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Abstract: We present a matching method for 3D CAD assembly models consisting of multiple components. Our
method discriminates not only the global shapes of the models, the numbers and kinds of their components but also the
geometric layouts of the components. In order to identify the components constituting an assembly model, diﬀerent
numerical values such as positive integers are assigned initially to them. The same value is assigned to the same kind
of components in an assembly model. However, these initially assigned values to the components vary with assembly models as often happens in practical applications. We represent an assembly model as a set of feature quantities
which are computed using projections for each of the components from various angles. The similarity between two
assembly models is computed from the similarities between their feature quantities. In order to make the projections
reflect the layout of components in the whole assembly structure, we propose a way of reassigning numerical values to
the components. This reassignment also makes the feature quantities of assembly models independent of the initially
assigned values to their components. Using 3D CAD assembly models with diﬀerent layouts of components, we show
the eﬀectiveness of the proposed method experimentally.
Keywords: 3D CAD model, assembly, projection, matching

1. Introduction
Computer Aided Design (CAD) systems are used recently to
manufacture products in many industries such as electronics, automobile and aerospace. New or improved products can be developed eﬃciently by reusing the existing CAD models. This requires a method for finding CAD models suitable for such reuse
from many existing models. In this paper, we present a matching method for 3D CAD assembly models consisting of multiple components. We want to distinguish assembly models by not
only the global shapes of the models and, the shapes and numbers
of the components but also the geometric layouts of the components.
In this paper, we consider two kinds of diﬀerences in layouts of
components, that is, layouts of components with the same shapes
and layouts of subassemblies each of which consists of multiple
components. Figure 1 shows examples of such assembly models with diﬀerent layouts of components. These models have the
same shape, and consist of the same kinds and numbers of components. Here we focus on four kinds of components colored
blue, red, green and yellow. The other components are common
among all models. Blue components and red ones have the same
shapes and constitute a subassembly of the model. Green components and yellow ones also have the same shapes and constitute
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another subassembly of the model. However, blue components
and green ones have similar but diﬀerent shapes. The above two
subassemblies also have diﬀerent shapes. Figure 2 illustrates the
relation among an assembly model, subassemblies, and components. In Model A and Model B of Fig. 1, the layout of blue components and red ones is diﬀerent but the layout of green ones and
yellow ones is the same. In Model A and Model C, the layout of
green components and yellow ones is the same. In addition, the
layout of blue ones and red ones is also the same since the layout in Model C is obtained by rotating the layout in Model A by

Fig. 1

3D CAD assembly models with the same shapes but diﬀerent layout
of components.

Fig. 2

3D CAD assembly model consisting of multiple subassemblies and
components.
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Fig. 3 Projection of 3D CAD assembly model to 2D plane.

90 degrees. However, the layout of the subassembly consisting of
blue components and red ones, and the subassembly consisting of
green ones and yellow ones is diﬀerent. In Model A and Model
D, every layout of the components colored blue, red, green and
yellow is diﬀerent. Although several methods for searching 3D
CAD assembly models are proposed as described in Section 2,
few works focus on this problem.
We represent an assembly model as a 3D array. Designers of
assembly models usually give a name or an identifier to each of
the components. According to the names or the identifiers, we
initially assign numerical values such as positive integers to the
elements of the 3D array, which correspond to each component.
In an assembly model, the same kind of components have the
same name or the same identifiers. However, since such names
or identifiers of the components may be diﬀerent depending on
designers of assembly models, we assume that initially assigned
numerical values to the components diﬀer among assembly models.
For matching 3D CAD assembly models, we take a similar
approach to the view-based method which is one of the most effective ways for matching 3D shape models [1]. A set of feature
quantities for an assembly model is computed from a set of its
projections to 2D planes as shown in Fig. 3. In order to specify the
projection angles, we use vertices of a geodesic dome constructed
by triangulation of a regular icosahedron. In order to obtain the
feature quantities which are more tolerant to the 3D translation
and rotation of the model, we apply the 2D Radon transform and
the Fourier transform to the projections. However, these transformations do not make the feature set completely tolerant to 3D
rotation. We call the feature quantity computed from a projection
of an assembly model and a set of the feature quantities a feature
and a feature set, respectively. We represent a feature as a vector
in Euclidean space and an assembly model as a set of vectors. The
similarity between two assembly models is computed by comparing their feature sets based on the nearest-neighbor method.
Since the initial numerical values assigned to components are
diﬀerent in each of the assembly models, we cannot identity the
common components among assembly models by the assigned
values. The feature sets computed using the initial values cannot
be used to compare assembly models. In addition, our preliminary experiments show that it is diﬃcult to discriminate distinctly
diﬀerences in assembly structures of the models as described
above by simple ways such as reassigning positive integers to
components successively from one. In order to solve these problems, we propose a way of reassigning numerical values to components based on their “volumes” and computing the similarities
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of assembly models by finding the correspondences between their
components. We evaluate experimentally the proposed method
using three kinds of 3D CAD assembly models with diﬀerent layouts of components. Since 3D models in commonly used data set
such as Princeton Shape Benchmark [2] and Engineering Shape
Benchmark [3] do not contain assembly structures of the models,
we cannot use them for evaluating our method. Therefore, we
prepare a data set for evaluation by modifying 3D CAD models
downloaded from the web [4] by ourselves. The results show the
eﬀectiveness of the proposed method.

2. Related Work
For rigid or non-rigid 3D models, a large number of methods to
represent their features and retrieve them have been proposed as
mentioned in Iyer et al. [5], Bustos et al. [6], Tangelder et al. [1],
Lian et al. [7] and Li et al. [8]. Since 3D CAD assembly models are typical rigid 3D models, we can use the methods for rigid
models, which are introduced in the above surveys, to deal with
components constituting an assembly model. However, there are
not many studies on the representation of assembly structures and
the retrieval based on them, which is our focus.
Chen et al. [9] represent a multilevel semantical and geometrical structure of an assembly model as a hierarchical graph called
“assembly descriptor.” A vertex of the graph corresponds to a
component or a subassembly of the model. Two vertices are
connected by an edge when there is a relation called “assembly interface” between the two corresponding components. The
“part-of” relation between a (sub)assembly and its components is
represented as the hierarchical structure of the graph. The similarity of two assembly models is computed by comparing their
assembly descriptors using a graph matching algorithm. Then
the shapes and layouts of their components are also compared.
The shape distribution vector [10] is used as the feature of the
shape of a component. The layout of components is represented
as a spatial structure composed of line segments in the 3D space,
which is called “assembly-bone.” Each line segment connects the
geometric-centers of two components when there is an assembly interface between the two components. In comparing the two
layouts of components, only the spatial angles between the line
segments constituting their assembly-bones are used. Since differences in the lengths of the line segments are not considered
in comparison and the geometric-center of a component does not
change by its rotation, there are cases where the diﬀerences in
layouts of components are not discriminated completely by their
approach. When the assembly descriptor of the whole assembly
model is built, which components constitute a subassembly is decided. Therefore, it is diﬃcult to choose arbitrarily components
whose layouts are compared.
Deshmukh et al. [11] and Miura et al. [12] propose a retrieval
method for 3D assembly model using a graph matching algorithm. They represent an assembly model as a graph without hierarchy. A vertex of the graph corresponds to a component of the
model and has attributes representing the type of the component
and so on. Two vertices are connected by an edge when the corresponding components have a relation. The relation is represented
as attributes of the edge. In Miura et al. [12], the features of the
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shapes of the components are also stored in the corresponding
vertices as attributes. They use the “Angle Distance” [13] as the
feature of the shape of a component. It is diﬃcult to represent the
geometric layouts of the components as mentioned in Section 1
by using the edges of the graph and their attributes.
In Hu et al. [14], an assembly model is regarded as a set of
components by merging the identical components. Diﬀerences
in the layouts of components constituting assembly models are
not considered. The similarity of two components is computed
from their features based on the Light Field Descriptor [15]. The
feature of an assembly model is represented as a n-dimensional
vector where n is the number of diﬀerent components in all assembly models. To include a component in an assembly model,
a weighted value is assigned to the corresponding element of the
vector. The similarity between two assembly models is computed
based on the inner product of the two corresponding vectors. In
Wang et al. [16], the feature of an assembly model is defined as
a set of feature of each component constituting it. The feature
of a component is computed based on shape distribution [10] and
is represented as a vector in Euclidean space. The similarity between assembly models is computed using Earth Mover’s Distance [17]. These works do not consider the geometric layouts of
components constituting an assembly model.
In our previous work on matching 3D CAD assembly models
with diﬀerent layouts of the components [18], we assume that,
across all assembly models, a way of assigning values to the components is the same, and do not consider the case where ways of
assigning values to the components are diﬀerent. Therefore, the
definition of the feature of an assembly model and the way to
compute the similarity between two assembly models are diﬀerent. In addition, we propose a way of assigning values for discriminating diﬀerences in the assembly structures more distinctly
in this paper. We evaluate the proposed method using the 3D
CAD models with more diverse types of assembly structures.

3. Matching 3D CAD Assembly Models
3.1 Representation of Assembly Models
We represent every assembly model as a 3D array of the same
size which is enough to contain it. If a 3D CAD assembly model
is represented in another format, we convert it into a 3D array.
The size of the converted model in the array is proportional to the
original size. In any array, the same models or the same components have the same size. In order to identify each kind of
the components constituting an assembly model, a diﬀerent numerical value is assigned initially to the corresponding elements
of the array. When we distinguish components with the same
shape by their other properties such as materials, we regard them
as diﬀerent kinds of components and assign diﬀerent values to
them. Zeros are assigned to the elements of the array, which do
not correspond to any component in the model. In each assembly model, the same numerical value is assigned to the same kind
of components. However, in multiple assembly models, diﬀerent
values may be assigned to the same kind of components which
are commonly contained in all of the models. Since it is not easy
to standardize ways of assigning numerical values to components
across all assembly models, we assume that the values assigned
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to the same components diﬀer depending on assembly models.
Therefore, it is necessary that our matching method for assembly models be robust over variation in the values assigned to the
components.
3.2

Features for Discriminating Diﬀerences in Assembly
Structures
We want to find 3D CAD assembly models which not only
have the same shapes and are consisted of the same kinds and
numbers of components but also have the same layouts of the
components as a given assembly model. The location and the orientation of each assembly model in a coordinate system is usually
diﬀerent depending on the model. It is not easy to normalize the
orientation when they have symmetric shapes. Therefore, it is desirable that features extracted from assembly models be robust to
translation and rotation in 3D space. In order to compute such
features, we take a similar approach to the view-based method
which is one of the most eﬀective ways for matching 3D shape
models [1]. That is, we compute the feature set of an assembly
model from its projections to 2D planes. The result of the projection is stored in a 2D array of a specific size. A value of an
element of the 2D array is the sum of values assigned to the elements of the 3D array representing the model on a line perpendicular to the projection plane. This projection reflects not only the
global shape of the model but also the shapes and the layouts of
all the components. The projection is not aﬀected by the distance
between the projection plane and the model. In order to choose
the projection angles near uniformly on a spherical surface, we
specify them by using vertices of a geodesic dome constructed by
triangulation of a regular icosahedron. The geodesic dome has
a spherical structure but not a hemispherical structure since the
results of the projections from the vertices which are symmetric
with respect to the center of the sphere cannot be transformed
only by 2D translation and rotation as two projections shown in
Fig. 4.
If two assembly models are the same, we will have two sets of
similar projections of them regardless of any rotations of either
model. In order to make the features computed from the projections more robust to 3D rotation and translation of the models,
we apply the 2D Radon transform and the Fourier transform to
the results of the projections. These transformations do not make
the features completely tolerant to 3D rotation and translation. In

Fig. 4

Projections of 3D CAD assembly model from vertices which are
symmetric with respect to center of sphere shown in Fig. 3.
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order to reduce the cost of storing the feature sets and computing
the similarity of the assembly models, we reduce the size of each
feature by deleting high-frequency components from the power
spectrum obtained by the Fourier transform.
3.3 Reassignment of Numerical Values to Components
Since ways of assigning numerical values to components may
be diﬀerent depending on assembly models, we cannot use the
values directly to compute their feature sets and similarities. As
mentioned in Section 1, we also find that diﬀerences in assembly
structures of the 3D CAD models cannot often be discriminated
distinctly by simple ways such as reassigning positive integers to
components successively from one. In order to reflect adequately
the feature of each kind of components in the whole feature of the
assembly model, we reassign numerical values to the components
and compute the feature set as follows.
We denote a family of sets of the same kind of components
constituting an assembly model m as C(m). That is, C(m) =
{ci : ci is a set of the same kind of components, i = 1, . . . , |C(m)|}
where |C(m)| is the number of kinds of components. We divide
an assembly model m into a set c ∈ C(m) of the same kind of
components and the others m − c which is obtained by removing
c from m. We denote the numbers of the corresponding elements
to m, c and m − c in the 3D array representation as Vol(m), Vol(c)
and Vol(m−c), respectively. We call these numbers volumes of m,
c and m − c. We denote the 3D array representation of m where
numerical values are assigned to the elements in the following
way as m[c].
• For a set c of the same kind of components, 1/Vol(c) is assigned to the corresponding elements of the 3D array
• For the components m − c, 1/Vol(m − c) is assigned to the
corresponding elements of the 3D array
• Zeros are assigned to the other elements of the array
If two assembly models m1 and m2 are the same, we assign the
same numerical values 1/Vol(c) and 1/Vol(m−c) to the same c and
m − c in m1 and m2 , respectively. For each c ∈ C(m), we construct
the 3D array m[c] and compute projections from the vertices of
the geodesic dome. The feature set of an assembly model is a set
of the features computed from the projections of each of the constructed arrays. By this reassignment, we balance the feature of c
and the feature of m − c in the feature set of the whole model. If
the value assigned to c is much larger than the value assigned to
the other components, the feature set of the model reflects the feature of c more than the other components and the features of the
components except for c may be neglected in matching assembly
models. Conversely, if the values assigned to the components except for c are much larger than the value assigned to c, the feature
of c may be neglected.
For an assembly model m, we compute the features from the
projections of m[c] for each c ∈ C(m) as described in the previous section and make all of the features as the feature set of m.
Algorithm 1 shows the procedure to compute the feature set for
an assembly model m. The number of the features for m, that is,
the cardinality of F(m, V) in Algorithm 1, is |C(m)| × |V| where V
is a set of the vertices of a geodesic dome to specify the projection
angles of a 3D array m[c].
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Algorithm 1 ComputeFeature(m,V,A)
Require: a 3D CAD assembly model m, a set V of vertices of a geodesic
dome to specify the projection angles of a model, a set A of projection
angles for the 2D Radon transform
Ensure: the feature set F(m, V) of m
1: for all v j ∈ V where j = 1 . . . |V| do
2:
for all ci ∈ C(m) where i = 1 . . . |C(m)| do
3:
construct the 3D array m[ci ]
4:
compute a projection of m[ci ] to a 2D plane from the angle specified by v j
5:
store the result in a 2D array p(m[ci ], v j )
6:
for all ak ∈ A where k = 1 . . . |A| do
7:
compute a projection of p(m[ci ], v j ) to a line with gradient specified by ak
8:
store the result in the elements of a 2D array r(p(m[ci ], v j )),
which correspond to ak
9:
end for
10:
compute the Fourier transform of r(p(m[ci ], v j )) along the radial
coordinate
11:
store the power spectrum in a 2D array f (r(p(m[ci ], v j )))
12:
compute the Fourier transform of f (r(p(m[ci ], v j ))) along the angular coordinate
13:
store low-frequency components of the power spectrum in a 2D
array f ( f (r(p(m[ci ], v j ))))
14:
add f ( f (r(p(m[ci ], v j )))) to a feature set F(m, V) as an element
F(m[ci ], v j )
15:
end for
16: end for
17: return F(m, V)

3.4 Similarity between Assembly Models
A feature which is an element of the feature set for an assembly
model is represented as a 2D array in Algorithm 1. By arranging
elements of the 2D array in a row, we regard a feature as a vector
in Euclidean space. Then an assembly model is represented as a
set of vectors in Euclidean space. We define the dissimilarity of
two features as the Euclidean distance between two vectors representing them instead of their similarity. In the following, we use
the term distance to represent the dissimilarity between features,
between feature sets, between components and between assembly models. We want to find the assembly model whose distance
from another specified model is the lowest value. We compute
the distance between two assembly models m1 and m2 using the
distances between their components as follows.
Since the assigned numerical value to each of the components
constituting m1 and m2 is based on its volume as described in Section 3.3, we cannot always identify the same components by only
the values. Therefore, we check all possible correspondences between their components this time. We compute the distance between a component c1 of m1 and a component c2 of m2 using the
feature sets computed from the projections of m1 [c1 ] and m2 [c2 ].
For each feature in the feature set of m1 [c1 ], we find the closest
feature in the feature set of m2 [c2 ] by computing their Euclidean
distances. We define the distance between c1 and c2 by the sum
of the Euclidean distances between the pair of the most closest
features in the feature sets of m1 [c1 ] and m2 [c2 ]. Algorithm 2
shows the detail of this procedure. F(m1 [c1i ], V) and F(m2 [c2j ], V)
are subsets of F(m1 , V) and F(m2 , V) computed by Algorithm 1,
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Fig. 5 Procedure to compute features and distances for 3D CAD assembly models.

Algorithm 2 ComputeComponentDistance(F(m1 [c1i ], V),
F(m2 [c2j ], V), V)
Require: two subsets F(m1 [c1i ], V) and F(m2 [c2j ], V) of feature sets F(m1 , V)
and F(m2 , V) of assembly models m1 and m2 , a set V of vertices of a
geodesic dome to specify projection angles of a model
Ensure: distance dis between m1 [c1i ] and m2 [c2j ]
1: dis ← 0
2: for k = 1 to |V| do
3:
pd ← F(m1 [c1i ], vk ) − F(m2 [c2j ], v1 ) for v1 , vk ∈ V
4:
for l = 2 to |V| do
5:
d ← F(m1 [c1i ], vk ) − F(m2 [c2j ], vl ) for vk , vl ∈ V
6:
if d < pd then
7:
pd ← d
8:
end if
9:
end for
10:
dis ← dis + pd
11: end for
12: return dis

which contain only features of m1 [c1i ] and m2 [c2j ], respectively.
F(m1 [c1i ], vi ) − F(m2 [c2j ], v j ) is an Euclidean distance between
two vectors corresponding to F(m1 [c1i ], vi ) and F(m2 [c2j ], v j ).
For every correspondence between the components constituting each of two assembly models m1 and m2 , we compute the distance between the components in the same way. Then we find the
closest pair of the components in all the correspondences. Next,
in the correspondences between the components except for the
above pair components, we find the closest pair of the components again. By repeating this procedure, we decide the correspondences between the components of m1 and m2 . The distance
between m1 and m2 is the sum of the distances between the corresponding components. Algorithm 3 and Fig. 5 shows the whole
procedure for computing the distance of two assembly models
m1 and m2 . If m1 and m2 consist of diﬀerent numbers of kinds of
components, that is, |C(m1 )|  |C(m2 )|, they are clearly diﬀerent.
Then we do not compute the distance between m1 and m2 and ∞
is returned in Algorithm 3.
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Algorithm 3 ComputeDistance(m1 ,m2 ,V,A)
Require: two 3D CAD models m1 , m2 , a set V of vertices of a geodesic dome
to specify the projection angles of a model, a set A of projection angles
for the 2D Radon transform
Ensure: distance dis between m1 and m2
1: if |C(m1 )| = |C(m2 )| then
2:
F(m1 , V) ← ComputeFeature(m1 ,V,A)
3:
F(m2 , V) ← ComputeFeature(m2 ,V,A)
4:
for all c1i ∈ C(m1 ) and c2j ∈ C(m2 ) do
5:
cd(i, j) ← ComputeComponentDistance(F(m1 [c1i ], V), F(m2 [c2j ], V)
6:
end for
7:
dis ← 0
8:
I ← {1, 2, . . . , |C(m1 )|}
9:
J ← {1, 2, . . . , |C(m2 )|}
10:
while I  ∅ do
11:
find the minimum value cd(i , j ) in cd(i, j) for all (i, j) ∈ I × J
12:
dis ← dis + cd(i , j )
13:
I ← I \ i
14:
J ← J \ j
15:
end while
16:
return dis
17: else
18:
return ∞
19: end if

4. Experimental Evaluation
We evaluate our method to discriminate 3D CAD assembly
models with diﬀerent layouts of components experimentally. We
prepare three kinds of 3D CAD assembly models, a clutch, a die,
and a gear as shown in Fig. 6. For each kind of assembly model,
we also prepare five types, A, B, C, D and E of assembly structures as shown in Fig. 7. All types of a kind of assembly model
have the same shape and consist of the same kinds and numbers
of components, respectively. We show the same kinds of components in the same colors in Fig. 7. We denote a clutch of type
A as Clutch A, for example. For example, Clutch A, Clutch B,
Clutch C, Clutch D and Clutch E of Fig. 7 have the same shapes,
and consist of three green components, three yellow ones, four
red ones, two blue ones and the others. The diﬀerent components
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Table 1 Diﬀerences in assembly structures between type A and other types
for each subassembly.
Y-G
B-R
Y-G & B-R

type A




type B

×
×

type C
×

×

type D


×

type E
×
×
×

Fig. 6 3D CAD assembly models and the components.

Fig. 8 Distance between fifteen database models and each kind of query
model.

Fig. 7

Five types of assembly structures for three kinds of 3D CAD models.

shown in diﬀerent colors may have the same shapes. Green components and yellow ones have the same shapes. Blue components
and red ones also have the same shapes. Every assembly model
consists of three subassemblies each of which consists of multiple
components with the same shapes. The first subassembly consists
of yellow and green components. The second one consists of blue
and red components. We regard the components except these four
colored components as the third subassembly.
We call an assembly model given as a query a query model,
and call assembly models compared with a query model database
models. We use these fifteen assembly models in Fig. 7 as
database models. Each of the database models is rotated and
translated randomly. For each kind of database models, we prepare 40 query models as a target for comparison by randomly
rotating and translating the type A of models, that is, Clutch A,
Die A or Gear A. Table 1 shows the diﬀerences in the assembly
structures between type A and other types for each subassembly.
“Y-G” is a subassembly consisting of yellow and green components. “B-R” is a subassembly consisting of blue and red components. “Y-G & B-R” is a “combined” subassembly consisting
of Y-G and B-R. “” means that Y-G, B-R or Y-G & B-R has
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the same layout in a query model and the corresponding type of
a database model, while “×” means that it has a diﬀerent layout.
Since query models are of type A, all columns of “type A” are
. The columns of “type D” show that, in the type D of database
models, Y-G and B-R have the same layout as query models but
Y-G & B-R has a diﬀerent layout. In type B of database models,
Y-G has the same layout but B-R has a diﬀerent layout. Therefore, Y-G & B-R also has a diﬀerent layout.
In computing a feature set of an assembly model, we use the
vertices of geodesic domes constructed by triangulation of a regular icosahedron to specify the projection angles of assembly models, V in Algorithm 1, Algorithm 2 and Algorithm 3. The projection angles in the Radon transform, A in Algorithm 1 and Algorithm 3, are from 0 to 179 in steps of 1 degree. Since popular
benchmark data such as Princeton Shape Benchmark [2], Engineering Shape Benchmark [3] and ShapeNet [19] do not include
3D assembly models with diﬀerent layouts of components, we
prepare such 3D CAD assembly models for the experimental
evaluation of the proposed method. All of the assembly models used in these experiments are obtained from the website [4]
and simplified by removing several components from them. We
develop all the programs with MATLAB 2015b on 64 bit Windows 10 Enterprise and use a PC with a 3.4 GHz Intel Core i7
processor and 32 GB RAM.
4.1 Discrimination of Diﬀerences in Assembly Structures
We evaluate the ability of our method to discriminate not only
the diﬀerence of assembly models but also the diﬀerence of layouts of components in an assembly model. Figure 8 shows the
distances of the fifteen database models, which are computed
by Algorithm 3, from each kind of the query models, that is,
Clutch A, Die A and Gear A. When a value of the distance between a database model and a query model is low, they are similar.
The distance of Clutch A, Die A or Gear A in the database
models, which is the same type as the query model, is the lowest
value in Fig. 8. Since, as shown in Table 1, type A and type D
of the assembly structure are similar, the distance of type A of
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Fig. 9 Eﬀects of number of projections.

Table 2

Sizes of arrays and input parameters in Algorithm 1.

3D arrays m, m[ci ]
2D array p(m[ci ], v j )
2D array r(p(m[ci ], v j ))
2D array f (r(p(m[ci ], v j )))
2D array f ( f (r(p(m[ci ], v j )))) or F(m[ci ], v j )
Number |V| of vertices of a geodesic dome
Number |A| of projection angle in the Radon transform

74 × 74 × 74
128 × 128
185 × 180
185 × 180
185 × 180
492
180

the database models from the query models is close in value to
the distance of type D of the database models. The distances
of database models of diﬀerent kinds from the query models are
much larger than those of any type of database models of the same
kind as the query models.
Table 2 shows the sizes of the arrays and the input parameters
of Algorithm 1 in this experiment. We set the size of the 3D arrays, m and m[ci ], which have the same size, to maintain the shape
of each component constituting an assembly model in converting
it to the array. The size of the 2D array p(m[ci ], v j ) corresponds to
the size of the projection of m[ci ]. In the following experiments,
we change these sizes or input parameters to explore their eﬀect
on the results. Since it is more diﬃcult to discriminate the same
kinds but diﬀerent types of assembly models, we show only the
results of such cases.
4.2 Eﬀects of Number of Projections
The ability to discriminate the diﬀerences of assembly models
and the computational cost are aﬀected by the number of projections used to compute their feature sets. Here we explore the
eﬀects of the number of projections for an assembly model. We
vary the number of projections, that is, the number of vertices
V of a geodesic dome to specify the projection angles in Algo-
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rithm 1 and Algorithm 3. The sizes of the arrays and the input
parameters except for V in the algorithms are the same as those
in Table 2.
Figure 9 (a) shows the proportion of the query models each of
which is of the same kind and type as its closest database model
to it with varying the number |V| of projections from 92 to 492
for three kinds of the query models. That is, for each kind of
database models D, the proportion is


the most closest model in D to q is of 

q
∈
Q
:


the same kind and type as q.
(1)
|Q|
where Q is a set of query models of the same kind as D and
|Q| = 40 is the cardinality of Q. We refer to this proportion as
matching accuracy. Although there are several exceptions, the
matching accuracy increases on the whole as |V| increases. When
|V| is equal to 492, the matching accuracy is more than 0.9 for
every kind of the database models.
Figure 9 (b) shows one way of illustrating the change in the
distances between each type of die in the database models and
Die A’s in the query models with varying the number of projections. We denote the distance of a database model d to a query
model q as dis(d, q). A value for each number of projections in
the figure is the proportion based on the distances between Die A
in the database models and Die A in the query models, that is,

q∈Q dis(d, q)

(2)
q∈Q dis(Die A, q)
where d is a type of die in the database models and Q is the set of
Die A’s in the query models. We refer to this proportion as distance ratio for Die A. When the diﬀerence of the distance ratios
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Fig. 10

Eﬀects of size of feature.

for two types of database models is large, their discrimination is
not diﬃcult. Since Die A and Die D have similar assembly structures, the distance ratio for Die D is close to the distance ratio for
Die A. The error bars in the distance ratios for Die A indicate
the range of the distance ratio for each of Die A’s in the query
models. The maximum and the minimum are
dis(d, q)
max 
(3)
q∈Q
dis(Die
A, q)/|Q|
q∈Q
and
min 
q∈Q

dis(d, q)
dis(Die
A, q)/|Q|
q∈Q

(4)

where the notations are the same as above, respectively. As the
number of projections increases, the range of the error bars in
Fig. 9 (b) becomes narrow and the matching accuracy in Fig. 9 (a)
increases.
Figure 9 (c) shows the average processing time for computing the distance between two assembly models by Algorithm 3.
“compute projections” in the figure corresponds to the time to
compute the projections of two assembly models in step 3 of
Algorithm 1. “compute feature sets” corresponds to the time
to compute their feature sets in the other steps of Algorithm 1.
“compute distance” corresponds to the time to compute their distance by Algorithm 3 except for steps 2 and 3 where Algorithm 1
is invoked. Both “compute projections” and “compute distance”
increase largely with increase in the number of projections. Figure 9 (d) shows the memory usage in computing the distance between a database model and a query model. The memory usage
increases with increase in the number of projections as expected.
As shown in the next experiment, the processing time and the
memory usage can be decreased without making a large eﬀect on
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the matching accuracy by reducing the size of features in a feature
set.
4.3 Eﬀects of Size of Feature
We use the power spectrum computed from a projection of an
assembly model as a feature in the feature set of an assembly
model. By deleting low-frequency components from the power
spectrum, we reduce the size of the feature which is represented
by the 2D array F(m[ci ], v j ) or f ( f (r(p(m[ci ], a j )))) in Algorithm 1. The sizes of arrays except for F(m[ci ], v j ) and the input parameters in the algorithms are the same as those shown in
Table 2.
Figure 10 (a) shows the matching accuracy defined by formula (1) with decreasing the size of array F(m[ci ], v j ) from
180 × 180 to 3 × 3 for three kinds of the query models. It decreases slowly as the size of the array decreases. Even when the
size of the array is 3 × 3, the matching accuracy is high. Figure 10 (b) shows the distance ratio defined by formula (2) with
decreasing size of the array. The error bars in the distance ratios
for Die A indicate the range between the maximum and the minimum which are defined by formulae (3) and (4), respectively.
Regardless of the size of the array, the range of the error bar in
Fig. 10 (b) is narrow. Figure 10 (c) shows the average processing
time for computing the distance between two assembly models.
“compute distance” decreases rapidly as the size of the array decreases. “compute projections” and “compute feature sets” are
not aﬀected by the size of feature. Figure 10 (d) shows the memory usage in computing the distance between a database model
and a query model. The memory usage decreases with decrease
in the size of a feature in a feature set as expected.
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Fig. 11

Eﬀects of assigned values to components in computing features.

4.4 Eﬀects of Assigning Values to Components
In computing a feature set of an assembly model m by Algorithm 1, we construct the 3D array m[c] for each component c
of m by assigning values to elements of the array as described
in Section 3.3. Since the feature set is aﬀected by the assigned
values, we examine the eﬀect on discriminating diﬀerences in assembly structures of 3D CAD models. In this experiment, we
assign several values in addition to 1/V(c) to the corresponding
elements of the array to c in m[c]. On the other hand, to the corresponding elements to all components except c, we always assign
1/V(m − c). The sizes of arrays and the input parameters in the
algorithms are the same as those shown in Table 2.
Figure 11 (a) shows the matching accuracy with varying the
assigned values from 1/V(c) × 1/30 to 1/V(c) × 30 to the corresponding elements in m[c] to c for the three kinds of query models. “1/30” in this figure means that 1/V(c) × 1/30 is assigned to
the elements corresponding to c, for example. Although the eﬀect
of the assigned values depends on the kinds of the assembly models, the matching accuracy is higher for all their kinds when we
assign 1/V(c) × 1/10 or 1/V(c) to the elements corresponding to
c in m[c]. As the assigned value increases, the matching accuracy
increases for the clutches and it does not change largely for the
gears. When the assigned value is large or small, the matching
accuracy is low for the dies.
Figure 11 (b) shows the distance ratio with varying the assigned
values from 1/V(c) × 1/30 to 1/V(c) × 30 to the corresponding elements in m[c] to c. The error bars in the distance ratio for Die A
indicate the range between the maximum and the minimum which
are defined by formulae (3) and (4), respectively. The range of the
error bar in Fig. 11 (b) does not change largely with varying as-
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signed values. When we assign 1/V(c) × 1/10 or 1/V(c) to the
corresponding elements to c in m[c], the diﬀerence of the distances among each type of dies is larger. Figure 11 (c) shows the
average processing time for computing the distance between two
assembly models. The processing time is not influenced by the
assigned values as expected. Figure 11 (d) shows the memory usage in computing the distance between a database model and a
query model. The memory usage does not depend on assigned
values.

5. Conclusion
We present a matching method for 3D CAD assembly models using their projections. It discriminates not only their global
shapes, the numbers and kinds of their components but also the
geometric layouts of the components. We also propose a way of
reassigning values to the components in order to discriminate the
diﬀerences in their assembly structures more clearly. Since the
feature sets and similarities of assembly models do not depend
on the initial values assigned to the components, the proposed
method can be used in the case where identifiers of the components are diﬀerent across assembly models. In order to evaluate the proposed method, we prepare the three kinds of database
models and query models which are randomly rotated and translated. For each kind of database models, we also prepare the five
types of layouts of the components. The results of the experiments show that the diﬀerences in the prepared assembly structures can be discriminated with a high degree of accuracy by the
proposed method. It remains to reduce the processing time, to
improve the discrimination power for larger or more complicated
assembly models and to evaluate the proposed method using more
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assembly models as future work.
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