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Abstract

This paper proposes a novel optimization algorithm inspired by human behavior in the shopping center called the
Mall optimization algorithm (MALL), to solve challenging optimization problems. The MALL mimics the behavior
of human factors present in a shopping mall including distributors of goods and services, sellers with non-commercial
interests, new investors (from the group of sellers), and buyers and tourists (from the group of customers), each
with specific behavior. The algorithm is evaluated on thirty well-known benchmark functions and ten challenging
functions from CEC-C06 2019. The findings are compared with Genetic Algorithm (GA), Particle Swarm Optimization
(PSO), Simulated Annealing (SA), and Teaching Learning Based Optimization (TLBO). The results indicate that
the MALL algorithm can provide highly competitive results compared to these expert meta-heuristic algorithms.
Statistical analysis confirms the performance of local optima avoidance, exploration, exploitation, and convergence of
this proposed algorithm. This article also addresses solving the known problem of supply chain management called
the PLOT (Production, Logistics, Outbound, Transportation) system. Experimental results show that the proposed
algorithm can be used to solve challenging problems with unknown search spaces.

Keywords: Optimization, Metaheuristics, Swarm-intelligence, human behavior-related algorithms, Supply chain
management
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1 Introduction

Usually, solving mathematical and engineering problems requires significant resources. These resources can be
powerful computers or a long time to achieve optimal results. This solving duration is challenging when the time to
solve the problem increases exponentially with the enhancement of the number of variables. In such cases, managers
instead of the most accurate solution with a long solving time, accept a near-optimal solution with a short solving
time and use metaheuristic optimization techniques.
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This has led to the popularity of metaheuristic methods among sciences and different fields. The main reason for
this popularity is the simplicity of algorithms and their flexibility against of all kinds of problems. Also, metaheuristic
algorithms operate regardless of the type of problem, do not interfere with the problems, do not need derivative, and
also avoid local optimization points. All of these characteristics indicate that metaheuristic algorithms are fast tools
that deliver near-optimal responses with acceptable accuracy, high precision and ease of use [? ].

Metaheuristic algorithms have a systematic behavior that they optimize by generating random solutions. This,
along with preventing early convergence, avoiding the local trap, and having a separate performance from the problem
itself, causes it to act as a black box and to have a response by creating a balance between exploration and exploitation,
and searching effectively and efficiently in the search space. The exploration phase seeks a good solution in the search
space, which is also called global search or random search. This leads to diversification of searches and avoids the
local optimal trap. However, in the exploitation phase, we want to modify the solution and avoid large steps in the
solution space with the hope of achieving a more optimal solution. This stage is called local search or intensification
7, 1),

Here we have to introduce the “no-free lunch theorems” for optimization. In these theories, it has been proven that,
logically, no metaheuristic algorithm can optimize all the problems properly. This means that a specific metaheuristic
may provide promising solutions to a set of problems, but the same algorithm performs poorly on other problems [97].
Consequently, each metaheuristic algorithm can have a unique feature for itself. these theorems have caused studies on
new metaheuristic algorithms to develop significantly. This motivated us to study a new metaheuristic optimization
algorithm inspired by shopping malls.

Researchers pay a lot of attention to the features of metaheuristic algorithms and classify them based on these
characteristics. This classification can be based on the number of solutions (based on single or multiple solutions),
memory status, neighborhood structure, dynamic or static fitting function, inspired by nature, population-based, or
the behavior of algorithms[29] [14} [2]. Algorithms are divided into evolutionary algorithms, swarm intelligence, physic
base algorithms, and human behavior-related algorithms classes based on the characteristics of their behavior.

Some algorithms are purely inspired by human behavior. Purity here means that the behavior of the algorithm is
different from other classes, including swarm intelligence, and follows only human behavior. Humans have their
ways of performing activities and are always growing and learning, and such algorithms are based on social or
emotional behaviors, competition, education, and learning [90]. The well-known algorithms of this class are the
Teaching—Learning-Based Optimization algorithm (TLBO) [77], Brain Storm Optimization (BSO) [86], and League
Championship Algorithm (LCA) [48].

Further, Section 2 presents a literature review of metaheuristic algorithms. Section 3 describes the proposed
MALL algorithm. The discussion and experimental results regarding the benchmark functions and the application of
the algorithm in a real problem are presented in sections 4 and 5, and finally, in section 6, the results of this research
and suggestions for future studies are presented.

2 literature review

One of the most basic classifications of metaheuristic algorithms is based on the number of solutions produced
at one time. In this type of classification, algorithms are divided into two categories: single-solution algorithms and
population-based algorithms. 'Single-solution" algorithms are also known as "trajectory methods," which, at any
time, with local search and using a selected solution, try to improve this answer in its neighborhood [16, 92]. The
most famous single-solution algorithms such as: Simulated Annealing (SA) [54, [I7], Tabu search (TS) [40], Iterated
Local Search (ILS) [58], Guided Local Search (GLS) [94], Greedy Randomized Adaptive Search Procedures (GRASP)
[34, 35] and Variable Neighborhood Search (VNS) [63, [64]. On the other hand, Population-based algorithms are
usually distinguished by their behavior, which can be categorized into four primary types: evolutionary algorithms,
swarm intelligence, physic-base algorithms, and human behavior-related algorithms.

Evolutionary algorithms take inspiration from the natural process of evolution. The Genetic Algorithm (GA), is one
of the most well-known algorithms introduced by Holland [44], is a prominent example of this type of algorithm that
is based on the principles of Darwinian evolution. Some other evolutionary algorithms include Genetic programming
(GP) [55], Evolutionary Programming (EP) [I03], Differential Evolution (DE) [89], Evolution Strategy (ES) [0
A1), Differential Search (DS) [I8], Backtracking Search optimization Algorithm (BSA) [19], Biogeographical-Based
Optimization (BBO) [88], Stochastic Fractal Search (SFS) [83], Synergistic fibroblast optimization (SFO) [26].

Another type of algorithm is based on physics which imitates Laws of Physics. Some of the most well-known
of them include: Gravitational Search Algorithm (GSA) [78], Gravitational Local Search Algorithm (GLSA) [96],
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Charged system search (CSS) [52], Galaxy-based search algorithm (GbSA) [85], Big bang-big crunch (BBBC) [32],
Artificial Chemical Reaction Optimization Algorithm (ACROA) [6], Electro-Magnetism Optimization (EMO) [20],
Electro-Search algorithm (ES) [91], Black Hole (BH) [43], Thermal exchange optimization (TEO) [50], Small-world
optimization algorithm (SWOA) [30], Ray Optimization (RO) [51], Find-Fix-Finish-Exploit-Analyze (F3EA) [49] and
Curved space optimization (CSO) [65].

For example, the F3EA algorithm tries to imitate targeting and shooting used in battle, a process during which
suitable targets or facilities are selected for destruction. In the process of targeting, the category of goals or resources
that the enemy cannot lose and that appear to produce a desirable outcome for achieving the goals is analyzed and
prioritized. The algorithm initially identifies targets, including people, locations, and elements, then identifies the
exact location of the target on the battlefield and tracks it to shoot the target at the next stage. Further information
is collected from the target area, and the level of target sensitivity and damage caused are extracted. Finally, the
results of the attacks are analyzed. The algorithm is designed based on this approach, imitating the targeting cycle
presented by General McChrystal in the Iraq and Afghanistan wars [36] 49].

The third class is metaheuristic algorithms based on swarm intelligence, which is inspired by the behavior of groups,
flocks, herds, and colonies in nature, and the search factors, apart from individual operators, are also dependent on
their collective experience. The most popular swarm intelligence algorithm is the particle swarm optimization (PSO),
which was developed with inspiration from the social behavior of birds [53]. Another one of the most used algorithms
in this class is ant colony optimization (ACO), in which, based on social behavior, ants find the shortest path between
nest and food [I5]. The most well-known metaheuristic algorithms of this class include Artificial bee colony (ABC)
[13], Wasp Swarm Optimization (WSO) [73], Marriage in honey Bees Optimization (MBO) [I], Bee Collecting Pollen
Algorithm (BCPA) [59], Butterfly optimization algorithm (BOA) [§], Fruit fly Optimization Algorithm (FOA) [72],
Termite Algorithm (TA) [82], Firefly Algorithm (FA) [99], Bat Algorithm (BA) [100], Dolphin Partner Optimization
(DPO) [87], Krill Herd (KH) [37], Fast Artificial Fish Swarm Algorithm (FAFSA) [12], Monkey search (MS) [70],
Cuckoo Search (CS) [102], Bird Mating Optimizer (BMO) [10], Harmony Search (HS) [57], Grenade Explosion Method
(GEM) [5], Emperor Penguins Colony (EPC) [42], Emperor Penguin Optimizer (EPO) [25], Squirrel Search Algorithm
(SSA) [46], Spotted Hyena Optimizer (SHO) [24] and Salp Swarm Algorithm (SSA) [61].

For example, the Ant Colony Optimization (ACO) presented by Marco Dorigo et al. was an imitation of an ant
colony. By observing the social behavior of the ant, they realized that instead of focusing on individual survival,
it focused on the survival of the colony. It also chooses the shortest route to transport food to the nest. Ants first
randomly discover the surroundings of their nest and leave a trail of pheromones on the ground as they move. Ants feel
the smell of pheromone, and when choosing a path, they choose the path with the highest concentration of pheromone
smell. As soon as the ant finds food, it evaluates the quantity and quality of the food and takes some of it to the
nest. During the return trip, the amount of pheromone that the ant leaves on the ground depends on the quantity
and quality of the food. Pheromone trails guide other ants to the food source. Also, pheromone evaporation prevents
ants from being caught in the optimal trap [15] [28].

The last group of behavioral classifications of metaheuristic algorithms are algorithms related to human behavior.
In this class, algorithm design has addressed human social behavior or emotional conflicts, education and learning, and
even human competition. Social cognitive optimization algorithm (SCOA) [21I] and Social-Based Algorithm (SBA)
[75] are imitations of human social-emotional behavior, or League championship algorithm (LCA) [48] and Volleyball
Premier League algorithm (VPL) [66] Developed based on human competition. Also, Teaching—learning-based op-
timization (TLBO) [77] originated from the learning process. Other algorithms designed based on human behavior
include Human-inspired algorithms (HIA) [I04], Brain Storm Optimization algorithm (BSO) [86], Anarchic Society
Optimization (ASO) [4], Soccer League Competition algorithm (SLC) [69], Exchange Market Algorithm (EMA) [39],
Cultural algorithms (CA) [8I], Group Counseling Optimization (GCO) [31], Jaya Algorithm (Jaya) [76], Human
behavior-based optimization (HBBO) [3], Society and Civilization Algorithm (SCA) [719], Seeker Optimization Algo-
rithm (SOA) [22], Imperialist Competitive Algorithm (ICA) [I1], Election campaign optimization algorithm (ECO)
[60], Social Emotional Optimization Algorithm (SEOA) [98], Cohort intelligence (CI) [56], Passing vehicle search
(PVS) [84], Football game inspired algorithm (FGA) [33], Dynastic Optimization Algorithm (DOA) [95], Human ur-
banization algorithm (HUA) [38], Heap-based Optimizer (HBO) [9], social ski-driver (SSD) [93] and Gaining-sharing
knowledge based algorithm (GSK) [67].

For example, the "Gaining-sharing knowledge-based algorithm" (GSK) is designed based on the philosophy of
acquiring and sharing knowledge throughout human life. At the beginning of birth, humans are in contact with a
small population, such as family, relatives, and neighbors, and acquire or share their knowledge through them. At this
stage, although a person has very little experience but is interested in passing their information to others, including
people outside their communication network, they do not have sufficient competence to diagnose and classify good
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and bad. On the other hand, during adulthood, due to interaction with larger networks of people, knowledge increases
through personal experience, learning from the experiences of others, or imitating them. This means that at this stage,
each person acquires a high ability to judge, think, and classify different people into good, bad, and average classes.
This algorithm uses this logic to find an optimal solution [67].

In research papers related to literature are listed alphabetically. As can be seen, many optimization
techniques have been developed based on human behavior. However, the general buying and selling behavior of
humans is less concerned. This motivates us to develop a new algorithm based on human behavior in the shopping
mall center. In the following, its ability and effectiveness are discussed.

Table 1: A review of past published literature.

Algorithm References  SJ*[ PH¥| P 5|
Anarchic Society Optimization (ASO) 4] v v
Ant Colony Optimization (ACO) 15] v v
Artificial bee colony (ABC) 13| v v
Artificial Chemical Reaction Optimization Algorithm (ACROA) 16] v v
Backtracking Search optimization Algorithm (BSA) 19] v v

Bat Algorithm (BA) 99] v v

Bee Collecting Pollen Algorithm (BCPA) 59] v v

big bang—big crunch (BBBC) 32] v v
Biogeography-based optimization (BBO) 38 v v

Bird Mating Optimizer (BMO) 10 v v
Black Hole (BH) 43 v v

Brain Storm Optimization algorithm (BSO) 36) v v
Butterfly optimization algorithm (BOA) 18] v v
Charged system search (CSS) 52] v v

Cohort intelligence (CI) 56] v v
Cuckoo Search (CS) [102] v v
Cultural algorithms (CA) 81} v v v
Curved space optimization (CSO) 65] v v

Differential Evolution (DE) 89] v v

Differential Search (DS) 18] v v

Dolphin Partner Optimization (DPO) ]7] v v
Dynastic Optimization Algorithm (DOA) 95] v v
Election campaign optimization algorithm (ECO) 60] v v
electro-magnetism optimization (EMO) 20] v v
Electro-Search algorithm (ES) 91] v v

Emperor Penguin Optimizer (EPO) 25] v v
Emperor Penguins Colony (EPC) 42] v v

* SS: Single Solution, PB: Population Base, Ev: Evolutionary, Ph: Physical, SI: Swarm intelligence, HB: Human Behavior

3 Mall optimization algorithm (MALL)

In this section, the basis of the algorithm’s inspiration from the shopping mall is discussed first, and then its
mathematical model is presented.

3.1 Basis and inspiration

A shopping center or mall is a large, indoor commercial and administrative building that is full of many shops,
stores, entertainment centers, and service centers. Successful shopping malls, in addition to large stores, include
specialized markets and festivals, play and entertainment centers, and even libraries, movie and theater centers, and
other service centers. The main agents in the mall are customers and sellers, whose objectives are classified according

to [Fig. 1}

Sellers in the mall are offering their products or services in tight competition. Sellers’ behavior is generally greedy,
and they choose the best places to sell products. Meanwhile, some sellers choose the worst points due to the type of
activity or non-commercial goals and interests. Also, some sellers are looking for investment opportunities. Here, the
set of sellers who have chosen the best and worst places are referred to as selected sellers, and those who are looking
for investment opportunities are called new investors.

Generally, customers are looking to buy goods, receive services, rest, enjoy entertainment, and even eat food. From
this perspective, customers are divided into two major categories: buyers and tourists. Buyers are usually looking for



Mall optimization algorithm (MALL)

Table 1: A review of past published literature (Continue).

Algorithm References  S5*| Pl
Evolution Strategy (ES) [80) 41] v v

Evolutionary Programming (EP) [103] v v

Exchange Market Algorithm (EMA) 39] v v
Fast Artificial Fish Swarm Algorithm (FAFSA) 12] v v
Find-Fix-Finish-Exploit-Analyze (F3EA) 49] v v

Firefly Algorithm (FA) (Yang, 2010a) 99] v v
Football game inspired algorithm (FGA) 33] v v
Fruit fly Optimization Algorithm (FOA) 2] v v
Gaining-sharing knowledge based algorithm (GSK) 67] v v
Galaxy-based search algorithm (GbSA) 35] v v

Genetic algorithms (GA) 44] v v

Genetic programming (GP) 55] v v

Gravitational Local Search Algorithm (GLSA) 96| v v
Gravitational Search Algorithm (GAS) 78] v v

Greedy Randomized Adaptive Search Procedure (GRASP) [34] 135] v

Grenade Explosion Method (GEM) 5 v v
Group Counseling Optimization (GCO) 31] v v
Guided Local Search (GLS) 94] v

Harmony Search (HS) 57] v v
Heap-based Optimizer (HBO) 9] v v
Human behavior-based optimization (HBBO) 3 v v
Human urbanization algorithm (HUA) 138] v v
Human-inspired algorithms (HIA) [104] v v
Imperialist Competitive Algorithm (ICA) 11] v v
Iterated Local Search (ILS) 58] v

Jaya Algorithm (Jaya) 76] v v
Krill Herd (KH) 37) v v
League championship algorithm (LCA) 48] v v
Marriage in honey Bees Optimization (MBO) 1] v v
Monkey search (MS) 70] v v
Particle swarm optimization (PSO) 53] v v
Passing vehicle search (PVS) 34] v v
Ray Optimization (RO) 51] v v

Salp Swarm Algorithm (SSA) 61] v v
Seeker Optimization Algorithm (SOA) 22] v v
Simulated Annealing (SA) 541 17] v v

Small-world optimization algorithm (SWOA) 30] v v

Soccer League Competition algorithm (SLC) 69] v v
Social cognitive optimization algorithm (SCOA) 21] v v
Social Emotional Optimization Algorithm (SEOA) 98] v v
social ski-driver (SSD) 93] v v
Social-Based Algorithm (SBA) 5] v v
Society and Civilization Algorithm (SCA) 79] v v
Spotted Hyena Optimizer (SHO) 24 v v
Squirrel Search Algorithm (SSA) 46] v v
Stochastic fractal search (SFS) 83) v v

Synergistic fibroblast optimization (SFO) 26) v v

Tabu Search (TS) 40] v

Teaching—learning-based optimization (TLBO) 7] v v
Termite Algorithm (TA) 82] v v
thermal exchange optimization (TEO) 50] v v

Variable Neighborhood Search (VNS) 63] v

Volleyball Premier League algorithm (VPL) 66] v v
Wasp Swarm Optimization (WSO) 73] v v

* SS: Single Solution, PB: Population Base, Ev: Evolutionary, Ph: Physical, SI: Swarm intelligence, HB: Human Behavior
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Figure 1: Classification of the objectives of the main agents active in the shopping mall.

the best purchase, and as a result, they choose the sellers who offer the best price as their target. This target is one
of the selected sellers. On the way to the selected sellers, buyers inquire about prices from other sellers. However,
tourists are not looking for the best purchase, and their target is not the best price. The target of each tourist is to
spend time in the mall and move toward random points.

The duration of the presence of customers in the mall has a significant relationship with the individual character-
istics of customers, which are independent of other customers and sellers. These individual characteristics are static
factors that do not change during the time spent in the mall. These characteristics include the gender, age, financial
status, and free time of customers. Women spend more time in the mall than men. Also, younger customers, those
with rich financial status, or those with free time, spend more time in the shopping center. As a result, the number of
customers’ price inquiries is related to the duration of the customer’s presence in the mall, which itself has a significant
dependence on the individual characteristics of the customers.

Each of the customers has moved toward their target (selected seller) during the time they are in the mall, and
the closer they get to the target, the more price inquiries are taken, which means that as they get closer to the
target, the length of the steps becomes smaller. While moving toward the target, advertisements from other selected
sellers can influence the customer’s path. Once the duration of the presence of customers in the mall has ended, the
customer leaves the mall, meaning that the buyers have purchased or the tour of the tourists has ended. While moving
towards the target, customers consider several opportunities to find a better price for themselves and eliminate those
opportunities as a penalty when their query price does not improve. If the whole opportunity ends, they change their
target and move toward a new target. Also, if all selected sellers are targeted as buyers but lose all opportunities, the
buyer becomes a tourist.

Customers entering the mall usually try to get in from the nearest entrance to their target or enter the system in
a place where there is more gathering of auctions.

3.2 Mathematical model and algorithm

This subsection describes the behavior of agents in shopping malls, including sellers’ and customers’ entry to the
mall, moves, opportunities and actions, and new investors’ actions. Then the proposed MALL algorithm is outlined.

Step 1 — The first selected sellers: The selected sellers, for the first time, are chosen randomly in the justified
area.

Step 2 — Customer entry to the mall: In this step, the individual characteristics of the customer are deter-
mined, and based on that, the number of price inquiries is calculated. Each customer chooses a destination and enters
the mall from the closest entrance to their target. Each of these sub steps is as follows:

Step 2-1- Determining individual characteristics: Each of the customers has a specific characteristic, and according
to the characteristics and a sequential number ratio of those characteristics are randomly determined.

Step 2-2- Determining the number of price inquiries: First, the duration of the customer’s journey is determined
based on their characteristics according to [Eq.(3.1)] and then the number of price inquiries is specified according to
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Table 2: Individual characteristics of the customer and its quantitative ratio.

Characteristic Option Quantitative ratio
Male 1
Gender Female 0
Old 1
Age Young 0
Financial Situation POOIT 2
medium 1
rich 0
. Busy 1
Free Time Free 0
S Buyer 1
Motivation Tourist 0

In this equation the RandNormal parameter is a random number with a normal distribution, which has
a mean of 170 and a standard deviation of 30. Also, the parameter RandInteger is a random integer number with
a uniform distribution between zero and three. The numerical values of the other parameters of Age, Free Time,
Financial Situation, and Gender are determined based on and randomly with a uniform distribution according
to the states listed in this table.

Visit Duration = RandNormal — 26 x Age — 10 x Free Time

3.1

— 29 x Financial Situation — 45 x Gender (3:-1)
Visit Duration

Inquiries = Maz/( 7, { J 3.2

natries ax< 8 + RandInteger > (3:2)

Step 2-3- Determining the destination: In this step, each buyer randomly selects one of the selected sellers as their
target. Since sellers who have better fitness will be more desirable to buyers, the roulette wheel is used in determining
the random destination based on the degree of fit. Also, each of the tourists chooses a random point in the justified
area as their destination.

Step 2-4- Customer entry: The distribution of customers in the problem space is determined randomly based on
their intended destination and the distance from the destination to the nearest seller. Therefore, the customer’s entry
is a random point with a normal distribution with an average of i and a standard deviation of o, determined according

to [E.(33]

XCustomer = RCLTLCUVOT’TTLCLI7
w,o

M= XDestination (33)

1
o= 3 X mm{absXDestimtion — X Seller|Destination # Seller}

In the X vector is the position of an agent in the mall. Therefore, Xcustomer and Xpestination, are the
positions of the customer and the determined destination, respectively and Xgeller is a nearest seller position, which
was not the destination. The RandNormal parameter is a random number with a normal distribution, which has a
mean of p and a standard deviation of . In the distribution of new customers entering the mall is presented.
If the customer choose Seller 2 as destination, nearest seller is Seller 3 then the dispersion of customer arrival is a
third of distance 1.

Step 5-2- Distance to the destination: The customer’s distance vector to the destination is calculated according to

Fq. (3.4)]
Distance = XDestination - XCustomeT (34)

Step 8 — Movement (exploration): In this step, customers move towards their destinations and search the
problem space.

Step 8-1- Calculation of steps: The calculation of each step for customers’ movement is based on the distance to
the destination, the number of steps, the number of steps that have a better or worse result, and the fit of other sellers,
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Figure 2: Distribution of new customer arrivals.

according to [Eq. (3.5)

Step = StepSize x UnifRand
0~2

3.5
X [a x Distance + (1 — a) X Z((XSellem — Xcustomer) X Advi)] (3.5)
) Inquiries x (s — NBS — 1)
t =5t troll —
StepSize = StepConiroller x [GXP( 921.4 — 3.529 x Inquiries >
(3.6)
. Inquiries x (s — NBS)
21.4 — 3.529 x Inquiries
NBS NGS
StepController =1 - 3.7
cpontroter + Opportunities  Inquires + 1 (3.7)
Adv, — SellerObj; — WorsObj ’ (3.8)

BestObj — WorsObj

In the necessary steps for the movement of customers in each price inquiry are calculated. The amount of
StepSize is calculated on the basis of and ensures that the closer the customer gets to the target, the shorter
the customer’s step length. shows the change in step length, excluding the control of step and random number.
Unif Rand is a random number with a uniform distribution between zero and two. The « coefficient controlled the
impacts of advertisement on customer trajectory, which was 0.9 on the first day and decreases every day. Xsgeiier,

is the position vector of the it seller, and Xcustomer is the current position vector of the customer. Adw; is the
attractiveness coefficient of the i*" seller’s advertisement, which is calculated according to [Eq. (3.8

In[Eq. (3.6)] StepController is the step length controller coefficient, and Inquiries is the number of price inquiries
determined by [Eq. (3.2)} ‘s’ is the number of steps taken by the customer, which is at least one and at most equal to
Inquiries. NBS counts the number of steps that have a worse fit than the previous step.

Also in|Eq. (3.7), NGS counts the number of steps that have a better fit than the previous step, and the Opportunities
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Figure 3: The length of the customer’s steps excluding step control and random number.
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Figure 4: The effect of the step controller coefficient based on number of good and bad steps.

parameter is the opportunities that the customer considers for themselves. shows the effect of the step controller
coefficient (StepController). As the number of bad steps (NBS) increases, the step length becomes larger to move
away from bad fits, and as the number of good steps (NGS) increases, the step length becomes smaller to move towards
exploiting a better solution.

Eq. calculates the advertising attractiveness coefficient (Adv;) of other sellers, where SellerObji is the fit of the
¢, seller’s position and BestObj and WorsObj are the best and worst fit of sellers, respectively. Based on this, the
attractiveness of the worst seller is always zero and the best seller is one, which affects the attraction of customers.

Step 3-2- New Position: Here, according to[Eq. (3.9)| the customer moves toward the destination by the length of
the step and determines the fit with the new position. In this equation, X4+ 1) is the customer’s new position, X is
the customer’s previous position, and Step is the step vector.

Xi+1 = X; + Step (39)

Step 4 — Opportunities and Actions: Buyers compare the fitness of their current decision step with the previous
step every time they inquire about the price, and if the conditions get worse, they lose one of their opportunities as a
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penalty. But if things get better, consider another opportunity as a reward for themselves. When all the considered
opportunities are lost, they choose a new seller as the destination. If the buyer loses all of its opportunities for all the
sellers, it becomes a tourist and moves toward a random destination.

Step 5 — New investor search (exploitation). New investors are looking for a better fit position around
selected sellers. According to new investors search the space around the selected sellers, and as the number
of days of system implementation increases, the search rate of new investors also increases.

nge”eﬁ Seller Distance x exp(3 x 0) x cos (),
it mod (j,2) > 0.

X ewlnvestor — i 3.10
Newlnoest X%+ SellerDistance x exp(f x 6) x sin (6), (3.10)
if  mod (j,2) =0.
Seller Distance = \/Z(Xge”er — X W)? (3.11)
J

In Xnyewlnvestor is the new investor position. Also, X ge”er is the position vector of each selected
seller, whose components are indicated by j, as their odd components are multiplied by cosine 6 and their even
components are multiplied by sine 6. Seller Distance is the direct distance between the selected seller and the nearest
selected seller, which is calculated according to The 6 parameter is the new investor’s search angle, which
starts from zero and increases randomly. The ( coefficient is a random number with a uniform distribution between
the negative one tenth and the positive one hundredth. In it shows the search around the selected seller with
three decision variables, and in the cases of S equal to one hundredth and also 8 equal to negative one tenth. By
increasing the amount of 6, the number of rotations around the seller increases, while the search with a negative
coefficient is convergent and a positive 3 coefficient is divergent.

New investor search space

1.5
1
0.5

0 Beta=0.01

Beta=-0.1

—— Selected Seller
-0.5 —%*— Nearest Seller

-1

Figure 5: New investor search space with different beta coefficients.

Step 6 — Determining the selected sellers: In this step, we choose the selected sellers based on the inquiries.
Step 6-1- Today’s Best Seller: The seller who had the best fitness during this iteration.
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Step 6-2- Global Best Seller: The seller who had the best fitness during all the past iterations.
Step 6-3- Global Worst Seller: The seller who had the worst fitness during all the past days.
Step 6-4- New Investor: The best fitness for a new investor is based on step 5.

Step 7 — Algorithm stop condition: If the stop conditions are met, including the number of iterations, the
algorithm is stopped, and the global best seller is selected as the best fitness. Otherwise, it goes to step 2, and the
operation continues.

The pseudocode of the MALL algorithm is presented in and its flowchart in

3.3 Performance analysis of MALL algorithm

The MALL optimization algorithm consists of simple steps that move closer to the optimal point with each iteration.
Here, to analyze the optimization performance of this algorithm, the sphere objective function is selected, and in Fig.
8, its contours are drawn. In this function, we are looking for minimization, and the optimal point is in the center of
the sphere with coordinates (0 and 0).

At first, a series of parameters and preparations are made in the algorithm, where the advertising coefficient (1-«) is
set at 0.005 and there are two decision variables in the range between [-3, 3] and 5 opportunities for each customer.
We also have three customers; two of them are buyers, and one is a tourist.

Algorithm MALL

1: Begin

2: Generate initial population of sellers and determine fitness, Nearest Seller and Attraction
3: Define parameters (Number of decision variables, Opportunities, Reward & Punishment)
4: Generate initial population of Customers and determine fitness

5: While stop condition not met do

6: For each customer

7 Define Customers Characteristics (Table 2]

8: Determine the number of inquiries (Egs. (3.1)]

9: Set destination (one of sellers by roulette wheel or random location)
10: Generate customer populations around the destination (Eq. (3.3))
11: Determine the distance to the destination (Eq. (3.4))
12: For each inquiries
13: Calculate the step size (Eqs. (3.1)]and[(3.5)] to [(3.8))
14: Move towards destination (Eq. (3.9)) and determine new fitness
15: Update Opportunity
16: If Opportunity < 1 then Set new destination End if
17: End for
18: End for

19: New investor tour around selected sellers (Egs. (3.10)} [(3.11))
20: Determine selected sellers (Global Best, Global Worst, Today Best, New investor)

21: End While
22: Output the best solution found

Figure 6: Pseudocode of the MALL algorithm.

According to the first step of the algorithm is implemented, and the sellers are randomly selected in the mall.
Sellers who are closer to the center of the circle have a better fit, and here, seller 2 has better fitness.

In the next step of the algorithm, according to customers enter the mall randomly in the range of their
destination. As is clear in this figure, the destination of Customer 1 is Seller 3, and the destination of Customer 2 is
Seller 2. Sellers with better fitness are more likely to be chosen by customers. Here, Customer 3, as a tourist, has a
random destination.

In the third and fourth steps of the algorithm, customers move towards their destinations and, based on their fit,
modify their opportunities and their destination. According to Customer 1 moved toward its destination
(that is, Seller 3), and since after a few initial price inquiries, the fitness has decreased, it has changed its destination
toward Seller 1. The same thing happened to customer 3. However, Customer 2 has achieved a better fit in every
price inquiry and has always taken smaller steps to reach its destination. Deviation from the path evident in customer
2 inquiries has occurred based on other sellers’ advertisements. After completing the inquiries, customers exit the
system. Here, changing the destination, and increasing or decreasing the length of the customers’ steps based on their
experiences, helps to discover better answers, and by using random coefficients, the variety of answers also increases.
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‘ Generate initial population of sellers ‘

‘ Generate population of Customers }17

'

Define Customers Characteristics and Determine
the number of inquiries

'

‘ Define destination and determine the distance to

the destination

'

‘ Calculate the step }1—

'

‘ Move, determine new fitness and update ‘

opportunities

'

Yes Are there any opportunities
for improvement left?

Ny

‘ Define new destination and determine the ‘

distance to the destination

'

> Are there any number of inquiries left?

'

Choose the best option and get the customer out
of the mall

'

‘ Determine selected seller ‘

'

‘ New investor tour around selected sellers ‘

'

Are the conditions for No
stopping the algorithm met?

Yes.

Figure 7: Flowchart of the MALL algorithm.

In the fifth step, according to the search for new investment in the neighborhood of sellers is done through a
logarithmic spiral. The convergence or divergence coeflicient of the search is random, where the search around seller 1
is divergent and the other sellers are convergent. This step guarantees the extraction of better solutions for problems.

In the first iteration of the sixth step, the selected sellers are determined according to Selected sellers are
the basis for customer entry in subsequent iterations. In this way, in the next iteration, customers will explore the
system randomly and within the scope of their destination seller. As shown in in the second iteration of the
algorithm, the best global seller has significantly improved compared to the previous iteration and is closer to the
center of the circle.
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Figure 8: Analysis of the optimization performance of MALL algorithm.

In the following, some points that theoretically enable the MALL algorithm to solve optimization problems are
noted:

e Communication between iterations is established only by selected sellers, and other agents do not keep informa-
tion records after exiting the system (no memory and solution diversity).

o Tourists ensure that local optima are avoided by randomly searching and moving towards a random target.

e The best and worst sellers always maintain the domain of the search space.

e In cases of worsening of the solution, customers search with larger steps to find better exploratory solutions.

e In cases of improving the solution, customers search with smaller steps to find better exploitative solutions.

e The « coefficient creates inertia to keep the customer on track toward their destination in cases of the high
attractiveness of other sellers. This coefficient is reduced during each iteration to make the extraction solution
more diverse and desirable.

o Advertisements and the attractiveness of other sellers increase greedy searches.

e Today’s best seller, maintains the best performance of customers for exploitation.

e The new investor searches in a logarithmic spiral around each selected seller, with the radius of the distance to
the nearest selected seller, and exploits a more optimal solution.

o If the 8 coeflicient is positive, the search is done in a divergent manner; otherwise, it is done in a convergent
way around the selected seller.

e By increasing the theta coefficient, more solutions around the selected seller are extracted, and with the increase
in the number of iterations of the algorithm, the limit of the theta coefficient also increases.
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Table 3: Benchmark functions.

Benchmark Type A 5
D function Mrr{*l Ut{*l Sd*l Nﬂ*[ Formula D1 Range Optf*|
f1 Sphere v v fl@)y =31 a2 30 [~100, 100] 0
72 Beale v f(@) = (15 — w1 + 2122)% + (2.25 — @1 + 2105)? 30 [~4.5,4.5] 0
+(2.625 — z1 + x123)?2
13 Cigar v f(@) =a}+108 3" | a2 30 [~100,100] 0
14 Step v v F@) =" (l=: +0.5))2) 30 [~100, 100] 0
Quartic  func- _ noo. g4 .
15 tion with noise v fle) =37 izl 4+ rand(0,1) 30 [—1.28,1.28] 0
16 Bohachevsky v v f(z) = 2% + 222 — 0.3 cos(3mz1) — 0.4 cos(4dnw2) + 0.7 30 [—100, 100] 0
17 Ackley v fl=) =—20 exp(f&? ERVA DI w?) 30 [—32,32] 0
- exp(% X :;1 cos(szi)) +20 4+ exp(1)
8 Griewank v V@) = s S 2 - T, COS(% 11 30 [—600, 600] 0
. 9 2 ;
9 L v v f(z) =sin?*(3wz1) + (z1 — 1)?[1 + sin®(37x2)] 9 ~10,10 0
! vy Tz — 1)2[1 + sin?(2ma2)] [ |
. 2
f10 Michalewiz v v @) = - sinay) [sin(”%)]m 10 [0, ] -9.66015
f11 Rastrigin v v f(@) =37 (@2 — 10cos(2m;) + 10) 30 [~5.12,5.12] 0
f12 Alpine v v Fl) =321 fwisin(@i) + 0.1 30 [~10,10] 0
f13 Schaffer v v f(@) = (@2 +22)°2% x [50(z? + 23)" + 1] 30 [~100, 100] 0
f14 Rosenbrock v v flz) = Zj:‘ll [100(zi 1 — 22)% + (z; — 1)) 30 [~10,10] 0
f15 Easom v v f(x) = —cos(x1) cos(x2) X exp [7(11 — )2+ (z2 — W)Z} 2 [=100, 100] -1
5 B N R
f16 Shubert v v f(@) = (251':1 icos((i+ 1)1 +1)) x 3 [~10,10] -186.7309
X ( Z;:l icos((i+ 1)xa + z))
n i 2
f17 Shubert 1.2 v M@= (X ) 2 [-10,10] 0
118 Shubert 2.21 v v f(z) = MAX (Jz;],1 <4 < n) 30 [~10,10] 0
f19 Shubert 2.22 v v )y =30l + T |l 30 [~10,10] 0
£20  Schwefel 226 v v f(z) = 41898200 — 3" [ sin(1 /mm 30 (=500, 500] 0
f21 Booth v v flzx) = (z1 4+ 2x2 — 7)% + (221 + 22 — 5)? 30 [~10,10] 0
= |1+ (z1 + 22 + 1)%(19 — 14z + 32? + 14
f22 Goldstein price v v f(@) [ (@1 212 ) o ;El 2 2 [-2,2] 0
+6z172 + 333)] x [30 + (221 + 322)2(18 — 3231
+122% + 48w, — 363122 + 2723)]
f23 Matyas v v f(z) =0.26(z% + 22) — 0.48z 12 2 [—10,10] 0
n/4 5 -
f24 Powell v v @) = waios + 1004i-2)2 + 5(zai—1 — 4i)? 32 [~4,5] 0
H(Tai—2 — 2Tai—1)* + 10(zai—3 — T45)*
125 Power sum v v f@) =", [(ZZZI al) — bi] b= (8,18,44,11) 4 [0,7] 0
m 4 —T
flz) = — Zi:l (ijl(;v] — ]i)z + 51) ,where
126 Shekel 4.5 v v m=10, B=1(1,24,4,6,3,7,55)7T 4 [0,10] -10.5364
4 1 8 6 3 2 5 8 6 70
c_ |41 86 7 93 1 2 36
“l4 1 8 6 3 2 5 8 6 70
4 1 8 6 7 9 3 1 2 36
f27 Sum squares v v flz) = 7:1 zxf 30 [—10,10] 0
128 Trid v v f@) =30 (@ -2 =37 (wwi1) 6 [-n?,n?] -50
129 Zettl v v f(z) = (@2 + 22 — 221)% + 0.2521 2 [-1,5] -0.00379
130 Leon v v f(z) =100(z2 — 23)2 + (1 — 21)? 2 [-1.2,1.2] 0

* Mm: Multimodal, Un: Unimodal, Sp: Separable, NS: Non-Separable, Dim:Dimension, Opt: Optimal

4 Results and discussion

In this section, the MALL algorithm has been evaluated on 40 test functions that are generally used by many
researchers. A detailed description of this benchmark is provided below.

4.1 Benchmark and test functions

The proposed algorithms are evaluated on forty test functions. According to the first thirty functions are
divided into four categories: multimodal, unimodal, separable, and non-separable, and include functions with fixed or
variable dimensions [27] [68] [TO1]. In some of these functions are drawn three-dimensionally with two decision
variables. According to the number of ten functions used in CEC-2019 is among the last functions evaluated
in this section [74]. CEC-2019 functions include black box and constraint problems.
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Table 4: CEC-C06 2019 benchmark functions.

1D Benchmark function Dimension Range Optimal
cecl Storn’s Chebyshev Polynomial Fitting Problem 9 [—8192,8192] 1
cec2 Inverse Hilbert Matrix Problem 16 [—16384,16384] 1
cec3 Lennard-Jones global optimization problem 18 [—4,4] 1
cecd Rastrigin’s Function 10 [—100, 100] 1
cech Griewangk’s Function 10 [—100, 100] 1
cecb Weierstrass Function 10 [—100, 100] 1
cec? Modified Schwefel’s Function 10 [—100, 100] 1
cec8 Expanded Schaffer’s F6 Function 10 [—100, 100] 1
cec9 Happy Cat Function 10 [—100, 100] 1
cecl0  Ackley Function 10 [—100, 100] 1

fl : Sphere 2 : Beale 13 : Cigar £ : Step f5 : Quartic function with noise

-100 -100 5 -5 -100 -100 -
min 0 min min 0 min
6 : Bohachevsky 7 : Ackley 9 : Levy 10 : Michalewicz
20 500 0
10 -
0 2
10 5 10 2 >
-100 -100 -10 -10 00
min min -9.66015 min
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100 5 5 5
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Figure 9: two-dimensional benchmark functions.

4.2 Elite algorithms for comparison

To validate the performance of the MALL algorithm, four elite optimization algorithms include Genetic Algorithm
(GA), Particle Swarm Optimization (PSO), Simulated Annealing (SA), and Teaching-Learning-Based Optimization
(TLBO) are used for comparison.

Genetic Algorithm (GA) [44]: Tt is the most famous metaheuristic algorithm that was inspired by the theory of
natural selection and developed evolutionarily. This algorithm uses selection, crossover, and mutation operators to
find the optimal solution.

Particle Swarm Optimization (PSO) [53]: 1t is one of the well-known population-based optimization algorithms
that is inspired by the social behavior of birds. In this algorithm, each particle in the search space moves in the
direction of self-improvement and global optimization and updates its position. The small number of parameters, high
speed, and optimal quality of the solution have led to more attention than other algorithms.

Simulated Annealing (SA) [64,[17]: is an optimization algorithm based on trajectory methods and a single solution.
This algorithm works by imitating the physical process that, by heating and slowly cooling a solid material, gives an
orderly arrangement to its crystals and causes the minimum energy configuration.

Teaching-Learning-Based Optimization (TLBO) [T1]: 1t is a swarm optimization algorithm that is inspired by
human behavior. In this algorithm, a group of learners learns and achieves the global optimum with the influence of
the teacher and interaction with other learners.
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4.3 Experiments settings

The recommended settings of the parameters of the MALL algorithm and other optimization algorithms used in
this research are shown in All the test processes and reported results are in Matlab software version R2021b,
which was implemented and executed in a Microsoft Windows 10 environment on an Intel (R) Core (TM) i7-4500U
processor with 1.80 GHz and 8 GB of RAM memory.

Table 5: Parameter values in the compared algorithms.

Algorithms Parameters Values
Number of Iterations 300
Mall optimization Population Size 12
algorithm (MALL) Number of opportunities 4
Inertia to target & update coefficient 0.9, 0.998
Number of Iterations 500
Particle Swarm Population Size 1000
Optimization (PSO) Inertia Weight 0.99
Personal & Global Learning Coeflicient — 1.4962, 1.4962
Number of Iterations 500
Genetic Algorithm (GA) Population Size 200
Crossover and Mutation 0.8, 0.02
Number of Iterations 500
Simulated Annealing (SA) ']gemperatu,re & Number of tests 500, 500
oltzmann’s constant 1
Reduction factor 0.95
Teaching learning based Number of Iterations 500
optimization (TLBO) Population Size 50

4.4 Performance comparison

To show the performance of the MALL algorithm, its results on the benchmark functions in multimodal, unimodal,
separable, and non-separable forms and CEC-C06 2019 black box functions in and [7] and and
have been evaluated. All results are derived from 30 independent runs. In the mentioned tables, bold results are the
best solutions.

4.4.1 Exploitation analysis

Unimodal benchmark functions provide a more robust assessment of exploitation to find the optimal solution. As
can be seen in [Tables 6 and [Figs. 10} the MALL algorithm has provided a better optimal solution in most of the test
functions. This algorithm has a competitive solution in functions f19, f21, f23, and f30, which could not provide the
best solution, but it has found the best solution in 12 other unimodal benchmark functions.

4.4.2 Exploration analysis

Multimodal benchmark functions provide a more robust assessment of exploration to find the optimal solution. As
can be seen in [Figs. 10| and [Tables 6] the MALL algorithm was able to provide the best solution for all multifaceted
benchmark functions except f12 and f13. In the two mentioned test functions, the distance to the best solution is
1.31E-11 and 2.04E-35, respectively, which means that the answer of the MALL algorithm is very competitive. In
general, it can be said that it has provided the best solution for 13 other multimodal benchmark functions.

4.4.3 Evaluation of CEC-C06 2019 functions

The set of CEC-C06 2019 test functions is a real approach to solving single-objective optimization problems. These
test functions are considered constrained black-box problems. As can be seen in [Figs. 11] and [Tables 7, the MALL
algorithm provides a better solution than other competitors in test functions cecl, cec2, cec3, and cec8, and in other
test functions, the answer provided is completely competitive.
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Figure 10: Boxplot analysis of benchmark functions.
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Figure 11: Boxplot analysis of CEC-C06 2019 functions.
Table 6: Results of benchmark functions.
D MALL GA PSO SA TLBO
Mean Std.Dev. Mean Std.Dev. Mean Std.Dev. Mean Std.Dev. Mean Std.Dev.
71 5.33E-18  8.67E-18 132602 1.19E-02 2.39E-17  1.50E-17 6.39E-17  3.50E-17 5.76E-05  8.62B-06
12 0.00E+00  0.00E+00 3.66E-08  5.16E-08 0.00E400  0.00E+00 0.00E+00  0.00E-+00 9.67E-10  4.86E-10
13 0.00E+00  0.00E+00 0.00E400  0.00E+00 7.67TE-58  8.90E-58 1.11E-197  0.00E+00 2.67E-30  2.00E-30
f4 0.00E+00  0.00E+00 0.00E400  0.00E+00 0.00E400  0.00E+00 0.00E+00  0.00E+00 0.00E400  0.00E+00
15 1.10E-03  1.45E-03 5.91E-03  1.77E-03 1.94E-03  3.86E-04 6.75E-03  2.03E-03 1.01E-02  1.03E-03
16 0.00E100  0.00E100 0.00E+00 0.00E+00 0.00EF00 0.00E+00 0.00E+00 0.00E100 §32E-15  4.42E-15
f7 5.36E-10  1.32E-09 4.79E-02  6.53E-03 1.13E-09  2.90E-10 1.50E-09  2.36E-10 2.17E-03  2.43E-04
78 2.12E-06  5.54E-06 3.05E-03  2.48E-03 1.30E-02  7.05E-03 1.24E-02  5.80E-03 3.33E-06  1.75E-06
19 1.35E-31  6.68E-47 1.35E-31  6.68E-47 1.35E-31  6.68E-47 1.35E-31  6.68E-47 1.53E-26  8.7T1E-27
f10 -9.68E+00  2.49E-01 -9.66E4+00  2.73E-05 -9.32E4+00  7.20E-02 -9.66E+00  1.62E-15 -7.14E400  3.79E-01
fII _ 0.00E+00 0.00E+00 2.48E-02  8.64E-03 2.97E+01  7.28E+00 0.00E+00  0.00E+00 160BE+02 1.08E+01
f12 5.09E-11  5.59E-11 1.77E-03  1.13E-04 3.78E-11  1.32E-11 4.21E-10  1.21E-10 1.38E-03  1.96E-04
113 2.04E-35  2.90E-35 8.57E-81  5.61E-81 2.42E-13  5.80E-14 6.25E-41  5.66E-41 7.96E-05  2.18E-05
fl4  9.27E+400 1.33E+01 3.03E401  2.96E+00 2.27E+01  1.05E+00 3.10E4+01  1.20E+01 2.86E+01  1.61E-01
f15 -1.00E4+00  2.06E-17 -1.00E400  0.00E+00 -1.00E4+00  0.00E+00 -1.00E+00  0.00E+00 -1.00E4+00  1.25E-04
f16 ~-1.8TE402  1.43E-13 -1.87TE+02  2.59E-14 -1.87E+02  2.64E-14 -1.87E+02  3.08E-14 -1.87TE+02  1.54E-01
f17 1.51E-03  1.50E-03 7.30E+00  1.30E-+00 3.80E-03  1.07E-03 2.96E-03  1.36E-03 2.13E400  4.93E-01
118 1.90E-05  3.22E-05 2.08E-01  1.29E-02 1.90E-04  4.07E-05 2.45E-05  3.77E-06 2.39E-03  4.57E-04
f19 1.57E-10  2.11E-10 5.44E-02  1.17E-02 1.11E-10  3.25E-11 1.35E-09  1.95E-10 4.17E-03  5.83E-04
120 3.81E-04  1.11E-03 1.28E403  6.41E+01 5.44E+03  1.48E402 3.82E-04  1.25E-12 8.75E+03  2.96E+02
21 137E-34  5.175-34 0.00E+00 0.00E+00 0.00E+00 0.00E+00 9.12E-32  1.61B-31 2.29E-15  1.02B-15
22 3.00E+00  6.32E-14 3.00E+00  1.29E-15 3.00E4+00  1.83E-15 3.00E4+00  1.12E-15 3.00E4+00  2.32E-14
123 1.43E-14  3.28E-14 4.00E-37  5.63E-37 1.58E-51  1.58E-51 2.63E-86  1.83E-86 1.72E-15  9.30E-16
fo4 1.19E-04  2.67E-04 1.51E-01  2.39E-02 4.33E-04  9.20E-05 1.82E-04  1.12E-05 1.22E-04  4.71E-05
f25  2.65E403 0.00E+00 2.65E+03  0.00E-+00 2.65E+03  0.00E-+00 2.65E+03  0.00E+00 2.65E+03  0.00E-+00
f26 -1.00E+01 1.97E100 9.79E+00 1.32E+00 9.26E+00 1.82E+00 5.73E+00  1.60E+00 S65EF00 1.4SE+00
f27 1.43E-18  2.54E-18 7.64E-03  1.96E-03 2.60E-18  1.37E-18 2.09E-17  1.05E-17 1.14E-05  3.88E-06
f28 -1.40E401  1.48E-15 -1.40E401  1.81E-15 -1.40E401  1.48E-15 -1.40E4+01  1.81E-15 -1.40E401  3.30E-16
f29  -3.79E-03  2.88E-13 -3.79E-03  1.76E-18 -3.79E-03  1.76E-18 -3.79E-03  1.75E-18 -3.79E-03  1.05E-18
130 2.11E-19  7.16E-19 7.59E-03  6.31E-03 2.75E-29  2.31E-29 1.35E-12  7.50E-13 2.86E-05  1.19E-05
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Table 7: Results of CEC-C06 2019 functions.

D MALL GA PSO SA TLBO

Mean Std.Dev. Mean Std.Dev. Mean Std.Dev. Mean Std.Dev. Mean Std.Dev.
cecl  2.58BE106 2.11E+06 5.59B+08  2.01E+08 8.00B+06  2.66E+06 T52E+09 4.42B+08 7.69E100  2.38E+09
cec2  1.73E+401  9.42E-03 1.74E4+01  3.00E-02 1.73E401  7.23E-15 1.73E401  8.21E-15 1.73E401  5.10E-04
cec3  1.27E+401  5.18E-15 1.27E401  9.11E-10 1.27E401  3.61E-15 1.27E401  2.67E-14 1.27E401  6.17E-06
cecd 1.03E+01  3.63E+00 1.61E+02  1.96E+01 5.98E4+00 1.39E+00 1.84E+01  3.89E+00 7.60E+01  1.09E+01
cech 1.64E4+00  3.48E-01 1.06E4+00  1.58E-02 1.10E+00  2.69E-02 1.16E+00  5.77E-02 1.51E4+00  1.07E-01
cech 3.19E+00  5.25E-01 3.92E+00  2.76E-01 2.78B+00  4.43BE-01 2.76E+00  6.51E-01 T20E+01  3.61E-01
cec? 2.54E4+01  1.90E401 1.11E+02  6.80E+01 6.33E4+01  3.29E401 0.00E400  0.00E+00 9.21E402 8.89E401
cec8  2.81E400  3.75E-01 2.96E+00  4.65E-01 3.24E+00  2.91E-01 5.05E+00  4.77E-01 6.40E+00  2.13E-01
cec9 2.36E4+00  5.85E-02 2.75E+00  8.55E-02 2.34E4+00  1.00E-04 2.40E+00  1.32E-02 3.92E+00  5.49E-01
cecl0  1.03E4+00  5.08E-02 1.00E4+00  2.03E-03 1.00E4+00  2.10E-10 1.00E+00  2.17E-03 1.63E4+00  5.09E-02

4.4.4 Statistical analysis

In addition to the basic statistical analysis discussed above, the results of the algorithms were compared through
the Wilcoxon rank-sum test in This is one of the sets of non-parametric tests in the comparison of pairs of
algorithms that attracted the attention of many researchers [23]. This test was performed by considering the best
solution obtained by each algorithm for each test function during 30 independent executions with a confidence level
of 95% (a = 0.05), and the results of the P-value and the status of the answer are presented in Table 8. In this table,
the “tick” sign indicates that the MALL algorithm is better and wins the test and the “cross” sign indicates that
there is no reason for the MALL algorithm to be better and lose the test. In cases where all the samples from both
groups are zero, it is not possible to test. In the last line of this table, the number of wins and losses of the MALL
algorithm is presented. The Wilcoxon rank-sum test at a significance level of 95% confirms that the MALL algorithm
has statistically significant and superior performance compared to other compared algorithms.

4.4.5 Convergence analysis

The graphical results of the convergence analysis are shown in Here, all the studied algorithms were
executed with 1000 iterations. The MALL algorithm shows promising convergence behavior. In most of the functions,
the MALL algorithm moves towards the optimal solution with a consistent trend. but in the benchmark functions
f3, 6, f11, f14, 20, and f21, it faces a sudden jump in the convergence path and has moved towards the optimal
solution in a stepwise manner.

According to the literature, when there is a balance between exploration and exploitation, complex problems may
be solved effectively. From the convergence analysis in the mentioned figure, it seems that in the MALL algorithm,
through the appropriate selection of the parameters of the number of opportunities, the inertia of the target, and the
update rate, the balance between exploration and exploitation is maintained.

4.4.6 Scalability study

In order to analyze the scalability of the MALL algorithm, benchmark functions that had the ability to change
the number of decision variables were used. Here, the scalability of the MALL algorithm was tested in 1000 iterations
with a number of 30, 50, 80, and 100 decision variables. shows the performance of the MALL algorithm with
different behaviors in different dimensions. It can be seen that even if the number of decision variables increases, the
MALL algorithm has the ability to find the optimal solution.



Mall optimization algorithm (MALL)

19

Mall GA PSO SA TLBO
f1 f2 3 4 5
100 10° 10° 10°
o o hel kel el
Q Q Q Q Q
£ £ £ £ £
© o @ © 4 o
5 5 5 510 5 10°
o o o o o
Q 19100 o e e o
3 8 . 20 8 4200 3 3
@ @ 10" @ 10 @ 102 3
D D D @ k7
ko3 (] Q Q o
3] 3] [+1] s3] 53]
107200 10° 10
10' 10? 10° 10' 10? 10° 10! 102 10° 10' 102 10° 10' 102 10°
Iterations Iterations Iterations Iterations Iterations
f6 17 8 9 f10
100 10°
100 10°
el o el el o
Q Q [} Q [
£ £ £ £ £ 4
v C © [v] ©
2 a Ee] e} a
o o o o o
[ (o) [} B (] [
510710 s g 107" 5 S 4
& & 3 & 1020 & -
3 B 10710 I 3 B
o (] [ o (]
o ) @ m m.g
1020 1020
10' 10? 10° 10' 10? 10° 10! 10? 10° 10" 102 10° 10' 102 10°
Iterations Iterations Iterations Iterations Iterations
f11 f12 f13 f14 f15
100 100 1010 107150
o 10° ° ° ° °
[ [} Q Q Q
e e e e 2
K] s s K] s _1p7100
Qo o Qo e Qo
o o o o 100 00)
o o -50 o -50 o
5 5 10 5 10 5 5
o o o o o
2 0 2 2 2 2 1090
@ 10 7] 7] B @
[ (o3 Q (o] [
o 4] o @10 o
107100 10°100 -10° \
10' 102 10° 10' 10? 10° 10! 10? 10° 10' 102 10° 10' 102 10°
Iterations Iterations Iterations Iterations Iterations
f16 17 18 f19 20
-10' 100 100 10°
° o o - 10° -l o
i3 Q Q o o
e < < c c
K K K K] K
3 8 8 ] 8
@ 102 k @ @ @ © 100
-50
s INC g g g 10 8
2 2 2 1050 2 2
] B B ? @
ko3 (3 (o3 O (]
[+1] 23] 23] 5] o
-10% 1050 107100 10
10' 102 103 10' 102 103 10° 102 10° 10’ 102 10° 10’ 102 10°
Iterations Iterations Iterations Iterations Iterations
f21 f22 23 24 25
100 10° 10°
5500
3 B B 3 B
£ £ £ £ £ 5000
< o S -100 [ o
2 2 £ 10 2 3 4500
o o [} o 0 o
o o o o 10 © 4000
g g 10’ g g 8
810% a 21920 a % 2500
7] ] B 7] ]
[ (3 (3 [0 (3
o @ @ o @ 3000
107300 10°
10' 102 103 10° 102 103 10° 102 10° 10’ 102 10° 10’ 102 10°
lterations Iterations Iterations Iterations Iterations
126 127 28 29 30
-10° 100 -10° 10° 10°
° ° o ° °
[} [} Q [ Q
£ £ < £ £
5] 5] g k5] k5]
a a k] a el
=} o o o o
[STX @ qg-100 2 10! o o
1=} o o o o
o o o o o 10720
3 3 3 & a3
k7 k7 D @ k7]
ko3 ko3 Q o o
[+1] [+1] [+1] 43} s3]
-102 10200 102
10" 10? 10° 10' 10? 10° 10' 102 10° 10' 102 10° 10' 102 10°
Iterations Iterations Iterations Iterations Iterations

Figure 12: Convergence analysis of the MALL algorithm and competitor algorithms in benchmark functions.
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Table 8: Results of Wilcoxon ranksum test.

Function MALL vs GA MALL vs PSO MALL vs SA MALL vs TLBO
P-Value Win P-Value Win P-Value Win P-Value Win
f1 3.02E-1 ¢ 4.11E-07 1.07E-09 ¢ 2.26E-11 ¢
12 5.32B-06 ¢ NaN . NaN - 1.17B-12 ¢
13 NaN - 1.21E-12 ¢ 1.21E-12 ¢ 1.19E-12 ¢
fa NaN - NaN - NaN - NaN -
f5 4.62B-10 ¢ 1.49E-04 ¢ 1.96E-10 v 2.16E-11 ¢
16 NaN - NaN - NaN - 3.79E-11 ¢
17 3.02B-1 ¢ 3.26E-07 1.16E-07 v 2.71E-11 ¢
78 3.00E-11 Vv 4.24E-08 ¢ 5.84E-09 ¢ 4.17E-05 ¢
f9 NaN - NaN - NaN - 8.31E-13 ¢
f10 3.798-01 X 1.43E-08 ¢ 0.3736787 X 2.80E-11 ¢
f11 1.21E-12 ¢ 1.21E-12 ¢ NaN - 1.086-12 ¢
f12 3.02B-1 ¢ 5.60E-01 X 3.02E-11 v 2.80E-11 ¢
f13 3.01E-11 ¢ 3.02E-11 v 5.00E-09 ¢ 2.39E-11 ¢
f14 3.50E-09 ¢ 261E-02 ¢ 1.7568-05 ¢ 1.836-11 ¢
f15 3.338-01 X 3.34E01 X 3.34E-01 X 1.60E-12 ¢
f16 2.44E-02 1.26E-02 ¢ 4.16E-02 v 1.77E-11 v
f17 3.02E-1 ¢ 3.52E-07 ¥ 2.68E-04 v 2.80E-11 ¢
f18 3.02E-1 ¢ 450E-11 v 3.188-03 v 2.92E-11 ¢
£19 3.02E-11 Vv 7.24E-02 X 3.02E-11 v 2.71E-11 ¢
120 3.02E-1 ¢ 3.02E-11 ¢ 1.0668-07 ¢ 1.61E-11 ¢
f21 1.93E-10 ¢ 1.93E-10 ¢ 1.57BE-01 X 2.786-11 ¢
f22 3.18E-08 ¢ 6.77E-09 1.14E-08 ¢ 6.31E-10 ¢
123 1.45E-100 ¢/ 3.02E-11 v 3.02E-11 v 1.598-02 ¢
f24 3.02E-11 vV 1.03E-06 ¢ 9.51E-06 ¢ 1.07B-05
f25 NaN - NaN - NaN - NaN -
126 1.42E-03 ¢ 6.60E-01 X 7.54E-07 v 781E09 ¢
f27 3.02E-11 ¢ 3.37E-05 vV 261E-10 ¢ 2.80E-11 ¢
128 6.176-04 0.192462 X 6.176-04 ¢ 3.576-07 ¢V
£29 3.35E-07 3.35E-07 1.158-06 ¢ 1.368-01 X
130 3.02B-1 ¢ 8.356-08 ¢ 3.02E-11 v 2.80E-11 ¢
cecl 3.02E-11 ¢ 457E-09 ¢ 3.02E-11 4 2.79E-11 ¢
cec2 1.61E-10 ¢ 121E-12 ¢ 757B-12 ¥ 247608 ¢
cec3 1.02E-09 ¢ 8.15E-02 X 1.01E-09 ¢ 3.03E-12 ¢
cecd 3.02E-11 vV 8.84E-07 ¢V 1.10E-08 v 291E-11 ¢
cecs 3.02B-1 ¢ 3.69E-11 v 6.72E-10 v 491E-01 X
cec6 220E-07 V¥ 5.566-04 ¢ 1.07E-02 v 2.71E-11 ¢
cecT 2.03E-07 ¥ 3.96E-06 ¢ 5.77E-11 v 251E-11 ¢
cec8 1.71E-01 X 1.17E-05 ¢ 3.02E-11 v 2.11E-11 ¢
cec9 3.02E-11 ¢ 9.51E-06 v 3.01E-04 ¢ 2.92E-11 v
cec10 1.09E-01 X 6.74E-02 X 1.74E-01 X 2.03E-11 ¢
Win/Lose 31/4 28/7 30/4 36/2

5 Solving a real problem

In this section, a well-known constrained supply chain management problem is discussed. The model of this
problem is known as PLOT, which includes production, logistics, outbound, and transportation, and seeks to optimize
the strategic and operational costs of the entire supply chain [47]. This problem is compared with other algorithms
reported in the literature, and its results confirm the performance of the MALL algorithm.
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Figure 13: Scalability analysis of the MALL algorithm.
Table 9: Model notations.
Sets Description
I Set of customer zones ¢ € T
J Set of cross dock zones j € J
K Set of warehouse zones k € K
L Set of product family I € L
Parameters Description
F; Fixed operating cost to operate/open cross dock j
Vi Fixed operating cost to operate/open warehouse k
Ciji Cost of supply product I from cross-dock j which would be used by customer zone
Cin Cost of transport product [ from warehouse k to cross-dock j
TCh Transportation cost to deliver one unit of product | to warehouse k
Skl Cost to transport one unit of product [ from warehouse k to cross-dock j
Siji Cost to supply one unit of product [ from cross-dock j which would be used by customer zone i
a;; Demand from customer zone 4 for product [
b; Capacity for cross-dock j to handle product families
dp. Capacity of warehouse k to handle product families
R Maximum number of cross-docks to be opened
w Maximum number of warehouses to be opened
Variables Description
Z; 1 if cross-dock j is open; otherwise O
Py 1 if warehouse k is open; otherwise 0
Xiji 1 if customer zone i is assigned to cross-dock j for product I; otherwise 0
Yim 1 if cross-dock j is assigned to warehouse k for product [; otherwise 0
By Amount of product ! shipped to warehouse k
Qjkl Amount of product ! shipped from warehouse k to cross-dock j
Vi Amount of product ! shipped from cross-dock j to customer %

In the PLOT problem, the manufactured products are first stored in warehouses, then sent to cross-docks, and
finally sent to the customer’s zone. [F'g schematically shows the movement of the product family as well as the

types of strategic and operational decision variables used in this problem. Model notations are presented in

In this problem, there are seven groups of decision variables: X;;; are the variables of assigning the customer
Zones to the cross-dock, Y are the variables of the cross-dock assignment to the warehouse, Z; and P and are
the variables of active status cross-dock and warehouse, respectively. Also, By; is the number of products transferred
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Figure 14: The schematic flow of the supply chain and its strategic and tactical decision variables.

to the warehouse, @i is the number of products transported from the warehouse to the cross-dock, and Vjj; is the
number of products transported from the cross-dock to the customer’s zone.

In the objective of this problem is to minimize OBJ, the operational and strategic costs of the entire
supply chain, which includes the fixed costs of warehouses and cross-docks, the costs of assigning customer zones to
cross-docks and assigning cross-docks to warehouses, and the costs of supply and transportation between warehouses,
cross-docks, customer zones, and the factory.

The first constraint of this problem shown in guarantees the supply of customer demand, and the second
one, according to ensures that the active cross-dock supplies products only from the active warehouse.
and indicate the limitations of the capacity of cross-docks and warehouses. |[Eq. ensures that customer
demand is met by active cross-dock, while guarantees that only active warehouses have product flow.
and control the available resources to determine the number of active warehouses and cross-docks. The
next constraint, according to guarantees that the total amount of products sent to the warehouses from
the factory is equal to the total amount of products sent from the warehouses to the cross-docks. also
guarantees that the total number of products sent from warehouses to cross-docks is equal to the total number of
products sent from cross-docks to customer zones. Also, the next constraint in satisfies the demand of
the customer’s zones so that the total products sent from the cross-dock are equal to the demand of the customer’s
zones. Finally, [Egs. (5.13) and |(5.14)| indicate the types of decision variables, which are binary and non-negative,
respectively.

Objective function:
minOBJ = Z F;Z; + Z ViePr + Z Z Z CijXiji + Z Z Z CiriYinl
J k i1 i ko1
+) Y TCuBu+Y Y > SiuQim+ Y>> SV
ko1 i ko1 PGl
Subject to:

Y Xij=1Viandl,
J

(5.2)
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ZY}M = Zj Vi and Z, (53)
%

3 aaXin < b; vV, (5.4)
i1

ZXZ:bJ‘ijl < b VEk, (5.5)
j

Xijl S Zj VZ,] and l, (56)

ijl < Pk VJ,]C and l, (57)

DL R (5.8)
J

ZPk <W, (5.9)
k

Bkl = Z ijl V k and l, (510)

J

> Qim=> Vi Vjandl, (5.11)
k i

> Vi =aygViandl, (5.12)
J

XijlaifjklaZj7Pk:{071}Vi7jakand la (513)

By, Vir, Qi 2 0V 4,5,k and [, (5.14)

In the following, five PLOT problems with different dimensions were considered. These problems have different
numbers of customer zones (i), cross-docks (j), product families (1), and warehouses (k). Each of these problems was
solved 30 times by the MALL algorithm and other competing algorithms; the statistical results are presented in[Table]
[[0] and The MALL algorithm has provided very favorable competitive results, which statistically show better
quality than other competing algorithms.

Table 10: results of PLOT problems.

PLOT size MALL GA PSO SA TLBO
iXjxIxk Mean Std.Dev. Mean  Std.Dev. Mean  Std.Dev. Mean  Std.Dev. Mean  Std.Dev.
8x4x4x3 2275.5 426.7 3188.9 930.6 2860.2 669.8 4841.9 64.3 2750.4 504.5
10x5x5x4 3864.5 393.3 4508.6 825.8 3957.6 387.8 5230.9 174.7 4220.8 471.3
12x6 x6x4 4708.7 852.3 5312.9 1016.5 4965.6 767.6 6914.8 216.7 5769.7 682.8
15X 7x7x5 52955 461.9 7050.0 485.8 7050.0 485.8 8527.5 70.3 6540.0 134.4
20x 8 x5 x8 6194.8 144.6 8554.3 1397.1 8107.2 1145.1 9682.8 185.1 6954.7 542.6
PLOT 8x4x4x3 PLOT 10x5x5x4 PLOT 12x6x6x4 PLOT 15x7x7x5 PLOT 20x8x5x8
= 6000 8000 é 8000 - 10000 %
4000 é 5000 ° é 6000 é é =
3000 @ E Q I? 6000 I% 8000
4000
2000 E 3 @ o0 4000 6000 —== Ié
Mall GA PSO SA TLBO Mall GA PSO SA TLBO Mall GA PSO SA TLBO Mall GA PSO SA TLBO Mall GA PSO SA TLBO

Figure 15: Boxplot analysis of PLOT problems.
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This comprehensive study states that the proposed MALL algorithm has desirable competency among other com-
peting algorithms. In the benchmark functions, the performance of the MALL algorithm in terms of avoiding local
optima, exploration, exploitation, and convergence proved, and the results of real problems indicate the superior per-
formance of the proposed algorithm in solving these problems. Finally, this algorithm is proposed to solve supply
chain problems.

6 Conclusion

This research presents a novel optimization algorithm based on population called the Mall Optimization Algorithm
(MALL), inspired by human behavior in shopping malls. The proposed method of this algorithm is an imitation of
the behavior of customers, tourists, and all kinds of sellers in malls. Thirty benchmark functions and ten challenging
functions of CEC-C06 2019 were evaluated to test the performance of this algorithm in terms of avoiding local optima,
exploration, exploitation, and convergence.

The results indicate that MALL can produce highly competitive results compared to the well-known algorithms
GA, PSO, SA, and TLBO. First, the results on unimodal functions showed a more favorable exploitation of the
MALL algorithm. Second, the exploration ability of MALL was confirmed by the results presented in multimodal
functions. Third, the results of the composite functions proved the effectiveness of avoiding the local optimum. Fourth,
statistical analyses were discussed in comparison with other metaheuristic algorithms and confirmed the desirability
of this proposed algorithm. Finally, the MALL convergence analysis proved the convergence of this algorithm.

In addition, the results of the supply chain problems showed that the MALL algorithm has high performance in
the unknown and challenging search space. This algorithm showed a significant improvement in the PLOT problem
compared to the current approaches, which shows its application in solving real problems.

For future work, we plan to applying MALL to other problems, and control the performance of the suggested
algorithm, and develop a multi-objective version of the MALL algorithm. Also redevelop this algorithm according to
behaviors of other interested parties of shopping mall.
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