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Abstract
Improper planning of inventory will affect the factory operating costs, building costs, the cost
of loss, and the cost of product defects due to being stored for too long which will eventually
become a loss. This research discusses the processing industry which is experiencing lumpy
demand. In carrying out the production process, the company has never made plans for future
demand, resulting in a waste of message costs due to repeated orders of raw materials ordered
to suppliers. This paper contributes to overcoming this issue by simulating future demand
by using the Material Requirement Planning (MRP) method with a probabilistic Economic
Order Quantity (EOQ) and Periodic Order Quantity (POQ) model. The demand in the
coming period is determined using the Autoregressive Integrated Moving Average (ARIMA)
method, and an aggregate plan is carried out to determine the regular cost of raw material
production and optimal subcontracting. The final analysis states that the calculation of MRP
on the selected items using POQ produces the lowest cost for planning S45C-F, SGT-R, and
SKD11-R, while SLD-R uses the probabilistic EOQ method.

Keywords
Lumpy demand, Material requirements planning, Probabilistic economic order quantity, Pe-
riodic order quantity, Aggregate plan.

Introduction

The results of the 2016 economic census stated that
the processing industry provides the greatest value
of remuneration. This impacts the next 2 years, in
2017 and 2018, the manufacturing sector contributes
the largest growth in Gross Domestic Product and at
present, the performance of the manufacturing sector
is at an expansion level marked by the value of the
Prompt Manufacturing Index (PMI) Bank Indonesia.

The processing of an item certainly aims to get
profits and provide satisfaction to customers, but in
a highly competitive industry competition, satisfying
consumers is not a simple problem. Every company
must maximize all its resources to be able to consis-
tently produce high-quality products at competitive
prices. A previous study discussed the quality control
station allocation to minimize the number of prod-
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uct defects (Montororing & Nurprihatin, 2021). Any
action the manufacturer take is always taken as an
effort to meet or even exceed customer satisfaction
(Gunawan et al., 2020; Tannady et al., 2018). A clear
sign of a satisfied customer is the generated profit over
time (Andry et al., 2020). When it comes to unsatis-
fied customers, a penalty may be given to the manu-
facturer (Andiyan et al., 2021). Determination of the
selling price of an item is certainly influenced by the
effectiveness and efficiency of the production process
by the company. When it comes to finished goods in-
ventory, some potential problems are outdated and
inaccurate information, the excessive finished product
which must be stored in a precarious way that can
cause product deterioration (Marziali et al., 2021).
Therefore, a company must be wise in determining
the amount of inventory to be used because without
proper planning, it will affect the factory operating
costs, building costs, the cost of loss, and the cost of
product defects due to being stored for too long which
will eventually become a loss. This loss can be con-
sidered a waste and should be eliminated or reduced
(Tannady, Gunawan, et al., 2019).

Previous research tried to tackle the effectiveness
and efficiency issues using various techniques. A sys-
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tematic review of the transportation policy was devel-
oped to minimize the distance traveled (Nurprihatin
& Tannady, 2018) and traveling costs (Nurprihatin &
Lestari, 2020). Distance traveled as an integral part
of the cost was also approximated by the time trav-
eled, which is probabilistic, not deterministic (Nur-
prihatin, Elnathan, et al., 2019; Nurprihatin & Mon-
tororing, 2021). A study took the logistics cost given
by third-party logistics into account (Nurprihatin,
Regina, et al., 2021). Another study discussed the
natural gas location-routing decision along with the
feasibility study of the project (Nurprihatin, Octa, et
al., 2019). A previous paper introduced the location-
allocation model along with the routing for temporary
health centers (Alinaghian & Goli, 2017). A study
considered the feasibility study to obtain the selling
price (Nurprihatin, Andry, et al., 2021). The Total
Productive Maintenance (TPM) policy was developed
to obtain the increasing effectiveness of the machine,
which is marked by the increasing value of the Over-
all Equipment and Effectiveness (OEE) (Nurprihatin,
Angely, et al., 2019). Furthermore, it was found that
the work environment may affect effectiveness (Tan-
nady, Erlyana, et al., 2019; Tannady et al., 2020).

At every level of operations management, inven-
tory control strategies such as replenishment actions
must be taken to minimize costs (Boute et al., 2022).
Besides, the purpose of the inventory management
is to maximize the service level while reducing the
waste of resources (Saha & Ray, 2019). From an inven-
tory management point of view, the decisions include
the carrying costs of inventory, asset management,
inventory forecasting, inventory valuation, inventory
visibility, future inventory price forecasting, physical
inventory, available physical space, quality manage-
ment, replenishment, returns of defective goods, and
demand forecasting (Singh & Verma, 2018). Those
strategies are utilized to excel in the competition while
minimizing valuable resources (Christian et al., 2021).
This research discusses the manufacturing industry
that produces goods with the main raw material for
metals. The order fulfillment system uses a pull sys-
tem where production will only occur if there is a de-
mand from the customer. The demand that compa-
nies receive is always different and rarely repeats or-
ders for the same type of goods. When it comes to
dairy products, the demand behavior is very complex
which makes forecasting future demand very impor-
tant (Goli et al., 2021). Whenever there is a demand,
the company always buys raw materials from sup-
pliers who offer the lowest price with an estimated
amount sufficient to meet demand. This is indeed
beneficial because the company gets a cheap price,
but only estimates the number of purchases that are

sufficient to fulfill the order, which often makes the
company have to re-order if it turns out the amount
ordered is not enough to meet the existing demand.
Therefore, raw material inventory planning needs to
be done to minimize the production costs incurred.

The previous study discussed the use of ABC anal-
ysis and the critical index of an item (Mahagaonkar
& Kelkar, 2017). ABC analysis is useful to classify the
most influential items in the inventory. This research
determines the raw materials that are often used and
calculates the total costs incurred if processing raw
materials are normally or subcontracted. In the end,
this research also calculates the optimum number of
orders for each raw material so that minimum order-
ing and storage costs are incurred.

A previous study utilized several forecasting meth-
ods for certain and uncertain demands (Nurprihatin
et al., 2020). A fuzzy number was used to determine
the number of demands, especially when it comes
to the high level of uncertainty (Goli & Malmir,
2020). The uncertainty of the data was overcome by
probabilistic graphical methods in forecasting demand
(Bounou et al., 2021). A hybrid multi-layer percep-
tron (MLP) and RRA algorithm were proposed to pre-
dict the future demand for each product (Goli et al.,
2019). Another study utilized only the Holt’s-Winter
method due to the demand pattern, which is per-
fect for the seasonal data (Nurprihatin, Gotami, et
al., 2021). A two-stage stochastic programming model
was proposed to solve the problem under a seasonal
demand (Mahmoud et al., 2020). These actions were
taken to make sure that the best forecasting method
was taken to further calculation.

This research is limited to certain conditions, such
as the direct raw materials namely metals by consid-
ering the weight of raw materials without including
their size. This study does not consider parts that
were purchased and subcontracted by the company
and did not count the number of raw materials stored
at the beginning of the period. This research also does
not determine the cost of subcontract raw materials
other than S45C-F, because subcontracts only occur
in this type. This study also did not calculate the
waiting time for processing raw material into finished
goods, so the waiting time was assumed to be for 1
period.

Literature review

Inventory classification

Inventory plays an important role in business op-
erations because inventory is the wealth the com-
pany has. A previous study considered the scheduling
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strategy to obtain a better inventory decision (Nur-
prihatin, Elvina, et al., 2021). When it comes to job
scheduling, the jobs are grouped into several cate-
gories based on similarities (Goli & Keshavarz, 2022).
In this study, goods are categorized based on rank-
ing values such as from highest to lowest value can
be done by the ABC method, where this method di-
vides 3 groups of quantities called groups “A”, “B”, and
“C”. The three groups in the ABC classification have
meaning, where “A” means very important, while “B”
means important enough, and “C” means least impor-
tant. Item “A” generally accounts for about 10 to 20
percent of the total number of items in inventory and
accounts for around 60 to 70 percent of the annual
value of the goods stored. On the other hand, item
“C” amounts to around 50 to 60 percent of the total
number of items, but only about 10 to 15 percent of
the value of goods stored (Stevenson, 2018).

Autoregressive Integrated Moving Average
(ARIMA)

The ARIMA model is a development of the AR,
MA, and ARMA models. This model is used if a time
series is not stationary, where the data is said to be
not stationary if all the moment data (middle value,
variance, and covariance) are not constant over a cer-
tain period. Non-stationary time series data can be
converted to a stationary time series by differencing
(d). That is, the original time series was replaced by
a series of differencing. The ARIMA model can be de-
noted ARIMA (p, d, q), where p denotes the order of
the autoregressive part (AR), d denotes the number of
differences, and q denotes the order of moving average
parts (MA). If the initial time series is stationary with
no differencing (d = 0), then the model that occurs is
not ARIMA but ARMA.

The formation of the ARIMA model (p, d, q) based
on the Autocorrelations Function (ACF) and Partial
Autocorrelations Function (PACF) charts (Table 1).

Table 1
Coefficient autocorrelation and partial autocorrelation for

the ARIMA model.

Model Autocorrelations Partial
autocorrelations

MA(q)
Cut off after
the order q

of the process
Die out

AR(p) Die out
Cut off after
the order q of
the process

ARMA(p, q) Die out Die out

The MA (q) model will be formed if a cut-off occurs on
the lag of q of the ACF while the PACF moves slowly
towards 0 (die out), the model AR (p) will be formed
if the ACF chart pattern moves slowly towards 0 (die
out) while a cut-off occurs in the lag of q of the ACF,
and ARMA pattern (p, q) will be formed if ACF and
PACF move slowly towards 0 (die out).

Aggregate planning

Aggregate production planning is a medium-term
production decision in a manufacturing company that
determines the level of production, the level of in-
ventory, the number of subcontracts, and the level
of labor in each period to overcome existing con-
straints (Chen & Sarker, 2015). The linear program-
ming model is a mixed aggregate planning method
used to obtain optimal solutions to problems that in-
volve the allocation of resources in terms of minimiz-
ing costs and maximizing profits. This model is for-
mulated as a transportation model to obtain an ag-
gregate plan that can match capacity with demand
requirements and minimize costs (Stevenson, 2018).

Fig. 1 shows the appearance of Solver software that
can be used to determine the minimum aggregate
planning costs, and where to get the minimum costs.
The solver will combine regular and subcontract pro-
duction costs with limits on the level of regular and
subcontract compliance according to existing produc-
tion capacities and amounts produced must be follow-
ing the number of demands.

Fig. 1. Solver for aggregate planning
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Master Production Schedule

The Master Production Schedule (MPS) or can be
called the master production schedule states what fi-
nal items should be produced, when needed, and in
what quantities (Heizer et al., 2020). MPS is made to
plan demand that is far enough into the future, so the
company has some general ideas about possible future
demand (Stevenson, 2018).

Probabilistic Economic Order Quantity Model

The EOQ model is a very popular and successful
model for managing the supply chain (Yıldız & Ya-
man, 2018). This article presents a model that is dif-
ferent from the deterministic model, where the proba-
bilistic EOQ model calculates demand behavior, and
the lead time is uncertain or cannot be determined
with certainty. The other difference between deter-
ministic EOQ and probabilistic EOQ is that the prob-
abilistic EOQ model can calculate the percentage of
order fulfillment if it is known that the cost of in-
ventory shortages (stock out cost). Following are the
steps to calculate inventory capacity based on a prob-
abilistic EOQ model (Ballou, 2004):
1. Calculate the determination of the optimum num-

ber of orders using the basic formula as presented
in Eq. (1).

Q0 = EOQ =

√
2DS

IC
(1)

2. Calculate the probability or likelihood of a lack of
inventory. At this stage, there are 2 policies, which
are shown in Eq. (2) and Eq. (3). topsep
a. a backorder occurs if there is a pending order

to find a replacement item.

P = 1− QIC

Dk
(2)

b. Lost sales occur if the company leaves the order
unfulfilled so that the order is canceled.

P = 1− QIC

Dk +QIC
(3)

3. Based on the P results obtained, determine the z
value in the normal distribution table then find the
value of E(z) in the normal loss per unit table, then
calculate the new Q0 value.

Q0 = EOQ =

√
2D(S + kSd

√
LT E(z))

IC
(4)

4. Repeat steps 2 and 3 until the values of P and Q
are fixed or unchanged.

5. Calculate other calculations desired, such as Re-
order Point (ROP), Safety Stock (SS ), and Total
Cost (TC ).

where: D – demand per period, Sd – standard de-
viation of demand, S – setup cost, I – holding cost
percentage, k – stock out cost, E(z) – normal loss per
unit, LT – lead time, C – price of goods.

Periodic Order Quantity Model

The POQ method is used to overcome lumpy de-
mand that is not always the same during the planning
period, this method is the development of the EOQ
method which assumes placing an order with a fixed
order interval. The use of the EOQ method can be
continued to calculate POQ, where POQ determines
the size of the order quantity based on the period ob-
tained by dividing the EOQ by demand per period
(Heizer et al., 2020). Following are the steps in calcu-
lating POQ:
1. Determine the EOQ value.
2. Determine order frequency (f) by dividing the to-

tal demand in a year by the EOQ value.

f =
D

EOQ
(5)

3. Determine the POQ value by dividing the number
of periods per year (N) by the value of f .

EOI =
N

f
(6)

Material Requirements Planning

Material Requirement Planning (MRP) is used to
determine the amount of each item that will be used
in producing the final product, and the time at which
each item must be purchased or produced to meet
the date specified for the final product (Ramya et al.,
2019). MRP assumes that all necessary information is
known with certainty, but uncertainties remain (Nah-
mias & Olsen, 2015). In making MRP, it is needed to
enter the form of MPS, Bill of Material (BOM), and
inventory records which are then processed into gross
requirements, scheduled receipts, projected on hand,
net requirements, planned order receipts, and planned
order releases (Stevenson, 2018).

Materials and methods

Fig. 2 shows the analysis phase of this study
which began with ABC analysis, forecasting using the
ARIMA method with the help of Minitab 18 software,
aggregate planning based on linear equations of trans-
portation methods with the help of Solver software,

Volume 13 • Number 4 • December 2022 19



F. Nurprihatin, G.D. Rembulan, Y.D. Pratama: Comparing Probabilistic Economic Order Quantity and Periodic . . .

Primary Data
Interview, Production Processes, Product Structure

Secondary Data:
Holding Cost, Set up Cost, Product Price

ABC Classification

Forecasting Using ARIMA

Aggregate Planning

Probabilistic Economic Order Quantity

Period Order Quantity

Material Requirements Planning

Total Inventory Comparison Between Probabilistic 
EOQ and POQ Models

Fig. 2. Research flow chart

MPS, MRP calculations using lot sizing probabilistic
EOQ and POQ. Ultimately, this paper compares the
results of MRP calculations with probabilistic EOQ
and POQ lot-sizing.

Results and discussion

In this section, the discussion covers the ABC clas-
sification and followed by the ARIMA forecasting
method. After that, aggregate planning is performed
before heading to the stage of making a Master Pro-
duction Schedule (MPS). The output from the MPS
is treated as the input for MRP.

ABC classification results

The lumpy demand for raw materials from Jan-
uary 2016 to December 2018 can be seen in Fig. 3.
There are five basic costs associated with inventory,
namely purchasing costs, storage costs, ordering costs,
setup costs, and shortage costs (Stevenson, 2018). Ta-
ble 2 shows the costs associated with the company’s
inventory.

Inventory classification is carried out to determine
the classification of the use of raw materials processed
by the company from January 2016 to December 2018.
Table 3 shows the classification results of inventories.
Based on calculations that have been made, of the
11 raw materials that the company has, there is 1
raw material that is categorized as A, namely S45C-
F, 3 raw materials that are categorized as B, namely

Table 2
Inventory related costs.

Type Information

Setup cost IDR 14,285.81

Holding cost percentage 30%

Regular cost IDR 5,683/kg

Regular capacity for S45C-F 224.48 kg

Subcontract capacity S45C-F 699.26 kg

Subcontract cost IDR 10,000/kg

Lead time 4 days

Table 3
ABC classification results.

Raw material Price
(IDR)

Percentage
(%)

Category

S45C-F 152,674,485 30.41 A

SGT-R 88,817,020 17.69 B

SKD11-R 69,874,830 13.92 B

SLD-R 69,495,730 13.85 B

KS3/SKS3/QKS3-R 46,040,605 9.18 C

S45C-R 29,031,585 5.79 C

KS3/SKS3/QKS3-F 22,994,400 4.58 C

QC11R 14,278,500 2.85 C

SCM415-R 7,020,000 1.4 C

SGT-F 1,230,960 0.25 C

HP4MA-F 619,080 0.13 C

Total 502,077,195
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SGT-R, SKD11-R, and SLD-R, and 7 raw materials
which are categorized as C, namely SKS3-R/QKS3-
R/KS3-R, S45C-R, SKS3-F/QKS3-F/KS3-F, QC11-
R, SCM415-R, SGT-F, and HP4MA-F.

ARIMA forecasting analysis

Demand forecasting is done for category A and B
raw materials to determine demand in the coming 12
periods. Forecasting is done by the ARIMA method
with the help of Minitab software 18. Calculation re-
sults are shown in Table 4.

Aggregate Planning Results

Regular production planning and subcontracting
for refinement of S45C-F is carried out to find out
the minimum combination of production costs using
the aggregate planning method. The results of the
linear planning of aggregate planning with the help
of Solver’s software stated that the minimum total
production cost for the S45C-F was IDR 20,149,701.

The results are obtained by finding regular produc-
tion quantities and subcontracts to meet existing de-
mand. Fulfillment of demand is done by considering
the number of raw materials that are produced regu-
larly and subcontracts must be less than or equal to
each production capacity and the amount of produc-
tion in each period must be equal to the number of
demands.

Master Production Schedule Results

MPS is made for raw materials in categories A and
B to find out the amount and when the finished prod-
uct that the company must make to meet existing de-
mand. The results of the MPS calculation are shown
in Table 5.

Probabilistic Economic Order Quantity
results

Probabilistic EOQ calculations are performed as
a reference and fill in the lot size on the MRP. Ta-
ble 6 shows the results of the optimum order quantity

Table 4
Tests of forecasting methods.

Raw material Model
Test of significance Ljung-Box Q statistics

MSE
Parameter P-Value Lag P-Value

S45C-F

ARIMA (1,1,1)
AR 1 0.364 12 0.536

30,784.30
MA 1 0 24 0.551

ARIMA (0,1,1) MA 1 0
12 0.422

30,529.60
24 0.352

ARIMA (1,1,0) AR 1 0.015
12 0.440

40,820.60
24 0.482

SKD11-R

ARIMA (1,1,1)
AR 1 0.736 12 0.548

1,040.93
MA 1 0 24 0.867

ARIMA (0,1,1) MA 1 0
12 0.606

1,003.27
24 0.878

ARIMA (1,1,0) AR 1 0.008
12 0.156

1,826.60
24 0.651

SLD-R

ARIMA (1,1,1)
AR 1 0.736 12 0.548

1,040.93
MA 1 0 24 0.867

ARIMA (0,1,1) MA 1 0
12 0.606

1,003.27
24 0.878

ARIMA (1,1,0) AR 1 0.008
12 0.156

1,826.60
24 0.651

SGT-R

ARIMA (1,0,1)
AR 1 0.034 12 0.352

2,123.67
MA 1 0 24 0.486

ARIMA (0,0,1) MA 1 0,011
12 0.373

2,460.50
24 0.49

ARIMA (1,0,0) AR 1 0.18
12 0.596

2,570.71
24 0.843
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Fig. 3. Demand for raw materials (kg)

indicated by the Q value at the last iteration of each
available raw material. This value is used as a refer-
ence in determining the number of units to be ordered
from suppliers to meet existing demand and is simu-
lated in the MRP table.

Table 5
Master Production Schedule result.

Period S45C-F SGT-R SKD11-R SLD-R

1 192.375 17.9505 20.4055 5.3693

2 194.592 22.4432 20.2507 17.0063

3 196.81 24.47 20.0959 4.2313

4 199.028 25.3844 19.9411 15.3041

5 201.246 25.7969 19.7863 11.8184

6 203.464 25.983 19.6315 14.9908

7 205.682 26.0669 19.4767 14.3339

8 207.9 26.1048 19.3219 18.204

9 210.118 26.1219 19.1671 16.2102

10 212.335 26.1296 19.0123 20.4155

11 214.553 26.1331 18.8576 19.1293

12 216.771 26.1346 18.7028 22.276

Table 6
Probabilistic EOQ calculation results.

Itera- S45C-F SGT-R SKD11-R SLD-R
tion Q P Q P Q P Q P

0 110.93 0.8712 23.85 0.9693 16.71 0.9259 14.61 0.9152

1 112.39 0.8695 24.2 0.9688 16.8 0.9255 15.52 0.91

2 112.42 0.8695 24.21 0.9688 16.81 0.9255 15.57 0.9097

3 112.42 0.8695 24.21 0.9688 16.81 0.9255 15.57 0.9097

Periodic Order Quantity results

POQ calculation is done after knowing the value of
EOQ. Table 7 shows the POQ values where ordering
raw materials to suppliers must be done every 1 pe-
riod for raw materials S45C-F, SGT-R, and SKD11-R
as well as for raw materials SKD11-R done every 2 pe-
riods.

Table 7
POQ calculation results.

Raw Material EOQ Average Demand POQ

S45C-F 112.42 204.573 1

SGT-R 24.21 24.8932 1

SKD11-R 16.81 19.5541 1

SLD-R 15.57 14.9408 2

Material Requirements Planning results

The calculation of MRP is done for each raw mate-
rial that is in categories A and B from the results of
ABC analysis where the source of demand for each
raw material comes from the results on the MPS.
MRP analysis was carried out using lot sizing proba-
bilistic EOQ and POQ. The results of the calculation
of saving costs and MRP message costs with proba-
bilistic EOQ lot sizes and POQs are shown in Table 8.

The result of MRP calculations shows different lot-
sizing techniques with the lowest total cost. On one
hand, the POQ model produces the lowest cost for
planning S45C-F, SGT-R, and SKD11-R with the to-
tal cost of each raw material IDR 171,429. On the
other hand, the probabilistic EOQ model is chosen
for SLD-R with a total cost of IDR 2,882,410.
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Table 8
Total Cost Based on Different Lot-sizing.

Raw Material EOQ Probabilistic (IDR) POQ (IDR)

S45C-F 3,195,780 171,429

SGT-R 3,414,171 171,429

SKD11-R 2,723,243 171,429

SLD-R 2,882,410 3,431,427

Conclusions

ABC analysis is made to find out how important
each raw material is based on the value of its use
over the past 3 years. Based on calculations that
have been made, of the 11 raw materials that the
company has, there is 1 raw material that is cate-
gorized as A, namely S45C-F, 3 raw materials that
are categorized as B, namely SGT-R, SKD11-R, and
SLD-R, and 7 raw materials which are categorized as
C, namely SKS3-R/QKS3-R/KS3-R, S45C-R, SKS3-
F/QKS3-F/KS3-F, QC11-R, SCM415-R, SGT-F, and
HP4MA-F. The raw materials that are categorized
“A” and “B” are further analyzed because both cate-
gories represent more than 50 percent of the raw ma-
terials that the company has.

Aggregate planning is carried out so that the com-
pany can maximize the normal capacity of finishing
grinding. Aggregate planning is created with the help
of Solver software to produce a minimum total pro-
duction cost. The total costs generated amounted to
IDR 20,149,701. MRP is made to illustrate when raw
materials must be available and processed to fulfill
the demand. Based on the analysis of MRP calcula-
tions that have been carried out on S45C-F, SGT-R,
SKD11-R, and SLD-R using lot-sizing EOQ proba-
bilistic and POQ it is known that the POQ method
produces the lowest cost for planning S45C-F, SGT-
R, and SKD11-R with a total cost of all raw materials
are IDR 171,429 and for SLD-R the probabilistic EOQ
method was chosen with a total cost of IDR 2,882,410.

To produce a more optimal solution, subsequent
studies can be more detailed on the cost of operating
a grinding machine used in the process of refinement
of each raw material. Different raw materials certainly
have different thickness levels, therefore it requires ob-
servation to record the length of time needed to refine
each type of raw material. The results obtained cer-
tainly illustrate the cost of refinement of each mate-
rial that is more accurate if it converts demand into
a narrower period, such as weekly or daily to find out
the exact demand that comes every day. Besides, an-
other step is to use other forecasting methods that al-

low obtaining the number of forecast predictions with
a lower error value. Future studies can use other lot
sizing methods that enable lower total costs to be ob-
tained. Also, the objective function in terms of mini-
mizing the total cost, total pollution, and total human
risk at the same time can be implemented (Tirkolaee
et al., 2022).

References

Alinaghian M. & Goli A. (2017), Location, allocation and
routing of temporary health centers in rural areas in
crisis, solved by improved harmony search algorithm,
International Journal of Computational Intelligence
Systems, Vol. 10, pp. 894–913.

Andiyan Putra, R.M., Rembulan G.D. and Tannady H.
(2021), Construction project evaluation using CPM-
crashing, CPM-PERT and CCPM for minimize
project delays, Journal of Physics: Conference Se-
ries, No. 1933(1), pp. 1–7. DOI: 10.1088/1742-6596/
1933/1/012096.

Andry J.F., Tannady H. and Nurprihatin F. (2020), Elic-
iting requirements of order fulfilment in a company,
IOP Conference Series: Materials Science and Engi-
neering, No. 1, Vol. 771. DOI: 10.1088/1757-899X/
771/1/012023.

Ballou R.H. (2004), Business logistics: supply chain man-
agement (5th ed.), Prentice Hall.

Bounou O., el Barkany A. and el Biyaali A. (2021),
Contribution overview to the evaluation and devel-
opment of spare parts management models: Meta-
heuristic and probabilistic methods. In Management
and Production Engineering Review, Vol. 12, Issue 1,
pp. 24–37), Polska Akademia Nauk. DOI: 10.24425/
mper.2021.136869.

Boute R.N., Gijsbrechts J., van Jaarsveld W. and Van-
vuchelen N. (2022), Deep reinforcement learning for
inventory control: A roadmap, European Journal of
Operational Research, No. 2, Vol. 298, pp. 401–412.
DOI: 10.1016/j.ejor.2021.07.016.

Chen Z. and Sarker B.R. (2015), Aggregate production
planning with learning effect and uncertain demand,
Journal of Modelling in Management, No. 3, Vol. 10,
pp. 296–324. DOI: 10.1108/JM2-07-2013-0035.

Christian M., Dewi D., Rembulan G.D., Indriyarti E.R.,
Wibowo S. and Yuniarto Y. (2021), Business perfor-
mance determinants of salted fish distribution in Ka-
puk during the COVID-19, Journal of Distribution
Science, No. 6, Vol. 19, pp. 29–39. DOI: 10.15722/
jds.19.6.202106.29.

Goli A. and Keshavarz T. (2022), Just-in-time schedul-
ing in identical parallel machine sequence-dependent
group scheduling problem, Journal of Industrial and

Volume 13 • Number 4 • December 2022 23

https://doi.org/10.1088/1742-6596/1933/1/012096
https://doi.org/10.1088/1742-6596/1933/1/012096
https://doi.org/10.1088/1757-899X/771/1/012023
https://doi.org/10.1088/1757-899X/771/1/012023
https://doi.org/10.24425/mper.2021.136869
https://doi.org/10.24425/mper.2021.136869
https://doi.org/10.1016/j.ejor.2021.07.016
https://doi.org/10.1108/JM2-07-2013-0035
https://doi.org/10.15722/jds.19.6.202106.29
https://doi.org/10.15722/jds.19.6.202106.29


F. Nurprihatin, G.D. Rembulan, Y.D. Pratama: Comparing Probabilistic Economic Order Quantity and Periodic . . .

Management Optimization, No. 6, Vol. 18. DOI: 10.
3934/jimo.2021124.

Goli A., Khademi-Zare H., Tavakkoli-Moghaddam R.,
Sadeghieh A., Sasanian M. and Kordestaniza-
deh R.M. (2021), An integrated approach based on
artificial intelligence and novel meta-heuristic algo-
rithms to predict demand for dairy products: a case
study, Network: Computation in Neural Systems,
No. 1, Vol. 32, pp. 1–35. DOI: 10.1080/0954898X.
2020.1849841.

Goli A. and Malmir B. (2020), A covering tour approach
for disaster relief locating and routing with fuzzy
demand, International Journal of Intelligent Trans-
portation Systems Research, No. 1, Vol. 18, pp. 140–
152. DOI: 10.1007/s13177-019-00185-2.

Goli A., Zare H.K., Tavakkoli-Moghaddam R. and
Sadeghieh A. (2019), Hybrid artificial intelligence
and robust optimization for a multi-objective prod-
uct portfolio problem Case study: The dairy prod-
ucts industry, Computers and Industrial Engineering,
Vol. 137, pp. 1–14. DOI: 10.1016/j.cie.2019.106090.

Gunawan F.E., Wilujeng F.R., Rembulan G.D. and Tan-
nady H. (2020), Service quality analysis of SMEs
tempe in province of Jakarta, Indonesia, Technol-
ogy Reports of Kansai University, No. 7, Vol. 62,
pp. 3827–3833.

Heizer J., Render B. and Munson C. (2020), Operations
management: sustainability and supply chain man-
agement (13th ed.). Pearson.

Mahagaonkar S.S. and Kelkar P.A.A. (2017), Appli-
cation of ABC analysis for material management
of a residential building, International Research
Journal of Engineering and Technology, No. 8,
Vol. 4, pp. 614–620. https://irjet.net/archives/V4/
i8/IRJET-V4I8108.pdf.

Mahmoud A.A., Aly M.F., Mohib A.M. and Afefy I.H.
(2020), A two-stage stochastic programming ap-
proach for production planning system with seasonal
demand, Management and Production Engineering
Review, No. 1, Vol. 11, pp. 31–42. DOI: 10.24425/
mper.2020.132941.

Marziali M., Rossit D.A. and Toncovich A. (2021), Ware-
house management problem and a KPI approach: A
case study, Management and Production Engineering
Review, Vol. 12, Issue 3, pp. 51–62). DOI: 10.24425/
mper.2021.138530.

Montororing Y.D.R. and Nurprihatin F. (2021), Model
of quality control station allocation with consider
work in process, and defect probability of final prod-
uct, Journal of Physics: Conference Series, pp. 1–12.
DOI: 10.1088/1742-6596/1811/1/012013.

Nahmias S. and Olsen T.L. (2015), Production and op-
erations analysis (7th ed.), Waveland Press Inc.

Nurprihatin F., Andry J.F. and Tannady H. (2021), Set-
ting the natural gas selling price through pipeline

network optimization and project feasibility study,
Journal of Physics: Conference Series, pp. 1–6. DOI:
10.1088/1742-6596/1811/1/012008.

Nurprihatin F., Angely M. and Tannady H. (2019), To-
tal productive maintenance policy to increase effec-
tiveness and maintenance performance using overall
equipment effectiveness, Journal of Applied Research
on Industrial Engineering, No. 3, Vol. 6, pp. 184–199.
DOI: 10.22105/jarie.2019.199037.1104.

Nurprihatin F., Elnathan R., Rumawan R.E. and Regina
T. (2019), A distribution strategy using a two-step
optimization to maximize blood services considering
stochastic travel times, IOP Conference Series: Ma-
terials Science and Engineering, No. 1, Vol. 650. DOI:
10.1088/1757-899X/650/1/012043.

Nurprihatin F., Elvina Rembulan G.D., Christianto K.
and Hartono H. (2021), Decision support system
for truck scheduling in logistic network through
cross-docking strategy, Journal of Physics: Confer-
ence Series, pp. 1–10. DOI: 10.1088/1742-6596/1811/
1/012009.

Nurprihatin F., Gotami M. and Rembulan G.D. (2021),
Improving the performance of planning and control-
ling raw material inventory in food industry, Inter-
national Journal of Research in Industrial Engineer-
ing, No. 4, Vol. 10, pp. 332–345. DOI: 10.22105/riej.
2021.306872.1250.

Nurprihatin F., Jayadi E.L. and Tannady H. (2020),
Comparing heuristic methods’ performance for pure
flow shop scheduling under certain and uncertain
demand, Management and Production Engineering
Review, No. 2, Vol. 11. DOI: 10.24425/mper.2020.
133728.

Nurprihatin F. and Lestari A. (2020), Waste collection
vehicle routing problem model with multiple trips,
time windows, split delivery, heterogeneous fleet and
intermediate facility, Engineering Journal, No. 5,
Vol. 24, pp. 55–64. DOI: 10.4186/ej.2020.24.5.55.

Nurprihatin F. and Montororing Y.D.R. (2021), Im-
proving vehicle routing decision for subsidized rice
distribution using linear programming considering
stochastic travel times, Journal of Physics: Confer-
ence Series, pp. 1–8. DOI: 10.1088/1742-6596/1811/
1/012007.

Nurprihatin F., Octa A., Regina T., Wijaya T., Luin J.
and Tannady H. (2019), The extension analysis of
natural gas network location-routing design through
the feasibility study, Journal of Applied Research on
Industrial Engineering, No. 2, Vol. 6, pp. 108–124.
DOI: 10.22105/jarie.2019.174164.1082.

Nurprihatin F., Regina T. and Rembulan G.D. (2021),
Optimizing rice distribution routes in Indonesia using
a two-step linear programming considering logistics
costs, Journal of Physics: Conference Series, pp. 1–
8. DOI: 10.1088/1742-6596/1811/1/012010.

24 Volume 13 • Number 4 • December 2022

https://doi.org/10.3934/jimo.2021124
https://doi.org/10.3934/jimo.2021124
https://doi.org/10.1080/0954898X.2020.1849841
https://doi.org/10.1080/0954898X.2020.1849841
https://doi.org/10.1007/s13177-019-00185-2
https://doi.org/10.1016/j.cie.2019.106090
https://irjet.net/archives/V4/i8/IRJET-V4I8108.pdf
https://irjet.net/archives/V4/i8/IRJET-V4I8108.pdf
https://doi.org/10.24425/mper.2020.132941
https://doi.org/10.24425/mper.2020.132941
https://doi.org/10.24425/mper.2021.138530
https://doi.org/10.24425/mper.2021.138530
https://doi.org/10.1088/1742-6596/1811/1/012013
https://doi.org/10.1088/1742-6596/1811/1/012008
https://doi.org/10.22105/jarie.2019.199037.1104
https://doi.org/10.1088/1757-899X/650/1/012043
https://doi.org/10.1088/1742-6596/1811/1/012009
https://doi.org/10.1088/1742-6596/1811/1/012009
https://doi.org/10.22105/riej.2021.306872.1250
https://doi.org/10.22105/riej.2021.306872.1250
https://doi.org/10.24425/mper.2020.133728
https://doi.org/10.24425/mper.2020.133728
https://doi.org/10.4186/ej.2020.24.5.55
https://doi.org/10.1088/1742-6596/1811/1/012007
https://doi.org/10.1088/1742-6596/1811/1/012007
https://doi.org/10.22105/jarie.2019.174164.1082
https://doi.org/10.1088/1742-6596/1811/1/012010


Management and Production Engineering Review

Nurprihatin F. and Tannady H. (2018), An integrated
transportation models and savings algorithm to min-
imize distribution costs, Proceeding of the 1st Asia
Pacific Conference on Research in Industrial and
Systems Engineering, pp. 216–221. https://www.re
searchgate.net/publication/335231165.

Ramya G., Chandrasekaran M. and Shankar E. (2019),
Case study analysis of job shop scheduling and its
integration with material requirement planning, Ma-
terials Today: Proceedings, Vol. 16, pp. 1034–1042.
DOI: 10.1016/j.matpr.2019.05.192.

Saha E. and Ray P.K. (2019), Modelling and analysis of
inventory management systems in healthcare: A re-
view and reflections, Computers and Industrial Engi-
neering, Vol. 137. DOI: 10.1016/j.cie.2019.106051.

Singh D. and Verma A. (2018), Inventory management
in supply chain, Materials Today: Proceedings, No. 2,
Vol. 5, pp. 3867–3872. DOI: 10.1016/j.matpr.2017.
11.641.

Stevenson W.J. (2018), Operations management (13th
ed.). McGraw-Hill.

Tannady H., Andry J.F. and Nurprihatin F. (2020), De-
terminants factors toward the performance of the em-
ployee in the crude palm oil industry in West Su-
matera, Indonesia. IOP Conference Series: Materi-
als Science and Engineering, No. 1, Vol. 771. DOI:
10.1088/1757-899X/771/1/012066.

Tannady H., Erlyana Y. and Nurprihatin F. (2019), Ef-
fects of work environment and self-efficacy toward
motivation of workers in creative sector in province
of Jakarta, Indonesia, Quality-Access to Success,
No. 172, Vol. 20.

Tannady H., Gunawan E., Nurprihatin F. and Wilujeng
F.R. (2019), Process improvement to reduce waste in
the biggest instant noodle manufacturing company
in South East Asia, Journal of Applied Engineering
Science, No. 2, Vol. 17. DOI: 10.5937/jaes17-18951.

Tannady H., Nurprihatin F. and Hartono H. (2018),
Service quality analysis of two of the largest retail
chains with minimart concept in Indonesia, Business:
Theory and Practice, Vol. 19. DOI: 10.3846/BTP.
2018.18.

Tirkolaee E.B., Goli A., Ghasemi P. and Goodarzian F.
(2022), Designing a sustainable closed-loop supply
chain network of face masks during the COVID-
19 pandemic: Pareto-based algorithms, Journal of
Cleaner Production, Vol. 333, pp. 1–21. DOI: 10.
1016/ j.jclepro.2021.130056.

Yıldız R. and Yaman R. (2018), Case study about eco-
nomic order quantities and comparison of results
from conventional EOQ model and response surface-
based approach, Management and Production En-
gineering Review, No. 3, Vol. 9, pp. 23–32. DOI:
10.24425/119531.

Volume 13 • Number 4 • December 2022 25

https://www.researchgate.net/publication/335231165
https://www.researchgate.net/publication/335231165
https://doi.org/10.1016/j.matpr.2019.05.192
https://doi.org/10.1016/j.cie.2019.106051
https://doi.org/10.1016/j.matpr.2017.11.641
https://doi.org/10.1016/j.matpr.2017.11.641
https://doi.org/10.1088/1757-899X/771/1/012066
https://doi.org/10.5937/jaes17-18951
https://doi.org/10.3846/BTP.2018.18
https://doi.org/10.3846/BTP.2018.18
https://doi.org/10.1016/j.jclepro.2021.130056
https://doi.org/10.1016/j.jclepro.2021.130056
https://doi.org/10.24425/119531

