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Ensuring a stable supply of chicken eggs to meet fluctuating market demand is
essential for maintaining market stability and trader profitability. To address this
challenge, the Smart Application for Chicken Egg Stock (SAFCES) was developed to
optimize storage capacity for chicken eggs, extending beyond the traditional focus on
determining order quantities. By employing a fuzzy logic approach, SAFCES
accurately calculates the optimal order quantity and establishes minimum and
maximum stock levels (Min-Max) to ensure consistent maintenance of ideal storage
capacity. This innovative application enhances decision-making by providing traders
with real-time insights into stock requirements, enabling them to adapt swiftly to
demand variations. The implementation of SAFCES successfully supports traders in
sustaining optimal stock levels, meeting both order and safety stock requirements,
and keeping inventory within the desired thresholds. Furthermore, SAFCES
promotes operational efficiency by reducing stockouts and overstocking, ultimately
contributing to a more resilient supply chain for chicken eggs in dynamic market
conditions.

1. Introduction

Many uncertainty factors influence supply chain
management performance. These factors affect all
dimensions of supply chain activities, making risks and
vulnerabilities significant challenges for companies and
organizations. Risk and uncertainty directly impact
commodity yields, customer satisfaction, costs, and
policies in supply chain activities [1]-[3]. To address
these challenges, efficient inventory management is
essential to enhance customer satisfaction, meet
consumer demands, prevent product shortages, and
maintain competitive product pricing [4]-[8].

Buffering techniques, such as safety stock, support
manufacturing operational planning by managing
demand and supply uncertainty to improve customer
satisfaction [9]. Companies and business entities use
safety stock to mitigate poor vendor performance, such
as low-quality or delayed deliveries [10]. Safety stock is
an effective strategy to prevent stock-outs and address
variability in supply and demand [11]. Safety stock for
finished products helps meet unexpected demand,
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while safety stock for raw materials protects against
supply disruptions and production halts.

The Economic Order Quantity (EOQ) model is used
to determine the optimal number of orders to suppliers,
assuming stable demand, to reduce operational costs
[12]-[14]. However, fluctuating prices, such as those for
chicken eggs, complicate stakeholders’ ability to
determine optimal stock levels and order quantities,
leading to high operational costs, shortages, or excess
inventory. Therefore, developing a model to optimize
chicken egg stock levels and supplier orders is
necessary.

This research aims to develop an egg inventory
model using the Min-Max method and fuzzy logic
model, implemented as the Smart Application for
Chicken Egg Stock (SAFCES).

The Min-Max Stock Level model is employed not
only to determine the amount of stock in the warehouse
but also to control stock within predefined minimum
and maximum limits. Additionally, a fuzzy logic model
is developed to optimize ordering from suppliers.
Fuzzy logic facilitates decision-making by modeling
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complex input parameters [15]-[18]. The input
parameters for this fuzzy logic model include selling
price, demand, supply, and available stock. The optimal
order quantity derived from the fuzzy logic model
serves as input for the Min-Max stock level method.

The Min-Max method was selected due to its
compatibility with the fuzzy logic model, which
effectively handles uncertainty in demand and supply.
Unlike the EOQ model, which assumes static
conditions, or Just-In-Time (JIT), which requires near-
perfect coordination, the Min-Max method enables
adaptive stock levels based on fuzzy outputs. This
adaptability suits this research, given common demand
fluctuations and imprecise data. Future studies could
explore hybrid approaches, such as combining fuzzy
logic with EOQ or JIT, to further optimize inventory
management under varying conditions.

The development of the Smart Application for
Chicken Egg Stock (SAFCES), a mobile application,
facilitates inventory management by performing
model-based calculations to verify stock levels. This
application enables users to make informed decisions
regarding available warehouse stock and the optimal
number of orders to place with suppliers. SAFCES
incorporates a machine learning model to enhance
decision-making by  processing  experimental
simulation data, optimizing algorithms for efficient
data handling, selecting relevant features, and ensuring
system reliability [19]-[24].

This research enhances chicken egg stock
management for traders, ensuring consistent consumer
demand fulfillment. For business owners, it provides a
decision-making tool to determine optimal stock levels,
maintaining stable egg inventory and enabling efficient
business processes.

2. Material and method

2.1. Safety stock

This research focuses on market traders who sell to
consumers and place orders with egg suppliers. The
study employs the Min-Max method to calculate
optimal stock levels, determining the ideal number of
orders. This calculation integrates a fuzzy logic model
to enhance the ordering process. The stock level
calculations, according to [25], are shown in Egs. (1)-(3),

SSt = (Spax —d) X It 1)
Smin = (d X It) + SSt (2)
Smax = 2 % (d x It) + SSt 3)

where SSt denotes safety stock, S, denotes maximum
stock, Syin denotes minimum stock, d denotes average
requirement, and It denotes lead time.

2.2. Fuzzy logic
Fuzzy logic can be used to compute outputs for

variables with imprecise values, where each variable is
defined using linguistic terms [26]. The membership
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functions developed influence the defuzzification
process, guided by an expanded fuzzy rule base [27],
[28]. The optimal ordering of chicken eggs depends on
variables with imprecise limits, including selling price,
demand, supply, and stock availability. These variables
are managed using fuzzy logic to calculate the optimal
egg orders from suppliers. The steps for determining
the optimal order using fuzzy logic are as follows.
2.1.1.  Triangular membership function

Triangular membership functions are used to
determine the degree of membership for variables
based on their values within observed parameters [29].
Fuzzy inventory parameters (low, medium, high) for
selling price, demand, supply, and stock were
established through statistical analysis of daily market
data (e.g, mean and standard deviation) and
consultations with egg traders to ensure practical
applicability. For example, demand ranges were
defined as low (0-30 kg), medium (30-70 kg), and high
(> 70 kg), derived from historical data distributions and
refined through iterative fuzzy logic model testing. This
approach ensures accurate thresholds aligned with the
dynamics of the chicken egg market. The triangular
membership function is mathematically defined as
u_F(a,b,c): R - [0,1] [30].
2.1.2.  Trapezoidal membership function

The trapezoidal membership function defines the
degree of membership for each parameter, assigning a
maximum value of 1 to a range of values within the
parameter [31]. The trapezoidal membership function is
mathematically expressed as u_F(a,b,c,d):R — [0,1]
[32], [33].
2.1.3.  Fuzzy rule base

Fuzzy rules define possible conditions based on the
parameters of variables used to develop the
membership set model. These rules establish
constraints for determining the fuzzy operator,
enabling the identification of the moment and region
during the defuzzification process. The fuzzy rule
model can be expressed as follows: If x; is 4j; and ...
and x, is A;,, then Class C; with CF;, wherei = 1,...,n,
and the set X = {x1,x2,...,xn} [34].

2.1.4.  Deffuzyfication

The defuzzification process converts the fuzzy
membership set into a crisp output value. The Center of
Area (COA) method is used, which calculates the
output by evaluating the moment and area in the
defuzzification process. The formulation of the COA
method, based on [35], is expressed in Eq. (4).

f;_ G HA()x dx (4)
Xcoa = —f———

o[ pAG) dx



Hidayat et al. (2025), Journal Industrial Servicess, vol. 11, no. 1, pp. 64-72, April 2025

Table 1
Optimal order fuzzy variable membership set

No Variable Parameter
Low Medium High
1 Selling price (thousand rupiahs) 18;18;19; 21 20; 22; 24 23; 25; 26; 26
2 Demand (kg) 35; 35; 40; 50 45;52,5; 60 55; 65; 80; 80
3 Supply (kg) 0; 0; 15; 60 45; 75; 150 90; 120; 150; 150
4 Stock (kg) 0; 0; 15; 45 30; 75; 120 100; 150; 225; 225
5  Optimal order (kg) 20; 50; 80 60;110; 160  120;170; 225
s Membership Function Plot
2.3. Smart Application for Chicken EQg Stock (SAFCES) ‘ —
. — Mednim
Li Low Medium Mgk,

The SAFCES application, developed in Python using
the scikit-fuzzy library, implements fuzzy logic and
integrates with a Flask web interface for real-time data
processing. Its fuzzy logic model, combining triangular
and trapezoidal membership functions with 243 IF-
THEN rules, is stored in a database and uses the Centre
of Area defuzzification method to compute optimal
stock sequences. The Min-Max model serves as a stock
calculation module. Initially validated in MATLAB, the
fuzzy logic model was adapted into SAFCES to provide
automated stock management for egg traders.

Model verification involved comparing SAFCES
outputs —such as an optimal order of 121 kg and stock
levels (safety stock: 71 kg, minimum: 121 kg, maximum:
171 kg) —with manual MATLAB calculations to ensure
numerical consistency. The process included real-time
market data processing in SAFCES and scenario
simulations to validate recommendations against actual
conditions. Triangular membership functions were
chosen for selling price, supply, and stock due to their
centered, stable distributions, as confirmed by
histogram analysis of daily market data. For demand, a
combination of triangular and trapezoidal functions
was selected to capture its high variability and stable
plateaus, with trapezoidal functions better representing
flat regions in the data. This choice aligns with the
dynamic characteristics of chicken egg market demand.

3. Results and discussion

This research focuses on the Kemang Perumda
Market and Tohaga Market in Bogor Regency. Egg
orders at Kemang Market are managed to ensure
consistent supply availability, but current stock
management fluctuates, leading to inconsistent stock
levels. The variables influencing optimal egg ordering
decisions at Tohaga Market are selling price, demand
(kg), supply (kg), and total stock (kg). These variables
have imprecise ranges, necessitating a fuzzy logic
approach to determine optimal egg orders and maintain
stable stock levels. The optimal order model will be
implemented in the Smart Application for Egg Stock
(SAFCES). The membership functions for the fuzzy
variables are presented in Table 1.

Based on the fuzzy membership set, the membership
set model is developed to determine the moment and
area according to the fuzzy rules applied.
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Fig. 1. Model of membership set selling price of chicken eggs

3.1. Membership association

The input variable used to determine the optimal
order is the selling price of chicken eggs (in kilograms).
This variable has three parameters: low, medium, and
high, with trapezoidal and triangular membership set
graphs. The membership set model for the selling price
of chicken eggs is shown in Fig. 1. Based on the optimal
membership set, the degree of membership can be
determined. The current price of chicken eggs is IDR
24,000, resulting in a membership degree value of
u_high price [24,000] = 0.5.

The next input variable used to determine the
optimal order is the market demand for chicken eggs.
Demand management is developed using a fuzzy
approach, where this variable has three parameter
limits: low, medium, and high, with a combination of
triangular and trapezoidal membership sets. These
membership sets are derived from the limitations of
demand parameters in the market. The membership set
model for chicken egg demand can be seen in Fig. 2.
Based on the membership association, the selling price
of chicken eggs is determined by the degree of
membership, which reflects real market conditions. The
current demand for chicken eggs is 50 kg, resulting in a
membership degree value of p_middle demand [50] =
0.67.
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for chicken eggs from suppliers is the egg supply to the
market (in kg). The model for the chicken egg supply is
shown in Fig. 3. The parameter value used to determine

Fig. 3. Model of membership set suppply of chicken eggs
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— the degree of membership for the supply of chicken
- mﬂ“ﬂ eggs in the market is 150 kg, representing the highest

supply of chicken eggs. The membership degree for
chicken egg supply is u_high stock [150] = 1.

The next variable used to determine the optimal
order is the stock condition of chicken eggs in the
market. This stock condition must be considered to
ensure that the market stock level is well maintained.
The model for the membership set of chicken egg stock
conditions in the market is shown in Fig. 4.

The parameter value for stock conditions in the
market, used to determine the optimal order, is 25 kg.
Constraints define the degree of stock membership,
with p_low stock [25] = 0.67. Based on the membership
degree values of the four input variables —selling price,
demand, supply, and stock of chicken eggs in the

Low Medium

25 kil 73 100 125 130 173 200

Tuput variable "Stock Control market—the fuzzy operator value wused in the

defuzzification process for determining optimal orders
of chicken eggs can be calculated. The model for the
optimal order membership set is shown in Fig. 5.
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Table 2
Comparison of stock conditions and stock level

No Conditions Value

1 Available Stock (kg) 25

2 Safety Stock (kg) 71

3 Min Stock (kg) 121

4 Max Stock (kg) 171

5 Status Not Safe

3.2. Fuzzy rule base

Based on the membership set model, which consists
of input variables —namely selling price, demand (kg),
supply (kg), and stock amount (kg)—and an output
variable, namely optimal order (kg), there are 243
possible fuzzy rules determined by the conditions of
these parameters in the market. The fuzzy rules are
constructed using the "AND" operator in the "I[F-THEN"
format.

Based on the values of the input variable parameters,
the fuzzy operator value (@) is obtained by taking the
minimum membership degree among the input
variables for the optimal order. The characteristics of
the optimal order membership set, the input variable
model, and the resulting fuzzy rules can be visualized
using the surface graph in Fig. 6.

3.3. Optimal order defuzzyfication

The defuzzification process uses the Center of Area
(COA) method by comparing the moment value and the
area of the optimal order fuzzy membership set. Based
on the input variables, the resulting fuzzy operator has
a value of 0.5. The optimal order fuzzy membership set
derived from this fuzzy operator are shown in Egs. (5)-
(14). Based on the membership set that occurs, the
moment value for the optimal order defuzzification
process for chicken eggs can be determined. Moments
generated based on the optimal order membership set
for chicken eggs in the market are as shown in Egs. (15)-
(23).

Fx(a,b,c,d) =0 x<20 )
Fx(a,b,c,d) =x;020 20<x <35 ©)
Fx(a,b,c,d)=0,5 35<x <65 (7)
Fx(a,b,c,d) = 2o —* 65 < x < 80 ®)
Fx(a,b,c,d) = % 60 < x <85 ©)
Fx(a,b,c,d)=0,5 85<x <135 (10)
Fx(a,b,c,d) = 16(;0_ ¥ 135 <x <160 (11)
Fx(a,b,c,d) =~ _5(1)20 120 < x < 145 (12)
Fx(a,b,c,d) =0,5 145 <x <197.5 (13)
Fx(a,b,c,d) = 225 —x (14)

<x<
=5 197,5 < x <225
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35 (15)
Moment 1: f 0,033 x2 — 0,67 x dx
20
65 (16)
Moment 2 : f 0,5 x dx
35
80 (17)
Moment 3 : f 2,67 x — 0,033 x2dx
65
85 (18)
Moment 4 : 0,02 x2 —1,2x dx
60
135 (19)
Moment 5 : 0,5x dx
85
160 (20)
Moment 6 : f 3,2x—0,02 x2 dx
135
145 (21)
Moment 7 : f 0,02x2 —2,4xdx
120
197,5 (22)
Moment 8 : .[ 0,5 x dx
145
225 (23)
Moment 9 : j 4,1x — 0,02 x2 dx
197.5

Based on actual conditions, there are nine moments
in the optimal membership order set, with a total
moment value of 12,024.37. This total moment is then
compared with the total area in the optimal order
defuzzification process. According to the condition of
the optimal order membership set, the total area is
99.375. Using the moment and area values from the
defuzzification process, the optimal order for chicken
eggs is calculated to be 121 kg. Verification of the
optimal order calculation model was conducted using
the MATLAB.

The result of the optimal order quantity calculation
using the fuzzy logic model is 121 kg. Safety stock is
calculated daily to assess the traders” daily needs. Since
chicken egg traders replenish their inventory daily, the
lead time is assumed to be one day. In the safety stock
calculation, the optimal order quantity is assumed to
represent the maximum stock that must be provided,
while the average demand is assumed to be the number
of requests received on that day.

The calculation of stock levels based on fuzzy rules
for optimal order quantity has been verified using the
SAFCES software. This application records four real-
time input parameters daily: selling price, demand,
supply, and available stock. Using these daily recaps,
the fuzzy logic model is further validated through the
optimal order interface in SAFCES.

Future research could consider integrating storage
time as a fifth parameter. For instance, fuzzy logic could
be used to define rules such as, “If storage time is high
and demand is low, then reduce stock orders to avoid
spoilage.” Implementing this would require collecting
additional data on storage duration and conditions,
which could be made easier with digital inventory
tracking systems.

Based on the verified stock level calculation method
and the SAFCES interface, the ideal inventory capacity
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for market traders includes a safety stock of 71 kg, a
minimum inventory of 121 kg, and a maximum
inventory of 171 kg. These figures were derived from
simulation tests comparing actual stock conditions with
the proposed stock level model. The simulation results
are presented in Table 2. Based on the simulation
comparison above, the current available stock is only 25
kg, indicating a shortage. To address this, traders need
to place an order for 167 kg of chicken eggs from
suppliers. This consists of 121 kg as the optimal order
quantity and an additional 46 kg to restore the safety
stock. This ensures that consumer demand can be met
and inventory levels remain stable.

In the fuzzy logic model used in this study, the
selling price was one of the four input parameters —
alongside demand, supply, and available stock —used
to determine the optimal order quantity. Although the
specific price value was not explicitly mentioned in the
simulation comparison for the sake of brevity, the
model incorporated the average selling price of chicken
eggs during the study period, which was approximately
IDR 28,000 per kg (based on market data collected
through daily recaps). This price input was essential for
evaluating the economic feasibility of the recommended
order quantities.

For example, ordering the optimal quantity of 121 kg
would cost approximately IDR 3,388,000 (121 kg x IDR
28,000/kg), while the additional 46 kg required to
replenish the safety stock would cost IDR 1,288,000 (46
kg x IDR 28,000/kg), bringing the total cost of the 167
kg order to IDR 4,676,000.

The selling price also influenced the Min-Max stock
level method by impacting the maximum inventory
threshold. Higher prices may encourage lower stock
levels to minimize holding costs, whereas lower prices
may justify higher inventory levels to ensure product
availability. In this case, the price of IDR 28,000 per kg
was relatively stable throughout the simulation period,
allowing the model to focus primarily on quantity
adjustments rather than price fluctuations.

This study determined an optimal order quantity of
121 kg for chicken eggs, with corresponding stock
levels —71 kg of safety stock, a minimum of 121 kg, and
a maximum of 171 kg—using a fuzzy logic model
integrated with the Min-Max method, as verified
through the SAFCES application. These findings align
with the work of [29], who also applied fuzzy logic to
optimize egg ordering and achieved accurate stock
predictions under variable market conditions.

However, unlike [26], who focused on dynamic
decision-making in broader supply chains using fuzzy
logic, the present study specifically addresses the
management of perishable goods—namely chicken
eggs—through daily market recaps. This approach
offers a more tailored solution for short-term inventory
control. Compared to traditional Economic Order
Quantity (EOQ) models, which assume static demand
[8], the fuzzy logic approach employed here more
effectively manages demand uncertainty. This is
evidenced by its ability to address the 25 kg stock deficit
identified in Table 2, reducing the risk of shortages.
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Overall, this study contributes to the field of
adaptive inventory management for perishable goods
and suggests future research could explore supplier
performance evaluation, as outlined in the conclusions,
to further enhance supply chain resilience.

4. Conclusions

Development of methods in inventory control using
the stock level with reference to the optimal number of
orders by using a fuzzy logic model. The model is
verified by developing SAFCES application that can
provide information in decision making for the market
party in managing the available stock. Based on the
interface for the optimal number of orders and the ideal
capacity of SAFCES is 167 kg. This model provides
practical guidance for egg agents to as a decision
support in determining the availability of chicken egg
stock. Further research can develop an evaluation
model on the performance of chicken egg suppliers to
obtain alternative strategies for chicken egg supply.

Declaration statement

Agung Prayudha Hidayat: Conceptualization,
Methodology; Writing Original Draft. Sesar Husen
Santosa: Formal Analysis, Formulation. Ridwan
Siskandar: Collecting Data, Supervised. Derry
Dardanella: Review and Investigation. Putro Ferro
Ferdinant: Supervised and Validation.

Acknowledgement

The author would like to thank the IPB University
Vocational School and the Blessed Egg Agent who
helped to complete this research.

Disclosure statement

The author declares that this manuscript is free from
conflict of interest and is processed by applicable
journal provisions and policies to avoid deviations from
publication ethics in various forms. The authors declare
no conflicts of interest. The authors report there are no
competing interests to declare.

Funding statement

The authors received no funding for this research.
Data availability statement

The authors confirm that the data supporting the
findings of this study are available within the article or
its supplementary materials.
Al Usage Statement

The authors confirm that no generative Al or Al-

assisted tools were used in the creation or writing of this
manuscript. All content has been entirely produced,



Hidayat et al. (2025), Journal Industrial Servicess, vol

reviewed, and edited by the authors without the
assistance of Al technologies.

References

(1]

(2]

(3]

(4]

(5]

(6]

[7]

(8]

(10]

(1]

(12]

[13]

J. Barros, P. Cortez, and M. S. Carvalho, “A systematic
literature review about dimensioning safety stock under
uncertainties and risks in the procurement process,”
Oper. Res. Perspect., vol. 8, p. 100192, 2021.

M. Shafiee, Y. Zare-Mehrjerdi, K. Govindan, and S.
Dastgoshade, “A causality analysis of risks to perishable
product supply chain networks during the COVID-19
outbreak era: An extended DEMATEL method under
Pythagorean fuzzy environment,” Transp. Res. Part E
Logist. Transp. Rev., vol. 163, p. 102759, 2022.

T. Yamamoto, S. Merciai, ]. M. Mogollén, and A. Tukker,
“The role of recycling in alleviating supply chain risk--
Insights from a stock-flow perspective using a hybrid
input-output database,” Resour. Conserv. Recycl., vol. 185,
p- 106474, 2022.

P. Berling, L. Johansson, and ]. Marklund, “Controlling
inventories in omni/multi-channel distribution systems
with variable customer order-sizes,” Omega, vol. 114, p.
102745, 2023.

J. Considine, P. Galkin, and A. Aldayel, “Inventories and
the term structure of oil prices: A complex relationship,”
Resour. Policy, vol. 77, p. 102657, 2022.

J. F. Ke, J. Otto, and C. Han, “Customer-Country
diversification and inventory efficiency: Comparative
evidence from the manufacturing sector during the pre-
pandemic and the COVID-19 pandemic periods,” J. Bus.
Res., vol. 148, pp. 292-303, 2022.

Y. Lee, V. M. Charitopoulos, K. Thyagarajan, I. Morris, J.
M. Pinto, and L. G. Papageorgiou, “Integrated
production and inventory routing planning of oxygen
supply chains,” Chem. Eng. Res. Des., vol. 186, pp. 97-111,
2022.

L. A.San-José, J. Sicilia, V. Pando, and D. Alcaide-Lépez-
de-Pablo, “An inventory system with time-dependent
demand and partial backordering under return on
inventory investment maximization,” Comput. & Oper.
Res., vol. 145, p. 105861, 2022.

A. S. Eruguz, E. Sahin, Z. Jemai, and Y. Dallery, “A
comprehensive survey of guaranteed-service models for
multi-echelon inventory optimization,” Int. J. Prod. Econ.,
vol. 172, pp. 110-125, 2016.

B. Amirjabbari and N. Bhuiyan, “Determining supply
chain safety stock level and location,” J. Ind. Eng. Manag.,
vol. 7, no. 1, pp. 42-71, 2014, doi: 10.3926/jiem.543.

Y. Boulaksil, “Safety stock placement in supply chains
with demand forecast updates,” Oper. Res. Perspect., vol.
3, pp. 27-31, 2016.

H. Liao and Q. Deng, “EES-EOQ model with uncertain
acquisition quantity and market demand in dedicated or
combined remanufacturing systems,” Appl. Math.
Model., vol. 64, pp. 135-167, 2018.

B. Rabta, “An Economic Order Quantity inventory
model for a product with a circular economy indicator,”
Comput. & Ind. Eng., vol. 140, p. 106215, 2020.

71

(14]

[15]

[16]

(17]

(18]

[19]

[20]

(21]

[22]

(23]

[24]

[25]

[26]

[27]

.11, no. 1, pp. 64-72, April 2025

S. Tiwari, L. E. Cardenas-Barrén, A. A. Shaikh, and M.
Goh, “Retailer’'s optimal ordering policy for
deteriorating items under order-size dependent trade
credit and complete backlogging,” Comput. & Ind. Eng.,
vol. 139, p. 105559, 2020.

O. Z. Mustapha, M. Ali, Y. F. Hu, and R. A. Abd-
Alhameed, “Service-aware LSP selection with fuzzy
based packet scheduling scheme for non-real time
traffics,” Int. J. Informatics Commun. Technol., vol. 10, no.
2, p. 126, 2021, doi: 10.11591 /ijict.v10i2.pp126-139.

S. Sinha, N. M. Modak, and S. S. Sana, “An entropic
order quantity inventory model for quality assessment
considering price sensitive demand,” Opsearch, vol. 57,
no. 1, pp. 88-103, 2020.

J. B. Velandia, C. E. R. Calderén, and D. D. L. Lara,
“Optimization techniques on fuzzy inference systems to
detect Xanthomonas campestris disease,” Int. |. Electr.
Comput. Eng., vol. 11, no. 4, pp. 3510-3518, 2021, doi:
10.11591/ijece.v11i4.pp3510-3518.

V. A. Wardhany, H. Yuliandoko, A. ]J. Wildan, T.
Iskandar, and M. Udin, “Fuzzy logic decission maker for
automatic feeder and water quality monitoring system,”
Int. ]. Informatics Commun. Technol., vol. 10, no. 1, pp. 37-
45,2021.

W. Hassan, T.-S. Chou, O. Tamer, ]. Pickard, P. Appiah-
Kubi, and L. Pagliari, “Cloud computing survey on
services, enhancements and challenges in the era of
machine learning and data science,” Int. ]. Informatics
Commun. Technol., vol. 9, no. 2, p. 117, 2020, doi:
10.11591 /ijict.v9i2.pp117-139.

S. Mullainathan and J. Spiess, “Machine learning: An
applied econometric approach,” J. Econ. Perspect., vol. 31,
no. 2, pp. 87-106, 2017, doi: 10.1257 /jep.31.2.87.

Z.T.Wilson and N. V Sahinidis, “The ALAMO approach
to machine learning,” Comput. \& Chem. Eng., vol. 106,
pp- 785-795, 2017.

A.B., K. Krishi, M. M., M. Daaniyaal, and A. H.S., “Hand
gesture recognition using machine learning algorithms,”
Comput. Sci. Inf. Technol., vol. 1, no. 3, pp. 116-120, 2020,
doi: 10.11591 / csit.v1i3.p116-120.

T. Alam, “Performance evaluation of blockchains in the
internet of things,” Comput. Sci. Inf. Technol., vol. 1, no. 3,
pp- 93-97, 2020, doi: 10.11591 / csit.v1i3.p93-97.

Mahesh Batta, “Machine Learning Algorithms - A
Review,” Int. ]J. Sci. Res., no. January 2019, 2020, doi:
10.21275/ ART20203995.

J. Pradesi and H. C. Prabowo, “Planning for Raw
Material Inventory Needs at PT. X Semarang with Min-
Max Method,” Int. . Comput. Inf. Syst., vol. 2, no. 3, pp.
114-117, 2021, doi: 10.29040/ijcis.v2i3.62.

B. Wu, T. Cheng, T. L. Yip, and Y. Wang, “Fuzzy logic
based dynamic decision-making system for intelligent
navigation strategy within inland traffic separation
schemes,” Ocean Eng., vol. 197, p. 106909, 2020.

S. K. Mangla, S. Luthra, and S. Jakhar, “Benchmarking
the risk assessment in green supply chain using fuzzy
approach to FMEA: Insights from an Indian case study,”
Benchmarking An Int. ]., vol. 25, no. 8, pp. 2660-2687,
2018.



(28]

(29]

(30]

(31]

[32]

(33]

Hidayat et al. (2025), Journal Industrial Servicess, vol. 11, no. 1, pp. 64-72, April 2025

Q. Zhou, W. Wu, D. Liu, K. Li, and Q. Qiao, “Estimation
of corrosion failure likelihood of oil and gas pipeline
based on fuzzy logic approach,” EFA, vol. 70, pp. 48-55,
2016, doi: 10.1016/j.engfailanal.2016.07.014.

S. H. Santosa, A. P. Hidayat, and R. Siskandar, “Safea
application design on determining the optimal order
quantity of chicken eggs based on fuzzy logic,” IAES Int.
J. Artif. Intell., vol. 10, no. 4, pp. 858-871, 2021, doi:
10.11591/ijai.v10.i4.pp858-871.

G. Hu, E. Bakhtavar, K. Hewage, M. Mohseni, and R.
Sadiq, “Heavy metals risk assessment in drinking water:
An integrated probabilistic-fuzzy approach,” J. Environ.
Manage., vol. 250, p. 109514, 2019.

Z. Pezeshki and S. M. Mazinani, “Comparison of
artificial neural networks, fuzzy logic and neuro fuzzy
for predicting optimization of building thermal
consumption: a survey,” Artif. Intell. Rev., vol. 52, no. 1,
pp- 495-525, 2019.

S. Hendiani and M. Bagherpour, “Developing an
integrated index to assess social sustainability in
construction industry using fuzzy logic,” J. Clean. Prod.,
vol. 230, pP. 647-662, 2019, doi:
10.1016/j.jclepro.2019.05.055.

N. T. Tran, N. Le Chau, and T.-P. Dao, “An effective
hybrid approach of desirability, fuzzy logic, ANFIS and
LAPO algorithm for optimizing compliant mechanism,”
Eng. Comput., vol. 37, pp. 2591-2621, 2021.

H. Ahmadi, M. Gholamzadeh, L. Shahmoradi, M.
Nilashi, and P. Rashvand, “Diseases diagnosis using
fuzzy logic methods: A systematic and meta-analysis
review,” Comput. Methods Programs Biomed., vol. 161, pp.
145-172, 2018, doi: 10.1016/j.cmpb.2018.04.013.

E. Pourjavad and A. Shahin, “The Application of
Mamdani Fuzzy Inference System in Evaluating Green
Supply Chain Management Performance,” Int. ]. Fuzzy
Syst., vol. 20, no. 3, pp. 901-912, 2018, doi:
10.1007 /s40815-017-0378-y.

Author information

Agung Prayudha Hidayat is an Asistant
Professor in Department of Industrial
Management, IPB University, Indonesia.
He is a PhD Candidate from Graduate
School of Agroindustrial Engineering,
IPB University, Indonesia. His research
interests include the transportation
system and logistics.

Sesar Husen Santosa is an Asistant
Professor in Department of Industrial
Management, IPB University, Indonesia.
He is a PhD Candidate from Graduate
School of Agroindustrial Engineering,
IPB University, Indonesia. His research
interests include Intelligent Production
System.

72

Ridwan Siskandar is an Asistant
Professor in Department of Computer
Engineering, IPB University, Indonesia.
He received the doctoral degree from IPB
University, Indonesia. His research
interests include sensors and embedded
system.

Derry Dardanella is a Lectuirer in
Department of Industrial Management,
IPB University, Indonesia. He received
the master’s degree from IPB University,
Indonesia. His research interests include
System of Industrial Sustainability.

Putro Ferro Ferdinant is an Asistant
Professor in Department of Industrial
Engineering, Universitas Sultan Ageng
Tirtayasa, Indonesia. He is a PhD
Candidate from Graduate School of
Agroindustrial Engineering, IPB
University, Indonesia. His research
interests include Optimization
Modelling and Quality Engineering.



