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ABSTRACT: As an integral part of modern business strategy, the global supply chain that 

helps offset manufacturing capacity limitations. For an efficient global supply chain, the 

material movement needs to be robust and agile: one that is quick, responsive, flexible, and 

reliable. Selection of warehouse strategy usually depends on basic warehouse tasks, structure, 

and size of customer orders, handled logistic units, costs of materials handling sub-processes 

(both financial and time costs), availability of storage space and labor resources, etc. This study 

was conducted to optimize demand and supply of maintenance spares in multi warehouse at 

petrochemical plant’s operation by Fuzzy Logic approach. The fuzzy rule base models 

considered in this study were the Mamdani FIS and Sugeno FIS. Load in WH#2 has dominated 

in overall supply-demand activity, it is about 80%. Based on result analysis, 47.7% has been 

reserved against Plants which location far away from storage location and propose to be 

transferred to nearest warehouse location to plant demands for effectiveness and increase the 

degree of service by 80%. 
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1 INTRODUCTION  

Logistics and material handling, which may be 

described as material movement between 

geographical locations and material movement 

within a warehouse, manufacturing facility, or 

distribution center, respectively, are used to move 

materials in a supply chain. Since the mid-1990s, 

logistics has been thoroughly studied and improved. 

Improvements in computer technology, global 

positioning systems, company adoption of global 

supply chains, and e-commerce have all contributed 

to increased growth in logistics in the last ten years. 

In addition, as logistics improves, the bottleneck 

shifts to material handling, and for a flexible and 

efficient supply chain, both logistics and material 

handling need to be equally efficient (Sankaran, 

2020).  

Globalization, the growth of international 

economies, and the rise of consumerism in 

civilizations all lead to an increase in demand for 

material commodities transportation, movement, 

and logistic handling. It results in the establishment 

of new logistical systems and supply chains, as well 

as the growth and complexity of current ones. As a 

result, new logistics facilities are being built to 

handle a wide range of logistical duties. These 

duties are focused at transforming materials in an 

efficient and effective manner to meet client 

demands (with rationalization of incurred costs at 

the same time). This necessitates the resolution of a 

variety of decision-making difficulties related to the 

design of e-commerce sites (Kłodawski et al., 

2017).  

Basic warehouse duties, structure, and quantity 

of client orders, handled logistic units, costs of 

materials handling in certain sub-processes (both 

financial and time costs), availability of storage 

space and human resources, and so on all influence 

the choice of warehouse strategy (Boza et al., 

2015). As a result, the likelihood of choosing a 

certain approach is influenced by technological and 

organizational variables. As a result, various 

approaches to warehousing strategy selection that 

take into consideration the technologic al and 

organizational variables have emerged. It also 

employs a decision-making tree, which depicts the 

likelihood of selecting following warehouse 

activities (at a given time and warehouse scenario) 

as a result of the decision-making tree (Chopra & 

Meindl, 2013; Wasiak et al., 2019).  

As previously stated, the cost of processing 

cargo units using a warehouse process strategy can 

be represented in both financial and time units. 

Implementation of certain warehouse activities 

consumes money as well as time (correlated with 

human resource engagement, finances freezing, 

infrastructure and superstructure maintenance) 

(Wasiak et al., 2019). 
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For simplicity, several regular jobs are allowed 

on a single work order. Street sweeping, for 

example, is done on a regular basis throughout the 

year. It's a planned expenditure, but it's typically not 

a big one. It's probably not worth the time and effort 

to create a new work order each time you wish to 

clean a roadway. You'd keep track of all labor, 

supplies, and other expenses by work order each 

month, but some orders would remain open all year 

(Major, 2003). 

This study was conducted to optimize demand 

and supply of maintenance spares in multi 

warehouse at petrochemical plant’s operation by 

machine learning approach. The remainder of the 

paper is laid out as follows. This study's research 

technique is described in Section 2. Sections 3 and 4 

present the findings of the observation, as well as 

conclusions and future study prospects. 

2 RELATED WORKS 

A supply chain consists of all parties involved, 

directly or indirectly, in fulfilling a customer 

request. The supply chain includes not only the 

manufacturer and suppliers, but also transporters, 

warehouses, retailers, and even customers 

themselves. Within each organization, such as a 

manufacturer, the supply chain includes all 

functions involved in receiving and filling a 

customer request. These functions include, but are 

not limited to, new product development, 

marketing, operations, distribution, finance, and 

customer service (Chopra & Meindl, 2013). Some 

of the fundamental processes of the supply chain are 

those related to storage (Zuñiga et al., 2020). 

Current trend in the manufacturing sector is to 

make the supply chain more efficient and effective 

since it spans all the activities from material 

extraction stage to dispatching of finished goods. 

Among supply chain functions, the warehouse 

operations play a main role in supply chain 

management since it bounds with the shipment of 

goods from plant to customer while ensuring the 

safety of products (Dharmapriya & Kulatunga, 

2011). (Wasiak et al., 2019) mentioned that flow of 

materials through all kinds of logistics facilities is a 

strictly defined sequence of transformations 

performed on materials. These transformations may 

involve transformations of time, place or form of 

handled materials. 

Enterprise Resource Planning (ERP) systems 

consist of a set of software products which are 

mainly targeted to provide a large diversity of 

enterprises. These systems sustain day to day 

operations, decision making and mechanization, 

streamlining and progress of processes in 

organizations (Boza et al., 2015). ERP system had 

used first by the large manufacturing organizations 

on-premises to manage the raw, in process, and 

finish good material information communication 

(Kenge & Khan, 2020). 

Based on customers’ needs, the warehousing and 

the order picking processes are principal 

components of any supply chain. Studies carried out 

by Henn et al., (2010), show that the order picking 

is one of the most critical processes at an 

operational level within a warehouse, because it 

represents 55–60% of costs; therefore, companies 

are forced to perform this activity in the best 

possible way. Further, those related works motivate 

us to design the solution by this research). 

3 MATERIAL AND METHOD 

Whereas network design decisions determine 

supply chain configuration and provide constraints 

within which other supply chain drivers can be 

employed to reduce supply chain cost or boost 

responsiveness, they have a substantial impact on 

performance. All network design decisions have an 

impact on one another and must be made with this 

in mind. The role of each facility is important 

because it determines the supply chain's flexibility 

in modifying how it fulfills demand (Chopra & 

Meindl, 2013). 

Fuzzy Logic approach to risk mitigation in the 

supply chain has been widely used by researchers, 

such as research conducted by (Asrol et al., 2021; 

Ganguly & Guin, 2013; Samvedi et al., 2013; 

Taylan et al., 2014). However, the application of FL 

is still limited to the risks in the manufacturing and 

construction sectors as research objects and the 

attention is still limited to sectors that are directly 

related to Petrochemical plant. In short, the study of 

FL approach in petrochemical, field focused on the 

optimization of Multiwarehouse, and less study 

were conducted to develop a model to do so. 

Managing of 9 warehouses which scattered to 

accommodate 27 plants in unique strategy approach 

to avoid disruption. This research has goal to 

optimize of spares storage and movement of 

materials base on Maintenance workorder thru 

Machine Learning approach. This framework is 

critical to give the direction and focus on the key 

components that will optimize the utilization of 

time and resources and minimize the efforts (Rocco, 

T. S. & Plakhotnik, M. S., 2009). 

3.1 Independent variables 

Warehouse capacity and existing design has 

been measured to accommodate spares part size and 

utilization. 
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3.2 Dependent variables 

The dependent variable in this research is 

Maintenance workorder. 4 years of requirement 

history which recorded in ERP has been taken to be 

analyzed the requirement of each plant against 

spares that stores in multi warehouse. 

. 

3.3 Hypothesis 

The research starts from the assumption that 

Spares which has been stored in multi warehouses 

weren’t optimize yet, hence deep learning performs 

thru fuzzy logic toolbox for demand and supply 

need to re-analyze and minimized cost by placed 

spares as close as possible  to plant's operation and 

then develop an effective design by reducing or 

eliminate waste 

3.4 Research stages 

Fig. 1 displayed the research flow chart, starting 

from the problem statement until the 

conclusion/report. The research was done to 

complete three objectives. 

 
Fig. 1 Research stage 

 

 

4 RESULTS AND DISCUSSION 

As company needed warehouse has been 

designed to accommodate and support for plants to 

run without any disruption. Till date of research, 

warehouse has been expanded three times and 

scattered into 9 warehouses to keep materials that 

has been procured thru project stage or thru normal 

purchase order for replenishment stock. 

The following are the characteristics of each 

warehouse: 1) A typical mezzanine Warehouses 

have been constructed for 3 warehouses, which are 

considered central and have areas that can hold 

small to heavy-sized spares with a maximum weight 

of 1000 kg. 2) two common warehouses without 

mezzanine which can accommodate small to 

medium-size spares with a maximum weight of 500 

kg. 3) another 4 warehouses were shaded and 

unshaded to keep Cylinder gases, Oil, and heavy 

material with container. 

Work order from each Plants has been extracted 

from ERP as shown in Fig. 2 trend for last three 

years (2018-2020). On the other hand in Fig. 3 

shown the load for each warehouse that also taken 

from same source and as a base research. 

More than 22,000 materials; 144,800 

withdrawals against 36,700 workorder has been 

used for simulation which has Slow to Fast moving. 

Material size from small to heavy also under 
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consideration as variable input as well as 

distance from each plant to every warehouses which 

were 100 m to 4000 m. 

 

Fig 2. Maintenance workorder trend for each plant from 2018-2020 

 

 

Fig. 3. Warehouse workload from 2018-2020 

 

4.1 Fuzzy Inference System Modeling 

Many of the taxonomy's criteria are fuzzy in 

nature. Without a level of ambiguity, for example, it 

is hard to infer that the application is producing 

weariness. To solve this, we decided to create a 

fuzzy logic system with a variable number of inputs 

that would map fuzzy inputs into a crisp result, in 

this instance Warehouse Utilization. The fuzzy 

toolbox supports two types of fuzzy inference 

systems in Fuzzy Logic Toolbox, which is: 

Mamdani fuzzy inference was initially proposed 

as a way for developing a control system by 

synthesizing a collection of linguistic control rules 

gathered from experienced human operators. Each 

rule in a Mamdani system produces a fuzzy set as 

its output. Mamdani systems are well-suited to 

expert system applications where the rules are 

developed from human expert knowledge, such as 

medical diagnostics since their rule bases are more 

intuitive and simpler to comprehend. Each rule's 

output is a fuzzy set formed from the FIS's output 

membership function and implication technique. 

Using the FIS's aggregation approach, these output 

fuzzy sets are merged into a single fuzzy set. Then, 

to compute a final crisp output value, the combined 

output fuzzy set is defuzzified using one of the 

methods described in “Defuzzification Methods” 

(Mamdani, 1974; Mamdani & Assilian, 1999) 

2) Sugeno fuzzy inference, also known as 

Takagi-Sugeno-Kang fuzzy inference, employs 

singleton output membership functions that are 
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either fixed or a linear function of the input values. 

A Sugeno system's defuzzification procedure is 

more computationally efficient than a Mamdani 

system's because it utilizes a weighted average or 

weighted sum of a few data points rather than 

computing the centroid of a two-dimensional region 

(Takagi & Sugeno, 1985). According to (Hamam & 

Georganas, 2008), the general comparison between 

Mamdani and Sugeno FIS model are stated at Table 

1. 

4.2 Variable Input and Output 

In our proof-of-concept model, a five-input, one-

output FIS is employed. We varied the inputs such 

that they fit into as many of the higher-level 

organization's categories as possible (see Fig. 2). 

The features were designed to be as relevant to 

spares storage as feasible near to the facility. Most 

of these characteristics, however, are general. 

The most important distinction between 

Mamdani type FIS and Sugeno type FIS is how the 

crisp output is created from the fuzzy inputs. 

Sugeno FIS utilizes weighted average to compute 

the crisp result, whereas Mamdani FIS uses 

defuzzification of a fuzzy output. As a result, in 

Sugeno FIS, the defuzzification step is bypassed. 

The output has 5 membership functions: WH#1, 

WH#2, WH#3, WH#4, and WH#5. 

 

Table 1 Advantage comparison between Mamdani FIS and Sugeno FIS 

FIS model Advantages 

Mamdani Well-suited to human input 

More interpretable rule base 

Have widespread acceptance 

Expressive power  

Easy formalization and interpretability  

Reasonable results with relatively simple structure  

Intuitive and interpretable nature of the rule base. For this reason, Mamdani FIS is widely used 

for decision support application  

Can be used for both MISO (many input single output) and MIMO (many input man output) 

systems  

Output can either be fuzzy or a crisp output 

Sugeno Work well with linear techniques, such as PID control 

Work well with optimization and adaptive techniques 

Guarantee output surface continuity 

Well-suited to mathematical analysis 

Better processing time since the weighted average replace the time consuming defuzzification 

process  

Computational efficiency and accuracy  

More robust when in presence of noisy input data such as sensor data  

Rules’ consequents can have as many parameters per rule as input values allowing more degrees 

of freedom and more flexibility in the design  

Adequate for functional analysis because of the continuous structure of output function (same 

inputs do not originate substantially different outputs 

 

Each input we have chosen has a unique type of 

membership function, depending on the property of 

the parameter. The five parameters used in the 

model along with their membership functions are: 

1) Distances between warehouse to plant, 2) 

Workorders against material requirement, 3) 

Material movement, 4) Material weight and 5) 

Material size which stores in warehouse. 

Rules were selected according to relationship 

between the parameters chosen by using formula: 

            ∏   
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In order to construct the FIS model depicted in 

Fig. 4, we built up the Input and Output variables 

depicted in the image below (5 variables input and 1 

output). 

In Table 2 given value of each variable and 

linguistic for rules combination setup. Input 1 

(distance to plant) need to normalized due to nearest 

distance should be priority than the far plant (near 

to far) whereas the other four variable shown vice 

versa (bigger to small). Then all parameters fill in 

the variable function and values as shown in Figure 

5-10. 

 
Fig. 4. Fuzzy logic designer 

 

Table 2 Variable value input FIS 

Variable Linguistic Value Numerical Value 

Distances to Plant Near, Medium, Far [0 0 1500],   

[1200 1900 2200],   

[2000 3000 4250] 

Workorder Normal, medium, dominant  [0 0 30],   

[25 42.5 60],  

[50 150 200] 

Movement Fast, medium, slow  [0 0 0.4],   

[0.28 0.55 0.8],   

[0.65 1 1.5] 

Weight Light, Medium, Heavy  [0 0 250],  

[200 375 550],  

[500 1000 2000] 

Size Small, medium, big/large  [0 0 400],  

[300 600 850],  

[750 1000 2500] 
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Fig. 5 Distance graph 

 

Fig. 6 Workorder graph 

 

 

Fig. 7 Movement graph 

 

Fig. 8 Weight graph 

 

 

Fig. 9 Size graph 
 

Fig. 10 Output graph 
To compute the output of this FIS from given 

inputs, we must go through six steps: 1) Creating a 

set of fuzzy rules. 2) Using the input membership 

functions to fuzz the inputs. The goal of this phase 

is to translate the sensor inputs to values ranging 

from 0 to 1. 3) Using the fuzzy rules, combine the 

fuzzified inputs to determine the rule strength. 4) 

Determine the rule's consequence by combining the 

rule's strength and the output membership function. 

5) Combining the outcomes to obtain an output 

distribution. 6) Defuzzification the output 

distribution (required if a crisp output (class) is 

required). 

After we have built up all of the parameters and 

value ranges, we must create 243 fuzzy rules based 

on formula (1) with all of the IF-THEN rules as 

shown below: 

1. If (Distance is Far) and (Workorder is 

Normal) and (Movement is Slow) and 

(Weight is Light) and (Size is Small) then 

(Warehouse is WH_1) (1)  

2. If (Distance is Far) and (Workorder is 

Normal) and (Movement is Slow) and 

(Weight is Light) and (Size is Medium) 

then (Warehouse is WH_1) (1) 

3. If (Distance is Far) and (Workorder is 

Normal) and (Movement is Slow) and 

(Weight is Light) and (Size is Large) then 

(Warehouse is WH_1) (1) 

4. If (Distance is Far) and (Workorder is 

Normal) and (Movement is Slow) and 

(Weight is Medium) and (Size is Small) 

then (Warehouse is WH_1) (1)   

242. If (Distance is Near) and 

(Workorder is Dominant) and (Movement 

is Fast) and (Weight is Heavy) and (Size is 

Medium) then (Warehouse is WH_4) (1) 

243. If (Distance is Near) and 

(Workorder is Dominant) and (Movement 

is Fast) and (Weight is Heavy) and (Size is 

Large) then (Warehouse is WH_5) (1) 
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4.3 Simulation’s result 

We utilized both visual and command-based 

tests to test the system. For visual testing, the fuzzy 

logic toolbox 'rule viewer' was utilized. The rule 

viewer displays which rules have been selected and 

triggered, as well as the effect they have on the 

output. Drag the red line over the input to enter it or 

type it into the text box at the bottom. Table 3 

shown the output result or consequences 

Table 3 Output for Mamdani FIS and Sugeno FIS 

Output Mamdani FIS Sugeno FIS 

WH# 1 4,260 4,291 

WH# 2 11,535 11,506 

WH# 3 3925 3,905 

WH# 4 1,205 1,208 

WH# 5 1,075 1,090 

Total items: 22,000 22,000 

 

Both FIS (Mamdani & Sugeno) result 

recommend to re-arrange material to aim 

effectiveness and optimizing every warehouse. we 

note that Sugeno FIS results are more accurate in 

the sense that they generate closer values to what is 

expected without further process defuzzification. 

In general, though Sugeno FIS values are 

always higher than Mamdani FIS values which 

could be due to the defuzzification process of the 

Mamdani inference system. Another point that can 

be attributed to the defuzzification process is that 

Sugeno FIS results in most cases had higher 

standard deviation values. This denotes that Sugeno 

values are more dynamic to input changes 

4.4 Sensitivity analysis 

Sensitivity analysis has been calculated based 

on time consume of material collection in 

warehouse before and after implementation. 

              
                                   

                                  
       

 

Let: 

avg.distance (before):2,031 m=2.03 km 

avg.distance (after): 1,128 m=1.13 km 

total workorder:36,700 

speed limit:30  km⁄hour 

Result: 

              
               

               
            

 

It shown by implementing it will increase the 

degree of service to the closest Plants by 80% by re-

arrangement of materials which were stored in one 

warehouse (WH# 2) to other 4 warehouse (WH#1, 

WH#2, WH#3 and WH#4). 

Fig. 11, shown the distribution load as 

illustration after implementation of re-arrangement 

material proposal by reducing 47.7% load in WH#2. 

 

 

Fig. 11 The distribution load effectiveness before and after system implementation 
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5 CONCLUSION AND FUTURE 

RESEARCH 

The aim of this research is to evaluate the 

effectiveness on operational warehouses when the 

pick location utilization or storage location 

utilization, change. These effects were evaluated 

based on a detailed simulation model, tailor-made 

for this research. The simulation model was 

developed based on actual warehouse processes and 

data. After the model was verified and validated, 

numerous scenarios were simulated, and the model 

was submitted to a sensitivity analysis. Based on the 

results of these simulation runs, the research 

questions for this research will be answered in 

Section A The limitations of this research are 

pointed out in Section B and Section C indicates 

potential interesting topics for future research. This 

chapter concludes with the conclusion in Section D, 

in which the main research question is answered. 

5.1 Reflection 

This research started with the formulation of the 

main research question which were:  

From data analysis of demand against 

workorder for each plants found that materials have 

been concentrated in one warehouse by 80% and 

affected to overload in it. On the other hand, the 

required Plant need to spend more time travelling to 

collect the materials. By re-arrangement of material 

and distributed against demand to closes plant will 

contribute and speed up the process and more 

efficient and effectiveness by 80%. 

By analyzed demand, warehouse supervisor or 

section head can take decision to maximize existed 

warehouses base on movement and demand to 

closes plant with more efficient. They can distribute 

the load to all warehouses and increase the degree 

of services by avoid long queue in Issuance counter. 

Deep learning by Fuzzy Logic analyses has been 

helping much to easier and more systematic to sort 

materials base on criterion setup. Fuzzy logic is a 

convenient way to map an input space to an output 

space more intuitive approach without the far-

reaching complexity. 

5.2 Limitation 

Although the aim of this research is to approach 

reality as close as possible, some limitations need to 

be considered. 

• Congestion of employees has not been taken 

into consideration. Any additional time due to 

congestion of employees is not calculated and 

not considered. 

• Seasonality and uncertainties in demand are 

ignored. 

The model is only tested with the data of 

company. 

5.3 Conclusion 

This research aims to answer the main research 

question: thru Artificial Intelligent or machine 

learning, we can re-arrange materials base on 

requirement or demand and deliver the services in 

more responsive. Saving time during material 

collection from nearest warehouse to plants. 

5.4 Future Research Recommendation 

This research provides insights in a topic that is 

generally ignored within the literature. Even though 

a lot of insights have been gathered about the 

situation. The research can be extended in multiple 

ways. As there is limited literature on this topic, the 

following aspects seem worthy of further 

exploration 
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