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Abstract — Nowadays, a key concern for all the industries
is to reduce the inventory and inventory driven costs and
maintain them at an optimum level in the supply chain
system. The dynamic nature of the excess stock level and
shortage level in the supply chain system poses a challenge
for efficient inventory management. The complexity of the
problem increases with the inclusion of multiple products
from multiple factories and involvement of more
distribution centers and agents. The supply chain costs can
be significantly reduced by implementing optimal
inventory control methodologies. These techniques control
the inventory in such a way that, the members of the
supply chain will remain unaffected by surplus as well as
shortage of inventory. This paper presents a comparison
between two different optimization techniques and the
results which provide a proof for showing an efficient
algorithm of the two to optimize an inventory system.

I. INTRODUCTION

In today’s competitive business world, companies require
small lead times, low costs and high customer service levels to
survive. So, companies are working to continuously optimize
the processes to reduce the mentioned factors [7].
Organizations that have focused on cycle time as a
productivity measure can reduce delivery time and improve
quality, thereby creating more satisfied customers and
increasing the profit by reducing the costs associated.

Inventory is a part and parcel of every facet of business life.
Without it, no business activity can be performed whether, it
being a service organization like hospitals and banks etc. or
manufacturing or trading organization. Irrespective of specific
organizational setting, inventories are reflected by way of a
conversion process of inputs to outputs depending on the
business goals and needs [10]. Inventory is simply a stock of
physical assets having some economics value, which can be
either in the form of money, labor or material. It can also be
regarded as those goods which are procured, stored and used
for day-to-day or periodic functioning of the organization.
This can usually be in the form of physical resource such as
raw materials, semi-finished goods (work in progress goods),
finished goods, goods for resale, stocks in transit, consignment
stocks and maintenance goods[11].

Most of the management do not like the inventories because
they are like money placed in a drawer, assets tied up in

investments a borrowing cost. Inventories also incur various
other costs like : (i) administrative cost of placing an order,
called reorder cost or set cost; (ii) cost of maintaining an
inventory, called inventory holding cost a carrying cost,
which includes storage charge, interest, insurance, etc., a
(iii) shortage cost is a loss of profit, goodwill, etc., when run
out of stock (iv)ordering cost [12]. All the above should be
optimized for efficient supply chain management. In this paper
our focus is to optimize the cost which comes which the
ordering of goods/stocks from vendor or manufacturer and
cost used to storing of goods. This uses the optimal value of
products which is to be stored to minimize both mentioned
costs. We significantly used firefly and particle swarm
algorithm and compared the results to identify the efficient
way which can be used to optimize the costs for inventory
[13].

I1. PARTICLE SWARM OPTIMIZATION

Particle swarm optimization is originally attributed to
Kennedy and Eberhart. (PSO) is a stochastic population based
evolutionary computational method that optimizes a problem
by improving the solutions in the search space by performing
multiple iterations. It mimics natural phenomena like flock of
birds or school of fish, as shown in figure 1. PSO is a
metaheuristic as it makes few or no assumptions about the
problem being optimized and can search very large spaces of
candidate solutions [1]. However, metaheuristics such as PSO
do not guarantee an optimal solution is ever found. PSO
flowchart is shown in figure 2. Also, PSO does not use the
gradient of the problem being optimized, which means PSO
does not require that the optimization problem be
differentiable as is required by classic optimization methods
such as gradient descent and quasi-newton methods.

Figure 1. PSO algorithm
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Initially, a set of solutions (150 input data points in our
case) are randomly spread across the search space. Then, they
are made to move around in the search space based on
mathematical model over the particle’s(solution) position and
velocity [2]. Here, the particles have memory and keep track
of their personal best position (Py,.s;:) . Moreover, the particle
with best fitness function value will become the global best

( Gbest )

These influence the motion of the particle’s movement and
they are guided towards best known positions in search space,
which are further updated as better positions are found by
other particles. The two components (velocity and position) of
particles need to be updated in each iteration. So, this moves
the swarm towards the best solution. The mathematical model
of PSO for updating velocity equation (1) and equation(2)
is as follows:
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Figure 2. PSO algorithm flowchart

Here,Vf** — velocity of the particle in the next iteration

w — inertia

V! — velocity of the particle in the current iteration
c; — cognitive acceleration coefficient ;

¢, — social acceleration coefficient;

1,1, — random numbers € {0,1};
P} — personal best;
G! — global best;

Xit+1 — Xlt + Vit+1 _ (2)

Where, X[ — Particle position;
X!+t — New particle position.

In Eq (1), first term provides momentum, second term is the
cognitive component which represents personal thinking of the
particle and third term represents social component indicating
collaborating effect [3]. After the position and velocity of the
individual particle in the swarm is updated, the stopping
criteria is checked. If the criteria is met, it stops, otherwise the
next iteration is performed.

There are two types of behavior exhibited by the swarm:

1. Exploratory behavior - searching a broader region of the
search-space (related to personal thinking).

2.Exploitative behavior - a locally oriented search so as to get
closer to a (possibly local) optimum. (related to social
component).

The choice of PSO parameters can have a large impact on
optimization  performance.  These  parameters are
‘w’'c;"and 'c,’. It is observed that, exploration was at the
lowest level when ‘w’ value is low and highest at a higher
value of ‘w’. Similarly, consider the values of 'c;"and 'c,’.
When,’c,” > 'c,, exploitation is at the lowest level and when
‘e, < 'c,, exploitation is at a higher level. PSO algorithm and
its parameters must be chosen to properly balance between
exploration and exploitation to avoid premature
convergence to a local optimum yet still ensure a good rate of
convergence to the optimum [14].

I1l. FIREFLY ALGORITHM

Firefly algorithm (FA) was first developed by Yang in
2007.The firefly algorithm is one of the most efficient bio-
inspired algorithms, which has a strong capability to solve
continuous and discrete optimization problems. It solves
optimization problems based on the flashing patterns and
behavior of fireflies [4]. Fireflies are insects characterized by
their magnificent flashing light produced by a process of
bioluminescence. The main role of such flashes can be
reduced to the following two tasks:

(i) First task is to attract mating partners and the,
(if) second is to remind potential predators of the bitter taste of
fireflies.

The movement of a firefly | is attracted to another more
attractive (brighter) firefly J is determined by equation (3):

2
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Figure 3. FA algorithm flowchart

Where,’B,is the attractiveness at the distance r = 0, and the
second term is due to the attraction. The third term is
randomization with ‘@’ being the randomization parameter
,and 'ef"is a vector of random numbers drawn from a
Gaussian distribution or uniform distribution at time t. If '8, =

0, it becomes a simple random walk.

Figure 3 shows the flowchart that represents the processes
done in the FA algorithm [6]. If the model is analyzed more
precisely, the following can be inferred, (i) If y is very large,
then attractiveness or light intensity decreases too quickly, this
means that the second term in equation (3) becomes
negligible, leading to the standard simulated annealing (SA).
On the other hand, (ii) If y is very small (i.e., y — 0), then the
exponential factor exp (—yizj) — 1.

IV. EXPLANATION OF THE CODE

P1 188 | 138 | 176 | 104 | 153 | 133 | 200 | 189 | 163 | 181

P2 149 | 129 | 117 | 181 | 196 | 173 | 182 | 117 | 188 | 183

P3 147 | 173 | 188 | 182 | 185 | 103 | 120 | 171 | 200 | 154

Table 2. Product Ordering Cost

P1 3|6 |10|2|4|7|3]7]3]|10

P2 8110 4 | 8| 5|55

P3 319 |5 |7|8|8]8

P1 50|34 |84 69|28 |25|55|65| 74|36

P2 84|34 |31|46|78|36|80|64 22|40

P3 57|56 |50 | 79|40 | 54| 22|90 | 41|37

Table 1. Demand for each product

Table 3. Inventory Holding Cost

Table 1, table 2 and table 3 shows the inventory model
considered for optimization. P1, P2 and P3 are three different
products. It shows the product quantities at ten different time
intervals. For implementing the two algorithms for the
inventory model, we made use of MATLAB. The code starts
with giving an option to choose between Firefly algorithm and
Particle Swarm Optimization, according to the user’s wish.

The two decision variables (product quantity and time
horizon) are generated randomly with the given bounds. The
fitness function here is the total inventory cost, and the
objective is to minimize it.

Minl.C=0.C+L.H.C
With decision variables = Product Quantity and Time Interval
where,
I.C — Inventory Cost
0.C — Ordering Cost
I.H.C — Inventory Holding Cost

For simplicity, only the product ordering cost and inventory
holding cost for each product are considered. First, the product
ordering cost is to be calculated, and for this, we need the
ordering cost of each product (which is already defined in the
inventory model) and the order quantity of each product is
required. The ordering quantity is calculated by defining limits
and then randomly generating numbers. This would give the
ordering cost. For the inventory holding cost, the inventory
level at each interval is needed. The current inventory level is
calculated by subtracting the demand from the sum of ordered
product quantity and the inventory at previous stage. So, once
the inventory holding cost and the ordering cost of each
product is determined, the inventory cost is determined for
each particle in the swarm.

The code initially starts by defining the inventory model,
which include parameters like demand for each product,
ordering cost of each product, inventory holding cost of each
product, initial inventory level, volume occupied by each
product in the inventory, maximum quantity of products the
inventory can hold.

For the PSO algorithm, first define parameters like limits
for velocity parameter and particle parameter, the fitness
function, number of decision variables. Then define
parameters needed for the PSO loop like the maximum




number of iterations, constants like

2 ! o7 !
‘w'cy, €2 \Waamp, €tC.

population  size,

Once all the required parameters are defined, the matrices
like position, cost (fitness function value), velocity, etc
required to calculate for each particle in the swarm at each
iteration are initialized to zero. Once all required parameters
are defined and initialized, the PSO loop starts by calculating
the Prest, Grest, Value of fitness function, velocity and position
of each particle in the swarm. Then according to each
particle’s value of the fitness function, the Ppest and Gpest
matrices are updated for each variable. This process is
repeated for a specific number of iterations or until a criterion
is satisfied, and the Gpest value at the end would be the
optimized solution for the system.

The Firefly algorithm employs the same mechanism, except
that at each iteration, unlike the PSO where a lot of parameters
are calculated, only the distance by which a particle should
move toward the on which has a better fitness function value
is determined.

V. RESULTS AND DISCUSSION

The graphs show us the results obtained when the inventory
is optimized using PSO algorithm. Figure 4 shows us the
convergence of the optimal solution as the number of
iterations increase. The optimal solution pretty much appears
after roughly 100 iterations, and it does not change
substantially after that. Figure 5 shows the product quantities
at different intervals after 500 iterations. The graphs show us
the results obtained when the inventory is optimized using FA
algorithm.
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Figure 4. Fitness function (vs) Iteration level for PSO
algorithm
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Figure 5. Product quantity (vs) time intervals for PSO
algorithm

The optimal solution pretty much appears after roughly 100

iterations in this case also (as shown in figure 6), and it does
not change substantially after that. Figure 7 shows the product
quantities at different intervals after 1000 iterations.
From the above obtained results, Firefly algorithm gives better
results that the PSO algorithm. For example, considering the
order quantity graph, in the interval between time 0 and 1, it is
evident that FA gives us a less quantity of product 1 to be
ordered when compared to PSO. This intern reduces the
overall inventory cost.
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Figure 6. Fitness function (vs) Iteration level for FA algorithm
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Figure 7. Product quantity (vs) time intervals for FA
algorithm

VI. CONCLUSION:

This project utilizes two different optimization techniques to
optimize an inventory system and significantly reduce the
costs. Thus, upon comparing the results obtained from both
the algorithms, Firefly algorithm gives a more optimized result
when compared to PSO algorithm. Firefly algorithm has been
introduced recently and it utilizes fewer parameters when
compared to the PSO algorithm. When adding this to the fact
that the math behind the FA algorithm is not complicated, has
higher overall efficiency, this algorithm implementation
becomes a lot easier. The total inventory cost obtained by
optimizing the inventory model considered is shown below:

Particle Swarm Optimization | $ 245,421
Firefly Algorithm $ 240,012
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