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ABSTRACT

In the context of digital transformation, to assess the current state of manufacturing companies, a readiness
model is proposed in this paper. Using a literature review and a framework considering maturity as an ‘input’
enabler and not as an ‘output’. Three dimensions are considered in this model (Organization maturity,
Technology maturity, and Process Maturity), to assess the company readiness (Ready or Not ready). Allowing
compagnies to identify their readiness for Industry 4.0 (I4.0) adoption, by developing a decision support
model, is the goal of this research. This model based on Fuzzy Inference System, considers the three decision
criteria and then ranks the enterprise according to its output indicator. For the validation of this proposed
model, an experimental study was conducted to assess the readiness of 2 manufacturing companies, a
multinational in automotive sector and an SME in Apparel sector. The proposed model meets the desired
objective and is therefore retained for the evaluation of the readiness to 14.0 in different manufacturing
contexts.

Keywords: Digital Technologies; Readiness Model; Adoption; Fuzzy Logic.
RESUMEN

En el contexto de la transformacion digital, para evaluar el estado actual de las empresas manufactureras,
se propone en este articulo un modelo de preparacion. Utilizando una revision de la literatura y un marco
que considera la madurez como un habilitador ‘de entrada’ y no como un ‘resultado’. En este modelo se
consideran tres dimensiones (Madurez de la organizacion, Madurez tecnologica y Madurez del proceso) para
evaluar la preparacion de la empresa (Preparada o No preparada). El objetivo de esta investigacion es
permitir a las empresas identificar su preparacion para la adopcion de la Industria 4.0 (14.0) mediante el
desarrollo de un modelo de apoyo a la toma de decisiones. Este modelo, basado en un Sistema de Inferencia
Difusa, considera los tres criterios de decision y luego clasifica la empresa segln su indicador de salida. Para
la validacion de este modelo propuesto, se llevd a cabo un estudio experimental para evaluar la preparacion
de dos empresas manufactureras, una multinacional del sector automotriz y una PYME del sector de la
confeccion. El modelo propuesto cumple con el objetivo deseado y, por lo tanto, se retiene para la evaluacion
de la preparacion para 14.0 en diferentes contextos de fabricacion.

Palabras clave: Tecnologias Digitales ; Modelo de Preparacion ; Adopcion ; Fuzzy Ldgica.
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INTRODUCTION

Cyber-physical systems and digital transformation technologies are fostering the relevant process of merging
the digital, physical and biological worlds; This is the current Industry 4.0 (14.0) (ISCOOP, 2022). Big Data, Cloud
Computing, Artificial Intelligence (Al), Industrial Internet of Things, and Cybersecurity, are some of technological
enablers for new production systems through 14.0.™" In other words, Production processes and business models
are transformed due to market pressure and new technology paradigms, therefore, the organization and control
of the industrial value chain are facing a new era.®? In the context of 14.0, the technological dimension is often
dominant within the maturity models or the readiness models, it is at the center of discussion.® These data can
be used to develop better implementation methodologies, understand current pitfalls, and compare companies
and their performance. In the firm level, quantifying the current maturity of the organization to assess the
readiness for implementing 14.0, is recommended regardless of organizational and industry enablers.®

Activities of companies towards Industry 4.0 should be divided into organizational and technological from
a project management perspective.® According to the process-based approach, companies have three types
of processes: business processes, organizational processes, and managerial processes. The focus is on the
value under the concept of the product life cycle, to analyze maturity,® starting from product development,
process development, procurement, and manufacturing.” Furthermore, many authors highlighted the fact
that to succeed in a smart manufacturing environment, companies must have a certain degree of readiness.®?
Readiness Models help systematically gather information about a company’s current state and its strategies for
14.0, so they are useful for both science and practice.

Felippes et al.” propose the ‘3D-CUBE Readiness Model,’ which relates technological, organizational and
process maturity enablers as dimensions for evaluating a company’s readiness to implement Industry 4.0.
Technological dimension includes two sub-dimensions: Production technology and Information technology;
Organization dimension includes two sub-dimensions: people (which in turn has four elements: Leadership,
Communication, Training, Culture of Innovation) and strategy; Process dimension includes two main sub-
dimensions: Product-service development and Order fulfillment. Indeed, many authors are considering the need
to analyze ‘process maturity’ in a readiness model. Felippes et al.” compared existing maturity and readiness
models, identified the current problems and limitations in these approaches, and describe the new 3D-CUBE
Model. Hizam-Hanafiah et al." conducted a systematic literature review and identified 30 existing Industry
4.0 readiness models from both industry and academia. These models are based on 158 dimensions used by
different authors and firms to evaluate Industry 4.0 readiness. In fact, the original contribution of this review
is that it provides the six most common dimensions pooling from 158 individual dimensions, deriving from 30
existing Industry 4.0 readiness models. These dimensions can be considered as the most important dimensions
for most of the organizations, irrespective of their size and industry, they are six (Technology, People, Strategy,
Leadership, Process and Innovation). To improve and reinforce their readiness for Industry 4.0, companies
should be based on the main dimensions of the readiness regarding Industry 4.0. These dimensions are:

Technology, organization, and process

In this paper, Fuzzy logic is presented as a connected and controlled tool that allows companies to implement
the necessary corrections. First, the approach is described, and the major criteria related to the Enterprise’s
readiness for Industry 4.0 adoption are defined. Next, the modeling of these factors!' is presented through the
use of membership functions. Following that, the development of decision rules is undertaken, and finally, the
results are analyzed.

Literature review

The AHP (Analytic Hierarchy Process) method developed in 1980 by Saaty (1980) allows solving complex
problems with multicriteria. In the industrial field, criterion has its value, the problem arises in the classification
of criteria according to the order of priority for each company.'? That is, it is difficult to classify them according
to the order. Multi-criteria decision-making methodologies including: The network process (AHP), scoring
models, over ranking, goal programming, expert systems, data envelopment analysis, etc.” Tachibanaet al.("®,
share some common characteristics such as the conflict between criteria and incomparable units. ™ Therefore,
other technics of decision making like PROMETHEE and ELECTRE are widely applied in different fields such
as academic literature. An extension of linear programming, goal-based programming which allows solving
multiple-goal problems, but the problem arises to provide appropriate weights. %" Decision-making tools are
very useful tools in different domains with different factors, especially to determine an appropriate solution it
is a difficult task"”. Rezaei"® used BWM to solve multi-criteria decision-making (MCDM) problems. Author stated
"Statistical results show that BWM performs significantly better than AHP's inconsistency ratio and other
evaluation criteria: minimum violation, total deviation, and compliance (...). According to BWM, the best
(e.g., most important) and worst (e.g., least important) criteria are defined by the decision-maker. Pairwise
comparisons are then made between each of these two criteria (best and worst) and the other criteria".
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Contrary to binary logic, Fuzzy logic allows for better modeling of intuitive parameters via membership
functions, interconnected through fuzzy rules, which is a mathematical object. It is presented as a connected
and controlled tool that allows companies to implement the necessary corrections. fuzzy logic was first
formulated by mathematician Lotfi Zadeh in the 1960s. The advantage of the adopted method over other MCDM
decision making methods adopted in the literature is its ability to model intuitive indicators via membership
functions. In fact, other MCDM methods require a complete recalculation of the data. Moreover, the model
developed provides the ability to verify the 14.0 readiness of a company.

METHODS
Fuzzy Logic

Fuzzy logic formalized by Lotfi Zadeh, is based on the mathematical theory of fuzzy sets, which is an
extension of the classic set or the degree of truth of a function takes one of two values (true or false) or (0
or 1) in binary.™ It is used in artificial intelligence, in fields of robotics, mechanics, traffic management (red
lights) and many other areas. Authors in Haleh et al.?% stated “The fuzzy logic confers thus a very appreciable
flexibility to the reasonings which use it, which makes it possible to take into account the imprecisions and the
uncertainties”. The rules are drawn up in natural language, it is one of the interests of fuzzy logic to formalize
human reasoning.?" To understand the use of fuzzy logic to evaluate the readiness of a company to implement
14.0, the following sections present the principles of this logic and its inference process.

The fuzzy set and linguistic variable concepts

Fuzzy logic accepts degrees of membership to a set, instead of being associated with a set of true or false
values. A membership function is linked to a variable's value, and the membership factor is calculated by a
number between 0 and 1. This concept allows to assign a membership function which goes from 0 to 1 in order
to allow gradations in the membership of an element to a class, i.e. to allow an element to belong more or
less strongly to this class;?? the fuzzy subsets are thus useful to represent the imprecision of the inputs or the
uncertainty related to the implemented knowledge.
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Figure1. Range of logical values in Binary (a) and Fuzzy logic (b)
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Figure 3. Fuzzy rule-based system schematic®%
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The figures 1 and 2 illustrates the difference between the functions of membership of the classic logic and
the fuzzy logic. In the 1st, the appearance is binary 0 or 1, in mathematical term, a variable “ X “ is it contains
to aset “E “ or not, on the other hand in the 2nd the degree of appearance is a numerical value which varies in
the interval [0 ;1]. Moreover, this variable can belong to several sets at the same time contrary to the classical
logic. Figure 2 is a synoptic outline of a fuzzy system that will be approached thereafter.

Step 1: definition of linguistic variables: a fuzzy inference system is a system composed of three big bricks:
the fuzzification, the inference engine and the defuzzification (Figure 3). The inputs of the fuzzy inference
system are the scores assigned to each variable in the decision-making process, which need to be quantifiable.
@3

The first part that will allow to translate a numerical data coming from a sensor into a linguistic variable
is called fuzzification. Thanks to a membership function created by the fuzzy system designer. A membership
function is a function that allows to define the degree of membership of a numerical data to a linguistic
variable.@ Membership functions can theoretically take any form as in figure 4. However, they are often
defined by functions: triangular, rectangular, Gaussian.

* Trangular membership function * Trapezoidal membership function
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Figure 4. Types of membership functions®?”
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This first step of fuzzification will translate the numerical data of the sensors into different linguistic
variables. Fuzzy logic thus makes it possible to integrate expert systems into automated processes.®) “This
point is both a strength and a weakness of fuzzy logic”.?®

Step 2: fuzzy inference: now that we have linguistic variables, we can pass them into the inference engine.
Here, “each rule of the inference engine is written by the designer of the fuzzy system according to the
knowledge he has”.?) The initial step for this second part is to enumerate all known rules that apply to the
system. A rule must be in the form If condition, then conclusion. Then, fuzzy inference is the construction of
rules (and results) based on linguistic variables, assigning a truth to each rule, then aggregating the rules to
obtain a single (linguistic) result. The challenge with inference rules is to know what the logical operators
mean. Indeed, the operators of classical logic (AND, OR) are no longer valid in fuzzy logic.?® Therefore, it is
necessary to redefine them, as illustrated in figure 5:

Union : Mgy (X) = Max(te 4, (X)), g, (X))
Intersection Ay (X)) = mine , , (X), 5, (X))
Complement : Moy (xX)=1—g4, (x)
4 Ma(x) He(x) A Haue(x)
1 s — Y 1
] »- o : . -
1

. Hacn(x) A ()

0

Figure 5. Operations on fuzzy sets®
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The inference engine is the stage where the "If..., then..." decision rules will be parameterized.

Through the utilization of this engine, the application of the established rules to the fuzzy input variables
becomes feasible.?

Step 3: defuzzification “Inference methods provide a resulting membership function pX of the output variable
x”. It is therefore fuzzy information. It is necessary to transform this fuzzy information into a given value that
will be applied to the process control interface. This transformation is called defuzzification. The most used
defuzzification method is the determination of the center of gravity.?

Fuzzy inference system description
The fuzzy inference system shown in this figure (Figure 6) consists of three parts:

Step 1 : Fuzzyfication Step2 : Fuzzy inference Step3 : Deffuzyfication
B A Ta 1 a |44
classical crisp) set A A - \ r
10 - — '
fuzzy st A [ 1 .
membership s/ ; _' ; s| . " ;..
fancticn p{x) i '
ol | LNy, | v ¥
I P ) 1
Figure 6. Steps of fuzzy logic®?
Case study

Indicators Definition

A company can be qualified as ready to implement Industry 4.0 if it meets the requirements in terms of
maturity of its organization, its technology and its processes. A brief description of these criteria follows:

Organization maturity: organizational maturity depends on two elements, Organizational strategy and
workforce. Organizational strategy deals with the necessary support and philosophy that a company must
have to enable organizational change. Workforce or Human Factors (HF) are probably the major enabler of
14.0. With the rise of 14.0, employees will need to be empowered across all organizations and along the value
chain to be agile and strategic in dealing with new challenges. The human workforce includes ‘leadership’,
‘communication’, ‘training’, and a ‘culture of innovation’.®

Technology maturity: technological dimension includes two sub-dimensions: Production technology and
Information technology. Production technology aims at supporting humans in their increasingly complex work
context and is one of the most prominent research areas in 14.0.7 Information technology is differentiated into
the following elements: ‘data collection, analysis, interconnectivity, and transparency’, ‘information security’,
and ‘decentralized decisions’.

Processes maturity: to analyze this maturity, The focus is placed on the value within the concept of the product
life cycle, including product-service development and Order fulfillment. Product-service-based development
addresses the effort to meet customer requirements based on customization, product-service systems, and
shared manufacturing, and implies a simultaneous development of products and services. The order fulfillment
sub-dimension integrates the entire manufacturing process, from production to product delivery.?

As an output function, there is the 14.0 Readiness Score, which is a number between 0 and 1, reflecting the
degree of readiness of the company to adopt 14.0 technologies. The closer its value is to 1, the more ready the
company is, and the closer it is to 0, the more unready the company is. Thus, the model will be schematized

as follows (Figure 7):

Omganization-maturity

Industry 4.0 Readinesd
g et -- = - - - - - -

(mamdani)
Technology-maturity =

-
:}' 14 OReadiness-<ndex

D,

-
~

Figure 7. Parameters Presentation
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Modeling of Indicators

Indicator modeling is characterized by transforming variables into fuzzy variables (also called linguistic
variables) by associating veracity laws to them. The figure below (Figure 11) shows the 14.0 Readiness
membership function p (Readiness) to a universe of discourse with subsets < Ready, not ready> using Mamdani
as the inference type. The 14.0 Readiness variable is divided into modalities (Ready and Unready).

The other indicators are modeled (Figure 8,9 y 10) by the same principle by membership functions of
different type using linguistic terms appropriate to each indicator.
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Figure 8. Organization-maturity membership function
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Figure 11. The output 4.0 Readiness-Index Membership function
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Fuzzy Inference
The part where the experts define the fuzzy rules (Figure 12) using the set of input indicators.®" In this case
study, 18 fuzzy rules were established (3*2*3) with the <and> operator.

Defuzzification

Graphically, the following figure shows the defuzzification step, which consists in transforming the fuzzy set
associated with the inputs: organization maturity, Technology maturity and Process maturity into a net value by
applying the center of gravity method.

Organization-maturity = 0.5Technology-maturity = 0.5 Process-maturity =0.5 4 sReadiness-index = 0.671
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Figure 12. Visualization of decision rules
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RESULTS AND DISCUSSION

The surface represents the three-dimensional relationship between the various inputs and outputs.
Relationships depend on the rules made.®? The very random fluctuations on the surface represent weaknesses
and at the same time indicate the wrong development of the established rules. To analyze the surfaces,
working with only 2 inputs, the third one is set to a constant value (abscissa axis), and the result of the output
is visualized on the coordinate axis.

Case N°1: (Med, Y, Z)
In this case the Organization maturity indicator is set as Medium (Figure 13)
Medium: organization maturity.
Y: technology maturity.
Z: process maturity.

14 0Readiness-index

0 o

Process-maturity

Figure 13. The Cube for Case N°1: (Med, Y, Z)

Technology-maturity
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When considering the Organization criterion as an average value, an analysis of the graph reveals that the
14.0 Readiness score is high when technology maturity is high, indicating the significance of this criterion.
Conversely, the score is low when process maturity is low. Likewise, a medium score can be assigned to an
enterprise with high technological maturity and low process maturity.

Case N°2: (X, Med, Z).
In this case the indicator of the Technology maturity is fixed in moderate (Figure 14).
X: organization maturity indicator.
Med: technology maturity Indicator.
Z: process maturity indicator.

o
N

|4.0Readiness-index
(=]
[=+]

o
-

Process-maturity

Figure 14. The Cube for Case N°2: (X, Med, Z)

The displayed surface shows that the 14.0 Readiness score is small when the process is not mastered.
However, the score is High when the input indicators (Organization, Process) are respectively (High, Mastered)
or (Medium, Mastered). Similarly, a medium score can be assigned to an enterprise with a process that is
moderately mastered to fully mastered. The results obtained are not found in binary logic where the 14.0
readiness score will be null if only one of the input parameters is null, hence the advantage of fuzzy logic. This
simulation is a direct projection to the decision rules set up by the experts, hence the usefulness of modifying
these rules, if necessary, by restoring the rules and allocating the appropriate membership functions to each
input variable. The model allows to rank enterprise readiness for 14.0 according to its scores. Moreover, the
surface gives a vision on the weighting of the input parameters to determine the predominant ones. The result
obtained is associated to each company, since it is the experts in consultation with the company that defines
in advance the weighting of the input criteria and the one among them that matters the most. If the results
obtained are inconsistent with the requirements of 14.0, then the experts are invited to adjust the fuzzy rules
or to redefine the membership functions of the variables.

CONCLUSION

The current Industry 4.0 (14.0) can be understood as a relevant process of merging the physical, digital, and
biological worlds through digital transformation technologies and cyber-physical systems (ISCOOP, 2022). 4.0
has technological enablers for new production systems, like Big Data, Cloud Computing, Artificial Intelligence
(Al), Industrial Internet of Things, and Cybersecurity. It represents a new stage in the organization and control
of the industrial value chain since new technology paradigms and market pressure have transformed production
processes and business models.®» This research proposes a Readiness Model, which relates technological
maturity, organizational maturity, and process maturity enablers as dimensions for evaluating a company’s
readiness to implement Industry 4.0.

This paper demonstrates the feasibility of constructing an artificial intelligence model based on fuzzy
logic theory, enabling companies to evaluate their readiness for adopting 14.0. As a result, the enterprise has
more chance to succeed in this transition. The integration of Al via fuzzy logic is an innovative NDT solution
that enables fast and highly efficient dimensional or surface condition inspections. It is a solution that takes
only minutes, and its footprint remains. Although it is a decision support tool for evaluating 14.0 readiness in
different manufacturing industries, the proposed models based on fuzzy logic theory require a thorough study
of 14.0 Readiness parameters by domain experts before companies can establish relationships between them.
The results obtained vary considerably with changes in these fuzzy relationships that reflect the weights of
different decision parameters, so the model is very challenging. The ingenuity of the model lies in its ability to
model and adapt the decision criteria to the specific requirements of each manufacturing sector by assigning
weights, directly influencing the decision rules. Subsequently, a unique model tailored to the domain can be
developed based on the influential criteria. The main objective of this study is to exploit the knowledge of
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experts to establish decision rules and artificial intelligence to use them and establish a model based on fuzzy
logic to ensure succeed the digital transformation of manufacturing companies.
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