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Abstract

The trend of customized production results in the demand for higher level of automation, in which
artificial intelligence decision-making dominates. As the core of smart manufacturing systems, intelligent
services stand a significant role in the analysis, prediction, and adjustment of production process, which
is inseparable from the effective semantic modeling of the procedures and elements involved. However,
there is an absence of unified modeling of assembly process, including both geometric and non-geometric
information, leading to the incomprehensiveness when providing data support for intelligent services. To
fill this gap, a generic node2vec-based parameterized representation of geometric elements and assembly
constraints approach is proposed. Firstly, the information structure of assembly process is established, in
which the geometric elements and topological relationships of the product are abstracted into a network.
Secondly, node2vec is adopted for the graph embedding to generate preset dimension vectors
corresponding to the nodes in the geometric network. As the edges in the network, the vectors
corresponding to the assembly constraints, which are regarded as the parameterized representations, can
be obtained through node vector calculation. Moreover, an assembly workstep execution time prediction
method based on historical data is introduced with the parameterized representations of assembly
constraints as the carriers of geometric topological information. At last, an industrial case study is
illustrated to show the entire process of constraint parameterized representations and workstep execution

time prediction, indicating the feasibility and availability of the method proposed.
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1 Introduction

In the last decades, the continuous promotion of product customization puts forward higher requirements
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for real-time control and adjustment in production (Wang et al., 2019). To accommodate the increasing
pace of production, the decision-making pattern has transformed from manual to artificial intelligence in
optimization (Cui et al., 2020), further eliciting the paradigm of self-optimization in cyber-physical
systems (Lee et al., 2015). With the pursuit of higher automation and intelligence degree of industrial
production, cognitive manufacturing (IBM, 2017) has received more attention as a new manufacturing
pattern. Compared with the method of rational or perceptual manufacturing, cognitive manufacturing
embraces cognitive computing, the industrial Internet-of-Things, and advanced analytics to optimize
manufacturing processes (Chen et al., 2018), which endows manufacturing systems with human-level
perception and judgment abilities (Zheng et al., 2021) to perceive the alterations of production processes

and respond to the dynamic fluctuations of production links (Terziyan et al., 2018).

It is obvious that information modeling and circulation play an essential role in the aspects of
cognitive-based production (Zolotova et al., 2020), including modeling of processes and resources,
description of production status, mathematical preparation for advanced analytics, et al. The integration
and transformation of production information reflect the indispensability of semantization in smart
manufacturing systems (Zheng et al., 2018; Zhang et al., 2021). Meanwhile, the industrial big data-based
cognitive computing requires better commonality in semantic modeling to expand coverage apart from
consistency (Belhadi et al., 2019). As an essential part, process information contains correlative methods,
parameters, and resources, which can restore the execution of production tasks and further provide
guidance for the process formulation of subsequent products (Bao et al., 2019). Nevertheless, there still
lacks a unified semantic-based information modeling method for processes due to the multiformity of
products and richness of production modes considering the massive heterogeneous information (Lu et
al., 2020), especially in the field of assembly.

Among the manufacturing domains, assembly occupies a crucial position with 40%-60% of the
time cost in product research, development, and production (Liu et al., 2018). However, the diversity and
complexity of assembly process (Bao et al., 2021) raise two significant difficulties in semantic modeling,
which are detailed as follows:

(1) There are obvious differences among disparate assembly processes for the diversity of product
structures and characteristics, leading to the discreteness when modeling separate assembly links.
Traditional assembly analysis usually requires a separate solution for a specific workstep or
operation of a product, which results in poor universality of assembly process modeling, further
increasing the workload of data partitioning and reducing the richness of historical data sets when
facing idiographic demands. In the trend of personalized manufacturing, repetitive production will
be gradually replaced by variety of customized tasks (Cohen et al., 2019), highlights the urgent need
for the modeling approach that can describe and abstract multiple types of assembly operations
within limits. In this context, the first step of assembly process information modeling is to analyze
the possible actions and classify the assembly behaviors. Similar behaviors should be semantically
unified into a standard data form to serve potential and congeneric assembly operations.

(2) The assembly process is documented by both geometric and non-geometric data, with its specific
descriptive approach respectively, which is hard for a unified information modeling. Most of the
non-geometric data can be translated into the form of parameter sets by semantic means (Zhuang et
al., 2021), while the geometric topological relationships are difficult to be directly parameterized.
In assembly, geometric topological relationships are represented as the internal structure of parts
and the actual performer of constraints (Chen et al., 2020). Previous semantic modeling of

geometric information in products mostly relies on the organization of structures and relationships
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(Ramos, 2015), ignoring the topological characteristics of specific geometric elements and

constraints, leading to the deficiency of structural description in the semantic modeling of them.

To meet the data requirements of intelligent services in assembly, the foremost task of assembly
process semantic modeling is to establish a generic information model to uniformly describe both non-
geometric and geometric information, including the topological characteristics of geometric elements
and assembly constraints involved. Meanwhile, the structural characteristics of geometric elements and
assembly constraints can be abstracted with the consideration of overall structures of products, instead
of recording by separate entities, which increases the granularity of information to some extent (Yao et
al., 2013).

With the deepening of deep learning applied on graphs and networks, graph-embedding (Cai et al.,
2018) provides new possibilities for the information extraction of assembly topology network to form
semantic descriptions for the structural features of elements. Therefore, there lies great potential to
expand the coverage of assembly process semantic modeling, providing more comprehensive data
support for decision-making by artificial intelligence in assembly, which however, has been little
discussed to-date.

In this manuscript, a unified parameterization method for geometric elements and assembly
constraints in assembly is proposed to fill the gaps. First, the achievements of assembly information
modeling and the applications of graph-embedding technology in manufacturing field are reviewed, after
which the research gaps are given. Then, the assembly structure is considered as the network with the
geometric elements as nodes and relationships as edges after the assembly process information been
expressed with a hierarchical framework. The assembly topological relationships between geometric
elements can be abstracted as the indefinite dimension adjacent matrix. On this basis, node2vec can be
used to generate fixed dimensional vectors for the nodes and edges in the assembly topological network
to describe the local structural features, which is considered as the key contribution of the presented
research. As one of the application ideas, the approach of assembly workstep execution time prediction
is shown to introduce the usage of node2vec-based parameterized representation of assembly constrains
in assembly process information modeling and intelligent services. Finally, a case is illustrated to validate
the rationality and feasibility of the method proposed, in which the process of algorithm tuning and
training in specific scenarios can be found.

The remainder of this work is organized as follows: Section 2 reviews the related work about
assembly information modeling and graph-embedding. Section 3 analyses the assembly process
modeling and topological relations of assembly from the angle of geometric elements. On this basis,
Section 4 introduces the parameterized expression method of geometric elements and assembly
constraints. Section 5 shows the process and method of assembly workstep execution time prediction as
an application scenario of parameterized representation of assembly constraints. In addition, a case study
of the specific product is provided in Section 6. Finally, Section 7 presents the conclusions and discusses

future work.

2 Literature Review

This research aims to extend the modeling of assembly process information with the parameterized
geometric elements and assembly constraints. This section presents a systematic literature review of the
latest development in the areas of assembly information modeling and graph-embedding approaches in

manufacturing and assembly.



2.1 Assembly information modeling

With the continuous improvement of assembly digitalization and intelligence, the importance of
assembly information modeling has been highlighted to provide data support for computer-aided decision
making (Liu et al., 2011). Rachuri et al. (2006) analyzed the description method and data structure of
assembly information. Considering the diversity and complexity of assembly information, hierarchical
modeling method was proposed based on the product structures and dependencies (Lv et al., 2011; Chen
et al.,, 2012). Furthermore, semantic methods like ontology (Kim et al., 2006) were applied for
information modeling to improve machine-readability (Wang et al., 2007). Meanwhile, CAD assembly
models were also utilized with the expansion of multi-source attributes to improve the construction of
assembly routings (Vilmart et al., 2018) or retrieve the assembly models (Han et al., 2019). In engineering
applications, existing CAD tools usually described assembly information centered on constraint
relationships between parts, while the rules for data exchange were regulated by relative ISO standards
like STEP (STandard for Exchange of Product Model Data) AP203 or AP233.

As an important part of assembly information, the modeling of assembly process has also attracted
additional attentions. In terms of modeling languages, the modeling approaches of assembly process
mainly contained object-oriented modeling (Qiao et al., 2011), database-based modeling (Wang et al.,
2011), XML-based modeling (Bloomfield et al., 2012), ontology-based modeling (Bao et al., 2022) and
Petri net-based modeling (Zha, 2000). Generally, the modeling of assembly process included non-
geometric information describing attributes of involved resources or methods and geometric information
describing assembly structure. The unified modeling of assembly process depended on whether there
was a suitable method to map assembly structure. Therefore, the deconstruction and analysis of assembly
structure have been important components in representing geometric information in assembly
information modeling (Johansson et al., 2019), which has always attracted the attention of scholars.
Mullins et al. (1998) proposed a graph-based assembly constraint description method concerning the
topological structure of the geometrical elements involved in the parts. On this basis, Zhao et al. (2012)
used the adjacency matrix in graph theory to express the assembly topological relationships in the product,
further presented an integrated assembly model including assembly constrains equations and an assembly
process structure tree. Based on the graph theory, various graphs that can describe assembly relations
were defined and constructed, focusing on product functions (Zhang et al., 2005), assembly sequences
(Vigano et al., 2012), constraint transformations (Jiang et al., 2012), assembly resources (Da et al., 2013),
dimensional variation propagations (Yu et al., 2016), et al. In addition to graph-based assembly modeling,
ontology technology has also been applied to the expression of assembly structure with the development
of semantic modeling. Kim et al. (2009) presented a method of developing an ontology-based framework
that can represent morphological characteristics related to assembly constraints, by which various similar
constraints can be successfully differentiated in a standard and machine-interpretable manner.
Furthermore, various knowledge and rules in the assembly field have been continuously refined and
expressed through ontology, which expanded and standardized product ontology modeling research to
develop further applications such as automatic assembly sequence planning (Qiao et al., 2018).

From the above research on assembly information modeling, the difficulty lies in the inconsistency
of the description of assembly process considering the non-geometric attributes of resources or methods
and geometric information with assembly structures as the core. Normally, the assembly relationships
reflect in the constraints among geometric elements. The emphasis of assembly structure modeling is to
describe the correlation among geometric elements whether graph or other semantic methods are used.

When modeling geometric information of assembly processes, the traditional graph-based modeling
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mainly uses adjacency matrix and list to record the relationships among geometric elements at the
mathematical level. However, adjacency matrix and list may have high dimension and dimensional
diversity when describing different products, which restricts the storage and reuse of the assembly
structure model to a large extent. Fortunately, the technology of graph embedding (Yan et al., 2006) is
proposed to map nodes within networks into low-dimensional vectors with the research of deep learning
for network structure, which provides the new possibility for parameterized representation of assembly
relationships. By preset parameterized representation of topological structures of geometric elements and
assembly constraints, the unified process modeling framework can be established considering both
geometric and non-geometric information, which alleviates the heterogeneous problem of multi-source

information in process modeling.

2.2 Graph-embedding approaches in assembly

The method of graph-embedding has been paid much attention in various fields since proposed for that
vectors or vector sets generated by graph-embedding can be used to capture the structure of graphs, node-
to-node relationships, and other relevant information about graphs, subgraphs, and nodes. At present,
graph-embedding technology has been widely used in prediction of relationships in social or commodity
networks (Yin et al., 2019), prediction of protein function and interaction in biomolecules (Yue et al.,
2020), and forecasting or monitoring of abnormal events and network traffic in communication networks
(Kriegel et al., 2008).

However, the application of graph-embedding technology in the assembly field is not consummate
at present, while the applications of graph and network are widely used in various aspects of
manufacturing and assembly, continuously receiving full attention. To reach Industry 4.0, the most urgent
demand for manufacturing industry is to construct KGs (Knowledge Graphs) to realize intelligent
decision with the support of Al (Artificial Intelligence) technology (Buchgeher et al., 2021). Motivated
by this need, various KGs have been established to semantically model specific and often complex
domains (Feilmayr et al., 2016) to support and enhance the accuracy of downstream tasks like assembly
sequence planning (Hsu et al., 2011), assembly timing planning (Qian et al., 2021), assembly process
generation and evaluation (Zhou et al., 2021), resource allocation (Zhou et al., 2021), et al. In addition
to the semantic modeling method of ontology which is similar to graph structure, there are still some
researches based on traditional graph or network theory. Since the graph or network can clearly represent
the nodes and relationships, it has certain irreplaceability in areas such as hierarchical expression of
assembly structure (Borenstein, 2000), possible workflow modeling of the workshop (Ahn et al., 2019),
upstream and downstream modeling of supply chain (Hamta et al., 2018), process execution sequence
modeling (Kuhn et al., 2021).

It can be summarized that the research and applications of the graph in the field of assembly have
two furcate tendencies. Firstly, semantic methods are used to describe the objects and relationships in a
macro perspective, after which the knowledge within can be defined manually or automatically and the
framework can realize self-iteration. In this genre, the nodes of the graph can refer to various types of
objects while the structural characteristics itself no longer show valid information. The other idea aims
to model specific structures and processes in the production with graphs or networks. However, most of
these modeling methods remain at the level of information modeling and do not make proper use of the
structural characteristics contained in graphs or networks. Therefore, it is necessary to choose an
appropriate method with normalization and expandability to represent and utilize the structural
characteristics in the graph or network.

There are many specific algorithms that can achieve parameterized expression of nodes in the
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network, among which the representative approaches are shown in Table 1 with the enumerations of
advantages and disadvantages. Each algorithm corresponds to certain appropriate scenarios, which is not
the emphasis of this manuscript. Node2vec (Grover et al., 2016) is chosen for generating the parameter
sets that correspond to the geometric elements and assembly constraints for the characteristics of: (1) the
algorithm parameters can be used to control the searching process to favor the strategy of breadth-first
search (BFS), which can preferably express the distribution of nodes’ local neighbors; (2) node2vec
provides a method of edge modeling with adjacent nodes, by which the parameterized expression of
assembly constraints can be realized; (3) the dimensions of parameter sets can be manually defined to
ensure that all kinds of assembly relationships can be modeled uniformly for further historical data
learning algorithms; (4) the main drawback of node2vec is that it requires major computational expense

when facing a huge network structure, but the number of nodes in common mechanical products cannot

reach that magnitude.
Table 1 Representative graph embedding approaches
Category  Year Method Advantages Defects
Available on locally linear low
Locally Linear Embedding
dimensional manifolds of any ~ Parameter sensitivity; high
2000 (LLE) ) ) ] )
) dimension; low computational sample requirements
(Roweis et al., 2000) )
complexity
Good adaptability for new Limited model expression;
Graph Factorization (GF)
2013 nodes; adaptive on large scale ignorance of node
(Ahmed et al., 2013)
Factorization graph data characteristics
Available on capturing Unavailable on large scale
GraRep
2015 neighbor connections of any graph data; ignorance of
(Cao etal., 2015)
order node characteristics
High-Order Proximity Unavailable on large scale
Good commonality; good
2016 preserved Embedding o graph data; ignorance of
training results o
(HOPE) (Ou et al., 2016) node characteristics
High computational cost;
DeepWalk Strong scalability; good
2014 . . ignorance of node
(Perozzi et al., 2014) adaptability for new nodes o
characteristics
Strong scalability; good
High computational cost;
Node2vec adaptability for new nodes;
2016 ignorance of node
Random Walk (Grover et al., 2016) available on adjusting o
characteristics
migration strategy
Strong scalability; good
High computational cost;
Struc2vec adaptability for new nodes;
2017 ignorance of node
(Ribeiro et al., 2017) strong ability to capture
characteristics
structural similarity
Structural deep network Available on retaining both ~ Parameter sensitivity; high
2016 embedding (SDNE) local and global network sample requirements; high
Deep )
(Wang et al., 2016) structure; computational cost
Learning ) ) o )
2016 Deep neural networks for Available on capturing Parameter sensitivity; high

learning graph

potentially complex nonlinear
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representations (DNGR) relationships between nodes computational cost
(Cao et al., 2016)

Available on retaining both

Graph convolutional Parameter sensitivity; high
local and global network ) )
2017 networks (GCN) sample requirements; high
o structure; better effect when )
(Marcheggiani et al., 2017) computational cost

considering node attributes

Large-scale Information . .
Strong scalability; Available on Ignorance of global
Miscellaneous 2015 Network Embedding (LINE)

directed weighted graph network structure
(Tang et al., 2015)

2.3 Research gaps

In summary, the literature above has explored the methods of assembly information modeling and

applications of graph-embedding in assembly. However, there are still some critical challenges in the

modeling and utilization of assembly processes, as follows:

(1) There are limitations in the unified modeling process of assembly constraints. The mathematical
modeling methods describing geometric topological characteristics of assembly constraints mainly
rely on adjacency matrix and list at present. However, adjacency matrix and list have inherent
shortcomings of inconsistent data dimensions when describing different objects.

(2) There is a lack of assembly process-oriented mathematical modeling framework that can consider
both geometric and non-geometric information. Due to heterogeneity, geometric and non-geometric
information are usually recorded in different forms on various carries, which affects the integral
modeling and analysis of assembly process.

(3) The preservation and utilization of assembly historical data are incomprehensive. Based on
historical data and knowledge extracted, the current approaches in the field of assembly mainly
focus on specific processes or operations. The research on workshop-level production is still in its
preliminary stage, which is insufficient compared with the conceive of delicacy management in the
workshop.

Based on the foregoing observation, it is obvious that there are still some deficiencies in the
semantic modeling of assembly process oriented to information storage and utilization. The semantic
expressions of geometric information in assembly processes of multiple products differ greatly, leading
to the need to build multifarious models for different products when using historical data for analysis and
prediction. The commonalities of similar structures in different products are not fully utilized. Motivated
by this need, this manuscript proposes a generic node2vec-based parameterized representation method
of geometric elements and assembly constraints in assembly process modeling. With the method
proposed, a unified assembly process modeling framework is established facing various processes of
multiple products. By considering both geometric and non-geometric information in semantic modeling,
assembly process can be better modeled mathematically, providing data support for assembly oriented
intelligent services from the aspect of process. Meanwhile, an approach of assembly workstep execution
time prediction is illustrated as the feasible applications of the method presented to demonstrate the

directions in assembly workstep management.

3 Modeling of assembly process

Generally, assembly process is formulated by process designers which can expands in order of assembly

operations in production to guide or stipulate assembly tasks to be executed according to predetermined
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trajectories. The assembly processes corresponding to specific tasks consist of sublevel units like
procedures and worksteps to increase the readability and executability. The hierarchical relationships and

attributes of assembly tasks, procedures and worksteps are shown in Fig. 1.

Assembly task info
® DProcess designer ®  Expect time info

*  Pponty mmfo *  Condition info
¢ Product info

Assembly procedures

Assembly procedure info
* Locationinfo . ¢ Condition info
e Expecttimeinfo e Execution team info

Assembly worksteps

Assembly “Assembly
workstep workstep

Assembly workstep info

Non-geometric information

* Condition info . Ex};ﬁct time info

* Resources info s Action mfo
o Tools info o Foung info o Cleaning info
o Equipment info o Spraying info o Inspecting info
o Executioner info o e 0

Geometric information

e  Structural characteristics ¢ Middleware attributes
o Involved element info o Geometric shape
o Constramt info o Bounding box size

Fig. 1 The hierarchical relationships and attributes of assembly tasks, procedures and worksteps

As the primary description level of assembly process, some macro information should be considered
in the modeling of assembly tasks like process designer, task priority, corresponding product, time
arrangement, and task condition. Meanwhile, the subordinate relationships between the assembly task
and contained procedures should be established to form the hierarchical structure. Assembly worksteps,
as the basic modeling units of assembly process, undertake the detailed description of the assembly
execution. Thereinto, the non-geometric information should contain involved resources and actions apart
from condition and arrangement. Resources like tools, equipment and executioner applied in production
should be linked with the assembly workstep, while the parameters of physical operation method should
be recorded considering the diversity of operation types. On the other hand, the geometric information
mainly describes the topology characteristics of geometric elements and assembly constraints involved
in the assembly workstep, as well as the geometric properties of middleware that participate in.

Different from non-geometric information, the recording and preservation of geometric information
highly relies on 3D assembly models, especially the description of involved geometric elements and
constraints. Non-geometric information can be standardized by recording or processing according to
predefined data forms as parameter sets, while structural characteristics need further treatment to form
parameter sets that can describe geometric elements and topological relationships. In most assembly
worksteps, one or more assembly constraints are implemented on physical entities. Parameterized
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modeling of assembly constraint information is indispensable for the purpose of summarizing the
knowledge or rules from the historical data of assembly workstep execution.

The topological relationships among geometric elements in products mainly include two portions:
the adjacent relations among geometrical elements inside parts and the assembly constraints between
parts. Firstly, if geometric elements and relationships are presented in the form of graph, the adjacency

graph in Fig. 2(b) describes the structure of the parts shown in Fig. 2(a).

GE15

Part B

TN N /N PartA
[ GE1 ——{GE13}—{GE14)
3 O

N GE6 (GED)
A | 6F¢ ——{GEn)
GE4 GE3 GE2 GE1 GE16 GE17 \,}——/ —
(bottom) GEl:
GE: abbreviation of geometric element e
(a) The example parts (b) The adjacency graph

Fig. 2 Example parts and the adjacency graph describing geometrical structure

With geometric elements as nodes, the assembly topological relationships can be expressed by an
unweighted undirected graph. The edges in the graph represent the adjacent relations of geometric
elements within parts and assembly constraints between parts. Meanwhile, the adjacency matrix can also
reflect the topological relationships between geometric elements. For the sample parts in Fig. 2, the

adjacency matrix can be denoted as shown in Fig. 3.

GEl1 | GE2 | GE3 === | GE16 | GE17 | GE18
GE1 0 1 0 0 0 0
GE2 1 0 1 0 0 0
GE3 0 1 0 0 0 0
GE16 0 0 0 0 1 0
GE17 0 0 0 1 0 1
GE18 0 0 0 0 1 0

Fig.3 The adjacency matrix of example parts

The dimension of the adjacency matrix depends on the quantity of geometric elements in the product.
The dimensional uncertainty of adjacency matrix prevents it from being directly used in the machine
learning process of assembly history data as the carrier of assembly topological relationships. Therefore,
an appropriate method is needed to model the assembly relationships of arbitrary scale with a parameter
set of fixed length.

When node2vec is used for network learning, the network structure needs to be transformed into
the form of adjacence list. The steps of construction and transformation are as follows:

Step 1. The geometric elements of the products should be individually assigned an identification
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number. Usually, this step needs to be completed in CAD software with the design models of
the products. It is necessary to note that geometric elements on different products should be
differentiated with the same rules.

Step 2.  The adjacencies between geometric elements within parts should be traversed and recorded.
Based on the geometric elements and topological relations inside the parts, part-level
unauthorized undirected networks can be constructed as subnetworks of the product level
network.

Step 3. Similarly, the assembly constraints in the products should be traversed and recorded,
especially the geometric elements that involved in the constraints. With constraints, the part-
level networks can be connected and form the product-level topology networks.

Step 4.  For various types of products that can be analyzed, the topological networks can be placed in
the same environment, constituting an aggregate network with the widest possible coverage.
With the increase of the number of product-level sub-networks, the parameterized
representation trained by the network will better represent the topological characteristics of
geometric elements.

Step 5.  The network referring to topological structures of products should be transformed into groups
of geometric elements with topological relationships to meet node2vec’s demand for data form.

With the assembly process modeling, the information related to the process can be consistently
expressed in a hierarchical information framework, including assembly task information, assembly
procedure information and assembly workstep information. In order to improve the versatility of the
assembly process model, structural characteristics of geometric elements and assembly constraints are
envisaged to be expressed by preset length vectors. This section illustrates the extraction and abstraction
of assembly topological relationships, while the parameterization method will be proposed in the next

section.

4 Parameterized representation of assembly structure

Parameterized representation of assembly structure needs to deal with geometric information during
assembly, such as the structure and distribution of geometric elements, which cannot be evaluated by
some measurable magnitudes. With the development of graph embedding, the algorithm of node2vec
provides an effective solution to this problem.

As mentioned above, the assembly topology can be abstracted to a network if the geometric
elements are regarded as nodes and the relations as edges. Node2vec is a model that outputs node vectors
in a network, which can be used for fixed dimensional parameterization of geometric elements. The main
idea of node2vec is to generating corresponding sequences for each node by sampling with a specific
way of walking, and then drawing on the CBOW (Continuous Bag-Of-Words) or Skip-gram model in
word2vec (Mikolov et al., 2013) with regarding the sequences as texts to get the vector of each node.

The advantage of node2vec is that it adopts a biased random walk strategy when dealing with
assembly networks. For a network G (¥, E), given the current node v, the probability of walking to the

next node x is:

T .
P(c,=x|c,, =v)= o/ i (nx)ek N

0 otherwise

where m,, is the unnormalized transition probability from node v to node x, while Z is
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normalization constant. The edges in the assembly network do not contain weights, therefore w,_=1.If

the previous node of random walk isnode ¢, 7, =«,, (t,x)-w, =a,,(t,x) , in which:

y if d_=0
f ,

a,tx)=11 ifd, =1 )

y if d =2
f ,

where d, is the shortest path distance between node ¢ and node x. Node2vec introduces two
hyper-parameters p and ¢ to control the random walk strategy. Return parameter p controls the probability
of repeating a node that has just been accessed. With the higher value of p, there is a low probability of
repeated access. In-out parameter ¢ controls whether the walk is outward or inward. If g>1, the random
walk tends to visit nodes that are close to node ¢. Otherwise, the random walk tends to visit nodes far

from node ¢. The specific walking probability is shown in Fig. 4 (Grover et al., 2016).

Fig. 4 Illustration of the random walk strategy in node2vec.

According to the above analysis, the random walk strategy of node2vec can be similar to the
breadth-first search (Jungnickel, 2005) when selecting the appropriate value of the hyper-parameters
(p<1, ¢g>1). This controllable walk strategy enables node2vec to effectively model the adjacent
topological structures of geometric elements when generating node vectors, which is the primary concern
of geometric element parameterized representation.

For a specific network structure, the edge vector can be further calculated after the generation of
node vectors. Given two nodes u and v with the node vectors f(u) and f{v), there are four choices given

by Grover (2016) for the calculation of edge vectors V(u, v), as shown in Table 2.

Table 2 Choices of edge vector calculation.

Method Definition

Average Vi(u,v)= w
Hadamard Vilu,v) = fi(u) * f,(v)
Weighted-L1 Vi(u,v)=|f,(u)- f,.(v)‘
Weighted-L2 Vi) =|fiw) - f,0)

For the assembly structure, the parameterized expression of the correlation between geometric
elements can be obtained, including the internal geometric topology and the assembly constraints
between parts. By this means, vectors of predetermined length can be used to refer to geometric elements
and topological relations in the assembly instead of traditional adjacencies graph and matrix. The
problem that different products cannot be unified in modeling due to dimensional inconsistencies can be
solved to a certain extent. In graph embedding, the structural characters of the geometric elements in the

adjacent neighborhood are recorded by preset length vectors. Along with other attributes, such as
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geometry type, bounding box size, et al., it is possible to achieve a normalized parametric description of
geometric elements. In a similar way, topological relations in assembly can also be expressed by a
parameter set of rated length. From this point of view, the parameterization of geometric elements and
assembly constraints can be considered as a practice of granular computing in assembly process modeling,
for that heterogeneous information containing geometric and non-geometric information is unified in the
same dimension. With parameterization, the structural characteristics of geometric elements and
assembly constraints can be abstracted from the entire assembly topology instead of modeling as separate
entities. The modeling of multiple production process of various products can be mathematically unified
considering overall structure to form a more comprehensive and general database in mining knowledge
or discovering patterns. Parameterization of geometric elements and relationships can be applied in
various aspects, such as:

1) Parameterized representation of assembly constraints can be used as the substitution of geometric
information to participate in assembly process modeling. Traditional assembly process modeling
often relies on 2D drawings, 3Dmodels and simulation animations to carry assembly relations. Such
graphical description methods can effectively guide the assembly personnel to operate or write
equipment automation control instructions, but it is difficult to accept and understand for computers.
The vector-based parametric representation can describe the assembly constraints with fixed length
vectors in the context of recording the topological characteristics. Parameterized assembly
constraints provide a solution for assembly process modeling regardless of product type, offering a
new idea for the construction and utilization of assembly process big data.

2) The representation of nodes and edges can be used for link prediction with appropriate algorithms.
Under the trend of collaborative manufacturing, complex products are usually divided into multiple
assembly units (Wang et al., 2009) to be designed and manufactured by different enterprises. The
rationality of product modularization largely determines the performance of the product (Li et al.,
2019). Node2vec-based graph embedding can predict the existence of edges by parameterizing
objects in the network. With this specialty, guidance on assembly unit partitioning can be given at
the product design stage based on statistical methods if numerous samples of partitioning results
are used for training.

3) In the stage of part design and machining, parameterized representation can be used for the
classification of geometric elements, and further provides an idea of feature recognition to avoid
repeatedly traversing the geometric topological network. By parameterized representation of nodes
and edges in the network, machining features in parts can be separated with the additional
information of adjacent geometric structures to further refine the types. With the promotion and
improvement of STEP-NC technology, the compilation and implementation of machining process
have been gradually transformed to be based on the machining features of parts (Xu, 2006). The
classification and enrichment of description will lay the foundation for the formation and utilization

of process knowledge based on machining features.

5 Assembly workstep execution time prediction

In order to meet the new requirements for smart manufacturing, the assembly process should be pre-

analyzed and predicted in specific steps and aspects. Although the introduction of automation equipment

and human-robot collaborative assembly have reduced the uncertainty in process, manual assembly is

still essential especially for complex products (Fang et al., 2020). The traditional assembly scheduling

depends more on experience in determining the execution time, which is inadequate when facing
12



personalized production tasks. The prediction of assembly workstep execution time can promote the

rationality of production scheduling to a large extent, furthermore improve production efficiency.

5.1 Modeling of the influencing factors of workstep execution
As analyzed in the modeling of assembly process, there may be multiple execution actions in the
assembly workstep, such as cleaning, inspecting, fixing, spraying, et al. When diverse actions are
performed, the factors affecting the execution of assembly worksteps are also different. In this manuscript,
fixing operation is chosen to demonstrate how parameterized assembly constraints support the prediction
of assembly workstep execution time.

The sub-assemblies and parts involved in assembly are collectively referred to as assembly
middleware. The factors affecting the execution time of fixing operation mainly include modalities of
assembly constraints, usage of assembly resources, properties of assembly middleware, fastening

parameters, as shown in Fig. 5.

Modalities of constraints Usage of assembly resources

Coincided

Personnel

TRt Equipment

time of fixing
operation

Thread connection
parameters
Geometric element
fit parameters

e Weight
e Volume
e Bounding box size

Attributes of assembly middleware Fastening parameters

Fig. 5 Analysis of the factors that may affect the execution time of fixing operation.

Among the factors, adjacent structures of assembly constraints can be parameterized by learning
topological network, which is often ignored in the analysis of assembly process. The complex neighbor
structure of assembly constraints will inevitably affect the execution of assembly operations. Meanwhile,
the parameterization of assembly constraints makes the modeling of assembly operation more
comprehensive with the consideration of geometric information. In addition, discrepant manufacturing
capacities lead to the execution of workstep being affected by assembly resources such as personnel,
tools and equipment. The attributes of the assembly middleware also have an impact on the execution
time of assembly operation. Particularly, the size of middleware bounding box is critical for its decisive
role of equipment and personnel movement. At present, the fixing of mechanical products mostly
depends on the thread connection to achieve, with the fits between geometric elements for auxiliary
positioning. Therefore, it is necessary to record the fastening parameters during the middleware
installation, such as the nominal diameter of the thread, the axial length of the thread, the number of
threaded connections, et al.

The non-geometric information, such as involved assembly resources and fastening parameters, can
be obtained from assembly process documents or assembly MES (Manufacturing Execution System)

13



with detailed description of the method and process of assembly. Meanwhile, the geometric information
is usually carried by 3D models. Attributes of assembly middleware can be directly acquired by the build-
in functions in designing tools, while topological structures can be obtained by abstracting the geometric
elements, adjacent relations and assembly constraints contained in the 3D models. After parameterization,
the structural characteristics can be expressed by preset length vectors, forming semantic data modeling

along with other attributes related to the execution of worksteps.

5.2 Workstep execution time prediction based on historical data

With information modeling of factors that may affect the execution time of assembly workstep, historical
data can be processed as the training set to match the requirements of machine learning models. A set of
data in the training set should simultaneously contain parameterized assembly constraints, usage of

assembly resources, attributes of assembly middleware and fastening parameters, as shown in Fig. 6.

Parameterized | Constraint | Constraint | Constraint i
constraints vector #1 | vector #2 | vector #3 |
Resources Personnel Tools Equipment
involved involved | involved | involved [

Middleware #1

AN N Bounding | Bounding | Bounding
Middleware Weight | Volume box length | box width | box height
attributes Middleware #1
Bounding | Bounding | Bounding |
box length | box width | box height |

Weight |Volume

.| Axial | Axial length | Nominal | Number of

Fastening length of thread | diameter | connection
parameters Thread | Thread Gasket Gasket
pitch angle thickness material

Fig. 6 Characteristic variables of assembly time prediction data set.

It is well-known that the degree of freedom between two assembly middleware can be limited by
up to three appropriate assembly constrains. Therefore, the space for three constraint vectors is reserved
for the parameterized constraints in the prediction data set. The dimension of the constraint vector
depends on the preset parameter of node2vec-based network learning, the appropriate value of which
should be determined through experiment. The main process of workstep execution time prediction

model establishment is shown in Fig. 7.
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Fig. 7 The establishment of workstep execution time prediction model.

Firstly, the parameter set of each assembly workstep sample is constructed combined with the
constraint parameterized representation of geometric topology structure and non-geometric information
that may affect the execution time. Secondly, the parameter sets should be processed by one-hot encoding
to allow the discrete variables participating in the regression task. After the mathematical preparation, a
suitable machine learning model should be selected and trained with the appropriate pre-processing
methods to fit the relationship between the assembly workstep execution time and the influencing
parameters. The parameter sets from new assembly tasks can be processed in the same way to predict the
workstep execution time with the trained machine learning model.

In the traditional assembly mode, the execution time of task scheduling is mostly estimated based
on experience, which is different from the actual situation in most cases. With the growing popularity of
customized production, the inaccuracy will be amplified because of the limitations of human experience.
The inconsistencies between the scheduling and execution will lead to the decrease in the utilization of
production resources and the decline in productively. To solve this problem, delicacy management is
introduced into the manufacturing field, aiming to control the production from the segment as detailed
as possible. If the number of assembly historical data entries is sufficient, the method proposed in this
manuscript can predict the execution time of any assembly workstep before practical production,
providing suggestions of assembly workstep level for assembly plan formulation and real-time

scheduling during assembly execution.

6 A case study

In this section, a case study is illustrated to verify the validity of the method proposed. The assembly
process of the sample product shown in Fig. 8 and geometrical topology structure (as shown in Fig. 9)
are analyzed, after which parameterized representation of assembly constraints and construction of

workstep time prediction model are realized.
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Fig. 8 The sample product

The sample product consists of 8 parts, subdivided into 104 geometric elements. The topological
relationships among geometric elements can be obtained through secondary development of CAD
software, and the network structure can be formed based on the adjacent relationships and assembly
constraints abstracted from 3D models. In the generation of node vectors, there are five primary
parameters: number of walks, walk length, hyper-parameter p, hyper-parameter ¢, and embedding size.
Number of walks and walk length represents the number of random steps generated by each node and
the number of nodes passed by each random walk, controlling the iteration of the random walk. Hyper-
parameters p and g restrict the moving strategy of the random walk, as discussed in Section 4. Embedding
size refers to the dimension of the generated node vectors. In order to evaluate the modeling of node
vectors on the structural characteristics, geometric elements are divided into two categories according to
whether they are involved in assembly constraints. Furthermore, the node vector-based classification
accuracy with the kernel of linear regression is used for the evaluation of embedding. Since there is
uncertainty in the random walk, all the evaluation results in this manuscript take the average of 100 tests
under the same parameter setting. The classification accuracy (Micro-F1 score) is 68.29% with a set of
predefined parameters (number of walks=80, walk length=10, p=0.25, g=4, embedding size=20) to
classify geometric elements. With the help of t-SNE (t-distributed Stochastic Neighbor Embedding) (Van
et al., 2008), vectors of geometric elements can be projected onto two-dimensional space, with the
distribution as shown in Fig. 10. It can be clearly seen that the geometric elements related to assembly
constraints have obvious aggregation on the diagram, demonstrating that the geometric element

representations based on node2vec can reflect the topological structure to some extent.
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Fig. 10 The distribution of geometric elements of sample product (number of walks=80, walk length=10, p=0.25,
g=4, embedding size=20).

However, the parameters of the embedding may affect the expression effect of node vectors on
geometric topological relationships. Therefore, the optimal parameter set should be determined by
repeated experiments. According to the actual control link, the approximation of the optimal parameters
is divided into three steps. Firstly, number of walks and walk length, as the controller of the random walk
iteration, are altered on the scale of 1 to 100 to search for the best combination. The result is shown in
Fig. 11(a). Secondly, the hyper-parameters p and ¢ can also be altered on the scale of 0 to 1 and 1 to 10,
respectively. The results of the combinations of various parameter values are shown in Fig. 11(b).
Similarly, the classification accuracy under different preset embedding sizes is obtained and shown in
Fig. 11(c). Through the above experiments, it can be determined that for the network in the case study,
the optimal parameter of node2vec algorithm is set as follows: number of walks=20, walk length=70,
p=0.5, g=4, embedding size=6. This set of parameters will be used in subsequent node2vec-related
calculations. It should be noted that the above parameter sets are only valid for this data set. For different
training sets, a unique parameter set should be set to ensure the optimal algorithm effect.
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After the parameter settings are determined, the node2vec algorithm can be used to obtain the
geometric element vectors. The relationships between geometric elements, which are the edges in the
network, can also be divided into two categories: the adjacent relationships within parts and the assembly
constraints between parts. Similarly, the effect of edge parameterization can be evaluated by the
classification accuracy of the relationships between geometric elements. Since the geometric element
vectors are settled, four methods as shown in Table 2 are used to calculate the edge vectors respectively.
The classification accuracy of the edge vectors obtained by all four method is 87.10%. Therefore, the
average method with the least amount of computation is chosen for the parameterized expression of
assembly constraints.

Based on the parameterized representation of assembly constraints, the prediction data set of
assembly workstep execution time can be constructed together with other information contained in the
workstep. The assembly process of the sample product consists of 7 main assembly worksteps. As an
example, the modeling process and result of the third workstep are shown in Fig. 12. Hierarchical
assembly process modeling is illustrated with the separate information constitution of the assembly task,
procedure and workstep. When forming the unified prediction data set, various factors that may affect
the execution time of the sample assembly workstep are processed by appropriate methods. Thereinto,
structural characteristics of assembly constraints can be parameterized by node2vec as introduced.
Resources involved should be preprocessed by one-hot encoding for the discreteness. Middleware
attributes and fastening parameters should be semantic processed according to uniform data arrangement
and measure units, while the material properties of fasteners should be preprocessed by one-hot encoding
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Fig. 12 The modeling process and result of the sample workstep
In a similar way, 266 sets of prediction data are collected for training models under different
conditions such as personnel, tools and equipment in the experiment, together with the measured
execution time. Five common regression models are trained using the training data sets, and the
corresponding pre-processing methods and prediction accuracy obtained by 10-fold cross-validation are
shown in Table 3. Besides, the prediction accuracy of the same training sets after removing the
parameterized constraints is also given as a contrast under uniform machining learning models and pre-

processing methods.

Table 3 Prediction accuracy of assembly workstep execution time based on multiple machine learning models.

Machining learning models ~ Pre-processing Prediction accuracy with Prediction accuracy without

methods parameterized constraints ~ parameterized constraints
Linear regression - 77.35% 72.28%
Ridge Standard scaler ~ 75.53% 69.70%
Lasso Standard scaler ~ 74.77% 69.76%
Stochastic Gradient Descent
) Standard scaler ~ 78.37% 73.82%
with Warm Restarts (SGDR)
Support  Vector Machine
- 77.45% 72.46%

(SVM) with linear kernel

With the comparison above, prediction accuracy with parameterized constraints can be improved
to some extent. The improvement of accuracy proves that there is certain influence in the execution of
assembly operation considering the complexity of assembly positions, which can be parameterized with

the method proposed. The parameterized assembly constraints can reflect the geometric topology
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information and participate in the modeling of assembly worksteps, providing support for the subsequent

analysis of assembly big data.

7 Conclusions and future works

With the popularization of artificial intelligence algorithm and the continuous improvement of high-level
automation production systems, the generality of process information semantic modeling needs to be
emphasized to anticipate the trend of customized production. The topological characteristics of geometric
elements and assembly constraints, as the geometric information which is difficult to describe uniformly,
are the challenging objects in assembly process modeling. In this manuscript, a method of generic
node2vec-based parameterized representation of assembly process information is presented with the
sample application of assembly workstep execution time prediction. With the method proposed, the
semantic modeling of assembly processes can be jointed with the semantic representation of the
topological characteristics of elements involved. Meanwhile, the historical data of assembly process can
break through the original mode of storage and utilization, which is being classified according to specific
products and operations. The vectorial expression of geometric elements and assembly constraints
expand the application possibility of assembly process big data, which can be used for intelligent services
in personalized production mode. The main contributions of this research are highlighted as follows:

(1) The organization form of assembly process information is defined considering geometric and non-
geometric information. The information contained in the assembly process is divided according to
hierarchy while the data form and specific steps of the construction and transformation of the
geometric information that meets the requirements of node2vec are presented on the basis of
analyzing and deconstructing CAD models to provide mathematical preparation for the algorithm
of graph embedding.

(2) A generic node2vec-based parameterized representation method of geometric elements and
topological relationships in assembly is proposed. The vector with preset length can be used to
reflect the structural characteristics of geometric elements or constraints, providing a highly
generalized geometric information modeling method for assembly process. The adjustment and
optimization of the parameters of node2vec are illustrated considering the applied scenario.

(3) The execution time of assembly workstep is predicted based on historical data. As the sample
application of constraint parameterized representation, this approach shows the applicability and
effectiveness of node2vec. Meanwhile, a new path of workshop delicacy management is introduced
with the unified modeling of both geometric and non-geometric information of products.
Compared with other links in manufacturing, the modeling, storage, and utilization of assembly

process data are difficult, due to the diversity, uncertainty, and complexity of assembly processes. This

manuscript explored the parameterized representation of geometric elements and assembly constraints
with graph embedding technology, and hence provided a new idea for the unified modeling of geometric
and non-geometric information of assembly process.

The vectors referring to geometric elements and assembly constraints held the ability to record
adjacent geometric structures instead of the topological network, which makes it possible to serve
multiple assembly analysis requirements that can be further attempted. The parameterized representation
of geometric elements and assembly constraints brings in new possibilities for assembly analysis in the
scenes of product development and workshop management. In the future, the similarity assessment based
on the parameterized representation needs to be studied, by which the historical processes can be quickly
reused and the adjustment scheme in assembly can be recommended. Besides, the method of production
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scheduling and distribution with the support of workstep execution time prediction should be further

studied to reach the prospect of delicacy management.
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