D2, D3, D4, and A3. In our 2D

drawing retrieval system, we adopt D2, i.e. the Euclidean

distance between two points, as the shape function. Since 2D

drawings usually have different geometric sizes, a normal-

ization process is needed to account for this difference. A

distance histogram can be built by computing the distribution
of the distances between the sampled point pairs. Since

different drawings have different sizes, a normalization step is

needed. Generally, there are two simple ways to find the

normalization factor. The first one uses the maximum distance

among all sampled point pairs as the standard value. The

second one uses the average distance of all sample point pairs

as the standard value. Some shape histogram examples of 2D

drawings are shown in Fig. 7 and Table 1.

4.4. Biased sampling strategy

The shape histogram generated by a uniform sampling

strategy reflects the global geometric properties of a 2D

drawing. In practice, users frequently would like to emphasize

local shapes for retrieval purposes. To support such retrieval

mechanism, we have also implemented a biased sampling

strategy: users are allowed to specify a higher sampling rate on

their desired local shape to emphasize the local shape. For

example, two similar drawings and their shape histograms are

shown in Fig. 7(a)–(d), respectively. For the drawing in

Fig. 7(a), if users want to emphasize the local shape composed

by the rectangle and the big middle circle, they can supersample

them interactively. When the supersampling rate of the local

shape composed of the rectangle and the big middle circle

changes from 200 to 500%, the corresponding histogram

becomes more similar to the histogram of the shape shown in (c).

4.5. Computing similarity

To measure the similarity between two histograms,

Veltkamp summarized twelve methods in his survey [26]. In

our prototype system, Minkovski distance Ln is used because of

its simplicity. Therefore, for two histograms, i.e. H1 and H2, the

similarity W is

WðH1;H2Þ Z LnðH1;H2Þ Z

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiXh

iZ0

ðH1ðiÞKH2ðiÞÞ
1=n

n

vuut (14)

where h is the dividing number of a histogram.
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Fig. 7. A biased sampling example: (a) and (c) are two 2D drawings; (b) and (d) are the shape histograms of the drawings in (a) and (c), respectively; (e)–(h) are the

shape histograms with a supersampling of the rectangle and the largest circle, the rate ranging from 200 to 500%, respectively.
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5. Experiments and discussion

The two methods introduced in the preceding sections have

been incorporated into a 2D and 3D shape retrieval system

called ShapeLab. In order to test the performance of the two

methods, we have built a benchmark, namely Purdue 2D and

3D Shape Benchmark, which includes 2000 2D drawings from

industrial fields. These drawings are classified into 50 clusters

from simple to complex according to their functions and

geometric shape. We will introduce our implemented retrieval

system, i.e. ShapeLab, and present some experimental

evaluation results. At the same time, a comparison between

the two proposed methods is given.
5.1. A sketch based 2D drawing retrieval system

As the experiments in Section 5.2 demonstrate, the two

methods proposed in this paper are robust enough to compute

the similarity between sketches and are non-sensitive to

scratchy input. Therefore, it is natural for us to implement a

sketch-based user interface supporting 2D drawing retrieval.

The retrieval process is similar to the process in which

engineers express their shape concept on a piece of paper.

Fig. 8 shows the framework of our implemented sketch user

interface and its visual appearance: (a) is a retrieval example

based on a drawing query; and (b) is a retrieval example based

on a freehand-sketched query. In this system, a feedback

mechanism is implemented to support a coarse-to-fine retrieval

process. Once some drawings are retrieved, users can begin a

new round of refinement by selecting a retrieved drawing and

modifying it. Since the retrieved drawings are more regular and

precise than the hand-drawn sketches, this kind of feedback

interaction can help users to find the desired drawings

interactively and efficiently. Fig. 9 shows two retrieval

examples using the two proposed methods, respectively.
5.2. Robustness evaluation

The robustness of the proposed methods is tested by

analyzing a set of similar drawings with certain differences.

The small differences between similar drawings can be

regarded as noises. Table 1 shows several similar drawings

and their descriptor histograms, and these drawings are listed

from top to bottom according to their similarity. In Table 1, the

fourth column shows the 2D shape histograms of the

corresponding drawings in the first column. For a scanned

drawing, an edge enhancement procedure is conducted to

detect the edges included in an image. In our implementation,

the well-known Canny operator is used to detect the edges in an

image. The edges are represented by a series of pixels. Because

the two proposed methods are based on point sampling, the

pixels can be used as the sampled points. During the scanning

process, noise is introduced unavoidably. From the histograms

in Table 1, we notice some phenomena: (1) as the first four

drawings show, for similar drawings, their descriptor histo-

grams are similar, i.e. small shape perturbations do not lead to

great differences between similar drawings; (2) as the six

drawings show, when the difference between drawings is

increased, the difference between their histograms is also

increased respectively; and (3) as the histograms of the scanned

drawings show, the information missing due to digitization or

noise has no obvious impact on the final descriptor histograms.

For a vector drawing, we can filter out the dimensions; while

for the scanned drawing, we only emphasize the drawing shape

but do not take the dimension into account. From these

examples, we can conclude that the proposed methods are both

robust against noise and small changes in the local shape. In

addition, because they can be applied both to vector drawing

and scanned drawing, they also have a good generality.

Besides their robustness to noise, the proposed methods

are also invariant to affine transformations such as rotation,

translation and scaling. For the 2.5D spherical harmonics
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transformation, its invariance arises from the invariance of

spherical harmonics transformation; while for the 2D shape

histogram, its invariance arises from the fact that the

sampling process is independent of any kind of affine

transformation.
5.3. Discrimination evaluation

The precision–recall curve is the most common way to

evaluate the performance of a retrieval system. Recall

measures the ability of a system to retrieve the desired objects,



Fig. 9. Some retrieval examples: (a) shows the retrieval results using the 2D shape histogram method; and (b) shows the retrieval results using the 2.5D spherical

harmonics method.

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1

Recall

P
re

ci
si

on

2.5DSHT
2DSH
2.5DSHT-Contour
2DSHT-Contour
LF-Contour
2DSH-Contour
Hough transform
F-Signature
Combination

Fig. 10. Retrieval discrimination evaluation.

Fig. 8. Our implemented 2D drawing retrieval system called ShapeLab: (a) is a retrieval example based on drawing input; and (b) is a retrieval example based on

freehand sketches.
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while precision measures the ability of a system to weed out

what users do not want. To compare the performance between

our proposed methods and other methods, we implemented the

2D analog of those methods proposed by Chen et al. [14] and

Funkhouser et al. [13]. Two hundred random queries were

conducted and the precision–recall results are averaged. In

addition, to demonstrate the difference between contour-based

shape matching and drawing-based shape matching for 2D

drawing retrieval, we also use our methods to extract the

descriptor of the contour information of a 2D drawing for

retrieval purposes.

Fig. 10 shows the precision–recall curves of these

mentioned methods, in which ‘2DSH’ represents our 2D

shape histogram method, ‘2.5DSHT’ represents our 2.5D

spherical harmonics transformation method, ‘Hough trans-

form’ represents the method proposed in Ref. [21], ‘F-

Signature’ represents the method proposed in Ref. [22],
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the ‘2DSH-Contour’ represents the performance of ‘2DSH’

when only the contour of a 2D drawing is considered,

‘2.5DSHT-Contour’ represents the performance of

‘2.5DSHT’ when only the contour of a 2D drawing is

considered, ‘LF-Contour’ represents the performance of the

light-filed method proposed by Chen et al. when it is used to

retrieve a 2D drawing, and ‘2DSHT-Contour’ represents the

performance of the 2D analog of the spherical harmonics

proposed by Funkhouser et al. when it is used to retrieve a 2D

drawing. In particular, ‘Combination’ represents the combi-

nation of our two proposed methods using weights. We will

discuss the ‘Combination’ case in detail in the next section.

From this precision–recall curve, it is obvious that the four

contour-based retrieval methods have the lowest performance.

Therefore, it is safe to conclude that the contour alone is not a

good way to describe the shape of a 2D drawing. Our two

proposed methods have almost the same performance on the

whole. In strict sense, the 2.5D spherical harmonics trans-

formation method is better than 2D shape histogram method. In

our practice, we have found that the 2.5D spherical harmonics

transformation method is good at differentiating drawings with

obvious structure shape differences, such as the retrieval

example shown in Fig. 9(b). The 2D shape histogram method is

good at differentiating 2D drawings with similar contour but

different inside structure, such as the retrieval example shown

in Fig. 9(a). Therefore, in practice, we combine the two

methods together so that higher retrieval accuracy can be

achieved.

5.4. Combination of the two proposed methods

The two proposed methods are both rotation invariant

descriptors and provide a compact representation of a 2D

drawing. With the two methods, the shape matching problem is

reduced to several simple steps, such as sampling, normal-

ization, and distance computation between descriptors. In

addition, there is no need to determine a common pose and find

feature correspondences between different drawings. Gener-

ally, the 2.5D spherical harmonics method needs fewer

dimensionalities (i.e. fewer signatures) than the 2D shape

histogram method does. For example, in our retrieval system,

the bandwidth is 64 in the 2.5D spherical harmonics method,

i.e. the descriptor of a drawing contains 64 signatures. In

contrast, the 2D shape histogram contains more than 200

signatures. However, the 2D shape histogram method allows

users to emphasize certain local shapes by specifying a high

sampling rate upon these shapes, while it is difficult for the

2.5D spherical harmonics method to do this. Other obvious

advantages of the proposed two methods are their simplicity

and fast speed. In our experiments, the general retrieval time is

less than 0.1 s and the indexing process for 1000 drawings is

less than 10 min. The computing is done on a PC with 2.4 GHz

CPU and 512 MB RAM.

Given two approaches for the same problem, it is natural to

try combining them together to achieve a better performance.

To make sure two different approaches can be applied to the

whole 2D drawing space, we propose applying a weight value
to each method and using their combined confidence to

measure their similarity. Given a 2D drawing, its similarity

confidence T using the two approaches described can be

represented as

T Z wsCs CwdCd (15)

where Cs is the similarity obtained by 2.5D spherical

harmonics method, Cd is the similarity obtained by 2D distance

histogram method, and ws and wd are the weight values of the

respective methods. Higher weight value means that the

corresponding method plays a more important role in

differentiating a 2D drawing. In Fig. 10, the ‘Combination’

represents the combination of our two proposed methods using

equal weights, i.e. (0.5, 0.5). From this precision–recall curve,

it can be seen that this combined approach has the best

performance.

To determine the best combination of weights for the two

proposed methods, a test was performed. Since there is a single

independent weight ws (wdZ1Kws), the weight was changed

from 0 to 1 in increments of 0.1. From the experiments it was

observed that increasing the weight ws of method ‘2DSH’

improved the average performance for the entire database,

however, there was no marked improvement in performance

when increasing the weight beyond 0.3, yielding the best

performance at weights (0.3, 0.7), i.e. the weight of method

‘2DSH’ is 0.3, while the weight of method ‘2.5DSHT’ is 0.7.

Fig. 11 illustrates this trend curve for different weight

combinations. The horizontal axis represents the weight

changes of method ‘2DSH’. We therefore set the default

weights in our system to (0.3, 0.7) while allowing the user to

change the weights for different queries.
6. Conclusion

In this paper, we have proposed two methods to compute the

similarities between 2D drawings. As two different rotation

invariant descriptors, both these methods can provide a

compact representation of a 2D drawing. The experiments

show that they are efficient and have good discriminative

ability and can be applied to vector drawings and scanned
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drawings. Since the two proposed methods are not insensitive

to noise and the similarity measurements are conducted in 2D

space, they also support freehand sketch-based retrieval

naturally. The presented methods are also useful in archiving,

ordering, and searching of drawings from big sets of

documents. Generally, a 2D drawing contains some other

important information, such as dimension, material descrip-

tions or some requirements related to production. In the future,

beside the shape information, we will try to make use of such

text information to further improve the retrieval accuracy.
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