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Abstract

Highly diverse factors including technological advancements, uncertain global market and mass personalisation are believed to
be main causes of ever-growing complexity of manufacturing systems. Although complex systems may be needed to achieve
global manufacturing requirements, complexity affects on various factors, such as: system development effort and cost, ease of
re-configuration, level of skill required across the system life-cycle (e.g. design, operate and maintain). This article aims to
develop a scientifically valid and industrially applicable complexity assessment approach to support early life-cycle phases of
component-based automation systems against unwanted implications of structural system complexity. The presented approach
defines component-based automation system as a constellation of basic components which can be represented in various design
domains, such as: mechanical, electrical, pneumatic, control, etc. Accordingly, structural complexity is expressed as the com-
bination of both inherent complexity of system entities and topological complexity resulting from the integration of elements of
such constellations in a multi-layered network. The proposed approach is used to specify and implement a complexity assessment
module which can be integrated into a series of virtual system design software solutions, in order to add complexity assessment as
part of the design support and validation tools used by manufacturing engineers. Consequently, the proposed approach is integrated
into the vueOne virtual engineering tool, wherein virtual automation system design data can be streamlined and used as input to the
theoretical complexity model. In the developed tool, only mechanical and logical design domains are considered due to the limited
data availability in early design phase. Inherent complexity of both mechanical and logical system entities and their interactions
are expressed as a function of domain-specific design elements, and topological complexity is defined as the graph energy of the
corresponding design connectivity matrix. Furthermore, the values of mathematical model parameters are determined based on an
optimisation study, where subjective opinions of system/control engineers regarding the effort/difficulty associated with the devel-
opment of thirty different component-based automation system designs are correlated with the corresponding complexity model
outputs to minimise the prediction errors. The proposed approach is also demonstrated on a modular production system consisting
of four sub-modules. The study shows that the approach can help designers/managers to better identify root causes of structural
system complexity, and provides a systemic approach to compare alternate system designs during early system planning phase.

Keywords: Design verification, complexity, complex systems, complexity measure, manufacturing, automation systems,
component-based design, virtual engineering

1. Introduction

1.1. Research background

Modern manufacturing systems are composed of compo-
nents and sub-systems of various nature, including: machining
and assembly units, smart material handling devices, complex5

control algorithms and interlinked safety units [1]. Due to the
need for the system to be changeable and modular to accommo-
date changes in functionality, structural complexity increases as
more components and interfaces are added to systems at both
hardware and software layers [2]. Although complex systems10

are required to satisfy the need for flexibility and adaptability
in manufacturing domain, complexity may bring fragility and
unpredictability to manufacturing systems as a result of an im-
proper complexity management [3, 4]. It is reported that, ex-
cessive complexity negatively impacts production quality [5],15

reliability [6], throughput [7] and production time [8], and dis-

turbs the system’s efficiency at design, operation, maintenance,
and management levels [9].

According to Rechtin [10], “the more complex a system, the
more difficult it is to design, build and use, intuitively, the more20

difficult a task the more expensive it is, if not for any other rea-
son that requiring access to select experts or lots of time to
complete all the task involved”. Complex systems are often
described by intricate connectivity patterns and topologies that
may result in both lower productivity and higher failure rates25

during their development [11]. Assessing complexity and try-
ing to reduce it as much as possible while maintaining func-
tional requirements or performance targets is one way of nul-
lifying mistakes [12]. According to Meyer and Lehnerd [13],
“Reducing complexity almost always reduces direct and indi-30

rect costs”. Similarly, McCabe [14] states that assessing com-
plexity is one of the primary requirements in the design stage of
an engineering system, which helps designers to better under-
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stand the cost and time required to realise it. Moreover, assess-
ing the complexity of a design allows us to analyse whether it35

is comprehensible for humans [15]. Therefore, complexity of a
manufacturing system design should be identified and assessed
to remain competitive, profitable, and to better respond to the
unstable market dynamics and increased product variety [16].

1.2. Research objectives and contributions40

Complexity assessment allows manufacturing firms to de-
tect stress points in their manufacturing systems, and to take
most appropriate actions to handle it [2]. In recent years, proac-
tive complexity assessment of manufacturing systems, conducted
at early design stage has achieved a considerable amount of at-45

tention from academia, as it enables significant savings in terms
of time and cost [17]. However, these measures include either
paper-based assessment or face-to-face interviews and ques-
tionnaires for data collection making them costly and time con-
suming [3]. To bridge the gap between industry and academia,50

this article presents an automated complexity assessment frame-
work which integrates theoretical complexity models with vir-
tual system design tools, where various virtual design data can
be streamlined as an input to the mathematical models.

The presented research defines an industrial automation sys-55

tem as an engineering network consisting of a number of con-
nected components which are working and interacting with each
other to realise a common manufacturing goal. Structural com-
plexity is defined as a function of both the complexity of in-
dividual system elements and the effects of their connectivity60

pattern. The developed automated assessment framework is fur-
ther integrated into vueOne virtual manufacturing tool, in which
the structural complexity of component-based automation sys-
tem (CBAS) architectures, composed of interacting logical and
mechanical system design layers, can be verified at very early65

system architecting phase. Furthermore, values of the mathe-
matical model parameters (component coefficients, kM and kL,
and interface coefficients, cM , cL and c∆) are selected with a ge-
netic algorithm (GA) based optimisation study, where the pre-
diction errors between complexity model outputs and expert-70

defined complexity scores for thirty virtual CBAS designs with
varying degree of structural complexity are minimised.

The developed approach brings forth two important aspects:
i) a concurrent assessment of structural complexity during de-
sign phase so that those designs believed exceptionally complex75

can be identified, altered and enhanced, and ii) as opposed to the
pen-and-paper based methods, the complexity assessment is in-
tegrated into a virtual system design and planning tool leading
to ease of measurement.

1.3. Research scope80

The scope of this research was carefully defined and fo-
cused on the assessment of structural complexity in CBASs at
early system architecting phases. Due to the limited data avail-
ability in this phase, only mechanical and logical system archi-
tectures and their interactions are used in the implementations85

of the developed automated complexity assessment framework.

This is reasonable as design information of manufacturing sys-
tems at the system architecting phase is often limited to ma-
chine elements, established components, and mechanisms in
mechanical design and state transitions diagrams that represent90

sensors, actuators, and controller behaviours, in logical design
[18]. However, there is a plan to integrate other design do-
mains, such as: electrical, pneumatical etc., with the proposed
approach as a future work. Please note that, in early system
planning phases, complexity is often under-estimated due to the95

high level of abstraction [19]. As a result, when the system ma-
tures over time, the actual complexity of the system is exposed
which could lead to exceptional situations that could results in
exceeding project budgets, missing deadlines, etc [11]. The au-
thors believe that the proposed complexity assessment frame-100

work investigating system architectures based on two funda-
mental domains, can provide valuable insights regarding actual
complexity that may form in the later design stages; thereby
allowing system designers to take proactive actions to control
and manage system development projects in an effective way,105

and take necessary steps to minimise system re-design and al-
teration costs.

1.4. Paper structure

This article is structured as follows. Section 2 presents a
review of complexity in the domain of manufacturing systems110

engineering and its application to practical evaluation of manu-
facturing systems. Section 3 introduces the theoretical basis of
the research and its adoption to component-based automation
systems. Section 4 presents the complexity assessment soft-
ware module integrated into a virtual system design software115

solution. In Section 5, an optimisation study is performed to re-
fine the complexity model parameters using a set of component-
based automation system designs with varying degrees of struc-
tural complexity. Section 6 proposes a traffic-light based com-
plexity classification scheme for virtual automation system de-120

signs. In Section 7, the proposed framework is tested on a case
study. In Section 8, the results of the article are discussed and
the future work is outlined.

2. Literature review

2.1. Types of manufacturing systems complexity125

Complexity in manufacturing systems is a natural outcome
of the evolution of manufacturing organisations to adapt today’s
highly uncertain market environment [3]. According to Schuh
et al. [20], manufacturing complexity can be defined within two
groups: i) internal and ii) external. Internal complexity primar-130

ily arises due to the increased product variety, whereas external
complexity stems from market uncertainties, political and in-
stitutional regulations [16]. Internal complexity can be divided
into three main categories: i) structural (static) complexity, ii)
operational (dynamic) complexity and iii) organisational com-135

plexity [21]. Structural complexity is related to the architec-
ture of a manufacturing system, which can be considered as a
network that is made by a set of interacting resources and ser-
vices. Operational complexity is steered by the manufacturing
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system’s operational characteristics and is related to operational140

uncertainties [19]. Accordingly, a production system can be
considered as complex, if its behaviours are hard to trace in
an effective way [22]. Organisational complexity, on the other
hand, is linked to the organisational structures, systems, pro-
cesses and communication flows [3]. Previous research has re-145

sulted in several approaches to complexity measurement rang-
ing from information theory to survey based approaches.

2.2. Previous studies on complexity assessment
In manufacturing, complexity is often associated with the

uncertainty in describing the overall state of a production sys-150

tem or its components. In this context, the uncertainty is mea-
sured through Shannon’s entropy (please see [23]). In the liter-
ature, a relatively high number of entropic definitions have been
proposed for structural complexity [24, 25, 26, 27] and opera-
tional complexity [28, 29, 30, 31, 22, 32, 33, 34, 35, 36, 37, 38,155

39]. Yet, entropic measures have been critiqued for their sub-
jectivity in defining resource states [40], being tied to the level
of detail [41], and costly assessment phases which is especially
true for dynamic complexity investigations [42].

There are also other methods on the way to a quantitative160

definition of manufacturing systems complexity, such as chaos
and non-linear dynamics theory [43, 44, 45, 46, 47]. These ap-
proaches provide a deep understanding for underlying causes
of system behaviours, envisage the effect of operational system
parameters on the key performance indicators (KPIs), and il-165

lustrate the sensitivity of the system [48]. Nevertheless, these
approaches are incapable of capturing and analysing stochas-
tic events such as machine breakdowns [49]; they are restricted
to schematic analysis for the dynamic system behaviours [50]
(excluding maximal Lyapunov exponents testing) and they of-170

ten require huge data sets, making them costly. Moreover, these
approaches are often sensitive to the fluctuations in external fac-
tors such as measurement errors and noise [49].

As opposed to above mentioned methods, which guarantee
a quantifiable reflection of the system complexity, production175

system complexity can be assessed through heuristics-based meth-
ods attempting to provide an industrially readable picture of
complexity based on the system’s structure [51, 52, 53, 54,
55, 56, 57]. Heuristic methods are advantageous in that they
are easily applied to real industrial systems and data collection180

is easy, allowing comparisons of design alternatives at early
life cycle phases to detect potential stress points. Neverthe-
less, these approaches provide a limited insight on manufactur-
ing system complexity and are incapable of analysing intricate
structural patterns [2]. These metrics are also dependent on the185

industrial domain or specific application that they are designed
and developed for, i.e. ad-hoc, thus, the applicability of heuris-
tics approaches over different system and service applications
is often restricted.

Complexity has a subjective nature as it depends on the spe-190

cific context [58] and human spectator who perceives it [59].
Complexity arising from human-system interactions and manu-
facturing systems have been discussed in great detail, primarily,
by the method of surveying [60, 28, 61, 62]. However, survey-
based methods are only capable of understanding the perceived195

level of complexity and cannot be employed in situation where
there is absence of a physical prototype. Most importantly, the
results from surveys are significantly dependent on the opinion
of interviewees, hence making the process subjective.

2.3. Research gaps200

In summary, there are many ways to model and measure
complexity which have their pros and cons. As an example, the
methods derived from chaos and non-linear dynamics are used
to analyse the complexity by means of the system’s dynamic
behaviours which need to be observed over a long interval of205

time, whereas, the heuristics-indices based methods estimate
complexity solely based on the system’s physical situation but
with a low accuracy. The former is used to choose the most ap-
propriate control policy to handle uncertain conditions, while
the latter is chiefly employed to compare design alternatives at210

conceptual stages. It is concluded that the existing solutions to
complexity management are still immature and typically target
post-design phases of production system life-cycle, thus leading
to costly and time consuming redesign phases. As a result, there
is an increased need for tools and methods to pro-actively iden-215

tify and minimise complexity during very early design stages.
The research presented here, thus, aims to develop a proactive
design support, where quantifiable data collected from virtual
system design and process planning tools, can be streamlined
and transformed into meaningful complexity values allowing220

designers to concurrently evaluate system designs to select the
optimal design among various alternatives and to make modifi-
cations on existing systems.

3. Complexity modelling framework

3.1. Theoretical origin225

In this research, structural complexity of industrial automa-
tion systems is assumed to be the result of the complexity of
individual system entities and the effects of the system connec-
tivity pattern. To formally define structural complexity, the pre-
sented research adopts the following model proposed by [63] as
a base frame. This model is inspired by the relationships (please
see [64]) defining the π electron energy in organic molecular or-
bitals, and defines structural complexity of any network-based
engineering system as a function of i) the complexity of the
individual components, ii) pair-wise interaction complexity be-
tween connected components, and iii) the effects of the resul-
tant system topology. In this analogy, structural complexity C
is formulated as below:

C =C1+C2C3 (1)

where, C1, C2 and C3 represent component, interface and topo-
logical complexity, respectively. The following subsections de-
tail the individual elements in the structural complexity model
presented in this research.
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3.1.1. Component complexity, C1230

The first term C1 represents the sum of component complex-
ities, and is defined as follows:

C1 =
N

∑
i=1

αi (2)

where, αi is the inherent complexity of a component i and N
is total number of components in the system. Complexity of
a component αi represents the technical difficulty associated235

with the management of the component alone, not accounting
the complexity of component’s interfaces and the system’s ar-
chitectural information. In this research, the underlying com-
plexity of a component is associated with the amount of in-
formation required to define/replicate the component. In other240

words, information is used as a representative for the relative
effort required to use, operate, programme, control or interact
with the component. In here, it is assumed that, inherent struc-
tures of system components are composed of a number of inde-
composable elements. As an example, elements of a software245

component can be considered as any statement that describes
computations to be performed by the component itself. In light
of this assumption, αi is defined in the form of an exponential
function as follows:

αi = 5(1−e−(∑
m
i=1 kini)) (3)

where, m is the total types of elements forming the component,250

ni is the total number of elements belonging to a specific type i,
and ki is the exponential function parameter for the correspond-
ing element type i (k ∈ [0,1]). Please note that, an exponential
function has been adopted in defining component complexity
score as a result of two distinct reasons. The former is to scale255

complexity score between 0 and 5; thereby enabling a global
range for all components. The latter involves a negative ex-
ponential function which is used to limit the complexity score
to five, especially for those components, for which the devel-
opment and management exceeds the human’s limits of under-260

standing. This is due to the fact that perceived complexity of an
individual cannot be increased after reaching observer’s limits
of understanding [2].

3.1.2. Pair-wise interface complexity, C2

The second term C2 is the sum of pair-wise interaction com-
plexities βi j, and is formulated as follows,

C2 =
N

∑
i=1

N

∑
j=1

βi jAi j (4)

where, Ai j defines the binary adjacency matrix visualising the
connectivity between system components:

Ai j =
⎧⎪⎪⎨⎪⎪⎩

1 if there is a connection between i and j
0 otherwise

(5)

Similarly, the term C2 defines the technical/ergonomical effort265

associated with the development of pair-wise component inter-
actions and involves knowledge about both nature of the con-

nectivity and overall system topology. In this research, by adopt-
ing the approach proposed in [63], complexity of pair-wise com-
ponent interfaces is characterised by two essential factors; i)270

complexity of the interfaced components and ii) the nature of
the connectivity ck:

βi j = (
l

∑
k=1

ck)
(αi+α j)

2
(6)

where, ck is the interface coefficient defining the relative diffi-
culty in establishing the interface type k (i.e. the nature of the
connectivity), and l is the number of interfaces between com-275

ponents i and j. This representation describes interface com-
plexity as a fraction of the connected component complexities,
such that interface and component complexities are not dimen-
sionally mismatched. It is also reasonable, as the interface com-
plexities are expected to be much smaller than the component280

complexities in cyber-physical systems [19].

3.1.3. Topological complexity, C3

The term C3 captures the effects of overall system topol-
ogy, and is formulated by the graph energy measure (please see
[65]).

C3 = EA

N
(7)

In here, graph energy EA is designated by the sum of singular
values σi of the design connectivity matrix EA of the system
under consideration.285

EA =
N

∑
i=1

σi (8)

This metric outlines the nominal effective dimension entrenched
within the connectivity pattern [66]. Note that, topological com-
plexity, contrary to the first two terms, requires information
regarding overall system architecture, and depicts a global ef-
fect which can be perceived during the system integration [63].290

Therefore, the term C2C3 can be referred as a general indicator
of system integration effort.

According to [19], the values of graph energy can be used
to categorise different architectural patterns. Accordingly, he
defines the energy regimes for a system (S) with n number of
components as: i) hypo energetic, ii) transitional and iii) hyper
energetic. The hyper energetic regime, here, is considered by
the graph energy which is greater than or equal to that of the
fully connected system,

E(A) ≥ 2(n−1) (9)

The hypo energetic regime is defined as:

E(A) ≤ n (10)

The intermediate regime between these two where the energy is
higher than that of the hypo energetic regime and smaller than295

the hyper energetic is labelled as translational regime. In the
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original source [19], these energy regimes is further translated
into common architectural pattern categories as follows:

C3 =
⎧⎪⎪⎪⎪⎨⎪⎪⎪⎪⎩

≥ 2(1− 1
N ) ≈ 2 ≈ distributed architecture

2 > ... ≥ 1 ≈ hierarchical architecture
< 1 ≈ centralised architecture

(11)

As it is understood from the expression given above, the topo-
logical complexity increases from centralised towards more dis-300

tributed architectures [19]. Please note that, topological com-
plexity C3 allows us to differentiate the system structures with
similar component and interface complexities, and better pre-
diction of the system integration effort [67].

3.1.4. Overall complexity metric305

In summary, the presented analogy defines structural com-
plexity of the system (A) as follows:

C =
N

∑
i=1

αi+(
N

∑
i=1

N

∑
j=1

βi jAi j)(EA

N
) (12)

The overall complexity metric can be seen as a compheren-
sive definition of structural system complexity, increasing the
available choices in system architecting due to the inclusion of
combinations of complex and simple topologies and compo-
nents [19]. Moreover, it may provide a single complexity score310

which allows designers to improve/modify the system designs
by comparing them with possible alternatives in a more practi-
cal way. Figure 1 shows constituent elements of the presented
complexity measure.

Figure 1: Elements of the complexity metric (Adapted from [66]).

3.1.5. Reasons for the selection of the analogy315

In this research, the above-mentioned analogy is adopted as
the fundamental basis due to a number of reasons. First, the

approach is objective and mathematically rigorous and allows
us to relate structural complexity to system development effort
in a quantitative and explicit fashion. According to [19], the320

topological complexity metric is valid as it is compliant with
Weyuker’s criteria [68], which provides a set of properties of
syntactic complexity measures. This indicates that the graph
energy metric is computable and practical for large systems
and independent of the level of abstraction used to represent325

the system under consideration [19]. This can be seen as an im-
portant advantage in comparing manufacturing system topolo-
gies modelled at different level of abstractions, which is valid
for most manufacturing system development projects. More-
over, the mathematical model has been successfully used to as-330

sess structural complexity of various engineering systems, such
as jet engines [19], and printing systems [11], etc. In addi-
tion to this, the approach is generic and systemic and can be
adapted and customised for different engineering systems with
network like topology. As an example, the same approach is335

adapted to assess assembly complexity of industrial products
in [69, 17, 70]. The mathematical model is also well-aligned
with the component-based design paradigm which is a widely
used design methodology in manufacturing systems engineer-
ing. This design paradigm is the fundamental approach used340

in the engineering software called as the vueOne virtual man-
ufacturing tool-set, within which the mathematical model for
measuring complexity will be integrated in the next chapter.

3.2. Adoption to component-based automation systems

During early design phases of the manufacturing systems,345

the main aim is to identify the overall structure through the de-
composition of its functions into sub-functions [71], and through
finding the suitable components that can realise corresponding
sub-functions [72]. In this context, overall architecture of the
system includes not only geometric information, but also non-350

geometric phenomena such as control architecture and its re-
lations to the overall system architecture [18]. According to
the V-Model of system development, conceptual design phase
is called as “system architecting”, in which the system require-
ments are identified, and distributed into modules and further355

into components [18]. At the lowest layer of decomposition, all
sub-functions should be realised by essential entities called as
“components” [72]. According to Komoto and Tomiyama [18],
“components are called as machine elements, established com-
ponents, and mechanisms in mechanical design, and fundamen-360

tal building blocks i.e. state transitions diagrams that represent
sensors, actuators, and controller behaviours, in control design
etc.”.

The presented study defines a CBAS as a constellation of
basic components which can be represented as a series of con-365

nected domains (Figure 2). These domains include: mechani-
cal, pneumatic, electrical, logical, control, safety, etc., in which
components can interact with other components within and be-
tween those domains. In here, a component is a basic unit of the
system which at a finer level may compose of a set of indecom-370

posable elements, and capable of functioning either as a single
entity and/or integrated with other components to perform the
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Figure 2: System-of-systems representation of component-based au-
tomation systems (cylinders represent system components).

required functions [73]. Components have standardised inter-
faces and explicit dependencies which can be deployed inde-
pendently and are subjected to compositions to build an au-375

tomation system [74]. The integration of basic components
within a specific domain results in a specific architecture of the
system, e.g. electrical system, etc. However, the integration of
individual domains results in a final system architecture, where
the system behaviours can be realised in a controlled and syn-380

chronised manner.
Having defined the reference model for CBAS architectures,

Sinha and de Weck’s [63] analogy can be adopted. Let’s con-
sider a system (S) composed of N number of sub-systems rep-
resented in different design domains. In here, the connectivity385

matrix of the resultant topology is defined as follows:

Λ=
RRRRRRRRRRRRR

D1 ⋯ K1N
∶ ⋱ ∶

KN1 ⋯ DN

RRRRRRRRRRRRR
=
RRRRRRRRRRRRR

D1 ⋯ 0
∶ ⋱ ∶
0 ⋯ DN

RRRRRRRRRRRRR
+
RRRRRRRRRRRRR

0 ⋯ K1N
∶ ⋱ ∶

KN1 ⋯ 0

RRRRRRRRRRRRR
(13)

where, Λ is the adjacency matrix of the resultant system-of-
systems, Dk is the adjacency matrix of the domain k, and Ki j is
the inter-domain connectivity matrix between domains i and j.
Accordingly, the graph energy of the overall system architec-390

ture can be written as follows:

EΛ =
N

∑
i=1

Ei+∆ (14)

where, Ei is graph energy of ith intra-domain connectivity and

the term ∆ represents the graph energy originated from the inter-
domain connectivity. The resultant complexity of the system
architecture C, thus, can be defined as follows.395

C =
N

∑
i=1

Ci+C∆ (15)

where, Ci is overall structural complexity of ith sub-system in
isolation, and C∆ represents topological complexity induced by
the inter-domain connectivity. By re-writing the original met-
ric, structural complexity of individual sub-systems can be writ-
ten as follows.

Ci =Ci
1+Ci

2Ci
3 (16)

Ci =
mi

∑
j=1

α
i
j +[

mi

∑
k=1

mi

∑
l=1

β
i
kl]

Ei

∑N
i=1 mi

(17)

where, α
i
j is the complexity of the jth component represented

in the ith sub-system, β
i
jk is the complexity of the interface be-

tween components k and l in the ith sub-system, mi is the total
number of components represented in the ith sub-system, and
Ei is the graph energy of connectivity matrix of ith sub-system.400

In the equation, structural complexity of the resulted archi-
tecture is also influenced by an additional element called as “in-
tegrative complexity” C∆, which is a direct result of two factors,
i.e. complexity of inter-domain interfaces and graph energy of
the inter-domain connectivity ∆ [19]. The integrative complex-405

ity is defined as follows:

C∆ =
N

∑
i=1

N

∑
j=1

[[[
mi

∑
k=1

mi

∑
l=1

β
i
kl]

E j

∑N
i=1 mi

]+

[[
mi

∑
k=1

m j

∑
l=1

β
i j
kl ]

Ei+E j

∑N
i=1 mi

]+

[[
mi

∑
k=1

mi

∑
l=1

β
i
kl]

Ei j

∑N
i=1 mi

]+

[[
mi

∑
k=1

m j

∑
l=1

β
i j
kl ]

Ei j

∑N
i=1 mi

]]

, i ≠ j (18)

where, β
i j
kl is the interface complexity between kth component

in ith layer and lth component in jth layer.

4. An automated framework for complexity assessment

The use of theoretical complexity models can be time con-410

suming and tedious, especially in large scale design projects,
where a significant amount of data collection and analysis are
required. Hence, there is a need for practical tools and meth-
ods that designers and managers can use concurrently with the
design process, so that, conceptual designs can be improved, or415

compared with various design alternatives for a better design
solution. This chapter presents a complexity-inclusive design
support framework (Figure 3) which is achieved by the integra-
tion of theoretical model explained in the previous chapter, with
a virtual system design and development software, namely: the420

vueOne virtual engineering (VE) tool.
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4.1. vueOne virtual engineering tool

The vueOne VE tool is designed upon the “component-based”
design paradigm, and is primarily used for the virtual commis-
sioning of automation systems supported by integrated compo-425

nents which are dedicated to performing a set of specific func-
tions [75]. In the vueOne, a component is defined as a reusable,
reconfigurable building block of the automation system, provid-
ing a data integration mechanism for control behaviour, kine-
matics, geometries, and other data types defining a particular430

system resource [76]. Data which is encapsulated within a com-
ponent can exist at a particular level of granularity [77], which
is defined by the user.

Presently, vueOne tool set delivers functions such as: 3D
modelling, process simulation and evaluation, auto-control code435

generation, but not complexity assessment functionality. The
vueOne uses the standard Virtual Reality Modelling Language
(VRML) format for 3D modelling, and common state-transition
diagrams for module logic editing and visualisation. The vueOne
tool set supports modelling of several types of components such440

as: sensors, actuators, digital human workers, robots and fix-
tures [74]. In the tool, a common component architecture is
used to integrate component geometry, kinematic and control
behaviours. Each component created by the tool has a unique
ID which can be used in identification and debugging purposes.445

Component and systems can be stored in the library with any

information associated with component parameters, and can be
reused any number of times. The stored information can also
be linked to component performance.

4.2. Complexity solver450

In the proposed framework, virtual design data generated at
the system modelling phase are streamlined into a Matlab plug-
in called as “complexity solver”. The complexity solver has
four main modules: complexity engine, complexity optimiser,
complexity database and graphical user interface.455

The complexity engine is a software module, where struc-
tural complexity of virtual system designs can be assessed by
means of the definition presented in the previous chapter. The
complexity engine, in its current form, only reads outputs from
of the vueOne tool written in the XML format. However, the460

solver can be integrated with other manufacturing system de-
sign tools/methods to enrich the virtual models. This is partic-
ularly true for detailed design stages, where various domains of
system design e.g. electrical system complexity, communica-
tion system complexity, etc., are defined and assessed. As more465

data is fed to the solver, design complexity can be analysed at a
higher resolution, as more component and interfaces from mul-
tiple domains can be modelled.

In its current form, the complexity engine is able to inves-
tigate structural complexity of virtual system designs within470

Figure 3: Complexity modelling and management framework integrated into the vueOne virtual engineering tool.
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two inter-connected domains (i.e. mechanical and logical), as
vueOne only allows modelling of kinematic relationships and
process behaviours of components. This is reasonable as these
domains are primarily important for the system architecting phase.
A justification for the narrowing down of scope to two layers is475

provided in Section 1.3. In the vueOne tool, a component may
be represented by a set of connected geometries and a finite-
state machine. In the complexity solver, component geome-
tries and finite-state machines are denoted as separate system
components, as this assumption allows us to analyse structural480

complexity within a two-layered network, hence providing a
better resolution (Figure 4). Mechanical design of an automa-

Figure 4: Virtual system design in the vueOne VE tool and module
boundaries.

tion system is composed of a set of mechanical components
connected to each other through a number of mechanical inter-
faces. In here, a mechanical component is the core constituent485

of the system, which has to be installed and commissioned as
a part of the system development phase. These components in-
clude mechanisms required to transfer parts with the worksta-
tion, holding equipment e.g. jigs, fixtures and clamps, buffering
and storage components and work holders e.g. grippers, etc.490

The logical system design (resembling the ISA-95 level 2a and
above (see [78])), on the other hand, can consist of a number of
logical components defining management and control policies
needed to govern the states and behaviours of mechanical com-
ponents. In the vueOne, component behaviours are outlined495

via state transition diagrams (STDs) conforming IEC 61131-3
standards [79], and so PLC code can be automatically gener-
ated and deployed to support a basic level of virtual commis-
sioning. The STD within the vueOne has three types of states:
i) initial state, ii) static state, and iii) dynamic state. Please note500

that, a vueOne component may have either one of those me-
chanical or logical components or both. As an example, a fix-
ture can be only defined by mechanical components, whereas,
a robot contains both mechanical and logical components in
its design. Moreover, mechanical and logical components are505

assumed to be mapped by electrical dynamic interfaces. This
interface type represents the data transfer between logical and
mechanical domains, and can be counted as a directional rela-
tionship. Moreover, this relationship does not necessarily to be
one-to-one mapping; i.e. the logical behaviour of a mechanical510

component can be defined using multiple logical components
or multiple mechanical components can be controlled by a sin-
gle logical component, etc. Table 1 summarises the interface
types that can be defined within the vueOne tool.

4.3. Estimation of complexity elements515

Once the virtual design and the end-user specifications are
defined and imported, the complexity engine reads the XML
file, and then decomposes automation system into mechanical
and logical components. Based on the interface information
stored in the XML document, the engine builds the design struc-520

ture matrix (DSM) of the resultant architecture. This informa-
tion is used to estimate topological complexity of mechanical,
logical and inter-domain system connectivities. The XML doc-
ument also contains kinematic and control information. This
data is used to estimate component complexities in the mechan-525

ical and logical domains. These values are then used to esti-
mate domain specific design complexities as well as integrative
complexity. Please note that, the above mentioned elements
of complexity are different in nature, therefore, overall system
complexity is considered as a multi-dimensional value, rather530

than a single number.

CS = f (CM,CL,C∆) (19)

4.3.1. Estimation of mechanical component complexities
In the proposed approach, inherent complexity of mechan-

ical components is associated with the information required to
define their kinematics chain. It is assumed that mechanical535

components are standard off-the-shelf products, which are ready
for the system integration and their inherent structures are hid-
den and composed of a number of indecomposable parts. Ac-
cordingly, complexity of a mechanical component α

M
i is de-

fined as follows:540

α
M
i = 5(1−e−(kMNM

i )) (20)

where, NM
i is number of kinematics associated with the compo-

nent i and kM is an exponential function parameter (k ∈ [0,1]).
Figure 5 is a surface map defining the relationship between to-
tal number of associated kinematics and exponential function
parameter kM . This figure depicts that, for a constant Ni, com-545

ponent complexity will grow to positive 5, as kM reaches a crit-
ical threshold. This threshold represents the point where an in-
dividual starts perceiving mechanical design of a component as
complex, and varies depending on the individual’s experience
and ability to cope with complexity.550

4.3.2. Estimation of logical component complexities
In a similar way, complexity of logical components is de-

fined as the relative effort required to develop, maintain and
comprehended the finite state machine in a software engineer-
ing perspective, and estimated as follows:555

α
L
i = 5(1−e−(kLNL

i )) (21)
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Table 1: VueOne compatible interface types.

Interface type Domain Description

Steady state structural Mechanical defines contacts between two components where they impose a steady state mechanical load on each other
Dynamic state structural Mechanical defines the fluctuating force or displacement between two components
Spatial connections Mechanical define a relationship between two components when adjacency and orientation are important between them
Part transfer Mechanical represents material transfer/exchange between two components.
Event exchanges Logical are required to verify that correct precedence relationships are obeyed throughout the operation
Safety interlocks Logical are used to help prevent a component from harming the operator or damaging itself by preventing one

component from changing state due to the state of another component, and vice versa.
Electrical dynamics Inter-domain represent any type of interactions between logical and mechanical components

Figure 5: Surface plot of component complexity induced by its me-
chanical design

where, NL
i is number of states exist in ith logical component,

and kL is the exponential function parameter (kL ∈ [0,1]). Sim-
ilarly, kL is the exponential function parameter defining the in-
dividual’s ability in comprehending (modifying or debugging)
the finite-state machine.560

4.4. Visualising structural complexity

Increasing number of components and numerous interac-
tions with different kinds of flows exchanged between them in-
creases overall system complexity considerably. An increased
complexity may result in reducing system efficiency, therefore,565

should be reduced without compromising the functional require-
ments. The complexity solver is able to visualise the structural
complexity of virtual system designs, and thereby allowing a
general awareness about excessive complexity in an explicit
fashion. A graphical user interface (GUI) is designed for this570

purpose (Figure 6). The GUI allows designer to import virtual

design data written in an XML format, and visualises complex-
ity results in both graphical and textual formats. Moreover, the
developed GUI can be used in comparing alternate system de-
signs in a quantitative fashion.575

Figure 6: Complexity solver GUI.

5. Refining the values of the complexity model parameters

The model parameter values have to be specified before the
proposed framework can be used as a practical design valida-
tion tool. Towards this aim, an optimiser module, where correct
values for the complexity model parameters can be obtained580

through the use of historical production data and user defined
inputs, has been added to the proposed complexity solver. Fig-
ure 7 shows the data flow of the optimisation module and its in-
teractions with the proposed complexity solver. The developed
optimisation module simply relates system development effort585

to system complexity, and attains suitable complexity model pa-
rameter values through the minimisation of the sum of squared
deviations between these two. The optimiser tool, currently,
depends on subjective expert opinions to select the values of
the complexity model parameters, however, if integrated and590

streamlined, production system data, i.e. mean time between
failures, mean time to repair and deployment time, etc., fil-
tered and processed through data analytics and machine learn-
ing techniques, can be used in predicting the complexity model
parameter values with better accuracy.595
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Figure 7: The data flow of the optimisation of model parameters.

5.1. Preliminary experiments

Preliminary experiments were conducted in an effort to val-
idate the functionality of the proposed optimiser module with a
number of virtual system designs with varying degrees of struc-
tural complexity. Since no accurate information is available re-600

garding the absolute complexity of the production systems i.e.

system development effort or time, it was decided that it would
be best to ask a team of engineers to jointly nominate both com-
plex and simple system designs. A two point scale (0 or 1) was
used to represent subjective opinions of experts. The nine par-605

ticipants, who are currently serving as system engineers on a
variety of large and high-profile research projects, were drawn
from Automation Systems Group (ASG) at the University of
Warwick. The participants are thoroughly experienced employ-
ees with at least five years of industrial experience. In the ex-610

periments, the participants were asked to subjectively assess
structural complexity of thirty virtual automation system de-
signs modelled in the vueOne VE tool-set. These stations per-
form operations in automotive power-train and electric battery
assembly applications. In these experiments, overall complex-615

ity of an automation system was assumed to be a function of
mechanical system complexity, logical system complexity and
integrative system complexity. The importance of these com-
plexity elements were assumed to be equal. Table 2 shows the
specifications of virtual automation system designs considered620

in the optimiser tool and the participants’ subjective opinions.

5.2. Objective function

Objective function is designed as the sum of squared errors
between actual and predicted complexity scores. In here, sub-
jective expert opinions are used as an actual complexity indica-625

tor, as 1 and 0 represents highly complex and simple worksta-
tion designs, respectively. Mathematically, the objective func-
tion is expressed as follows:

Min ∶ f(x) =
√

Cerror (22)

Table 2: Virtual system designs used in the experiments and experts’ opinions

Number of Number of Number of Number of Number Number Number Subjective Opinions Subjective Opinions Subjective Opinions
Mechanical Logical Kinematics per States per Mechanical Logical Inter-domain about Mechanical about Logical about System

Design Components Components Component Component Interfaces Interfaces Interfaces System Complexity SM System Complexity SL Integration S∆

1 6 4 1.667 4.250 8 8 3 LOW (0) LOW (0) LOW (0)
2 7 5 0.429 3.200 10 7 5 LOW (0) LOW (0) LOW (0)
3 10 8 0.800 4.625 17 19 7 LOW (0) LOW (0) LOW (0)
4 10 8 1.300 4.625 14 21 7 LOW (0) LOW (0) LOW (0)
5 14 10 0.429 3.300 19 25 8 LOW (0) LOW (0) LOW (0)
6 14 11 1.214 3.182 28 35 9 LOW (0) LOW (0) LOW (0)
7 18 7 1.111 3.429 40 15 6 LOW (0) LOW (0) LOW (0)
8 18 11 0.833 3.182 25 22 8 LOW (0) LOW (0) LOW (0)
9 20 10 0.500 4.546 25 18 7 LOW (0) LOW (0) LOW (0)
10 25 14 0.731 4.857 51 30 18 LOW (0) LOW (0) LOW (0)
11 25 16 1.000 5.118 40 35 13 LOW (0) LOW (0) LOW (0)
12 28 15 0.517 4.333 40 35 15 LOW (0) LOW (0) LOW (0)
13 29 14 1.379 3.800 55 45 11 HIGH (1) HIGH (1) LOW (0)
14 30 17 0.567 4.889 60 38 15 LOW (0) LOW (0) LOW (0)
15 33 20 0.697 4.250 67 48 18 LOW (0) HIGH (1) LOW (0)
16 35 9 0.629 7.111 50 21 9 LOW (0) LOW (0) LOW (0)
17 37 13 1.054 3.539 56 28 7 HIGH (1) LOW (0) LOW (0)
18 41 22 0.610 3.046 80 55 12 LOW (0) LOW (0) LOW (0)
19 45 30 0.756 5.067 109 80 17 HIGH (1) HIGH (1) LOW (0)
20 50 34 0.840 4.925 75 88 29 HIGH (1) HIGH (1) HIGH (1)
21 51 14 0.686 4.071 68 58 11 LOW (0) LOW (0) LOW (0)
22 55 30 0.691 5.200 140 70 21 HIGH (1) HIGH (1) LOW (0)
23 56 35 0.732 4.486 110 51 29 LOW (0) HIGH (1) LOW (0)
24 60 38 0.705 5.020 157 100 40 HIGH (1) HIGH (1) HIGH (1)
25 61 16 0.656 4.647 147 70 11 HIGH (1) LOW (0) LOW (0)
26 65 35 0.908 5.543 190 98 20 HIGH (1) HIGH (1) LOW (0)
27 69 39 0.710 4.255 210 102 45 HIGH (1) HIGH (1) HIGH (1)
28 70 39 0.614 4.256 200 158 40 HIGH (1) HIGH (1) HIGH (1)
29 71 45 0.718 4.550 210 120 57 HIGH (1) HIGH (1) HIGH (1)
30 72 19 0.764 5.158 122 82 10 HIGH (1) LOW (0) LOW (0)
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where;

Cerror =
30

∑
i=1

[(100SM
i −CM

i )2+

(100SL
i −CL

i )2+(100S∆

i −C∆

i )2]
(23)

and, SM
i , SL

i and S∆
i are subjective ratings assigned to the me-630

chanical design, logical design and integration complexities of
ith virtual system design.

5.3. Design variables

From the theoretical definition, it is clear that structural com-
plexity is affected by exponential function parameters, i.e. kM

635

and kL, and interface coefficients. To simplify the optimisation
problem, interface coefficients are considered within three cat-
egories: i) mechanical interfaces cM , ii) logical interfaces cL,
and iii) inter-domain interfaces c∆. Based on this assumption,
the final single-objective optimisation model is developed for640

five design variables: kM , kL, cM , cL and c∆. All design vari-
ables are continuous and are subjected to the following design
constraints.

g1(x) = 0.9 ≥ kM > 0.1 (24)

g2(x) = 0.9 ≥ kL > 0.1 (25)

g3(x) = 0.25 ≥ cM ≥ 0.05 (26)

g4(x) = 0.25 ≥ cL ≥ 0.05 (27)

g5(x) = 0.25 ≥ c∆ ≥ 0.05 (28)

5.4. Genetic algorithm

The proposed optimiser module uses a single-objective ge-645

netic algorithm (GA) method (please see [80]). GA is an evo-
lutionary computation technique that belongs to the class of
heuristic optimisation. It uses the natural selection mechanism
and is particularly useful when the search space is large and not
much is known about solving the problem. Genetic algorithms650

are used to solve a wide range of problems and they employ
the processes of reproduction, selection, crossover and muta-
tion. Each step of a genetic algorithm involves the production
of offsprings from the current population. In this study, GA
parameters are selected as follows: the population size is 80,655

mutation rate is 0.25 and cross over rate is 0.75 and the total
number of iterations is 1000. Selection of parents is performed
by means of Roulette wheel selection method in which multi-
point crossover is employed. The optimal results obtained by
the GA method are presented in Table 3.660

Table 3: The optimisation results.

Variable Value

kM 0.44126954414429510
kL 0.14880787695922565
cM 0.11567665722511014
cL 0.05311016162808964
c∆ 0.08052666454755751

5.5. Logistic regression model

In this subsection, a statistical model relating the predicted
scores achieved through the complexity engine and expert opin-
ions is proposed. Since, there are only two (dependent) re-
sponses (HIGH or LOW), a linear regression is not appropriate665

for a statistical model. There exists, however, a model, called
“Logistic Regression” or “Logit”, that will calculate the prob-
ability that the resulting score of the system design indicates
either HIGH or LOW complexity. Please note that, the value
1 is assigned to stations labelled as HIGH. Accordingly, the670

“LOGIT” model for all three complexity sources are found as
follows:

PM
LOGIT (High) = 1

1+e9.9582−0.1755CM (29)

PL
LOGIT (High) = 1

1+e6.4281−0.1171CS (30)

P∆

LOGIT (High) = 1
1+e6.2827−0.1954C∆

(31)

Table 4 contains the numerical results, as output by SPSS
software. The model succeeds in classifying the cases 93.3%
of the time correctly. Figure 8 shows the binary fitted line plots675

of logistic regression models. Although the study was carried
out using a limited sample size, the results show us that the op-
timiser module can be used to refine the theoretical model. It
was also noticed, the mathematical model can be refined using
a collection of historical data to ensure that complexity mea-680

surement and system characteristics can be properly correlated.
The scores from the model could be used as independent vari-
able for researching the impact of complexity on both direct and
indirect costs, and on the subjective interpretation of complex-
ity.685

6. Traffic light system

One of the major goals in system development, is to ver-
ify structural design complexity so as to keep the dynamic and
emergent complexity of the system under control. To provide a
more industry-friendly complexity assessment practice, a traffic690

light based system is added to the solver, where system designs
can be categorised based on three levels of structural complex-
ity:
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Figure 8: Binary fitted line plots for logistic regression models.

Table 4: Classification table.

Predicted

Observed High Low % Correct

Mechanical Complexity High 11 1 91.7
Low 2 16 88.9

Logical Complexity High 9 2 81.8
Low 0 19 100.0

Integrative Complexity High 4 1 80.0
Low 0 25 100.0

Overall 93.3

The cut value is 0.5.

• Green: (Pk
LOGIT (High) < 0.5) The complexity of the sys-

tem design is manageable with sufficient level of person-695

nel and expertise.

• Amber: (0.75 > Pk
LOGIT (High) ≥ 0.5) The development

and management of the workstation can be costly and
time consuming, therefore allocation of the resources and
expertise should be considered.700

• Red: ( Pk
LOGIT (High) ≥ 0.75) The management of work-

station complexity can be tedious with current person-
nel and expertise, therefore, workstation design should
be reconsidered/simplified without promising the func-
tional requirements, or its functions should be embodied705

into smaller workstations.

7. Case study

In this section, the proposed complexity assessment frame-
work is tested using Festo Modular Production System (MPS)
(Figure 9). Main operation of the Festo MPS is to move work710

pieces from one end to another by performing a number of se-
quential operations. The test rig contains four modules, i.e.
distribution, buffer, processing and handling. The distribution

Figure 9: Virtual model of the Festo MPS.

module includes a pneumatic feeder and a converter, transports
work pieces from the magazine stack to the buffer module [15].715

Buffer module consists of a conveyor system and a separator ac-
tuator, which are used to transport and separate out work pieces.
After passing the buffer module, work pieces are forwarded to
the rotary table of the processing module, where a drilling op-
eration is performed. At the end, a handling module removes720

parts from the processing station and sorts them according to
their physical characteristics, e.g. shape and colour.

7.1. Component complexities

The Festo MPS is virtually modelled in the vueOne VE
toolset, and its design XML is imported to the proposed Matlab725

plug-in. Process logic is defined by logically coupling compo-
nent state machines and included in the design XML. In the log-
ical design, process orchestrators are used to regulate a group
of logical components. Please note that, mechanical and log-
ical architecture of the test rig was mapped through electrical730

dynamics interfaces (directly between state machines and ma-
chine kinematics). Table 5 shows the mechanical and logical
component complexities for Festo MPS and its modules.

According to the results, the processing module has higher
total component complexity in both the mechanical and logi-735
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Table 5: Total component complexities C1 in the mechanical and logi-
cal domains.

Mechanical Logical
m Complexity n Complexity

Distribution module 11 5.351710392 7 13.13348094
Buffer module 9 3.567806928 6 11.89743088
Processing module 15 8.91951732 14 26.78925825
Handling module 12 6.499151542 6 12.9555085

Overall system 48 24.33818618 33 64.77567857

cal domains, whereas, the buffer module has lowest complex-
ity. This, in fact, is as expected since the processing module
comprises relatively more functionality (i.e. feeding, drilling,
checking and unloading), and is composed of comparatively
high number of components (m = 15,n = 14). This is also in740

line with the hypothesis stating that functionality and complex-
ity have a positive correlation. Accordingly, if a system has to
perform a wide range of functionality or designed to support
wide range of applications, it will likely have a complex struc-
tural composition.745

7.2. Interface complexities

In the complexity engine, two components are considered
connected, if at least one connection exists between them. By
considering the three types of connections (i.e. mechanical,
logical and inter-domain), a multi-domain matrix (MDM) was750

built. Figure 10 shows the MDM of the test rig, where a mark-
ing in an off-diagonal cell indicates at least one interaction be-
tween two components.

Figure 10: Multi-domain matrix representation of the Festo MPS.

Complexity of pair-wise component interfaces was calcu-
lated by the approach presented in Section 3.1.2. Interface com-755

plexity results of Festo MPS are given in Table 6. It is noted
from the table that, the handling module has the highest inter-
face complexity in the mechanical domain, whereas the buffer

Table 6: Total interface complexity (Festo MPS).

Mechanical Logical Inter-domain

Distribution module 0.5233 0.782169274 0.706093899
Buffer module 0.1195 0.307547026 0.357062599
Processing module 0.326875 1.708771381 1.002352501
Handling module 0.86925 1.350192349 0.689994316

Overall system 2.36055 3.438602915 2.755503314

module has the lowest interface complexity. On the contrary,
the processing module has a relatively higher interface com-760

plexity on the logical domain. This is again, a result of the num-
ber of functions that the module has to perform, i.e. more num-
ber of logical interlocks is required to control a wide range of
applications in a synchronised manner. It is also noted that, the
contribution of interface complexities are considerably small,765

indicating that structural complexity is predominantly affected
by components’ inherent complexities.

7.3. Topological complexities

Based on the DSM analysis, complexity C3 of the over-
all Festo MPS structure is found as 1.429 with a graph en-770

ergy E[MDM] of 115.719 (EM
[DSM]=53.004, EL

[DSM]=33.490, and
∆=29.014). The contribution of mechanical, logical, and inter-
domain topologies to the overall topological complexity is found
to be 0.654, 0.413, 0.358, respectively. In a similar fashion,
topological complexity of isolated mechanical CM

3 and logical775

system architecture CL
3 , without considering the effects of inter-

domain connectivity, are found as: 1.104 and 1.015, respec-
tively. This points out a transitional regime between hierarchi-
cal and centralised structure patterns for stand-alone mechani-
cal and logical system architectures. Figure 11 compares the780

topological complexity of Festo MPS modules. According to

Figure 11: Comparison of Festo MPS modules: left: Overall topolog-
ical complexity of modules, middle: graph energy results, right: topo-
logical complexity of isolated mechanical and logical architectures for
each modules.

the results, overall topological complexity for all modules was
found to be above one. This indicates a hierarchical connectiv-
ity pattern for all cases. Interestingly, topological complexity
of logical architectures (considered in isolation) for distribution785
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Figure 12: Complexity comparison of the Festo MPS modules

and handling modules are found to be below “one” indicating
a centralised topology (Figure 11 right). This is reasonable
as these subsystems are controlled by one process orchestrator,
whereas, the number of logical components that are controlling
the operation behaviours of buffer and processing subsystems790

are two and three, respectively.

7.4. Overall complexity

Overall complexity of Festo MPS is found as 96.028, of
which the contribution of mechanical, logical and integrative
system complexities are recorded as 25.882, 66.196 and 3.950,795

respectively. This shows that the vast majority of the system
complexity stems from the complexity of the logical architec-
ture. According to the results, overall mechanical and integra-
tive system designs are considered in “green zone” indicating a
design that can be easily managed through existing skill, exper-800

tise and personnel. However, logical system design is found in
“amber zone”. This indicates a tedious and tricky development
stage, thereby requiring proper attention and resource alloca-
tion, i.e. people with expertise and training.

Figure 12 displays the overall difference between categories805

with multiple complexity elements. As it is expected, the pro-
cessing module is found to have the most complex design (C =
38.109), whereas the buffer subsystem is found to be the sim-
plest (C = 15.986). The complexity of the processing module
is a result of the logical architecture rather than the mechani-810

cal system as seen from Figure 12. The approach, in addition
to providing the overall system complexity value, is capable of
indicating the source of complexity with a good degree of res-
olution. It is to be noted that, if the logical architecture has a
high value it is to be expected that the programming of the pro-815

cess sequence and its logic will be complicated. On the other
hand, a high value of mechanical system complexity represents
the difficulty in integrating the associated components. The re-
sults were also presented to the engineers who were involved
in the system build and based on the feedback it is understood820

that, the presented complexity values are in agreement with the
numbers that the engineers intuitively proposed as the system
complexity.

The developed approach’s sensitivity on the level of ab-
straction is also studied (please see [17]). It has been found825

that, there is noticeable differences in the results of compo-
nent C1 and interface complexity C2 scores for systems with
coarse/finer level representations. This is due to the fact that
the finer representation of the system has large number of com-
ponents and interfaces, which are modelled at a deeper/finer830

level of system decomposition. However, as the vueOne pro-
vides a standard platform for developing automation systems,
it is still possible to compare alternate system designs in a fair
manner. On the other hand, as stated by [19], the topological
complexity C3 does not seem to be affected by the level of ab-835

straction. This is attributed to the fact that the basic structure of
the system remains the same beyond a level of decomposition
that adequately describes and differentiates the system. Hence,
the topological complexity metric can be considered as a better
solution to compare systems with different levels of granularity.840

8. Conclusion

In this paper, a virtual engineering based approach is pro-
posed to assess the structural complexity of virtually designed
component-based industrial automation systems. The benefits
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of the proposed approach are threefold, i) complexity assess-845

ment can be performed in the early design phase, where any
change in design and its corresponding change in complexity
can be assessed with minimal implications on cost and time
ii) the complexity inclusive design support approach is auto-
mated and hence eliminates the laborious manual work asso-850

ciated with the existing approaches iii) complexity assessment
performed encompasses different domains, thereby allowing the
detection of the exact source of complexity with a great level
of detail which enables identification of critical points or as-
pects which could help to reduce complexity at the design stage.855

Furthermore, to refine the proposed approach by optimising its
model parameters, a work group, comprising of system, me-
chanical and control engineers, was established and their opin-
ions and intuitive knowledge on the complexities of different
systems was used to create a statistical correlation between com-860

plexity scores and expert opinions. Moreover, Festo didactic
test rig was used to demonstrate and provide a first-hand evalua-
tion of the proposed complexity assessment framework. The re-
sults showed that, the approach is mathematically rigorous, and
assess structural complexity at a high resolution over a broad865

spectrum ranging from topological complexity to mechanical
and logical system components.

Although the benefits of the model have been quantified
with the help of the test case, the component and interface com-
plexities are found to be sensitive to the selected level of sys-870

tem decomposition. In other words, if two different systems
are decomposed at different levels of granularity (i.e. coarse
and fine decompositions), it would not be possible to compare
them. Therefore, it is necessary to perform the comparison by
establishing a standard during the modelling, to ensure com-875

parison is done across similar level of granularity. Please note
that, the topological complexity metric can be considered as
an alternative, as it has a weak sensitivity to the selected level
of abstraction. Moreover, a collection of historical data is re-
quired to calibrate and validate the model and to ensure that880

complexity measurement and manufacturing systems engineer-
ing characteristics can be properly correlated. As part of the
future work, the plan is to build a structured database of infor-
mation, collected from real manufacturing system design and
development projects. Suitable connectivity needed for the re-885

ported gap can be fulfilled through the Industry 4.0 viewpoint.
Collecting real time life-cycle parameters (i.e. mean time be-
tween failures, mean time to repair, etc.) of system compo-
nents during the operation phase in a structured manner, allows
us to better predict component complexities stored in the vir-890

tual component library. It is also planned to integrate the de-
veloped software solution with other system design and devel-
opment tools, e.g. electrical system design software such as
EPLAN or Edraw, pneumatic system design software such as
PnueDraw, etc., in order to establish a high fidelity assessment895

approach providing a better resolution of complexity. Finally,
the proposed complexity assessment framework is planned to
be used in conjunction with the automatic selection of feasible
system configurations. As part of this, information such as re-
quired functionality, maximum cycle time, flexibility, scalabil-900

ity, etc., are envisioned to be input into vueOne VM tool. The

use of a Product Life-Cycle Management (PLM) database in
conjunction with the virtual system design tool, will allow the
automatic generation of several alternate designs that meet the
above-mentioned criteria, subsequently creating a design space905

of valid architectures. Consequently, a system optimiser will
be developed to compare these designs with the support of in-
formation stored in a database, thereby providing an optimum
solution that meets the requirements.
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und ungesättigten verbindungen. iii, Zeitschrift für Physik 76 (9-10)
(1932) 628–648.1120

[65] V. Nikiforov, The energy of graphs and matrices, Journal of Mathematical
Analysis and Applications 326 (2) (2007) 1472–1475.

[66] K. Sinha, N. R. Shougarian, O. L. de Weck, Complexity management for
engineered systems using system value definition, in: Complex Systems
Design & Management, Springer, 2017, pp. 155–170.1125

[67] K. Sinha, E. S. Suh, Pareto-optimization of complex system architecture
for structural complexity and modularity, Research in Engineering Design
29 (1) (2018) 123–141.

[68] E. J. Weyuker, Evaluating software complexity measures, IEEE transac-
tions on Software Engineering 14 (9) (1988) 1357–1365.1130

[69] B. Alkan, D. Vera, B. Ahmad, R. Harrison, A method to assess assembly
complexity of industrial products in early design phase, IEEE Access 6
(2018) 989–999.

[70] B. Alkan, An experimental investigation on the relationship between per-
ceived assembly complexity and product design complexity, International1135

Journal on Interactive Design and Manufacturing (IJIDeM) (2019) 1–13.
[71] M. K. Chmarra, A. A. A. Cabrera, T. van Beek, V. D’Amelio, M. S. Er-

den, T. Tomiyama, Revisiting the divide and conquer strategy to deal with
complexity in product design, in: Mechtronic and Embedded Systems and
Applications, 2008. MESA 2008. IEEE/ASME International Conference1140

on, IEEE, 2008, pp. 393–398.
[72] G. Pahl, W. Beitz, Engineering design: a systematic approach, Springer

Science & Business Media, 2013.
[73] M. K. Chinnathai, B. Alkan, R. Harrison, Convertibility evaluation of

automated assembly system designs for high variety production, Procedia1145

CIRP 60 (2017) 74–79.
[74] B. Alkan, D. Vera, M. Ahmad, B. Ahmad, R. Harrison, Design evaluation

of automated manufacturing processes based on complexity of control
logic, Procedia CIRP 50 (2016) 141–146.

[75] B. Alkan, D. Vera, M. Ahmad, B. Ahmad, R. Harrison, A lightweight ap-1150

proach for human factor assessment in virtual assembly designs: an eval-
uation model for postural risk and metabolic workload, Procedia CIRP 44
(2016) 26–31.

[76] R. Harrison, D. Vera, B. Ahmad, Engineering methods and tools for
cyber–physical automation systems, Proceedings of the IEEE 104 (5)1155

(2016) 973–985.
[77] B. Ahmad, A component-based virtual engineering approach to PLC code

generation for automation systems.
[78] I. E. Commission, et al., Iec 62264-1 enterprise-control system

integration–part 1: Models and terminology, IEC, Genf.1160

[79] M. T. Karl-Heinz John, Building Blocks of IEC 61131-3, Tech. rep.,
Geneva (2003).

[80] L. Davis, Handbook of genetic algorithms.

17


