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Abstract
This paper explores the optimization of supply chain networks for industrial plants in the manufacturing sector under
a vendor-managed inventory (VMI) policy. It puts more emphasis on the global coordination of multi-plant
warehouses managed by vendors using the VMI policy that use Long Range Wide Area Network (LoRaWAN)
technology, which aims to reduce the network’s total cost and enhance customer service. The problem was initially
developed as a mixed-integer non-linear program (MINLP) model. To achieve better results, the modified firefly
algorithm using exploration and exploitation was employed to solve the problem. The simulation results indicated
that the modified firefly algorithm has better outcomes for optimizing supply chain networks than the standard one.
Additionally, the computational time was reduced using the proposed algorithm. Response surface methodology was
applied to tune the parameters’ algorithms and trained to test the validity of the model. A case study for pipes
manufacturing integrated supply chain is used to demonstrate the efficiency of the model and the solutions obtained
by the firefly algorithm.

Keywords

Firefly Algorithm, Supply Chain Networks, Vendor-Managed Inventory, LoRaWAN Technology

© IEOM Society International
1174

Proceedings of the 5th NA International Conference on Industrial Engineering and Operations Management
Detroit, Michigan, USA, August 9 - 11, 2020

1. Introduction

1.1 Firefly Algorithm for Global Optimization

The firefly algorithm stands out among the best new bio-inspired optimization techniques introduced by Yang (Yang
2010). The firefly algorithm is considered one of the family members of the swarm intelligence algorithm, which has
displayed significant performance in solving optimization issues. The central concept of the firefly algorithm is that
the bioluminescence of insects could be used to communicate. The fireflies’ flashing lights can warn fireflies of
potential predators and attract mating other fireflies. An essential factor in the life of fireflies is their brightness and
other applications. These applications range from warning predators to displaying their attractiveness to other fireflies.
The amount of effectiveness versus predators and attractiveness adds value to others depending on the firefly’s light
intensity, the distance between other insects, and absorption by the atmosphere (Fister et al. 2015). Some
characteristics of flashing lights of fireflies can design a firefly-inspired algorithm effectively by three idealized rules
(Gupta and Padhy 2016; Yang 2010; Yang 2010):
1.
2.
3.

All fireflies are unisex, so one firefly can attract others regardless of the sex.
The quality of solution is based on the brightness of fireflies, which is proportional to the objective function.
A firefly with less brightness will be moved toward the brighter one. Otherwise, it will move randomly if it
is the brighter one.

For example, if firefly J is brighter than firefly I, then, the position after the movement of fireflies will be considered
as follows:
xit+1 = xit + β0 �xjt − xit � + αi εti

(1)

Where β = β0 exp(−ϒr 2 ) is considered as the attractiveness, with β0 indicating the attractiveness at distance r = 0,
while the light absorption coefficient is ϒ. Parameter 𝛆𝛆𝐭𝐭𝐢𝐢 is a vector of arbitrary numbers drawn from a Gaussian or
uniform distribution at time t, and 𝛂𝛂𝐢𝐢 is a parameter controlling the progression measure (step size) which means the
randomization parameter. Note that if β0 is equal to zero, the movement of fireflies walk randomly. Equation (1) is
summarized by the three parameters mentioned above, which are the parameter of randomization, attractiveness, and
the third parameter is the coefficient of absorption. The firefly algorithm identifies two behaviors of asymptote:
•

If ϒ is very large, then the fireflies will be moved randomly according to Equation (1).

•

If ϒ goes to zero, the attractiveness will be constant, which results in 𝛽𝛽 = 𝛽𝛽0 during the search space.

Optimization is a common practice in daily decision making, hence creating a universal aspect of applicability of
optimization as in this study. A rise in interest in biologically-based and evolutionary-based optimization algorithms
has been witnessed in recent decades (Simon 2013). In this paper, we examine how global optimization problems can
be solved using new variations of the biologically optimized algorithms.
Different optimization methods have been formulated to solve diverse and specific problems, and no one optimization
approach can solve all problems. Accordingly, nontraditional optimization methods have also been introduced to solve
complex engineering problems. Most complex engineering problems can be solved by popular and influential
optimization techniques such as, Colony Optimization Algorithm (COA), fuzzy optimization, Genetic Algorithm
(GA), and firefly algorithm (Talbi 2009). In the standard firefly algorithm (FA), there are different kinds of issues.
These issues are light intensity, distance, movement, and attractiveness (Yang 2013). In optimization problems, one
firefly represents a solution; the light intensity of a single firefly is always equivalent to solution quality (Yang, 2013).
The first step is having an initial population of the firefly insects, ergo a random population. The second step is two
fireflies (which means two solutions) are compared, then a firefly that does not shine as bright (a weaker solution)
will always move toward the better solution (the bright firefly). All firefly positions are updated, and the steps are
followed and continued until they are able to finish comparing all fireflies. After creating a new population of fireflies,
the steps are redone on the new population of fireflies that they have created. They continue with this process until
they are satisfied and stop that criterion (Gandomi et al. 2011). Figure 1 shows the Pseudo code of the standard firefly
algorithm.
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Figure 1. Pseudo code of standard firefly algorithm (Yang, 2010)

1.2 Integrating VMI Policy in Manufacturing Systems

In recent research, researchers tended to design integrated logistics and closed-loop supply chain (Govindan et al.
2015). According to Billington (1987), supply chain management is a competitive tool that has the capability of
bringing advantages, which can foster improvement for long and short term operational performance. Due to the
complexity of manufacturing systems, the supply chain approach can be a challenge in failing to match and satisfy all
the demands, especially in situations where the size and location of the industrial plant is not considered, and there is
no warehouse. The existing literature focuses on the investment of radio-frequency identification (RFID) technology
for ordering and holding operations related to the inventory system (Li et al. 2016; Baysan and Ustundag 2013; Wu
et al. 2009; Lee and Lee 2011). Beyond the literature focused on the investment of RFID technology in the inventory
operations (Hung et al. 2016; Zhong et al. 2015), there has been still little research done on optimization of supply
chain networks using LoRaWAN technology in the inventory operations related to manufacturing industries (BenDaya et al. 2019; Karampatzakis et al. 2019).
In this research, we applied the model in a different application using a meta-heuristic algorithm based on firefly
algorithm to solve large-sized problems. Previous literature discussed that vendor used RFID as a perfect technology
to reduce the total network cost. However, we expanded the research by considering LoRaWAN technology as a
perfect technology. Additionally, we applied a modified firefly algorithm to the global optimization of supply chain
networks with VMI in manufacturing systems with LoRaWAN technology investment. VMI is implemented by the
vendor for the whole manufacturing network by combining the location of the storage facility with the allocation of
the entire replenishment policy. The direct-delivery system is applied in industrial plants with no assigned warehouse,
while the VMI policy is used for industrial plants with designated warehouses.
Long Range Wide Area Network (LoRaWAN) technology plays an essential role in minimizing cost of networks
(Beliatis et al. 2018). The use of LoRaWAN in monitoring automated verifications and tracking is said to lead to cost
reduction of both expired and defective items reaching the intended customers (Ogarkov 2019). Since LoRaWAN
technology can reduce the cost, vendors adopt this technology with the aim of reducing the total network cost and
enhancing the network’s profitability (Beliatis et al. 2018). This research is based on the location-inventory problem
with the investment level of LoRaWAN technology in the manufacturing field. The problem is developed as a mixedinteger non-linear program (MINLP) model to reduce the total supply network cost of a VMI supply chain network.
Figure 2 elaborates VMI’s assignment and how manufacturing industries that applied VMI policy using LoRaWAN
technology in the inventory systems can manage the collaboration between manufacturing plants with assigned
warehouses and manufacturing plants without assigned warehouses. Additionally, this study is relatively engaged in
researching inventory problems through the implementation of LoRaWAN technology. The modified firefly
algorithm is employed for large-sized problems and for validation and verification. In addition, large-sized problems
cannot be solved by commercial software; the modified firefly algorithm is used to address them in reasonable run
time as shown in Table 4 . We applied the modified algorithm for small-and medium-sized problems to show the
performance of the proposed algorithm when compared to the standard algorithm.
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Figure 2. Assignment of VMI policy

2. The Modified Version of Firefly Algorithm

The firefly algorithm stands out among the best new bio-inspired optimization techniques. The modified firefly
algorithm is introduced to solve supply network optimization problems. The need for modifying the algorithm is that
the standard firefly algorithm has limitations. We implemented the standard firefly algorithm to compare it with the
new modified version. The modified firefly algorithm is employed and used for validation and verification. The
firefly algorithm is upgraded and can be sketched out in the pseudo-code, as shown in Figure 3. The mathematical
articulation used to improve the movement of the firefly is done in Sababha et al. (2018). See Equation (2):
𝑥𝑥𝑖𝑖+1 = 𝑥𝑥𝑗𝑗 + 𝛽𝛽(𝑡𝑡)(𝑥𝑥𝑖𝑖 − 𝑥𝑥𝑗𝑗 ) + 𝛼𝛼(𝑡𝑡)𝜀𝜀𝑖𝑖

(2)

Where 𝛼𝛼(𝑡𝑡) is the randomness coefficient at time t, 𝜀𝜀𝑖𝑖 is the random number, and 𝛽𝛽(𝑡𝑡) is the attractiveness coefficient
at time 𝑡𝑡. 𝑥𝑥𝑖𝑖 , 𝑥𝑥𝑗𝑗 are the initial random population with less brightness (𝑖𝑖) and more brightness (𝑗𝑗). Sababha et al.
(2018) considered this an exploitation technique represented by the first two terms to demonstrate a superior answer
for the remainder of the operators while exploration procedures are depicted by the last term for inquiry space
exploration in Equation (1). To enhance the precision of the algorithm of extraordinary worth, at that point, their
movements should be focused on. Sababha et al. (2018) showed and expressed the randomness coefficient (α) in
Equation (3) as:
𝑐𝑐
𝐼𝐼𝐼𝐼𝐼𝐼𝑚𝑚𝑚𝑚𝑚𝑚
(3)
� �
𝐼𝐼𝐼𝐼𝐼𝐼𝑚𝑚𝑚𝑚𝑚𝑚 − 𝐼𝐼𝐼𝐼𝐼𝐼𝑖𝑖
C is considered as the whole or integer number to decide the speed of rotting of the irregularity, while 𝐼𝐼𝐼𝐼𝐼𝐼𝑚𝑚𝑚𝑚𝑚𝑚 is
considered as the maximum iteration number, and 𝐼𝐼𝐼𝐼𝐼𝐼𝑖𝑖 is considered as the current number of iterations. In addition,
parameter ϒ is a crucial viewpoint in describing the distinctions of the speed of the assembly and the attractiveness.
The result is that when a steady (c) is connected in taking care of the issues of optimization, the firefly algorithm
execution will be detectably obliged, as done in a customary firefly algorithm. Sababha et al. (2018) showed and
expressed ϒ equation as follows:
𝑐𝑐
𝐼𝐼𝐼𝐼𝐼𝐼𝑚𝑚𝑚𝑚𝑚𝑚
(4)
ϒ(𝐼𝐼𝐼𝐼𝐼𝐼𝑖𝑖 ) = 1 − ex p �1 − �
� �
𝐼𝐼𝐼𝐼𝐼𝐼𝑚𝑚𝑚𝑚𝑚𝑚 − 𝐼𝐼𝐼𝐼𝐼𝐼𝑖𝑖

𝛼𝛼(𝐼𝐼𝐼𝐼𝐼𝐼𝑖𝑖 ) = ex p �1 − �

Because of the modification, the proposed and modified firefly algorithm will not get caught in the neighborhood
extraordinary, and it will heighten the combination speed, improving the arrangement at ideal a superior since there
will be a balance among nearby and worldwide hunt. In the inquiry procedure, two refreshing formulas are clarified,
picked arbitrarily, and introduced in equation (5) as done in Sababha et al. (2018):
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𝛽𝛽(𝑖𝑖)𝑥𝑥𝑖𝑖 + 𝑥𝑥𝑗𝑗 �1 − 𝛽𝛽(𝑖𝑖)� + 𝛼𝛼(𝑖𝑖)𝜀𝜀𝑖𝑖
𝒙𝒙𝒊𝒊+𝟏𝟏 = �𝑁𝑁𝑁𝑁 − 𝑖𝑖
(1 − 𝛿𝛿)𝑥𝑥𝑖𝑖 + 𝛿𝛿𝑥𝑥𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏
𝑁𝑁𝑁𝑁

𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 > 0.5

(5)

𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸ℎ𝑒𝑒𝑒𝑒𝑒𝑒

Parameter δ is considered as the gray coefficient, and NG is considered as the generation number. The fireflies can
secure increasingly valuable data from others and change the bearings of light adaptively. At the last point, the
progression estimation is intended to cause the algorithm to have a balance between exploitation and exploration
procedures and to improve the algorithm on the off chance that the pursuit conditions are in modern and plentiful
space and high terms.

Figure 3. Pseudo code for modified firefly algorithm (Sababha et al. 2018)

3. Problem Statement and Mathematical Formulation
3.1 Problem Definition

VMI policy is implemented by the vendor for the whole manufacturing network by combining the location-inventory
assignment with the allocation of the entire replenishment policy. In this research, we consider the vendor implements
two policies for the supply of goods, direct-delivery policy and VMI policy under demand uncertainty. The role of
the vendor is to be focused on the inventory level to overcome the expected shortage that may occur at the industrial
plants without warehouses. Once shortages occur, the industrial plants with assigned warehouses collaborate with
industrial plants without warehouses under VMI policy. The direct-delivery system is applied in industrial plants with
no assigned warehouse as a non-collaborative strategy, while the VMI policy is used for industrial plants with
designated warehouses as a collaborative strategy. The vendor also applies a direct-delivery policy for the supply of
goods to customers by courier. Parameters, indexes, and decision variables are presented in Table 1. The assumptions
of Mixed Integer Non-Linear Programming (MINLP) Model are as follows:
 It assumed that each industrial plant with assigned warehouse can collaborate with industrial plants without
assigned warehouses.
 The demand of all industrial plants for products is deterministic.
 We used a continuous review policy for VMI policy.
 The direct delivery cost to the manufacturing plants without assigned warehouses will be paid by the sender.
 All manufacturing plants support the same products and apply the VMI policy for their inventories.
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Table 1. Indexes, notations, and decision variables used in this paper
Indexes

Notations

𝒊𝒊, 𝒋𝒋, k, l indices for plants, products, vendors, and
retailers respectively

𝑻𝑻𝑻𝑻𝒊𝒊𝒊𝒊 The cost of transportation of product 𝑗𝑗 delivered to
plant 𝑖𝑖.
𝑶𝑶𝑶𝑶𝒊𝒊𝒊𝒊 The ordering cost per order
𝑽𝑽𝒊𝒊 The volume of item per product i
bigM very large number.
𝑨𝑨𝒉𝒉 The minimum level of LoRaWAN investment to
improve the efficiency of holding at the allocated
warehouse.
𝑨𝑨𝒐𝒐 The minimum level of LoRaWAN investment to
improve the efficiency of ordering at the allocated
warehouse.
µ Exponential for the efficiency of holding.
β Exponential for the efficiency of ordering.
C There is no investment in LoRaWAN technology if
lowest of efficiency of holding is achieved.
F There is no investment in LoRaWAN technology if the
lowest efficiency of ordering is achieved.
G The highest level of efficiency of ordering which is
achieved by 𝐿𝐿𝑜𝑜𝑜𝑜 investment in LoRaWAN technology.
M The highest level of efficiency of holding which is
achieved by 𝐿𝐿ℎ𝑖𝑖 investment in LoRaWAN technology.
𝑺𝑺𝒊𝒊𝒊𝒊 The minimum level of safety stock for product j at
the plant i.
𝑫𝑫𝑘𝑘 The vendor’s demand rate
𝑶𝑶𝑶𝑶𝑙𝑙 The ordering cost of retailer from vendor
𝑻𝑻𝑻𝑻𝑙𝑙 The cost of transportation for orders to retailers

Decisions Variables
𝒁𝒁𝒊𝒊𝒊𝒊 The number of order quantity of product j
delivered to plant i with allocated warehouse.
(𝑵𝑵𝑵𝑵)𝒊𝒊 The number of shipments to plant i with
allocated warehouse.
𝑳𝑳𝒊𝒊𝒊𝒊 Safety stock level at the plant i with allocated
warehouse for j product.
𝑷𝑷𝒅𝒅𝒅𝒅 1 if shipment for vendor is delivered directly to
retailers, otherwise 0
𝑷𝑷𝒘𝒘𝒘𝒘 1 if vendor set a warehouse facility for product,
otherwise 0
𝑳𝑳𝒐𝒐𝒐𝒐 Level of LoRaWAN investment for efficiency of
ordering for plant i with the allocated warehouse.
(𝑶𝑶𝑶𝑶)𝒊𝒊 The degree of the ordering cost is reduced by
LoRaWAN investment 𝐿𝐿𝑜𝑜𝑜𝑜 at the plant i based on
the efficiency of ordering
(𝑯𝑯𝑯𝑯)𝒊𝒊 The degree of the holding cost is reduced by
LoRaWAN investment 𝐿𝐿ℎ𝑖𝑖 at the plant i based on
the efficiency of holding.
𝑲𝑲𝒐𝒐𝒐𝒐 1 if LoRaWAN technology is installed for the
efficiency of ordering at the assigned warehouse.
𝑲𝑲𝒉𝒉𝒉𝒉 1 if LoRaWAN technology is installed for the
efficiency of holding at the assigned warehouse.
𝑳𝑳𝒉𝒉𝒉𝒉 Level of LoRaWAN investment for efficiency of
holding for plant i with the allocated warehouse.
𝑸𝑸𝒌𝒌 Retailer’s order quantity from vendor

3.2 Mathematical Modeling

3.2.1 Mathematical Modeling of Scenario 1
Scenario 1 is the investment of LoRaWAN technology only in ordering operations. The objective function of each
scenario is to minimize cost for a VMI supply network. The objective function of scenario 1 is determined in Equation
(6). All related input parameters are defined in Table 1.
𝑛𝑛

𝑣𝑣

𝑚𝑚

𝑟𝑟

𝑛𝑛

𝑚𝑚

𝑍𝑍𝑖𝑖𝑖𝑖
𝐷𝐷𝑘𝑘
𝑴𝑴𝑴𝑴𝑴𝑴 � �(𝑇𝑇𝑇𝑇𝑖𝑖𝑖𝑖 + 𝑂𝑂𝑂𝑂𝑖𝑖𝑖𝑖 )𝑅𝑅𝑖𝑖𝑖𝑖 𝑃𝑃𝑑𝑑𝑑𝑑 + � �
(𝑇𝑇𝑇𝑇𝑙𝑙 + 𝑂𝑂𝑂𝑂𝑙𝑙 ) + � � 𝐻𝐻𝐻𝐻𝑖𝑖𝑖𝑖 � + 𝐿𝐿𝑖𝑖𝑖𝑖 �
𝑄𝑄𝑘𝑘
2
𝑖𝑖=1 𝑗𝑗=1

S.T

𝑚𝑚

𝑛𝑛

𝑖𝑖=1

𝑖𝑖=1

+ � 𝑆𝑆𝑆𝑆𝑖𝑖 𝑃𝑃𝑤𝑤𝑤𝑤 + � 𝐿𝐿𝑜𝑜𝑜𝑜

��𝑍𝑍𝑖𝑖𝑖𝑖 � 𝑉𝑉𝑖𝑖 ≤ 𝑃𝑃𝑤𝑤𝑤𝑤 𝑆𝑆𝑆𝑆𝑖𝑖
𝑗𝑗=1

𝑘𝑘=1 𝑙𝑙=1

𝑛𝑛

(6)

𝑖𝑖=1 𝑗𝑗=1

𝑓𝑓𝑓𝑓𝑓𝑓 ∀ 𝑖𝑖 = 1,2, … … , 𝑛𝑛 𝑎𝑎𝑎𝑎𝑎𝑎 𝑗𝑗 = 1,2, … . , 𝑚𝑚

(7)
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𝑣𝑣

� 𝑄𝑄𝑘𝑘𝑘𝑘 ≤ 𝑃𝑃𝑤𝑤𝑤𝑤

𝑓𝑓𝑓𝑓𝑓𝑓 ∀ 𝑗𝑗 = 1,2, . . , 𝑚𝑚

𝑘𝑘=1

𝑂𝑂𝑂𝑂𝑖𝑖 = �(𝐺𝐺 + 𝐹𝐹)(1 − 𝑒𝑒 −𝛽𝛽𝐿𝐿𝑜𝑜𝑜𝑜 )�𝑃𝑃𝑤𝑤𝑤𝑤
Loi ≥ K oi Ao

𝑎𝑎𝑎𝑎𝑎𝑎 𝑖𝑖 = 1,2, . . 𝑛𝑛

𝑓𝑓𝑓𝑓𝑓𝑓 ∀ 𝑖𝑖 = 1,2, … . . , 𝑛𝑛

for ∀ i = 1,2, … . , n

(8)

(9)
(10)

𝑍𝑍𝑖𝑖𝑖𝑖 ≤ 𝑃𝑃𝑤𝑤𝑤𝑤

(11)

𝑃𝑃𝑑𝑑𝑑𝑑 + 𝑃𝑃𝑤𝑤𝑤𝑤 = 1 𝑓𝑓𝑓𝑓𝑓𝑓 ∀ 𝑖𝑖 = 1,2, … , 𝑛𝑛

(12)

𝐿𝐿𝑖𝑖𝑖𝑖 = 𝑃𝑃𝑤𝑤𝑤𝑤 𝑆𝑆𝑖𝑖𝑖𝑖

𝑓𝑓𝑓𝑓𝑓𝑓 ∀ 𝑖𝑖 = 1,2, … , 𝑛𝑛 𝑎𝑎𝑎𝑎𝑎𝑎 𝑗𝑗 = 1,2, … , 𝑚𝑚

𝑚𝑚

� 𝑍𝑍𝑖𝑖𝑖𝑖 ≤ 𝐶𝐶𝐶𝐶 𝑇𝑇𝑇𝑇
𝑗𝑗=1

𝑁𝑁𝑁𝑁𝑖𝑖 ≥ 𝑅𝑅𝑖𝑖𝑖𝑖 𝑃𝑃𝑤𝑤𝑤𝑤

𝑓𝑓𝑓𝑓𝑓𝑓 ∀ 𝑖𝑖 = 1,2, … , 𝑛𝑛

𝑓𝑓𝑓𝑓𝑓𝑓 ∀ 𝑖𝑖 = 1,2, . . , 𝑛𝑛

𝐿𝐿𝑜𝑜𝑜𝑜 ≤ 𝐾𝐾𝑜𝑜𝑜𝑜
𝐿𝐿𝑜𝑜𝑜𝑜 ≤ 𝑃𝑃𝑤𝑤𝑤𝑤
𝐾𝐾𝑜𝑜𝑜𝑜 ≤ 𝑃𝑃𝑤𝑤𝑤𝑤

𝑎𝑎𝑎𝑎𝑎𝑎 𝑗𝑗 = 1,2, . . , 𝑚𝑚

𝑓𝑓𝑓𝑓𝑓𝑓 ∀ 𝑖𝑖 = 1,2, … , 𝑛𝑛

(14)
(15)
(16)

𝑓𝑓𝑓𝑓𝑓𝑓 ∀ 𝑖𝑖 = 1,2, … , 𝑛𝑛

(17)

𝑓𝑓𝑓𝑓𝑓𝑓 ∀ 𝑖𝑖 = 1,2, … … . , 𝑛𝑛

(18)

Pdi , Pwi , K oi ∈ [0,1]
𝑍𝑍𝑖𝑖𝑖𝑖 , 𝑁𝑁𝑁𝑁𝑖𝑖 , 𝐿𝐿𝑜𝑜𝑜𝑜 , 𝐿𝐿𝑖𝑖𝑖𝑖 ≥ 0

(13)

𝑓𝑓𝑓𝑓𝑓𝑓 ∀ 𝑖𝑖 = 1,2, … , 𝑛𝑛 𝑎𝑎𝑎𝑎𝑎𝑎 𝑗𝑗 = 1,2, … . , 𝑚𝑚

(19)
(20)

The first term stands for the courier transportation delivery costs per item for all demanded products and each plant
with no designated warehouse. The second term indicates the ordering cost of retailer and the cost of transportation
for orders delivered from vendor to retailer under direct delivery policy. The third term stands for summation of
average order quality and the safety stock level for all the products at each industrial plant with designated warehouses.
The fourth term stands for the sum of total costs of the fixed cost of setting up the warehouses at each industrial plant,
as well as the rental cost for the assigned space by each plant for vendor warehousing purposes. The fifth term stands
for LoRaWAN ordering investment costs for each plant with designated warehouses. See Equation (6).
Equation
(7) indicates that the safety stock level for products and the total size of order quantities per order should be equal to
or less than the designated area for each industrial plant of 𝑖𝑖 with designated warehouse while Equation
(8) indicates that each order of quantity of retailer from vendor should be determined if the vendor set a warehouse
for products at the industrial plant. Equation (9) represents that the level of efficiency of ordering operations can be
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a function of investment level in LoRaWAN technology for ordering operation (𝐿𝐿𝑜𝑜𝑜𝑜 ) 𝐿𝐿𝑂𝑂𝑂𝑂 . A lower value of the
efficiency of ordering operations represents a higher value of efficiency (Billington 1987). Equation (10) states that
the minimum level of investment in LoRaWAN technology to improve the efficiency of ordering operations is greater
than or equal to a minimum level of investment in LoRaWAN for 𝐴𝐴𝑜𝑜 .

A lower value of the efficiency of holding operations represents a higher value of efficiency (Lee 2010). Equation
(11) indicates that each order of quantity for products should be less than or equal to the value of bigM for plant i with
allocated warehouse while equation (12) shows that each plant i could have a warehouse with vendor managed
inventory (VMI) delivery or direct delivery with no allocated warehouse. Equation (13) states that the lower bound
level of safety stock is limited and equal to the minimum value represented by 𝑆𝑆𝑖𝑖𝑖𝑖 for plants 𝑖𝑖 with the allocated
warehouse.
The constraint of the space of the truck is shown in Equation
(14). It states that the total size of order quantities for all products delivered to plant 𝑖𝑖 with allocated warehouses is
less than or equal to the truck’s capacity. Equation (15) is the constraint of demand satisfaction. It states that the total
number of order quantity of product 𝑗𝑗 delivered to the plant 𝑖𝑖 with allocated warehouse is greater than or equal to the
demand of product 𝑗𝑗 of plant 𝑖𝑖 with allocated warehouse. Equation (16) represents the investment level in LoRaWAN
in the efficiency of ordering operations should be less than or equal to bigM value. The maximum value of investment
level in LoRaWAN for ordering at the plant 𝑖𝑖 with allocated warehouse should be less than or equal to the value of
bigM as presented in (17). The minimum investment level in LoRaWAN for improving the efficiency of ordering
operations is applied at the assigned warehouse at the plant 𝑖𝑖 as shown in (18). Equation (19) represents the binary
constraint. All decision variables in the model should be non-negative values for validation, as shown in Equation
(20).
3.2.2 The Mathematical Modeling of Scenario 2
Scenario 2 is the investment of LoRaWAN technology only in holding operations. The objective function of each
scenario is to minimize cost for a VMI supply network. This objective function of scenario 2 is determined in Equation
(21). All related input parameters are defined in Table 1.
𝑛𝑛

𝑚𝑚

𝑣𝑣

𝑟𝑟

𝑀𝑀𝑀𝑀𝑀𝑀 � �(𝑇𝑇𝑇𝑇𝑖𝑖𝑖𝑖 + 𝑂𝑂𝑂𝑂𝑖𝑖𝑖𝑖 )𝑅𝑅𝑖𝑖𝑖𝑖 𝑃𝑃𝑑𝑑𝑑𝑑 + � �
𝑖𝑖=1 𝑗𝑗=1

𝑛𝑛

𝑘𝑘=1 𝑙𝑙=1
𝑛𝑛

+ � 𝑆𝑆𝑆𝑆𝑖𝑖 𝑃𝑃𝑤𝑤𝑤𝑤 + � 𝐿𝐿ℎ𝑖𝑖
𝑖𝑖=1

𝑛𝑛

𝑚𝑚

𝑍𝑍𝑖𝑖𝑖𝑖
𝐷𝐷𝑘𝑘
(𝑇𝑇𝑇𝑇𝑙𝑙 + 𝑂𝑂𝑂𝑂𝑙𝑙 ) + � � 𝐻𝐻𝐻𝐻𝑖𝑖 𝐻𝐻𝐻𝐻𝑖𝑖𝑖𝑖 ( + 𝐿𝐿𝑖𝑖𝑖𝑖 )
2
𝑄𝑄𝑘𝑘
𝑖𝑖=1 𝑗𝑗=1

(21)

𝑖𝑖=1

In addition to constraint
(8) and constraints (10)-(15) of scenario 1, we added constraints (22)-(28) for scenario 2.
𝐻𝐻𝐻𝐻𝑖𝑖 = ((𝑀𝑀 + 𝐶𝐶)(1 − 𝑒𝑒 −𝜇𝜇𝐿𝐿ℎ𝑖𝑖 )) 𝑃𝑃𝑤𝑤𝑤𝑤
𝐿𝐿ℎ𝑖𝑖 ≤ 𝑃𝑃𝑤𝑤𝑤𝑤

𝑓𝑓𝑓𝑓𝑓𝑓 ∀ 𝑖𝑖 = 1,2, … , 𝑛𝑛

𝑓𝑓𝑓𝑓𝑓𝑓 ∀ 𝑖𝑖 = 1,2, … , 𝑛𝑛

𝐿𝐿ℎ𝑖𝑖 ≤ 𝐾𝐾ℎ𝑖𝑖

𝑓𝑓𝑓𝑓𝑓𝑓 ∀ 𝑖𝑖 = 1,2, … , 𝑛𝑛

𝐾𝐾ℎ𝑖𝑖 ≤ 𝑃𝑃𝑤𝑤𝑤𝑤

𝑓𝑓𝑓𝑓𝑓𝑓 ∀ 𝑖𝑖 = 1,2, … , 𝑛𝑛

𝐿𝐿ℎ𝑖𝑖 ≥ 𝐾𝐾ℎ𝑖𝑖 𝐴𝐴ℎ

𝑓𝑓𝑓𝑓𝑓𝑓 ∀ 𝑖𝑖 = 1,2, … … . . , 𝑛𝑛

(22)
(23)
(24)
(25)
(26)
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(27)

𝑃𝑃𝑑𝑑𝑑𝑑 , 𝑃𝑃𝑤𝑤𝑤𝑤 , 𝐾𝐾ℎ𝑖𝑖 ∈ [0,1]

(28)
𝑍𝑍𝑖𝑖𝑖𝑖 , 𝑁𝑁𝑁𝑁𝑖𝑖 , 𝐿𝐿ℎ𝑖𝑖 , 𝐿𝐿𝑖𝑖𝑖𝑖 ≥ 0
𝑓𝑓𝑓𝑓𝑓𝑓 ∀ 𝑖𝑖 = 1,2, … , 𝑛𝑛 𝑎𝑎𝑎𝑎𝑎𝑎 𝑗𝑗 = 1,2, … . , 𝑚𝑚
The first term stands for the courier transportation delivery costs per item for all demanded products and each plant
with no designated warehouse. The second term indicates the ordering cost of retailer and the cost of transportation
for orders delivered from vendor to retailer under direct delivery policy. The third term stands for holding cost per
item of the added average order quality and the safety stock level for all the products at each industrial plant with
designated warehouses. The fourth term stands for the sum of total costs of the fixed cost of setting up the warehouses
at each industrial plant as well as the rental cost for the assigned space by each plant for the vendor’s warehousing
purposes. The fifth term stands for LoRaWAN holding investment costs for each plant with designated warehouses.
See Equation (21)
Equation (22) represents that the level of efficiency of ordering operations can be a function of investment level in
LoRaWAN technology for ordering operation (𝐿𝐿ℎ𝑖𝑖 ) 𝐿𝐿ℎ𝑖𝑖 . Equation (23) shows that the maximum value of investment
level in LoRaWAN technology for holding operations at plant 𝑖𝑖 with allocated warehouse is less than or equal to the
value of bigM. The investment level in LoRaWAN in the efficiency of holding is equal to or less than bigM value as
shown in (24). Equation (25) indicates that the minimum investment level in LoRaWAN for improving the efficiency
of holding is applied at the allocated warehouse at plant 𝑖𝑖. Equation (26) represents the constraint of the minimum
level investment in LoRaWAN technology in holding operations. The minimum investment level in LoRaWAN
technology to improve the efficiency of holding is equal to or greater than minimum level investment in LoRaWAN
of 𝐴𝐴ℎ . See equation (26). Equation (27) represents the binary constraint. All decision variables in the model should
be non-negative values for validation, as shown in Equation (28).
3.2.3 Mathematical Modeling of Scenario 3
Since the aim of the study is to reduce cost, the first term stands for the courier transportation delivery costs per item
for all demanded products and each plant with no designated warehouse. The second term indicates the ordering cost
of retailer and the cost of transportation for orders delivered from vendor to retailer under direct delivery policy. The
third term stands for holding cost per item of the added average order quality and the safety stock level for all the
products at each industrial plant with designated warehouses. The fourth term stands for the sum of total costs of the
fixed cost of setting up the warehouses at each industrial plant as well as the rental cost for the assigned space by each
plant for the vendor’s warehousing purposes. The fifth and sixth terms stand for LoRaWAN holding and ordering
investment costs for each plant with designated warehouses. See Equation
(29).
𝑛𝑛

𝑚𝑚

𝑣𝑣

𝑟𝑟

𝐌𝐌𝐌𝐌𝐌𝐌 � �(𝑇𝑇𝑇𝑇𝑖𝑖𝑖𝑖 + 𝑂𝑂𝑂𝑂𝑖𝑖𝑖𝑖 )𝑅𝑅𝑖𝑖𝑖𝑖 𝑃𝑃𝑑𝑑𝑑𝑑 + � �
𝑖𝑖=1 𝑗𝑗=1

𝑛𝑛

𝑘𝑘=1 𝑙𝑙=1

𝑛𝑛

𝑛𝑛

𝑛𝑛

𝑖𝑖=1

𝑖𝑖=1

+ �(𝑆𝑆𝑆𝑆𝑖𝑖 + 𝑆𝑆𝑆𝑆𝑖𝑖 𝑅𝑅𝑅𝑅𝑖𝑖 )𝑃𝑃𝑤𝑤𝑤𝑤 + � 𝐿𝐿ℎ𝑖𝑖 + � 𝐿𝐿𝑜𝑜𝑜𝑜
𝑖𝑖=1

𝑚𝑚

𝑍𝑍𝑖𝑖𝑖𝑖
𝐷𝐷𝑘𝑘
(𝑇𝑇𝑇𝑇𝑙𝑙 + 𝑂𝑂𝑂𝑂𝑙𝑙 ) + � � 𝐻𝐻𝐻𝐻𝑖𝑖 𝐻𝐻𝐻𝐻𝑖𝑖𝑖𝑖 ( + 𝐿𝐿𝑖𝑖𝑖𝑖 )
𝑄𝑄𝑘𝑘
2

(29)

𝑖𝑖=1 𝑗𝑗=1

The constraints of scenario 3 are the constraints of scenario 1 and scenario 2, which are indicated by Equations
(7)-(20) and Equations (22)-(28).

4. Case Study: Pipe Manufacturing Integrated Supply Chain

A case study for pipe manufacturing integrated supply chain is used to demonstrate the efficiency of the model and
the solutions obtained by firefly algorithm. This pipe manufacturing company produces three different types of pipes
with different sizes: Glass Reinforced Plastic pipes (GRP), Glass Reinforced Epoxy pipes (GRE), and Reinforced
Concrete pipes (RC), see Figure 4.
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Figure 4. Types of pipes produced by the company
The main objective is to reduce the total cost of supply chain networks. The supply chain proposed for this case study
is presented in Figure 5. The supply chain consists of a vendor warehouse with four suppliers, two manufacturing
plants with assigned warehouses, and two manufacturing plants with no assigned warehouses. The manufacturing
plants with assigned warehouses would share their existing capacities with the manufacturing plants with no assigned
warehouses to reduce the costs associated with the inventory.

Figure 5. Supply chain for the case study
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5. Results and Discussions

In this paper, we demonstrated the efficiency of the new modified firefly algorithm by comparing this modified FA
with the standard firefly algorithm. We used two performance measures to exhibit the efficiency of the modified
firefly algorithm. Table 2 represents the comparison between the standard firefly algorithm and the modified firefly
algorithm that were used in this research. The proposed firefly algorithm looks through additional pursuit space.
Thus, it could acquire progressively feasible solutions. In this paper, we set 𝛽𝛽0 = 1; 𝛼𝛼 = 0.5; 𝑎𝑎𝑎𝑎𝑎𝑎 ϒ = 1 as in
(Sababha et al. 2018). We used MATLAB R2019a software to solve the problem. Table 2 represents the performance
of the modified algorithm. In this paper, we considered the best solution as the cheaper cost based on running the
minimization problem. It also represents the best solution found by the modified FA we applied. Moreover, the
optimal solution is found. S1, S2, S3, M1, M2, M3, L1, L2, and L3, as shown in Table 2, represent small-sized
problems for scenario 1, which is bounded by two plants and three items; small-sized problems for scenario 2, which
is bounded by two plants and three items; small-sized problems for scenario 3, which is bounded by two plants and
three items; medium-sized problems for scenario 1, which is bounded by three plants and three items; medium-sized
problems for scenario 2, which is bounded by three plants and three items; medium-sized problems for scenario 3,
which is bounded by three plants and three items; large-sized problems for scenario 1, which is bounded by eight
plants and three items; large-sized problems for scenario 2, which is bounded by eight plants and three items; largesized problems for scenario 3, which is bounded by eight plants and three items.
Table 2. The performance of the modified firefly algorithm
Standard Firefly Algorithm

Modified Firefly Algorithm

Problems
Iterations
SCENARIO3 – S3
SCENARIO2 – S2
SCENARIO1 – S1
SCENARIO3 – M3
SCENARIO2 – M2
SCENARIO1 – M1
SCENARIO3 – L3
SCENARIO2 – L2
SCENARIO1 – L1

35
48
53
77
94
105
112
153
221

Best Solutions
3,151,172
4,275,397
5,634,126
7,433,533
8,748,017
9,675,020
10,721,571
11,248,113
13,953,899

CPU
Time
37.23
39.61
45.20
51.62
167.31
389.43
672.74
927.43
1228.79

Iterations
25
31
45
43
59
67
75
94
154

Best Solutions
2,001,259
3,109,224
4.445,375
6,526,987
7,153,188
8,394,010
9,710,824
10,232,390
11,951,404

Improvement
(%)

CPU Time

Based on Best
Solutions

34.85
36.46
41.09
46.91
145.48
309.78
565.23
750.76
1122.66

36.49 %
27.27 %
21.10 %
12.20 %
18.23 %
13.24 %
9.43 %
9.03 %
14.35 %

As compared to the standard firefly algorithm, the modified FA performs more efficiently compared to the standard
firefly algorithm with a significant reduction of best solution by 14.35% for large-sized problems of scenario 1, 9.03%
for large-sized problems of scenario 2, and approximately 9.43% for large-sized problems of scenario 3. See Figure
6.
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Best Sol. for FA & Modified FA - Large-sized problems
16,000,000

Best Solution

14,000,000
12,000,000
10,000,000
8,000,000
6,000,000
4,000,000
2,000,000
0

SCENARIO3 - L3

BEST SOLUTION (Standard Firefly)

SCENARIO2 - L2

SCENARIO1 - L1

BEST SOLUTION (Modified Firefly)

Figure 6. The best solution of standard FA & modified FA based on large-sized problems
In addition, the computational time was reduced based on the modified firefly algorithm performance by 8.64% for
large-sized problems of scenario 1, 19.05% for large-sized problems of scenario 2, and approximately 15.98% for
large-sized problems of scenario 3, as shown in Table 2. This indicates that the proposed algorithm is more efficient
compared to the standard firefly algorithm. The computational time between the standard firefly algorithm and the
modified firefly algorithm for different problem sizes is reduced, which indicates the better solution for modified FA,
as shown in Figure 7.

CPU

1400
1200
1000
800
600
400
200
0

CPU Time for FA & Modified FA

CPU (Standard Firefly)

CPU (Modified Firefly)

Figure 7. The computational time between the Modified FA and standard FA
We applied response surface methodology (RSM), which can approximate the behavior of the system, to tune the
parameters of algorithms. The optimal values of parameters’ algorithms are shown in Table 3. We also trained RSM,
which is trained upon a design of experiment (DOE), based on four algorithms: statistical models (Kriging), advanced
models (Radial Basis Functions), and classical model (stepwise regression & Polynomial singular value
decomposition), see Table 4. Table 4 shows that the best value of the selected validation criterion is represented by
the green row (Stepwise regression model) based on five performance indexes including mean absolute error, mean
relative error, mean normalized error, R-Squared, and Akaike information criterion.
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Table 3. The optimal values of parameters’ algorithms

Large

Small

Problem
1
2
3
4
5
1
2
3
4
5

No.
Population

73.94
72.93
71.72
80.00
100.00
123.44
110.10
130.10
120.40
150.60

Standard FA
β
ϒ
10.60
10.60
10.96
10.60
10.92
11.60
10.60
11.60
10.60
10.60

11.37
10.60
11.60
11.60
11.60
11.60
11.60
10.60
10.60
10.60

α

10.70
10.69
10.70
10.70
10.70
10.77
10.71
10.80
10.72
10.67

No.
Population

30.00
30.00
30.00
29.10
35.00
40.86
39.95
39.74
40.45
44.95

Modified FA
β
ϒ
10.50
10.50
10.50
10.50
10.73
11.60
11.60
11.60
11.27
11.60

Table 4. Model training using RSM algorithms

11.50
10.50
10.50
10.50
11.50
11.60
11.60
10.60
10.92
10.60

α

10.55
10.52
10.60
10.51
10.60
10.68
10.68
10.64
10.72
10.66

Run
Time

21.60
23.60
25.60
26.60
40.60
121.10
151.10
172.60
219.10
283.10

5. Conclusion

In this research, the problem was formulated as a mixed-integer non-linear programming (MINLP) model. For large
problem sizes, the standard firefly algorithm was running; however, in the end we faced an issue that solutions do not
enhance anymore. Thus, the proposed algorithm was applied to solve this issue based on the balance between
exploitation and exploration. In this research, we developed the model for the deterministic approach considering the
demand is deterministic. Further research can be extended to develop a model for a stochastic approach considering
the demand is stochastic. The impact of the parameter setting of the modified algorithms could be determined by
further studies.
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