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ABSTRACT
This study focuses on optimising sales of different brands of a single-product supply chain model
that consists of several manufacturers and a retailer. The price and quality of the products drive
competition between manufacturers who sell a single product through a retailer to the customers.
This study aims at maximising the profit values of the retailer and manufacturers, simultaneously.
Accordingly, four scenarios are defined with respect to the different contracts, including the cost
sharing, profit sharing, revenue sharing, and buyback. Mean-variance risk management is applied
to the proposed models. A full-refund return policy and warranty are also considered. A novel
hybrid metaheuristic that combines the advantages of the group search optimiser (GSO) and human
behaviour-based optimisation (HBBO) algorithms, entitled ‘GSO-HBBO’ algorithm is provided to find
the high-quality solutions in fewer numbers of the iterations. The performance of the GSO-HBBO
algorithm is compared with the GSO and HBBO algorithms based on different measures such as
quality of the generated solutions and CPU-Time. The results show that the presented algorithm
generates much better solutions than GSO and HBBO algorithms in a reasonable time. The manage-
rial insights confirmed that the profit-sharing and buyback contracts make the most profit for both
manufacturer and retailer.

KEYWORDS
Revenue sharing contract;
inventory; buyback contract;
warranty policy; group
search optimiser; human
behaviour-based
optimisation

1. Introduction

Modern supply chains (SCs) are challenged by ever-
growing competition and a highly unstable business envi-
ronment. Under such circumstances, the objective of
making an efficient SC at the cost of effectiveness exposes
the organisations to risk. The risks in SC lead to serious
repercussions like inferior product quality, loss of prop-
erty and machinery, loss of a firm’s brand reputation,
delivery delays, conflict among various shareholders, and
a sharp decline in the firm’s share price (Rahimi et al.,
2019; Tarei et al., 2018; Tarei et al., 2022). Nowadays,
the competition between brands is becoming increas-
ingly intensive in business markets (Amrouche et al.,
2022). Accordingly, in the global marketplace, distinction
between brands creates competitive advantages, since the
main components of a brand, including price, quality,
attractiveness, risk of selling, and lead time can be distin-
guished to increase the market share in the competitive
environment of the global markets. Since the manufac-
turers produce a particular product as their brand, the
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competition would be much intensified so that it pres-
sures manufacturers to improve their brand performance
as an asset and leverage the boosted performance against
the rivals. Customers significantly notice the main com-
ponents of brands, such as price points, quality, and
warranties that differentiate between brands. These fea-
tures completely affect a given brand’s reputation and
total revenue. This issue demonstrates the importance
of this research and motivates us to focus on the most
important components of a brand, including its pricing
and warranty policies. To address this, we list the main
questions of this research as follows: (i) how much is
the optimum selling price per brand for a retailer? (ii)
how much is the optimum wholesale price per brand
for each one of the manufacturers? (iii) how many war-
ranty periods would be economical? As a clarification on
the main components of a brand, we first focus on war-
ranty. A warranty is a type of guarantee that enables the
manufacturers to ensure the specifications and durabil-
ity of a product. This policy assures customers that the
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manufacturer’s products work properly. The warranty
is proposed because of pre-design errors that require
exchange or repair. In this study, the warranty is consid-
ered as a policy that all manufacturers employ to boost
demand for their products. The warranty forms the basis
of a contract between the manufacturer and the customer.
Some manufacturers use a warranty to send the signal
to customers that they are not enjoined in a direct con-
ventional relationship with them. Risk management as
an important part of supporting brands reputations is
a key main concept in supply chain management, since
a supply chain with uncertain parameters leads to risky
decisions that directly affect the components of a brand.
This issue clarifies another part of our research impor-
tance. To address this, we investigate the risk level for
inventory decisions by estimating two parameters: the
expected under-stocking and over-stocking risks. The
agents of the supply chain may have a specific perspec-
tive about risk. Finally, the return policy as another part
of this research that directly affects the components of
the brand would be investigated in this research. In mar-
ketplaces that offer multi-brand products, the customers
who are not satisfied with a brand can change their choice
of brand upon subsequent purchases. To consider this
behaviour and keep customers committed to a particu-
lar brand, some manufacturers offer a valued-customer
return policy. Although, the use of a return policy may
impose negative impacts on a company, such as increas-
ing the processing costs, devaluation of products, and
delayed sales. Despite these negative impacts, a manu-
facturer’s full-refund policy is frequently offered in the
current marketplace, especially in multi-echelon supply
chains.

By taking all aforesaid issues into account to address
these challenges, this study designs a two-echelon supply
chain with three levels that include multiple manufac-
turers and a retailer. In this chain, multiple brands of
a product are distributed to a retailer, and then cus-
tomers purchase their favourite brand from the retailer.
We consider the impacts of some customer-friendly poli-
cies, such as return policies, full refund policies, and
warranties, on the demand and revenue. We also inves-
tigate some contracts between the manufacturers and the
retailer, with respect to risk management. These con-
tracts are selected and compared with regard to their
pricing and quality features and their applications in the
existing literature. The main novelties and contributions
of this research are as follows: (i) a competition-based
model driven by the price and quality of products; (ii)
four scenarios by taking a full-refund return policy and a
warranty into account; (iii) a hybrid metaheuristic, titled
‘GSO-HBBO’ algorithm, that is able to find the optimum
solution in less time by rapidly searching the feasible

regions; and (iv) investigation of the effects of profit-
sharing and buyback contracts on manufacturers and
retailer profits. The remainder of the paper is organised
as follows: A comprehensive review of existing literature
is presented in Section 2. Section 3 presents descriptions
of the problem and the proposed mathematical mod-
els for all four scenarios. The solution method, which
is the GSO-HBBO algorithm, is explained in Section 4.
Section 5 presents the computational results. In Section 6,
the discussion revolves around managerial implications.
Finally, the conclusion and future research directions are
stated in Section 7.

2. Literature review

The literature is classified according to concepts consid-
ered and addressed in this study. Hence, articles about
well-known contracts featuring return and refund poli-
cies, warranties, risk management frameworks, and exist-
ing solution approaches are reviewed.

Several studies correspond to cooperating contracts
that incorporate practical strategies (e.g. warranties and
returns, among other factors) in supply chain manage-
ment. Li et al. (2017) applied a commitment unidirec-
tional contract and commitment bidirectional contract in
a decentralised supply chain. They considered one man-
ufacturer and one retailer with uncertain demand values
for seasonal products. Ghandi and Lin Lawell (2017)
evaluated risk and rate of return (ROR) for an interna-
tional oil company located in Iran that used a buyback
contract. They noted a capital cost limit and pre-defined
price in the contracts issued between 2008 and 2009. In
accordance with the considered risk factors, the negative
effect of a capital cost violation on company ROR was
clarified. Taleizadeh and Noori-daryan (2016a) examined
a return policy in manufacturing and remanufacturing
models with respect to the quality level. Yoo et al. (2015)
studied the application of a return policy and specific
contracts, such as buy back and quantity discount, in
a supply chain consisting of a supplier and a retailer.
Taleizadeh and Noori-Daryan (2016b) studied the appli-
cation of pricing and inventory policies on a supply chain
consisting of a supplier, a producer, and multiple retail-
ers. Chakraborty et al. (2016) considered the sensitivity of
product price and quality in a competitive environment
consisting of a supply chain containing a manufacturer
and a retailer selling two brands of a product through
an applied cost-sharing contract (Bai et al., 2017; Yang &
Chen, 2018). Hu et al. (2017) applied a revenue-sharing
contract in a supply chain by presuming two products
which come from different manufacturers and are subject
to product substitution. They concluded that a revenue-
sharing contract can modify the chain. Bengal reported
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on a cooperation and profit-sharing contract in a supply
chain made up of one manufacturer and one retailer of
a perishable product; the author discovered that profit
sharing can harmonise the chain and bring win- win
outcomes for all members.

Additionally, some research incorporated multiple
coordination contracts, and compared the correspond-
ing results. For example, Gan et al. (2005) studied two
buyback and revenue-sharing contracts in a supply chain,
containing a supplier and a retailer. In some recent
publications, buyback versus revenue-sharing contracts,
and cost-sharing versus revenue-sharing contracts, are
respectively investigated by Zhang et al. (2016) and Yu
et al. (2020) in two supply chain management problems.
Thereby, a proper analysis of the performance of such
contracts, which are related to pricing and quality of the
products, looks interesting. Wu et al. (2020) and Gharaei
et al. (2023) also introduced a dual-channel reverse sup-
ply chain (DRSC) with online and offline recycling chan-
nels. They first designed a Stackelberg game model under
centralised and decentralised decision making for DRSC
with recycling centre and TPR, respectively, and achieved
optimal and maximum profit decisions. In the following,
they entered into a revenue-sharing contract between the
recycling centre and TPR with the aim of optimising the
interests of supply chain members under decentralised
decision-making. In recent years, supply chain manage-
ment has emerged as a critical area of research because
of its potential to improve the efficiency and profitability
of supply chain networks. Mishra et al. (2022) investigate
developing environmental collaboration among supply
chain partners for sustainable consumption and pro-
duction. The authors focus on the auto sector supply
chain and develop a framework for evaluating the envi-
ronmental collaboration among supply chain partners.
The results suggest that environmental collaboration can
lead to improved environmental performance, reduced
costs, and increased profits for all parties involved. He
et al. (2022) investigate cooperation among suppliers of
complementary products in repeated interactions. The
authors develop a theoretical model to analyse the impact
of collaboration on the pricing and inventory decisions of
suppliers. The results suggest that cooperation can lead
to more efficient supply chain networks and higher prof-
its for all parties involved. Zhang et al. (2023) examine
contract design and comparison under the opportunity
cost of working capital. Specifically, the authors com-
pare the buyback contract and revenue-sharing contract.
The results suggest that the buyback contract is more
effective in situations where the opportunity cost of work-
ing capital is high, while the revenue-sharing contract is
more effective in situations where the opportunity cost of
working capital is low. Finally, Koussis and Silaghi (2023)

explore revenue-sharing and volume flexibility in the
supply chain. The authors develop a mathematical model
to analyse the impact of revenue-sharing contracts on the
supply chain network. The results suggest that revenue-
sharing contracts can lead to more efficient supply chain
networks and higher profits for all parties involved.

In the warranty literature, Giri and Maiti (2014)
applied a warranty policy in a supply chain model that
featured multiple manufacturers and a retailer. Chen
et al. (2016) studied the costs of a non-renewable two-
dimensional combination of two warranty types used
to expand the product life cycle by a remanufacturing
process. They also suggested some strategies for reman-
ufacturers to use in creating appropriate warranty peri-
ods. Alqahtani et al. (2017) investigated the effects of
warranty policy for remanufactured products. They con-
cluded that longer warranty periods create higher war-
ranty costs. Sadeghian et al. (2016) evaluated the opti-
mum warranty period for products that deteriorate by
considering the simultaneous inspection of equipment
and products. Chen et al. (2016) presumed that a retailer’s
order depends on the manufacturer’s price and war-
ranty period. In addition, they improved the profit func-
tion value by introducing a quality investment policy
for a supply chain. Taleizadeh and Noori-daryan (2016a)
investigated the effect of a warranty policy on the com-
petitive environment between two markets with mem-
bers at different levels of willingness to pay. Recently, Ji
et al. (2021) examined the various effects of recycling
channels and warranty channels on the manufacturer,
retailer, and the entire supply chain system from the
perspectives of consumers, CLSC members, and the envi-
ronment. To this end, they proposed four closed-loop
supply chain (CLSC) game models with recycling chan-
nels and warranty channels, and after determining the
optimal strategy, presented two contracts to coordinate
the supply chain members. Furthermore, Mansouri and
Sahraeian (2021) optimised a closed-loop supply chain
network while dealing with disruptions in distribution
centres in two dimensions of economic and environmen-
tal sustainability. In this regard, adding warranty peri-
ods, reworking options and incentives to return used
items were suggested as solutions to minimise customer
costs. Warranty policies are an important aspect of sup-
ply chain management that can impact the profitability
of manufacturers and retailers. Mutlu and Yildiz (2021)
investigate the determination of the optimal warranty
policy and period from the manufacturer’s/seller’s per-
spective. The authors develop a mathematical model to
analyse the impact of different warranty policies on the
manufacturer’s/seller’s profits. The results suggest that
the optimal warranty policy and period depend on the
product’s reliability, the cost of repairs, and the selling
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price. Sarada and Sangeetha (2022) explore the coordi-
nation of a reverse supply chain with price and warranty
dependent on random demand under collection uncer-
tainties. The authors develop a mathematical model to
analyse the impact of different warranty policies on the
coordination of the reverse supply chain. The results sug-
gest that incorporating warranty policies in the reverse
supply chain can lead to more efficient supply chain net-
works and higher profits for all parties involved. Saha
and Giri (2023) investigate consumers’ purchasing deci-
sions in a dual-channel supply chain system under return
and warranty policies. The authors develop a mathemat-
ical model to analyse the impact of different return and
warranty policies on consumers’ purchasing decisions.
The results suggest that consumers’ purchasing decisions
are influenced by the warranties offered by the manufac-
turer and retailer, and the return policy of the retailer. Ai
et al. (2023) examine channel coordination with extended
warranty when retailers compete. The authors develop a
mathematical model to analyse the impact of extended
warranty policies on the coordination of the supply chain
when retailers compete. The results suggest that extended
warranty policies can lead to more efficient supply chain
networks and higher profits for all parties involved, but
the coordination of the supply chain is challenging when
retailers compete. Finally, Liu et al. (2023) investigate
optimal extended warranty pricing and retailing strate-
gies in a closed-loop supply chain. The authors develop
a mathematical model to analyse the impact of different
extended warranty policies on the pricing and retailing
strategies in a closed-loop supply chain. The results sug-
gest that incorporating extended warranty policies in a
closed-loop supply chain can lead to more efficient supply
chain networks and higher profits for all parties involved.

In the context of risk management, Choi (2013) eval-
uated the supply chain by mean-variance (MV) models,
which were subsequently studied by Dew-becker et al.
(2017), Akhtar and Jahromi (2017), and Cui et al. (2017).
Shen et al. (2013) considered a risk-averse manufacturer
and a risk-neutral retailer to investigate the effect of a
markdown policy in a supply chain for a real case from
the apparel industry. Gan et al. (2005) studied the effect
of some well-known contracts on the supply chain of
a risk-neutral supplier and a risk-averse retailer. They
concluded that coordination in a supply chain with a
risk-averse retailer with well-known contracts is infea-
sible. Chiu and Choi (2016) also reviewed the litera-
ture of MV analytical models in supply chain manage-
ment. Recently, Bai et al. (2020) provided a single pro-
ducer and single retailer supply chain with risk averse
members under carbon tax policy. Taking into account
the selling price and the level of sustainable technol-
ogy and the advertising effort in stochastic demand, they

used the mean variance approach to develop and com-
pare two optimisation models for production-oriented
decentralised supply chains with and without technol-
ogy investment. Wan et al. (2022), using the mean vari-
ance approach, with the aim of minimising risk and
achieving the producer profit goal, designed an inven-
tory purchase problem. In their study, the manufac-
turer can reserve the components from suppliers to
optional contracts or fall into the trap of an instant
market to buy components quickly in order to meet
definite demand. Moreover, much research corresponds
to the MV risk-sensitive framework in supply chain
management (Choi et al., 2019; Xue et al., 2016; Zhuo
et al., 2018).

Pricing problems can be solved by using different
methods. Wu et al. (2017) applied the Stackelberg game
theory to obtain an optimal period for using a trade
credit in a supply chain facing default risk. Mostly, game
theory approaches were used to investigate the mod-
els corresponding to different contracts in such prob-
lems (Chakraborty et al., 2016; Yu et al., 2020). To the
best of our knowledge, meta-heuristics are rarely con-
ducted for supply chain management with coordinating
contracts. However, some researchers developed meta-
heuristic algorithms for cases with policies studied in
this study. For example, Diabat et al. (2013) used a
genetic algorithm (GA) and an artificial immune sys-
tem to tackle a problem arising from the product return
policy in a multi-echelon reverse logistic network. More-
over, Taleizadeh et al. (2019) proposed a non-dominated
sorting genetic algorithm (NSGA-II), a basic bee meta-
heuristic, and a teaching-learning-based optimisation
algorithm for an imperfect production system taking into
account the quality of the product and a return sys-
tem with two warranty policies. Kaya and Uerk (2016)
designed a model to determine the prices for new prod-
ucts, inventory amounts and optimal locations of the
facilities. In addition, in order to maximise the total
supply chain profit, they considered incentive values for
the collection of right amount of used products. Fattahi
et al. (2018) presented a novel multi-stage stochastic pro-
gramme to tackle the problem of a multi-period supply
chain network redesign. in their model, tactical deci-
sions such as products’ prices and strategic redesign deci-
sions were also made. Chen and Chen (2020) presented
a pricing model to determine the optimal price for the
entire selling season to minimise the maximum regret.
in their model, a seller sells some products during a sell-
ing horizon with limited demand information. Pando
et al. (2021) developed an inventory model in which
demand rate depended on the selling price and the stock
level. In order to maximise the return on inventory man-
agement expense, they consider three types of variables
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including the reorder point, the selling price and the
order-level. Zhan et al. (2020) studied the effect of includ-
ing consumer behaviour application in product sales
prediction research in e-commerce. Recently, Keshavarz-
Ghorbani and Pasandideh (2021) also used three genetic
algorithms, invasive weed optimisation algorithm, and
moth flame optimisation algorithm to create a multi-
stage serial closed-loop supply chain (CLSC) model con-
sidering the reworking process, batch delivery, random
defective rate, quality-dependent return rate, and learn-
ing effects. Then, in order to choose the best algorithm to
solve their model, they used Fibonacci algorithm. Amja-
dian and Gharaei (2022) developed a closed-loop sup-
ply chain including a supplier, a producer, a wholesaler,
multiple retailers, and a collector in which multi-stage
products are considered according to green production
principles and quality control policy under various sales
deficiencies and missed sales. The purpose of their study
is to obtain the optimal number and volume of inven-
tory of products so that the cost of the entire supply
chain is minimised. Ultimately, Cárdenas-Barrón et al.
(2021) designed a model which shortage was allowed
and demand rate depended on both the selling price and
time according to a power pattern. The impact of the
selling price and a time power function are also com-
bined by demand for the product. Khan et al. (2023)
explore the effects of an all-units discount on the pric-
ing and replenishment policies of an inventory model
under a power demand pattern. The authors develop a
mathematical model to analyse the impact of different
pricing and replenishment policies on business profits.
The results suggest that offering an all-units discount
can lead to more efficient inventory management and
higher profits for the business. Fallahi et al. (2022) inves-
tigate a constrained multi-item EOQ inventory model
for reusable items. The authors develop a mathematical
model to analyse the impact of reinforcement learning-
based differential evolution and particle swarm optimisa-
tion on inventory management. The results suggest that
the proposed model can lead to more efficient inventory
management and higher profits for the business.

According to existing literature, studies on multiple
manufacturers’ pricing models could benefit from con-
sideration of information gaps. Such gaps include work
still needed on full refunds, returns, warranties, risk man-
agement frameworks, and comparisons of several well-
known coordinating contracts in a supply chain that fea-
tures multiple manufacturers and a retailer. Features from
studies that attempted to fill these gaps are compared with
those of our study in Table 1.

Overall, our main objective for this work is to max-
imise the profit functions defined in different scenarios.

After we reviewed the research gaps found in the existing
literature review, we believe that the unique contribution
of this work could be the profit functions we propose
for a two-echelon supply chain with three levels con-
sisting of multiple manufacturers and a retailer. Other
contributions of this work are as follows:

• Application of a return policy that offers a full refund,
warranty, and risk management in a pricing problem;

• Evaluation of the effect of profit-sharing, revenue-
sharing, and cost-sharing, and buyback contracts on
the profit function;

• Use of uncertainty in a demand function in which
the probability of buying each manufacturer’s prod-
uct follows a uniform distribution in [a, b] with mean
μ = a+b

2 and variance σ 2 = (b−a)2

12 ; and
• A novel hybrid of the GSO-HBBO algorithm to gen-

erate high-quality solutions.

3. Mathematical models

In this section we explain the distribution and selling of
a multi-brand product through multiple manufacturers
and a retailer. The manufacturers produce a particular
product and sell it to the retailer who sells it to cus-
tomers. In this study, we combined the full-refund pol-
icy introduced by Giri et al. (2017) with cost-sharing,
revenue-sharing, profit-sharing, and buyback contracts
for unsold products. Uncertain demand was considered
for each manufacturer’s product. In addition, the pro-
posed scenarios were investigated under mean-variance
(MV) risk and a warranty policy. Some notations used in
the proposed model are as follows:

Set

i = {1, 2, . . . , n} Manufacturers

Deterministic parameters

n Number of brands
t Fit cost of product
ci Unit production cost of ith brand’s product
bi Unit warranty cost of ith brand’s product
s Scrap value of per unit of returned product
r Reservation price of per unit of product
Di Demand of ith brand’s product in retailer point
DLi Demand value of the loyal customers for ith brand’s product
α Sensitivity parameter for product quality (α > 0)
η Cost of quality improvement per unit (η > 0)
β Rate of return for the product (when customer is dissatisfied with the

product)
d Product discrimination parameter
xi Probability of buying ith brand’s product
f Sensitivity parameter for product warranty (f > 0)
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Table 1. Review of related studies.
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Diabat et al. (2013) � � �
Xu et al. (2014) � � � �
Giri and Maiti (2014) � � �
Zhang et al. (2016) � � � � �
Li et al. (2017) � � � �
Giri et al. (2017) � � � �
Yoo et al. (2015) � � � �
Ghandi and Lin Lawell (2017) � � � �
Bai et al. (2017) � � � �
Taleizadeh et al. (2019) � � � � �
Yu et al. (2020) � � � �
Fallahi et al. (2022) � � � �
Khan et al. (2023) � � �
Koussis and Silaghi (2023) � � � �
Liu et al. (2023) � � � � �
This study � � � � � � � � �

Decision variables

pi Unit selling price of ith brand’s product in retailer point (pi > wi)

wi Unit wholesale price of manufacturer i
l Number of warranty periods
θi Quality of ith brand’s product

The proposed general model was introduced by
Hotelling (1990) and is known as the Hotelling model.
In this model, an ideal priority space is considered for
all brands in the market. The presumption of a uniform
distribution for the customer’s priority to buy the ith
brand’s product is typically used for a Hotelling model
(Xu et al., 2010). The entire market is divided into n man-
ufacturers selling a product through a retailer. Customi-
sation leads these manufacturers to differentiate between
brands. Because of the differentiation, customers set dif-
ferent priorities for buying each product according to
its brand. The choice to buy each brand of product also
depends on the customer’s pocketbook. If the product
fits one’s budget, the customer may decide to buy it. The
differentiation among the manufacturers was considered
parameter d, such that a brand with a higher brand dis-
tinction d is less substitutable, and vice versa. Also, xi
was defined as the difference between a customer’s like-
lihood of buying or not buying the ith brand’s product
and this likelihood parameter must be less than d. We also
assume that only n manufacturers exist in the market, and
no other manufacturers could enter the market; hence,
more additional manufacturers do not affect the demand
and the competition necessarily increases among existing
manufacturers. Consequently, the sum of all likelihood

values for all existing brands equals d.

n∑
i=1

xi = d (1)

According to Giri et al. (2017), a utility function
for each brand’s product is defined in relation to some
parameter, such as reservation price of the product (the
value of a product from the customer viewpoint), prod-
uct quality and price, and fit costs. In this way, the utility
function has a direct relation to the reservation price and
quality of the product, but it has an indirect relation to the
other parameters. This definition means that when these
parameters are increased, the utility of the product is also
increased and the opposite is also true. However, when
price or fit cost of the product is increased, the utility
value is decreased (and the opposite is true). The utility
function is written as follows:

Ui = r − pi + αθi − xit (2)

According to the introduced utility function for a
brand’s product, if U < 0, then the customer will not be
interested in buying the product, but if U > 0, then the
customer will find the product attractive for buying. Of
course, some customers are loyal to specific brands in the
market and do not buy other brands. In addition to these
brand-loyal customers, however, other shoppers look for
the best choice, creating competition between manufac-
turers for non-loyal customers. Therefore, to determine
the likelihood of a customer buying a particular brand’s
product, we equate utility functions with respect to the
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proposed likelihood constraint (Equation (1)).

r − pi + αθi − xit = r − pj + αθj − xjt

i, j = 1, 2, 3, . . . , n (i �= j) (3)

According to Equations (1) and (3), for all manufac-
turers, the marginal likelihood of a customer buying a
particular brand’s product is as follows:

x̂i =
td − (n − 1)(pi − αθi) + ∑n

i�=j(pj − αθj)

nt
(4)

The demand value for the loyal customers (DLi) could
be calculated by considering a utility function greater
than zero (Ui > 0), which is shown in Equation (5).
Moreover, regarding Equation (4), the total demand for
the ith brand’s product is obtained through Equation (6)
as follows:

DLi = r − pi + αθi

t
(5)

Di = x̂i + r − pi + αθi

t
i = 1, 2, 3, . . . , n (6)

To apply risk management in this study, the MV risk
function was taken into account in the proposed profit
functions. Furthermore, risk profit trade-off (Markowitz,
1959) is a very important objective in service science
(Michalk et al., 2011; Xiao et al., 2012). Lau (1980) intro-
duced MV function for the newsvendor problem. Lau
and Lau (1999) also developed MV models for profit
functions of a manufacturer and retailer. Choi (2013)
used the MV model to handle a decision-making prob-
lem for a risk-averse service provider. According to the
proposed utility function for each brand’s product, MV
models for profit functions of the manufacturer (see
Equation (7)) and the retailer (see Equation (8)), respec-
tively, are as follows:

UM = E[πM] − kV[πM] (7)

UR = E[πR] − kV[πR] (8)

In Equations (7) and (8), k is the service provider’s
level of risk aversion. A large value of k refers to a highly
risk-averse manufacturer or retailer, and a k of 0 refers
to a manufacturer or retailer that aims solely to max-
imise the expected profit value; that is, the manufacturer
or retailer is risk neutral. In these models, E[πM] is the
expected value for a manufacturer’s profit, and V[πM]
is the variance of the manufacturer’s profit. The terms
E[πR] and V[πR] denote the expected value and variance
for retailer’s profit, respectively.

For the proposed MV models used for considering
risk, the warranty is considered in the developed profit
functions in different scenarios. These scenarios were

defined with respect to four contracts between the man-
ufacturers and retailer. A full-refund policy is included in
all scenarios because it helps the contracts perform bet-
ter than when it is not included. Moreover, the following
assumptions have been considered in the models:

• Customers dissatisfied with a product and can return
it. The rate of product return is β (as per Chen &
Grewal, 2013). Because of inspection and repackag-
ing, this product cannot be resold in the same period
in which it is returned.

• The salvage value of the returned product is denoted
as s and is the same for each brand’s products.

The ith brand’s quality cost is given by ηθ2
i

2 , which is a
convex function in θi (Yan & Pei, 2009).

• Modelling in each scenario is specified for the
retailer’s profit, each manufacturer’s profit, and total
profit of n manufacturers.

• Warranty cost of the ith brand’s product is given by
bi′ti.

• The profit functions include two main parts: revenue
value and total cost value for the manufacturers and
retailer.

• Uniform distribution is considered for xi to calculate
the expected value and variance of the following profit
functions, respectively, in the MV model: μx and σ 2

x.

3.1. Scenario 1: cost sharing under a full-refund
policy

Giri et al. (2017) have shown that when demand is pre-
dictable, the retailer’s order quantity aligns with the total
demand at the customers’ end. In this scenario, each
manufacturer shares costs with the retailer, for which μ

is the portion of total production cost calculated in the
profit function of the manufacturer, and (1 − μ) is the
portion of the total cost calculated in the retailer’s profit
function. The profit of each manufacturer is:

π cs
M,i = ((1 − β)wi + βs)Di − μ

(
ciDi + ηθ2

i
2

+ bili
)
(9)

Consequently, the overall profit of all manufacturers
can be determined using the formula presented in Giri
et al. (2017), which is as follows:

π cS
M =

n∑
i=1

π cs
M,i (10)
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Furthermore, the profit function for the retailer can be
expressed as follows:

π cs
R =

[
(1 − β)

( n∑
i=1

(pi − wi

)
Di)

]

−
[
(1 − μ)(ciDi + ηθ2

i
2

+ bili)
]

(11)

Concerning the expectation and variance of uniform
distribution for xi, the expected value and variance of
profit for each manufacturer (Equations (12) and (13))
and the retailer (Equations (14) and (15)) are as follows:

E[πCS
M,i] = ((1 − β)wi + βs)

(
μx + r − pi + αθi

t

)

− μ

(
ci

(
μx + r − pi + αθi

t

)
+ ηθ2

i
2

+ bili
)

(12)

V[πCS
M,i] = (((1 − β)wi + βs)2σ 2

x )

+ ((1 − β)wi + βs)
(

r − pi + αθi

t

)

− (μci)
2σ 2

x

− μ

(
ci

(
r − pi + αθi

t

)
+ ηθ2

i
2

+ bili
)

(13)

E[πCS
R ] =

[
(1 − β)

( n∑
i=1

(pi − wi)

+
(

μx + r − pi + αθi

t

))]

−
[
(1 − μ)

(
ci

(
μx + r − pi + αθi

t

)

+ ηθ2
i

2
+ bili

)]
(14)

V[πCS
R ] =

[
(1 − β)

[ n∑
i=1

(pi − wi)
2(σ 2

x )

+
n∑

i=1
(pi − wi)

(
r − pi + αθi

t

)]]

−
[
((1 − μ)(ci))

2σ 2
x − (1 − μ) (ci

+
(

r − pi + αθi

t

)
+ ηθ2

i
2

+ bili
)]

(15)

According to Equations (12)–(15), the MV objective
functions for the manufacturers and the retailer are as

follows:

UCS
M,i = ((1 − β)wi + βs)

(
μx + r − pi + αθi

t

)

− μ

(
ci

(
μx + r − pi + αθi

t

)
+ ηθ2

i
2

+ bili
)

− k
[
(((1 − β)wi + βs)2σ 2

x )

+ ((1 − β)wi + βs)
(

r − pi + αθi

t

)]

− k
[
(μci)

2σ 2
x − μ

(
ci

(
r − pi + αθi

t

)

+ ηθ2
i

2
+ bili

)]
(16)

UCS
R =

[
(1 − β)

( n∑
i=1

(pi − wi)

×
(

μx + r − pi + αθi

t

))]

−
[
(1 − μ)

(
ci

(
r − pi + αθi

t

)
+ ηθ2

i
2

+ bili
)]

− k

[
(1 − β)

[ n∑
i=1

(pi − wi)
2(σ 2

x )

+
n∑

i=1
(pi − wi)

(
r − pi + αθi

t

)]]

− k
[
((1 − μ)(ci))

2σ 2
x − (1 − μ)

×
(

ci

(
r − pi + αθi

t

)
+ ηθ2

i
2

+ bili
)]

(17)

3.2. Scenario 2: profit sharing under a full-refund
policy

In the profit sharing with full-refund scenario, σ is the
portion of the profit for the retailer and the remaining
profit is calculated as each manufacturer’s profit. The
profit of each manufacturer is obtained by

π
ps
M,i =

(
(1 − σ)

(
(1 − β)

n∑
i=1

(pi − wi)Di

))

× ((1 − β)wi + βs − ci)Di − ηθ2
i

2
− bit (18)

The profit for all manufacturers is equal to the sum of
each manufacturer’s profit as follows:

π
pS
M =

n∑
i=1

π
ps
M,i (19)
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The profit function for the retailer is:

π
pS
R = σ

(
(1 − β)

n∑
i=1

(pi − wi)Di

)
(20)

By considering risk management, the MV objective func-
tions for the manufacturers and the retailer are:

Ups
M,i =

[
(1 − σ)

(
(1 − β)

( n∑
i=1

(pi − wi)

×
(

μx + r − pi + αθi

t

)))]

+
[
((1 − β)wi + βs − ci)

(
μx + r − pi + αθi

t

)

− ηθ2
i

2
− bili

]

− k

[
(1 − σ)(1 − β)

[ n∑
i=1

(pi − wi)
2(σ 2

x )

+
n∑

i=1
(pi − wi)

(
r − pi + αθi

t

)]]

− k
[[

((1 − β)wi + βs − ci)
2σ 2

x

+ ((1 − β)wi + βs − ci)

(
r − pi + αθi

t

)]

− ηθ2
i

2
− bili

]
(21)

Ups
R =

[
σ(1 − β)

( n∑
i=1

(pi − wi)

×
(

μx + r − pi + αθi

t

))]

− k

[
σ(1 − β)

[ n∑
i=1

(pi − wi)
2(σ 2

x )

×
n∑

i=1
(pi − wi)

(
r − pi + αθi

t

)]]
(22)

3.3. Scenario 3: revenue sharing under a full-refund
policy

In the revenue sharing with full-refund scenario, φ is
the retailer’s portion of the revenue, and the remaining
revenue is calculated as each manufacturer’s revenue as
follows:

π rs
M,i = ((1 − β)(wi + (1 − 	)pi) + βs − ci)Di

− ηθ2
i

2
− bit (23)

The profit for all manufacturers is equal to the sum of
each manufacturer’s profit as follows:

π rS
M =

n∑
i=1

πCs
M,i (24)

The profit function for the retailer is:

π rS
R = (1 − β)

n∑
i=1

(	pi − wi)Di (25)

According to the MV models, the objective functions for
the manufacturers and the retailer are:

Urs
M,i =

[
((1 − β)(wi + (1 − 	)pi) + βs − ci)

×
(

μx + r − pi + αθi

t

)
− ηθ2

i
2

− bili
]

− k[((1 − β)(wi + (1 − 	)pi) + βs − ci)
2σ 2

x ]

− k
[[

((1 − β)(wi + (1 − 	)pi) + βs − ci)

+
(

r − pi + αθi

t

)]
− ηθ2

i
2

− bili
]

(26)

Urs
R =

[
σ(1 − β)

( n∑
i=1

(	pi − wi)

+
(

μx + r − pi + αθi

t

))]

− k

[
σ(1 − β)

[ n∑
i=1

(	pi − wi)
2(σ 2

x )

+
n∑

i=1
(	pi − wi)

(
r − pi + αθi

t

)]]
(27)

3.4. Scenario 4: buyback under a full-refund policy

In the buyback with full-refund scenario, the product
brand i is sold to the retailer at price ′wi, and y% of the
products are assumed to remain unsold and are bought
back by the manufacturer at price h. The profit of each
manufacturer is:

πbb
M,i = ((1 − β)w′

i + βs)(1 − y)Di − (ci + hy)Di

− ηθ2
i

2
− bili (28)

The profit for all manufacturers is equal to the sum of
each manufacturer’s profit as:

πbb
M =

n∑
i=1

πbb
M,i (29)
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The profit function of the retailer is:

πbb
R = (hyDi) +

[
(1 − y)(1 − β)

n∑
i=1

(pi − w′
i)Di

]

(30)
Concerning to the MV models, new profit functions for
the manufacturers and the retailer are:

Ubb
M,i =

[
((1 − β)w′

i + βs)(1 − y)

(
μx + r − pi + αθi

t

)

− (ci + hy)

(
μx + r − pi + αθi

t

)
− ηθ2

i
2

− bili
]

− k
[
((1 − β)w′

i + βs)2
(1 − y)2σ 2

x

+ ((1 − β)w′
i + βs)(1 − y)

×
(

μx + r − pi + αθi

t

)]

− k
[
(ci + hy)2σ 2

x + (ci + hy)

+
(

μx + r − pi + αθi

t

)
− ηθ2

i
2

− bili
]

(31)

Ubb
R =

[(
hy

(
μx + r − pi + αθi

t

))

+
[

(1 − y)(1 − β)

[ n∑
i=1

(pi − w′
i)

+
(

μx + r − pi + αθi

t

)]]]

− k
[(

h2y2σ 2
x

(
μx + r − pi + αθi

t

))

+
(

hy
(

r − pi + αθi

t

))]

− k

[
(1 − y)(1 − β)

[ n∑
i=1

(pi − w′
i)

2
(σ 2

x )

+
n∑

i=1
(pi − w′

i)

(
r − pi + αθi

t

)]]
(32)

4. Solution method: evolutionary hybrid
GSO-HBBO algorithm

Meta-heuristic algorithms can be totally classified into
two main parts, including population search optimisa-
tion methods (PSOMs) and local search optimisation
methods (LSOMs). The LSOMs start with a solution
and try to generate and improve the next solution via

the neighbourhood mechanisms in the form of single-
candidate agent (Bolaji et al., 2016). Actually, they benefit
from these searching methods in order to catalyse the
search process. However, their focus on exploring the
search instead of exploitation may increase the proba-
bility of stuck in the local optimal solution. Contrary to
LSOMs, the PSOMs utilise the multi agents to build one
or more better agents per scope of improvements. These
types of Meta heuristics can be convergent in encourag-
ing areas, especially where the large regions are imposed.
Even though, it does not perfectly utilise the hyper-wide
areas of the search space (Abualigah, 2020; Taleizadeh
et al., 2009a). This research hybridises two LSOMs in
order to create a new approach that can reach the optimal
solution in less time by rapid searching all the effective
regions. Accordingly, the structure of this new approach
will be explained in this section. Next section examines
the performance of the proposed algorithm (Taleizadeh
et al., 2008, 2009b, 2010, 2011).

4.1. Group search optimiser (GSO)

The use of nature-inspired optimisation algorithms such
as evolutionary algorithms has become popular due to
their flexibility and simplicity. GSO is one of the types
of evolutionary algorithms (EAs) developed by He et al.
(2009) based on the animal’s behaviour in search of
resources to solve continuous optimisation problems.
Animal search behaviour can be considered as a search
for food, mates, nesting sites and the like (Bell, 1990).
The three main factors influencing the success of animal
search operations are:

(1) The strategies used with respect to access to
resources and their spatial and temporal
distribution.

(2) Their efficiency in locating resources.
(3) The theory of natural selection, meaning that ani-

mals have a tendency to survive, and therefore their
search strategies are such that they can optimise the
possibility of access to resources.

In addition, many studies have been performed on the
group life of animals, which have shown that the result of
this tribal life is an increase in the rate of finding resource
groups and a decrease in the variance of search success
(McNamara et al., 2001).

There are two types of group search strategies:

• Producing, which means searching for food.
• Scrounging, which means joining the resources dis-

covered by other members (Brockmann & Barnard,
1979).
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There are two types of models for evaluating the opti-
mal affiliate policy:

• The IS model, which assumes that each member
can simultaneously search for its resources as well
as search for a position to obtain another member’s
achievement.

• The PS model, which assumes that each member can
only take on one of the producing and scrounging
modes. This model is more commonly observed, espe-
cially for birds that feed on the ground (Giraldeau &
Beauchamp, 1999).

The population considered in the GSO algorithm is
called a group, and each individual in the population is
called a member of that group. In a n-dimensional search
space, the ith member of the iteration k of the algorithm
is denoted by Xi

k; this member has a head angle. The
head angle which is a unit vector, is obtained by a polar
equation conversion at the head angle of each member to
find the ith member (Mustard, 1964).

dk
i1 =

n−1∏
q=1

cos(ϕk
iq)

dk
ij = sin(ϕk

ij−1
).

n−1∏
q=1

cos(ϕk
ij−1

)(j = 2, 3, . . . , n − 1)

dk
in = sin(ϕk

in−1
) (33)

In the GSO algorithm, each group consists of three
types of members: producer, scrounger and dispersed
members from the group by random movements. For the
simplicity of the algorithm it is assumed that there is one
producing member in each iteration and the others are
from the two other groups. Also, in each iteration the
members of each type of groups are the same and can be
placed in different groups. In each iteration, the member
in the best position relative to the resource is considered
as the producer. In the GSO algorithm, scanning is very
important for the producer. It is used in the proposed
model of the scanning strategy provided by white crap-
pie (Barnard & Sibly, 1981). In iteration k, the producer
behaviour algorithm is:

1. The producer scans with zero degree and creates
three more points by random sampling in the field
of view: one point in zero-degree, one point on the
right and one point on the left side of the space.

Xz = Xk
p + r1lmaxDk

p(ϕk) (34)

Figure 1. Scanning field in 3D space (Bell, 1990).

There is a point on the right-hand side of hypercube:

Xr = Xk
p + r1lmaxDk

p(ϕk + r2�max/2) (35)

There is a point on the left-hand side of hypercube:

Xl = Xk
p + r1lmaxDk

p(ϕk + r2�max/2) (36)

In these Equations (37) and (38) r1 is a random number
with a normal distribution, the mean of zero and the vari-
ance of one, and r2 is a uniform random number in the
range of zero and one.

2. The producer selects the best point with the best
resources and moves towards that point if it is bet-
ter than its current position, otherwise it stays there
and changes its angle randomly.

3. If the manufacturer cannot find a better position
after a iteration, it returns to zero degree.

ϕk+a = ϕk (37)

Barnard and Sibly observed that a group of members who
are selected as scrounger members perform the following
activities:

(I) Copying the producer area
(II) Tracking another member

(III) Snatching the producer resources.

In the stated algorithm, it is assumed that there is only
the first case, i.e. copying, and in the k iteration, the
behaviour of copying the region by the ith member is
expressed as follows:

Xk+1
i = Xk

i + r3 ◦ (Xk
p − Xk

i ) (38)

In one iteration, if a scrounging member finds a better
position than the producer agent, it will become a pro-
ducer in the next iteration. Other members are different
and less efficient (Caraco, 1979). If the ith member is dis-
persed, it moves and makes random movements to find
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randomly distributed sources. In the k iteration it obtains
a head angle and then selects a random distance.

li = α.r1lmax (39)

Subsequently, move to the new point:

Xk+1
i = Xk

i + liDk
i (ϕk+1) (40)

Finally, the members use restrictive strategies for prof-
itable resources to maximise their chances of finding
resources. According to this strategy, if a member is out-
side the search space, it returns by defining the variables
that break the boundaries to their previous values.

4.2. Human behaviour-based optimisation (HBBO)

Optimisation is about getting the best results under cer-
tain conditions (Rao, 2019). Maximising profits or min-
imising costs is the ultimate goal of these methods. This
benefit or cost can be expressed as an objective function.
Optimisation can be defined as the method of finding
suitable variables that provide the minimum or max-
imum of these objective functions. Over the past few
decades, due to the importance of optimisation tech-
niques, many new metaheuristic optimisation algorithms
have been developed. Metaheuristic algorithms have dif-
ferent sources of inspiration that have no limits. Many
of them use nature as their main source of inspira-
tion. Regardless of the source of inspiration, a power-
ful optimisation algorithm can solve many important
problems and is a vital need. Optimisation algorithms
are widely used in many fields of science such as busi-
ness, computer science, economics and engineering. The
HBBO algorithm was first introduced by Ahmadi (2017).
Unlike many optimisation algorithms that use nature as
their primary source of inspiration, HBBO uses human
behaviour as its primary source of inspiration. In the
following, some human behaviours that are needed to
understand the algorithm are discussed and then it is
shown how it can be used to solve practical optimisation
problems. HBBO is able to solve many types of opti-
misation problems such as multidimensional functions
that have multiple local minima and unimodal functions
(Ahmadi, 2017). Everyone in human society is constantly
moving towards their personal goals, but it is possible that
they have not yet reached it. A person who achieves all
his goals will be a successful person and he must strive to
be his best. The differences in people’s views will cause
each individual to move in a certain direction towards
success and choose to achieve specific goals. That’s why
people work and study in different fields and seek to mas-
ter them. For example, one may see success in sports and
another may choose arts. In any field that different peo-
ple work, one person is more specialised than others, so

others try to learn from him and improve their skills. In
addition, people have many different interests that may
differ from their professional background. For example,
a civil engineer may be interested in music in addition
to his field of study. People’s views are not fixed despite
many differences in life. Everyone connects with differ-
ent people and uses their ideas and advices of to improve
his life. Each of these people can be considered as a coun-
sellor who can be effective or ineffective in the direction
of that individual (See Figure 1) .

In addition, meeting people with different beliefs and
specialisations may change a person’s opinion, and in
some cases it is even possible to change their profes-
sional background due to consultation in order to gain
a better position to improve his situation. The result
of modelling these simple behaviours discussed is a
powerful optimisation algorithm described below. The
main structure of this algorithm consists of five steps as
follows:

(1) Initialisation
(2) Education
(3) Consultation
(4) Field changing probability
(5) Finalisation

4.2.1. Initialisation
In the first stage, an initial population of initial indi-
viduals is considered and each of them is assigned to a
category, which is shown in Figure 2.

In an optimisation problem with Nvar variables, an
individual is defined as follows:

Individual = [x1, x2, . . . , xNvar ] (41)

This algorithm creates Npop of initial people and ran-
domly distributes them among Nfield initial fields. These
people make up the community. The number of initial
people in each field is as follows:

N.Indi = round
{

Npop

Nfield

}
(42)

where N.Indi is the number of initial individuals in the
ith field. After creating the initials, the function values
are calculated. The function values are defined for an
individual as follows:

function value = f (x1, x2, . . . , xNvar) (43)

4.2.2. Education
Every individual in the community tries to improve him-
self in the education process by moving towards the
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Figure 2. Initialisation (Ahmadi, 2017).

best people in their field who are called experts. The
expert is the one who has the best function value in
each field (the best value in the maximisation prob-
lem is its maximum and in the minimisation problem
is its minimum). In order to model this method, the
coordinate system is implemented and the expert is the
origin. This movement around the expert is shown in
Figure 3 for a three-dimensional problem and is done
by changing the coordinates of the individuals in the
spherical coordinate system. Movement space is limited
by a sphere around the expert. Using a spherical coor-
dinate system for the n-dimensional Euclidean space in
an optimisation problem, this algorithm finds a random
radial coordinate (r) between rmin = k1d and rmax =
k2d, d is the Euclidean distance between the origin and
the individual. In a N dimensional optimisation prob-
lem using the definition of a spherical coordinate system
for the N dimensional Euclidean space, the algorithm
finds a random radial coordinate (r) between rmin =
k1d and rmax = k2d, where d is the Euclidean distance
between the origin and the individual, and ki is the weight
factor as the parameter of the algorithm. In addition,
the N − 1 algorithm finds random angular coordinates
(θ1, θ2 . . . , θN), where θN−1 is found between 0 and 2π

radians and other angles are selected between 0 and π

radians.

4.2.3. Consultation
At this stage, each individual (except the best one in the
community) finds a random counsellor from the whole
community and gets advice from him. In the consultation
process, the counsellor changes some individual variables
in the manner shown in Figure 4. Now if the function
value is obtained from new variables, it means that the
consultation has been effective for them. In this case, the
new set of variables replaces the previous variables. If the
new set of variables does not have a better function value,
nothing will change. The number of random variables
that will change is as follows.

Nc = round{σ × Nvar} (44)

where σ , as an algorithm parameter, is the consulting fac-
tor, which determines the number of random variables
(Nc) that may change during the consultation process.

4.2.4. Field changing probability
In some fields, an individual may change his path in
each iteration. The probability of this change for each
field is calculated using rank probability method. In this
method, each field is classified according to experts’
function value as follows:

sort fields = [field1, field2, . . . , fieldn] (45)
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Figure 3. Education (Ahmadi, 2017).

where the expert field1 and fieldn have the worst and
best function values among others, respectively. Then,
the probability of change for each field can be calculated
as follows:

Pi = Oi

Nfield + 1
(46)

where pi and oi are the probabilities of field change and
the order of ith field, respectively. Using this method, the
field in which the expert has better performance value is
less likely to be changed, and the field in which the expert
has worse performance value is more likely to be changed.
Then, by creating a random number between 0 and 1, the
following expression is checked, and if the expression is

Figure 5. Field changing (Ahmadi, 2017).

met, a field change occurs for one of the people in this
field:

if rand ≤ Pi → filed changing occurs

In the field change process, according to the function
value, the probability of selection for each individual is
defined as follows:

P.Sj =
∣∣∣∣∣ f (Individualj)∑Nind

k=1(Individualk)

∣∣∣∣∣ (47)

where P.Sj is the probability of selection for the individual
jth and Nind is the number of individuals in the selected
field. Then, using the roulette wheel selection method
(Golberg, 1989), an individual is selected and changes his
field by going to a different random field, as shown in
Figure 5.

4.2.5. Finalisation
By completing the consultation and education steps, indi-
viduals’ position changes. Therefore, at this point, the
function evaluations of the individuals are calculated, and
if one of the stop criteria is met, the algorithm terminates.
Otherwise, the algorithm goes to step 2.

Figure 4. Consultation (Ahmadi, 2017).
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The stopping criteria are as follows:

(a) The maximum number of iterations is reached
(b) The maximum number of performance evaluations

is obtained.
(c) The average relative change in the value of the objec-

tive function during the stop iterations is less than
the function tolerance.

4.3. Evolutionary hybrid GSO-HBBO algorithm

Hybridisation of the GSO and HBBO algorithms is
designed in this section. Given the complexity of the
proposed objective functions in each scenario, the main
idea of this hybridisation was to provide an algorithm
that could converge to the optimal solution in the short-
est time. The strengths of both GSO and HBBO algo-
rithms can be used to achieve a hybrid algorithm that
can be converged to an optimal solution in less time.
The most important advantage of the GSO algorithm is
the search in all possible space of the problem, which
allows to produce a very close answer to the optimal
answer. On the other hand, categorising the answers, how
to move and their movement between different fields is
an important advantage of the HBBO algorithm, which
makes this algorithm closer to the optimal answer in a
short time. While unlike most metaheuristic algorithms,
HBBO algorithm performs well on both discrete and
continuous problems; So, by hybridising these two algo-
rithms, we expect to achieve a very close to optimal
solution in a short time.

The steps of the hybrid algorithm are as follows:

• At first, i agents are generated and each agent is
assigned to one of the possible j fields. (Xij)

• For each of the agents in each field, the head angle ϕij
is set.

• In each field, one of the agents in that field is selected
as the producer.

• Each producer agent performs the Producing opera-
tion in its respective field.

• Randomly, 80% of the remaining agents are selected in
each field and perform scrounging operations in their
respective fields.

Algorithm 1. The Pseudo-code of the hybrid GSO-HBBO algorithm

Set K: = 0;
Randomly initialise N agents (xi) with �i head angles;
Spread the agents among n fields to have xij agents with �ij head
angles;
Calculate the fitness function of each agent in each field: f (xij)

;
while Max K is not met do

Get the values of chaotic map C.
for each agent i in each field j do

Perform producing:

(1) The producer of each field will check at 4 positions which
consist of zero level point and 3 other points in the check-
ing area by using equations (34) to (36).

(2) Discover the position with the best fitness functions for
each producer of each field. If the new position has a bet-
ter fitness function of the producers’ current position, they
will move to the new position. Otherwise, they will stay
in their current position and their head to a new angle
randomly.

(3) If the producers can not find a better position after �
iterations, they will turn their head back to zero degree:
�k+� = �k .

Perform scrounging:

(1) Select 80% of the agents of each field randomly as
scroungers.

(2) Perform scrounging by the scrounger agents of each field
by using Equation (38).

Perform dispersion:

(1) Select the remaining agents of each field by choosing a
�k+1 = �k + r2�max stochastic head angle and a li =
�.r1lmax stochastic distance for each agent.

(2) Perform ranging by the dispersion agents of each field
using Equation (40).

Calculate the fitness function:
Calculate the fitness function of each agent i in each field j: f (xij)

.
Exchange the agent:

Exchange the agents among the fields with regard to field
changing probabilities.

End for
Set K: = K+1;

End while

Figure 6. Flowchart of the GSO-HBBO algorithm.
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Table 2. Generated parameter values for test problem (n = 3).

Problem

Parameters 1 2 3

x̂i Uniform (0,1) Uniform (0,1) Uniform (0,1)
(c1, c2, c3) (2,1,2) (6,5,6) (12,10,12)
(b1, b2, b3) (1,1,1) (2,2,2) (3,3,3)
(′w1, ′w2, ′w3) (7,6,7) (12,10,13) (22,20,24)
s 2 3 5
t 3 4 7
k 2 3 5
r 4 5 8
β 0.3 0.5 0.7
η 0.3 0.5 0.7
μ 0.3 0.5 0.7
φ 0.3 0.5 0.7
σ 0.3 0.5 0.7
y 0.3 0.5 0.7

• The remaining agents are selected in each field and
disperse in their respective fields.

• The process of moving agents between fields is done,
which is derived from the process of moving the
HBBO algorithm.

• If the termination conditions are met, the algorithm
stops; otherwise the algorithm steps continue in
sequence.

Figure 6 shows the flowchart of the GSO-HBBO
hybrid algorithm and the pseudo-code of the novel GSO-
HBBO is shown by Algorithm 1.

5. Computational results and performance
evaluation

In this section, in order to compare the performance
of the proposed algorithm (GSO-HBBO) with the two
algorithms GSO and HBBO, based on the parameters
defined in Table 2, an example is solved several times and
the results for the two objective functions Manufacturer
and Retailer in each scenario are presented separately in
order to have a detailed study on the performance of
algorithms. For this purpose, two criteria of quality of
produced solutions and CPU-Time are used to compare
the performance of algorithms.

In particular, Percentage Relative Error (PRE) mea-
surement is used to measure the quality of a solution,
because it shows the distance between the solutions cre-
ated by an algorithm and the exact optimal value. The
exact value of the objective function is required to cal-
culate the PRE determined from Equation (48). For
this purpose, the objective functions in each scenario

Table 3. Computational results of OFV and measures for manufacturer (Scenario 1).

Manufacturer objective function value

GSO HBBO GSO-HBBO

Run# OFV PRE CPU Time OFV PRE CPU Time OFV PRE CPU Time

1 144.65 7.72% 166.57 141.48 9.74% 145.14 152.78 2.53% 129.36
2 143.64 8.37% 170.58 143.16 8.67% 151.25 151.88 3.11% 125.62
3 146.19 6.74% 163.35 142.66 8.99% 142.19 151.01 3.66% 133.02
4 146.38 6.62% 162.88 140.61 10.30% 148.28 152.08 2.98% 129.60
5 146.42 6.59% 164.32 140.06 10.65% 141.08 150.76 3.82% 129.44
6 146.93 6.27% 176.16 139.26 11.16% 145.50 150.67 3.88% 130.14
7 145.06 7.46% 168.11 143.14 8.68% 141.86 152.31 2.84% 129.81
8 147.04 6.20% 168.10 144.21 8.00% 153.33 151.19 3.55% 126.19
9 146.80 6.35% 165.26 137.71 12.15% 142.61 152.38 2.79% 132.04
10 143.58 8.40% 176.50 142.28 9.23% 144.40 151.40 3.41% 131.44
11 146.29 6.68% 161.82 141.62 9.65% 140.30 152.79 2.53% 126.36
12 144.82 7.61% 173.89 140.15 10.59% 147.58 152.04 3.00% 130.79
13 144.97 7.52% 167.11 141.21 9.91% 144.85 150.26 4.14% 128.03
14 145.17 7.39% 167.79 142.02 9.40% 149.09 152.25 2.87% 128.67
15 146.68 6.43% 160.47 141.36 9.82% 150.72 152.28 2.85% 125.66
16 146.36 6.63% 163.94 142.82 8.89% 143.51 151.26 3.51% 131.57
17 143.26 8.61% 176.66 143.21 8.64% 152.13 152.12 2.95% 126.70
18 145.09 7.44% 171.54 137.44 12.32% 147.34 150.89 3.74% 130.11
19 144.75 7.66% 175.14 138.59 11.59% 152.60 151.86 3.12% 128.83
20 144.79 7.63% 175.08 140.84 10.15% 143.65 150.24 4.15% 126.09
21 146.49 6.55% 176.55 138.85 11.42% 144.47 150.88 3.75% 130.26
22 143.62 8.38% 172.24 138.00 11.96% 152.07 152.50 2.71% 131.99
23 147.19 6.10% 175.78 138.19 11.84% 142.63 151.27 3.50% 132.67
24 146.96 6.24% 160.88 139.16 11.22% 145.19 151.65 3.26% 130.00
25 144.87 7.58% 175.72 142.54 9.07% 147.00 151.23 3.52% 127.25
26 143.78 8.28% 177.32 139.68 10.89% 144.48 152.75 2.55% 126.12
27 145.31 7.30% 163.34 143.16 8.67% 141.33 151.62 3.28% 129.89
28 145.98 6.87% 174.25 142.20 9.28% 142.31 151.75 3.19% 126.44
29 143.62 8.38% 174.31 138.05 11.93% 146.16 151.37 3.43% 132.42
30 144.11 8.07% 171.60 138.40 11.71% 149.56 153.27 2.22% 130.14
Average 145.36 7.27% 169.91 140.74 10.22% 146.09 151.69 3.23% 129.22
Best value 147.19 6.10% 160.47 144.21 8.00% 140.30 153.27 2.22% 125.62
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Table 4. Computational results of OFV and measures for retailer (Scenario 1).

Retailer objective function value

GSO HBBO GSO-HBBO

#Run OFV PRE CPU Time OFV PRE CPU Time OFV PRE CPU Time

1 608.70 7.03% 194.60 600.03 8.35% 173.96 635.26 2.97% 165.69
2 603.04 7.90% 194.27 600.65 8.26% 175.92 628.13 4.06% 170.77
3 604.50 7.67% 188.11 599.38 8.45% 178.30 628.24 4.05% 165.22
4 605.88 7.46% 198.23 600.48 8.29% 174.89 633.02 3.32% 165.87
5 610.22 6.80% 195.30 595.71 9.02% 178.63 628.72 3.97% 165.16
6 613.21 6.34% 194.90 593.95 9.28% 181.00 634.71 3.06% 166.36
7 604.28 7.71% 199.09 599.27 8.47% 174.41 632.22 3.44% 165.92
8 605.19 7.57% 186.30 592.90 9.44% 174.87 632.68 3.37% 169.50
9 616.17 5.89% 198.77 599.47 8.44% 184.83 622.37 4.94% 166.19
10 610.25 6.79% 196.71 595.97 8.97% 181.31 622.56 4.91% 171.12
11 613.60 6.28% 196.67 595.09 9.11% 179.15 623.79 4.73% 168.88
12 616.61 5.82% 197.53 592.28 9.54% 173.72 634.71 3.06% 165.73
13 614.55 6.14% 194.10 593.81 9.30% 183.96 629.16 3.91% 170.09
14 601.04 8.20% 193.54 591.54 9.65% 180.53 626.76 4.27% 164.59
15 601.98 8.06% 196.55 600.10 8.34% 175.16 621.35 5.10% 164.73
16 611.15 6.66% 196.64 599.58 8.42% 177.80 637.88 2.57% 167.21
17 615.24 6.03% 195.46 591.48 9.66% 183.66 636.96 2.71% 170.34
18 606.80 7.32% 187.74 600.10 8.34% 181.51 633.03 3.31% 165.94
19 611.12 6.66% 194.98 593.90 9.29% 175.50 631.26 3.58% 165.39
20 606.60 7.35% 187.55 592.09 9.57% 184.19 629.78 3.81% 167.14
21 613.09 6.36% 187.07 600.84 8.23% 182.73 631.65 3.53% 170.43
22 604.48 7.68% 197.17 592.34 9.53% 183.33 626.89 4.25% 166.07
23 602.91 7.91% 192.12 591.77 9.62% 176.20 633.77 3.20% 169.38
24 607.23 7.26% 198.35 590.86 9.76% 181.61 630.38 3.72% 168.09
25 612.34 6.48% 185.57 590.67 9.78% 183.26 621.46 5.08% 170.82
26 612.63 6.43% 190.92 597.36 8.76% 175.77 631.26 3.58% 169.78
27 605.23 7.56% 195.99 596.76 8.85% 175.92 628.22 4.05% 169.40
28 607.55 7.21% 199.89 594.76 9.16% 175.98 634.24 3.13% 166.98
29 608.20 7.11% 185.69 599.21 8.48% 175.54 632.04 3.47% 170.29
30 613.69 6.27% 194.66 597.08 8.80% 185.17 631.35 3.57% 168.12
Average 608.92 7.00% 193.82 595.98 8.97% 178.96 630.13 3.76% 167.71
Best value 616.61 5.82% 185.57 600.84 8.23% 173.72 637.88 2.57% 164.59

Figure 7. Comparison between proposed algorithms based on CPU-time and PREs (Scenario 1).
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Figure 8. Convergence rate of GSO, HBBO, and hybrid algorithms for two proposed OFs (Scenario 1).

are coded in GAMS / BARON 24.8 software and the
exact values of the functions are calculated by the
BARON solver. In addition, the designed problem is

coded MATLAB R2019-b software to be solved with
metaheuristic algorithms. In this regard, an Intel(R) Core
(TM) i7-6700HQ CPU @ 2.60GHz 2.59 GHz laptop with
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12.00 GB RAM was employed.

PREAlgorithm =

⎛
⎜⎜⎝

The best solution by algorithm
−Exact solution
Exact solution

⎞
⎟⎟⎠ ∗ 100

(48)
Also, another criterion for comparing algorithms is CPU-
Time, which is calculated and reported in all iterations for
all three algorithms.

5.1. Computational results for Scenario 1

In order to evaluate the performance of different algo-
rithms for two proposed objective function values
(OFVs) related to the cost-sharing with a full-refund sce-
nario, the computational results are presented in Table 3
for the manufacturer and in Table 4 for the retailer. The
exact values of the two proposed objective functions,
namely ZManufacturer = 156.75 and Zretailer = 654.73 ,
were calculated using the formula x for each PRE itera-
tion, and were reported accordingly. The results showed
that the GSO algorithm was more responsive, but the
response generated by the HBBO algorithm was not as
good as that of the former. However, the proposed hybrid

algorithm (GSO-HBBO) demonstrated much better per-
formance in terms of both objective functions, with a
lower error rate and in less time compared to the other
two algorithms. These findings demonstrate the high
efficiency of the hybrid algorithm.

Additionally, Figure 7(A,B) presents the PRE (percent-
age relative error) of each iteration, allowing the perfor-
mance of the hybrid algorithm to be easily compared with
the other two algorithms. Furthermore, Figure 7 (C,D)
compares the CPU time of all three algorithms in dif-
ferent iterations, which shows the complete superiority
of the hybrid algorithm in solving the proposed objec-
tive functions. Moreover, the study of Figure 8 (A–E)
clearly shows that the convergence rate of the proposed
algorithm in both objective functions has significantly
improved, with a super-linear convergence rate and con-
vergence to the optimal solution in fewer iterations.

Notably, the convergence of the algorithm in the man-
ufacturer’s objective function is particularly significant,
as it converges to the optimal answer before iteration 50.
These results indicate that the proposed hybrid algorithm
is highly effective in solving the two proposed objective
functions compared to the other algorithms evaluated
in this study. Overall, these findings demonstrate the

Table 5. Computational results of OFV and measures for manufacturer (Scenario 2).

Manufacturer objective function value
GSO HBBO GSO-HBBO

#Run OFV PRE CPU Time OFV PRE CPU Time OFV PRE CPU Time

1 204.09 9.21% 202.68 200.90 10.62% 183.13 212.77 5.34% 175.09
2 206.23 8.26% 203.91 202.18 10.06% 179.85 213.52 5.01% 171.62
3 203.95 9.27% 198.83 199.97 11.04% 186.39 216.18 3.83% 166.53
4 203.87 9.31% 208.14 198.23 11.82% 186.56 215.20 4.26% 174.92
5 201.47 10.37% 206.05 202.14 10.08% 188.00 213.08 5.21% 171.50
6 205.95 8.38% 201.78 201.33 10.44% 189.97 213.52 5.01% 169.79
7 201.54 10.34% 197.81 198.32 11.77% 180.95 214.39 4.63% 169.93
8 205.95 8.38% 208.85 200.29 10.90% 188.90 214.16 4.73% 166.08
9 205.46 8.60% 203.98 198.77 11.58% 185.35 214.50 4.58% 175.06
10 205.40 8.62% 208.69 200.00 11.03% 182.39 216.01 3.90% 170.99
11 205.57 8.55% 200.16 199.50 11.25% 178.26 213.32 5.10% 169.63
12 206.13 8.30% 199.41 198.88 11.52% 179.66 217.45 3.27% 174.47
13 203.61 9.42% 206.18 199.47 11.26% 181.18 212.40 5.51% 167.05
14 205.49 8.59% 204.93 201.76 10.24% 189.55 213.40 5.06% 165.59
15 204.91 8.84% 197.77 199.80 11.11% 186.09 217.80 3.11% 174.18
16 201.34 10.43% 203.30 201.63 10.30% 187.94 213.70 4.93% 170.50
17 201.54 10.34% 207.57 198.66 11.62% 181.25 215.22 4.26% 170.32
18 201.37 10.42% 200.08 201.47 10.37% 189.60 217.79 3.11% 170.97
19 205.37 8.64% 206.27 201.72 10.26% 185.71 212.43 5.50% 169.30
20 202.46 9.93% 198.94 199.99 11.03% 179.85 215.29 4.23% 169.95
21 205.46 8.60% 207.70 198.20 11.83% 189.70 216.88 3.52% 170.94
22 205.17 8.73% 203.58 198.23 11.81% 187.93 212.59 5.42% 166.85
23 202.57 9.89% 208.57 199.19 11.39% 183.66 216.32 3.77% 174.12
24 203.03 9.68% 200.23 198.73 11.59% 180.46 215.44 4.16% 168.09
25 202.49 9.92% 206.12 201.50 10.36% 183.15 215.52 4.12% 174.61
26 205.39 8.63% 208.79 202.33 9.99% 181.23 215.42 4.17% 170.80
27 205.32 8.66% 202.56 201.22 10.48% 189.37 215.23 4.25% 171.32
28 203.74 9.36% 198.97 198.52 11.68% 187.65 216.00 3.91% 165.58
29 202.84 9.76% 207.02 202.04 10.12% 183.96 217.32 3.32% 172.28
30 202.38 9.97% 198.52 199.89 11.08% 186.36 216.38 3.74% 171.91
Average 204.00 9.25% 203.58 200.16 10.95% 184.80 214.97 4.37% 170.67
Best value 206.23 8.26% 197.77 202.33 9.99% 178.26 217.80 3.11% 165.58
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potential of the proposed hybrid algorithm in optimising
the cost-sharing with a full refund scenario, which can
have significant implications for improving supply chain
management and decision-making processes.

5.2. Computational results for Scenario 2

Tables 5 and 6 present the performance of each algorithm
for the two proposed OFVs related to the profit-sharing
with a full refund scenario. The results reveal that, in
terms of solution quality, the GSO-HBBO algorithm out-
performed the other two algorithms. Additionally, the
computation time of the GSO-HBBO algorithm was
shorter than that of the other algorithms, indicating
its superior efficiency. Furthermore, the exact values
of the two proposed objective functions were calcu-
lated using the GAMS software, and the results showed
that the GSO-HBBO algorithm was able to produce
the optimal solutions for both objective functions, with
ZManufacturer = 224.79 and Zretailer = 917.31. These
findings suggest that the GSO-HBBO algorithm is highly
effective in optimising the profit-sharing with a full
refund scenario, outperforming the other algorithms

evaluated in this study. This could have significant impli-
cations for improving supply chain management and
decision-making processes in a variety of industries. It is
worth noting that the results presented in Tables 5 and 6
provide valuable insights into the performance of differ-
ent algorithms for the profit-sharing with a full refund
scenario. The GSO-HBBO algorithm, with its superior
efficiency and solution quality, could be a promising solu-
tion for optimising this scenario in practice. Further
research could explore the potential of this algorithm in
other related scenarios and industries.

The results obtained by the GSO and HBBO algo-
rithms in the manufacturer’s objective function in this
scenario showed similar performance in response pro-
duction. However, the HBBO algorithm was able to solve
the problem in less time. On the other hand, the pro-
posed hybrid algorithm outperformed the other two
algorithms in all iterations in terms of solution gener-
ated and CPU processing time. These findings demon-
strate the effectiveness of the hybrid algorithm in opti-
mising the manufacturer’s objective function. Regarding
the retailer’s objective function, the hybrid algorithm
demonstrated exceptional performance in generating

Table 6. Computational results of OFV and measures for retailer (Scenario 2).

Retailer objective function value

GSO HBBO GSO-HBBO

#Run OFV PRE CPU Time OFV PRE CPU Time OFV PRE CPU Time

1 869.18 5.25% 213.55 856.54 6.62% 197.69 909.73 0.83% 188.09
2 856.74 6.60% 216.77 857.11 6.56% 204.85 910.13 0.78% 186.01
3 858.82 6.38% 218.66 848.82 7.47% 204.15 910.42 0.75% 197.77
4 865.72 5.62% 212.09 850.64 7.27% 210.79 908.59 0.95% 197.82
5 859.97 6.25% 219.59 859.62 6.29% 204.28 908.62 0.95% 197.29
6 869.33 5.23% 212.23 852.96 7.02% 196.39 910.85 0.71% 193.82
7 862.01 6.03% 211.31 853.84 6.92% 195.78 909.54 0.85% 188.91
8 870.48 5.11% 212.21 854.07 6.89% 202.23 910.14 0.78% 192.45
9 856.46 6.63% 219.91 847.69 7.59% 204.65 909.88 0.81% 195.44
10 869.00 5.27% 210.28 852.63 7.05% 207.10 910.55 0.74% 186.67
11 862.23 6.00% 216.16 860.05 6.24% 203.46 910.07 0.79% 196.68
12 868.89 5.28% 210.28 859.75 6.27% 204.18 909.49 0.85% 186.21
13 858.96 6.36% 211.61 842.36 8.17% 195.93 909.25 0.88% 189.21
14 858.50 6.41% 212.25 846.00 7.77% 197.84 909.84 0.82% 195.38
15 856.84 6.59% 216.90 843.44 8.05% 208.42 908.40 0.97% 188.81
16 868.61 5.31% 217.17 859.75 6.28% 206.26 910.10 0.79% 196.50
17 868.51 5.32% 214.35 858.15 6.45% 196.14 910.35 0.76% 189.91
18 866.66 5.52% 215.29 858.50 6.41% 205.20 908.52 0.96% 194.75
19 859.26 6.33% 214.36 858.92 6.37% 198.95 909.06 0.90% 188.25
20 861.45 6.09% 216.32 851.11 7.22% 212.68 910.96 0.69% 195.92
21 869.37 5.23% 216.43 858.44 6.42% 209.74 910.70 0.72% 195.25
22 866.91 5.49% 212.48 841.56 8.26% 207.26 910.70 0.72% 189.73
23 863.89 5.82% 219.86 851.78 7.14% 208.24 908.82 0.93% 194.27
24 862.00 6.03% 219.80 846.08 7.77% 200.73 910.97 0.69% 185.70
25 861.03 6.14% 219.49 843.11 8.09% 202.89 908.44 0.97% 188.46
26 862.39 5.99% 215.41 854.27 6.87% 207.50 909.88 0.81% 191.06
27 864.42 5.77% 210.92 847.67 7.59% 208.48 909.54 0.85% 188.55
28 868.93 5.28% 216.19 854.80 6.82% 212.17 908.81 0.93% 190.23
29 870.35 5.12% 218.49 846.20 7.75% 205.59 908.67 0.94% 189.60
30 869.59 5.20% 218.81 852.86 7.03% 208.50 908.93 0.91% 196.34
Average 864.22 5.79% 215.31 852.29 7.09% 204.27 909.66 0.83% 191.84
Best value 870.48 5.11% 210.28 860.05 6.24% 195.78 910.97 0.69% 185.70
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responses per iteration, with an average PRE response of
less than one percent. Such a low PRE response indicates
that the algorithm was able to produce highly accurate
solutions, which is crucial for improving supply chain
management and decision-making processes. Moreover,
Figure 10(A–F) shows the convergence rate of the algo-
rithms for the two proposed OFVs in the best itera-
tion, which highlights the superior performance of the
proposed hybrid algorithm. Additionally, Figure 9(A–D)
compares the PRE and CPU processing time of the algo-
rithms for each of the objective functions. These figures
illustrate the efficiency of the proposed hybrid algorithm
compared to the other algorithms evaluated in this study.
Overall, the results presented in this article demon-
strate the potential of the proposed hybrid algorithm
in optimising the profit and cost-sharing scenarios with
a full refund, which could have significant implications
for improving supply chain management and decision-
making processes in various industries. Further research
could explore the performance of the hybrid algorithm in
other related scenarios and industries.

5.3. Computational results for Scenario 3

The performance of different algorithms for the two
proposed OFVs related to the revenue-sharing with a
full refund have been evaluated and presented in pay-
offs in Tables 7 and 8. The results indicate that the
GSO-HBBO algorithm outperformed the other two algo-
rithms in terms of solution quality. Additionally, the
computation time of the GSO-HBBO algorithm was
superior to that of the other algorithms, highlighting
its efficiency in optimising the revenue- sharing with
a full refund scenario. Furthermore, the exact values
of the two proposed objective functions, ZManufacturer =
158.94 and Zretailer = 792.30, respectively, were calcu-
lated using the GAMS software. The results indicate
that the proposed hybrid algorithm is highly effective
in optimising the revenue-sharing with a full refund
scenario, outperforming the other algorithms evaluated
in this study. Moreover, examining the results obtained
in this scenario shows the complete superiority of the
proposed algorithm over the other two algorithms in

Table 7. Computational results of OFV and measures for manufacturer (Scenario 3).

Manufacturer objective function value

GSO HBBO GSO-HBBO

#Run OFV PRE CPU Time OFV PRE CPU Time OFV PRE CPU Time

1 148.57 6.52% 134.35 142.50 10.34% 118.54 154.11 3.04% 115.22
2 149.68 5.83% 132.58 143.62 9.64% 116.15 154.18 2.99% 114.25
3 149.33 6.04% 131.98 142.49 10.35% 118.47 154.97 2.49% 116.82
4 148.64 6.48% 130.04 143.20 9.90% 117.55 154.51 2.79% 116.64
5 148.37 6.65% 131.58 144.29 9.22% 119.13 153.31 3.54% 115.28
6 149.31 6.06% 130.44 142.47 10.36% 116.78 153.53 3.40% 113.50
7 148.06 6.85% 133.51 144.29 9.22% 117.13 153.56 3.38% 111.00
8 149.18 6.14% 132.00 144.27 9.23% 116.59 153.50 3.42% 116.98
9 149.27 6.08% 131.96 142.46 10.37% 115.98 155.01 2.47% 110.63
10 149.34 6.04% 132.36 144.92 8.82% 120.14 153.40 3.48% 111.44
11 148.49 6.57% 128.40 143.48 9.72% 116.95 153.16 3.63% 117.45
12 147.93 6.93% 129.29 143.93 9.44% 118.84 154.18 3.00% 113.25
13 148.84 6.35% 129.26 143.05 10.00% 117.70 154.18 3.00% 113.32
14 148.71 6.43% 132.25 143.07 9.98% 117.83 153.68 3.31% 115.30
15 149.03 6.23% 133.89 142.94 10.07% 118.92 154.94 2.51% 117.02
16 148.95 6.28% 133.45 143.27 9.85% 116.61 154.59 2.74% 110.86
17 148.55 6.53% 134.06 142.46 10.37% 118.20 154.57 2.75% 115.39
18 149.79 5.75% 132.56 143.76 9.55% 115.51 154.72 2.65% 110.83
19 148.11 6.81% 134.08 144.41 9.14% 119.20 153.61 3.35% 113.34
20 149.68 5.83% 134.65 142.43 10.39% 118.42 153.41 3.48% 115.06
21 150.00 5.62% 131.19 143.48 9.73% 118.45 154.68 2.68% 110.43
22 149.49 5.94% 130.07 142.89 10.10% 115.60 155.00 2.47% 115.82
23 148.47 6.59% 133.56 143.36 9.80% 117.70 154.97 2.50% 116.96
24 148.43 6.61% 131.78 143.56 9.67% 117.22 154.35 2.88% 114.03
25 150.13 5.54% 128.59 143.09 9.97% 119.89 154.56 2.75% 117.48
26 147.83 6.99% 130.70 144.69 8.96% 119.50 153.22 3.60% 117.89
27 149.38 6.01% 131.13 144.26 9.24% 117.08 153.06 3.70% 112.67
28 149.46 5.96% 134.41 143.56 9.67% 115.42 154.03 3.09% 116.83
29 148.51 6.56% 132.51 143.52 9.70% 119.48 153.38 3.49% 115.96
30 149.27 6.08% 134.35 144.93 8.81% 115.67 153.23 3.59% 112.85
Average 148.96 6.28% 132.03 143.49 9.72% 117.69 154.05 3.07% 114.48
Best value 150.13 5.54% 128.40 144.93 8.81% 115.42 155.01 2.47% 110.43
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both the retailer and manufacturer objective functions.
The convergence diagrams of the algorithms presented
in Figure 12(A–F) demonstrate that the GSO-HBBO
algorithm has a faster convergence rate in the retailer’s
objective function compared to the other scenarios, con-
verging to the optimal solution before iteration 50. In
addition, a noteworthy point in this scenario is the close
CPU processing time of the hybrid algorithm to the
HBBO algorithm in the manufacturer’s objective func-
tion, as illustrated in Figure 11(E). These findings sug-
gest that the proposed hybrid algorithm is a promising
solution for optimising the revenue sharing with full
refund scenario, offering superior performance in terms
of solution quality and computation time. Overall, these
results highlight the potential of the proposed hybrid
algorithm in improving supply chain management and
decision-making processes related to revenue-sharing
with a full refund in various industries. Further research
could explore the performance of the hybrid algorithm in
other related scenarios and industries.

5.4. Computational results for Scenario 4

The performance of different algorithms for the two pro-
posed OFVs related to the buy back with a full refund
scenario have been evaluated and presented as payoffs
in Tables 9 and 10. The results indicate that the GSO-
HBBO algorithm outperformed the other two algorithms
in terms of solution quality. Moreover, the computa-
tion time of the GSO-HBBO algorithm was superior
to that of the other algorithms, demonstrating its effi-
ciency in optimising the buy back with a full refund
scenario. These findings suggest that the proposed hybrid
algorithm is highly effective in solving the buy back with a
full refund scenario, outperforming the other algorithms
evaluated in this study. The GSO-HBBO algorithm could
be a promising solution for optimising this scenario in
practice, offering superior performance in terms of solu-
tion quality and computation time. Furthermore, future
research could explore the potential of the GSO-HBBO
algorithm in other related scenarios and industries. These

Table 8. Computational results of OFV and measures for retailer (Scenario 3).

Retailer objective function value

GSO HBBO GSO-HBBO

#Run OFV PRE CPU Time OFV PRE CPU Time OFV PRE CPU Time

1 725.52 8.43% 209.25 705.17 11.00% 195.28 750.99 5.21% 190.15
2 723.55 8.68% 196.22 700.21 11.62% 195.00 748.17 5.57% 185.83
3 722.15 8.85% 208.53 712.00 10.13% 197.48 749.72 5.37% 190.11
4 726.48 8.31% 205.91 709.93 10.40% 191.73 749.89 5.35% 189.25
5 726.37 8.32% 206.14 704.75 11.05% 198.16 749.97 5.34% 188.13
6 726.54 8.30% 197.73 700.21 11.62% 193.56 748.07 5.58% 185.99
7 725.09 8.48% 205.44 710.20 10.36% 193.27 746.74 5.75% 186.46
8 723.54 8.68% 200.21 711.76 10.16% 197.40 746.53 5.78% 189.43
9 722.35 8.83% 206.92 708.32 10.60% 193.82 750.30 5.30% 187.34
10 724.32 8.58% 203.33 707.65 10.68% 192.79 745.44 5.91% 186.18
11 725.98 8.37% 201.00 710.28 10.35% 191.08 747.75 5.62% 189.58
12 725.98 8.37% 196.80 705.41 10.97% 194.21 745.60 5.89% 187.24
13 723.47 8.69% 209.35 705.56 10.95% 195.97 749.68 5.38% 187.72
14 725.35 8.45% 203.14 704.05 11.14% 196.41 748.97 5.47% 188.07
15 725.23 8.47% 198.58 701.21 11.50% 195.69 749.95 5.34% 189.32
16 723.25 8.71% 197.29 704.97 11.02% 192.18 747.90 5.60% 189.89
17 725.57 8.42% 197.32 705.83 10.91% 191.66 751.36 5.17% 186.04
18 724.29 8.58% 205.09 711.02 10.26% 193.05 750.41 5.29% 189.69
19 722.89 8.76% 198.35 705.01 11.02% 190.54 748.75 5.50% 185.42
20 724.37 8.57% 200.74 702.60 11.32% 192.94 749.23 5.44% 189.27
21 725.42 8.44% 210.16 703.01 11.27% 193.70 751.21 5.19% 189.14
22 722.91 8.76% 208.25 706.75 10.80% 191.20 750.43 5.28% 189.18
23 724.56 8.55% 200.98 707.12 10.75% 196.14 751.00 5.21% 187.59
24 723.38 8.70% 202.68 701.75 11.43% 192.38 751.30 5.17% 187.55
25 725.10 8.48% 195.48 705.53 10.95% 194.95 748.87 5.48% 186.23
26 722.43 8.82% 207.67 706.06 10.88% 197.15 748.56 5.52% 187.32
27 726.90 8.25% 195.52 706.72 10.80% 192.83 748.67 5.51% 186.79
28 726.25 8.34% 205.81 707.70 10.68% 193.81 749.18 5.44% 188.27
29 723.67 8.66% 203.42 700.27 11.62% 194.84 747.21 5.69% 186.42
30 726.07 8.36% 196.71 706.43 10.84% 191.09 746.67 5.76% 187.31
Average 724.63 8.54% 202.47 705.92 10.90% 194.01 748.95 5.47% 187.90
Best value 726.90 8.25% 195.48 712.00 10.13% 190.54 751.36 5.17% 185.42
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Table 9. Computational results of OFV and measures for manufacturer (Scenario 4).

Manufacturer objective function value

GSO HBBO GSO-HBBO

#Run OFV PRE CPU Time OFV PRE CPU Time OFV PRE CPU Time

1 201.89 10.85% 194.39 200.78 11.34% 182.16 210.42 7.08% 170.62
2 202.21 10.71% 191.99 208.54 7.91% 181.73 213.50 5.72% 171.10
3 199.52 11.90% 192.63 203.49 10.14% 181.96 212.07 6.35% 174.10
4 196.66 13.16% 190.73 202.03 10.79% 180.68 209.93 7.30% 171.28
5 198.61 12.30% 197.45 199.83 11.76% 180.78 213.70 5.64% 171.53
6 196.04 13.43% 198.60 199.20 12.04% 180.31 210.16 7.20% 174.56
7 200.17 11.61% 199.75 206.68 8.74% 180.83 213.22 5.85% 172.79
8 197.50 12.79% 193.21 205.36 9.32% 185.05 211.71 6.51% 172.01
9 202.10 10.76% 195.15 201.43 11.05% 184.22 208.89 7.76% 173.82
10 197.55 12.76% 195.53 203.61 10.09% 182.98 211.90 6.43% 173.82
11 196.42 13.26% 190.76 204.89 9.52% 182.29 211.49 6.61% 171.24
12 197.99 12.57% 191.31 199.38 11.96% 181.10 210.73 6.95% 171.77
13 201.96 10.82% 196.87 205.97 9.05% 184.13 212.43 6.20% 172.76
14 202.16 10.73% 191.46 207.08 8.56% 183.15 208.03 8.14% 173.28
15 202.14 10.74% 199.84 203.14 10.30% 181.95 211.08 6.79% 173.72
16 196.43 13.26% 195.41 199.02 12.12% 181.53 212.98 5.95% 172.88
17 196.49 13.24% 198.70 205.17 9.40% 182.03 210.92 6.86% 171.87
18 201.44 11.05% 194.42 202.81 10.44% 184.93 211.10 6.78% 173.16
19 201.71 10.93% 196.13 208.14 8.09% 182.89 207.83 8.23% 170.50
20 200.42 11.50% 191.47 200.50 11.46% 184.55 210.99 6.83% 174.01
21 197.96 12.58% 192.10 201.10 11.20% 184.98 213.74 5.62% 171.43
22 198.20 12.48% 197.58 198.75 12.23% 184.98 212.39 6.21% 172.26
23 200.26 11.57% 197.81 204.93 9.51% 182.00 208.99 7.71% 174.58
24 198.47 12.36% 191.16 202.33 10.66% 185.08 211.48 6.62% 171.95
25 195.96 13.47% 194.54 200.71 11.37% 184.35 208.33 8.01% 173.29
26 200.32 11.54% 196.67 198.64 12.28% 182.75 212.29 6.26% 174.32
27 198.08 12.53% 195.43 202.95 10.38% 180.80 210.49 7.05% 170.34
28 196.76 13.12% 194.17 200.02 11.68% 181.30 212.41 6.20% 171.30
29 200.39 11.51% 196.90 207.38 8.43% 184.97 209.16 7.64% 172.03
30 197.15 12.94% 195.29 208.32 8.01% 183.92 207.95 8.18% 171.21
Average 199.10 12.08% 194.92 203.07 10.33% 182.81 211.01 6.82% 172.45
Best value 202.21 10.71% 190.73 208.54 7.91% 180.31 213.74 5.62% 170.34

findings could have significant implications for improv-
ing supply chain management and decision-making pro-
cesses, helping businesses to optimise their operations
and maximise their profits.

The exact values for the two proposed objective func-
tions in the scenario being considered were calculated
using the GAMS software. The results showed that the
proposed hybrid algorithm was highly effective in gen-
erating optimal solutions, with ZManufacturer = 226.46
and Zretailer = 910.82. Moreover, the algorithm demon-
strated excellent performance in generating optimal solu-
tions for the retailer’s objective function, with an aver-
age PRE of responses close to one percent. This indi-
cates that the proposed hybrid algorithm was able to
produce highly accurate solutions that could be used
to improve supply chain management and decision-
making processes. Furthermore, in all iterations, the
hybrid algorithm was able to solve both objective func-
tions in much less time than the other two algorithms,
demonstrating the superiority of its performance. This
means that the proposed hybrid algorithm is highly
efficient, offering a promising solution for optimising
the buy back with a full refund scenario (Figures 13
and 14).

Examination of convergence diagrams shows that the
two algorithms GSO and HBBO have gone through many
iterations (at least 250 iterations) to converge to the opti-
mal solution in both objective functions, but the pro-
posed GSO-HBBO algorithm in both proposed objective
functions converge to the optimal answer in less than 100
iterations, which shows the excellent performance of this
algorithm in dealing with different scenarios.

It is worth noting that the proposed hybrid algorithm
was designed to efficiently address a range of com-
plex problems, and the results obtained in this study
demonstrate its effectiveness in solving the aforemen-
tioned problems. The algorithm was able to successfully
identify and optimise the objective functions, leading
to improved performance and outcomes. After a thor-
ough examination of the proposed hybrid algorithm to
compare different scenarios and analyse them based on
the data presented in Table 2, the performance of the
algorithm was evaluated. Three different problems were
solved in each scenario, and the results were recorded in
Table 11. This allowed for a comprehensive understand-
ing of the changes in the objective functions, as outlined
in Table 2. Additionally, the findings highlight the signif-
icance of considering various scenarios when analysing
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Table 10. Computational results of OFV and measures for retailer (Scenario 4).

Retailer objective function value

GSO HBBO GSO-HBBO

#Run OFV PRE CPU Time OFV PRE CPU Time OFV PRE CPU Time

1 846.41 7.07% 265.93 821.03 9.86% 257.38 899.50 1.24% 234.88
2 842.08 7.55% 277.88 829.40 8.94% 261.64 899.81 1.21% 239.12
3 851.19 6.55% 280.08 830.49 8.82% 264.98 901.12 1.06% 236.61
4 846.94 7.01% 269.08 829.20 8.96% 255.97 900.77 1.10% 234.37
5 846.62 7.05% 275.17 823.00 9.64% 257.06 899.97 1.19% 234.41
6 853.29 6.32% 277.54 820.51 9.92% 264.23 900.61 1.12% 239.03
7 846.87 7.02% 265.89 820.83 9.88% 258.09 900.19 1.17% 235.44
8 850.75 6.60% 267.68 823.91 9.54% 262.15 899.87 1.20% 233.20
9 852.40 6.41% 271.86 830.86 8.78% 263.71 900.90 1.09% 234.04
10 849.42 6.74% 275.43 827.45 9.15% 257.64 900.54 1.13% 240.28
11 852.55 6.40% 277.00 827.69 9.13% 255.57 900.92 1.09% 232.94
12 843.05 7.44% 274.25 825.53 9.36% 255.52 900.13 1.17% 232.14
13 841.82 7.58% 268.38 822.86 9.66% 254.43 899.93 1.20% 238.81
14 840.80 7.69% 270.01 823.66 9.57% 260.36 901.19 1.06% 232.60
15 845.58 7.16% 274.00 823.50 9.59% 263.85 899.53 1.24% 241.47
16 848.16 6.88% 278.40 829.40 8.94% 254.48 899.42 1.25% 240.86
17 848.26 6.87% 279.72 830.38 8.83% 262.24 899.76 1.21% 239.84
18 854.28 6.21% 276.53 830.74 8.79% 257.92 899.95 1.19% 234.55
19 843.90 7.35% 276.01 827.19 9.18% 260.31 900.64 1.12% 236.64
20 844.58 7.27% 271.45 823.87 9.55% 261.86 901.20 1.06% 242.00
21 844.15 7.32% 268.03 822.75 9.67% 257.59 899.91 1.20% 233.47
22 854.60 6.17% 267.32 830.55 8.81% 254.28 900.04 1.18% 238.37
23 846.38 7.08% 268.50 823.59 9.58% 260.36 900.08 1.18% 241.17
24 851.26 6.54% 277.15 820.36 9.93% 263.90 900.12 1.17% 239.41
25 850.99 6.57% 279.98 827.51 9.15% 258.11 900.81 1.10% 233.17
26 843.55 7.39% 270.05 825.37 9.38% 261.88 900.37 1.15% 237.44
27 845.67 7.15% 278.65 823.30 9.61% 264.44 901.21 1.06% 238.37
28 849.51 6.73% 267.10 828.87 9.00% 255.72 899.64 1.23% 238.22
29 844.11 7.32% 267.72 822.76 9.67% 256.85 900.84 1.10% 233.41
30 840.37 7.74% 273.37 827.01 9.20% 264.37 899.39 1.25% 234.38
Average 847.32 6.97% 273.0050 825.79 9.34% 259.5628 900.28 1.16% 236.69
Best value 854.60 6.17% 265.8938 830.86 8.78% 254.2763 901.21 1.06% 232.14

Figure 9. Comparison between proposed algorithms based on CPU-time and PREs (Scenario 2).
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Figure 10. Convergence rate of GSO, HBBO, and hybrid algorithms for two proposed OFs (Scenario 2).

performance and outcomes. Through comparing the dif-
ferent scenarios, the algorithm was able to identify and
address potential challenges and opportunities, leading to
better overall results.

6. Managerial implications

Effective supply chain management is crucial for man-
ufacturers and retailers seeking to optimise their profits

Table 11. The results of solving different problems in three
scenarios.

Objective function value

Scenario 1 Scenario 2 Scenario 3 Scenario 4

Problem 1 Manufacturer 129.15 214.78 157.89 212.46
Retailer 692.3 826.34 745.14 842.37

Problem 2 Manufacturer 134.32 205.36 152.37 203.9
Retailer 679.68 860.78 779.68 874.1

Problem 3 Manufacturer 156.70 192.47 147.4 194.38
Retailer 645.14 917.31 792.3 907.82
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Figure 11. Comparison between proposed algorithms based on CPU-time and PREs (Scenario 3).

in today’s highly competitive business environment. The
findings of this study provide valuable insights into the
contractual agreements and pre-defined coefficients that
can be used to achieve this objective. The study highlights
the importance of implementing profit-sharing and buy-
back contracts as an effective means of increasing profits
for both manufacturers and retailers. These contractual
agreements align the goals of both parties and incen-
tivise them to work together toward a common objective
of maximising profits. Profit-sharing and buyback con-
tracts can help to reduce the risk of misaligned incen-
tives and conflicts between manufacturers and retailers,
thus improving the overall performance of the supply
chain. Furthermore, the study emphasises the impact of
pre-defined coefficients such as μ, σ , φ, and y on the
objective function values of manufacturers and retailers.
These coefficients are important factors that influence the
profitability of the supply chain, and supply chain man-
agers need to take note of their impact and adjust them
accordingly to achieve optimal results. By understanding
how these coefficients affect their profits, manufactur-
ers and retailers can make informed decisions and take
actions to optimise their performance. Finally, the study

highlights the importance of quality control measures in
ensuring customer satisfaction and in reducing the extra
costs associated with warranties. Manufacturers need to
ensure that their products meet the expectations of their
customers consistently. This can be achieved by imple-
menting rigorous quality control measures and taking
necessary steps to improve the quality of their prod-
ucts. By reducing the costs associated with warranties
through better quality control measures, manufacturers
can improve their profitability and enhance the overall
performance of the supply chain. The results emphasise
the importance of considering risk aversion when design-
ing contracts for manufacturers and retailers. Managers
should account for risk aversion when negotiating con-
tract terms, particularly in profit-sharing and buyback
contracts, where risk aversion plays a more significant
role in determining profit outcomes.

In conclusion, the findings of this study provide
valuable insights for supply chain managers seeking
to optimise profits for both manufacturers and retail-
ers. By implementing profit-sharing and buyback con-
tracts, adjusting pre-defined coefficients, and maintain-
ing high-quality standards, manufacturers and retailers
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Figure 12. Convergence rate of GSO, HBBO, and hybrid algorithms for two proposed OFs (Scenario 3).

can improve their profitability and gain a competitive
advantage in their respective markets. Effective supply
chain management is critical for achieving long-term

success in today’s dynamic business environment, and
this study provides valuable guidance for supply chain
managers seeking to optimise their performance.
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Figure 13. Comparison between proposed algorithms based on CPU-time and PREs (Scenario 4).

7. Conclusions and future research

In this study, we considered a supply chain consisting
of some manufacturers and a retailer. Different brands
of a single product were sold through a retailer to cus-
tomers. Manufacturers compete to sell a single prod-
uct with various prices and levels of quality, according
to the brand. We investigated the effects of some well-
known contracts – profit-sharing, cost-sharing, revenue-
sharing, and buyback – on profit values of all manu-
facturers and the retailer. In addition, full refunds, war-
ranties, and the proposed MV models for risk manage-
ment were addressed in the proposed models. The most
important contribution of this study is our investigation
of these contracts through novel hybrid meta-heuristic
algorithms using corresponding situations of various
policies and an MV framework. The proposed models
were solved using a GSO-HBBO algorithm, which is a
novel metaheuristic algorithm. The results showed the
acceptable performance of the mentioned algorithm in
terms of generated solutions, PRE, and CPU processing
time. According to the results of all four scenarios for
four contracts, the profit-sharing and buyback contracts

provided higher profit values for the manufacturers and
retailer. Additionally, this work offers benefit by propos-
ing several possibilities for future research opportuni-
ties. These opportunities include incorporating the risk,
financing, and ordering in a special supply chain. Sev-
eral contracts exist in the existing literature that are not
investigated in this study. As an excellent direction for
future research, it is strongly recommended to develop
the model into a reverse supply chain by considering
the waste management of each one of the brands. (See
the conducted work by Hosseini-Motlagh et al., 2022,
and Nematollahi et al., 2022.) Incorporating the flexi-
ble transfer price agreement as the coordination scheme
by considering a time-based customer incentive pol-
icy can be another direction for future developments.
(See the conducted works by Nami & Hosseini-Motlagh,
2022, and Hosseini-Motlagh et al., 2022.) Finally, con-
verting the designed SC to a closed-loop SC that con-
siders the sustainability issues would be a worthwhile
avenue for future research. (See the conducted works
by Hosseini-Motlagh et al., 2020, and Hosseini-Motlagh
et al., 2021.)
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Figure 14. Convergence rate of GSO, HBBO, and hybrid algorithms for two proposed OFs (Scenario 4).
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