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Abstract: A company has to produce a product that gives better value than its
competitors. It means the company has to produce a better quality product with
lower manufacturing cost. Outsourcing has become a common practice in manufacturing where a company outsources some of their needed components to the
suppliers. Supplier selection is not an easy task since it will determine the manufacturing cost and quality of the product. In this research, we develop a two-stage
optimization model to help decision maker in determining the optimal suppliers
which will give least manufacturing cost and how to improve the quality of the
components. In the first stage, a process/supplier selection model was developed to
determine the optimal tolerance and component allocation to minimize manufacturing cost and quality loss. In the second stage, investment allocation model was
developed to improve the quality of the components. The objective function of
the second model is to maximize the return on investment (ROI). The implementation and analysis of the proposed model were demonstrated using a simple
assembly product which consists of three components and solved using Oracle
Crystal Ball software.
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This paper deals with the make or buy decision
and quality improvement that must be performed
continuously by a company in order to maintain
its competitiveness in the market. Hence, in this
paper two optimization models are developed.
The first model is used to make decision about
which component that must be manufactured
using company’s own facilities and which one
that must be outsourced. The model also concerns with the component allocation to the
respective machine/suppliers. The second model
deals with the quality improvement through
learning investments. The model determines the
amount of investments that must be placed by
the manufacturing company to improve components quality at certain level to maximize Return
on Investment (ROI). Both models assume that all
the investments are provided by the manufacturing company. In real context, the investments
must be provided by each party involved. Hence,
this consideration must be included in our further
research.
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1. Introduction
In an intense competition, a manufacturing company must build a competitive advantage by
creating better value product than its competitors. Better product value means offering better
quality product at a lower price. Lower product price can be achieved by reducing both direct and
indirect costs. In a mechanical assembly product, tolerance of the component will determine the
manufacturing cost. It is well known in manufacturing process that tighter tolerance will result in
higher manufacturing cost with lower quality loss. Hence, the company must be able to balance
both manufacturing cost dan quality loss. After determining the component tolerance or product,
the company must assign the required process needed to manufacture the components by
selecting the appropriate machine with good process capability.
Beside process capability, the manufacturer must consider machine’s production capacity to
manufacture the certain number of components/products. Hence, not all components can be
produced using the available machines and the company must make decisions about the manufacturing methods through make or buy analysis. Three strategies can be taken by
a manufacturing company to provide the needed components: in-house production, outsource
to suppliers, or mixed between in-house and outsource. Outsourcing has become a common
practice in manufacturing. The company does not need to purchase a new machine and train
the employees to operate the new machine. The outsourcing also gives many benefits to the
company such as reducing production cost, doubling before tax income, increasing performance,
and helping company to be more focus to its core business (Barthelemy and Adsit, 2003). Hence,
the company must select several suppliers from a set of suppliers which offer better quality
product at competitive price. Component or product allocation is the subsequent problem following supplier selection where the company must allocate the needed components to the selected
machines/suppliers by taking into considerations several constraints such as process capability,
technological capability, and production capacity.
Several models have been developed to solve suppliers selection and order allocation. For
example, Rosyidi, Murtisari, and Jauhari (2016a) developed an optimization model to concurrently
determine optimal suppliers and order allocation to minimize manufacturing cost and fuzzy quality
loss. The model has been extended by Pratama and Rosyidi (2017) to include in-house production
decision. Hence, the needed components were not only outsourced but also produced in-house.
The latter model was developed in make to order environment with more complex problems due
to its characteristics in producing high variety components with low volume. The objective function
of the model was to minimize manufacturing cost, quality loss, and lateness cost.
All the above models only discussed about how to find the optimal combination of outsource
and in-house production decisions including the components allocation to the selected process/
supplier. To maintain the competitiveness of a product in the market, the manufacturing company
has to continuously maintain and improve the quality of the product. Hence, the manufacturer
must make some investments to purchase new machines or other production equipments and
trains the employees to improve their skills. Ganeshan, Kulkarni, and Boone (2001) developed an
optimization model to determine the optimal investment to improve a certain manufacturing
process. They used an exponential function to relate the quality improvement with the investment
cost. Chen and Tsou (2003) developed an optimization model to improve the quality of a process
by balancing the investment cost and the revenue increment resulted from the improvement.
Later, Tsou and Chen (2005) developed an optimization model to determine the optimal
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investment cost and then applied the model to improve the quality of a car seat assembly. While
both models discussed optimal investment cost in a manufacturing company, several researches
have been conducted to determine optimal quality investment cost by involving the learning
process of suppliers. Plante (2000) and Moskowitz, Plante, and Tang (2001) developed models to
improve the quality of a product through optimal allocation of variance reduction target in the
supplier side. Based on both models, Rosyidi, Jauhari, Suhardi, and Hamada (2016b) developed an
optimization model to determine optimal quality investment to maximize return on investment (ROI).
Generally, manufacturing companies produce their needed components using their own facilities. Hence, they have to find one or more appropriate machines or processes that give the least
manufacturing cost and quality loss. An early research in this field was done by Chase, Greenwood,
Loosli, and Hauglund (1990). They developed an optimization model to optimally select machine/
process to minimize manufacturing cost by considering the quality requirement in term of assembly tolerance. Later, Feng, Wang, and Wang (2001) added quality loss to the research of Chase
et al. (1990) as the objective function. The model was developed to simultaneously determine the
optimal component tolerances through supplier selection. The model only allowed one supplier
selected for each component assuming that the selected supplier has enough capacity to supply
the needed components. Based on that model, Rosyidi, Murtisari, and Jauhari (2017) developed an
optimization model similar to Feng et al. (2001) by allowing more than one supplier selected and
including the fuzzy quality loss to accommodate uncertainty in the quality level.
There will be another important decision following the supplier selection, namely component
allocation to the selected process/supplier. Several research have been conducted in supplier
selection and order allocation. For example, Ghorbeni, Bahrami, and Arabzad (2012) developed
a two-phase optimization model in supplier selection and order allocation. In the first phase, the
supplier was selected using SWOT analysis and the weight was determined using Shannon’s
Enthropy. In the second phase, an integer linear programming was used to allocate the order.
Using the similar approach, Fors, Harraz, and Abouli (2011) developed a two-phased model in
supplier selection and order allocation. In the first phase, a shortlist of suppliers was determined
by the decision maker using several criteria. In the second phase, an optimization model was
developed to select suppliers and allocate the order to the selected suppliers. The objective
function of the model was to minimize total cost comprising of delivery cost, quality cost, and
purchasing cost. The other research have been conducted by Rosyidi et al. (2016a) and Pratama
and Rosyidi (2017) who developed optimization models to determine simultaneously the optimal
process/supplier selection and allocation of each component to the selected process/supplier. If
the company mixed their production methods between in-house and outsource, then component
allocation becomes an important issue for manufacturing company to efficiently producing their
needed components. Hence, the manufacturer and suppliers must continuously improve their
processes and technological capabilities. The quality improvement is important to increase customer satisfaction. The knowledge of the manufacturer and suppliers to solve the production process
problems will have a significant effect on their capability in quality improvement. The knowledge is
acquired through learning process of the operators.
According to Lapre, Mukherjee, and Van Wassenhove (2000) learning process can be divided into
two categories, namely conceptual learning and operational learning. Conceptual learning deals
with the acquisition of know-why, while the operational learning deals with the acquisitions of
know-how. Learning can also be partitioned into two categories: autonomous and induced learning (Adler & Clark, 1991). Autonomous learning stems from the production through the learning by
doing, while the induced learning stems from the process improvement effort (Bernstein & Kok,
2009). Quality improvement programs are needed to train the employees to acquire the knowledge through learning process. The programs need investments in term of technology or operator
trainings. Learning curve is important in this context to help the decision maker in determining
optimal investment allocation.
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From the above discussions, the decision making in process/supplier selection along with components allocation have been modelled separately with the decision making in quality improvement. Hence, the aim of this research is to develop two-stage optimization models which can be
used to simultaneously determine optimal process/supplier along with the allocation of components to the selected process/supplier. Afterwards, the allocation of learning investment must be
made by the manufacturer to improve the quality of its product. The quality improvement can be
achieved by improving the component manufacturing process both in manufacturer’s and suppliers sides through investments in the learning process.
The rest of this paper has the following structure. Section 2 presents the literature review,
problem definition and notations are given in Section 3. Model formulation is given in Section 4.
Numerical example and analysis are given in Section 5. The conclusions and suggestions for
further research are given in Section 6.

2. Problem definition and notations
A manufacturing company provides the needed components for the assembly of its final product
through in-house production, outsource, or mix between in-house and outsource. Hence, an
optimization model is needed to help the company determine optimal decisions about those
three production modes. The decision variables of this first model include optimal components
tolerance, process/supplier selection, and components allocation to the selected process/suppliers.
The objective function of the model is to minimize manufacturing cost and quality loss. The second
model deals with quality improvement, in which the company provides some investment fund to
improve the quality both in manufacturer and suppliers sides. The decision variables of the second
model are the investment allocation to the selected process/suppliers. Figure 1 shows the schematic diagram of the system under consideration. We assume that each component has the same
opportunity to be produced using in-house or outsource modes. For in-house case, each component has different process routing through several processes which carried in several cells. For
example, the process routing of Component 1 is Cell 1, Cell 2, and Cell 3, while Component 2 has
different process routing through Cell 3, Cell 2, and Cell 1. Each cell consists of the same machines
of a certain type with certain process capabilities and capacities. For outsourcing case, the
component has the same opportunity to be supplied by each supplier with different quality,
price, and production capacity.

Figure 1. System under
consideration.
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Figure 2. The flowchart of decision process.
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Figure 2 describes the flowchart of the system considered in this paper. After receiving an
order from customers, the manufacturer includes the orders into the production planning.
Afterwards, the manufacturer decides which components must be produced in-house and
which components must be outsourced. After this decision, then the manufacturer needs to
improve the quality of their components. The manufacturer provides some funds for both inhouse process and suppliers process to improve the quality. Hence, the decision is about the
investment allocation to the selected machine or supplier. The decision represents
the second stage of optimization. After finishing the production process of each component,
then the components must be assembled together into a final product and it is assumed
that the assembly is performed after all components arrived in the assembly station. After
all components have been assembled then the final product will be delivered to the
customers.
The framework of the models developed in this paper is depicted in Figure 3. From the
figure, we can see that in the first stage, the manufacturer determines the optimal combination of components allocation using in-house/outsourcing production alternatives. The objective function of the model is to minimize manufacturing cost and quality loss. The outputs of
the model are the amount of components allocation to each selected process/supplier and
the variance of the components. The variance will be used as the input for the second stage.
In the second stage, due to the regular production of the components, the company has
a commitment to continuously improve the quality of the final product through process
improvement in the components level. The quality of the components can be improved by
reducing the variance of certain quality characteristics of the components. Hence, the components quality in term of components variance as the output of the first stage in the
optimization framework must be improved in the second stage. The quality improvement of
the components from both process/suppliers needs some investments in term of technology
or human capital. The ROI will be used as the objective function of the second stage of
optimization.
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TWO STAGE OPTIMIZATION FRAMEWORK

Figure 3. The optimization
framework.
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The notations used in this paper are as the following:
i

Quality level index, i = 1,2,3,………I

j

Component index, m = 1,2,3…….J

k

Machine index, k = 1,2,3……..K

l

Supplier index, l = 1,2,3,………L

MCjk

Manufacturing cost of component j in machinek

PCjl

The price of component j by supplier l

bjk

Binary variable of component j in machine k

bjl

Binary variable of component j by supplier l

cjk

Production capacity of component j in machine k

cjl

Production capacity component j supplier l

Xjk

The amount of component j in machine k

Yjl

The amount of component j by supplier l

tjk

Tolerance of component j in machinek

tjl

Tolerance of component j from supplier l

TA

Assembly tolerance limit

Nj

The number of component j in final assembly

D

Demand of final assembly

Cp

Process capability index

TC

Total cost

f(y)

The density function of the probability distribution of
quality characteristic y

σ2j

Variance of component j

σ2A

Variance of assembly

p

Planning periods

g(t)

The planning periods

ROI

Return on Investment
(Continued)
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QL

Initial quality loss

QL*

Quality loss due to variance reduction

LC*

Optimal learning investment

A

Quality loss coefficient

λ*

Optimal learning rate

Ie

Coefficient for the exponential investment function

p

Proportion of variance reduction

3. Mathematical model formulation
3.1. Stage i model
Stage I model is developed to simultaneously determine the optimal tolerance of each component
needed in assembly process through process/supplier selection and also the allocation of each
component to the selected process/supplier. The objective function of the model is to minimize
manufacturing cost and quality loss. The objective function of the model can be expressed as
follows:
!
J
K 
L 


Min TC ¼ ∑ ∑ MCjk Xjk bjk þ ∑ PCjl Yjl bjl
þ ðQLÞ
(1)
j¼1

k¼1

l¼1

The first and second terms in Equation (1) represent the manufacturing cost and purchasing cost
of all components needed in assembly process. The third term in the equation represents the
Taguchi quality loss that quantify the loss of customers. The Taguchi quality loss is used in this
model due to its simplicity and without loss of generality, other quality loss will also applicable in
the model.
There are five constraints considered in the Stage I model: quality requirements in term of
assembly tolerance limit, production capacity of in-house production and suppliers, minimum
number of selected process/supplier, final product demand, and binary constraints.
(1) Assembly tolerance limit. This constraint is required to ensure the quality of the final product
assembly. The sum of all component tolerances involved in assembly process should not
exceed the assembly requirement. This constraint and the assembly variance are defined as
follows:
J

∑ σ2j  σ2A

(2)

j¼1


σ2A ¼


TA 2
3Cp

(3)

Since the component variances used in the assembly come from several sources with different
values then we need a single value to represent the component variances. The single value of the
variances can be calculated as follows:

σ2j ¼

∑Kk¼1




Tjk 2
Xjk
3Cp

þ ∑M
m¼1

Xjk þ Yjm




Tjm 2
Yjm
3Cp

"j

(4)
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(2) Production capacity. This constraint is needed to ensure that the amount of component
allocations does not exceed the production capacities both in the case of in-house and
outsource. The following equations expressed in-house and outsource capacities,
respectively:
K

∑ Xjk bjk  cjk

(5)

k¼1

Yjm bjm  cjm

(6)

(3) Demand of final product. This constraint ensures that the each component needed in the
assembly equals to the components needed in final assembly. Equation (7) expresses the
constraint:
K

M

k¼1

m¼1

∑ Xjk bjk þ ∑ Yjm bjm ¼ nj D

(7)

(4) Minimum number of selected process or supplier. This constraint is necessary to ensure that
each needed component is available for the assembly process:
K

M

k¼1

m¼1

∑ bjk þ ∑ bjm

(8)

(5) Binary constraints. These constraints represent the selection process both for in-house
production and outsource (1 if selected, 0 otherwise):
bjk 2 f0; 1g"j;
bjm 2 f0; 1g"j; k

(9)
(10)

3.2. Stage II model
The objective function of Stage II model is to maximize the ROI, in which the ROI is the
common measure of investment effectiveness in project selection. The aim of the model is to
determine optimal proportion value of variance reduction. Hence the company has to set the
variance reduction target of a component and the target will be allocated to the selected
process/suppliers. The variance reduction will have investment consequence. Hence, the
manufacturer has to maximize the ROI to obtain optimal variance reduction. Three variables
will affect the ROI, namely the initial quality loss, quality loss cost due to variance reduction,
and total learning investment. Equation (11) expresses the quality loss function (manufacturers and suppliers) (Feng et al., 2001). Taguchi Loss function is used to quantify the quality
loss which measure the loss of customer due to the bias and variance of a certain product
quality characteristics. Since we assume that the nominal target value can be achieved by
each process, then the quality loss will only depend on the variance of a certain product
quality characteristic. In Equation (11) the right side of the equation has been defined in
Equation (4):
J

QL ¼ A ∑ σ2j

(11)

j¼1

Equations (12)-(18) are basically taken from Moskowitz et al. (2001). The second variable of ROI is
shown in Equation (12). The equation expresses the quality loss after learning investment to get
better quality product in term of lower quality loss:
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QL ¼ QL



gðtÞ
gðtÞ  1

λ
(12)

Equation (13) expresses the optimal learning rate. This equation is based on the exponential
investment function in which the cost coefficient (Ie) can be obtained by
 

tÞ
 


 ln Ie
ln QL þ ln ln gðgtðÞ1
gðtÞ



þ 0:5σ2gðtÞ ln
1
(13)
λ ¼
gðtÞ  1
1 þ ln gðtÞ
gðtÞ1


1
Ie ¼ LC gðtÞ eλ  1

(14)

In Equation (14), the learning rate (λ) can be obtained using Equation (15) and by inserting that
value into Equation (16), we can determine the current learning investment:
lnðpÞ
lnðgðtÞ  2Þ  lnðgðtÞ  1Þ

λ
gðtÞ
LC gðtÞ ¼ LC gðtÞ1 ðpÞ
gðtÞ  1

λ¼

(15)
(16)

Based on optimal learning rate in Equation (13) and the current learning investment in Equation
(16) then the optimal learning investment is obtained by Equation (17). Finally, the optimal
variance reduction resulted from such investment can be obtained as follows:
 

LC ¼ LC gðtÞ eλ  1

σ2gðtÞ  ¼ σ2gðtÞ

(17)

λ
gðtÞ
gðtÞ  1

(18)

Equations (19) and (21) are taken from Rosyidi, Nugroho, Jauhari, Suhardi, and Hamada (2016c).
Equation (19) expresses the objective function of the model., while Equations (20) and (21) are the
constraints imposed to the model:

Max ROI ¼

A ∑Jj¼1 σ2j gðt1Þ  QL



λ

gðtÞ
gðtÞ1



LC gðtÞ ðeλ  1Þ

x 100%

(19)

The first constraint in Equation (20) deals with the maximum available investment provided by the
manufacturer to improve the component quality through learning. This constraint is needed to ensure
that the total investment for component quality improvement from each selected process/supplier will
not exceed the maximum investment provided by the manufacturer. The second constraint in
Equation (21) deals with the optimal learning rate which must be better than the current learning rate.
K

L

∑ ∑ LCjkl  Lmax
Cj

(20)

k¼1 l¼1

λj  λj

(21)

4. Numerical example and analysis
4.1. Numerical example
A numerical example is given to show the applicability of the model. We use the case of assembly
in Cao, Mao, Ching, and Yang (2009) due to its simplicity in which the dimensional chain of the
assembly is shown in Figure 4. The assembly consists of three components: Revolution axis, End
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Figure 4. Dimensional chain of
the assembly product (Adapted
from Cao et al., 2009).

shied nut, and Sleeve. The quality characteristic of each component was denoted by x1, x2, and x3
and assumed to be normally distributed with the mean of µ1 = 38.00 mm, µ2 = 42.00 mm, and µ3
= 80.00 mm, respectively. The quality characteristic of the product is x0 in which the dimension
must be less than 0.02 mm to make the product well functioned. Manufacturing cost and supplier
component prices are shown in Tables 1, 2 and 3. The tables also show the tolerance for each
alternative. In-house production and the suppliers have the same opportunity to fulfil the demand
of the components.
The company received an order of 300 units of final product. The capacity of each Machine and
Supplier are shown in Table 3. We assume the component routings consist of two stages as shown in
Table 4. The manufacturer has two cells to manufacture the components in which each cell consists of
three machines of the same types. In the numerical example, it is assumed that all machines have the
same process capability indices of Cp = 1 for each component. The cost coefficient of the quality loss is
assumed to be IDR 1,000,000.
OptQuest of Oracle Crystal Ball software is used to solve the numerical example. OptQuest
will perform the searching process until it finally reaches some termination criteria, either
a maximum number of iterations or a limit on the amount of time devoted to the search. The
results show that the optimal decision from the model in this numerical example is mixed
between in-house production and outsourcing as shown in Table 5. From Table 5, we can see

Table 1. Component characteristics at each machine of Cell 1
Machine 1

Machine 2

Machine 3

Component

Tol.
(mm)

Cost
(IDR)

Proc.
Time
(min/
unit)

Tol.
(mm)

Cost
(IDR)

Proc.
Time
(min/
unit)

Tol.
(mm)

Cost
(IDR)

Proc.
Time
(min/
unit)

1

0.008

8,000

9

0.005

10,000

14

0.003

12,000

13

2

0.008

9,000

10

0.005

11,500

15

0.003

13,000

14

3

0.008

12,000

12

0.005

13,000

18

0.003

15,000

16

Table 2. Component characteristics at each machine of Cell 2
Machine 1

Machine 2

Machine 3

Component

Tol.
(mm)

Cost
(IDR)

Proc.
Time
(min/
unit)

Tol.
(mm)

Cost
(IDR)

Proc.
Time
(min/
unit)

Tol.
(mm)

Cost
(IDR)

Proc.
Time
(min/
unit)

1

0.006

11,000

12

0.0045

12,000

9

0.007

8,000

15

2

0.006

13,500

14

0.0045

14,000

9

0.007

8,500

16

3

0.006

15,000

17

0.0045

16,000

10

0.007

15,000

18
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Table 3. Component characteristics from suppliers
Component

Supplier 1

Supplier 2

Tol.
(mm)

Cost
(IDR)

Proc.Time
(min/unit)

Tol.
(mm)

Cost
(IDR)

Proc.Time
(min/unit)

1

0.0095

18,000

25

0.015

20,000

20

2

0.0095

20,000

32

0.015

21,000

24

3

0.0095

22,500

35

0.015

23,500

31

Table 4. Routing of Each Component for in-house production
Stage 1

Stage 2

1

Component

Cell 1

Cell 2

2

Cell 2

Cell 1

3

Cell 1

Cell 2

Table 5. The optimization results of Stage 1 Model
Stage 1

Stage 2

Component

M1

M2

M3

M1

M2

M3

Supplier 1

Supplier2

1

105

5

0

100

10

0

120

70

2

5

130

85

15

100

105

75

5

3

0

65

115

85

0

95

105

15

that 36.67% of Component 1 are produced in-house while 63.33% of them are outsourced.
For this component, the model found the big portion of components quantity came from the
machines with the lowest cost (33.33%) and supplier with lowest price (40%). Component 2
gives different results. The majority allocations of this component came from the machine
with tight tolerance (33.33%) and supplier with the lowest price (25%). Component 3 has the
same pattern with Component 2 in term of quantity allocation. Table 6 shows the breakdown
of the total cost. From the table, we can see that manufacturing and purchasing costs
comprise about 95% of the total cost.
From the optimization results of Stage 1 Model, the Stage 2 Model is then solved using the
same software. The optimal variance reduction before and after learning investments are
shown in Table 7. The table shows significant quality improvement in term of variance reduction. The average improvements for both in-house production and outsource are 28.11% and
41.82%, respectively.

Table 6. The breakdown of costs component
Component of Cost

Amount

Manufacturing Cost

IDR. 6,825,001

Purchasing Cost

IDR. 7,880,000

Lateness Cost

IDR. 423,750

Quality Loss Cost

IDR. 147,942

Total Cost

IDR. 15,276,693
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Table 7. The optimization results of stage 2 model
In-House Production
Component

Outsource

Before

After

Before

After

1

0.0011830

0.0007062

0,0012076

0.0007891

2

0.0007678

0.0006097

0,0007523

0.0003771

3

0.0006366

0.0004874

0,0010537

0.0006222

Table 8. The optimal investment allocations from Stage 2 Model
Learning Investment
In-House Production

Outsource

Total

1

Component

IDR. 4,282,204

IDR. 3,392,692

IDR. 7,674,896

2

IDR. 2,125,595

IDR. 4,254,712

IDR. 6,380,308

3

IDR. 2,355,672

IDR. 3,629,140

IDR. 5,984,813

TOTAL

IDR. 20,040,017

The optimal allocations of learning investment are listed in Table 8. From the table, the optimal
learning investment allocation for Component 1, 2, and 3 are IDR. 7,674,896, IDR. 6,380,308, and
IDR. 5,984,813, respectively, with total investment of IDR. 20,040,017. The ROI resulted from the
Stage 2 Model are 53%, 69%, and 72% for Component 1, 2, and 3, respectively,

4.2. Sensitivity analysis
To gain further insights into the behaviour of the model, we examine the effect of the changes in
some important parameters to the optimal solutions. The increase of gðtÞ will increase the learning
investment and decrease the quality loss, which will result in the decrease of total ROI. Table 9
shows the results of the sensitivity analysis of the changes of g(t) on the ROI while the representation graph of the table is shown in Figure 5. From Table 9, the increase of g(t) will decrease of ROI

The impact of g(t) on ROI

Figure 5. The impact of learning
period on ROI.

ROI

600%
400%
ROI IN-HOUSE

200%
0%

ROI SUPPLIER
3

4

5

6

7

g (t)

Table 9. Results of the change of g(t) to the ROI
In-House
(t)

Supplier

Comp.1

Comp. 2

Comp. 3

Average
ROI

Comp. 1

Comp. 2

Comp. 3

Average
ROI

3

152%

314%

695%

387%

270%

64%

209%

181%

4

72%

321%

579%

324%

99%

49%

152%

100%

5

56%

201%

406%

221%

82%

35%

79%

65%

6

42%

94%

98%

78%

47%

23%

42%

37%

7

42%

66%

54%

54%

37%

13%

29%

26%
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93%

138%

108%

74%

84%

9,000,000

8,000,000

7,000,000

6,000,000

Comp. 1

10,000,000

Quality Cost
Coefficient

209%

564%

916%

227%

749%

Comp. 2

In-House

Table 10. The impact of quality coefficient on the ROI

325%

203%

147%

1011%

583%

Comp. 3

206%

280%

390%

458%

475%

Average ROI

100%

169%

114%

114%

203%

Comp. 1

74%

72%

113%

81%

148%

Comp. 2

Supplier

111%

109%

140%

223%

112%

Comp. 3

95%

117%

122%

139%

155%

Average ROI
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The impact of Quality loss coefficient on
ROI

ROI

Figure 6. The impact of quality
loss coefficient on ROI.
500%
400%
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ROI SUPPLIER

Quality Loss Coefficient

due to the longer time of the periods. The ROI of in-house production in average is more than twice
higher than the outsource production for all periods. It indicates that the investment of the quality
improvement in their own production processes is more effective than in the suppliers side. Since
the investment came from the manufacturer, then both investments give benefits to the manufacturer in reducing the quality loss.
The increase of quality cost coefficient will not directly affect the increase of learning investment. It will affect the decrease of total quality loss and eventually will decrease the total ROI. The
impact of quality cost coefficients on the ROI are shown in Table 10, while the graphical representation of the table is shown in Figure 6. In average, the increase of quality cost coefficient will
increase the ROI both in-house production and outsource production. This results came from the
fact that the higher the quality coefficient, the higher the difference between quality loss before
and after quality improvement.
The increase of LCk gðt1Þ will increase the learning investment, decrease the quality loss, and
eventually will result in the decrease of the ROI. In average, the increase of LCk gðt1Þ will decrease
the ROI both in-house production outsource production. The change of A gives fair significant
impact to the objective function and decision variables compare to the other parameters. The
results of sensitivity analysis of this parameter are shown in Table 11 while the graphical representation of the table is shown in Figure 7.

5. Conclusions
In this paper, a two-stage optimization model for process/supplier selection, component allocation
and quality improvement has been developed. The Stage 1 of the model dealt with simultaneous
determination of optimal components tolerance through process/supplier selection and components allocation to the selected process/supplier. The objective function of the first stage model
was to minimize manufacturing cost and quality loss. Stage 2 model dealt with quality improvement through optimal allocation of learning investment to the selected process/supplier. The

Table 11. The impact of LCk gðt1Þ on the ROI
LCk gðt1Þ

In-House

Average
ROI

Supplier

Average
ROI

Comp.1

Comp.2

Comp.3

Comp.1

Comp.2

Comp.3

1,000,000

93%

749%

583%

475%

127%

178%

136%

147%

2,000,000

138%

227%

1011%

458%

134%

55%

82%

91%

3,000,000

108%

916%

147%

390%

132%

29%

65%

75%

4,000,000

74%

564%

203%

280%

70%

33%

53%

52%

5,000,000

84%

209%

325%

206%

69%

23%

41%

44%
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Figure 7. The impact of LCk gðt1Þ
on the ROI.
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objective function of the model was to maximize the ROI as a common effective measure of
investments. The quality improvement was made through variance reduction of components both
at manufacturer and supplier sides. From the sensitivity analysis, we found that periods of investment, quality cost coefficient, and LCk gðt1Þ will affect the ROI. The latter parameter has the most
significant effect on the ROI compared to the first two parameters. Hence the manufacturer has to
set the current learning investment more precise than the other parameters. In future research,
this model can be expanded by incorporating the uncertainty both in the quality loss and learning
cost investment function. Hence, fuzzy quality loss and some probability distributions can be
involved in the model. Another future research can be performed by integrating the model with
lotting size decisions and production scheduling.
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