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Abstract. 

 

The use of Digital Mock-Up (DMU) has become mainstream to support the engineering activities all along the 

Product Design Process. Over the years, companies generated large databases containing digital models and 

documents related to their products. For instance, considering complex products, the DMU can be composed of 

several hundred thousand parts assembled together in assembly trees containing tens of sub-assemblies, and 

representing several terabytes of data. The ability to retrieve existing models is crucial for the competitiveness of 

companies, as it can help to leverage existing solutions, results and knowledge associated with previous products. 

To speed up the access to this large amount of reusable information, CAD models search approaches have been 

proposed, and notably the so-called content-based search techniques which help designers exploiting the implicit 

knowledge embedded in the models. As part of a system for the retrieval of CAD assembly models, this paper 

introduces a set of four measures to evaluate assembly similarities according to multiple criteria. These measures 

are combined to assess three different levels of similarity (local, partial and global). The local measure only 

considers the contribution of similar parts, while partial and global measures take also into account the number 

of similar parts compared to the total number of parts in the query and in the target model. Moreover, an ad-hoc 

visualization interface has been designed to clearly highlight the different similarities and to allow a fast 

identification of the target models. The validation of the proposed measures is discussed through several academic 

and industrial examples run on the developed prototype software. 
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Multi-criteria similarity assessment for CAD assembly models retrieval

Katia Lupinettia,b, Franca Gianninia, Marina Montia, Jean-Philippe Pernotb

aIstituto di Matematica Applicata e Tecnologie Informatiche ”Enrico Magenes”, CNR Via De Marini 6, 16149 Genova, Italy
bArts et Métiers, LISPEN, HeSam, France

A B S T R A C T

The use of Digital Mock-Up (DMU) has become mainstream to support the engineering activities all along the Product
Design Process. Over the years, companies generated large databases containing digital models and documents related
to their products. For instance, considering complex products, the DMU can be composed of several hundred thousand
parts assembled together in assembly trees containing tens of sub-assemblies, and representing several terabytes of
data. The ability to retrieve existing models is crucial for the competitiveness of companies, as it can help to leverage
existing solutions, results and knowledge associated with previous products. To speed up the access to this large amount
of reusable information, CAD models search approaches have been proposed, and notably the so-called content-based
search techniques which help designers exploiting the implicit knowledge embedded in the models. As part of a system
for the retrieval of CAD assembly models, this paper introduces a set of four measures to evaluate assembly similarities
according to multiple criteria. These measures are combined to assess three different levels of similarity (local, partial
and global). The local measure only considers the contribution of similar parts, while partial and global measures take
also into account the number of similar parts compared to the total number of parts in the query and in the target
model. Moreover, an ad-hoc visualization interface has been designed to clearly highlight the different similarities and
to allow a fast identification of the target models. The validation of the proposed measures is discussed through several
academic and industrial examples run on the developed prototype software.

1. Introduction

Today, being able to efficiently retrieve CAD assembly models from large databases has become a paramount is-

sue. Indeed, over the years, companies accumulate a huge amount of Digital Mock-Up (DMU) of their products. For

instance, considering complex products, the size of the DMU can reach several hundred thousand parts assembled to-

gether in assembly trees containing tens of subassembly levels, and requiring several terabytes for the storing. To be more

competitive on the market, new tools have to be developed to better support the phases of the Product Development

Process (PDP), such as the retrieval of CAD assembly models. Actually, the retrieval of existing similar models provides

a way to access to knowledge gained from previous designed solutions [1]. For example, it is possible to reuse existing

digital models and exploit their associated information. Moreover, the similarity evaluation provides benefits in other

engineering activities, as for the identification of interchangeable parts from separate projects to reduce management

and manufacturing costs [2]. The ability to evaluate the similarity between two assembly models plays a central role in

the development of a retrieval approach. However, assessing the similarity is not an easy task as it involves several issues.

A first issue concerns the plurality of the similarity criteria according to which two models can be considered

similar. This strongly relies on user’s purpose. Deshmukh et al. describe different application scenarios and present the

most suitable similarity criteria to be satisfied for each application [3]. For instance, if a designer wants to reuse a digital

model, he/she can start with a rough query (i.e. a simple CAD model with few details) to retrieve a more detailed similar

one, which can then be adapted and modified according to new requirements. In this scenario, the overall shape could be

one of the salient characteristics to evaluate the similarity. Another scenario requires the retrieval of similar models to

get access to existing product information (e.g. simulation results, assembling strategies or failure reports). In this case,
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only considering the shape to evaluate the similarity of the products could be limiting, while evaluating the similarity

according to the functional point of view could be more interesting. In addition, other useful characteristics exist and

can be used to evaluate the similarity (e.g. products dimensions, required manufacturing processes or materials, design

intent). Thus, a good similarity assessment technique should be able to consider multiple similarity criteria.

A second issue concerns the availability of the information necessary to compare models according to multiple

similarity criteria. Actually, depending on the criteria, the required information is not always directly available as it

is neither encoded in the CAD models nor in the supporting systems, such as Product Data Management (PDM) or

Product Lifecycle Management (PLM) systems. In this case, the similarity assessment technique should embed specific

reasoning mechanisms to extract information implicitly encoded in the CAD models.

Globally

Partially

Locally

!" !#

!$
!%

Partially

Partially Part
ially

Fig. 1. Example of different similarity levels for the retrieval of CAD assembly models (local, partial and global).

A third issue concerns the plurality of the similarity levels according to which the similarity can be assessed. Indeed,

retrieval methods have to deal with global and partial matching, where the partial matching can be further split into

part-in-whole (i.e. the input model is inside a whole retrieved object) and whole-to-whole by partial similarity (i.e. a

subpart of the input object is similar to a subpart of a retrieved object) [4, 5]. An example of the different similarity

levels is depicted in Fig. 1. The CAD assembly model M1 is globally similar to the model M2, since they have analogous

parts. The model M1 (resp. M2) is considered partially similar (i.e. part-in-whole) to M3 (resp. M4), since it is completely

included in the second one. Finally, models M3 and M4 are locally similar (i.e. whole-to-whole by partial similarity),

since they share similar parts.

A fourth issue originates from the two previous ones. Due to the multiple similarity criteria and levels characterizing

the similarity between two CAD assembly models, it is not straightforward to properly present to the user the ranked

results of a given query according to specific criteria.

This paper aims at introducing a new approach to assess the similarity of CAD assembly models according to multiple

criteria. The contribution is threefold: (i) a new approach to retrieve CAD models according to multiple similarity criteria

based on both extrinsic and intrinsic characteristics extracted from CAD assembly models; (ii) assessment of the similarity

of assembly models according to different similarity levels (local, partial and global); (iii) an ad-hoc visualization interface

to enhance the user experience when analyzing the results of the similarity assessment. The rest of the paper is organized

as follows. Section 2 reviews some related works. Section 3 reports some details on the adopted framework for the
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comparison of assembly models, while section 4 and section 5 detail the similarity criteria and the proposed measures

for their evaluation. Finally, section 6 presents the considered database and discusses some results obtained using our

prototype software. Section 7 ends the paper providing conclusions and future steps.

2. Related works

The DMU of a product gathers together all the digital information generated and used all along the PDP. The data

are usually managed by PDM and PLM systems which also integrate functionalities to ease the work between the actors

of the PDP. Not only it contains CAD models, but the tracked data usually involve the technical specifications of the

product, provisions for its manufacturing and assembling, the types of materials that will be required to produce it and

many more information. However, design information is mostly contextual, i.e. many information is contained in the

CAD model itself, and such systems provide a limited support in geometric searches [6]. To overcome these limitations,

content-based 3D model retrieval has become an active research area and many works emerged in the last decade. Those

techniques usually make use of pre-computed shape descriptors or signatures to evaluate the similarity among the models

and thus to allow the retrieval of similar models. In this section, solely the methods that directly address the retrieval of

CAD assembly models are reviewed. For a comprehensive survey of the state-of-the-art on general 3D model retrieval,

one can refer to the survey papers [4, 7, 8, 9].

There exist retrieval methods that describe assemblies just through the description of the shape of their parts. One

of the most popular shape descriptor is the shape distribution proposed by Osada et al. [10], and which has been used

in the methods developed by Renu and Mocko [11], Wang et al. [12] and Zhang et al. [13]. These approaches strongly

rely on the shape information and do not use any assembly relationships (e.g. geometric constraints, kinematic links or

parts arrangement). However, in case of complex assemblies made of several parts, a method based only on the shape is

not sufficient to retrieve efficiently the target assembly models. Indeed, 3D models with similar shapes can be assembled

in different ways, involving different kinematic characteristics and then different relationships between their parts.

The relationships between the parts of an assembly models are usually represented by graph-based descriptors. For

instance, Miura and Kanai [14] represent models by attributed graphs, which encode structural information and other

data, e.g. contact and interference stages and geometric constraints. Tao and Huang [15] use component attributed

relational graphs, where arcs represent the adjacency relationships between two components encoding the types of

surface (e.g. planar or cylindrical surfaces) and the connection relations (e.g. screw connection, pin joint, key joint, rivet

joint). Deshmukh et al. [3] propose a flexible retrieval system exploiting the data present in CAD models represented

by mating graphs. Despite the fact that these three methods describe assembly models at a local level, their matching

approaches allow to recognize just global similarities among assembly models. Moreover, if some information is missing

it must be made explicit by the user.

A more complete system able to detect also partial similarities has been proposed by Chen et al. [16]. Their assem-

bly descriptor considers different information levels including the topological structure, the relationships between the

components of the assembly, as well as the geometric information. Anyhow, it assesses partial similarity by exploiting

a hierarchical structure. This suggests that if two assembly models M1 and M2 represent the same object but have

a different parts organization, then the system is not able to recognize M1 and M2 as similar, not even with a lower

similarity measure.
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Recently, Han et al. [17] proposed a retrieval system using a semantic representation of assembly models that allows

to capture both the design and the assembly model intent of a model. In this method, the similarity is evaluated by a

many-to-many matching procedure comparing each part in the query model with each part in the target model. Despite

the fact that this method presents an interesting novelty in the description of an assembly model, the adopted matching

procedure allows to evaluate only one level of similarity, the global similarity.

As a conclusion, even if content-based 3D model retrieval is an active topic, most of the existing works focus on single

parts, and the methods which tackle assembly models can hardly manage a large variety of similarity criteria together

with the possibility to assess the similarity at different levels, i.e. partial, local and global similarities. This paper aims

at introducing measures to evaluate assembly similarities according to multiple criteria.

3. Assembly retrieval framework

For a comprehensive understanding of the new evaluation measures and procedures presented in sections 4 and 5,

the overall assembly retrieval framework is first introduced in this section.

Basically, the similarity evaluation is a two-steps procedure: a proper descriptor for the assembly is first evaluated,

then this signature is used for the models comparison and similarity assessment. The assembly retrieval framework

adopted in this paper is based on the so-called Enriched Assembly Model (EAM) descriptor [18]. The EAM descriptor

is computed both for the query model, i.e. the model according to which the similarity is to be assessed, and for all the

CAD assembly models of the inquired dataset. Then, EAMs are compared two-by-two to evaluate the similarity of the

query model with respect to all the models of the dataset. The results are stored and provided to the user who can rank

the target models, i.e. the CAD assembly models resulting from the matching, according to the level of similarity he/she

is interested in. The framework includes both real-time and batch processes. The batch process computes the complete

EAM descriptors for all the CAD assembly models in the dataset, while the real-time processes compute partial EAM

descriptors for the query including only the data that are pertinent to the user-specified similarity criteria, and then

perform the comparison.

The framework as well as the EAM descriptor have been devised to perform retrieval of mechanical parts assemblies,

under the assumption that the products are rigid objects that cannot be deformed. Moreover, the considered assembly

models are supposed to contain a number of parts contacts which does not change over the time, whereas the portions

of the parts involved in the contacts can change. The creation of the EAM relies on both explicit information directly

available, and implicit information to be extracted through dedicated procedures. The CAD models are represented by

means of a standard CAD format (STEP AP 203/214) so as to be independent of any CAD system. These data provide

four different types of information (structure, statistic, interface and shape) which are stored in an attributed multi-graph

structure, i.e. a graph structure that allows both multiple arcs between a pair of nodes and attributes for nodes as well

as for arcs. The following subsections provide details on the information present in the EAM to clearly understand how

these data contribute in the similarity assessment developed in sections 4 and 5.

3.1. Structure information

The structure information characterizes the hierarchical structure of an assembly, i.e. how the parts are gathered

together in the CAD model. This information is available in CAD models and it is represented in the EAM by nodes and

directed arcs. The root node corresponds to the entire assembly model and the leaves represent the parts constituting the
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assembly. Directed arcs between nodes represent the relation ”made-of” between the components of the assembly. Two

attributes belonging to the sets CompType and PatternType characterize nodes representing parts. The attribute in

CompType defines the type of the component by the following values:

CompType =
{

bearing, c-clip, gear, shaft, spacer, key, nut,linkage arm, parts of bearing, screw and bolt, (1)

cylinder-like, cube-like, sphere-like, torus-like, miscellaneous
}

The attribute in PatternType characterizes the arrangement in the 3D space of a set of repeated parts (indicated by

RP ). It can take the following values:

PatternType =
{

linear translation, circular translation, circular rotation, reflection
}

(2)

Lastly, an attribute that represents all the patterns in the model can be associated to the root node, whose values

belong to:

PatternList =
{(

patTypei,RPi
)
, ∀i ∈ {1, ..., Np}

}
(3)

where Np is the number of patterns in the model, patTypei corresponds to the type of the ith pattern and RPi to its

constituting repeated parts.

The information regarding the type of components and the type of patterns is generally not included in the CAD

models and then it is necessary to extract them. Details on how these attributes are computed can be found in [19, 20,

21, 22].

3.2. Statistic information

The statistic information has been designed to ease the filtering of large datasets and reduce the number of models

to be compared. Statistics for single parts include: 1) percentage of the overall model area covered by surfaces of a

specific type (i.e. planar, cylindrical, spherical, toroidal and free-form); 2) number of maximal faces (i.e. adjacent faces

sharing the same underlying surface and which can be considered as a single face) of a specific type of surface. The use

of such information allows discarding directly some shapes, thus reducing the number of candidates for the matching

process. Thus, the generic statistic attribute for parts has values in the set PartStat, which gathers together five pairs

of values in the range ([0, 1] × N), one pair for each type of surface (i.e. planar, cylindrical, spherical, toroidal and

free-form). Statistics for assembly are represented by an attribute whose values are in AssemblyStat, which includes the

number of patterns of each of the four pattern types. Thus, it comes that:

PartStat = ([0, 1]× N)5 (4)

AssemblyStat = N4 (5)

3.3. Interface information

The interface information describes the relationships between parts of an assembly model regardless its struc-

ture. These relationships are expressed by contact information and joint information. In most configurations, contacts

between two parts can be of type Surface, Curve or Point (Fig. 2.a). However, sometimes, there may be unrealistic

configurations where two parts share a volume, i.e. they intersect each other (Fig. 2.b, 2.c and 2.d). In the proposed

framework, volumetric interferences can be solved while deducing the correct original contact when one of the involved
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part is a sphere (Fig. 2.c and 2.d). For those configurations which cannot be solved, the attribute UnSolved is used

to characterize the type of contact (Fig. 2.b). Within the EAM, a contact information is represented by an arc with

attributes belonging to the two following sets:

ContactType = {Surface, Curve, Point, UnSolved} (6)

DOF = Tra×Rot (7)

The degree of freedom (DOF ) of a given contact is computed while identifying the set of allowed translations (Tra) and

rotations (Rot) between the parts in contact [21]. Here, both sets are expressed by normalized vectors characterizing

either a translation direction or a rotation axis according to the global reference frame.

(a) (b) (c) (d)

Fig. 2. Possible contacts between parts of a CAD assembly model: (a) contacts of type Surface, Curve and Point, (b)
Unsolved contact type, (c) volumetric interference solved as Surface contact type, (d) volumetric interference solved as
Curve contact type.

Joint information describes the motion resulting from all the contacts between two parts. Its characterization involves

attributes that define the type of joint (i.e. the type of contacts involved in the joint), and the degree of freedom resulting

from all the constraints imposed by the contacts: JointType = {Surface, Curve, Point, UnSolved, Mixed}

The so-called Mixed type is used to characterize a joint derived from contacts of different types. The type of contact,

the degree of freedom and the type of joint are not explicitly encoded in the CAD models and should be computed as

described in [20].

3.4. Shape information

The shape information gathers together two attributes used to characterize the shape and size of the parts. The

first attribute characterizes the shape and it makes use of 3D spherical harmonics [23] defined by an histogram of 544

bins. While the second attribute characterizes the size and it gathers together the volume and the surface area of a

part. Thus, the shape information is defined by two attributes, whose values belong to the Shape and the Size sets:

Shape = R544 (8)

Size = R+ × R+ (9)

3.5. Graph representation

Nodes, arcs and attributes described in the previous subsections contribute to the creation of an attributed multi-

graph that represents an EAM descriptor. Let G(N ,A,ΦN ,ΦA) be an attributed multi-graph representation of an EAM

descriptor, where N is the set of nodes, A is the set of arcs, and ΦN and ΦA are respectively the node and arc attribute

functions. Different types of nodes and arcs are defined according to the different types of information extracted from

the assembly model or deducted by reasoning processes. In particular, N = NP ∪NA and A = AS ∪AC ∪AJ , where NP
and NA are the sets of nodes associated respectively with parts and sub-assemblies, while AS , AC and AJ are the sets
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of arcs representing respectively the assembly hierarchical structure, the contacts between parts and the joints between

parts. The node attribute function is defined as:

ΦN :

∣∣∣∣∣∣∣
NP ∪NA → TNP

∪ TNA

n 7→ ΦN (n) =

{
ΦNP

(n) if n ∈ NP
ΦNA

(n) if n ∈ NA
(10)

where the parts and sub-assemblies functions are expressed as follows:

ΦNP
:

∣∣∣∣∣∣∣
NP → TNP

= Shape× Size× CompType
× PatternType× PartStat

n 7→
(

ΦShNP
(n),ΦSiNP

(n),ΦCTNP
(n),ΦPTNP

(n),ΦPSNP
(n)
)

ΦNA
:

∣∣∣∣∣∣∣
NA → TNA

= PatternList× CompType
×AssemblyStat

n 7→
(

ΦPLNA
(n),ΦCTNA

(n),ΦASNA
(n)
)

The structure arcs in AS have no attribute. As a consequence, and similarly to what has been defined for nodes, the

arc attribute function sets up the attributes of the elements of AC and AJ as follows:

ΦA :

∣∣∣∣∣∣∣
AC ∪ AJ → TAC

∪ TAJ

a 7→ ΦA(n) =

{
ΦAC

(n) if a ∈ AC
ΦAJ

(n) if a ∈ AJ
(11)

where the contact and joint arc functions are expressed as follows:

ΦAC
:

∣∣∣∣∣ AC → TAC
= DOF × ContactType

a 7→
((

ΦTraAC
(a),ΦRotAC

(a)
)
,ΦCTAC

(a)
)

ΦAJ
:

∣∣∣∣∣ AJ → TAJ
= DOF × JointType

a 7→
((

ΦTraAJ
(a),ΦRotAJ

(a)
)
,ΦJTAJ

(a)
)

Fig. 3 illustrates an example of the EAM graph structure created from a CAD model and enriched with semantic

information extracted by the geometric reasoning algorithms. For readability purposes, only a subset of the attributes is

represented. The single line-circled nodes are associated with parts, while the double-line nodes are associated to parts

belonging to regular patterns. The labels of the nodes represent the type of component. The straight arcs connect two

parts which are in contact, and the associated label indicates the DOF. If the label is not present, then the contact is

of type UnSolved. The wavy arcs indicate a line contact and according to the description of the interface layer, the

DOF between parts in contact by a vertex or an edge are not considered. Thus in these cases, labels specifying the

corresponding degree of freedom are not specified.

3.6. The matching procedure

Using attributed graphs as assembly descriptors, the problem of finding the local similarity between two CAD

assembly models is equivalent to find the Maximum Common Sub-graph (MCS) between two graphs, namely Gq and Gk,

representing respectively the query and target models. Among the different techniques to solve the MCS problem [24],

our problem is transformed into a Maximum Clique (MC) problem [25]. As a consequence, a clique (i.e. a complete

subgraph where each pair of nodes is connected) has to be detected in a suitable association graph derived from Gq and

Gk.
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Fig. 3. Example of a partial EAM descriptor, associated to the CAD model of flange represented from the front and rear
views.

In an association graph, nodes represent pairs of similar nodes between Gq and Gk, whereas arcs identify similar

relationships. Here, cN and cA respectively refer to the node and arc similarity criteria and they are described in

section 4. The association graph is not unique and its definition depends on the similarity criteria. Thus, once cN and cA

are specified, there exist a unique association graph Gq,k,cN ,cA . The maximum cliques in Gq,k,cN ,cA represent the common

sub-graphs between Gq and Gk according to the criteria cN and cA. The generic rth clique in the graph Gq,k,cN ,cA is

expressed as (Cq,k,cN ,cA)r ⊆ Gq,k,cN ,cA and the set of all the cliques for the association graph Gq,k,cN ,cA is denoted as

Dq,k =
{

(Cq,k,cN ,cA)r | 1 ≤ r ≤ Nqk
}

, where Nqk is the number of maximum cliques in the association graph Gq,k,cN ,cA .

In the proposed framework, cliques are detected using an exact graph matching method based on the well-known

Bron and Kerbosh approach [26].

4. Similarity criteria

Considering nodes, the similarity criteria cN that can be set up concern the shape, size, component type and pattern

type information. Each of these criteria is specified by the values of its attribute function. The shape similarity is based

on the shape descriptor of each node, i.e. the 3D spherical harmonics. Two 3D spherical harmonics can be compared

in different ways. However, Kazhdan et al. [23] studied some properties of the spherical harmonics, and in particular,

they demonstrated that the L2-norm is the most appropriate for the evaluation of the shape similarity. The evaluation

of component and pattern type similarity requires to check if the values of the CompType and PatternType attributes

are the same for the nodes. Following this analysis, similarity criteria can be defined as follows:

Definition 1. Two nodes niq and njk are considered similar according to the shape criterion if and only if:∥∥∥ΦShNP
(niq)− ΦShNP

(njk)
∥∥∥
2
< εshape

where εshape represents the threshold set in the query.

Definition 2. Two nodes niq and njk are considered similar according to the size criterion if and only if:

abs
(

ΦSiNP
(niq)− ΦSiNP

(njk)
)
< εsize

where εsize represents the threshold set in the query.
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Definition 3. Two nodes niq and njk are considered similar according to the component type criterion if and only if:

ΦCTNP
(niq) = ΦCTNP

(njk)

Definition 4. Two nodes niq and njk are considered similar according to the pattern type criterion if and only if:

ΦPTNP
(niq) = ΦPTNP

(njk)

Once pairs of similar nodes have been generated in the association graph, it has to be checked if there exist an

arc between the generic pair of association nodes (niq, n
l
k) and (njq, n

h
k) that satisfies similar relationship criteria cA,

or if both the node pairs (niq, n
l
k) and (njq, n

h
k) are not linked by an arc. The generic arc in Gq (resp. Gk) between

the node pair (niq, n
j
q) (resp. (nlk, n

h
k)) is indicated as aijq (resp. alhk ). Here, aijq and alhk are respectively part of the

sets Aq and Ak. Since two nodes can be linked by multiple contact arcs, the set of contact arcs between the node

pair (niq, n
j
q) (resp. (nlk, n

h
k)) is indicated as AijCq

(resp. AlhCk
). The number of elements in a set ∗ is indicated by | ∗ |. To

evaluate the relationships between parts, three possible similarity conditions are defined according to the following

definitions:

Definition 5. Two arcs aijq and alhk are considered compatible according to the contact type criterion if and only if:

(aijq ∈ ACq ) and (alhk ∈ ACk
)

Definition 6. The set of arcs AijCq
and AlhCk

are considered compatible according to the allowed DOF for contacts

criterion if and only if ∀as ∈ AijCq
∃ at ∈ AlhCk

such that:[ ∣∣ΦTraAC
(as)

∣∣ =
∣∣ΦTraAC

(at)
∣∣ and

∣∣ΦRotAC
(as)

∣∣ =
∣∣ΦRotAC

(at)
∣∣ ]

or
[
ΦCTAC

(as) = UnSolved
]

or
[
ΦCTAC

(at) = UnSolved
]

Definition 7. Two arcs aijq and alhk are considered compatible according to the allowed DOF for joints criterion if and

only if:[ ∣∣ΦTraAJ
(aijq )

∣∣ =
∣∣ΦTraAJ

(alhk )
∣∣ and

∣∣ΦRotAJ
(aijq )

∣∣ =
∣∣ΦRotAJ

(alhk )
∣∣ ]

or
[
ΦJTAJ

(aijq ) = UnSolved
]

or
[
ΦJTAJ

(alhk ) = UnSolved
]

The right part of Fig. 4 shows an assembly model representing a flange with three screws and a portion of its

attributed multi-graph. For sake of readability, the root node corresponding to the entire assembly model is omitted

and only AJ arcs are depicted. The right part of Fig. 4 shows a similar model together with a portion of its attributed

multi-graph. Here, the assembly model only contains two screws. The nodes of the two attributed multi-graphs represent

the parts of the CAD models, same type of line indicates same value of the spherical harmonic shape descriptor (i.e. parts

with similar shapes) and parts with the same color belong to patterns of a specific type (i.e. green for circular translation

and red for linear translation). The arcs represent the joint contacts where the labels indicate the DOF allowed between

two linked parts.

In this example, the hypothesis is that the user seeks assemblies in which parts with similar shape are connected by

the same joint relationships. This means that two nodes create an association node if their corresponding parts have

similar shape, while association arcs are added if the joint arcs (between the related pairs of nodes in the attributed

9
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Fig. 4. Example of two assembly models with a different number of screws, and their EAM attributed multi-graphs G1 and
G2.

multi-graphs) have the same number of rotations and same number of translations. The association graph, resulting from

these criteria, is illustrated in Fig. 5. Here, there are six possible maximum cliques:

(C1,2,cN ,cA)1 = {AA′, BB′, CC ′}, (C1,2,cN ,cA)2 = {AA′, BC ′, DB′}, (C1,2,cN ,cA)3 = {AA′, CB′, DC ′}, (C1,2,cN ,cA)4 =

{AA′, CC ′, DB′}, (C1,2,cN ,cA)5 = {AA′, BB′, DC ′}, (C1,2,cN ,cA)6 = {AA′, BC ′, CB′}.

Each clique represents a possible sub-graph matching between the two attributed multi-graphsG1 andG2 (Fig. 4). The

detected cliques are used to evaluate the similarity, as explain in the following section.

Fig. 5. Association graph for the objects in Fig. 4 built with shape and joint criteria of similarity

5. Similarity assessment

Depending on the user-specified similarity criteria cN and cA, the similarity between two CAD assembly models

can be assessed differently. To evaluate the similarity, a bundle of 4 measures S = [µshape, µjoint, µposition, µstructure] is

proposed, where each of them characterizes a single aspect of the similarity between two assembly models. As previously

said, the similar elements between the query and the compared assemblies correspond to the common sub-graphs between

the two corresponding attributed multi-graphs. Thus, the similarity is computed on the detected cliques. To simplify the

writing, in the following, the generic rth clique (Cq,k,cN ,cA)r will be denoted as C, the set of its nodes as NC , and the

number of nodes in NC as |NC |.

5.1. Shape similarity measure: µshape

The µshape(C) shape similarity measure is based on the shape descriptor of each node involved in the clique C,

i.e. the 3D spherical harmonics and the size values. Since two objects can have exactly the same shape but different

dimensions, the assessment of the shape similarity is based uniquely on the 3D spherical harmonics, while the size values

are considered as a standalone measure, which can be used to refine the retrieval results. As previously discussed, the

10



L2-norm is an appropriate norm to compare 3D spherical harmonics [23]. Thus, the shape similarity of a clique C is

defined as the average of the shape similarity of each node in the clique:

µshape(C)=
1

|NC |
∑

(ni
q,n

j
k)∈C

1−

∥∥∥∥∥ ΦShapeNP
(niq)∥∥ΦShapeNP
(niq)

∥∥
2

−
ΦShapeNP

(njk)∥∥ΦShapeNP
(njk)

∥∥
2

∥∥∥∥∥
2

(12)

5.2. Joint similarity measure: µjoint

The µjoint(C) joint similarity measure is defined to assess how much two assemblies are similar in terms of the relative

DOF among their parts. A joint can arise from contacts of different types (Surface, Curve, Point or UnSolved). In case

of joints deriving from contacts of type Surface, the allowed DOF of the two linked parts is available, otherwise only

the information of the type of joint is accessible. Since joint arcs have two different types of attributes, this measure is

defined as a combination of two other measures µjointsurf (C) and µjointcurve,pt(C) whose computation is not straightforward.

Actually, if two assembly models, identifying the same object, are embedded in different reference frames or simply

rotated or translated, then their joint similarity measure should be the same. However, in the EAM, the information

related to the DOF depends on the reference frame of the assembly model. As a consequence, a simple comparison

between the DOF of the corresponding elements is not appropriate. This is illustrated in Fig. 6. The deviation between

the axes characterizing the DOF between the parts P1 and P4 of Fig. 6.a, and the axes characterizing the DOF of the

same parts in Fig. 6.b, corresponds to the angle defined by the axis u and n that is equal to 90 degrees even if the objects

are the same.

!" !# !$

!%

!" !# !$

!%

&
' , )' & '

,) '

& '
, ) '

!" !# !$

!%(b)(a)

!" !# !$

!%

&
* , )* & *

,) *

& *
, ) *

+ ,

-

- +

,

Fig. 6. Two instances of the same object embedded in two different reference frames: (a) query model, (b) target model.

On the contrary, the variations of each pair of axes defined by the DOF between the parts (P1, P4), (P2 P4) and (P3

P4) are the same in both configurations. Thus, the variation of the rotation and translation axes defined by the DOF of a

part is considered according to all the parts in contact. Therefore, µjointsurf is computed on the nodes of the cliques instead

of using the arcs. The configurations in which there exist several angles defined by the axes of the DOF are managed

using matrices which capture all the possible variations of the rotation/translation angles related to a part. The elements

of the matrices are computed using the dot product of a pair of axes, as specified in the following definitions:

Definition 8. V arTra(n) is the matrix characterizing the variations of translations related to the node n. Its generic

element is defined as (V arTra(n))i,j = ti.tj , with ti, tj ∈ Tra(n), and Tra(n) the set of all the joint translations between

the node n and its generic adjacent node n∗:

Tra(n) = {
⋃
a ΦTraAJ

(a), ∀a : a = (n, n∗) ∈ AJ}
11



Definition 9. V arRot(n) is the matrix characterizing the variations of rotations related to the node n. Its generic

element is defined as (V arRot(n))i,j = ri.rj , with ri, rj ∈ Rot(n), and Rot(n) the set of all the joint rotations between

the node n and its generic adjacent node n∗:

Rot(n) = {
⋃
a ΦRotAJ

(a), ∀a : a = (n, n∗) ∈ AJ}

Since the axes are normalized, the dot product corresponds to the cosine of the angle between the considered axes. The

final variations of a node in the clique are obtained by computing the averages of those matrices. Here, the average σ(M)

of a matrix M of size N ×N is meant as the arithmetic mean of the elements in the matrix divided by the number of

elements:

σ(M) =
1

N2

N∑
i=1

N∑
j=1

mi,j ∀mi,j ∈M (13)

Following this method, when a single arc is incident to a node, its variation is equal to 1. Moreover, the joint measure

has to take into account also contacts and joints of type UnSolved, for which the DOF information is not available. In

such a configuration, the only possible difference between two models is the number of joints concurring to the definition

of the variation matrix, i.e. joints of surface type. Thus, this information is used to distinguish these cases by dividing

the average of each variation matrix by the number of translations/rotations involved in their definition, i.e. |Tra(n)|

and |Rot(n)|.

Finally, as the DOF are not computed for joints arisen from curve or point contacts, the defined joint measure

µjointcurve,pt is based on the type of contacts and has maximum value 1 if the joints are of the same type (both Curve or

Point) and a lower value if the joints are of different types. The lower value is set to 0.8 and it was chosen empirically

to slightly decrease the measure.

As a result of this analysis, the overall joint similarity measure is defined as follows:

µjoint(C) =
(
µjointsurf (C) + µjointcurve,pt(C)

)
/2 (14)

where the measures related to Surface and Curve/Point are computed as follows:

µjointsurf (C) =
1

|NC |
∑

(ni
q,n

j
k)∈C

[
1−

dTra
(
(niq, n

j
k)
)

+ dRot
(
(niq, n

j
k)
)

2

]
(15)

µjointcurve,pt(C) =
1

|NC |
∑

((ni
q,n

j
k),(n

l
q,n

h
k))∈C2

[
1− dedge

(
(aijq , a

lh
k )
)]

(16)

with:

• dTra
(
(niq, n

j
k)
)

= abs
(
σ(V arTra(n

i
q))

|Tra(ni
q)|

− σ(V arTra(n
j
k))

|Tra(nj
k)|

)
• dRot

(
(niq, n

j
k)
)

= abs
(
σ(V arRot(n

i
q))

|Rot(ni
q)|

− σ(V arRot(n
j
k))

|Rot(nj
k)|

)
• dedge

(
(aijq , a

lh
k )
)

=

{
0 if ΦJTAJ

(aijq ) = ΦJTAJ
(alhk ),

0.2 otherwise.

So far, in equation (14), the combination of the two individual measures on Surface and Curve/Point has been

weighted equally, but a different weighting could also be imagined to give more or less importance to the type of joints.
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5.3. Position similarity measure: µposition

Another salient characteristic affecting the level of similarity between two assembly models is the relative arrangement

of the assembly components. For instance, the assembly models in Fig. 7 have parts with similar shape and relationships

(i.e. the colored parts are not in contact among them) but a different arrangement. The objective of the position similarity

measure is to be able to distinguish such configurations while characterizing the position of the similar parts. To this

Fig. 7. Example of assembly models with similar parts arranged according to different configurations.

aim, we consider the directional versors between the center of gravity of each couple of parts in the clique not in contact

each other. The use of versors makes the measure size independent. Since the versors are dependent on the reference

frame, to overcome this problem, the relative position similarity is computed following the same approach adopted for

the computation of the joint similarity in case of surface type joint:

µposition(C) =
1

|NC |
∑

(ni
q,n

j
k)∈C

[
1− dDir

(
(niq, n

j
k)
)]

(17)

with:

• dDir
(
(niq, n

j
k)
)

= abs
(
σ
(
V arDir(n

i
q)
)
− σ

(
V arDir(n

j
k)
))

• V arDir(niq) is the variation matrix of the directional versors between the gravity centers of the parts corresponding

to the node niq and the nodes nlq such that (niq, n
l
q) /∈ ACq

,

• V arDir(njk) is the variation matrix of the directional versors between the gravity centers of the parts corresponding

to the node njk and the nodes nhk such that (njk, n
h
k) /∈ ACk

.

5.4. Structure similarity measure: µstructure

Similar products and CAD models can be organized in sub-assemblies in different ways according to the designer

objectives, therefore it is important to be able to capture the differences at the level of the structure. Thus, the structure

similarity measure characterizes the way parts are assembled in the assembly tree of a CAD model. The EAM descriptor

encodes the hierarchical structure of an assembly model by a set of arcs AS .

Therefore, the proposed measure is based on the comparison of the structural relations of the pairs of nodes (niq, n
l
q)

and (njk, n
h
k), where (niq, n

j
k) and (nlq, n

h
k) are nodes of the clique. Its evaluation requires verifying if the nodes niq and nlq

belong (or not) to the same sub-assembly in Gq, and similarly if the nodes njk and nhk belong (or not) to the same

13



sub-assembly in Gk. Using a distance function equal to 0 if the pair of nodes (niq, n
l
q) has the same relation as the pair

(njk, nhk), or 1 otherwise, the structure similarity measure of a clique is defined as follow:

µstructure(C) =
1

|NC |2
∑

((ni
q,n

j
k),(n

l
q,n

h
k))∈C2

[
1− dStr

(
(niq, n

j
k), (nlq, n

h
k)
)]

(18)

with:

dStr
(
(niq, n

j
k),(nlq, n

h
k)
)

=


0 if

[
∃n∗q ∈ Nq and ∃n∗k ∈ Nk

]
s.t.[(

(niq, n
∗
q), (n

l
q, n
∗
q)
)
∈ASq

and
(
(njk, n

∗
k), (nhk , n

∗
k)
)
∈ASk

]
1 otherwise.

5.5. Combination of similarity measures

The definition of measures able to rank the retrieved models requires combining the above measures. Here, three overall

measures are defined to characterize the local, partial and global similarities between CAD assembly models. Through

the combinations, it should also be possible to weight differently each similarity measure using a factor either specified in

the query or chosen during the browsing of the results. In this paper, the weights are specified by the user. However, in

future works, the idea is to study the possibility to assign default weight values according to particular usage scenarios.

Definition 10. The assembly local similarity measure between two models is the weighted average of the four individual

similarity measures and it is defined by the function:

γ` :

∣∣∣∣∣∣∣∣
Dq,k×W→ [0, 1]

(C,w) 7→

[
wshµshape(C) + wjoµjoint(C)

+ wpoµposition(C) + wstµstructure(C)

]
wsh + wjo + wpo + wst

with w = {wsh, wjo, wpo, wst} ∈ W = [0, 1]4.

To provide information on how many parts are similar among all of the query and the target models, two so-called

coverage factors have been identified. They are used to weight the local similarity measure and to define the partial and

global similarity ones. The term coverage factor refers to the percentage of elements of the query and target models that

are considered similar with respect to all the elements in the two models.

Definition 11. The partial and global coverage factors (PCF and GCF ) are computed as follows:

PCF (C) =
|NC |
|Nq|

and GCF (C) =
2|NC |

|Nq|+ |Nk|

where NC , Nq and Nk represent respectively the set of nodes in the clique C, the nodes in the query model and the

nodes in the target model.

The global and partial similarity measures are defined weighting the local similarity according to these coverage

factors. Right now, those measures do not yet consider the ”relevance” of the parts. For instance, the contribution of a

small part (i.e. rivet, c-clip) could be weighed differently from a bigger part (i.e. gear, shaft, bearing). In some cases, it

could also be considered as negligible.

Definition 12. The assembly partial similarity measure between two models is evaluated by the function:

γp :

∣∣∣∣ Dq,k×W → [0, 1]
(C,w) 7→ γp(C,w) = PCF (C) · γ`(C,w)
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Definition 13. The assembly global similarity measure between two models is evaluated by the function:

γg :

∣∣∣∣ Dq,k×W → [0, 1]
(C,w) 7→ γg(C,w) = GCF (C) · γ`(C,w)

One can finally notice that global similarity implies partial and local similarities. However, while partial similarity

implies local similarity, the vice versa does not hold. In the end, the following rules stand:

• Two models are 100% globally similar if and only if they are 100% locally similar and GCF = 1.

• Two models are 100% partially similar if and only if they are 100% locally similar and PCF = 1.

6. Experimentations and results

To test the effectiveness of the proposed framework, an assembly model dataset is required. Unfortunately, the most

known mechanical shape benchmarks in literature, as the Princeton Shape Benchmark (PSB) [27], the National Design

Repository (NDR) [28] and the Engineering Shape Benchmark (ESB) [29], are not proper for our purpose. Indeed,

they classify just parts and do not consider assembly models, and, so far, no public database exists to evaluate and

compare assembly retrieval systems [30, 31]. Moreover, the authors of assembly retrieval methods have developed their

own datasets, and these benchmarks are not public.

As a consequence, the proposed assembly retrieval framework has been benchmarked using our own assembly models

dataset that contains 140 models arranged in 12 classes (Table 1). There are 15057 parts in total, out of which 5343

parts are unique.

Category Number Category Number

Bearing 36 Landing gear 7
Coupling flange 5 Linear actuator 10

Double rotor turbine 13 Mill max 8
Hinge 4 Piston 5

Hydraulic reduction 6 Propeller mixer 18
Hydraulic rotor 6 Rotor wind turbine 22

Table 1. Classification of the 140 CAD assemblies forming our testing set.

To display and browse the results in an intuitive and user-friendly manner, multi-view dynamic web pages have been

developed based on HTML5, jQuery, Ajax, PHP and X3D for model visualization. In this way, the user does not see

a list of names, but a 3D overview of the target models with their matched components highlighted. This is illustrated

in Fig. 8. In the 3D view, the matched components are colored in blue while the unmatched ones are in red. The bars

of the histograms indicate the values of the local (yellow bar), global (green) and partial (purple) overall similarity

measures.
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Query model/Target model 1 Target model 2 Target model 3 

3D view 

Histogram 
100% 92% 83% 

Fig. 8. Example of two target models (middle, right) retrieved from a given query model (left).

Each model can be further analyzed in another view, where the query and the target models are displayed. This is

illustrated in Fig. 9. In the 3D view, each pair of matched parts is highlighted by a different color, and the values of the

single measures are reported in a radar chart. This example is further discussed in the next section.

CAD models
& matched parts

#1 #2 #3 #4 #5 #6

µshape 1.00 1.00 0.77 0.89 0.74 0.77
µjoint 1.00 1.00 0.68 1.00 1.00 0.00
µposition 1.00 1.00 0.99 0.87 0.95 0.82
µstructure 1.00 0.35 1.00 1.00 1.00 1.00

γ` 1.00 0.83 0.86 0.94 0.92 0.65
γp 1.00 0.83 0.74 0.54 0.52 0.19
γg 1.00 0.83 0.74 0.54 0.52 0.05

Table 2. Similarity evaluation between a coupling flange query model (#1) and several target models (#1 to #6) with a
weighting vector wflange = {1, 1, 1, 1}.

6.1. Coupling flange assembly models retrieval

The first experimentation aims at identifying the mechanical coupling flanges contained in the database. A mechanical

coupling flange is a set of components linking two parts of a product. In this example, the query model corresponds

to the first model (#1) illustrated in Table 2. It contains four screws and fours nuts arranged in a circular translation

pattern, two main flanges, two shafts and two keys. All the parts are organized in a flat structure, i.e. without any

sub-assembly. The CAD model does not present any volumetric intersection and each screw is in contact with the

corresponding nut through an idealized cylindrical face (i.e. the screw thread is not modeled).

The user-specified similarity criteria cN require that the nodes have to be similar according to the shape, the com-

ponent type and the pattern type. In this case, the threshold εshape used for the shape criterion is set up to 0.20,

thus two components should have shapes similar at 80% according to the values of their 3D spherical harmonics. The

user-specified similarity criteria cA requires that two pairs of compatible nodes should have the same number of allowed

rotations and translations. Based on these criteria, the single similarity measures µshape, µjoint, µposition and µstructure

can be computed. Then, the overall similarity measures γ`, γp and γg can be evaluated. Here, the weights are all equal

and wflange = {1, 1, 1, 1}. This means that the single similarity measures have the same importance to compute the

local, partial and global similarity measures. The numerical results are gathered together in Table 2.
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The first model (#1) corresponds to the query model, it is therefore straightforward that all its measures have

maximum values since it perfectly matches itself.

The second model (#2) has the same components as the query model, i.e. same number of parts, same shape and

same contacts but organized in a different way. Indeed, the structure of the query model is flat, while in this target model,

the set of screws and the set of nuts are gathered together forming two sub-assemblies. Thus, its µstructure is less than

1 and this factor decreases the final value of the local similarity measure. Since all the components of the query and of

the target model are matched, the values of the partial and global similarities correspond to the local one, i.e. PCF = 1

and GCF = 1 according to definitions 12 and 13.

In the third model (#3), screws and nuts present a volumetric intersection and are matched thanks to the use of the

UnSolved attribute. Differently from the arcs in the query model, in the target model (#3) the arcs of type UnSolved

do not have a proper number of allowed rotations and translations. Thus, according to the definitions 15, this difference

affects their similarity at the level of the joint. In this example, the number of matched components is twelve and the

number of components in the query and in the target models is fourteen, then the overall partial and global similarity

measures are lower than the local one according to the same factor, i.e. GCF = 2·12
14+14 = 0.86 and PCF = 12

14 = 0.86.

The fourth (#4) and fifth (#5) models have very similar measures, however at first glance, the coverage of these two

target models seams different. Actually, the coverage of the models is measured according to the number of matched

elements and the two models have the same number of matched elements: four screws and four nuts for the fourth model

against four screws, two main flanges, a shaft and a key in the fifth one. An evaluation using the volume may improve

the visual perception of similarity, but in general, it is more meaningful to consider the relevance of the matching parts,

i.e. fastener elements should be less important than a shaft. Of course, such a consideration requires a study on the

relevance for each component category of the different types of mechanical assembly models.

Query model 
flange-coupling-15 

Target model 
flange-coupling-21 

(b) 

(a) 

!"#$%&#%$' !()*+#  

!,)"*#*)+ 
-& / -.  

-& / -0  

Similarity chart 

!"12,' 

!"#$%&#%$' !()*+#  

!,)"*#*)+ 

-& / -0  

-& / -.  

!"12,' 

Fig. 9. Two different cliques (a, b) when comparing the target model (#4) to the query model (#1) in Table 2. The
arrangement of the parts is different which is reflected by different values of µposition in the radar charts.
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CAD models

#1 #2 #3 #4 #5 #6

Matched parts

µshape 1.00 1.00 0.78 0.66 0.76 0.74
µjoint 1.00 1.00 0.00 0.00 0.00 0.00
µposition 1.00 1.00 1.00 1.00 0.80 0.61

γ` 1.00 1.00 0.59 0.55 0.52 0.45
γp 1.00 1.00 0.44 0.42 0.39 0.34
γg 1.00 0.18 0.06 0.04 0.06 0.10

Table 3. Similarity evaluation between a planetary gearbox query model (#1) and several target models (#1 to #6) with
a weighting vector wgear = {1, 1, 1, 0}.

For the target model (#4), Fig. 9 reports two different cliques, which correspond to two different sets of similar

parts. Both the query and the target models have a circular pattern of screws and nuts, but with a different number of

repeated elements (i.e. four in the query model and six in the target model). Thus, in the target model, it is not possible

to find four equidistant screws and nuts that cover an entire circumference. This affects the position similarity measure

as depicted on the radar charts which give a global overview of the similarity.

The fifth model (#5) is very similar to the query model (#1), and the shape of its parts differs only for the shafts and

the main flanges which have a border thicker than the query one. However, in this model the screws and the nuts present

clearances, which means that these components are not in contact. The fact that not all the components are matched is

reflected by the partial and global measures that are lower than the local one. This difference indicates that the matched

parts are very similar, but do not cover all the query model and neither the target model. This is confirmed analyzing

the values of the single similarity measures. As expected, the values of joint, position and structure are very high, while

the value of the shape similarity highlights small differences in the matched components. The most significant variation

is in the number of matched components. In this example, both the query and the target models have fourteen parts and

eight of them are matched, then PCF =GCF = 0.57 and these values affect negatively partial and global measures. In

addition, what hinders a full match is the type of contact. In particular, the fours nuts in the target model are not in

contact with the screws, and the key and the shaft present different contacts. Indeed, the key and the shaft in the query

model are in contact by three planar faces, thus a translation is allowed, while in the target model the two parts are in

contact by four planar faces and no motion is possible.

Finally, from the values of the different levels of similarity measures, the user can easily understand that the sixth

model (#6) is not suited for design reuse. Indeed, the partial similarity measure is very low indicating that many elements

of the query model have not been matched. Actually, this model has been incorporated in the analysis to demonstrate

how the measures can help discarding models not similar to a query one.
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6.2. Planetary gearbox assembly models retrieval

The second experimentation aims at retrieving planetary gearboxes contained in the database. This functional set has

several sun-planet and ring-planet gear pairs as the first model (#1) in Table 3, which has been used as query model. In

this example, the similarity criteria for the nodes cN are relaxed while considering the component type and the pattern

type. The similarity criteria for the arcs cA require that two pairs of similar parts should have the same number of allowed

rotations and translations. Here, the weights used to compute γ`, γp and γg are set up to wgear = {1, 1, 1, 0}. Thus, the

weight wst = 0 which means that the µstructure similarity measure is not considered to computed the overall similarity

values (global, partial and local). Note that not considering the structure similarity criterion does not imply not evaluating

it. Indeed, the similarity criteria are used to build the association graph, while the similarity evaluation allows a ranking

of the retrieved solutions.

In general, for all the retrieved models in Table 3, one can observe that the global similarity measure is much lower

than the others. This suggests that the query model (#1) is included in the target models. Of course, the first model

being the query model, all its measures have maximum values since it perfectly matches itself. The second model (#2)

has high values of local and partial similarities, this indicates that the single similarity values are high and that the

entire query is included in the target model. Indeed, its similarity measures have almost maximum values and only the

global measure is low, due to the fact that the query model is entirely included in a bigger target model.

For the third retrieved model (#3), the matched components are the three gears and three axes, whose shapes are

similar to the ones in the query model, then µshape has an high value. The measure µjoint is equal to zero since no contacts

are present between the matched components. See that all the components are disconnected, there is no variation of

incident rotation/translation to compare. This affects negatively the final value of the local similarity measure when

the weight wjoint is not null. Anyhow, even if it would be technically possible, assigning µjoint = 1 when no contact is

present could be misleading for the user in his/her model analysis.

For the fourth model (#4), the matched components are also the three gears and three axes, but differently from

model (#3), the gears are modeled in a simplified form and they are recognized thanks to the attribute CompType

of the EAM, which identifies three simple rings as gears exploiting the surrounding context of the components. Note

that including shape compatibility, and depending on the chosen shape similarity threshold, this configuration would

be probably not retrieved since the shapes of the planar gears are quite different from the ones proposed in the query

model.

For the last two models (#5) and (#6), the same considerations as for the third model hold, i.e. three gears and

three shafts are retrieved whose shapes are similar to the ones of the query model (#1). The measure µjoint is also zero

since there is no contact between the retrieved parts.

7. Conclusion and perspectives

This work proposed a system to evaluate the similarity of assembly models according to multiple criteria and levels

of similarity. This goal is achieved using explicit information encoded in the STEP descriptors of CAD models, as well

as implicit information to be extracted. The collected data are represented in an attributed multi-graph structure and

the similarity is recognized detecting the maximum common sub-graph between two graphs representing the assembly

models. Since two models can be similar according to different criteria, in this paper, several measures have been
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introduced to evaluate different aspects of assembly similarity. In particular, the shape, joint, position and structure

similarity measures have been defined. The experimentations and results confirm the usefulness of the information

extracted from CAD models and stored in the EAM files for their similarity assessment. An ad-hoc visualization interface

has been designed and used to enhance the user experience when analyzing the results. In the future, other measures

could be defined. For instance, a size measure could assess the similarity of two models according to their dimensions. In

the current implementation, the size is only involved in creation of the association graph.

Different levels of similarity (global partial and local) have also been defined. The proposed method is also able to

retrieve locally similar assemblies whose matched components are disconnected. This is possible since in the definition of

the association graph, two association nodes are connected if they have the same relationship, where ”same relationship”

indicates also that both the original pairs of nodes are not in contact.

So far, the weights used to combine the set of measures to compute the similarity are set by the user. To discover

which weights best fulfill the user requirements according to different use scenarios, it is necessary to investigate how

weight combinations affect the final score and, most of all, it is essential to include the user feedback to validate which

results are considered pertinent for the specific query. In the end, using the reciprocal comparison of all the models in

the dataset can facilitate the browsing by visualizing similar models according to all the measures defined.
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