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3. The Proposed Method

The Framework of the Proposed Method

The motivation behind the development of the proposed method is to propose a generalized
method based on belief functions to evaluate the sustainable transport solutions under consideration.
The proposed method addresses both objectives. One is that the flexibility is improved since the
method can deal with uncertainty and conflictive information due to D-S theory. The other is that
the modified method has good performance in sensitivity analysis. The framework of our proposed
method is shown in Figure 1.

Figure 1. The framework of our proposed method. BPA: basic probability assignment.

Step 1: Selection of criteria.

The elements of sustainability refer to the Brundtland report of 1987 [64], and social, economic,
and environmental indicators were concluded by transport researchers. The more detailed elements
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on three indicators are based on specific situations. In [20], nine evaluation criteria for sustainability
assessment are introduced—namely, cost (C1), fuel consumption (C2), air quality (C3), noise perception
(C4), users numbers (C5), spatial accessibility (C6), satisfaction (C7), security (C8), and congestion
level (C9), which are shown in Figure 2. AHP is used to determine the weight of different criteria,
and detailed steps are represented in Section 2.2.

Figure 2. Evaluation criteria for sustainability assessment.

Step 2: Data collection and information fusion for BPAs.

After identifying evaluation criteria, data sets can be collected from various channels during the
testing stage of the transportation measure. Anjali Awasthi et al. [20] mention four information sources:
“Human experts”, “Sensors”, “Models” and “Survey”. For example, experts usually have professional
related experience or knowledge on city transportation to guarantee the reliability of information.
Surveys are conducted with city residents and the responses are further aggregated to obtain BPAs.
Models can be determined by the type of given data. For example, input data can be the number of
votes that support a certain transport solution on different criteria, and thus we can apply a probability
model to construct BPAs. Sensors use a measurement technique to allocate BPA values to different
criteria for the transportation measure under study. With respect to each criteria, BPAs from different
information sources are aggregated using Dempster’s combination rule to generate a single belief
function. The following will introduce the construction and representation of BPAs for collected data.

Experts allocate confidence to evaluation levels for each criteria. A new framework of evaluation
level is proposed in this article: two evaluation levels, I and D. I means “increase” and D means
“decrease”. The vector of utility related to evaluation levels is given by u: u = {u(I), u(D), u(I,D)}.
In other words, there exists a frame of discernment represented as Θ = {I, D}, 2Θ = {{I}, {D}, {I, D}},
the belief distribution on evaluation levels is represented with a form of mass function (i.e., BPA).

For example, in terms of the criteria “Cost” for car-sharing, a BPA from expert is shown as follows:

m{I} = 0.25; m{D} = 0.25; m{I, D} = 0.5.

This means that:

(1) “car-sharing solution will increase utility in terms of cost with the belief degree 0.25”.
(2) “car-sharing solution will decrease utility in terms of cost with the belief degree 0.25”.
(3) “the expert does not know whether the utility will increase or decrease with the belief degree 0.5”.
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Step 3: Utilities estimation.

For a certain transport solution, each criteria is either positively or negatively oriented with the
utilities. For instance, a higher cost gets a lower utility while a higher air quality gets a higher utility.
Complete utility values for nine criteria are shown in Table 3. Note that the number 1 represents the
highest utility value, 0 represents the lowest utility value, and 0.3 represents an intermediate value
chosen between 0 and 1. The global utility (ui) for a criteria i can be calculated using the individual
utility for evaluation levels Hk ∈ {I, D} and the combined BPA. The formulation is as follows:

ui =
p

∑
k=1

u(Hk)× BPA(Hk), (9)

where p is equal to 3. Hk = {I, D, {I,D}}, u(Hk) represents the individual utility of evaluation levels
as shown in Table 3, and BPA(Hk) is the basic probability assignment related to each evaluation
level u(Hk).

Table 3. Utility values for criteria [20].

Evaluation Criteria Utility Values u(I), u(D), u(I,D)

Cost (C1), Fuel consumption (C2), Noise perception (C4), Congestion level (C9) (0, 1, 0.3)
Air quality (C3), Users numbers (C5), Spatial accessibility (C6), Satisfaction (C7), Security (C8) (1, 0, 0.3)

Step 4: Estimation of city sustainability.

The global utilities for nine criteria can be used to estimate city sustainability at any given time t
by a Transport Sustainability Index (TSI) [20]. Let us denote the global utilities for the criteria C1, C2,
C3, · · · , CN at time tn by u1(tn), u2(tn), u3(tn), · · · , un(tn). As a result, the transport sustainability index
(TSI) at time tn is given by:

TSI(tn) = u1(tn)× ω1 + u2(tn)× ω2 + u3(tn)× ω3 + · · ·+ un(tn)× ωn, (10)

where ωi is the weight of criteria obtained from AHP.

Step 5: Impact assessment of the transport measure.

The impact of the transportation measure on city sustainability is assessed by observing the
change in TSI with respect to the pre-test and the post-test stages. Let tn−1 represents a time instant in
the pre-test stage and tn represent a time instant in the post-test stage, then the change in transport
sustainability index over time interval [tn−1, tn] is given by:

�TSI[tn−1, tn] = TSI(tn)− TSI(tn−1), (11)

If � TSI > 0, we can conclude that the impact of the transportation measure on city sustainability
is positive and thus the measure can be regarded as sustainable transport. If � TSI < 0, the measure
will be rejected for recommendation due to unsustainability.

Step 6: Sensitivity analysis.

To check the effectiveness of our proposed method, two experiments of conflictive information
and changed weights of criteria will be illustrated in this part to better compare the difference between
the method of Anjali Awasthi et al. [20] and ours.

The first experiment is about conflictive information to address the question “How sensitive is
the overall decision to conflictive information during the information fusion process?” Conflictive
information arises very easily due to man-made error, a fault in the model, or the subjectivity of experts’
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opinions. It is necessary to confirm that a method has redundancy to be more flexible and practical so
that it has a more extensive application.

The second experiment is about the weight of criteria to address the question "How sensitive is the
overall decision to small changes in the individual weight assigned during the pair-wise comparison
process?" This question can be answered by slightly varying the values of weight and observing the
effects on the decision. Moreover, because the weights of criteria are subjectively determined by
experts using AHP, it is useful in situations where uncertainty exists in the definition of the importance
of different factors.

4. Car-Sharing Application

Car-sharing means that a car is shared with many people. It is an alternative system of car
ownership. In other words, the driver of vehicle only has the use right but no ownership. Car-sharing
is similar to chartering a rental car for a short time. Clients reserve the vehicle in advance by telephone
or online and then can get access to the vehicle. In general, a company is used to coordinating the
vehicle and is responsible for the insurance and parking of vehicles. Car-sharing is a feasible option to
reduce vehicle emissions by minimising the number of private vehicle movements inside cities [65–67].
The architecture of a typical car-sharing organization (CSO) is illustrated in Figure 3.

Figure 3. The architecture of a typical car-sharing organization (CSO) [20].

The aim of this part is to evaluate the influence of car-sharing on city sustainability and provide
valuable suggestions for the city transportation authority to determine whether car-sharing can be
implemented in the city.

4.1. Selection of Criteria

In the car-sharing system, nine criteria as mentioned previously are identified for sustainable
evaluation: criteria cost (C1), fuel consumption (C2), air quality (C3), noise perception (C4), users
numbers (C5), spatial accessibility (C6), satisfaction (C7), security (C8), and congestion level (C9).

4.2. Data Collection and Information Fusion for BPAs

The data of BPAs on two evaluation levels (increase (I), decrease (D)) for nine criteria were
collected from four information sources: expert, model, survey, and sensors/actual measurement.
In order to provide convenience for calculation and comparison, note that the data at pre-test stage
and post-test stage was from [20], yet there is a change in the framework of evaluation levels, and
corresponding BPAs are shown respectively in Tables 4 and 5. In [20], three evaluation levels were
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introduced: I (increase), N (no change), D (decrease). In our article, only levels I and D are considered,
and the original data corresponding to level N is mapped to the set {I,D}, in which BPA representation
is formed.

Table 4. Data collection of BPAs at the pre-test stage [20].

Evaluation Criteria
Expert Model Survey Sensors

I D Θ I D Θ I D Θ I D Θ

cost (C1) 0.25 0.25 0.5 0.6 0.2 0.2 0.5 0.2 0.3 0.5 0.15 0.35
f uel consumption (C2) 0.3 0.3 0.4 0.4 0.2 0.4 0.4 0.2 0.4 0.2 0.5 0.3

air quality (C3) 0.65 0.15 0.2 0.7 0.2 0.1 0.6 0.2 0.2 0.8 0.1 0.1
noise perception (C4) 0.25 0.65 0.1 0.8 0.1 0.1 0.5 0.2 0.3 0.1 0.8 0.1
users numbers (C5) 0.7 0.2 0.1 0.2 0.1 0.7 0.8 0.1 0.1 0.6 0.1 0.3

spatial accessibility (C6) 0.5 0.3 0.2 0.6 0.1 0.3 0.5 0.2 0.3 0.7 0.1 0.2
satis f action (C7) 0.6 0.1 0.3 0.7 0.1 0.2 0.6 0.1 0.3 0.8 0.1 0.1

security (C8) 0.4 0.3 0.3 0.4 0.2 0.4 0.4 0.2 0.4 0.5 0.3 0.2
congestion level (C9) 0.4 0.4 0.2 0.1 0.5 0.4 0.2 0.5 0.3 0.2 0.6 0.2

Table 5. Data collection of BPAs at the post-test stage [20].

Evaluation Criteria
Expert Model Survey Sensors

I D Θ I D Θ I D Θ I D Θ

cost (C1) 0.3 0.2 0.5 0.4 0.2 0.4 0.2 0.1 0.7 0.1 0.3 0.6
f uel consumption (C2) 0.2 0.5 0.3 0.1 0.5 0.4 0.2 0.3 0.5 0.2 0.4 0.4

air quality (C3) 0.6 0.1 0.3 0.7 0.1 0.2 0.6 0.2 0.2 0.7 0.2 0.1
noise perception (C4) 0.1 0.6 0.3 0.1 0.8 0.1 0.2 0.7 0.1 0.2 0.6 0.2
users numbers (C5) 0.8 0.1 0.1 0.7 0.1 0.2 0.6 0.3 0.1 0.8 0.1 0.1

spatial accessibility (C6) 0.6 0.1 0.3 0.8 0.1 0.1 0.6 0.3 0.1 0.7 0.1 0.2
satis f action (C7) 0.7 0.1 0.2 0.8 0.1 0.1 0.6 0.2 0.2 0.6 0.1 0.3

security (C8) 0.25 0.4 0.35 0.3 0.3 0.4 0.2 0.3 0.5 0.2 0.4 0.4
congestion level (C9) 0.2 0.5 0.3 0.1 0.7 0.2 0.2 0.6 0.2 0.2 0.4 0.4

According to Equations (2)–(4), a comprehensive evaluation for each criterion can be calculated
by Dempster’s combination rule. Consider the criterion “Cost” in Table 5; let us denote the BPA from
Expert by m1

1, from Model by m1
2, from Survey by m1

3, and from Sensors by m1
4. The detailed procedure

for data combination can be shown as follows:

1. Original BPAs from Table 5 is:

m1
1(I) = 0.3, m1

1(D) = 0.2, m1
1(Θ) = 0.5,

m1
2(I) = 0.4, m1

2(D) = 0.2, m1
2(Θ) = 0.4,

m1
3(I) = 0.2, m1

3(D) = 0.1, m1
3(Θ) = 0.7,

m1
4(I) = 0.1, m1

4(D) = 0.3, m1
4(Θ) = 0.6.

2. Data information: Using Equations (2)–(4), we have m1
1
⊕

m1
2
⊕

m1
3
⊕

m1
4 =

m1(I) = 0.5645,
m1(D) = 0.3226,
m1(Θ) = 0.1129.

From the above analysis, a comprehensive BPA is obtained for the criteria “Cost” from four
information sources. Likewise, the remaining BPAs for eight criteria can be computed. The aggregated
BPA results for nine criteria at the pre-test and post-stage stages of car-sharing are represented
in Table 6.
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Table 6. The aggregated BPA results for nine criteria.

Evaluation Criteria
Pre-Test Stage Post-Test Stage

I D Θ I D Θ

cost (C1) 0.8413 0.1365 0.0222 0.5645 0.3226 0.1129
f uel consumption (C2) 0.5039 0.4488 0.0472 0.1234 0.8225 0.0541

air quality (C3) 0.9831 0.0161 0.0008 0.9796 0.0189 0.0015
noise perception (C4) 0.4260 0.5714 0.0026 0.0088 0.9908 0.0004
users numbers (C5) 0.9680 0.0285 0.0035 0.9861 0.0132 0.0008

spatial accessibility (C6) 0.9375 0.0550 0.0075 0.9907 0.0089 0.0004
satis f action (C7) 0.9855 0.0117 0.0027 0.9891 0.0098 0.0010

security (C8) 0.7379 0.2388 0.0233 0.3566 0.5778 0.0657
congestion level (C9) 0.1377 0.8503 0.0120 0.0343 0.9598 0.0060

4.3. Utilities of Estimation

After BPAs for nine criteria are obtained, global utility of each criteria on car-sharing can be
calculated using individual utility values from Table 3. For example, the global utility for criteria
“Cost(C1)” and criteria “Air quality(C3)” are computed using Equation (11):

u1 = u(I) ∗ BPA(I) + u(D) ∗ BPA(D) + u(Θ) ∗ BPA(Θ)

= 0 ∗ 0.5645 + 1 ∗ 0.3226 + 0.3 ∗ 0.1129
= 0.3565

u3 = u(I) ∗ BPA(I) + u(D) ∗ BPA(D) + u(Θ) ∗ BPA(Θ)

= 1 ∗ 0.9796 + 0 ∗ 0.0189 + 0.3 ∗ 0.0015
= 0.9800

Similarly, global utilities of the remaining seven criteria can be computed. The results are shown
in Table 7.

Table 7. Global utilities for nine criteria.

Evaluation Criteria At the Pre-Test Stage At the Post-Test Stage

cost (C1) 0.1432 0.3565
f uel consumption (C2) 0.4630 0.8387

air quality (C3) 0.9834 0.9800
noise perception (C4) 0.5722 0.9909
users numbers (C5) 0.9691 0.9863

spatial accessibility (C6) 0.9398 0.9908
satis f action (C7) 0.9864 0.9894

security (C8) 0.7449 0.3763
congestion level (C9) 0.8539 0.9615

4.4. Estimation of City Sustainability

As mentioned before, a Transport Sustainability Index (TSI) can be used to measure city
sustainability at any given time with global utilities. The Transport Sustainability Indexes of car-sharing
at pre-test and post-test stages are denoted by TSI(tbe f ore) and TSI(ta f ter), respectively. Assuming an
equal weight of 0.111 for all criteria, using global utilities (Table 7) and criteria weight, we have:

TSI(tbe f ore) = 0.1432 ∗ 0.111 + 0.4630 ∗ 0.111 + 0.9834 ∗ 0.111
+0.5722 ∗ 0.111 + 0.9691 ∗ 0.111 + 0.9398 ∗ 0.111
+0.9864 ∗ 0.111 + 0.7449 ∗ 0.111 + 0.8539 ∗ 0.111
= 0.7388

TSI(ta f ter) = 0.3565 ∗ 0.111 + 0.8387 ∗ 0.111 + 0.9800 ∗ 0.111
+0.9909 ∗ 0.111 + 0.9863 ∗ 0.111 + 0.9908 ∗ 0.111
+0.9894 ∗ 0.111 + 0.3763 ∗ 0.111 + 0.9615 ∗ 0.111
= 0.8292
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4.5. Impact Assessment of the Transport Measure (Transport Solution Evaluation)

From the above, we can obtain the TSI values for car-sharing at pre-test and post-test stages
and easily find that TSI(ta f ter) > TSI(tbe f ore), 0.8292 > 0.7388. Therefore, a conclusion is drawn that
the change brought by the transportation measure “car-sharing” is positive and thus car-sharing is
suggested for adoption in the city.

4.6. Sensitivity Analysis

4.6.1. Experiment 1

From Tables 4 and 5, we can find that most BPAs have a similar trend to support the same
evaluation level. For example, in Table 5 for the criteria “Air quality (C3)”, most BPAs from four
information sources have the most confidence in supporting the evaluation level “I”; for the criteria
“Congestion levels (C9)”, the collected data show that there is strong confidence with the evaluation
level “D”. However, in real life, it is noteworthy that incorrect data is possibly derived from human
error, fault in the model, or the subjectivity of experts’ opinion. Regardless, conflictive data may
occur. Experiments were performed to determine the sensitivity of the final decision with respect to
conflictive BPAs, and a comparison between Anjali Awasthi et al.’s method [20] and our proposed
method is given.

From Table 5, for the criteria “Number of users”, the model and sensor respectively provide a
BPA: m(I) = 0.7, m(D) = 0.1, m(Θ) = 0.2; m(I) = 0.8, m(D) = 0.1, m(Θ) = 0.1. In this experiment, two new
BPAs are substituted: m(I) = 0, m(D) = 0.1, m(Θ) = 0.9; m(I) = 0.9, m(D) = 0.1, m(Θ) = 0. The other two
information sources “Expert” and “Survey” support the evaluation level “I” with a strong confidence
m1

5 = 0.8, m3
5 = 0.6, while the new BPA from the model has the most confidence in supporting the set

“Θ”. Generally, it is called a piece of conflict evidence. Global utilities for nine criteria at the post-test
stage with two methods are shown in Tables 8 and 9.

Table 8. The testing BPA fusion results.

Evaluation Criteria
Anjali Awasthi et al.’s Method Our Proposed Method

I D Θ I D Θ

cost (C1) 0.0274 0.9589 0.0137 0.2258 0.5053 0.2689
f uel consumption (C2) 0.0146 0.4380 0.5474 0.2296 0.3596 0.4108

air quality (C3) 0.9910 0.0067 0.0022 0.5893 0.2087 0.2018
noise perception (C4) 0.0020 0.0030 0.9951 0.2026 0.2399 0.5574
users numbers (C5) 0 0 1.0000 0.6913 0.1894 0.1932

spatial accessibility (C6) 0.9956 0.0030 0.0015 0.5946 0.2373 0.1681
satis f action (C7) 0.9931 0.0059 0.0010 0.5771 0.2566 0.1661

security (C8) 0.0661 0.6167 0.3172 0.2529 0.3743 0.3727
congestion level (C9) 0.0089 0.0536 0.9375 0.2290 0.3350 0.4359

Table 9. Global utilities of testing for nine criteria with two methods.

Evaluation Criteria Anjali Awasthi et al.’s Method Our Proposed Method

cost (C1) 0.1432 0.3565
f uel consumption (C2) 0.4630 0.8387

air quality (C3) 0.9834 0.9800
noise perception (C4) 0.5722 0.9909
users numbers (C5) 0 0.9846

spatial accessibility (C6) 0.9398 0.9908
satis f action (C7) 0.9864 0.9894

security (C8) 0.7449 0.3763
congestion level (C9) 0.8539 0.9615

From Table 10 and Figure 4, it can be easily seen that before modifying the data, a positive impact
on urban transportation can be obtained by testing the transportation solution, while a negative impact
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is found after the emergence of conflictive evidence in Anjali Awasthi et al.’s method [20]. However, in
our proposed method, we can come to the same conclusion that the influence brought by car-sharing
in the city is positive and therefore car-sharing is recommended for adoption, which demonstrates that
the proposed method can handle conflictive data well.

The Transport Sustainability Index (TSI) at the post-test stage for the two methods and the
comparison of the two methods are shown in Table 10.

Table 10. Comparison of the two methods.

Anjali Awasthi et al.’s Method Our Proposed Method

TSI(tbe f ore) 0.7033 0.7388
TSI(ta f ter) 0.6843 0.8190
� TSI TSI(tbe f ore) > TSI(ta f ter) TSI(tbe f ore) < TSI(ta f ter)
Transport solution evaluation Negative Positive
Transport solution evaluation (without conflict) Positive Positive

Figure 4. The first comparison in the sensitivity analysis of two methods. Method 1: Anjali
Awasthi et al.’s method. Method 2: Our proposed method.

4.6.2. Experiment 2

In this article, equal weight for different criteria is assumed to calculate the TSI at pre-test and
post-test stages for simplicity. Experiments were conducted to determine the sensitivity of the final
decision with respect to weight changes of different criteria. These experiments are represented
in Table 11.
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Table 11. Different weight for nine criteria [20].

Experiment 2
Weights of Criteria

C1 C2 C3 C4 C5 C6 C7 C8 C9

1 1 0 0 0 0 0 0 0 0
2 0 1 0 0 0 0 0 0 0
3 0 0 1 0 0 0 0 0 0
4 0 0 0 1 0 0 0 0 0
5 0 0 0 0 1 0 0 0 0
6 0 0 0 0 0 1 0 0 0
7 0 0 0 0 0 0 1 0 0
8 0 0 0 0 0 0 0 1 0
9 0 0 0 0 0 0 0 0 1
10 0 0 0.2 0 0.2 0.2 0.2 0.2 0
11 0.1 0.1 0.2 0.2 0.05 0.1 0.05 0.1 0.1
12 0.25 0.25 0 0.25 0 0 0 0 0.25
13 0.125 0.125 0.1 0.125 0.1 0.1 0.1 0.1 0.125
14 0.111 0.111 0.111 0.111 0.111 0.111 0.111 0.111 0.111
15 0.5 0.0625 0.0625 0.0625 0.0625 0.0625 0.0625 0.0625 0.0625
16 0.0625 0.5 0.0625 0.0625 0.0625 0.0625 0.0625 0.0625 0.0625
17 0.0625 0.0625 0.5 0.0625 0.0625 0.0625 0.0625 0.0625 0.0625
18 0.0625 0.0625 0.0625 0.5 0.0625 0.0625 0.0625 0.0625 0.0625
19 0.0625 0.0625 0.0625 0.0625 0.5 0.0625 0.0625 0.0625 0.0625
20 0.0625 0.0625 0.0625 0.0625 0.0625 0.5 0.0625 0.0625 0.0625
21 0.0625 0.0625 0.0625 0.0625 0.0625 0.0625 0.5 0.0625 0.0625
22 0.0625 0.0625 0.0625 0.0625 0.0625 0.0625 0.0625 0.5 0.0625
23 0.0625 0.0625 0.0625 0.0625 0.0625 0.0625 0.0625 0.0625 0.5

From Table 11, we can find that:

(1) Experiments 1–9 consider one criterion at a time with a maximum weight = 1 and allocate weight
= 0 to the remaining eight criteria.

(2) Experiment 10 provides equal weight = 0.2 to the criteria with the high utility values for increase
(I) for post-test stage (i.e., C3, C5, C6, C7, C8). The weight of the remaining criteria is equal to 0.

(3) Experiment 11 gives a random allocation of weight to different criteria.
(4) Experiment 12 provides equal weight = 0.25 to the criteria with low utility values for increase (I)

for the post-test stage (i.e., C1, C2, C4, C9).
(5) Experiment 13 distributes equal weight = 0.1 to criteria with high utility values for increase (I) for

the post-test stage (i.e., C3, C5, C6, C7, C8). Equal value = 0.125 is given to criteria with low utility
values for increase (I) for post-test stage (i.e., C1, C2, C4, C9).

(6) Experiment 14 sets 0.111 as the weight of all criteria.
(7) Experiments 15–23 provide weight = 0.25 over one criteria and distribute the remaining 0.5 weight

over eight criteria, making their criteria weight = 0.0625.

The results are presented in Figure 5.
From Figure 5, we can find that most experiments support the conclusion that the Transportation

Sustainability Index (TSI) at the post-test stage is higher than the pre-test stage regardless of the
changes in criteria weight, which shows the robustness of our proposed method. As a result, we can
draw the conclusion that car-sharing has a positive impact on improving transport conditions inside
the city. Car-sharing is recommended for adoption.
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Figure 5. Results of sensitivity analysis in Experiment 2.

5. Discussion

In our proposed model, analytic hierarchy process (AHP) and Dempster–Shafer evidence theory
(D-S theory) are combined to evaluate the impact of transport measures on city sustainability.
The desirable properties of the model are stated as follows:

Basic probability assignment (BPA) rather than probability function is used to represent the
confidence of evaluation levels for all criteria. In Anjali Awasthi et al.’s method [20], three evaluation
levels {I, N, D} are mentioned which satisfies the equation p(I) + p(N) + p(D) = 1; while in our method,
m(I) + m(D) + m(Θ) = 1, which means that the unit mass is distributed among the singletons in Θ
and composite hypotheses as well. Through a modification, the probability function was transformed
to BPA in D-S theory to better express the uncertainty. D-S theory has a strong function to manage
uncertain information from various sources to make a decision. Furthermore, conflictive information
can be handled well in our proposed method. As can be seen in Experiment 1, when conflictive data
occur, two very different results are obtained in Anjali Awasthi et al.’s method [20], instead of the
consistent result obtained in our proposed method.

Furthermore, in this article we come to the conclusion that car-sharing has a positive effect on city
sustainability, which can be explained as follows: by reducing trips in private vehicle movements in
the city, car-sharing can reduce vehicle emissions, as well as the occurrence of accidents and traffic
congestion in the urban network to some extent. Moreover, car-sharing provides alternatives for
humans’ travel and thus can bring convenience. In a word, car-sharing can promote city sustainability
through the improvement of urban conditions in terms of social and environmental aspects.

6. Conclusions

In this article, a modified method for evaluating sustainable transport solutions combining AHP
and Dempster–Shafer evidence theory is proposed. AHP is adopted to determine the weight of
sustainability criteria while D-S theory is used for data fusion of sustainability assessment. A Transport
Sustainability Index (TSI) is presented as a primary measure to determine whether transport solutions
have a positive impact on city sustainability. Finally, a case study of car-sharing is illustrated to
show the efficiency of our proposed method. Compared with existing methods, two advantages
can be listed: one is that the BPA is generated with a new modification framework of evaluation
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levels, which can flexibly address uncertain information. The other is that the modified method has
excellent performance in sensitivity analysis. The model can be widely used in evaluating the impact
of environment-friendly transport measures on city sustainability.
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Abstract: Interest in smart factories and smart supply chains has been increasing, and researchers
have emphasized the importance and the effects of advanced technologies such as 3D printers, the
Internet of Things, and cloud services. This paper considers an innovation in dynamic supply-chain
design and operations: connected smart factories that share interchangeable processes through a
cloud-based system for personalized production. In the system, customers are able to upload a
product design file, an optimal supply chain design and operations plan are then determined based
on the available resources in the network of smart factories. The concept of smart supply chains is
discussed and six types of flexibilities are identified, namely: design flexibility, product flexibility,
process flexibility, supply chain flexibility, collaboration flexibility, and strategic flexibility. Focusing
on supply chain flexibility, a general planning framework and various optimization models for
dynamic supply chain design and operations plan are proposed. Further, numerical experiments are
conducted to analyze fixed, production, and transportation costs for various scenarios. The results
demonstrate the extent of the dynamic supply chain design and operations problem, and the large
variation in transportation cost.

Keywords: connected smart factories; additive manufacturing; dynamic supply chain design;
flexibility; customized demand

1. Introduction

In the era of mass production, manufacturing companies have emphasized the efficiency of
processes such as procurement, production, and logistics, in order to minimize the cost of over- and
under-stocking. To improve productivity and reduce costs, companies have focused on economies
of scale, and analyzed the tradeoffs between different processes. As the importance of personalized
customer needs increases and the product life cycle became shorter, more companies are focusing
upon customized products and flexibility. Production and supply chain management (SCM) systems,
such as lean and agile systems, have been introduced by many companies [1,2].

The manufacturing system that provides customized products has been discussed and
implemented. In particular, a manufacturing paradigm of mass customization has been in place
since the late 1980s. Even though there has been controversy over the level of individualization [1],
mass customization has been implemented by several important concepts, including product family
architecture, reconfigurable manufacturing system, and delaying differentiation [3]. Now, we are
entering a new era, which demands a new manufacturing paradigm, focusing on highly customized
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products, such as economies of one [4] and make-to-individual production [5]. Therefore, with the
adoption of new information and communication technology (ICT), developing new production and
SCM systems that support personalized manufacturing has become an matter of urgency [6].

Many governments and manufacturing companies have been developing more automated and
flexible systems, in order to provide customized products. In Germany for example, the Industry 4.0
strategy was announced, and the concept of the smart factory was introduced by integrating new ICT
technology and manufacturing systems. With advanced ICT technologies such as the Internet of Things
(IoT), cloud computing, data analytics, and 3D printers, we are able to develop new manufacturing and
supply chain systems that are tailored to meet individualized requirements [7]. In such environments,
equipment in a smart factory is connected by the IoT, and monitored and shared in a cloud system.
When multiple factories are connected and shared, they become connected smart factories, or a web
of smart factories. In a traditional manufacturing system, it may be difficult to share processes and
facilities; however, in an environment of connected smart factories, it is possible to share factories in
real time and create new business models [8]. Customers and other players in a supply chain can
be connected and efficiently communicate through a cloud-based system. To test and implement
the new supply chain, the EU implemented the ManuCloud project, to share the manufacturing
capacity of production networks in the cloud architecture [9]. In Korea, connected smart factories
with 3D printers supporting personalized production have been built in Daejeon, Gwangju, and
other cities, and are managed in the cloud system under the name “Factory as a Service” (FaaS) [10].
Figure 1a shows the layout of the smart factory. 3D printers and post-processing facilities are located
at the side of the octagon, while a robot arm in the center moves products. The factory in each city
has interchangeable processes which can be shared when connected to the cloud system. Figure 1b
shows the FaaS cloud system with which customers can upload computer-aided design (CAD) files
of products, collaborate with engineers, and request production. The motivation for this research is
a desire to develop a dynamic supply chain design and planning applications for connected smart
factories, with additive manufacturing.

 
 

(a) (b) 

Figure 1. Connected smart factories and the cloud system. (a) Smart Factory; (b) Cloud System.

Theory and applications in SCM have been developed according to changes in manufacturing
and business environments. Traditionally, the topics in SCM are classified into design and operation,
and control aspects [11,12]. Supply chain design aspects deal with network configuration, outsourcing,
and capacity decisions; these are long-term concerns for which changes in decisions have significant
financial implications. Therefore, traditional supply chains are not frequently modified. Once a
supply chain is designed according to the objective of the company, it is fixed for several months or
years. Supply chain operation and control aspects are addressed after design decisions have been
made. Medium and short term forecasting, production planning, and subcontracting are examples of
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operations and control issues. However, due to the aforementioned changes in business environments,
a new approach is needed for dynamically designing supply chain, in order to efficiently support
personalized production. In this paper, we consider a network design problem as a short-term decision
based on real time data, including capacity and demand. The main contributions of the paper are
as follows:

• In this paper, six types of flexibility associated with a network of smart factories utilizing 3D
printers, cloud computing, and the IoT, are identified and defined. Specifically, design flexibility,
product flexibility, process flexibility, supply chain flexibility, collaboration flexibility, and strategic
flexibility are explained, based on a review of previous research.

• This paper proposes a general planning framework and two optimization models for supply chain
design and operation, by dynamically connecting smart factories according to customer demand.

• This paper demonstrates a way of managing a network of smart factories to deal with customized
products, and demonstrates the performance of the proposed approach with some scenarios.

The remainder of this paper is organized as follows. In Section 2, smart supply chains are
described and the relevant literature is reviewed. Six types of flexibility are identified and explained
with several examples. Papers considering mathematical models on supply chains with additive
manufacturing are also reviewed. In Section 3, a general planning framework to solve the design and
operations problems of a smart supply chain is presented. Optimization models are developed for
selecting appropriate processes in the network of smart factories, and to generate efficient production
and logistics plans using the selected processes. Numerical experiments are described in Section 4,
and Section 5 concludes the paper.

2. Smart Supply Chain with Additive Manufacturing

2.1. The Concept of Smart Supply Chains

As customized products increase, companies require the ability to produce a variety of products
and form an integrated network in order to efficiently utilize geographically distributed resources.
A network providing customized products according to customer needs was proposed as the smart
supply chain concept [13]. Later, Noori and Lee [14] focused on the role of small- and medium-sized
enterprises (SMEs) in competing with big companies. Geographically spread but electronically linked
SMEs could form a dynamic and adaptive network without obligatory egalitarian responsibility, which
is different from traditional collaborative networks. The dynamic and adaptive network is referred
to as a dispersed manufacturing network. Similar concepts of connecting companies to generate
collaborative and competitive organizations include collaborative networks [15,16], responsive supply
chains [17], and distributed manufacturing [18].

The concept of the smart supply chain is not new and has been discussed by many researchers
and practitioners; however, recent research emphasizes the role of advanced ICT. Gaynor et al. [19] is
one of the earlier works that proposes a smart supply chain using wireless sensors. As an example,
they developed a prototype application to handle Sears’ customized orders. Bendavid and Cassivi [20]
suggest that the next step in the development of wireless sensors is the higher-level integration
of inter-organizations, and e-commerce within a self-managed smart supply chain. In subsequent
research, Bendavid and Cassivi [21] show how radio-frequency identification (RFID) could be adopted
to implement smart supply chain models to deal with their dynamic nature. Ivanov and Sokolov [22]
consider the next generation supply chain as a cyber-physical system (CPS)—an advanced network
using a physical system and cloud service. They emphasize that a pre-determined supply chain
structure will evolve into a dynamic and temporary network. The customer-centered new supply
chain is more flexible, adaptable, and intelligent, so that it could operate without human involvement.

Butner [23] claims that a smarter supply chain has three properties: (1) instrumented—more
data in a supply chain would be generated by various devices such as sensors, RFID, and actuators;
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(2) interconnected—more objects in a supply chain would be extensively connected and lead to massive
collation among them; and (3) intelligent—more intelligent systems would help people by making
real-time decisions and predicting future events. Recently, Wu et al. [24] added three additional
characteristics, including automated, integrated, and innovative.

This paper focuses on the flexibility and dynamics required to make customized products,
which could be achieved by employing new ICT such as sensors, 3D-printers, CPS, and IoT. It considers
a set of geographically dispersed smart factories sharing their machines and collaborating to make
customized products through a cloud system—called connected smart factories. They are able to share
machines through entire processes, or partially share some processes to make a customized product.
Then, smart supply chains could be dynamically organized to fulfill a customer order and dissolve
after order fulfillment, using the advanced ICT mentioned above.

2.2. Flexibility in the Smart Supply Chain with Additive Manufacturing

With advanced ICT, the smart supply chain could be more flexible than the traditional supply
chain. There are many ways to implement a smart supply chain. For example, traditional production
facilities with smart software systems can be a part of a smart supply chain. With anticipatory shipping
models, a company is able to deal with individual customer’s requirement. In this paper, we focus
on the flexibilities achieved by connected smart factories with additive manufacturing that can be
shared via a cloud system. A literature review was conducted to identify the flexibilities, which have
been classified into six categories. Note that the purpose of the paper is not to thoroughly review the
smart supply chain literature, but to identify smart supply chain flexibilities with 3D printing and
other interchangeable processes.

2.2.1. Design Flexibility

A 3D printer using additive manufacturing technology adds layers using raw materials such as
polymers, ceramics, and metals [25]. 3D printers can produce products in the desired shape without
molds when the raw materials necessary for the production are ready; the variety of product shapes is
therefore very broad. Design flexibility refers to the flexibility to produce a product with a variety of
designs. 3D printers can be used to produce customized products with various designs performing
the same function [4].

Production through 3D printouts can be based on CAD drawings, and do not require expensive
tools used for subtractive manufacturing processes such as drilling, grinding, and molding [26]. The
process of product design is less constrained by manufacturing processes, and has a high degree of
freedom. With 3D printers, hollow-core structures are easily formed while maintaining or optimizing
the characteristics and performance of products. For example, Lu et al. [27] propose a honeycomb-cell
structure providing strength in tension with minimal material cost. Qin et al. [28] investigate the
properties of spider web design. These new types of design allow companies to make products that
perform the same function while reducing the weight of the parts compared to solid type designs,
through topology optimization [29,30]. Moreover, in order to manufacture lighter parts, fewer raw
materials are used and a manufacturer can save on raw materials costs. Lighter products consume less
energy and produce less CO2, and are therefore of significant interest to companies in automobiles
and aviation.

2.2.2. Product Flexibility

Product flexibility means that a variety of products can be produced in one factory or supply
chain according to customers’ requirements. This concept is closely related to mass customization [1],
but with some differences. While a traditional mass customization system is based on modular design
or product postponement [31], mass customization in the smart supply chain is based on CPS and the
Internet of Things and Services in the manufacturing system [7]. In addition, in contrast to traditional
systems, it does not require a high degree of supply chain integration [26].
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3D printers also play an important role in meeting individual customer requirements. In the past,
3D printers were mainly used for prototype and mockup production at low cost. However, due to the
development and spread of technology, 3D printers are increasingly being used. Rather than using
a single product, companies can test market response with small quantities of finished products of
various sizes, colors, and functions [7,32]. In addition, 3D printers are successfully used to produce
customized final products with individual product designs without retooling [29,33]. In this way, it is
of the greatest advantage to be able to flexibly produce small quantities of various products without
incidental tooling costs through 3D printing [34,35]. If the raw materials of the products to be printed
are the same, any product could be produced in a factory.

2.2.3. Process Flexibility

Flexibility is needed to adapt to the wide variety of changes that occur at the process level of the
production site in the manufacture of personalized products [36]. Process flexibility means that the
same product can be produced through different manufacturing processes.

With the production line using 3D printers, process flexibility can be achieved so that one product
can be produced in various ways. In other words, depending on the equipment or resources that
are available, manufacturers could flexibly select the best process to make the product. First, the
product can be redesigned to produce finished products with fewer components, requiring less
assembly processes [37,38]. For example, GE Aviation used to produce fuel nozzles through the
assembly of 20 parts. Now, they produce them as single units using additive manufacturing. Secondly,
the performance of 3D printers could also affect the selection of the manufacturing process. For
example, a large 3D printer produces a single product at a time, while a small 3D printer produces
parts of the product that are assembled in the subsequent process. Thirdly, the manufacturing process
depends on the selection of material. Typically, polymers require a limited finishing process while
metals require post-processes [4].

2.2.4. Supply Chain Flexibility

The development of advanced technology can change the supply chain configuration, or could
require the adoption of a new supply chain model [26,35]. Supply chain flexibility means that facilities
in the connected smart factories are shared and operated flexibly. In the smart factory environment,
supply chain flexibility can be achieved through outsourcing of manufacturing, which has become
easier with the use of 3D printers [26], real time data collection, and agile collaboration between
intelligent agents [39]. In addition, cyber-supported collaboration infrastructure plays an important
role in sharing demand and capacity among enterprises in a collaborative network [40].

Further, the large variety of products that result from customization introduces significant
uncertainty. It is possible to flexibly cope with such high supply chain uncertainties by sharing the
capacity of the facilities in the network [41]. With advanced technology, collaborative manufacturing
is considered to be a new business model [42]. If the capacity of a particular process in the factory is
insufficient, a product can be made by using the capacity of other factories in the network, through
sharing processes and machines. That is, available resources in the supply chain network can be used
efficiently, and the capacity utilization of factories in the network can be maximized [43].

2.2.5. Collaboration Flexibility

Previous studies have emphasized that collaboration through information sharing within the
supply chain has a significant impact on supply chain performance [44,45]. In recent years, with the
introduction of new technologies and extensive connectivity, the amount and speed of information
generated in the supply chain have become more diverse and faster than ever before. Product design,
production, and product tracking information is collected in various ways, including RFID and the
IoT, and is shared in a cloud. The cloud system monitors and stores information generated within
the supply chain to provide visibility, and enables end-to-end collaboration through information
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sharing [46]. Collaboration flexibility means that supply chain participants can exchange feedback
with each other and work together to provide customized products. It focuses on the integration
of the design, process planning, production planning, and logistics, through information sharing,
while supply chain flexibility focuses on the integration of supply stages through the sharing of
available capacities.

In the traditional manufacturing environment, the roles and responsibilities of the designer
and manufacturer are clearly distinguished, but in the new environment, the distinction becomes
unclear [4]. In a smart supply chain, participants can collaborate from design to delivery; it extends the
range of collaboration compared to the traditional approach, such as the use of concurrent engineering
in the design stage. For example, even during production, a designer can request manufacturing
process changes and a manufacturer can request product design changes according to the availability
of equipment. Even customers who do not know how to draw a CAD model or produce a product
can request production based on a purchased CAD file. Therefore, collaboration among supply chain
participants is critically important; a smart supply chain should be able to support last-minute changes
to individual customer requirements [7].

2.2.6. Strategic Flexibility

Strategic flexibility refers to the ability to respond in a timely manner to changes in market
competition, and to environmental changes in an appropriate manner [47]. Many research studies have
been conducted on strategic flexibility. Earlier works on strategic flexibility emphasized responsiveness.
They focused on identifying characteristics and acquiring appropriate resources according to the
changing environment. Appropriate implementation options were then developed [48,49]. In addition,
enterprises are required to develop strategic diversity and then choose an appropriate strategy to best
suit the changing environment [50,51].

When it comes to the concept of the smart supply chain with additive manufacturing, new
products can be quickly introduced in response to market demand [52]. Also, timely response may be
achieved through coordination of flexible resources connected to cloud-based networks in response
to internal or external environmental changes. Shirodkar and Kempf [53] proposed a method to
adopt flexible strategies to solve the problems of internal or external uncertainties in semiconductor
production. They shared the capacity of each process facility to make the plant more flexible. Generally,
one product is produced in one factory, but if there is insufficient capacity due to various uncertainties,
it can be produced in another factory registered in the network. Seok and Nof [43] made a supply
chain network operate flexibly by maximizing the capacity utilization of factories in the network.

2.3. Mathematical Models for Supply Chains with Additive Manufacturing

This section summarizes the relevant research on quantitative approaches to supply chains with
additive manufacturing. Recent research focuses on the adoption of additive manufacturing and
its effects. Scott and Harrison [52] consider additive manufacturing in an end-to-end supply chain,
to compare the performance of additive and traditional manufacturing. They propose a stochastic
optimization model and show that demand is the most important factor for the adoption of new
technology. Barz et al. [54] investigate the impact of additive manufacturing on the structure of the
supply chain. A two-stage capacitated facility location problem is used for supply chain configuration,
consisting of suppliers, manufacturers, and customers. They show that as the efficiency of the new
technology increases, the effect on the supply chain configuration is significant in three scenarios:
evenly distributed facilities, clustered suppliers, and clustered manufacturers. Emelogu et al. [55]
propose a two-stage stochastic programming model to analyze the cost, and to investigate the economic
feasibility of additive manufacturing facilities. There are few studies on the operational aspects of the
smart supply chain. Ivanov et al. [56] consider a mathematical model and algorithm for a scheduling
problem of a smart factory, under the consideration of different processing speeds and dynamic
job arrivals.
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3. Materials and Methods

3.1. Planning Framework

Different to the mass production system, it may be more difficult or impossible to forecast highly
customized products as customers and products are not known before orders are placed. Players
in a supply chain providing customized products are able to know the product characteristics and
the required manufacturing processes after receiving the order; these differ by product. Therefore,
flexibility is more important than ever before.

Figure 2 shows the process for the smart supply chain from customer order to delivery of the
product. First, the customer uploads a CAD file and requests an order via the cloud system using a
website. Then, engineers supporting the system validate the CAD file, confirm whether the product
can be made in the system, and provide feedback to the customer. At the same time, the required
processes and bill of materials (BOM) are designed. Next, based on the design data, real time data
about the machines in the processes are gathered from the IoT and monitored through the cloud
system. After the required information—including availability of raw materials, capacity of resources,
and working calendars—has been reviewed, the optimal supply chain design and operations plans
are generated for a single order request by matching demand requirements and supply capability.
Based on the decision, customers receive information on the facilities and processes that will be used,
the production plan, and the delivery date. After confirmation from the customer, an operations plan
is sent to the selected parties. Finally, each party in the supply chain develops his or her own schedule,
and execution begins.

Figure 2. Smart supply chain planning process.

The optimization models in the following sections covers the steps for the development of the
design and operations plan of the supply chain, which can be dynamically organized and deleted
according to customer orders. It is assumed that the factories, as well as processes, are interchangeable.
The example in Figure 3 explains the approach for the dynamic supply chain design and operation
with connected smart factories, as proposed in this paper.

Figure 3. Dynamic supply chain design and operation.

In the first step, based on the data gathered from the customer and factories, all possible processes
in each factory are selected, as outlined in Figure 3a. In the example, three processes, namely Processes
1, 2, and 3, are required to produce the product. In addition, there are three available factories, namely
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Factories 1, 2, and 3, in the network. The nodes, represented by circles, show which process in which
factory is available. A solid line indicates that the process in the factory is available, while a dotted
line indicates unavailability. For example, Processes 1 and 3 in Factory 1 are available. After checking
the availability, the optimal supply chain is designed. That is, the best combination of processes is
selected in order to minimize the total cost and cover all required processes as shown in Figure 3b.
Four processes in three factories are selected. That is, all three factories are sharing their resources to
efficiently fulfill the current order. Process 3 in Factory 1 is not required to make the product, even if
it is available. In the second step, optimal production and delivery plans are calculated using the
processes selected in the previous step. Figure 3c shows the plan for each process.

3.2. Dynamic Supply Chain Design

The purpose of the dynamic supply chain design phase is to select the optimal combination
of nodes to be used. We developed an integer programming model by modifying a set-covering
problem. The concept is that all the required processes must be covered with at the minimum total
cost. We assume that there are enough raw materials and no work-in-progress (WIP) in the process.
The notations used in the optimization model are summarized in Table 1.

min ∑
k∈K

FCkxk + ∑
i∈I

∑
k∈K

(
SCikyik + PCijqik

)
+ ∑

i∈I
∑
k∈K

∑
l∈K

PTikqik
CAPik

TCjkvikl (1)

s.t. ∑
k∈K

qik ≥ d ∀ i (2)

∑
k∈K

aikxk ≥ 1 ∀ i (3)

yik ≤ aikxk ∀ i, k (4)

pikqik ≤ uikCAPikyik ∀ i, k (5)

vikl ≤ yik ∀ i, k, l (6)

vikl ≤ yi+1l ∀ i, k, l (7)

vikl ≥ yil + yi+1l − 1 ∀ i, k, l (8)

xk, yik ∈ {0, 1} ∀ i, k (9)

qik ≥ 0, vikl ≥ 0 ∀ i, k, l (10)

Table 1. Notations for dynamic supply chain design.

Sets

I Set of processes or nodes (i ∈ I)
K Set of factories (k, l ∈ K)

Parameters
D Demand for the product

CAPik Average time available per day for process i in factory k in the planning horizon
uik Utilization of process i in factory k
FCk Fixed cost for selecting factory k
SCik Setup cost for process i in factory k
PCik Process cost per unit for process i in factory k
PTik Processing time per unit for process i in factory k
TCkl Transportation cost from factory k to factory l
aik Set-covering matrix representing the relationship between process i and factory k

Decision Variables
xk Factory selection, 1 if factory k is selected; 0, otherwise
yik Process selection; 1 if process i in factory k is selected; 0, otherwise
vikl Transportation selection; 1 if product from process i in factory k is sent to factory l
qik Production quantity of process i in factory k
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The objective function is expressed by Equation (1): it minimizes the total costs composed of
fixed, production, and transportation costs. Fixed costs are incurred when a factory is selected, and the
production costs are expressed as the sum of the setup cost and the production cost per unit multiplied
by the production quantity. Finally, transportation costs arise when consecutive processes are carried
out in different factories. Equation (2) represents the demand for a product, which requires a supply
chain design. Equation (3) requires that all processes be covered, and Equation (4) indicates that the
available process at a factory can be selected only if the factory is selected. Equation (5) represents
a capacity constraint, and capacity is calculated in terms of available time. Equations (6) and (8)
determine whether transportation between the factories is necessary or not. We note that the decision
variable vikl is not necessarily defined as a binary variable within the constraints. Equations (9) and
(10) define the decision variables.

3.3. Dynamic Supply Chain Operation

Once the supply chain has been designed, the operations plan is generated. Nodes represent
processes selected in the dynamic supply chain design phase. We also introduce a dummy node, Id,
so that finished products manufactured in several factories are delivered to the customer. The supply
chain operations model, using the notations in Table 2, is as follows.

min ∑
i∈I

∑
j=Id

∑
t∈T

ptaijxt
ij (11)

s.t. yt
i ≥ ct

i ∀ i, t (12)

I It
i = I It−1

i + ∑
j∈I

ajix
t−LTji
ji − yt

i ∀ i, t (13)

IOt
i = IOt−1

i + yt
i + ∑

j∈I
aijxt

ij ∀ i, t (14)

∑
i∈I

∑
t∈T

aiId xt
iId

≥ d (15)

xt
ij = 0 ∀ (i, j) ∈ V, t ∈ T\Td (16)

xt
ij, yt

i , I It
i , IOt

i ≥ 0 ∀ i, j, t (17)

Table 2. Notations for dynamic supply chain operation.

Sets

I Set of processes or nodes (i, j ∈ I)
T Time periods (t ∈ T)
Td Time periods when transportation model is available. (Td ⊂ T)
V A pair of nodes connecting two consecutive processes in different factories

Parameters
aij Adjacency matrix resenting the relationship between processes
pt Penalty cost having an incremental function for time
ct

i Available capacity of node i at time t
LTij Transportation lead time from node i to node j
d Demand for the product

Decision Variables
xt

ij Quantity of product sent from node i to node j at time t
yt

i Quantity of product processed in node i at time t
I It

i Raw material inventory level of node i at time t
IOt

i Manufactured product inventory level of node i at time t
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The objective function, Equation (11), aims to ensure that the production is finished as soon as
possible by employing penalty cost, which increases with time. The objective function can be modified
according to the decision maker’s goal. Equation (12) limits the production quantity depending on
the capacity of the process at each time unit. Equations (13) and (14) represent inventory balance
equations for raw material and manufactured product at each process, respectively. LTij represents
the transportation lead time between processes i and j. Equation (15) is a constraint expressing the
demand of the product. Equation (16) shows that inter-factory movement is only possible when
the transportation mode is available. The manufactured product in a factory can be sent to other
factories when t belongs to Td. For example, all factories operate ten hours a day, and inter-factory
transportation takes place at night after work hours. Equation (17) defines the decision variables.

4. Numerical Experiments

4.1. Data

Parameters related to factories and processes are randomly generated, and the data used in the
numerical experiments are shown in Table 3. The processing time of the 3D printers is relatively longer
than that of other processes such as painting, fumigating, and vision testing. It is assumed that the
planning horizon is five days, and factories are operated 10 hours per day. Further, transportation
between factories occurs at the conclusion of the 10 h operating day. All experiments were conducted
using GAMS; the first mathematical model was solved using Baron, and the second by using CPLEX.
The experiments used an Intel Core i5-6600 3.3 GHz processor and a computer with 8 GB memory.

Table 3. Data used in the experiments.

CAPik [144,000, 180,000] FCk [5000, 10,000]

uik [0.8, 1] SCik [1000, 2000]
PTik (3D printing) [2000, 4000] PCik [30, 50]

PTik (Others) [500, 1000] TCkl [2000, 5000]

4.2. Experimental Results

First, six connected factories and a product requiring four processes were considered. Table 4
shows a set-covering matrix for a small-scale problem. For example, at the time of demand occurrence,
the available processes in connected smart factory 1 are 1,2, and 3.

Table 4. Set covering matrix.

aik
Factory

1 2 3 4 5 6

process 1 1 1 0 0 1 1
2 1 0 1 0 1 0
3 1 0 1 0 0 1
4 0 1 1 1 0 0

Figure 4 shows the results of dynamic supply chain design. A comparison of the demand of 1
for an individual request and the demand of 100 for the marketing test shows that different supply
chains are obtained even if all data, except demand, are the same. In the case of an individual request,
Factory 1 is selected for Process 1 and Factory 3 for the remaining processes. However, in the case of
the marketing test, Factories 1, 2, and 3 are selected and Processes 1 and 3 are performed in parallel at
multiple factories. After completing the supply chain design, a production and transportation plan is
obtained with the dynamic supply chain operation model. In the first case, Process 1 is performed
on the first day and the remaining processes are performed on the second day, as shown in Table 5.
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The customer can receive the product after two days. In the second case, demand is fulfilled after
seven days, as shown in Table 6.

  
(a) (b) 

Figure 4. Dynamic supply chain design and operation. (a) Individual request; (b) Demand for
marketing test.

Table 5. Production plan–Individual request.

Day 1 Day 2 Day 3

Process 1 (Factory 1) 1 0 0
Process 2 (Factory 2) 0 1 0
Process 3 (Factory 2) 0 1 0
Process 4 (Factory 2) 0 1 0

Table 6. Production plan–Demand for marketing test.

Day 1 Day 2 Day 3 Day 4 Day 5 Day 6 Day 7

Process 1 (Factory 1) 10 10 10 10 10 3 0
Process 1 (Factory 2) 10 10 10 10 7 0 0
Process 2 (Factory 1) 9 20 20 20 19 12 0
Process 3 (Factory 1) 7 9 10 10 10 10 0
Process 3 (Factory 3) 0 2 8 10 10 10 4
Process 4 (Factory 4) 0 9 16 20 20 20 15

4.3. Comparison of Results

In this section, the results are compared, considering problem size and capacity change. First, the
problem size is increased by introducing more factories and more processes into the process whereby
production takes place. The number of connected smart factories is increased to 12, in two separate
units. In addition, the number of processes is increased to 10, in two units. Demand is fixed at 100.
In all cases, the computation time required to solve each problem was less than one second. In Figure 5,
the number before the parentheses represents the number of connected smart factories, and the number
within parentheses represents the number of processes required.
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Figure 5. Cost comparison based on change in problem size.

With a demand of 100, it is observed that the total cost increases as the size of the problem
increases, as shown in Figure 5. The greater the number of processes required to complete the product,
the higher the total cost, with a significant increase in transportation costs. Also, it is observed that fixed
costs account for a smaller proportion of total cost as the problem increases in size. Therefore, efforts
should be made to reduce the number of processes required for personalized products during design.

Next, the number of processes was fixed at eight and network-connected factories at ten,
to investigate the effect of a change in capacity. Figure 6a,b show the structure of the supply chain that
is designed for 20% less and 30% more capacity respectively. If capacity is small, more factories are
needed for each process, which leads to a complicated supply chain design and an increase in cost.
One interesting fact is that the supply chain or network of nodes with a larger capacity is not a subset
of the supply chain with a lower capacity. Therefore, it should be emphasized that the dynamic supply
chain design should be based on real-time data, including demand and available capacity.

 
(a) (b) 

Figure 6. Dynamic supply chain design. (a) 20% less capacity; (b) 30% more capacity.

The cost structures of the experiments with factory capacities that vary from −20% to 30% are
shown in Figure 7. If the capacities of the factories located in the network become smaller, it becomes
impossible to allocate products to less expensive factories, which increases the total cost. Because a
given product can be produced in a smaller number of factories at a lower cost, the fixed cost and
production cost are somewhat lower, and the transportation cost decreases significantly. For example,
when we have 20% less capacity, the percentage of transportation costs is 53%, while the portion of
transportation cost decreases to 42% with 20% more capacity.
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Figure 7. Cost comparison based on capacity change.

5. Conclusions

The development of technology is changing industries and enterprises. In contrast to traditional
manufacturing practices, in a connected smart factory environment, advanced IT technologies must
be integrated with manufacturing processes tailored to the production and delivery of personalized
products. Since a factory cannot meet the personalized demand of all customers, a new concept of
supply chain management is needed.

In this study, we investigated a smart supply chain with additive manufacturing that enables
connected smart factories to communicate with each other in real time, to share data, and to
make optimal decisions to support consumers through the cloud. First, we reviewed the literature
related to the concept of smart supply chains, and presented six types of flexibility focusing on
smart supply chains with additive manufacturing where processes are interchangeable, in order
to support personalized customer requirements. These are design, product, process, supply chain,
collaboration, and strategic flexibilities. Through a literature review and classification, we confirmed
that a smart supply chain, especially with additive manufacturing, could provide more flexibility
and opportunities in the face of the new manufacturing paradigms associated with personalized
production. Also, flexibility is multi-dimensional [56] and smart supply chains can be flexible in
different ways. Although the scope of this study does not cover the more comprehensive meaning of
the smart supply chain, cloud-based networked manufacturing like FaaS can be one of the approaches
for smart supply chains to flexibly meet individual requirements.

Next, we proposed a planning framework for dynamically designing and operating a smart
supply chain, and formulated mathematical models for each stage, assuming a situation involving
interchangeable factories and processes. Numerical experiments were conducted to compare the results
of the proposed model under selected scenarios. Experimental results demonstrated the importance of
dynamic supply chain design and operation with real time data, and showed that transportation costs
vary widely . These proposed processes and results show that the smart supply chain is different from
the traditional supply chain for mass production. First, in the traditional setting, the supply chain is
designed as a long-term strategy [11,12]; in our model however, the supply chain is determined as
a short-term plan. Second, in traditional supply chains, supply chain design is rather static and is
not affected by individual orders. However, in our model, the supply chain is designed dynamically,
based on the order received and available capacity at a given point of time; SMEs can be competitive
with a dynamic network [13,14]. Third, in the smart supply chain, each customer can be involved in
the supply chain design process for his or her own product [7].; this is not true of the traditional supply
chain. Finally, dynamic supply chain design and operations can proactively handle the changes and
uncertainties in the environments, in line with recent approaches to strategic flexibility [47].

Since the new manufacturing environment studied has not been fully implemented yet, we need
to consider additional constraints on the actual environment and expand the model accordingly. In this
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study, the optimization models for dynamic supply chain design and operations were developed
separately. In future research, we will develop a mathematical model that integrates the design and
operation phase, and compares the results and performance with this study. Future studies will also
take into account the diverse uncertainties that occur in environments where multiple factories are
shared. Also, in future research, other relevant factors, such as quality of product, compatibility and
pricing strategies, can be considered.
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Featured Application: The findings in this research allow managers to know quantitatively

the importance of preventive maintenance in an adequate performance of total productive

maintenance and productivity benefits in a production system, allowing them pay attention on

those activities that are more important.

Abstract: The present research proposes a structural equation model to integrate four latent variables:
managerial commitment, preventive maintenance, total productive maintenance, and productivity
benefits. In addition, these variables are related through six research hypotheses that are validated
using collected data from 368 surveys administered in the Mexican manufacturing industry.
Consequently, the model is evaluated using partial least squares. The results show that managerial
commitment is critical to achieve productivity benefits, while preventive maintenance is indispensable
to total preventive maintenance. These results may encourage company managers to focus on
managerial commitment and implement preventive maintenance programs to guarantee the success
of total productive maintenance.

Keywords: TPM; implementation; managerial commitment; productivity benefits

1. Introduction

In current industrial scenarios, waste in production processes is frequent, usually the result of
the lack of skills of both operators and maintenance staff, not enough machinery available, and issues
with work tools [1]. Other types of waste include machinery downtime, not utilizing talents, damaged
machinery, and rejected parts, among others [2].

To increase competitiveness, manufacturing companies seek to reduce the activities that add no
value to a product but generate cost, and in this sense, one way of reducing waste is to adopt a lean
approach. The lean manufacturing (LM) approach aims to reduce the amount of non–value-added
activities in the production process, although it also has reported benefits at the administrative level [3].
LM relies on several tools to achieve its goal, and total productive maintenance (TPM) is one of the most
important, because it helps companies to minimize waste, such as damaged machinery and unplanned
work, and it encourages the development of production plans that prevent machine overload [4].
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Furthermore, TPM can be defined as an approach that rapidly improves production processes
through employee involvement and empowerment [5]. Nowadays, in the restless and uncertain global
business environment, well-managed organizations strive to improve their capabilities by operating
profitably; in other words, TPM is a tool that, if correctly implemented, can help businesses reach this
goal [6].

Currently, TPM is a successful tested LM tool for planning the maintenance of organizational
activities, which involve operators and maintenance staff working together as a team [7]. In this sense,
TPM is associated with human resources, and it integrates equipment maintenance in the production
process to increase machine availability, as well as adding commercial value to the organization [8].

Also, TPM aims to keep production equipment in proper working condition to prevent
breakdowns that eventually delay the production process or make unsafe workplaces, thus TPM is one
of the main operational activities in quality management systems [8]. Additionally, TPM emphasizes
proactive and preventive maintenance to maximize operational production machinery efficiency and
decrease the roles of the production and maintenance departments by empowering operators [8];
it improves organizational competitiveness and comprises a powerful and structured approach
to changing employee mentality and, consequently, the organizational culture. This also includes
employee involvement at all hierarchical levels in all company departments [9]. In addition, it involves
member alignment to improve corrective actions associated with safety [7].

Similarly, TPM not only focuses on machine efficiency, but also is an opportune area for
continuous improvement, looking for an ideal relationship between people and machines. In other
words, successful organizations must be supported by effective and efficient maintenance plans as
a competitive strategy [10]. However, production systems are not the only places where TPM can
be applied, because other service-based systems need to be in optimal operating condition as well,
such as medical equipment and instruments [11].

Because of the benefits that TPM brings to the industrial environment, one of the main academic
and industrial concerns is to find its critical success factors (CSFs). Identifying CSFs allows company
managers and administrators to prioritize the activities that ensure TPM success. Also, many studies
have reported the key activities involved in these TPM factors [12–15] as well as the obtained
benefits [16,17]. However, the relationship between these success factors and company benefits
have not been clearly defined.

In addition, it is observed that there is an academic and industrial interest to identify the
CSFs of TPM, as well as the activities that integrate them [12–15,18,19]. Similarly, there are several
reports associated with the obtained benefits from proper TPM implementation in production
systems [16,17,20]; however, the problem is that there are not enough studies that link CSF with
obtained benefits, and as a result, it has not been determined which CSFs are crucial for obtaining
specific desired benefits.

Kamath and Rodrigues [21] state that the CSFs may be different from one industrial sector to
another and that findings cannot be generalized. For example, Chlebus, et al. [22] report on activities
associated with TPM in a mine, and Ahuja and Khamba [23] report on manufacturing industries in
India. In Mexico there are currently 5518 maquiladora industries with manufacturing and export
services, and in Chihuahua state there are 510, and these amount to 9.25% of the national total. Of those
510 in Chihuahua state, Ciudad Juárez has 332, which is 65.10% of the state, directly employing
268,761 workers [24]. Those maquiladora companies are characterized by a high technological level
that requires a lot of maintenance services, and there are not enough studies indicating which are the
CSFs of TPM and the benefits gained in that industrial sector.

Because the relationship between CSFs for TPM and gained benefits is currently an interesting
research area, this paper presents a structural equation model that associates three CSFs: managerial
commitment, TPM implementation, and PM implementation, which are related to productivity benefits.
In addition, findings in this paper will help managers identify the most significant activities to have a
successful TPM implementation and guarantee its benefits.
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The purpose of this research is to quantify, through a structural equation model, the impact of
managerial commitment, the implementation process, and the plans and programs executed as CSFs
for TPM on productivity benefits gained, and it is validated using information from the maquiladora
industry in Mexico.

The rest of this paper is organized as follows: Section 2 provides a brief introduction to concepts
related to managerial importance in TPM implementation and its benefits, Section 3 presents the
research hypotheses that link the studied variables, Section 4 describes the research methodology,
Section 5 reports the research findings, and, finally, Section 6 shows the research conclusions and
industrial implications.

2. Maintenance and Concepts

2.1. Critical Success Factors of TPM

CSFs are relevant performance areas that help companies reach desired goals (e.g., TPM goals) [25].
The literature on TPM addresses a large number of CSFs for TPM implementation. For instance,
Park and Han [17] consider that a key factor is employee involvement, since the true power of TPM
is using employee knowledge and experience to generate ideas to achieve the desired goals and
objectives. On the other hand, Ng, Goh and Eze [12] found that human resources elements along with
managerial commitment, employee involvement, education, and training are fundamental in TPM.

In their research, Piechnicki, et al. [26] identified a set of critical TPM success factors and grouped
them into eight categories: education and training, teamwork, planning and preparation, senior
managerial commitment, resistance to change, change of culture, employee involvement, monitoring
results, and effective communication; as can be seen, there are a lot of CSF human resources for TPM.
However, Hernández Gómez et al. [27] classified three categories for CSF: strategic planning, technical
aspects, and human resources development. That list supports the importance of human resources in
TPM success.

In a recent study, Gómez, Toledo, Prado, and Morales [14] performed a factor analysis to evaluate
31 key activities in the TPM implementation process, and the results revealed nine critical success
factors: strategic alignment, continuous improvement practices, plant distribution, autonomous
maintenance, equipment alignment, employee and supplier involvement, cutting-edge technology,
technology development, and communication regarding the TPM development process. This research
reveals that top managers must be highly committed to TPM, since they provide the necessary
implementation resources. Similarly, operators are equally necessary to detect and prevent errors
before failures occur; this approach to equipment maintenance is called preventive maintenance,
which is another critical success factor of TPM.

2.2. Preventive Maintenance

Preventive maintenance (PM) is defined as a set of activities performed at certain times in a
planning horizon to extend the equipment life cycle and keep it in satisfactory working condition, and
to increase overall system reliability and availability [28]. Such activities are a part of maintenance
programs and attempt to minimize the risk of unplanned equipment downtime. According to its nature,
PM includes inspection, cleaning, lubrication, adjustment, alignment, and component replacement for
machinery and tools in a production process [28].

Those tasks play a vital role in any production process, as they preserve equipment operating
under desired long-term specifications [29]. Also, PM has a positive impact on cost, quality, and
delivery performance [30], because it minimizes quality costs by keeping the equipment in the best
working condition through proper maintenance programs that guarantee a high rate of compliant
products [31].

Currently there are studies that reveal the importance of PM in production systems. For example,
Eti et al. [32] make an association between the cost of PM and increased reliability of machinery and
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equipment; Anis et al. [33] propose a plan to relate PM program activities with batch size for production
lines to minimize the time lost due to stoppages associated with maintenance. Shrivastava et al. [34]
state that product quality is not the responsibility of one department, but preventive maintenance and
calibration and adjustments in machinery and equipment are essential to guarantee products with
specifications required for clients. Finally, given that PM requires stopping machines and equipment
continuously, Fumagalli et al. [35] recommend adequate orchestration of maintenance plans with
product delivery commitments in the production system.

All of the above show the importance of PM as a work culture focus for conservation of machinery,
and this has industrial and academic interest.

2.3. TPM Benefits

TPM critical success factors guarantee important benefits. According to Willmott and
McCarthy [16], they provide opportunities to develop suitable strategic plans for the company’s
capabilities, infrastructure, and human resources to support integration between the operation
and maintenance departments, and improve business relationships with customers and suppliers.
Similarly, Ma et al. [36] reported that TPM increases production system efficiency, brings social
benefits, and promotes management systems in production departments. On the other hand, Gupta,
Vardhan, and Haque [13] mention that TPM increases employee morale and skills, improves the use
of technology, and enhances equipment working conditions and customer satisfaction. Additionally,
successful industries that implement TPM increase their overall equipment efficiency (OEE) by 30%,
and some have increased OEE by 95%.

In addition, Ng et al. [37] found that TPM minimizes machine downtime, increases employee
motivation, and minimizes accidents. Likewise, Rodrigues and Hatakeyama [38] argue that companies
can increase daily production rates with their current productive capacity and workforce if they
implement TPM strategies; however, the researchers also claim that many companies tend to
spend little time on equipment maintenance and struggle to empower operators to help maintain
their equipment.

3. Hypotheses and Literature Review

The goal of TPM is to maximize equipment effectiveness by continuously improving availability
and preventing failures, but this cannot be achieved without managerial support [39] and employee
involvement. Therefore, participation by all employees promotes a preventive maintenance approach
based on motivation management and voluntary small group participation [40]. Also, TPM concepts
entail a long-term commitment to planning, especially from senior managers, and usually initiates as
a top-down exercise, but it can only be successfully implemented as “bottom-up” participation [7].
From this perspective, the operator commitment, performance, and morale reflect the managerial
commitment to TPM [41]. In conclusion, managerial commitment is the most essential factor in TPM
implementation [39], which is why the first hypothesis in this research can be proposed as follows:

Hypothesis 1. Managerial commitment has a positive and direct effect on TPM implementation.

TPM initiates with senior managers, since they have the power to implement the necessary
organizational changes and formulate the required plans, strategies, and policies, which must be
aligned with corporate objectives. Also, the maintenance manager is responsible for the effective
performance of TPM activities and setting the basic policies and objectives to be reached through a
carefully designed plan [39]. Similarly, senior managers should remove the obstacles that interfere
with TPM plans and implementation, and they must make sure that such plans are aligned with
the company’s short- and long-term goals [42]. In other words, because TPM is based on error
prevention, it is important to rely on effective preventive maintenance techniques. PM must be
aligned with managerial preferences and priorities in a production system, since that guarantees
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workers’ acceptance, and it always must be focused on preventing accidents or failures [43]. Therefore,
the second hypothesis in this research can be presented as follows:

Hypothesis 2. Managerial commitment has a positive and direct effect on PM implementation.

The main TPM characteristics are economic efficiency, preventive maintenance, improved
maintenance capacity, and employee involvement [44]. As Nakajima [45] argues, the main goal
in the TPM implementation stage is to increase equipment efficiency through specific techniques,
including autonomous maintenance, where employees improve their skills and help to maintain their
equipment. From this perspective, it is claimed that PM is part of the organizational culture and an
essential component of TPM; that is, there must be an error and failure prevention program to ensure
TPM. Therefore, the third hypothesis in this research can be proposed as follows:

Hypothesis 3. PM implementation has a positive and direct impact on TPM implementation.

As Nakajima [46] points out, the main TPM objectives are to improve productivity, increase
management efficiency, and eliminate the six types of production waste. In addition, managerial
commitment, along with clear and common goals and visible results, creates a responsibility shared
by a team and leads to fewer interruptions and higher reliability levels [47]. Therefore, TPM relies on
long-term managerial commitment to increase equipment efficiency and efficacy in order to offer the
expected benefits [9]. As a result, the fourth hypothesis in this research can be presented as follows:

Hypothesis 4. Managerial commitment has a positive direct effect on productivity benefits.

TPM implementation can minimize waste and redundant work, and increase company
profitability and image, which guarantee competitiveness for a company [39]. Likewise, TPM improves
OEE, productivity, safety, and quality, and minimizes equipment life cycle costs [48]. In addition,
implementing a TPM approach leads to increased efficiency and work quality; minimizes customer
complaints, accidents, and internal waste [49]; and improves delivery performance, stock turnover and
employee morale, productivity, and performance [50]. Therefore, the fifth hypothesis in this research is
proposed as follows:

Hypothesis 5. TPM implementation has a positive direct effect on productivity benefits.

PM is a scheduled activity usually initiated under certain statistical parameters (e.g., average time,
usage) that determine when maintenance actions are necessary before entering the risk zone (where
the probability of random equipment component failure increases) [51]. In addition, PM must help
prevent unplanned equipment downtime and maximize system availability by keeping equipment
in proper working condition and improving its availability. PM includes scheduled tasks, such as
supervision of hardware replacement and control before the equipment ends its life cycle. Due to
these PM activities, there is a direct impact on the production system [52]; the sixth hypothesis in this
research can be presented as follows:

Hypothesis 6. PM implementation has a positive direct effect on productivity benefits.

Figure 1 illustrates the established relationships between the studied variables relating CSFs for
TPM and gained benefits.
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Figure 1. Initial model. TPM, total productive maintenance; PM, preventive maintenance.

4. Materials and Methods

4.1. Stage 1: Survey Design

In order to validate the model in Figure 1, a survey instrument to gather data was designed. As a
matter of fact, designing the survey included reviewing works similar to this research to identify
which activities (items) integrate each latent variable (e.g., CSF for TPM and productivity benefits).
The previous studies were collected from multiple databases, including ScienceDirect, Springer, and
IEEE, among others. This literature review represented validation of the survey’s rationale [53] and
Table 1 illustrates the CSF for TPM (activities) and productivity benefits gained that were identified.

Table 1. Total productive maintenance (TPM) critical success factors and productivity benefits.

Latent Variable Items

preventive maintenance
(PM) Implementation

[51,54]

preventive maintenance as a quality strategy.
maintenance department committed to prevention and operator support.
report the maintenance actions performed on the equipment.
disclose statistics of the maintenance records.
easy access to equipment maintenance records.
record the quality generated by the equipment.
identify causes of machine failures and report the statistics.

TPM implementation
[4,26,27]

proper education and training of maintenance staff.
follow-up and control of the maintenance program.
commitment from managers and maintenance staff.
managerial leadership in TPM execution.
leadership from production and engineering departments in TPM execution.
maintenance staff leadership in TPM execution.
communication between production and maintenance departments.
knowledge of critical machine systems.
TPM focused on the life cycle of machine systems, parts, and components.
purchase of machines and equipment based on TPM.

managerial commitment
[26,27,39]

department leaders embrace their TPM responsibilities.
top managers lead TPM execution.
meetings are held between production and maintenance departments.
top managers promote employee participation and encourage preservation
of the work team.
top managers develop and communicate a quality- and maintenance-centered vision.
top managers are directly involved in maintenance projects.

productivity benefits
[15,37]

elimination of productivity losses.
increased equipment reliability and availability.
reduction of maintenance costs.
improved final product quality.
decreased spare parts inventory costs.
improved corporate technology.
improved response to market changes.
development of corporate competitive skills
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Next, the identified activities were used to develop a preliminary survey integrated by three
sections: sociodemographic information, activities of critical success factors for TPM and PM,
and productivity benefits.

4.2. Stage 2: Survey Administration

The final questionnaire was given to TPM practitioners in the Mexican manufacturing industry:
senior managers, engineers, technicians, supervisors, and operators. In order to select the sample, first a
stratified sampling technique was followed; that is, companies with fully consolidated maintenance
programs (10 years of implementation or more) that could corroborate such information through
equipment maintenance records were identified and considered.

The survey was answered with a five-point Likert scale, as seen in Table 2, through face-to-face
interviews. The lowest value on the scale (1) indicated that an activity was never performed or a
productivity benefit was never obtained, whereas the highest value (5) indicated that an activity was
always performed or a productivity benefit was always obtained. Also, experienced personnel who
were interviewed recommended other possible responders, then the snowball sampling technique
was implemented.

Table 2. Survey scale.

Value 1 2 3 4 5

interpretation never rarely regularly frequently always

4.3. Stage 3: Data Capture and Screening

The collected data were registered in a database using SPSS 24®; the columns represented the
survey items and the rows cases or questionnaires. Then, the database was screened by performing
the following operations:

• The standard deviation was calculated; if the value was lower than 0.5, that case was removed,
since all the items had a similar value [55].

• The missing values were identified; if a questionnaire had 10% or more missing values, it was
discarded [56]. On the other hand, for questionnaires that had less than 10% of missing values,
such values were replaced with the median in the item [57].

• Outliers were identified by standardizing each item; extreme or atypical observations with an
absolute standardized value greater than 4 [58,59] were replaced by a median value in the item.

4.4. Stage 4: Survey Validation

Once the data were evaluated, the 4 latent variables were tested by estimating the following
indices proposed by Kock [60]:

• R-squared and adjusted R-squared for the predictive validity of the survey from a parametric
perspective; only values over 0.2 were acceptable.

• Q-squared for the predictive validity of the survey from a nonparametric perspective; acceptable
Q-squared values, and their R-square values, must be greater than 0.

• Cronbach’s alpha and compound reliability index for internal variability of the latent variables;
internal validity can be estimated based on the variance or correlation index between the items of
a latent variable [61], and acceptable values must be greater than 0.7.

• Average variance extracted (AVE) for the convergent validity of the items in the latent variables;
acceptable values must be greater than 0.5.

• Average block variance inflation factor (VIF) and average full collinearity VIF (AFVIF) for the
collinearity of the items in the latent variables; acceptable values must be less than 3.3.
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4.5. Stage 5: Structural Equation Model

The 4 latent variables were integrated into a structural equation model (SEM), as illustrated in
Figure 1, with 6 research hypotheses. In addition, the SEM was tested using partial least squares
(PLS), which is widely accepted in multiple disciplines [62]. Also, the greatest advantage of an SEM
is its ability to model and illustrate, at the same time, the direct and indirect interrelations between
multiple dependent and independent latent variables, because the latent variables have different roles,
as dependent and independent, in this research. Likewise, SEMs are reliable even using nonnormal
data, small samples, or ordinal data [63].

The research hypotheses shown in Figure 1 were tested using WarpPLS v.6.0® software
(ScriptWarp Systems, Laredo, TX, USA, 2017), which is based on PLS; it is widely recommended
by Kock [64], and some PLS applications can be found, for instance, in Midiala Oropesa, et al. [65],
who modeled the effects of Kaizen in an industrial context, or in García-Alcaraz, et al. [66], who
modeled the effects of Just in Time (JIT) in the manufacturing industry.

The model was tested with a 95% reliability level, implying that the p-values of the parameters
had to be lower than 0.05. Before interpreting the SEM, 6 efficiency models and quality indices were
calculated, proposed by Kock [60]:

• Average path coefficient (APC): statistically validates the hypotheses in a generalized way.
The p-value must be less than 0.05.

• Average R-squared (ARS) and average adjusted R-squared (AARS): measure the model’s
predictive validity. Acceptable p-values for ARS and AARS must be less than 0.05. The null
hypotheses to be tested are APC = 0 and ARS = 0 against the alternative hypotheses, where
APC �= 0 and ARS �= 0.

• Average variance inflation factor (AVIF) and average full collinearity VIF (AFVIF): measure the
level of collinearity between the latent variables. The acceptable value must be less than 3.3.

• Tenenhaus goodness of fit (GoF): measures the explanatory power of the model. The GoF value
must be greater than 0.36.

4.5.1. Direct Effects

The direct effects in the model were evaluated and are illustrated in Figure 1 by arrows directly
connecting two latent variables, where each arrow represents a hypothesis. In addition, each effect
has a β value and a p-value; β expresses dependency in standard deviations between an independent
and a dependent latent variable, whereas p-value is for the hypothesis test where the null hypothesis
is β1 = 0, which is tested against the alternative hypothesis, β1 �= 0 [60]. Additionally, R2 for the
dependent variables was estimated as a coefficient that shows the amount of variance in a dependent
latent variable that is explained by an independent latent variable.

4.5.2. Indirect Effects and Total Effects

In SEMs, indirect effects occur between 2 latent variables through other latent variables, known
as mediators. Indirect effects also have p-values to determine whether they are statistically significant
or not. On the other hand, total effects in a relationship are the total direct and indirect effects; total
effects also have associated p-values.

Finally, for each effect (direct, indirect, or total), the effect size for decomposition of R-squared
was estimated when 2 or more independent latent variables influenced a dependent latent variable.

4.5.3. Sensitivity Analysis

Frequently, the relationship between the latent variables is not explained enough by β values
and it is necessary to know different scenarios for them. In this research, for every relationship or
hypothesis in Figure 1, the probability of occurrence for 2 scenarios is analyzed when each variable
occurs independently with low and high values. A third scenario represents the probability of the
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combination of both variables in a hypothesis when they occur simultaneously, while a fourth scenario
is about the probability that the dependent variable will occur in a high or low scenario because the
independent variable has occurred in a high or low scenario (a conditional probability). Since the
latent variables are standardized, values greater than 1 represent high scenarios in a latent variable,
while values less than 1 represent low scenarios for a latent variable.

In this research, scenarios with low values are represented by a minus sign (−) and scenarios with
high values are represented by a plus sign (+). In the same way, the probability of simultaneous or
simultaneous occurrence of scenarios between 2 variables (low or high) is represented by an ampersand
(&). Finally, the conditional probability of occurrence of a scenario in a dependent latent variable
because the scenario for the dependent variable has happened is represented by “If.”

In addition, since the automotive industrial sector in this geographic context is one of the most
representative in previous surveys reported by Mendoza-Fong, et al. [67], that sector is compared with
other sectors to find significant differences among them, so that a model is executed for the automotive
sector and a model is rejected for others, and differences in β are tested.

5. Results

5.1. Sample Description

After four months of survey administration, 368 questionnaires were collected. Table 3 lists the
surveyed industrial sectors and the respondents’ job positions. As can be observed, most of the sample
is from the automotive industry (74 technicians, 41 operators, 32 engineers, 22 supervisors, 1 manager,
and 2 other job positions).

Table 3. Industrial sector vs. job position.

Job Position
Industrial Sector

Aeronautics Electrics Automotive Electronics Medical Other Total

technician 0 21 74 29 7 11 142
operator 1 4 41 11 10 12 79
engineer 3 6 32 7 4 1 53

supervisor 1 9 22 8 2 6 48
manager 0 1 1 1 2 1 6

other 0 0 2 0 0 1 3

total 5 41 172 56 25 32 331

Also, only 331 respondents provided information. Most of the respondents are maintenance
technicians or operators; together the categories represent 66.67% of the sample. Such results
imply that the data collected from the survey were obtained from people directly involved in
equipment maintenance.

5.2. Survey Statistical Validation

Table 4 presents the estimated coefficients or indices for the latent variables. Based on these
indices, we concluded that the latent variables have enough parametric and nonparametric predictive
validity, internal validity, and convergent validity. Similarly, according to the VIF values, the latent
variables are free from internal collinearity problems. Consequently, because the latent variables
passed the validation process, they were integrated into the model and evaluated.
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Table 4. Survey validation.

Index
Managerial

Commitment
TPM

Implementation
PM

Implementation
Productivity

Benefits

R-squared – 0.628 0.407 0.382
adj. R-squared – 0.626 0.405 0.377

composite reliability 0.942 0.939 0.902 0.956
cronbach’s alpha 0.926 0.928 0.873 0.948

average 0.729 0.608 0.569 0.732
variance inflation factor 2.560 2.804 1.982 1.499

Q-squared – 0.630 0.409 0.381

5.3. Structural Equation Model

Table 5 shows the model fit and estimated quality indices in the model. Based on the APC, ARS,
and AARS values, the model has enough predictive validity. Similarly, the VIF and AFVIF values
demonstrate that the model is free from collinearity problems, whereas GoF shows that the model fits
the data. According to these data, the effects between the variables can be interpreted.

Table 5. Model fit and quality indices.

Index Value

average path coefficient (APC) 0.368, p < 0.001
average R-squared (ARS) 0.472, p < 0.001

average adjusted R-squared (AARS) 0.470, p < 0.001
average block VIF (AVIF); acceptable if ≤ 5, ideally ≤ 3.3 1.912

average full collinearity VIF (AFVIF); acceptable if ≤ 5, ideally ≤ 3.3 2.211
tenenhaus goodness of fit (GoF); small ≥ 0.1, medium ≥ 0.25, large ≥ 0.36 0.558

5.3.1. Direct Effects

Figure 2 presents the model results once the latent variable coefficients, model fit, and quality
indices were estimated. As can be inferred from the p-values, all direct effects or direct relationships
between the latent variables are statistically significant with a 95% reliability level. Table 6 summarizes
the conclusions regarding the research hypotheses. All of the research hypotheses were accepted,
since they are statistically significant.

Figure 2. Evaluated model.
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Table 6. Hypothesis validation.

Hypothesis Independent Variable Dependent Variable β p-Value Conclusion

H1 managerial commitment TPM implementation 0.534 <0.001 accepted
H2 managerial commitment PM implementation 0.638 <0.001 accepted
H3 PM implementation TPM implementation 0.335 <0.001 accepted
H4 managerial commitment productivity benefits 0.289 <0.001 accepted
H5 TPM implementation productivity benefits 0.289 <0.001 accepted
H6 PM implementation productivity benefits 0.122 =0.009 accepted

Figure 2 also shows the R2 values from the dependent latent variables. In SEMs, R2 expresses the
amount of variance in a dependent variable that is explained by one or more independent variables.
For instance, the TPM implementation latent variable shows R2 = 0.628, which is explained by
managerial commitment (0.400) and PM implementation (0.228). In turn, PM implementation is
explained by only one latent variable, managerial commitment, with R2 = 0.407.

Finally, the productivity benefits latent variable is explained in 0.382 units by three latent
variables: managerial commitment (0.162), PM implementation (0.057), and TPM implementation
(0.164). These results imply that to ensure proper TPM implementation, it is important to perform
tasks from managerial commitment, since this latent variable explains 40% of the PM implementation.
Similarly, to obtain productivity benefits, companies must have managerial commitment and TPM
implementation, because those variables have a higher explanatory level.

5.3.2. Indirect Effects

Figure 2 displays four indirect effects, the p-value for its statistical validation, and the size effect
(SE) as an explanatory power: three of them occur through two segments, and one occurs through
three segments. Similarly, Table 7 lists the sum of indirect effects and associates them with their
corresponding p-values and SEs. For instance, managerial commitment is indirectly related to TPM
implementation through PM implementation. This indirect relationship is statistically significant
(p < 0.001) and has a value of 0.214, explaining 16.0% of variability.

Table 7. Indirect effects.

Dependent Variable
Independent Variable

Managerial Commitment PM Implementation

TPM implementation 0.214 p < 0.001
ES = 0.160 -

productivity benefits 0.293 p < 0.001
ES = 0.165

0.097 p = 0.004
ES = 0.045

Likewise, the managerial commitment latent variable has an indirect effect on productivity
benefits through two latent variables, TPM implementation and PM implementation; the value of
this indirect effect is 0.293 and it can explain 16.5% of variability. Finally, PM implementation has an
indirect effect on productivity benefits through TPM implementation with a low value of 0.097, but it
is still statistically significant and can explain 4.5% of variability.

5.3.3. Total Effects

Total effects in a relationship are total direct and indirect effects. In this sense, Table 8 shows
the total effects found in the model, the p-value associated with the statistical test, and the size effect.
For instance, the total effects in the relationship between managerial commitment and productivity
benefits (0.582) consists of the total direct effect (0.289) and the indirect effect (0.232).
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5.3.4. Sensitivity Analysis

Table 9 presents the probabilities of occurrence independently for the latent variables analyzed
by their high and low scenarios. For example, it is observed that the probability that managerial
commitment is presented at a low level is only 0.158, which represents a risk for the maintenance
manager, since it fully demonstrates that TPM implementation can only be possible if there is
precedence for it. Similarly, the probability of having managerial commitment in a high scenario
is 0.190. Interpretations of the other latent variables are performed in a similar way; in this case,
the low levels represent a risk or an improvement opportunity for maintenance managers to avoid
this occurrence.

Table 8. Total effects.

Dependent Variable
Independent Variable

Managerial
Commitment

TPM
Implementation

PM
Implementation

TPM implementation 0.748 p < 0.001
ES = 0.561 - 0.335 p < 0.001

ES = 0.228

PM implementation 0.638 p < 0.001
ES = 0.407 - -

productivity benefits 0.582 p < 0.001
ES = 0.326

0.289 p < 0.001
ES = 0.164

0.218 p < 0.001
ES = 0.102

Table 9. Scenarios and probabilities of independent occurrence.

Latent Variable Scenario Probability

managerial commitment – 0.158
+ 0.190

TPM implementation – 0.160
+ 0.166

PM implementation – 0.190
+ 0.179

productivity benefits – 0.155
+ 0.190

According to the previous information and based on the values of the variables in their low
scenarios, one of the biggest risks is to have a failure in the PM implementation process, since there is
a probability of 0.190. Consequently, managers must work hard to generate a work culture focused
on preservation of production equipment, because according to the model presented in Figure 1,
the success of a more complete program depends on it, as the TPM implementation. Likewise, it is
observed that two latent variables have a high probability of occurrence in their high scenarios,
managerial commitment and productivity benefits, with 0.190, therefore managers must focus their
efforts on increasing those values.

Table 10 shows the high and low scenario combinations for the variables analyzed, where the
dependent variables are presented in rows and the independent variables in columns, although each
value in every relationship can be discussed. In this section, some of them are analyzed in an illustrative
way. In addition, for each of the intersections, the probability of occurring simultaneously for the two
variables is represented by “&” and the conditional probability of occurrence of a dependent variable
because the independent variable has occurred is represented by “If.” Thus, there are scenarios that
are pessimistic where the two levels of the variables are low, and there are scenarios that are optimistic
because the two variables are at their high level.
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Table 10. Scenarios and probabilities for independent occurrence.

Dependent
Variable

Independent Variable

Managerial
Commitment

TPM Implementation PM Implementation

Scenario – + – + – +

TPM
implementation

– & = 0.098
If = 0.621

& = 0.003
If = 0.016

+ & = 0.005
If = 0.034

& = 0.095
If = 0.565

PM
implementation

– & = 0.090
If = 0.569

& = 0.008
If = 0.048

& = 0.092
If = 0.486

& = 0.003
If = 0.014

+ & = 0.008
If = 0.052

& = 0.084
If = 0.500

& = 0.005
If = 0.030

& = 0.087
If = 0.485

productivity
benefits

– & = 0.065
If = 0.414

& = 0.00
If = 0.00

& = 0.076
If = 0.475

& = 0.003
If = 0.016

& = 0.065
If = 0.343

& = 0.003
If = 0.015

+ & = 0.027
If = 0.172

& = 0.068
If = 0.403

& = 0.027
If = 0.169

& = 0.065
If = 0.393

& = 0.024
If = 0.129

& = 0.063
If = 0.348

For instance, a pessimistic scenario can occur when managerial commitment and PM
implementation have simultaneously low levels, which has a simultaneous probability of 0.090,
representing a risk for the maintenance manager. However, the probability of the second latent
variable occurring since the first variable has happened is 0.569; in other words, if there is a low
managerial commitment to implementation of the maintenance program, the probability is 0.569 that
the policies focused on machinery and equipment preservation are also at their low level. In order
to avoid these scenarios during the TPM implementation process, it is important to have managerial
commitment at its high level, since the probability that this scenario is presented along with a low level
in PM implementation is only 0.008, which indicates that it will almost never happen, which shows the
importance of that variable. Also, the probability of having a low level in PM implementation because
there is a high managerial commitment level is 0.048, a very low value that indicates that the second
variable in high levels is not associated with low levels in first variable.

The above statement is easily demonstrated when the scenario is analyzed with the variables
inverted, that is, when managerial commitment is low and PM implementation is high, which can
occur simultaneously at a probability of 0.008, and this indicates that it will almost never happen. Also,
it is observed that it is very unlikely that the second variable will occur in its scenario because the first
variable has happened, since the probability is only 0.052. However, when managerial commitment
and PM implementation have high levels simultaneously, there is a probability of occurrence of 0.084,
but the probability that the second variable occurs at its high level since the first variable occurred at
its high level is 0.500. The previous data clearly indicate that high managerial commitment levels are
related to high PM implementation levels.

How does TPM implementation impact productivity benefits? In order to answer this question,
the situation where the first variable is independent and the second is dependent is analyzed. In this
case, in the pessimistic environment, when the two variables are at their low level, it is observed that
there is a probability of 0.076 that this scenario will occur. However, the probability of having low
productivity benefits because the TPM implementation at its low level is 0.475, which indicates that the
low levels of the second variable are related to the low levels of the first. Additionally, in an optimistic
environment, when TPM implementation and productivity benefits have high levels, the probability
that they will occur simultaneously is 0.065, which represents a low value for a maintenance manager;
however, the probability that the second variable will occur because the second variable has occurred in
its scenario is 0.393. The previous data indicate that TPM implementation is a program that guarantees
productivity benefits.
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In addition, the previous statement is easily validated when the probability of TPM
implementation is at a high level and productivity benefits is at a low level, which has a value
of 0.003, indicating that this scenario will almost never occur. Also, the probability that the second
variable is at its low level because the first variable is at its high level is only 0.016, which indicates
that TPM implementation at a high level is not associated with productivity benefits at a low level.
Due to space problems, the interpretation of other scenarios between the latent variables is left to the
reader, with an explanation similar to the one that is presented.

A structural equation model was executed, integrating data from the automotive sector,
with 172 cases, and another model integrates 159 cases from the aeronautics, electric, electronics,
medical, and other sectors. Table 11 shows the β values for every model in the multigroup analysis,
for example, for the relationship between managerial commitment and PM implementation for the
automotive model it is 0.654 and for the same relationship in the other sectors model it is 0.631, a similar
value that needs to be tested statistically for its difference.

Table 11. Beta values for models.

Dependent Variable

Automotive Sector Other Sectors

Independent Variable

MC PMI TPMI MC PMI TPMI

PM implementation 0.654 - - 0.631 - -
TPM implementation 0.49 0.364 - 0.573 0.298 -
productivity benefits 0.277 0.233 0.436 0.304 0.210 0.359

MC, managerial commitment; PMI, PM implementation; TPMI, TPM implementation.

Table 12 shows the confidence intervals for differences between two β values in the analyzed
models (automotive sector and other sectors) at a 95% confidence level. For every β value, it is
observed that the lower confidence value limit is negative and the upper confidence value limit is
positive, and this lets us conclude that there are no differences between analyzed groups, because the
zero value is included in that interval.

Table 12. Confidence intervals for differences in β.

Dependent Variable

Independent Variable

Managerial
Commitment

TPM
Implementation

PM
Implementation

TPM implementation –0.098 to 0.1333 - -

PM implementation –0.069 to 0.141 –0.096 to 0.115 -

productivity benefits –0.032 to 0.178 –0.035 to 0.174 –0.104 to 0.107

6. Conclusions and Industrial Implications

Based on the findings previously discussed, the research conclusions are as follows:

1. Based on the R2 values, TPM implementation has a 62.8% dependence on two variables,
but managerial commitment explains most of the variability in 40%. In this sense, manufacturing
companies must encourage department leaders and managers to embrace their responsibility
for and commitment to TPM. Similarly, managers must promote the active participation of
maintenance staff and communicate a corporate vision centered on quality and equipment
maintenance, and among these aspects, they must be actively involved in TPM projects. Two other
responsibilities of senior managers are to make sure that staff commitment to TPM is aligned
with the corporate mission and supervise tracking of the implemented maintenance plans.
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2. The managerial commitment latent variable explains 40.7% of PM implementation variability.
Therefore, for a preventive maintenance program to be successful, managerial commitment is
necessary. Hence, PM programs must be focused on adjusting and changing components before
the equipment fails. Also, preventing machine failures must be promoted by managers, since they
need to understand the components’ life cycle and generate a replacement plan.

3. TPM is a set of programs, among which is preventive maintenance. According to the findings,
PM implementation is an important antecedent to any comprehensive TPM program. In fact,
in this research, PM implementation explains 22.8% of the variability of TPM implementation.
These findings imply that TPM managers and operators must focus their efforts on preventive
maintenance programs that consider the components’ life cycle to make changes before
machines fail.

4. Statistically, three latent variables explain 38.3% of the productivity benefits latent variable:
TPM implementation (16.4%), managerial commitment (16.2%), and PM implementation (5.7%).
Such estimates imply that managers must pay close attention to the first two variables, since they
have the largest effects. Although the direct impact from PM implementation is low in
productivity benefits, the indirect effect has a value of 0.097, which can explain 4.55%. In the
end, the total effects of PM implementation on productivity benefits have a value of 0.218 units,
and this latent variable explains up to 10.2%. In other words, preventive maintenance as a part of
TPM implementation is vital if companies aim to obtain productivity benefits.

5. The total effects of managerial commitment are larger than 0.5 standard deviations, demonstrating
that this variable is a key element in productivity, TPM success, and PM programs. Consequently,
TPM operators must always demand managerial support before starting any preventive
maintenance program, because managerial commitment on its own does not guarantee all
the productivity benefits, since its direct effects on this variable were only 0.289. On the other
hand, the total effects of managerial commitment on productivity benefits where the TPM and
PM were involved had a value of 0.582.

6. It is interesting to observe the relationship between managerial commitment and productivity
benefits obtained from TPM, where the direct effect was only 0.289, but the indirect effect that
occurs through the mediating variables PM implementation and TPM implementation was 0.293,
that is, the indirect effect is greater than the direct effect, and the sum gives a total effect of 0.582.
The foregoing indicates that management commitment is not sufficient to obtain productivity
benefits, because it is necessary to have a labor culture focused on conserving the machinery and
equipment that can be reflected in a preventive maintenance program, but in addition, a more
holistic TPM implementation program in which all departments of the company are integrated
is required.

7. Based on information in Table 10, the following conclusions can be summarized:

a. High managerial commitment levels are not associated with low productivity benefits
levels, even if the probability of simultaneous occurrence is zero.

b. Even if managerial commitment is low, it is possible to obtain high productivity benefits,
because these may come from other sources.

c. Having low managerial commitment levels represent a risk in PM implementation,
TPM implementation, and productivity benefits.

d. High TPM implementation levels guarantee high productivity benefits levels.

8. There is no statistical evidence to declare that the automotive industrial sector is different from
other sectors when multiple groups are analyzed.
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7. Research Limitations and Suggestions for Future Work

TPM offers a broad range of benefits for companies, yet this research only analyzes the impact
of TPM on productivity. This is one of the limitations in the study, and in order to address it,
further research would have to expand the scope by considering other benefits, such as employee safety
benefits and organizational benefits. Another limitation in the proposed model and its hypotheses is
that it was evaluated using information from the Mexican maquiladora industry, and the same model
using data from other geographical areas and industrial sectors may have different results.

Similarly, a successful TPM implementation is not the result of just managerial commitment
and PM programs; it is important to explore the impact of other critical success factors, such as
machinery technology, employee commitment, employee education and training, tool maintenance,
and equipment, and as a result, R-squared is not equal to 1, because another latent variable is not
integrated into the model.
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Abstract: Remanufacturing is the process of bringing end-of-life products back to good-as-new.
It plays a critical role in decoupling economic growth from growth in resource use, and in
accelerating the circular economy. However, the uptake of remanufacturing activities faces obstacles.
This paper reviews the challenges encountered by the remanufacturing sector and discusses how
the Industry 4.0 revolution could help to effectively address these issues and unlock the potential of
remanufacturing. Two case studies are included in this paper to exemplify how technology enablers
from Industry 4.0 can increase efficiency, reliability, and digitization of the remanufacturing process.

Keywords: remanufacturing; sustainable manufacturing; Industry 4.0; smart factory; intelligent
machining

1. Introduction

The growth and stability of the traditional “take-make-consume-dispose” linear model has been
heavily dependent on the availability of resources. However, the linear model is now challenged by an
unprecedented rise in demand for the finite supply of resources, as it is expected that by 2030 there
will be three billion more middle-class consumers worldwide [1]. With this in mind, the “circular
economy” model is drawing global attention as an approach to decouple economic growth from
resource constraints. The underlying principle of the “circular economy” is to make products and
materials restorative and regenerative by design, and to maintain them at their highest utility and
value [2].

Circulation of the technical product life cycle is enabled through several end-of-life (EOL)
channels, including recycling, remanufacturing, reusing, refurbishing, etc. Among these EOL strategies,
remanufacturing shows noticeable advantages due to its effectiveness in preserving the added value
of products and assuring their quality. Remanufacturing is the process of bringing EOL products back
to good-as-new status through disassembly, cleaning, inspection/sorting, restoring, and reassembly.
It provides social, environmental, and economic benefits by offering to consumers end products with
assured quality at a competitive price, while protecting the intellectual property and brand image
of original equipment manufacturers (OEMs). It also creates and opens up new business and job
opportunities in the after-sales service market. Another main advantage of remanufacturing lies in
protection of the environment by reducing the usage of raw materials, carbon footprint, and number
of components being scrapped. However, the uptake of remanufacturing faces several obstacles,
which need to be resolved properly through collaboration among multiple players across the business,
government, investors, society, and research communities [3]. Fortunately, the advent of Industry
4.0 has provided immense opportunities for unlocking the potential for remanufacturing by reducing
the cost of transformation into a higher level of connectivity and efficiency.
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Industry 4.0, as the name suggests, refers to the fourth stage of industrialization, aiming for a high
level of automation in the manufacturing industry through the adoption of ubiquitous information
and communication technologies (ICTs). The boundaries between the virtual environment and real
world get increasingly blurred, which is called “cyber-physical production systems (CPPSs)”. In simple
terms, in CPPSs, electronic and mechanical components are linked through sensors in a network,
which provides a smart platform for data flow and data analytics. An early form of this technology is
the implementation of radio frequency identification (RFID) sensors, which have been in wide use
since the year 1999.

In this paper, the opportunities that Industry 4.0 bring to the remanufacturing industry are
discussed and presented from the perspectives of “Smart Life Cycle Data”, “Smart Factory”, and “Smart
Services”. Case studies are presented to exemplify the use of ICT to increase the efficiency and accuracy
of the remanufacturing process.

2. Literature Review

Remanufacturing activities span a number of industries. Remanufacturing has experienced a
higher chance for success in sectors in which:

• Products are durable and usually contain high-value materials;
• The technology cycle is stable and longer than the useful life cycle;
• Restoration technologies are available;
• Products have the potential to be leased or delivered as a service rather than as hardware.

The above-mentioned factors are also the reasons why more than 60% of remanufacturing
activities, in terms of production value, are concentrated in the aerospace, automotive, and heavy-duty
off-road vehicle sectors. Examples of products or components being remanufactured include aerospace
engines, alternators for automotive, gears for heavy-duty vehicles, etc. More recently, driven by
noticeable economic profits and ever more stringent environmental regulations, remanufacturing has
also been carried out by other industries, such as IT products, machinery, tires, and furniture.

Bottlenecks to remanufacturing vary by geographic location, industry sectors size of the individual
remanufacturer, and nature of business. Nevertheless, there are still some common challenges,
which are identified as follows:

• Lack of standards and legislation

The lack of a commonly accepted definition and standards for remanufactured products in various
sectors has been identified as the most prevalent barrier to remanufacturing. This has resulted in
not only the loss of consumer trust in remanufactured products, but also restrictions on importing or
exporting remanufactured products in certain countries [4].

• Lack of life cycle design awareness

Many barriers encountered during the remanufacturing process could be eliminated if proper
design features were included in the early stage of product design. For example, avoiding the use of
permanent joints reduces the complexity of disassembly processes, and standardizing part designs
simplifies the inspection and sorting process. Currently, most design for remanufacturing (DfRem)
tools or concepts remain within the realm of academic research. There is still a lack of an effective
DfRem tool commonly accepted and adopted by industry, which hinders the closing of the product
life cycle through remanufacturing [5].

• Lack of sufficient market demand and core supply

“Cores” refer to the used products which are re-collected for remanufacturing. A lack of
understanding and negative perception of remanufacturing have limited market demand for
remanufactured products. When customers are not convinced of the quality of remanufactured
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products, they expect remanufactured products to be sold at a lower price, which consequently reduces
the profit margin and discourages growth of the remanufacturing industry. Furthermore, due to
the current linear movement of product from the point of manufacture to customers and, ultimately,
to landfills, incineration, or material extraction, gaining access to EOL products and diverting qualified
ones to a remanufacturing facility also pose challenges to the growth of remanufacturing. There is a
need to change to circular or service-oriented models that can truly reverse the linear trend and assure
a supply of cores [4].

• Skill/technology challenges and limited information sharing

Remanufacturing is a highly labor-intensive industry in comparison with traditional
manufacturing [6]. Many of the decisions made during the remanufacturing process are still dependent
on ad hoc engineering experience and thus require technically skilled engineers or technicians.
Meanwhile, there is still a need for the development of suitable nondestructive testing (NDT)
methods for repaired components or parts, which makes the qualification of remanufactured products
challenging. In addition to this, the lack of original design specifications and information on the
usage and repair history of the returned products further complicate the assessment of the viability of
core remanufacturing.

Even though progress towards the uptake of remanufacturing is still hampered by a few
challenges, Industry 4.0 reveals some powerful emerging trends that have the potential to address
these bottlenecks. While Industry 3.0 focused on the automation of a single machine and process,
Industry 4.0 pushes towards end-to-end digitalization of all physical assets and the entire supply
chain [7]. The rise of Industry 4.0 is leading to the drastic and rapid growth of data volume (Big Data),
driven by:

• The availability of computing power and connectivity,
• The advancement of analytic capability (e.g., artificial intelligence),
• The introduction of new patterns of human and machine interaction (e.g., augmented reality

systems), and
• The advent of technologies that ease the transformation of digital data into physical objects

(e.g., additive manufacturing and rapid prototyping).

When it comes to digitalization, Industry 4.0 possesses four main characteristics:

• The vertical networking of small production systems, such as smart factories and smart products;
• The horizontal integration of global value creation networks, such as new business and

cooperation models;
• Through-engineering across the product design, product use, and EOL stages;
• Exponential acceleration of technologies.

The fundamental idea of Industry 4.0 is to increase availability and integrated use of relevant
data by connecting all products, resources, and companies involved in the value chain and, ultimately,
to generate additional value from available data and to maximize customer benefit [8]. According to
a recent global industry survey [7], Industry 4.0 is no longer considered a “future trend” and for
many companies it is already the core of their strategy and research agenda. Around 40% of
companies surveyed reported that their vertical and horizontal value chains and through-engineering
model are already benefiting from an advanced level of digitization and integration; this number
is expected to increase to 75% within 5 years. Meanwhile, survey results suggested that global
industrial product companies would invest USD907 billion per year through to 2020 for digital
transformation. It is believed that the digitization of horizontal and vertical value chains, as well as the
product life cycle, will eventually revolutionize the product, manufacturing/remanufacturing industry,
and corresponding business models.
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3. Smart Remanufacturing in the Digital Age

To pave the way towards a wider uptake of remanufacturing, the challenges discussed in
the previous section need to be addressed and properly resolved by OEM and independent
remanufacturers. Fortunately, the advent of Industry 4.0 has presented immense opportunities to
unlock the potential of remanufacturing. In this section, the opportunities that Industry 4.0 bring to
remanufacturing are discussed based on the three aspects previously mentioned, namely, Smart Life
Cycle Data for Design for Remanufacturing and EOL Management, Smart Factory for cost-effective
and green remanufacturing operations, and Smart Services for a successful remanufacturing business
model. Figure 1 describes the three application areas and technical enablers from Industry 4.0.
The technology enablers are presented in the outer rim of the circle, and include smart sensors,
cloud computing, robotics, machine-to-machine communication (M2M), additive manufacturing,
and others.

Figure 1. Opportunities from Industry 4.0 for remanufacturing, and its key enablers.

3.1. Smart Life Cycle Data

From the initial product design and development stage, and all the way until the EOL
stage, various product information is generated and captured. Ideally, this information should
be shared across the product life-cycle stakeholders to support product life-cycle management [5].
However, the flow of product information remains essentially unestablished due to ineffective data
extraction, loss of information during product transfer between stakeholders, undeveloped platforms
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to support information sharing, and other policy restrictions. Ineffectiveness of data circulation
has reduced the efficiency of product life-cycle management and the quality of service provided.
For example, incomplete information on returned cores remains a big challenge for the majority of
remanufacturers [5]. In order to restore these products back to “good as new” quality, remanufacturers
have to recreate product knowledge which existed at the product design stage. In this regard, the digital
transformation of Industry 4.0 has shed some light on addressing this concern by improving data
transferability and building the knowledge/data-sharing platform. This could be enabled through
sensors, embedded systems, and connected devices (“Internet of Things”), as well as a comprehensive
data management platform. For example, when information regarding computer-aided design (CAD),
bill of materials, parts information, manufacturing and assembly instructions, data from product
use stage, and repair history information are stored in a central system and are easily accessible
by remanufacturers, the repair decisions during the remanufacturing process could be made easily
and operations could be carried out in a more efficient manner. Furthermore, when information,
such as product failure modes and rates, replacement frequency, cleaning efficiency, disassembly
challenges, and upgrading challenges, is extracted effectively from the remanufacturing stage and fed
back to product designers, many of the barriers occurring during the remanufacturing process could
be avoided in the next generation of products by incorporating proper design features [9–12]. This is
strategically important and a substantial cost-saving measure, as more than 70% of product costs are
determined at the product development stage [13].

3.2. Smart Factory

Due to the uncertainty involved in the number and quality of cores returned, remanufacturing
operations need to incorporate a high degree of flexibility to react quickly and appropriately to
various product reconditioning requirements. Smart factories, which enable high flexibility and small
batch size production, seamlessly address this complexity issue associated with remanufacturing
operations. “Smart factories” are essentially at the core of Industry 4.0. “Smartness” is achieved
using electronic hardware/software, as well as networking of production resources. Compared
with traditional manufacturing, more ancillary hardware and software, like RFID tags, barcodes,
laser markers, sensors, as well as communication infrastructure, will be embedded into the factory to
enable machines to collaborate with each other using intelligent analytics. In the future, in a smart
remanufacturing environment, machines could obtain incoming core information through scanning
a barcode attached to the core, adapt the remanufacturing operations through self-optimization and
smart fixturing capabilities, update the process-related information to a database via wireless transfer,
and store remanufacturing knowledge gained from experience. This could enable a substantial
reduction of the labor force and lessen the dependency on high-skilled operators. In the meanwhile,
with various types of sensors embedded into equipment and cells, data from the manufacturing
process could be retrieved and sent for real-time analysis. This would support the early detection of
machines or cell failures and allow preventative strategies to be implemented to avoid unplanned
maintenance and catastrophic failures. Information associated with the product manufacturing
data could also been recorded and stored as part of the product life-cycle data. In addition,
energy-efficient remanufacturing processes could also be achieved through collecting real-time energy
consumption data and implementing an energy management system accordingly. Further innovative
technologies, such as additive manufacturing, 3D scanning, automated guided vehicles, inspection
drones, hybrid manufacturing/process [14,15], and augmented reality tools, will continuously drive
down the cost of remanufacturing operations while also delivering substantial improvements in the
quality of the repaired product. Taking aerospace remanufacturing as an illustration, worn airfoils
can sometimes be repaired using the laser metal deposition technique, an additive process where
metal powder is melted by a computer numerical control (CNC) laser on a robot arm to form a
direct fusion-bonded deposit on the blades. This technology offers the precision and low heat input
necessary to successfully achieve such restoration, compared to more conventional fusion welding
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processes. In addition, sustainability needs to be an important factor to be considered while adopting
these advanced technologies. The life-cycle assessment method could be conducted to gauge the
environmental impact of these new technologies to make sure the advancement is not only technically
achieved but is also environmentally friendly [16].

3.3. Smart Services

One of the challenges that remanufacturers face, as explained earlier, is the control of the
timing, quality, and quantity of cores returned. In this regard, the product service system has
provided opportunities to cope with the complexity of core return for remanufacturing [17]. In this
emerging and disruptive business model, ownership of the product is usually retained by the OEMs
or retailers and only the service or usage is offered to customers (e.g., selling “flying hours of the
engine” instead of selling “engines”). Hence, it creates a mandate for manufacturers or retailers to
monitor their product’s performance during its runtime and to forecast remanufacturing operations
on the cores returned based on the predicted remaining life of the product. On the other hand,
from the consumers’ perspective, as they pay for the service rather than the ownership of the
product, market acceptance for remanufactured goods will likely be increased, leading to a successful
remanufacturing model. Real-time monitoring of product in-use and data analysis via embedded
sensor networks and cloud-based computation could enable predictive maintenance by the early
detection of problems. Increased connectivity among products, customers, and manufacturers,
promoted by Industry 4.0, presents immense opportunities for boosting the product service model.
Take, for example, machines that are leased to the power plant sector. Power plants rely heavily on
the continuous availability of their machinery. To increase the reliability of machines, smart sensors
are embedded into the machines to monitor critical factors, such as temperature, pressure, switches,
energy consumption, and vibration in real time [18]. Sensor data are collected and logged into a central
server through a network for prediction of potential wear and estimation of components’ useful life,
and for scheduling maintenance or remanufacturing of components in a timely manner.

4. Case Illustrations

As mentioned previously, traditional remanufacturing is hindered by low process efficiency
and data silos among various product life-cycle stages. In this section, we present two
case studies to demonstrate how Industry 4.0 helps traditional remanufacturing achieve better
connectivity between machines through seamless data flow and real-time data capturing for condition
monitoring, respectively.

4.1. Smart Repair Cell

Currently, most remanufacturing tasks are highly labor intensive, as returned cores vary greatly
in terms of their form and condition. Even though human intelligence is capable of adapting to such
variations and performing adaptive manual repair tasks, dealing with variability in the part profile
and form accuracy of each core still remains challenging for the remanufacturing process. This is
particularly a concern for aerospace part repair, as the sector has stringent requirements for compliance
to the original part specifications.

To achieve consistency and high flexibility in remanufacturing operations, a smart
remanufacturing cell, with special focus on repair operations, has been simulated at the Advanced
Remanufacturing and Technology Centre (ARTC). The smart cell, as graphically described in Figure 2,
comprises the following layers:

• Shared database—in this layer, all virtual data pertaining to every individual repaired component
are stored and organized based on the design and existing repair information. By organizing
the repair data, backtracking the core’s repair process history and failure information is a
well-established process.
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• Software platform—this layer defines all the software tasks related to the data flow and
machine-to-machine communication channels. With a common software platform, high-speed
computations are carried out both in real time and offline, helping seamless data transfer between
machines without any loss in data quality.

• Physical process—this layer of the smart cell defines the actual repair tasks to be carried out on
the core. Since the process requires physical transfer of the component and its storage container
across the actual repair processes, it relies heavily on factory automation to conform to Industry
4.0 standards.

In standard manufacturing protocols, design of the component using computer-aided design
(CAD) precedes part manufacturing. Yet, in the remanufacturing process, the type and level of damage
to the core will affect repair decisions. Some of the damage modes include, but are not limited to:
cracking, wear, physical distortion, high-temperature damage, surface corrosion, etc. Upon entering
the cell, cores will be registered in the shared database using identification markers during a process
termed “Part Registration”. This process provides the system with core information, such as original
part number, serial number, raw material identification, bill of materials (if it is an assembly), OEM CAD
design information, and repair history.

Once cores are registered, a single/series of repair processes will be planned for each core in
a sequence suitable for its identification and condition, based on established standard OEM repair
protocols or other approved methods. The repair sequence will involve the utilization of several
machines and manufacturing processes, such as brazing, thermal/cold spray, and laser cladding to
regenerate the damaged area of the core. Process-related information will be updated in the database
via wireless transfer and will constitute the digital “life-story” of the parts. This registration process is
crucial in product life-cycle management (PLM) to improve the product design in the future and to
ensure an appropriate decision-making process at the next remanufacturing cycle.

Figure 2. Smart remanufacturing cell-process flow.

As most of the repair processes result in addition of material to the parts, further machining
processes need to be carried out to bring the repaired component back to its original dimensions.
This is a critical stage of the repair process, as it will determine the accuracy and tolerances of
the final repaired part. To generate the optimum tool path, automated adaptive machining is
adopted. Firstly, the as-received physical dimensions of the core need to be defined in 3D digital
format. This could be realized using various three-dimensional scanning methods, such as laser
triangulation, structured light, probing methods, etc., to create the digital twin of the core. The scanned
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output is stored in the shared database, usually in point-cloud form. Secondly, the scanned data is
compared with the original digital design of the part (computer-aided model—CAD), also called
golden sample/nominal data, to obtain the geometry difference, using reverse engineering software.
Thirdly, on-machine probing or a scanning method is carried out to measure the information on the
machine coordinate system (MCS) and to align the repaired part with respect to the machine datum.
Lastly, via the developed machine-to-machine communication software platform, geometry differences
and the MCS are fed into computer-aided manufacturing (CAM) software for the adaptive tool-path
generation. The tool path generated based on this aligned datum is stored in the shared database layer
as a numerical control (NC) file. Following the additive repair processes, when a part is ready for final
machining, the NC file is retrieved from the database to be used for machining. Various machining
processes, such as 5-axis milling, turning, grinding, abrasive polishing, etc., are carried out to achieve
the final dimensions on the repaired component. Machining-related information is also stored in the
database as part of the product’s digital “life-story”. The real-time monitoring of the machining data
plays a key role in defining the surface integrity of the machined parts. In the subsequent case study,
the effect of sensor integration on machine tools and its impact on Industry 4.0 is discussed in detail.

In addition, thanks to the advancement of machine tool technology, both additive and subtractive
processes can be performed with one single machine. Hybrid machines—combining both laser metal
deposition blown powder and 5-axis milling in one machine—are now commercially available for use
in production. This provides the benefit of single-machine and single-work setup, hence improving
the volumetric accuracy of the final repaired component. In addition, the cost of multiple machines,
corresponding part transfer automation, and the space requirement are reduced substantially.

Smart repair cells are designed to be an effective way of repairing each component adaptively
with utmost accuracy and tolerance due to seamless information flow across the processes. Currently,
a smart repair cell concept is simulated at ARTC using various scenarios such as number of machine
tools, robotic automation vs manual part transfer, and volume of cores. Based on the simulated results,
the best operational efficiency is calculated to select the right hardware combinations. Know-how in
reverse engineering, adaptive toolpath development, and individual repair processes have already been
embedded into the smart repair cell. Ongoing work at ARTC is focused on building up the database
based on number of cores, real-time machine tool monitoring, and the final remanufactured part
conformance data, which will eventually help machine learning for automatic repair decision making.
It should be noted that the above-mentioned remanufacturing cell focuses mainly on the adaptive
repair process. Disassembly, cleaning, re-assembly, and, most critically, the NDT process for analyzing
issues related to adhesion of the repaired material, change of material structure, porosity, inclusions, etc.
are not addressed in this paper.

4.2. Sensorized Machines for Intelligent Machining

Machine tools could become increasingly smart by perceiving their own states and the state
of the surrounding environment, which is considered as “intelligent machining”. Key enablers for
this capability include smart sensors embedded into machine systems, a data acquisition system
which can transmit the processing data quickly without data loss, and also the intelligent central
system which receives and analyzes the data. Such an intelligent machining system is of great
importance for evaluating the system’s health and to enable prediction of a possible breakdown or
malfunction before it happens. Currently, advanced condition-based maintenance is triggered when
an asset reaches a predefined unacceptable level detected by the sensoring system. These thresholds
usually originate from experts’ experiences (machine operators) or manufacturers’ recommendations.
However, when multiple complicating factors coexist, false alarms might be triggered. To resolve such
complications, sensors and advanced computer systems will be used in tandem during intelligent
machining to monitor the system health. Both historical and real-time sensor data will be used in the
evaluation of the machine condition via artificial intelligence techniques to substantially increase the
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prediction accuracy and the quality of the produced part. This work is now being carried out by a
research group in ARTC.

A large number of sensing devices, including vibration sensors, current sensors, temperature
sensors, and acoustic emission sensors, have been installed into various critical subsystems of a
computer numerical control (CNC) machine, such as spindles, linear guides, ball screws, cutting tools,
etc. All the sensors are linked to three data acquisition (DAQ) systems. Each DAQ system performs
data acquisition and storage. The data are used for analyzing the correlation between machine health
and the quality of the product selected to be machined. Sensor data are captured and recorded in the
database during the process of machining the product, which is, in our case, a carburized steel shaft.

As modern machines are quite robust, it may take months or years before detectable changes in
machine operation and performance can be observed. Sensors can register small changes indicating
the beginning of degradation in machine components or subsystems. However, it is not guaranteed
that such changes will affect the quality of machined products. Therefore, it is difficult to determine
the remaining useful life of a whole machine system or subsystem based on one-time measurement
without access to historical data. In order to obtain the critical and more relevant machine data,
different levels of failure modes, such as tool wear, tailstock misalignment, and spindle unbalance,
were simulated. At the same time, changes in sensor data collected during experiments to simulate
different levels of machine failure modes, as well as the measurement of part quality, including surface
roughness, waviness, dimensions, and out-of-roundness, have been captured and documented in order
to search for correlations between the sensor signals, deterioration of machine subsystems, and quality
of machined products, as shown in Figure 3. To date, a total of 190 GB of data have been collected
during the machining of 45 shafts under the different simulated failure modes. Work is ongoing to
analyze these data and to generate a model for machine failure prediction.

Figure 3. Correlation between machine and process condition, sensor data, and quality of
machined products.

The purpose of developing intelligent machining capability is to be able to monitor machine
condition and part quality, to predict the need for maintenance, and to avoid costly failure and the
need for part rework. In the meanwhile, data captured will also form part of a product’s “digital
life-story”, which will be of great use for supporting product end-of-life decision making and analyzing
the cause of product failure. Additionally, the ability to retrofit older machines with smart sensors and
the data acquisition system to achieve intelligent machining is of paramount importance, as not all
companies can afford to purchase new modern machinery to enjoy the benefits of the sensor system.
The capability of retrofitting an existing machine with an advanced sensor system has been developed
and demonstrated through this current research work.
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5. Conclusions

In this paper, some of the opportunities that Industry 4.0 bring to the remanufacturing industry
are discussed and presented from the perspectives of “Smart Life Cycle Data”, “Smart Factory”,
and “Smart Service”. It is observed that increased digitalization across the supply chain and enhanced
cyber-physical intelligence within the factory have effectively addressed several major concerns that
remanufacturers encounter. This will potentially reduce the cost of transformation in remanufacturing.

A smart remanufacturing cell, which provides tailor-made repair operations based on incoming
core conditions, is described in the case study section to showcase technology enablers from Industry
4.0 supporting the smart remanufacturing process. Smart sensors which are embedded into the
CNC machine enable the real-time monitoring of machine health and call for maintenance or
component remanufacturing in a preventative manner. Future work could also look at the economic
analysis to justify the viability and profitability of utilizing innovative technologies for a smart
remanufacturing system.
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Abstract: Achieving lightweight construction through only material substitution does not realize the
full potential of producing a lightweight material, hence, it is no longer sufficient. Weight-saving goals
are best achieved through additional function integration. In order to implement this premise for
mass production, a manufacturing process for joining and forming hybrid laminates using a new tool
concept is presented. All materials used are widely producible and processable. The manufactured
cover of an automotive center console serves to demonstrate a human interface device with impact
detection and action execution. This is only possible through a machine learning system, which is
implemented on a small—and thus space- and energy-saving—embedded system. The measurement
results confirm the objective and show that localization was sufficiently accurate.

Keywords: hybrid laminate; piezoceramic compound; sensor function; sheet metal forming;
impact detection

1. Introduction

Laminates made of different materials, such as plastic and metal, are referred to as hybrid
laminates. The combination of metal sheets with fiber reinforced plastics (FRPs) results in completely
new property profiles, which are characterized by low weight combined with high specific rigidity
and strength. This enables high degrees of lightweight construction. The insertion of the metal layers
significantly improves the damage tolerance of the FRP, making the hybrid laminates predestined
for use in the aviation industry. A well-known representative is GLARE (Glass Laminate Aluminum
Reinforced Epoxy), a glass fiber reinforced epoxy resin aluminum foil laminate, which is the result
of further development of the oldest known hybrid laminate, ARALL (aramid fiber reinforced epoxy
resin aluminum foil laminate). The layer structure of GLARE consists of glass fiber prepreg layers
combined with aluminum sheets. However, due to the use of the thermoset matrix material, which has
a long curing time, and the complex plant technology required, the production costs for these hybrid
components increase [1]. The challenge to reduce these costs was met in a joint project at Chemnitz
University of Technology, and hybrid laminates with a thermoplastic matrix were developed under
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the brand names CAPAAL© (carbon fiber reinforced polyamide aluminum laminate) and CAPET©

(carbon fiber reinforced polyetheretherketone titanium laminate) [2].
Another approach to decreasing the weight is the integration of additional functions in structural

components. Piezoceramic elements, for example, can be injection-molded with electrically conductive
polymers and used, for example, for structural monitoring in fiber reinforced plastics [3]. Similarly,
piezoceramic fibers—which are inserted into microcavities produced by forming, and joined by forming
technology—enable the monitoring of metal components [4]. However, the efficient and large-scale
production of hybrid laminates with large-area integration of sensors for detection and localization of
impacts and deformations in hybrid sheet metal structural components is not yet available.

The forming of hybrid laminates presents a particular challenge in order to avoid failure of
the individual layers due to tearing, delamination, and wrinkling. Successful forming can therefore
only be achieved by adequate temperature control [5]. Harhash [6] goes on to discuss the effect
of the core thickness on the mechanical properties. Furthermore, the failure during deep drawing
is described, as is the beginning of crack propagation. Further research on the forming of hybrid
laminate can be found in [7]. The laminate is preheated and then formed in a heated tool. The exact
description of the material properties at elevated temperature, especially near the melting temperature,
is a great challenge for the finite element (FE) simulation. A possible approach is the determination of
these characteristic values by a representative volume element [8]. Nondestructive testing of hybrid
laminates is also intended to detect defects that have a direct effect on the forming properties [9].

One field of application for hybrid laminates is represented by impact detection. In this field
of application, three main algorithm approaches have emerged. The first class includes algorithms
detecting impacts by precomputed reference values [10,11]. These algorithms face the drawback
of low adaptability, since each component has to be measured individually. The second class
represents signal-theoretical approaches for impact detection relying on direction of arrival estimation.
Determination of the direction of arrival is based on cross-correlation [12], which is used for impact
detection and localization on aircraft wings [13]. The third class covers localization with machine
learning methods. For this purpose, various signal properties are extracted and used as inputs for
various machine learning training techniques [14]. The main difference between the last two described
classes are the good results from the signal processing class, as long as the objects are well shaped; if the
objects are strongly deformed and no mathematical model can be found, machine learning approaches
are preferred. The number of machine learning algorithms rises constantly and covers a wide range of
research and application fields. Therefore, [15] used the support vector machine, while [16] relied on
the kernel extreme learning machine. The most commonly used techniques are neural networks [17,18],
whereby the quality of the procedure always depends on the features used to represent the selected
signal property. Haywood et al. [19] and LeClerc et al. [20], for example, used features generated by
Fourier and Hilbert transform, accompanied by high computational costs. In contrast, [12] focuses on
features with low computational effort. The machine learning methods and signal properties to use
cannot be generically determined and depend on the respective application.

The rest of this work is organized as follows. First, a novel manufacturing process for
hybrid laminates with sensor functionality is described, addressing a continuous process chain
and guaranteeing constant quality. Subsequently, a digital signal processing chain is described,
demonstrating that the manufacturing process is accurate, does not damage sensor functionality,
and has practicable usability. Finally, a conclusion about the presented results is drawn.

2. Manufacturing of Hybrid Laminates with Sensor Functionality

For manufacturing of hybrid laminates with sensor functionality [21], a large-scale process
chain was developed. This innovative process chain combines the polymer processing technologies
of compounding and foil extrusion with the rolling and forming of metal parts. In the first
subprocess (Figure 1, label 1), the starting materials are blended into a piezoceramic thermoplastic
compound and extruded as a thin foil, which forms the active component of the hybrid
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laminate. Therefore, the polypropylene homopolymer Moplen HP501H (LyondellBasell, Rotterdam,
the Netherlands) is functionalized with piezoceramic lead zirconate titanate (PZT) powder NCE 55
(Noliac A/S, Kvistgaard, Denmark) and carbon nanotubes (CNTs) NC7000 (Nanocyl S.A., Sambreville,
Belgium). The optimal material composition and processing properties were determined in previous
investigations. Hence, the piezoceramic foil consisted of 70 wt % PZT and 0.5 wt % CNTs [22,23]. A foil
thickness of 250 μm provides the optimal conditions for joining (Figure 1, label 2) the piezoceramic foil
with aluminum sheets. The surface of the aluminum metal sheet (EN AW-6082 T4 with a thickness
of 0.5 mm) was treated before joining. Grinding and additional etching with sodium hydroxide has
proven to be a reliable method (acceptable adhesion when close to a large-scale reaction). After joining
the piezoceramic foil and the copper sheets, cutting was carried out by water jet. A special tool concept
was developed for the forming process, in which the composite is heated, formed, and cooled in
the tool (Figure 1, label 3).

Figure 1. Process chain for mass production-enabled manufacturing of hybrid laminates: 1© Foil
extrusion, 2© Joining, 3© Forming, 4© Polarization, 5© Signal Processing.

For continuous joining, the first tests were carried out on a pilot rolling mill [24]. After successful
completion, a system was developed which allows a sample size with a width of up to 300 mm
and a theoretically infinite length. The concept is shown in Figure 2. The system consists of a sheet
metal inlet, which is also used for heating, and a sheet metal outlet, in which the finished composite
cools down slowly. The actual joining process takes place directly after heating by infrared radiation
(Figure 2, right A). After feeding the piezoceramic foil and (optionally) the copper strips, the composite
is joined by the pressure of the rubber rollers. The thermoplastic melts in the contact area and forms a
strong bond by adhesion. The process is monitored by thermocouples under the infrared radiators,
and the temperature is measured by a pyrometer just before the rolls. The first tests showed that the
parameters are not completely transferable from the pilot rolling mill. Due to the larger width of the
sheets, the infrared emitters were arranged differently, thus causing better coupling and heating in the
sheet. After a short parameter variation, it was possible to find the appropriate setting and produce
hybrid laminates with sensor functionality.

The forming of the hybrid laminates was investigated in preliminary tests by V-bending and
deep-drawing. The forming temperature, at which the brittle plastic does not tear or flow out,
was particularly important. All the described preliminary work was carried out with a tool heated by
heating cartridges and samples preheated in the furnace. The V-bending experiments showed that if
the temperature is too low, the piezoceramic compound cracks. This is due to the fact that it is rather
brittle due to the high proportion of ceramics. Only from a forming temperature of 100 ◦C did the
piezoceramic compound not fail. With a further increase in temperature to 180 ◦C, the plastic flowed
due to the reduction in viscosity. This was particularly evident at 180 ◦C, at which the piezoceramic
compound was strongly thinned out and flowed laterally out of the sample (a more exact description is
published in [24,25]). To further limit the forming temperature, DSC (differential scanning calorimetry)
analysis of the piezoceramic compound was carried out. DSC confirmed the results of the preliminary
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tests: the melting starts at 110 ◦C and the maximum enthalpy of melting is reached at 167.8 ◦C, which
also represents the melting point.

Figure 2. Continuous joining of aluminum sheets with piezoceramic foil and the top view (A).

The findings were transferred to the manufacture of a cover for the center console of an automobile.
With this part, it should be possible to carry out different actions in the car by localizing impacts.
A new tool concept was developed for the forming process. Figure 3 shows the overall structure of a
servo-electric press. Instead of heating cartridges, a variothermal heater was used, which uses water
to heats the tool to 190 ◦C and cools it down to 20 ◦C again. This occurs by two separate circuits,
which are connected by valves. Furthermore, an oven for preheating was omitted, and the heating
was placed directly in the press by means of infrared radiators (Figure 3, right B). The procedure is as
follows: The sample is inserted into the sample holder and preheated by means of infrared radiation.
The specimen holder can be moved and is pushed on a guide to the tool. The free programming of
the servo-electric press allows initial bending of the outer cover geometry when the tool is closed in a
path-controlled manner, and then switches to a force-controlled control system in order to deep-draw
the inner contour with the drawing cushion. Upon completion of the forming process, the hot forming
tool is rapidly cooled by the variotherm unit. Thus, the plastic solidifies, and the component can be
removed afterward.

Figure 3. Variothermal forming tool in a servo-electric press and a detailed side view (B).

To adjust the process, a sample made only of aluminum was provided with thermocouples in
order to record the working temperature (Figure 4). The rate of the temperature change was determined
by the first derivative over time, which clearly showed the alternation of heating, holding, and cooling.
The process steps described above are indicated in Figure 4.
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Figure 4. Temperature measurement of a sample during the process.

In the tests, the preheating temperature and the die temperature proved to be the most important
parameters for defect-free forming. If these temperatures are set too low, tears and/or delamination
occurs. Figure 5 shows the behavior if the temperature in the process is too high and the viscosity of
the plastic is too low. It can be seen that the plastic flows out of the drawing gap, and thinning occurs
in the middle. The parameters for the experiment were: preheating temperature infrared radiator
200 ◦C and tool temperature 170 ◦C. These parameters are identical to those from the test in Figure 4,
and, when looking closely at the measured value, it can be determined that the temperature was above
the melting temperature of the DSC analysis. After further tests, and by adjusting the parameters to the
preheating temperature of the infrared radiator 180 ◦C and the tool temperature 150 ◦C, a component
could be produced without thinning and melting, and without cracks. Two variants formed with
these parameters are shown in Figure 6. The first variant is without copper strips (Figure 6a); it is
mainly used for the individual application of electrodes. The second variant represents the complete
mass production of a component with electrodes (Figure 6b). The results showed that the process is
mastered and that, with the right parameters, a component can be produced without defects.

Figure 5. Formed hybrid laminates with sensor functionality at preheating temperature 200 ◦C and
tool temperature 170 ◦C.
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Figure 6. Formed hybrid laminates with sensor functionality in two versions: (a) without electrodes
and (b) with electrodes at preheating temperature 180 ◦C and tool temperature 150 ◦C.

For activating the sensor effect of the hybrid laminate, a polarization process has to be conducted
(Figure 1, label 4). Due to the extrusion, joining, and forming temperatures, which are higher than
the Curie temperature of the PZT component, the piezoceramic particles depolarize during these
processes. Therefore, the functionalized hybrid laminate must be polarized after the forming process.
Based on previous experiments, the polarization process was conducted at elevated temperatures,
between 100 ◦C and 120 ◦C [24]. In this temperature range, it is possible to polarize the piezoceramic
layer during the cooling phase, after forming the hybrid part. By using this procedure, the residual
heat of the forming process renders the reheating for polarization redundant. This approach has great
potential for saving energy and resources, as well as for reducing cycle times during the fabrication
process of multifunctional lightweight structures based on hybrid laminates.

In order to demonstrate real-world functionality, practical usability, and accuracy of the described
manufacturing process, one center console, shown in Figure 6a, was equipped with four sensors to
detect and localize the touch of a human finger. Therefore, the following section presents a novel
measurement system architecture with integrated machine learning functionality.

3. Signal Processing

3.1. System Description

The sensor function of the hybrid laminate uses the piezoelectric effect. Mechanical loads
on the multifunctional lightweight structure, e.g., impacts on the surface, induce displacements
of the electrical dipoles within the piezoceramic particles. These displacements generate measurable
electrical voltages between the copper electrodes and the aluminum sheet of the hybrid laminate,
which can be further processed with the assistance of digital measuring methods. One possible
application is represented by impact detection, which is used as an exemplary case for showing the
functionality of the manufacturing process of the sensors, as well as the given practical usability. In our
previous work, Ullmann et al. showed that, with the same sensors, a sufficiently high localization
accuracy can be achieved on the basis of a Support Vector Machine (SVM) usage combined with time
difference computation, although the test objects are mathematically difficult to describe [26]. However,
for practical use, real-time functionality has to be ensured, just as energy efficiency must be confirmed.
The previous solutions from [26] offer a solid basis for data collection and evaluation, but they are
unsuitable for practical use. The main problem is represented by the used UART Interface, since the
provided data rates are too small for the large amounts of data, leading to big buffers accompanied
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by high hardware requirements. The second main problem is that data processing on conventional
PCs limits the practical use in cars or airplanes. For this reason, the process was transferred to an
energy-efficient embedded system on chip (SoC) design, providing real-time capability, low power
consumption, flexible application possibilities, and the accuracy necessary for real-world scenarios.

The basis for the design is a Zynq XC7Z010 SoC provided by Xillinx, representing a combination
of FPGA and a Cortex A9 ARM processor connected by a standardized AXI interface, providing
fast and highly flexible communication methods accompanied by high data throughput. The novel
system architecture is depicted in Figure 7. As a test object, a center console with four sensors
was used—three were placed in a vertical column and one was off-centered with a base distance
of 5 cm. The object is stimulated by a light impact generated by contact from a human finger,
leading to a visible voltage difference at the sensors. However, the sensor signals have a very low
impedance, leading to insufficient measurement results by ADC usage. For data acquisition, the analog
signals have to be stabilized energetically first. Afterwards, the signals must be transformed to the
corresponding measuring range of the ADC. This task is performed by an electric circuit, which ensures
the correct transformation of the analog signals to digital signals. The stabilized data are sampled
and digitized using Xilinx’s integrated XADC. The configuration and data sampling are handled by
the ADC interface depicted in Figure 7. In the following steps, the data are smoothed by a moving
average filter, and the necessary features are extracted and implemented on the FPGA. The resulting
features are transferred to the SVM classification process realized in software executed on the ARM
processor. Due to embedded Linux usage on the processor part, all arbitrary communication interfaces,
like Ethernet, CAN, or UART, can be used to send the localization results to the most common possible
applications. In the following, the necessary steps for impact detection are explained in detail.

Figure 7. Novel system architecture for real-time processing on the basis of Zynq SoC (XC7Z010) with
complete process flow.

3.2. Electric Circuit

The sensor signal generation is based on the piezo effect, leading to an increasing voltage on
the sensor output. However, the sensor has no external power supply, resulting in voltage changing
without generating new current. Consequentially, the sensor signal has too low an impedance to
be measured with common ADCs. Therefore, the low impedance signal must be transformed into
a high impedance signal to ensure the correct ADC conversion; additionally, the value range of
the ADC must be secured. For this reason, the first process step is an impedance converter, which
infuses additional energy to the signal without changing the voltage characteristic (cp. Figure 8).
The amplifier used should not influence the sensor signal frequency, and it should work with the
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onboard voltage as a power supply. In the following steps, the measuring range of the XADC, from 0 V
to 1 V, is ensured. Therefore, the voltage has to be shifted to the positive voltage range by applying
an offset of 0.5 V, leading to an inversion of the signal determined by the characteristics of the used
operational amplifier (LM324N). For this reason, the subsequent step inverts the signal again. In the
last step, the limitation of the measurement range must be secured. This is realized by two limiters
cutting the signal at less than 0 V and higher than 1 V. As a result, the signal is converted from a low
impedance signal with an arbitrary range to a signal with high impedance shifted by 0.5 V, limited to
the ADC measurement range.
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Inverting
Amplifier
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Limit
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to Input Voltage
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Figure 8. Electric circuit for transforming the low impedance input signal to high impedance signal,
shifted by 0.5 V and limited to a 0–1 V ADC measurement range.

3.3. Signal Preprocessing

The preprocessing of the data starts with the data acquisition at the XADC, which converts the
generated analog voltages of the electrical circuit into digital values, represented as the ADC interface
in Figure 7. The XADC is a multichannel ADC with a theoretical maximum sampling rate of 1 MSps.
Internally, the XADC consists of two synchronized ADCs with a sampling rate of 1 MSps and a
configurable multiplexer used for switching the different measurement channels. For this reason,
the number of used channels is not negligible, since it defines the final sample rate per measurement
channel and can lead to wrong conversion results. In the described architecture, four channels
are used, where two channels are mapped to ADC1 and the other two channels are mapped to ADC2,
respectively, leading to a sample rate of 500 kSps on ADC1 and ADC2. To guarantee data consistency,
ADC2 has been configured to work synchronously with ADC1, concluding in a final sample rate of
500 kSps, which defines the measurement window size and buffer sizes. Switching the channels and
initial configuration of the XADC is guaranteed by the ADC interface.

A gradient-based algorithm is used as a feature extractor for the machine learning part
(cp. Section 3.4.). The gradient calculation is sensitive to interferences, since a high-frequency noise
signal is always accompanied by fast-changing amplitudes, leading to higher gradients. For this
reason, the data are smoothed using a moving average filter. For this purpose, a shift register was
implemented that satisfies the condition n = 2i, with i ∈ N and shift register length n, thus efficiently
implementing the division by a power of 2. The division by a power of 2 can be implemented by a
shifting operation of i bits, represented as the SHR block in Figure 7. Since determining the sum for
large measurement window sizes would require a lot of resources, the filter value m was calculated
according to formula:

m(x)t =
1
n

(
∑ t−1

i=0 x(i)− ∑ t−1−n
i=0 x(i)

)
(1)

The first part of the equation can be implemented efficiently by continuously accumulating
the incoming samples. The second part represents the same summation, but the signal is shifted
by n samples in time. Therefore, the input signal is delayed for n samples by the shifting register
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and is subtracted continuously. This offers the advantage of linear scalability, while the arithmetic
operation is reduced to a summation and subtraction, leading to complexity reduction and avoiding
timing problems.

3.4. Feature Extraction and Impact Localization

The feature extraction is based on the determination of the summed gradient, which is displayed
in Figure 7 as the SG block. The first step of the feature extraction is the parallel transfer on each
separated channel. The signal filtered during preprocessing serves as continuous input signal. The first
processing step is the gradient calculation, represented as the ABS_DIFF block in Figure 7. The gradient
is defined as the absolute difference between two consecutive samples. The implementation is carried
out by following equation:

g(m)t = ∑ t
i=1|m(i)− m(i − 1)| (2)

In the process, the gradients from a defined start time t = 0 are added up successively. The required
start time is generated by a threshold comparison. For this purpose, the amplitude of the filtered
signals on all measurement channels is compared to a parameterizable threshold value, generating the
start signal for summation when all amplitudes exceed the defined threshold.

The result is the sum of the absolute gradients at a specific point in time per the measurement
channel depicted in Figure 9. The generated data are passed to the subsequent function block
TIME_DIFF_EXTR. This block determines the times of the gradients when they exceed a specified
threshold value. For this purpose, a counter is used as a time reference, which is incremented with
each incoming sample. To prevent overflows and the associated false measured values, the counter is
in the reset state until the summation of the gradients begins. This creates a direct start condition and
implicitly defines the start of the time measurement. The counter value is stored each time the threshold
value is exceeded for the first time. If all channels fall below the threshold value, the measurement
is considered complete. The resulting time difference representing the signal shift on the different
measurement channels is sent to the processing system via AXI interface, proceeding to the SVM
classification process.

Figure 9. Example of calculated gradient (left) and summed gradient (right).

In the software, machine learning occurs by an SVM. For this reason, an SVM was realized on
the basis of LIBSVM [27], which provides a high-performance cross-platform solution. To generate
the SVM model, 20 measuring points on the center console were defined in a grid pattern. Twenty-six
measurements were carried out at each of these measuring points, resulting in 520 measurements,
of which 400 were used for training and 120 were assigned as the test data set. For evaluation
purposes, the described design was implemented with a window size of 64 samples, an amplitude
threshold 2 times higher than the maximum amplitude in idle mode, and a threshold for gradient
comparison of 40 V, as identified by heuristic evaluation. To evaluate the SVM kernel functions,
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the linear, the polynomial, the radial base, and the sigmoid kernel were trained with the described
training data set resulting in individual models, which were applied to the test data set. The results of
the training and test phases are depicted in Figure 10. It is shown that the radial basis kernel provides
very good training results, whereas the test results are not sufficient, while the linear kernel and
the polynomial kernel provide less accurate training results but provide sufficient results on the test
data set. On the other hand, the sigmoid kernel provides insufficient results in testing and training.
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Figure 10. Comparison between different kernel functions for support vector machine (SVM) training
with respect to accuracy on the training data set and test data set.

4. Conclusions

A new hybrid laminate with sensor functionality was presented. It offers the possibility of
combining lightweight construction and functional integration into a component, and producing it in
large quantities. For this purpose, it was necessary to develop a continuous joining technology which
combines continuous piezoceramic foil and an aluminum sheet, and it guarantees a constant quality.
This was achieved through previous research and further investigation.

A new heating concept and a new tool concept using variothermal tempering were developed for
further processing. Both have been integrated into a servo-electric press to minimize cycle time and
energy loss caused by transport. By measuring the temperature on a sample plate, the process was
verified. Good parts of high quality were produced with appropriate parameters.

In further investigations, the parts will be scanned by an optical measuring system and compared
with the target geometry. The acquired information about thinning and springback will form the basis
of adjusting the FE simulation and further improving the process. The polarization behavior of hybrid
laminates with modified PZT components, as well as the development of tool concepts for in-line
polarization processes, are still part of ongoing research activities.

In the signal processing part, an electrical circuit was implemented to amplify the low impedance
piezoelectric effect signal and to ensure the correct measuring range. On the other hand, a full pipelined
FPGA structure was presented, guaranteeing real-time processing. On the basis of the novel SoC
architecture, the feature determined in the FPGA can be passed directly to the ARM processor, which
classifies the features using an SVM, which had 94% accuracy on the training set and 84% on the
testing set. With a power consumption of approximately 1.7 W, the presented solution is also very
efficient in terms of energy consumption, enabling usage in mobile devices. However, although the
used data set represents a valid basis for ensuring the evidence of feasibility, additional human-specific
parameters, such as touch pressure, touch length, and characteristics of human fingers, have to be
evaluated in further research before commercial use.
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In summary, a novel manufacturing process for the production of piezo-based hybrid laminates
was described. Further processing of the laminate—forming and in-line polarization—enable
multifunctional structures, e. g., automotive center consoles with integrated touch functionality.
The input gestures are processed by machine learning methods on an embedded system. The accuracy
of the procedure was presented by an energy-efficient and real-time SoC solution, which precisely
localized points of touch by human fingers. This demonstrates the practicability and usability of the
hybrid laminates and the signal processing.
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