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Abstract. The implementation of Industry 4.0 technology has developed rapidly. Despite its development,
Indonesia is still nascent and requires some implementation monitoring in its priority industries. This study
aims to design a system for assessing the readiness of implementing Industry 4.0 in priority manufacturing
industries in Indonesia. A Fuzzy Inference System framework with six main dimensions has been developed
to assess the level of readiness for Industry 4.0 in priority manufacturing industries. The six assessment
dimensions are Legal Consideration, Products and Service, Manufacturing and Operations, Strategy and
Organization, Supply Chain, and Business Model. These dimensions have been developed into a complete
assessment system for evaluating the level of readiness for implementing Industry 4.0. Validation of the
system has shown that the multi-dimensional assessment system can provide appropriate assessment results
to assess the level of readiness for Industry 4.0 in priority manufacturing industries.

1 Introduction

The manufacturing industry plays an important role in
Indonesia's economy, providing a proportion of the
value added to the gross domestic product (GDP) of up
to 20.61% in 2020 and an average growth rate of 4% in
2015-2019 [1,2]. The Indonesian manufacturing
industry is also challenged to contribute more to the
GDP during the Industry 4.0 revolution, including a
contribution of up to 30% to the GDP, job creation, and
increasing net exports by up to 10% [3]. This is certainly
a challenge for the manufacturing industry, which is
required to compete globally with more efficient
operations.

The implementation of Industry 4.0 in the
manufacturing industry offers tremendous potential for
increasing contributions to the GDP and economic
resilience. Industry 4.0 can enhance competitiveness
and provide more stable and sustainable business
operations, integrating manufacturing with consumers
and other stakeholders, and aligning with sustainable
development goals [4] [5]. However, despite the
enormous opportunities, Indonesia is still at the nascent
level or the lowest level of readiness in implementing
Industry 4.0 according to [6]. On the other hand, other
countries in the ASEAN region have reached the
Leading criteria or are already ready to implement
Industry 4.0.

The lack of readiness in implementing the Industry
4.0 revolution is a major issue that needs to be addressed
immediately. To achieve the grand goals, a strategy is
needed for accelerating the implementation of Industry
4.0 in priority manufacturing industries in Indonesia.

* Corresponding author: muhammad.asrol@binus.edu

Before formulating such a strategy, a mapping of the
capabilities of priority manufacturing industries in
implementing Industry 4.0 is necessary. The mapping of
readiness for implementing Industry 4.0 in priority
manufacturing industries is the first stage to determine
the strategy for accelerating the implementation of
Industry 4.0 in achieving Indonesia's competitiveness
and economic resilience goals by 2030 [7].

Previous research has proposed various methods for
assessing the readiness of implementing Industry 4.0.
[8] proposed measuring Industry 4.0 readiness through
the supply chain operation reference (SCOR) approach
and a Likert assessment. [9] designed a performance
assessment system for the industry using a combination
of qualitative and quantitative approaches. [10,11]
designed assessment systems using a fuzzy approach. In
addition to assessment models, previous research has
proposed several indicators for assessing Industry 4.0
readiness, including [12], who proposed 9 dimensions
for assessing Industry 4.0 readiness in manufacturing;
[13], who proposed dimensions of technology, culture,
and organization in assessing the readiness of
implementing Industry 4.0; and [14], who proposed six
dimensions for assessing Industry 4.0 readiness, with
the technology dimension being the most important.

Previous research has developed several models for
assessing the readiness model to implementing Industry
4.0, but in the case of Indonesia, appropriate indicators
and assessment dimensions are required. In addition,
differences in perceptions of assessment dimensions and
indicators are also a major problem that needs to be
addressed immediately. These differences in perception
will have an impact on inaccurate assessment models,
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which will further pose a threat to the implementation of
Industry 4.0 in the manufacturing industry. This study
proposes a fuzzy approach to assessing feasibility that
can accommodate differences in assessments and
perceptions, ambiguity, and vagueness [15] in
measuring the level of industrial implementation [16]
and [12] also suggest designing an Industry 4.0
readiness assessment model with qualitative and
quantitative indicators to provide an adaptive
assessment model, flexible, and able to map industrial
capabilities.

This study aims to design an adaptive model to
assess Industry 4.0 readiness for the priority industry in
Indonesia. This model is also required to map the
capability of the Indonesian manufacturing industry and
provide further improvement strategies. A fuzzy
approach is proposed for the adaptive system modeling
to accommodate qualitative and quantitative indicators
in Industry 4.0 readiness.

This paper is organized into four sections: in the first
section, research motivation and background are
explored. In the second section, the research stage and
method are delivered in designing the systems to assess
Industry 4.0 readiness. In the third section, the result and
discussion are elaborated and the designed system is
validated. Finally, the conclusion and recommendation
are concluded in the study.

2 Method

2.1 Research stage

The research stage is depicted in Figure 1. In the first
stage, the research motivation and research gap are
explored. The industry 4.0 readiness models are
analyzed and find its requirements for the
manufacturing industry. In the next stage, the ultimate
stage of the research, the indicators and dimensions are
determined. Previous research provided many
dimensions and indicators, while this research refers to
which provides six dimensions and 37 indicators. In this
research, to accommodate an adaptive assessment and to
improve the assessment model the indicators are stated
in qualitative and quantitative manners. This way is
possible to increase model validity [17].

2.2 Data analysis and technique

This research provides a fuzzy inference system to (FIS)
develop the Industry 4.0 readiness assessment for the
manufacturing industry. The FIS model is organized
into six main parts: crisp input, fuzzification, fuzzy rule
modeling, aggregation, defuzzification, and crisp
output. In the first stage, the crisp input is transformed
into a fuzzy number. In this stage, this study provides a
normalization technique.

Suppose that a; as the actual performance of
indicator 7, u. and U, as lower and upper range
performance of indicator i, and 7; as the target
performance of indicator 7, the normalization score that
is transformed into fuzzy crisp for the lower and upper
target are described in Equations 1 and 2.
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The fuzzy rule-based acquisition is the sensitive and
hard part of FIS modeling. Fuzzy rules combination
defines the crisp output. Expert judgment is required to
verify the model. Despite the high number of indicators
for each dimension, the fuzzy rules that should be
generated by the expert are very high. In this stage, the
expert knowledge acquisition will face difficulty to
verify all rules, therefore this research applied a method
proposed by [17,18] to generate the fuzzy rules.

3 Result and discussion

3.1 The need of industry 4.0 readiness
modeling in Indonesia

The concept of Industry 4.0 has long been proposed as a
new paradigm for improving industrial efficiency and
productivity. The main concept of the Industry 4.0
approach is to create vertical and horizontal integration
in the manufacturing system through digital integration
and transformation throughout the production process
[12]. In its development, not all industries can
implement this approach, but the benefits are enormous
for the progress of production and digital
transformation.

To address the implementation of Industry 4.0 in the
manufacturing industry, previous research has
developed a system to demonstrate the industry's ability
to utilize 4.0 technologies in the production process
[19]. In another study, a system for assessing the
readiness of the industry, known as a maturity model,
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was developed to indicate the state in which the industry
is ready, complete, and capable of implementing
Industry 4.0 in its production system [12]. With the
development of technology, various models for
assessing the readiness of implementing Industry 4.0
have been proposed, but there are still some aspects that
need to be considered to determine the industry's ability
comprehensively.

Considering the success of implementing Industry
4.0 technology in other Southeast Asian countries such
as Malaysia and Singapore [6], Indonesia needs to
consider looking into and implementing Industry 4.0 in
potential industries. The main thing to do is to assess the
level of readiness for Industry 4.0 in the Indonesian
manufacturing industry. In assessing the industry's
ability and readiness in implementing the Industry 4.0
approach, several numerical indicators need to be
considered and grouped into dimensions for evaluating
Industry 4.0 readiness. Some weaknesses found in
formulating indicators and dimensions to assess
Industry 4.0 readiness are descriptive assessments [13],
assessments using Likert scales [12], and short surveys
in the industry [20].

To address a more adaptive assessment that
accommodates the uncertainty of indicators in the field
and a more valid assessment, a more systematic
approach is needed. The assessment indicators and
dimensions need to consider qualitative and quantitative
indicators so that the data collection process is more
appropriate to the actual situation in the field. This is
also suggested by [16] and [12] to design a model with
a multi-methodology approach by acquiring quantitative
and qualitative data, resulting in a more valid
assessment of Industry 4.0 readiness.

Indonesia has also developed a framework for
assessing Industry 4.0 readiness called the Indonesia
Industry 4.0 Readiness Index (INDI 4.0). INDI 4.0 is a
reference index used by industry and the government to
assess the level of readiness of industries towards
Industry 4.0. INDI is structured around five pillars and
17 fields, namely factory operations, management and
organization, people and culture, products and services,
and technology [21]. INDI 4.0 is assessed using a Likert
scale of 0-4 through an online survey of relevant
industries. However, INDI 4.0 does not yet cover all
aspects that need to be considered in Industry 4.0
readiness, such as supply chain systems and business
process models.

3.2 Proposed industry 4.0 dimensions and
indicators

This study proposes different indicators and assessment
dimensions from those proposed in INDI 4.0. The
assessment framework for Industry 4.0 readiness adopts
the evaluation system developed by [22], called the

Industry 4 Readiness Assessment Tools. The framework
has been validated globally by related industries. This is
an opportunity to validate the framework in the priority
industry in Indonesia with a new model of assessment.

The dimensions considered in this assessment model
are legal considerations, products and services,
manufacturing and  operations, strategy  and
organizations, supply chain, and business model. The
dimensions and indicators are provided in Table 1.
Target u; and Ui refer to Equation 1 as the lower and
upper target of indicator i.

3.3 FIS modeling for industry 4.0 readiness

Figure 2 illustrates the overall structure of the model.
The model utilizes a FIS-based approach to generate a
clear output related to the performance of industry 4.0
dimensions. The data acquisition stage is crucial for
managing data analysis and processing. Two types of
data are suggested: qualitative data, which is obtained
from expert judgments and includes linguistic labels that
may vary across experts, and quantitative data, which is
collected from secondary sources and supplemented
with benchmark data. The qualitative and quantitative
datasets are processed using Equations 1 and 2
concerning data targets (U; and u;). To handle the
variability in expert opinions, an ordered weighted
average model is proposed to generate a single linguistic
label [23].

Fuzzy rules are developed to transform crisp input
into output. The number of fuzzy rules is determined by
the number of indicators () and linguistic levels (/), as
explained in Equation 3. For instance, as dimensions
have four indicators and set three linguistic levels, then
the number of rules that must be developed is 81 rules,
and so on. The same calculation applies to other cases
as well.

L
Number of rules = HNl
=1

3)

Although it may be challenging for experts to
develop a large number of rules, this research offers a
solution by utilizing a rule generator proposed by Phillis
et al. (2011). The generator operates in two steps: first,
it converts linguistic labels into integer values (e.g., low,
moderate, and high are transformed into 1, 2, and 3,
respectively). Second, the dependent part of the
generated rules is expressed in these transformed values
and then summed up to produce a total score. This total
score is used as the consequent part of the rules and is
mapped to a specific range, as follows:

Low; if 4 < total score <7
Consequent parts = { Moderate; if 8 < total score <10
High; if 11 < total score <12
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Table 1. Dimensions and indicators for industry 4.0 readiness in the manufacturing company.
No Dimensions Indicators Unit Target

1 | Legal 1. Contracting models Qualitative U;
consideration 2. Risk Quantitative u;

3. Data protection Qualitative U;

4. Intellectual property Quantitative U;

2 | Products and | 1. Product customization Quantitative U;
service 2. Digital features of products Quantitative U;

3. Data-driven services Quantitative U;

4. Level of product data usage Quantitative U;

5. Share of revenue Quantitative U;

3 | Manufacturing 1. Automation Quantitative U;
and operations 2. Machine and operation system integration Quantitative U;

3. Digital modeling Quantitative U;

4. Operation data collection and usage Quantitative U;

5. Cloud solution usage Quantitative U;

6. IT and data security Quantitative U;

4 | Strategy  and | 1. Degree of strategy implementation Quantitative U;
organization 2. Investments and finance Quantitative U;

3. People capabilities Quantitative U;

4. Collaboration Quantitative U;

5. Leadership Quantitative U;

5 | Supply chain 1. Inventory control using real-time data management Quantitative U;
2. Supply chain integration Quantitative U;

3. Supply chain visibility Quantitative U;

4. Supply chain flexibility Quantitative U;

5. Lead times Quantitative u;

6 | Business model | 1. ‘Asa service’ business model Qualitative u;
2. Real-time tracking and automated scheduling Qualitative u;

3. Integrated marketing channels Qualitative U;

4. Data-driven decisions Qualitative U;

5. IT-supported business Quantitative U;
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Fig. 2. General model framework of industry 4.0 readiness assessment

The range of consequent parts varies for each
dimension based on the number of input and output

variables and linguistic labels involved. As an example,

the combination of the rule for the legal consideration
dimension is provided in Table 2.
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1. If (ConstractingModel is Low) and (Risk is Low) 5 | Aggregation function | Max
and (DataProtection is Low) and 6 | Defuzzification Centroid
(IntellectualProperty is Low) then (Performance is function
Low) (1)

2. If (ConstractingModgl is Low) and (Risk is Low) Fuzzy rules determine the dimensions of
and (DataProtection is Low) and performance. The variable input is processed by the
(IntellectualProperty ~ is  Moderate)  then Mamdani fuzzy modeling using fuzzy rules then
(Performance is Low) (1) o determine the performance with the centroid

3. If (ConstractingModel is Low) and (Risk is Low) defuzzification model. Before the qualitative and
and (DataProtection  is Low) and quantitative data are normalized, it needs to determine
(IntellectualProperty is High) then (Performance is its membership function (). The linguistic labels and
Low) (1) . . L their membership functions are identified and the fuzzy

4. If (ConstractingModel is Low) and (Risk is Low) scales for input and output variables are depicted in
and  (DataProtection  is ~ Moderate) ~ and Figure 3. Further, the general operator of the FIS model
(IntellectualProperty is Low) then (Performance is to assess the Industry 4.0 readiness of manufacture is
Low) (1) ) o shown in Table 2.

5. If (ConstractingModel is Low) and (Risk is Low)
and  (DataProtection is  Moderate) and
(IntellectualProperty is Moderate) then 3.4 Data analysis and testing
Performance is Low) (1 o . .

6. %f (ConstractingMo dgl(is) Low) and (Risk is Low) A total of six dimensions were assessed using Fuzzy
and  (DataProtection is ~ Moderate) and Inference Systems to evaluate the readiness of the

P - manufacturing industry in adopting Industry 4.0
ilnte;l?;:;tualProperty is High) then (Performance is Technology, as illustrated in Figure 4. The developed
ow i . . .

7. If (ConstractingModel is Low) and (Risk is Low) m"t‘}el allows ] fﬁ” the f‘de““.ﬁca,“on of the curren
and (DataProtection is High) and per orman(;e of the manufacturing industry and potentlz}
(IntellectualProperty is Low) then (Performance is areas .for improvement. To demonstrate. .the H.IOdel.s
Low) (1) effectiveness, hypothetical data were utilized in this

study to identify the current manufacturing performance

81. If (ConstractingModel is High) and (Risk is High) mn t%zils d?ggfslil(s):z i]? rr::((llilr?:ssss,iis ;:glﬁ?r;njgb}leaié
?II; (iellect(u]z)iiilgarlgpr)oeifftisrll{igh) ltshen (;{e lr%:)ll)"manczni(i been tested. Using a randomized dataset, the assessment
High) (1) system enables us to provide the current manufacturing

readiness in adopting Industry 4.0 transformation. The

result of the assessment is provided in the table which

o ® st - e the highest score is 1.00 while the lower score is 0.00.

1 The result shows that the current readiness of the
manufacturer in adopting Industry 4.0 is not satisfied.

08 The highest score is only 0.556 which does not fulfill the
£ highest readiness performance. Moreover, the result is

2o only a hypothetical dataset that does not describe any

E current condition. Therefore, the model is possible to

£ 0.4 validate using a field observation dataset that involves

& experts and respondents from related industries.

o5 Table 3. Model testing and verification.
0 No Dimension Indicators value Result
o o1 o0z 03 04 05 06 07 08 09 1 1 gjfsilderaﬁon [0.50 0.08 0.64 0.24 0.0] | 0.403
Fig. 3. Fuzzy scale for input and output variables Product and
2 service [0.48 0.86 0.71 0.97 0.35] | 0.556
Table 2. FIS model parameter and operator 3 Zﬁzn(l)l;zi;lgﬁf ([)07373] 066098 0.770.08 1| 53¢
No. Parameter Operator Strategy [0.74 0.45 0.26 0.28 1.00] | 0.432
1 Fuzzy inference model | Mamdani 5 | Supply chain [0.81 0.99 0.83 0.09 0.44] | 0.500
2 | Membership function Triangular Fuzzy Number Business
3| Rule Operator And 6 model [0.150.850.18 0.59 0.78] | 0.437
4 | Implication function Min




E3S Web of Conferences 426, 01012 (2023)

https://doi.org/10.1051/e3sconf/202342601012

| I Automation (3)

PR e

e N B ]

T
Rer (s [ >
(mamdani) DigitaiModeling (3) (mamdani)

m 81 res OperatonbaaCaciontsage 3 |

DataProtection (3) Performance (3) il Performance (3)

ji i CloutSolutonUsage (3)

Uit £ MandDataSocurity (3)

Systom Logal Consideration: 4 inputs, 1 cutputs, 81 res System Manufacturing and Operations: 6 ipus, 1 outputs, 729 ules

I RS, | =
Customization (3) Statagyimplementaton (3)

DigitalF eature (3)
PorductDataUsage (3)

ShareRevenve (3)

System ProductiService: 5 inputs, 1 oulputs, 243 s

RealTimeTracking (3)
m st
IntegrateMarketng (3)
el B

DataDrivenDecision (3)

ITSupponedBusiness (3)

System Business Model: § inputs. 1 outputs, 720 rules

Fig. 4. Practical framework for Industry 4.0 readiness assessment

4 Conclusion

The Indonesian manufacturing industry is currently at a
nascent stage and requires further improvement to fully
adopt Industry 4.0. To identify the current performance
of Indonesian manufacturing, an Industry 4.0 readiness
assessment is necessary. This study proposes an
adaptive model that accommodates multiple dimensions
and indicators using both qualitative and quantitative
data to monitor Industry 4.0 readiness in manufacturing
companies. Six dimensions were selected for
assessment, including Legal Consideration, Product and
Service, Manufacturing and Operations, Strategy,
Supply Chain, and Business Model. A fuzzy inference
system with an adaptive model was developed to assess
Industry 4.0 readiness and has proven effective in
evaluating current performance and processing
qualitative and quantitative datasets.

However, further research is necessary to apply the
model using real datasets and develop a comprehensive
model that consolidates all dimensions into a single
score to monitor the current Industry 4.0 readiness level
from multiple dimensions.
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