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A B S T R A C T

The freshness of perishable products, in addition to other economic aspects such as production, inventory,
and transportation management, is one of the main challenges of food supply chains. Therefore, integration
of production, inventory, and routing decisions is essential. In this study, a new production routing model
for perishable products with uncertain demand is presented. The aim is to minimize the costs of production,
inventory, routing, wasted products, and penalties for non-fresh products. The model is more applicable for
perishable products with limited, discrete shelf life with a high freshness value. A five-phase matheuristic
algorithm is proposed to solve the stochastic mathematical model. Computational experiments show that the
proposed mathematical model can result in a significant reduction of wasted products, particularly when
consumer buying patterns change due to various occurrences, such as a pandemic. Also, numerical analysis for
small, medium, and large instances confirms the validity and efficiency of the proposed matheuristic algorithm
when compared with an exact solver.
1. Introduction

The main stages of supply chains, including production, inventory,
and routing, are often planned and managed separately. Therefore,
manufacturers, wholesalers, retailers, and distributors all seek to max-
imize their profits independently in conventional supply chains. In
recent years, competition has increased, and most companies try to
optimize decisions regarding all stages in an integrated manner. Sig-
nificant cost savings can be achieved by integration of inventory, pro-
duction, distribution, and routing decisions (Chandra and Fisher, 1994;
Fumero and Vercellis, 1999; Brown et al., 2001). In addition, quick
responses to market changes and lead time reduction are other advan-
tages of integration of production and distribution planning (Fahimnia
et al., 2013). Fresh products such as fruit, meat, vegetables, and dairy
products characteristically have short shelf lives and age-dependent
quality. These products constitute the majority of the grocery retailing
industry, so more than 52% of food chain retailers’ income comes from
perishable products (Chao et al., 2015). Almost 10% of those products
expire before they are sold. As a result, both manufacturers and retailers
in the supply chains for these products can suffer considerable losses.
Therefore, integrating supply chain decisions has a key role in effective
supply chain management for perishable products.
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The Food and Agriculture Organization (FAO) of the United Nations
has reported that about one-third of produced foods is lost or wasted
(FAO, 2011). The majority of product wastage occurs during food
production, processing, storage, and transportation. Almost 29 million
tons of dairy products are lost or wasted in Europe every year. Also,
about 45% of all fruit and vegetables that are produced globally are
wasted (FAO, 2011). This shows that the distribution of perishable
products is a critical stage that needs to be considered properly.

Wasted products have a negative impact on the environment and
increase greenhouse gas emissions (Cattaneo et al., 2021). In addition,
the freshness of these types of products is essential to increasing cus-
tomer satisfaction and the popularity of product brands. Consequently,
retailers prefer to meet customer demand with fresh products.

Food wastage issues may be highlighted when there are large vari-
ations in demand. For example a pandemic may change customers’
consumption patterns and lead to variations in demand. As the pan-
demic spreads, more perishable products will be wasted because of
unbalanced purchasing behavior. Retailers may face shortages of per-
ishable products during some time periods, or surpluses during others.
High volumes of wastage of perishable products may have an impact
on their production, and manufacturers may decide to stop production
due to large amounts of wastage loss, which will lead to shortages at
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other times. All these consequences are unsatisfactory and need to be
appropriately managed. Therefore, in this study, an integrated problem
is considered to ensure that all stages in a supply chain are investigated
within a single mathematical model to achieve the lowest amounts of
wasted products.

In real-world situations, customer demand is uncertain, especially
during a pandemic. Therefore, two-stage stochastic programming is
investigated as a framework for dealing with uncertainty. Federgruen
and Zipkin (1984) showed that cost savings of 6% to 7% could be
achieved by solving a stochastic vehicle routing problem, compared
with a deterministic model. Due to the nature of perishable products
and retail demand uncertainty, making accurate decisions is very im-
portant for reducing the cost of the system. Taking uncertainty into
account has a significant impact on reducing the amount of wasted
products and fresh products, especially in the presence of high variation
in consumers’ purchasing behavior.

In this paper, a two-stage stochastic model of a production routing
problem incorporating wastage and freshness of perishable products
is developed under demand uncertainty. The supply chain network
includes a plant that produces a single perishable product and always
delivers fresh products to retailers, so it is assumed that there is no
inventory in the production plant. Retailers can hold inventory, and
each customer’s demand could be satisfied by either fresh or non-
fresh products in each time period by retailers. The production volume,
amount of products delivered to each retailer, and routing decisions are
considered as the first-stage variables. The amount of wasted products,
inventory, and non-fresh delivered products are defined as second-stage
variables. Since the proposed model is NP-hard and is solved only
for small sizes, a matheuristic method is developed to solve it. The
proposed matheuristic algorithm consists of five phases. The sequence
of visiting the retailers is determined in the first phase. During the
second phase, an initial solution is constructed by using the retailers’
sequence obtained in the previous stage. Heuristic-based clustering
and mathematical programming are developed to solve the capacitated
vehicle routing problem (CVRP) in phase 3. In phase 4, infeasible so-
lutions are repaired by solving a restricted production routing problem
and a series of traveling salesman problems (TSPs). In the last phase,
the obtained solution is improved by applying an iterative approach
and solving a mathematical model and series of TSPs.

The rest of this study is organized as follows. The literature review
is discussed in Section 2. The problem is described in Section 3. The
notations and mathematical formulation are introduced in Section 4.
The matheuristic algorithm for solving the proposed model is described
in Section 5. The numerical experiments are presented in Section 6.
Finally, conclusions are outlined in the last section.

2. Literature review

The production routing problem (PRP) simultaneously considers
decisions related to production and distribution in supply chains. PRP
is a generalized type of the inventory routing problem (IRP). In other
words, when the aspect of production is not considered, the problem is
reduced to the IRP. In recent years, researchers’ interest in this problem
has increased due to the advantages of integrating decisions about
production and logistics for different types of products. Also, because
of significant changes in distribution networks and customer buying
patterns, distribution, and supply chains for products has had greater
importance in pandemic situations (Govindan et al., 2020; Ivanov,
2020).

The studies reviewed in this section can be classified into three main
categories: (1) studies that addressed the production routing problem;
(2) studies that considered perishable products in PRPs and IRPs; and
(3) studies that developed a matheuristic method to solve either PRPs
or IRPs.
2

2.1. Studies related to production routing problem

Chandra and Fisher (1994) carried out one of the first studies
to investigate the integration of production, inventory, and routing
problems. They presented a mixed-integer mathematical model and
showed that when the integration of these problems is considered, costs
are reduced by 3% to 20%, compared with cases in which the problems
are solved separately. A comprehensive review of articles related to
PRP was provided by Adulyasak et al. (2015b). The authors reviewed,
some variants of the classic PRP studies. Absi et al. (2014) studied the
classic PRP model and proposed a new heuristic method based on a
mathematical model for the production routing problem. Adulyasak
et al. (2013) presented two PRP mathematical models, one with a
vehicle index and one without a vehicle index, and developed a branch-
and-cut method to solve the models. Armentano et al. (2011) addressed
a multi-product production routing problem, and they developed a
solution algorithm by combining a tabu search and path relinking
methods. Solyalı and Süral (2017) studied the classic PRP, and they
proposed a matheuristic method to solve the problem. Li et al. (2019)
addressed a mathematical model for a multi-product PRP consider-
ing outsourcing with a proposed matheuristic algorithm. Qiu et al.
(2017) developed a pollution-production routing problem in which
greenhouse gas (GHG) emissions from production and distribution are
considered; also, they suggested a branch-and-price heuristic method to
solve the problem. Avci and Yildiz (2019) presented a mixed integer
programming formulation for a PRP considering a visit spacing policy
with development of a matheuristic algorithm. Brahimi and Aouam
(2016) studied a classic PRP model considering multi-product and back-
ordering policy. The authors proposed a relax-and-fix heuristic with a
local search algorithm to solve the problem. Avci and Yildiz (2020)
addressed a mathematical model for PRP by taking transshipment
between retailers or from the supplier to retailers into consideration,
and they proposed a matheuristic algorithm to solve it. Torkaman et al.
(2020) suggested a mixed-integer nonlinear programming formulation
of a PRP in which the demand is a function of the price. Also, they
introduced a method based on an outer approximation (OA) algorithm
with equality relaxation to solve the problem. Schenekemberg et al.
(2021) developed a two-echelon PRP and they proposed a new exact
algorithm by combining branch-and-cut and a local search method to
solve the problem. Chitsaz et al. (2019) extended a mathematical model
for an assembly routing problem, including inbound transportation and
production and inventory decisions. They offered a solving method
based on mathematical programming.

In real-world situations, demand is not deterministic in many supply
networks for products . Therefore, considering demand uncertainty
can be useful in increasing customer satisfaction and reducing supply
chain costs. However, few studies have considered demand uncertainty
in PRP. Adulyasak et al. (2015a) presented two models for a PRP
with stochastic demand in a two-stage and multi-stage decision-making
framework. Decisions related to production setup and customer visit
schedules are made in the first phase, and the amounts of production
and delivery are determined in the following phases. The models are
solved by a branch-and-cut algorithm, and a Benders decomposition
approach is utilized to deal with a large number of scenarios.

2.2. Studies of PRPs and IRPs incorporating perishable products

Distribution networks for perishable products are different from
other types of supply chains. That is because the quality of these
products may change throughout the chains. This characteristic of the
products imposes additional costs on supply chains, and they require
specific logistics strategies. In addition, considering characteristics of
perishable products may add complexity to IRPs and PRPs; hence, there
are relatively few PRP and IRP studies with perishable products.

Li et al. (2020) proposed a mixed-integer model for a PRP for
perishable food with various types of packaging that represent products
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with different shelf lives, but their quality does not change during their
shelf lives. The selling price of each product depends on its expected
shelf life, so a product with a longer shelf life will have a higher
selling price. These authors considered total profit to be maximized
as an objective function. Neves-Moreira et al. (2019) suggested a PRP
formulation with multiple production lines and multiple perishable
products that should be sent to retailers during a predefined period,
and also need to be consumed within a certain period of time. Qiu
et al. (2019) extended a PRP model for perishable inventories consid-
ering deterioration rates and age-dependent inventory holding costs.
These authors also developed a formulation for different inventory
management policies.

Coelho and Laporte (2014) addressed an IRP mathematical model
for perishable products with fixed-shelf life in which the revenue and
inventory holding costs are age-dependent so that customer demand
can be satisfied by either fresh or aged products. They also studied
old first (OF) and fresh first (FF) selling priority policies. Mirzaei and
Seifi (2015) formulated an IRP model incorporating perishable items
with the possibility of lost sales. The lost sale cost was considered
as a linear and non-linear function of the inventory age. Alkaabneh
et al. (2020) extended mixed integer programming for an IRP with
perishable products. They consider greenhouse gas emissions related
to routing, which are considered as a function of vehicle speed, load,
and traveled distance. Revenue for each product and inventory holding
costs depend on product age. Alvarez et al. (2020) formulated an IRP
model incorporating perishable goods in which the revenue of each
product and the inventory holding cost increase according to the age
of the product. Crama et al. (2018) studied an IRP model considering
deterministic shelf life for a perishable product and uncertain demand
with a known probability distribution. There is no perishable cost in
the formulation, and each vehicle can travel at most one route with
a predetermined maximum duration. Rohmer et al. (2019) proposed a
two-echelon IRP formulation for a single perishable product in which
inventory holding cost is age-dependent and includes deterioration
cost. Delivery from the depot to the supplier is carried out in predefined
delivery patterns. Soysal et al. (2015) addressed a chance-constrained
programming model with demand uncertainty for an IRP considering
perishable products and environmental concerns. The objective func-
tion minimizes the sum of expected inventory costs, expected waste
costs, and fuel costs of routing. Le et al. (2013) developed an IRP
formulation considering a perishable product with fixed shelf life. These
authors defined an upper bound inventory level to prevent any wastage.
The studies mentioned above are summarized in Table 1.

2.3. Matheuristic algorithms for solving PRPs

The PRP and IRP are NP-hard problems, so researchers attempt
to introduce efficient solution methods. Few exact methods, heuris-
tics, meta-heuristics and mathematical programming based heuristics
(matheuristic algorithms) have been developed for both problems.

In recent years, researchers have focused more on developing effi-
cient matheuristic algorithms for such problems. They consist of two or
more phases in which a problem is decomposed into subproblems, and a
mathematical model or a heuristic approach is employed in each phase.
In this section, some of the matheuristic algorithms for both PRPs and
IRPs are briefly described.

Neves-Moreira et al. (2019) proposed a three-phase algorithm for a
PRP. In the first phase, the size of the original problem is reduced by
a clustering method. Then an initial solution is constructed by solving
IRP and lot-sizing subproblems in each cluster. In the third phase, the
initial solution obtained in the second phase is enhanced by solving
different mixed-integer mathematical models.

Miranda et al. (2018) decomposed a rich production routing prob-
lem into two parts and solved them iteratively. Decisions corresponding
to production and customer assignment are obtained by the first part.
3

The second part determines the routing decisions by solving a vehicle
routing problem based on the first-part solution for each group of
customers. Absi et al. (2014) addressed a two-phase iterative approach
for solving a PRP. Decision variables related to production, inventory
and quantity of delivered products to retailers in each period are
determined in the first phase by solving a capacitated lot-sizing problem
(CLSP). A method is proposed to determine the approximate cost of
visiting each node. Then routing decisions are decided by solving a
series of TSPs or VRPs. After that, the approximate costs are updated,
and the procedure is repeated until a stopping criterion is met. Solyalı
and Süral (2017) presented a matheuristic method for a PRP includ-
ing five phases. In the first phase, a sequence of visiting retailers is
determined by solving a TSP model. A restricted PRP is solved in
the second phase using the route obtained in the first phase. In the
third phase, a series of CVRPs are solved based on the results of two
the previous phases. The solution obtained from the third phase may
still be infeasible. Therefore, a restricted PRP model is solved in the
fourth phase to repair and improve the obtained solution. Finally, in
the fifth phase, a series of TSPs are solved for each period and each
vehicle to achieve final routes. Li et al. (2019) introduced a three-
phase heuristic for solving a PRP model. The first phase attempts to
build an initial solution by decomposing the original problem into
two subproblems, including a special lot-sizing problem (𝑆𝐿𝑆) with
outsourcing and a series of vehicle routing problems for each period.
Also, in this phase, a two-level iterative heuristic is used to achieve
an initial solution for the subproblems. The solution may be infeasible
for the proposed model. In the second phase, the solution obtained in
the previous phase is repaired by solving a restricted version of the
model and a series of TSPs. Finally, a fix-and-optimize (F&O) procedure
is employed in the third phase to enhance the obtained solution. Russell
(2017) developed two mixed integer programming-based heuristics for
solving a PRP. An initial solution is built using a relaxed mixed-integer
formulation in both approaches. To determine an approximate solution,
the first heuristic is based on set partitioning, and the other uses the
concept of seed routes. Then obtained solutions that do not cover the
routing decisions are completed by solving a series of VRPs. Finally,
the obtained solutions are improved by a multi-iteration improvement
procedure. Archetti et al. (2017) proposed a three-phase matheuristic
algorithm to solve a PRP. In the first phase, an initial solution is built
by relaxing routing variables in the model. In the second phase, a tabu
search (TS) algorithm is used to explore a feasible solution. Finally, the
third phase is designed to improve the solution of the tabu search by
solving a mathematical model by fixing some of the variables obtained
in the tabu search.

Table 1 shows that there have been few articles that consider
stochastic demand, and no PRP studies for perishable products have
considered demand uncertainty, while in real-world cases, stochastic
demand may lead to a lot of wasted products. Moreover, no previ-
ous studies have simultaneously considered both wastage and prod-
uct freshness, simultaneously. The contributions of this study can be
summarized as follows: First, two-stage mathematical programming
is introduced for a PRP considering the perishability characteristic.
This method aims to reduce the amount of products wastage with
the delivery of fresh products. Second, the performance of the pro-
posed model is compared in a normal situation, and in a situation
with high variations of consumers’ purchasing behavior, in which
changes in demand may lead to more wastage. Third, a matheuristic
solution approach is presented to solve the proposed model. In the
proposed matheuristic, a new heuristic algorithm is developed based
on clustering and mathematical programming to solve the CVRP.

3. Problem description

The production routing problem with a perishable product is de-
fined by a graph 𝜔 = { ,}, where  = {0, 1, 2,… , 𝑁} is the node
set and 𝐴 = {(𝑖, 𝑗) ∶ 𝑖, 𝑗 ∈ , 𝑖 ≠ 𝑗} is the arc set. The Node 0

represents the plant and the remaining nodes  =  ⧵ {0} are the



Computers and Operations Research 142 (2022) 105725R. Mousavi et al.

r
d
p
d
t
i
i
E
d
r
d
i
a
r
e
o
r
e

4

d
d

Table 1
Review of studies in PRPs and IRPs considering perishability characteristic.

PRP IRP Product Stochastic
demand

Vehicle Waste Freshness Algorithm

Li et al. (2020) * Single – Hom – – Matheuristic
Neves-Moreira et al. (2019) * Multiple – Het – – Matheuristic
Qiu et al. (2019) * Single – Hom – * Exact
Le et al. (2013) * Single – Hom – – Heuristic
Mirzaei and Seifi (2015) * Single – Hom – * Heuristic
Coelho and Laporte (2014) * Single – Hom – * Exact
Soysal et al. (2015) * Multiple * Hom * – Solver
Rohmer et al. (2019) * Single – Hom – * Heuristic
Alkaabneh et al. (2020) * Single – Hom – * Exact
Alvarez et al. (2020) * Single – Hom – * Exact, Matheuristic
Crama et al. (2018) * Single * Hom – * Heuristic, Matheuristic
This study * Single * Hom * * Matheuristic

Hom:Homogeneous, Het:Heterogeneous.
𝑃

etailer nodes. The plant produces a single perishable product, and it is
elivered to retailers over a finite set of  = {1, … , 𝑇 } of the planning
eriod. The perishable product has a deterministic shelf life that is
enoted by 𝐺. It is assumed that the product is wasted at age 𝐺 at
he retailers, and considered as wasted product. The age of the product
ncreases by one unit in every time period and the age of the product
s denoted by elements belonging to the discrete set  = {0, 1, … , 𝐺}.
ach retailer should satisfy an uncertain external demand with a known
iscrete probability distribution, and the finite set of 𝛯={1, . . . , 𝑆}
epresents all the possible scenarios. A retailer can meet customers’
emand in each scenario with product of any age; however, older items
mpose a penalty cost on the retailer. The penalty cost is age-dependent
nd increases with the age of the product. Also, the inventories at the
etailers in each scenario are defined based on the age of items at the
nd of each time period. The plant cannot hold any inventory because
f the nature of the product and always delivers the fresh products to
etailers by a homogeneous fleet of 𝑉 vehicles with capacity (𝑄). Also,
ach retailer has a limited storage capacity for all ages of the product.

. Mathematical formulation

In this section, a mixed-integer mathematical model for the pro-
uction routing problem of perishable products is presented. The sets,
ecision variables, and parameters are as follows:

Sets:
={0,1,2, . . . ,𝑁} Set of all nodes where 0 is the plant.
={1,2, . . . ,𝑁} Set of all retailers
 ={1, . . . , 𝑇 } Set of time periods
𝛯={1, . . . , 𝑆} Set of scenarios according to the demand

changes on a pandemic situation
={0,1, . . . ,𝐺} Set of age for the product
={1, . . . ,𝑉 } Set of vehicles

Parameters:
𝐶𝑖𝑗 Travel cost from node 𝑖 to node 𝑗
𝐷𝑖𝑡(𝜉) The demand of retailer 𝑖 in period 𝑡 under

scenario 𝜉
𝐷𝑚𝑎𝑥𝑖𝑡 The maximum of demand 𝑖 in period 𝑡 under

all scenarios
𝑄 Vehicle capacity
𝐶𝑎𝑝 Plant capacity
𝐹 Fixed production cost
𝐵 Variable production cost
4

𝐻 Inventory holding cost for per unit product
𝑢𝑖 Inventory capacity of retailer 𝑖
𝛺 Cost of per unit product wasted at the end of

each period
𝛤𝑔 Penalty cost of per unit non-fresh product at

the age 𝑔
𝑃 𝑟(𝜉) Occurrence probability of scenario 𝜉,

∑

𝜉∈𝛯 𝑃𝑟(𝜉) = 1
𝑀𝑖𝑡 A large number and determined by

min
{

𝑢𝑖+max𝜉∈𝛯
{

𝑑𝑖𝑡(𝜉)
}

, 𝑄,
∑T

𝑘=𝑡 max𝜉∈𝛯
{

𝑑𝑖𝑘(𝜉)
}

}

Decision variables:
𝑝𝑡 The quantity of perishable products produced

at the plant in period 𝑡
𝑧𝑡 Equal to 1 if there is production at the plant in

period 𝑡; 0 otherwise
𝑞𝑖𝑡 Products quantity transshipped to retailer 𝑖 in

period 𝑡
𝑑𝑔𝑖𝑡(𝜉) The quantity of product of age 𝑔 used in

retailer 𝑖 to satisfy its demand at the beginning
of period 𝑡 under scenario 𝜉

𝐼𝑔𝑖𝑡(𝜉) Inventory of age 𝑔 in retailer 𝑖 at the end of
period 𝑡 under scenario 𝜉 that 𝐼𝐺𝑖𝑡(𝜉) is
considered as wasted products

𝑦0𝑡 The number of vehicles depart from plant in
period 𝑡

𝑦𝑖𝑡 Equal to 1 if node 𝑖 is visited by a vehicle in
period 𝑡; 0 otherwise

𝑥𝑖𝑗𝑡 Equal to 1 if node 𝑗 is visited exactly after node
𝑖 by a vehicle in period time 𝑡. 0 otherwise

𝑙𝑖𝑡 The amount of vehicle load before visiting
node 𝑖

𝑅𝑃 −𝑀 ∶min
∑

𝑡∈

∑

𝑖∈

∑

𝑗∈ ,𝑗≠𝑖
𝐶𝑖𝑗𝑥𝑖𝑗𝑡 + 𝐹𝑧𝑡 + 𝐵𝑝𝑡+

∑

𝜉∈𝛯
𝑝𝑟(𝜉)[

∑

𝑔∈∖{𝐺}

∑

𝑖∈
𝐻𝐼𝑔𝑖𝑡(𝜉) +

∑

𝑖∈
𝛺𝐼𝐺𝑖𝑡(𝜉)

+
∑

𝑔∈∖{𝐺}

∑

𝑖∈
𝛤𝑔𝑑𝑔𝑖𝑡(𝜉)] (1)

𝑝𝑡 =
∑

𝑖∈
𝑞𝑖𝑡 ∀𝑡 ∈  (2)

𝐼1𝑖𝑡(𝜉) = 𝑞𝑖𝑡 − 𝑑0𝑖𝑡(𝜉) ∀𝑡 ∈  , 𝑖 ∈ , 𝜉 ∈ 𝛯 (3)
𝐼𝑔𝑖𝑡(𝜉) = 𝐼𝑔−1,𝑖,𝑡−1(𝜉) − 𝑑𝑔−1,𝑖𝑡(𝜉)

∀𝑡 ∈  ∖{1}, 𝑖 ∈ , 𝜉 ∈ 𝛯, 𝑔 ∈ ∖{1}; 𝑡 ≥ 𝑔 (4)
∑

𝑔∈∖{𝐺}
𝑑𝑔𝑖𝑡(𝜉) = 𝐷𝑖𝑡(𝜉) ∀𝑡 ∈  , 𝑖 ∈ , 𝜉 ∈ 𝛯 (5)
𝑝𝑡 ≤ 𝐶𝑎𝑝𝑧𝑡 ∀𝑡 ∈  (6)
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∑

𝑖∈
𝑞𝑖𝑡 ≤ 𝑄𝑦0𝑡 ∀𝑡 ∈  (7)

𝑦0𝑡 ≤ 𝑉 ∀𝑡 ∈  (8)
∑

𝑔∈∖{𝐺}
𝐼𝑔𝑖𝑡(𝜉) ≤ 𝑢𝑖 ∀𝑖 ∈ , 𝑡 ∈  , 𝜉 ∈ 𝛯 (9)

𝑞𝑖𝑡 ≤ 𝑀𝑖𝑡𝑦𝑖𝑡 ∀𝑖 ∈ , 𝑡 ∈  , 𝜉 ∈ 𝛯 (10)
∑

𝑗∈ ,𝑗≠𝑖
𝑥𝑖𝑗𝑡 = 𝑦𝑖𝑡 ∀𝑖 ∈  , 𝑡 ∈  (11)

∑

𝑗∈ ,𝑗≠𝑖
𝑥𝑗𝑖𝑡 = 𝑦𝑖𝑡 ∀𝑖 ∈  , 𝑡 ∈  (12)

𝑙𝑗𝑡 − 𝑙𝑖𝑡 +𝑄(1 − 𝑥𝑖𝑗𝑡) ≤ 𝑄 − 𝑞𝑖𝑡 ∀𝑖 ∈ , 𝑗 ∈  , 𝑡 ∈  (13)

𝑞𝑖𝑡 ≤ 𝑙𝑖𝑡 ≤ 𝑄 ∀𝑖 ∈ , 𝑡 ∈  (14)

𝑥𝑖𝑗𝑡 ∈ {0, 1} ∀𝑖, 𝑗 ∈  , 𝑡 ∈  (15)

𝑦𝑖𝑡 ∈ {0, 1} ∀𝑖 ∈ , 𝑡 ∈  (16)

𝑧𝑡 ∈ {0, 1} ∀𝑖 ∈  , 𝑡 ∈  (17)

𝑦0𝑡 ∈ Z+ ∀𝑡 ∈  (18)
𝑞𝑖𝑡, 𝑝𝑡, 𝐼𝑔𝑖𝑡(𝜉), 𝑑𝑔𝑖𝑡(𝜉) ≥ 0 ∀𝑖 ∈ , 𝑡 ∈  , 𝜉 ∈ 𝛯, 𝑔 ∈ 

(19)

The objective function (1) minimizes the routing and production
costs as well as expected costs related to holding inventory, wasted
products and, non-fresh products delivery penalty. Constrains (2) im-
pose that the plant cannot hold inventory. Constrains (3) determine
the amount of inventory with age 1 in each time period. Constrains
(4) define the quantity of inventory with ages more than 1 so that the
inventories with age G are represented the wasted products in each time
period. Constrains (5) ensure that each retailer can satisfy its customers’
demand from the products with different ages under each scenario.
Constraints (6) guarantee that the production at the plant cannot
exceed its capacity. Constraints (7) state that the quantity of delivered
products to retailers cannot be more than vehicles capacity. Constraints
(8) limit the number of vehicles depart from the plant. Constraints
(9) ensure that the inventory level at each retailer cannot exceed its
inventory capacity. Constraints (10) ensure that a retailer can receive a
positive delivery quantity only if it is visited in that period. Constraints
(11) and (12) ensure that if a vehicle enters a retailer should leave it.
Constraints (13) and (14) are used for subtour elimination. Constraints
(15)–(19) define types of decision variables. It should be noted that in
a pandemic situation like COVID-19, the demand scenarios are defined
based on probable changes in such a situation. Then the network is
designed by considering such circumstances.

5. Solution approach

In this section, a matheuristic algorithm is developed by decompos-
ing the main model to subproblems based on the algorithm proposed
by Solyalı and Süral (2017) with some modification, enhancement,
and new developments. This matheuristic algorithm consists of five
phases that are shown summarily in Fig. 1. Moreover, five phases of
the proposed algorithm are described in Sections 5.1–5.5. It should be
noted that Phase 2 of the Solyalı and Süral (2017) algorithm has been
modified to be used in our proposed method. The presented restricted
mathematical model in this phase has been modified to address the
perishability feature of the product and the stochastic nature of the
problem. Moreover, there have been modified phase 4 of Solyalı and
Süral (2017) to reach phase 5 of the proposed algorithm. Main modifi-
cations are related to considering the stochastic nature of the problem
and addressing the product’s perishability feature in the improvement
phase. In Phase 5 of the proposed algorithm, there is a mathematical
model which is used for removal and insertion procedure, although we
have used the same scheme as Solyalı and Süral (2017), but we en-
hanced the mathematical model of the removal and insertion procedure
5

Table 2
The sets for nodes in the mentioned example.
𝑖 𝑎𝑖 𝑏𝑖
0 1 4 2 3 1 4 2 3
1 4 2 3 0 0
2 3 0 0 1 4
3 0 0 1 4 2
4 2 3 0 0 1

to remove non-efficient solutions. Also, we improved the procedure
by using an iterative approach while (Solyalı and Süral, 2017) used
only a one-step removal and insertion. Moreover, a procedure has been
proposed to estimate removal and insertion costs. Phase three of the
proposed algorithm has been developed in this research. The proposed
algorithm in this phase is a matheuristic algorithm based on a clustering
method with a proposed mathematical model that is used iteratively
to extract the best number of vehicles and routing decisions. Finally,
in phase 4 of the proposed algorithm, a new repairing scheme has
been used to make solutions to be feasible. A mathematical model has
been developed for this phase. This procedure lead to having a feasible
solution with higher quality.

5.1. Phase1: Solving a TSP model

The primary aim of the first phase is to reduce the computation
time, and the complexity of the model solved in the second phase
by eliminating subtour constraints. A good sequence of visiting the
retailers is determined by solving a TSP model considering all retailers
to achieve this aim. To consider the obtained sequence in the second
phase, the sets 𝑎𝑖 and 𝑏𝑖 are defined for each node, including the
nodes visited after and before the 𝑖𝑡ℎ node, respectively. An example
is illustrated here to explain how to construct mentioned sets. As an
example, suppose that 0-1-4-2-3-0 is an obtained route from solving a
TSP model for four retailers, and the plant is denoted by 0, the sets 𝑎𝑖
and 𝑏𝑖 for all nodes are specified in the Table 2. These sets are used
to define the indices 𝑖 and 𝑗 in the routing decision (𝑥𝑖𝑗𝑡). Therefore,
the limited number of nodes are allowed to be visited after and before
each node 𝑖 by using the sets 𝑎𝑖 and 𝑏𝑖 in the model of the second phase.
Also, subtour constraints can be eliminated by considering these sets.

5.2. Phase2: Initial solution generation

An approximation of the PRP model is solved in this phase. This
model is a restricted PRP-M model (That is named the Ph2 model)
with several modifications. To reduce the computational time the sets
𝑎𝑖 and 𝑏𝑖 obtained from previous phase are used in this model and
the constraints (11) and (12) in the PRP-M model are substituted with
constraints (21) and (22) in the second phase. Also, the integrality of
the decision variable 𝑥𝑗𝑖𝑡 is relaxed, and subtour elimination constraints
are omitted. However, considering the sets 𝑎𝑖 and 𝑏𝑖 and integer value
of decision variable 𝑦𝑖𝑡 guarantee the integrality of the obtained so-
lution for the routing decision. There is no index corresponding to a
vehicle in the decision variables related to routing (𝑥𝑖𝑗𝑡 and 𝑦𝑖𝑡) in the
PRP-M model, so the capacity of each vehicle is taken into account
in the subtour elimination constraints. Therefore, only an aggregate
vehicle capacity is considered in the Ph2 model by constraint (7)
when subtour elimination constraints are omitted. Consequently, the
capacity of each vehicle is not restricted in the Ph2 model. Therefore,
the obtained solution from this phase may be infeasible unless there
is only one vehicle. The Ph2 decides the schedule of production 𝑧𝑡,
production quantities 𝑝𝑡, the schedule of delivery 𝑦𝑖𝑡, delivery quantities
𝑞𝑖𝑡, inventory quantities 𝐼𝑔𝑖𝑡(𝜉), and the quantities of product with age
𝑔 used at the retailers to satisfy their demand. The Ph2 model is
formulated as follows:

Ph2 ∶min
∑ ∑ ∑

𝐶𝑖𝑗𝑥𝑖𝑗𝑡 + 𝐹𝑧𝑡 + 𝐵𝑝𝑡+

𝑡∈ 𝑖∈ 𝑗∈𝑎𝑖 ,𝑗≠𝑖
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Fig. 1. An overview of the proposed matheuristic algorithm.
∑

𝜉∈𝛯
𝑝𝑟(𝜉)[

∑

𝑔∈∖{𝐺}

∑

𝑖∈
𝐻𝐼𝑔𝑖𝑡(𝜉) +

∑

𝑖∈
𝛺𝐼𝐺𝑖𝑡(𝜉) +

∑

𝑔∈∖{𝐺}

∑

𝑖∈
𝛤𝑔𝑑𝑔𝑖𝑡(𝜉)]

(20)
s.t. ∶ (2)–(10), (16)–(19)
∑

𝑗∈𝑎𝑖

𝑥𝑖𝑗𝑡 = 𝑦𝑖𝑡 ∀𝑖 ∈  , 𝑡 ∈  (21)

∑

𝑗∈𝑏𝑖

𝑥𝑗𝑖𝑡 = 𝑦𝑖𝑡 ∀𝑖 ∈  , 𝑡 ∈  (22)

0 ≤ 𝑥𝑖𝑗𝑡 ≤ 1 ∀𝑖 ∈  , 𝑗 ∈ 𝑎𝑖, 𝑡 ∈  (23)

5.3. Phase3: Solving CVRP by a heuristic algorithm

This phase aims to determine decisions corresponding to routing,
including the number of vehicles with considering the capacity of
vehicles and visiting sequence of retailers by each vehicle. So a CVRP
model should be solved for time periods that (𝑝𝑡 > 0). In this stage, the
demand of the 𝑖𝑡ℎ retailer in the period 𝑡 is set to the obtained value for
products quantity transshipped to this retailer in period 𝑡 (𝑞𝑖𝑡) according
to the result of the previous phase.

5.3.1. Heuristic method for CVRP (𝐻𝐶𝑉 )
Since the CVRP is an NP-hard problem, a heuristic based on the

clustering and a mathematical model is proposed in this section. First,
retailers are clustered using an iterative K-means algorithm. Secondly,
a series of TSPs for each cluster is solved to calculate each retailer’s
insertion and removal cost to and from each cluster. Third, a mathe-
matical model is solved to satisfy the capacity constraint of vehicles in
each cluster (each route). Finally, to determine the visiting sequence of
retailers, a TSP is solved for each cluster.

As the K-means algorithm starts by randomly choosing a centroid
value for each cluster, a new clustering method is developed in this
section. The clustering method is summarized in Algorithm 1 and the
HCV is described in Algorithm 2. Following sets and parameters are
defined, which will be used in the proposed algorithm. 𝑡 = {𝑖 ∣ 𝑖 ∈
, 𝑡 ∈  , �̂�𝑖𝑡 > 0} indicates the retailers visited in period 𝑡 in phase
2. Neighbor frequency (NF) matrix with |𝑡| rows and |𝑡| columns is
used to store the number of times that retailers 𝑖 and 𝑗 have been seen in
the same cluster. So 𝑛𝑓𝑖𝑗 shows the frequency of retailers i and j which
have been observed to be in the same cluster after running several K-
means clustering algorithm. Notice that K-means is used repeatedly just
for building the NF matrix. The values of 𝑛𝑓𝑖𝑗 are sorted in decreasing
order in a 𝑆𝑐𝑜𝑟𝑒 set. Let 𝑠𝑖 be a set of retailers which have the 𝑠𝑡ℎ
6

value in the Score set with retailer i. 𝐾𝑡 denotes the initial number of
clusters of K-means for each time period 𝑡, where 𝐾𝑡 = [
∑

𝑖∈𝑡
𝑞𝑖𝑡∕𝑄]

and ={1, 2,… , 𝐾𝑡} is the set of clusters including its allocated retailers.
𝑠𝑙𝑢𝑡 and 𝑠𝑙𝑢∗𝑡 are defined to store the current and the best solution for
each time period 𝑡. Also, 𝑜𝑏𝑗𝑡 and 𝑜𝑏𝑗∗𝑡 are defined to store the current
and the best objective values in each time period 𝑡. The set of 𝑎𝑝𝑖𝑐 is
utilized as a binary parameter to store the retailers in each final cluster,
so 𝑎𝑝𝑖𝑐 is equal to 1 if there is retailer 𝑖 in the cluster 𝑐, 0 otherwise.
Cluster membership score (CMS) is defined to store the score for each
cluster based on the NF matrix and its calculation equation has been
mentioned in Algorithm 1.

In Algorithm 1, the NF matrix is built in each period by lines 2–6.
Then, lines 8–34 correspond to the clustering mechanism of retailers
visited in each time period by using the values of the NF matrix (𝑛𝑓𝑖𝑗).
Finally, 𝑎𝑝𝑖𝑐 is returned. The parameters of Algorithm 1 are set TI=100
and TH=39 by conducting different experiments.

To satisfy the individual vehicle capacity and improve the final
solution of CVRP, a mathematical model is formulated as follows,
which needs to be optimized for each time period 𝑡. Parameters and
decision variables in the Ph3 model are defined as follows:
Decision variables:
𝐴𝑖𝑐 Binary variable, equal to 1 if retailer 𝑖 is removed from

route of cluster 𝑐, 0 otherwise
𝑊𝑖𝑐 Binary variable, equal to 1 if retailer 𝑖 is inserted to

route of cluster 𝑐, 0 otherwise

Parameters:
𝛿𝑖𝑐 The removal cost of retailer 𝑖 from route of cluster 𝑐

and is calculated according to Algorithm 3
𝜎𝑖𝑐 The insertion cost of the retailer 𝑖 to route of cluster 𝑐

and is calculated according to Algorithm 3
𝐿′ The maximum number of insertions and removals

Ph3 ∶𝑚𝑖𝑛
∑

𝑐∈

∑

𝑖∈𝑡

[(1 − 𝑎𝑝𝑖𝑐 )𝜎𝑖𝑐𝑊𝑖𝑐 − 𝑎𝑝𝑖𝑐𝛿𝑖𝑐𝐴𝑖𝑐 ] (24)

s.t. ∶
∑

𝑐∈
(𝑎𝑝𝑖𝑐 − 𝑎𝑝𝑖𝑐𝐴𝑖𝑐 + (1 − 𝑎𝑝𝑖𝑐 )𝑊𝑖𝑐 ) = 1 ∀𝑖 ∈ 𝑡 (25)

∑

𝑖∈𝑡

(𝑞𝑖𝑡𝑎𝑝𝑖𝑐 + 𝑞𝑖𝑡(1 − 𝑎𝑝𝑖𝑐 )𝑊𝑖𝑐 − 𝑞𝑖𝑡𝑎𝑝𝑖𝑐𝐴𝑖𝑐 ) ≤ 𝑄 ∀𝑐 ∈  (26)

∑

𝑖∈𝑡

(𝑎𝑝𝑖𝑐𝐴𝑖𝑐 + (1 − 𝑎𝑝𝑖𝑐 )𝑊𝑖𝑐 ) ≤ 𝐿′ ∀𝑐 ∈  (27)

𝐴𝑖𝑐 ,𝑊𝑖𝑐 ∈ {0, 1} ∀𝑐 ∈ , 𝑖 ∈ 𝑡
(28)
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Algorithm 1 The framework of proposed clustering for period t in the
𝐻𝐶𝑉 algorithm
1: Input: 𝐾𝑡, TH, 𝐶𝑖𝑗 , s=1, iter=1, 𝑇 𝐼 ,𝑎𝑝𝑖𝑐 ← ∅ for 𝑖 ∈ , 𝑐 ∈ , 𝑐𝑙𝑢𝑠𝑡𝑒𝑟(𝑐) ← ∅ for 𝑐 ∈ .
2: while 𝑖𝑡𝑒𝑟 ⩽ 𝑇 𝐼 do
3: K-means(𝐶𝑖𝑗 ,𝐾𝑡)
4: Update NF matrix
5: 𝑖𝑡𝑒𝑟 ← 𝑖𝑡𝑒𝑟 + 1
6: end while
7: while |𝑡| > 0 do
8: for 𝑖 ∈  do
9: if 𝑖 ∈ 𝑡 then
10: for 𝑐 ∈  do
11: if ∃𝑙 ∈ 𝑠𝑖: 𝑙 ∈ 𝑐𝑙𝑢𝑠𝑡𝑒𝑟(𝑐) then
12: Add 𝑠𝑖 ⧵ 𝑙 to 𝑐𝑙𝑢𝑠𝑡𝑒𝑟(𝑐) and 𝑡 ← 𝑡 −𝑠𝑖

13: else
14: if |𝑐𝑙𝑢𝑠𝑡𝑒𝑟(c)| ≠ 0 then
15: 𝐶𝑀𝑆(𝑐) =

∑

𝑎∈𝑠𝑖 [
∑

𝑗∈𝑐𝑙𝑢𝑠𝑡𝑒𝑟(𝑐) 𝑛𝑓𝑎𝑗∕|𝑐𝑙𝑢𝑠𝑡𝑒𝑟(𝑐)|]∕|𝑠𝑖
|

16: end if
17: end if
18: end for
19: 𝐹𝑀 = max𝑐 (𝐶𝑀𝑆(c)) and 𝑐′ = argmax

𝑐
(𝐶𝑀𝑆(c))

20: if 𝐹𝑀 ≥ 𝑇𝐻 then
21: 𝑠𝑖 add to 𝑐𝑙𝑢𝑠𝑡𝑒𝑟(𝑐′ ) and 𝑡 ← 𝑡 −𝑠𝑖

22: end if
23: if 𝐹𝑀 < 𝑇𝐻 then
24: if There is an empty cluster then
25: Add 𝑠𝑖 to it and 𝑡 ← 𝑡 −𝑠𝑖

26: else
27: Add 𝑠𝑖 to 𝑐𝑙𝑢𝑠𝑡𝑒𝑟(𝑐′ ) and 𝑡 ← 𝑡 −𝑠𝑖

28: end if
29: end if
30: end if
31: Set 𝑠 ← 𝑠 + 1
32: Update 𝑎𝑝𝑖𝑐
33: end for
34: end while
35: Return 𝑎𝑝𝑖𝑐

The objective function (24) minimizes the total removal and insertion
costs. The constraints (25) guarantee that each retailer should be
visited by only a vehicle. The constraints (26) impose individual vehicle
capacities. The constraints (27) limit the total number of removals and
insertions in each route. Finally, the last constraints define the type of
decision variables. The HCV is presented in the Algorithm 2. In this
algorithm, line 3 solves a TSP model for all retailers of each cluster
obtained by Algorithm 1. Then the insertion and removal costs are
calculated for obtained routes according to Algorithm 3 in line 4. In line
5 solves the Ph3 model for all retailers clustered for each time period.
The solution of the Ph3 model may be infeasible by 𝐾𝑡 vehicles. Lines
6–9 repair the infeasible solution. Line 10 solves a TSP model for all
retailers of each cluster obtained by the Ph3 model. Lines 12–20 are
devoted to an iterative approach to find the best number of vehicles
for all retaliates visited in phase 2 in each period.

5.4. Phase4: Repairing the infeasibility

This phase aims to repair the infeasible solutions obtained from
previous phases. Suppose the number of vehicles used in the previous
phase in each period 𝑡 ∈  is more than the number of available
vehicles (𝐾𝑡 > 𝑉 ). In that case, the obtained solution is infeasible to
PRP-M. The scheme proposed by Li et al. (2019) is applied to deal
with the infeasibility. Firstly a mathematical model (𝑝ℎ4) is solved, and
then a series of TSPs are solved. Next, 𝑉 routes with maximum delivery
quantities are selected. Two sets 𝐸 = {1, 2,… , 𝑉 } and  = {𝑉 +1,… , 𝐾𝑡}
are defined that represent the set of actual vehicles and the set of
dummy vehicles, respectively. Sets 𝜗 = {𝑖 ∣ 𝑖 ∈ , 𝑡 ∈  , 𝑘 ∈ 𝐸, �̂�𝑖𝑡 > 0}
and 𝜙 = {𝑖 ∣ 𝑖 ∈ , 𝑡 ∈  , 𝑘 ∈  , �̂�𝑖𝑡 > 0} consist of the customers visited
by available and dummy vehicles, respectively. Also, the production
scheduling is considered as a given parameter in this model (�̂�𝑡). In this
stage, two new variables are defined. 𝑞′𝑖𝑘𝑡 is defined as decision variable
that shows the quantity of products delivered to retailer 𝑖 by vehicle 𝑘
in period 𝑡 and 𝑣 will be equal to 1 if retailer 𝑖 is visited by vehicle 𝑘
7

𝑖𝑘𝑡 f
Algorithm 2 The framework of the proposed HCV algorithm
1: Input: 𝐾𝑡, 𝑎𝑝𝑖𝑐 , 𝑜𝑏𝑗∗𝑡 ← +∞, 𝑜𝑏𝑗𝑡, 𝑠𝑙𝑢𝑡 ← ∅, 𝑠𝑙𝑢∗𝑡 ← ∅,

𝑐𝑜𝑛𝑑𝑖𝑡𝑖𝑜𝑛 ← 𝑓𝑎𝑙𝑠𝑒
2: while 𝑐𝑜𝑛𝑑𝑖𝑡𝑖𝑜𝑛 ← 𝑓𝑎𝑙𝑠𝑒 do
3: Solve a series of TSP(c) for all 𝑐 ∈ 
4: Calculate 𝛿𝑖𝑐 , 𝜎𝑖𝑐 according to Algorithm 3
5: Solve the Ph3 model
6: if Ph3 model is infeasible then
7: Set 𝐾𝑡 ← 𝐾𝑡 + 1
8: Re-cluster according to Algorithm 1 and go step 2
9: end if

10: Solve a series of TSP(c) for all 𝑐 ∈  calculate obj
11: Store the current solution in 𝑠𝑙𝑢𝑡 and calculate 𝑜𝑏𝑗𝑡
12: if 𝑜𝑏𝑗𝑡 < 𝑜𝑏𝑗∗𝑡 then
13: Set 𝑜𝑏𝑗∗𝑡 ← 𝑜𝑏𝑗𝑡 and 𝑠𝑙𝑢∗𝑡 ← 𝑠𝑙𝑢𝑡
14: Set 𝐾𝑡 ← 𝐾𝑡 + 1
15: Re-cluster according to Algorithm 1 and go step 2
16: end if
17: if 𝑜𝑏𝑗𝑡 > 𝑜𝑏𝑗∗𝑡 or 𝐾𝑡 > 𝑉 then
18: Set 𝑐𝑜𝑛𝑑𝑖𝑡𝑖𝑜𝑛 ← 𝑡𝑟𝑢𝑒
19: end if
20: end while
21: Return 𝑠𝑙𝑢𝑡

in time period 𝑡. The retailers visited by the actual vehicles should be
fixed in the model (�̂�𝑖𝑘𝑡 = {𝑖 ∣ 𝑖 ∈ 𝜗, 𝑡 ∈  , 𝑘 ∈ 𝐸}). Also, let 𝜌𝑖𝑘𝑡 be a
arameter as a approximate visit cost of retailer 𝑖 by vehicle 𝑘 in time
eriod 𝑡 and set to 𝐶𝑖−𝑖+𝐶𝑖𝑖+ −𝐶𝑖−𝑖+ where 𝑖− and 𝑖+ are preceding and
ucceeding nodes of the 𝑖𝑡ℎ retailer. The Ph4 is formulated as follows:

h4 ∶ 𝑚𝑖𝑛
∑

𝑡∈

∑

𝑘∈𝐸

∑

𝑖∈𝜙
𝜌𝑖𝑘𝑡𝑣𝑖𝑘𝑡 +

∑

𝑡∈
𝐵𝑝𝑡

+
∑

𝑡∈

∑

𝜉∈𝛯
𝑝𝑟(𝜉)[

∑

𝑖∈

∑

𝑔∈∖{𝐺}
𝐻𝐼𝑔𝑖𝑡(𝜉) +

∑

𝑖∈
𝛺𝐼𝐺𝑖𝑡(𝜉) +

∑

𝑔∈∖{𝐺}
𝛤𝑔𝑑𝑔𝑖𝑡(𝜉)]

(29)
.t. ∶ (4)–(5),(9)

𝑡 =
∑

𝑖∈

∑

𝑘∈
𝑞′𝑖𝑘𝑡 ∀𝑡 ∈  (30)

1𝑖𝑡(𝜉) =
∑

𝑘∈𝐸
𝑞′𝑖𝑘𝑡 − 𝑑0𝑖𝑡(𝜉) ∀𝑡 ∈  , 𝑖 ∈ , 𝜉 ∈ 𝛯 (31)

𝑡 ≤ 𝐶�̂�𝑡 ∀𝑡 ∈  (32)
′
𝑖𝑘𝑡 ≤ 𝑄�̂�𝑖𝑘𝑡 ∀𝑖 ∈ 𝜗, 𝑘 ∈ 𝐸, 𝑡 ∈  (33)
′
𝑖𝑘𝑡 ≤ 𝑄𝑣𝑖𝑘𝑡 ∀𝑖 ∈ 𝜙, 𝑘 ∈ 𝐸, 𝑡 ∈  (34)
∑

𝑘∈𝐸
𝑣𝑖𝑘𝑡 ≤ 1 ∀𝑖 ∈ 𝜙, 𝑘 ∈ 𝐸, 𝑡 ∈  (35)

𝑖𝑘𝑡 ∈ {0, 1} ∀𝑖 ∈ 𝜙, 𝑘 ∈ 𝐸, 𝑡 ∈  (36)
′
𝑖𝑘𝑡, 𝑝𝑡, 𝑑0𝑖𝑡, 𝐼𝑔𝑖𝑡 ≥ 0 ∀𝑖 ∈ , 𝑘 ∈ 𝐸, 𝑡 ∈  , 𝑔 ∈  (37)

.5. Phase5: Improving the solution

This phase aims to improve the current solution by using an iterative
nsertion and removal strategy for retailers. To achieve this aim, a MIP
odel (Ph5) is developed to achieve this aim. To solve the mentioned
odel, insertion and removal costs for each retailer are determined

pproximately by Algorithm 3. At most, 𝐿 retailers can be removed
rom their current routes or inserted into other routes in each iteration
sing the Ph5 model. Then a series of TSP models (TSP(𝑡, 𝑘)) are solved
o update routing decisions based on the obtained solution. Additional
arameters and decision variables in the Ph5 model are defined as

ollows:
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Decision variables:
𝑠𝑖𝑡𝑘 Binary variable, equal to 1 if retailer 𝑖 is inserted to

route of vehicle 𝑘 in period 𝑡, 0 otherwise
𝑟𝑖𝑡𝑘 Binary variable, equal to 1 if retailer 𝑖 is removed from

route of vehicle 𝑘 in period 𝑡, 0 otherwise
𝑞′𝑖𝑡𝑘 The amount of products transshipped to retailer 𝑖 in

period 𝑡 by vehicle 𝑘

Parameters:
𝛾𝑖𝑡𝑘 The removal cost of retailer 𝑖 from the route of vehicle

𝑘 in period 𝑡 (The value of this parameter is defined by
Algorithm 3)

𝜆𝑖𝑡𝑘 The insertion cost of retailer 𝑖 to route of vehicle 𝑘 in
period 𝑡 (The value of this parameter is defined by
Algorithm 3)

𝛼𝑖𝑡𝑘 Equal to 1 if retailer 𝑖 in time period 𝑡 is visited by
vehicle 𝑘, 0 otherwise (The value of this parameter is
defined according to the result of Phase 3 or Phase 4)

𝐿 The maximum number of insertions and removals

The Ph5 model is formulated as follow:

Ph5 ∶ 𝑚𝑖𝑛
∑

𝑡∈
[
∑

𝑘∈

∑

𝑖∈
((1 − 𝛼𝑖𝑡𝑘)𝜆𝑖𝑡𝑘𝑠𝑖𝑡𝑘 − 𝛼𝑖𝑡𝑘𝛾𝑖𝑡𝑘𝑟𝑖𝑡𝑘) + 𝐹𝑧𝑡 + 𝐵𝑝𝑡

+
∑

𝜉∈𝛯
𝑝𝑟(𝜉)(

∑

𝑖∈

∑

𝑔∈∖𝐺
𝐻𝐼𝑔𝑖𝑡(𝜉) +

∑

𝑖∈
𝛺𝐼𝐺𝑖𝑡(𝜉) +

∑

𝑔∈∖𝐺
𝛤𝑔𝑑𝑔𝑖𝑡(𝜉))] (38)

s.t. ∶ (4)–(6),(9)

𝑝𝑡 =
∑

𝑖∈

∑

𝑘∈
𝑞′𝑖𝑡𝑘 ∀𝑡 ∈  (39)

𝐼1𝑖𝑡(𝜉) =
∑

𝑘∈
𝑞′𝑖𝑡𝑘 − 𝑑0𝑖𝑡(𝜉) ∀𝑡 ∈  , 𝑖 ∈ , 𝜉 ∈ 𝛯 (40)

′
𝑖𝑡𝑘 ≤ 𝑄(𝛼𝑖𝑡𝑘 − 𝛼𝑖𝑡𝑘𝑟𝑖𝑡𝑘 + (1 − 𝛼𝑖𝑡𝑘)𝑠𝑖𝑡𝑘) ∀𝑡 ∈  , 𝑖 ∈ , 𝑘 ∈  (41)
∑

𝑖∈
𝑞′𝑖𝑡𝑘 ≤ 𝑄 ∀𝑡 ∈  , 𝑘 ∈  (42)

∑

𝑖∈
(𝛼𝑖𝑡𝑘 − 𝛼𝑖𝑡𝑘𝑟𝑖𝑡𝑘 + (1 − 𝛼𝑖𝑡𝑘)𝑠𝑖𝑡𝑘) ≤ 1 ∀𝑡 ∈  , 𝑖 ∈  (43)

∑

𝑖∈
(𝛼𝑖𝑡𝑘𝑟𝑖𝑡𝑘 + (1 − 𝛼𝑖𝑡𝑘)𝑠𝑖𝑡𝑘) ≤ 𝐿 ∀𝑡 ∈  , 𝑘 ∈  (44)

′
𝑖𝑡𝑘, 𝑑𝑔𝑖𝑡(𝜉), 𝑝𝑡, 𝐼𝑔𝑖𝑡(𝜉) ≥ 0

∀𝑡 ∈  , 𝑖 ∈ , 𝜉 ∈ 𝛯, 𝑔 ∈ , 𝑘 ∈ 
(45)

𝑖𝑡𝑘, 𝑠𝑖𝑡𝑘 ∈ {0, 1} ∀𝑖 ∈ , 𝑡 ∈  , 𝑘 ∈  (46)

he objective function (38) minimizes the production and approx-
mated routing costs as well as expected costs of holding, wasted
roducts, and the penalty of non-fresh products. Constraints (39) ensure
hat the plant cannot hold inventory. The amount of inventory with
ges more than 1 is obtained by constraints (40). Constraints (41) guar-
ntee that if a retailer is visited in a time period, the required amount of
roducts should be delivered to it. Constraints (42) ensure that vehicle
apacity is not violated. Constraints (43) indicate that each retailer can
e visited at most by a vehicle in each time period. Constraints (44)
epresent that the total number of insertions and removal are at most

for each time period. Constraints (45) and (46) define the type of
ecision variables in the model. In each iteration, all decision variables
xcept routing decisions are determined by solving the Ph5 model.
lso, a new assignment of retailers to vehicles is obtained in each time
eriod. Finally, series of TSP models should be solved for each vehicle
nd time period to determine visiting sequence of retailers.

An outline of the procedure is given in 4.

.5.1. Enhancement of the proposed mathematical model
Although the insertion and removal stage in phase 5 can improve

he solution quality in some cases, it might have some disadvantages
nd may destroy the quality of the solution. Therefore, two constraints
re proposed to be added in the removal and insertion model to deal
8

Algorithm 3 Determining approximated insertion and removal costs of
retailers
1: Input: 𝛼𝑖𝑡𝑘, 𝐶𝑖𝑗
2: if 𝛼𝑖𝑡𝑘 = 0 then
3: if there is at least one retailer in the route corresponding to

vehicle 𝑘 then
4: The cost corresponding to insert retailer 𝑖 between retailers 𝑗

and 𝑠 in route 𝑘 is calculated by following equation:
5: ℎ(𝑗, 𝑖, 𝑠) = 𝐶𝑗𝑖 + 𝐶𝑖𝑠 − 𝐶𝑗𝑠;
6: The insertion cost of the 𝑖𝑡ℎ retailer in the 𝑘𝑡ℎ route in period 𝑡 is

obtained by;
7: 𝜆𝑖𝑡𝑘 = min(𝑗,𝑠)∈𝑘{ℎ(𝑗, 𝑖, 𝑠)}
8: else
9: 𝜆𝑖𝑡𝑘 = 2𝐶0𝑖
0: end if
1: else
2: The removal cost of the 𝑖𝑡ℎ retailer from the 𝑘𝑡ℎ route in period 𝑡

is calculated by;
3: 𝛾𝑖𝑡𝑘 = −(𝐶𝑗𝑠−𝐶𝑗𝑖−𝐶𝑖𝑠), where 𝑗 and 𝑠 are predecessor and successor

nodes of the 𝑖𝑡ℎ retailer in the 𝑘𝑡ℎ route in period 𝑡
4: end if
5: Output: The values of parameters 𝛾𝑖𝑡𝑘 and 𝜆𝑖𝑡𝑘

with this issue enhancing the proposed scheme. For more explanation,
an example is illustrated in Fig. 2. Suppose that the illustrated route
in Fig. 2(a) has been extracted by the proposed algorithm in the first
iteration of phase 5. The routes will be changed as depicted in Fig. 2(b)
suppose that the optimal solution is 0-2-1-3-5-4-0, it can be seen that
the extracted solution quality has been destroyed, and it is far from
the optimal solution. However, by adding two proposed enhancing
constraints, the optimal solution can be extracted as illustrated in
Fig. 2(d).

In this example, retailer 2 is removed from the route corresponding
to vehicle 2 and inserted into the route corresponding to vehicle 1
without changing in the second iteration. It seems that the vehicle
name has been changed only, which is not desirable. Also, retailers
4 and 5 are removed from the route corresponding to vehicle 3 and
are inserted into the route corresponding to vehicle 2 in the second
iteration. Then, the route corresponding to vehicle 3 is broken. To
deal with the mentioned issue here some constraints are developed and
are added to the Ph5 model. Additional notations presented in these
constraints are as follows:
𝑒𝑡𝑘: Binary variable, equal to 1 if all retailers in a special

route are inserted to the 𝑘𝑡ℎ route (correspond to the
𝑘𝑡ℎ vehicle) in period 𝑡; 0 otherwise

𝐿𝑒𝑡𝑘′ : The length of route 𝑘′ in period 𝑡. On the other hand,
the number of retailers visited by vehicle 𝑘′ in period 𝑡.

∑

𝑖∈
(𝛼𝑖𝑡𝑘 − 𝛼𝑖𝑡𝑘𝑟𝑖𝑡𝑘 + (1 − 𝛼𝑖𝑡𝑘)𝑠𝑖𝑡𝑘) ≥

∑

𝑖∈
𝛼𝑖𝑡𝑘𝑠𝑖𝑡𝑘 + 𝑒𝑡𝑘 ∀𝑡 ∈  , 𝑘 ∈ |𝐿𝑒𝑡𝑘′ > 0 (47)

1 − 𝑒𝑡𝑘) ≤ 𝐿𝑒𝑡𝑘′ −
∑

𝑖∈𝑅
𝛼𝑖𝑡𝑘′ 𝑠𝑖𝑡𝑘 ∀𝑡 ∈  , 𝑘 ∈ |𝐿𝑒𝑡𝑘′ > 0 (48)

(1 − 𝑒𝑡𝑘) ≥ 𝐿𝑒𝑡𝑘′ −
∑

𝑖∈𝑅
𝛼𝑖𝑡𝑘′ 𝑠𝑖𝑡𝑘 ∀𝑡 ∈  , 𝑘 ∈ 𝑚|𝐿𝑒𝑡𝑘′ > 0 (49)

here ∶

𝑒𝑡𝑘′ =
∑

𝑖∈
𝛼𝑖𝑡𝑘′ ∀𝑡 ∈  , 𝑘′ ∈  (50)

Constraints (47) imposes that if all retailers in route 𝑘′ are inserted
to route 𝑘, the number of retailers in route 𝑘 must be larger than the
length of route 𝑘′. Constraints (48) and (49) ensure that the value of
decision variable 𝑒𝑡𝑘 is equal to 1 if all retailers in route 𝑘′ are inserted
to the 𝑘𝑡ℎ route in period 𝑡. We presented an example with five retailers
and three routes when these constraints are not in the Ph5 model and
when they are added to the model.
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Fig. 2. An illustrative example of the enhancement part of the algorithm.
The whole matheuristic algorithm is summarized in the Algorithm
4. Lines 1–8 are devoted to a brief description of phases 1 to 4
corresponding to constructing the feasible initial solution. Lines 11–
26 represent the iterative approach related to improving the initial
solution of phase 5.

6. Numerical experiments

In this section, numerical experiments are presented to assess the
performance of the proposed model and the matheuristic algorithm. All
computations were performed on a 3.5 GHz Workstation with 32 GB
RAM and 6 cores operating with Windows 10 (64-bit) and using the
Julia software. CPLEX 12.7.1 was employed as a solver. It should be
noted that the mathematical formulations and TSPs of all phases and
in the developed algorithm, was solved using CPLEX. The test instances
and numerical experiments are described in the subsequent sections.

6.1. Test instances

We randomly generate two group instances for three sizes of the
problem. The specifications of each size for both instances are displayed
in Tables 3 and 4.
9

Table 3
Specifications of sizes of the problem.

Size of problem 𝑁 𝑇 𝑆

Small 10 3, 5, 7 10, 20, 30
Medium 20, 30 3, 5, 7 10, 20, 30
Large 40, 50 3, 5, 7 10, 20, 30

The instances of datasets 1 and 2 are generated with the following
parameters:

Generated data for the parameters used for the computational study
are available in https://github.com/bashirimahdi/Stochastic-PRP-for-
perishable-products.

6.2. Numerical analyses of the proposed model

This section consists of four sensitivity analyses of the proposed
model, in which its performance under various conditions is demon-
strated. First, the difference between classic PRP and proposed model
under normal situation and a case with a large variation of customers
demand is shown by a graphical representation. Second, the behavior
of the proposed model and the basic model for PRP in the literature
Solyalı and Süral (2017) is examined under two conditions, for large

https://github.com/bashirimahdi/Stochastic-PRP-for-perishable-products
https://github.com/bashirimahdi/Stochastic-PRP-for-perishable-products
https://github.com/bashirimahdi/Stochastic-PRP-for-perishable-products
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Table 4
Parameters for the proposed model.

Parameters Dataset 1 Dataset 2

Positions (𝑥𝑖 , 𝑦𝑖) of the retailers 𝑈𝑛𝑖𝑓𝑜𝑟𝑚[1, 493] 𝑈𝑛𝑖𝑓𝑜𝑟𝑚[1, 98]
Position (𝑥0 , 𝑦0) of the plant (143, 99) (0, 0)
The transportation cost (𝐶𝑖𝑗 )

√

(𝑥𝑖 − 𝑥𝑗 ) + (𝑦𝑖 − 𝑦𝑗 ) + 0.5
√

(𝑥𝑖 − 𝑥𝑗 ) + (𝑦𝑖 − 𝑦𝑗 ) + 0.5
Demand for each scenario (𝐷𝑖𝑡(𝜉)) 𝑈𝑛𝑖𝑓𝑜𝑟𝑚[5, 24] 𝑈𝑛𝑖𝑓𝑜𝑟𝑚[22, 498]
Inventory holding cost (𝐻) 𝑈𝑛𝑖𝑓𝑜𝑟𝑚[6, 9] 1
Vehicle capacity (𝑄) 322 (each vehicle) 8000 (each vehicle)
The number of vehicles (𝑉 ) 6 5
Retailers inventory capacity (𝑢𝑖) 5 ∗ 𝑈𝑛𝑖𝑓𝑜𝑟𝑚[14, 138] 𝑢1−20 = 900, 𝑢21−50 = 1200
Fixed production cost (𝐹 ) 3000 50000
Variable production cost 10 per unit 10 per unit
The cost of wasted product (𝛺) 𝑈𝑛𝑖𝑓𝑜𝑟𝑚[11, 12] 𝑈𝑛𝑖𝑓𝑜𝑟𝑚[11, 12]
Penalty cost for product with age 𝑔 (𝛤𝑔) g/G per unit g/G per unit
The shelf life of product (𝐺) 3, 5, 7 3, 5, 7
The plant capacity 50000 50000
c
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Algorithm 4 A summarized pseudocode of the proposed matheuristic
algorithm
1: Phase 1
2: Determine a sequence of visiting all retailers by solving a TSP model and define the sets

𝑎𝑖 and 𝑏𝑖
3: Phase 2
4: Solve a restricted model of PRP-M (the Ph1 model), according to, the sets 𝑎𝑖 and 𝑏𝑖 To

determine the decision variables related to production, inventory and distribution
5: Phase 3
6: Determine the routing decision by the 𝐻𝐶𝑉 method
7: Phase 4
8: Repairing the infeasible solution obtained from previous phases by solving Ph4 model

and a TSP(𝑡, 𝑘) for all 𝑡 ∈  and 𝑘 ∈
9: Store the initial solution from previous phases in 𝑓𝑖𝑛𝑎𝑙𝑠𝑜𝑙 and the corresponding objective

function in 𝑓𝑖𝑛𝑎𝑙𝑜𝑏𝑗
0: Phase 5
1: Set 𝑛 = 1, 𝑏𝑒𝑠𝑡𝑜𝑏𝑗 ← 𝑓𝑖𝑛𝑎𝑙𝑜𝑏𝑗, 𝑐𝑜𝑛𝑑𝑖𝑡𝑖𝑜𝑛 ← 𝑓𝑎𝑙𝑠𝑒, 𝑏𝑒𝑠𝑡𝑠𝑜𝑙 ← 𝑓𝑖𝑛𝑎𝑙𝑠𝑜𝑙
2: while 𝑐𝑜𝑛𝑑𝑖𝑡𝑖𝑜𝑛 ← 𝑓𝑎𝑙𝑠𝑒 do
3: Solve the Ph5 model
4: Solve TSP(𝑡, 𝑘) for all 𝑡 ∈  and 𝑘 ∈
5: Calculate the objective function corresponding to the obtained solution (𝑜𝑏𝑗𝑛)
6: Form a solution to PRP-M(𝑠𝑜𝑙)
7: if 𝑜𝑏𝑗𝑛 < 𝑏𝑒𝑠𝑡𝑜𝑏𝑗 then
8: 𝑏𝑒𝑠𝑡𝑜𝑏𝑗 ← 𝑜𝑏𝑗𝑛
9: 𝑏𝑒𝑠𝑡𝑠𝑜𝑙 ← 𝑠𝑜𝑙
0: end if
1: Update 𝛼𝑖𝑡𝑘, 𝜆𝑖𝑡𝑘, 𝛾𝑖𝑡𝑘 according to current solution
2: go to step 13
3: if 𝑜𝑏𝑗𝑛+1 − 𝑜𝑏𝑗𝑛 ≥ 0 then
4: 𝑐𝑜𝑛𝑑𝑖𝑡𝑖𝑜𝑛 ← 𝑡𝑟𝑢𝑒
5: end if
6: end while
7: Ruturn 𝑏𝑒𝑠𝑡𝑠𝑜𝑙, 𝑏𝑒𝑠𝑡𝑜𝑏𝑗

and normal variations in demand. Then, the impact of considering the
perishable nature of the products on the reduction of wasted products
in supply chain planning is illustrated. Finally, the expected value of
perfect information (𝐸𝑉 𝑃𝐼) is employed to measure the importance of
considering demand uncertainty.

Fig. 3 shows an example of changes in the amounts of perishable
products in the supply chain for R1-R3 retailers during three periods
f t1-t3 in the planning horizon. It is based on one of the numerical
esults of analyzed dataset presented in the following subsections. Fig. 3
hows that all decisions related to production, inventory, and routing of
upply chain are made in an integrated manner by both the classic PRP
nd the proposed model. However, because the product perishability
haracteristic is ignored in the classic PRP, decision-making according
o the classic model will lead to more wastage comparing with the
roposed model, under both normal and pandemic condition. In par-
icular, because of a large variation of customers’ demand, the amount
f wasted products may increase considerably in supply chains. Hence,
sing the proposed model will be more beneficial, with less wastage in
uch situations.

In some situations, such as when a pandemic happens, such COVID-
9, large variations in customers’ demand occur, and purchasing habits
10

c

hange. Due to isolation conditions, people try to buy more than usual
or the next few days to ensure that they will not have to go back and
hop again, so variations in demand will be greater than variations
n a normal situation. Customer demand for some products will be
ery high in some time periods, while it will be very low in other
ime periods. In the numerical study, the behavior of the proposed
odel is studied in two different situations, normal and pandemic. The

esults for these two situations are shown in Figs. 4 and 5, respectively.
o compare the performance of the proposed model (PRP-M) with
he classic PRP model, three different values of uncertain customers’
emand are considered as deterministic values of demand for the classic
RP model. Deterministic values are defined to be max𝜉∈𝛯

{

𝑑𝑖𝑡(𝜉)
}

, or
𝑚𝑒𝑎𝑛𝜉∈𝛯

{

𝑑𝑖𝑡(𝜉)
}

and min𝜉∈𝛯
{

𝑑𝑖𝑡(𝜉)
}

. If first-stage decisions, such as
hose related to production, delivered quantities, and routing in the
RP-M model, are fixed by optimizing the classic PRP model under the
bove-mentioned values for demand, in some cases, the PRP-M model
ay be infeasible because of shortages of products, or may be faced
ith a lot of wasted products. It should be noted that shortages are

alculated for obtained decision variables from the classic PRP because
etailers’ demand cannot be met under such decisions.

It is assumed that retails demand has relatively small variation
uring the planning horizon in normal situations. Fig. 4 demonstrates
he values of wasted products and shortages when supply chain plan-
ing is based on the classic PRP and the proposed model in a normal
ituation. The figure shows that when supply chain decisions are based
n maximum demand under different scenarios, both the classic PRP
nd the proposed model lead to the same results in a normal situation.
owever, if supply chain decisions are made according to average
r minimum demand, the supply chain will suffer from high costs of
hortages and wasted products.

Fig. 5 depicts the values for the amount of wasted products and
hortages for the PRP-M and classic PRP models when there are large
ariations in customers’ demand, such as during a pandemic. This
igure shows that considering minimum demand among different sce-
arios in the classic model is not reasonable because of the occurrence
f large shortages. When customers’ demands are not satisfied by their
earest retailers, they will try to get their required products from other
etailers that might be far from the areas where they live. This increases
he spread of the pandemic and the risk of infection. Moreover, the
ehavior of the classic model is not acceptable when maximum demand
mong all scenarios is considered because of very high amounts of
astage. Therefore, producers suffer from significant losses, which may

ead to stopping production, even though the products are critical to
eople’s daily lives. Comparing Figs. 4 and 5 confirms that the proposed
odel is much more efficient than the classic PRP in a pandemic

ituation.
In this study, changes in customers’ shopping behavior are also

nvestigated. The analysis is carried out under four levels of variation in

ustomers’ demand (low, moderately high, almost high, and very high).
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Fig. 3. An illustration of the problem and how the proposed model will effectively decrease the total wastage.
Fig. 6 shows the results of this analysis. It confirms that the proposed
model decreases the amount of wastage compared to the classic model
in cases of sudden or very high levels of change in customers’ shopping
behavior, like the COVID-19 pandemic.

The proposed model is compared with the basic PRP model with
uncertain demand to evaluate its efficiency. The first-stage decision
variables of proposed model are fixed by solving the basic PRP model
to obtain the amount of wasted products. Then, this value is compared
with the amount of wasted products obtained by solving the proposed
model. This comparing is carried out under different shelf-life values by
considering 10 nodes. Fig. 7 shows that the proposed model performs
better for different shelf-life values than the basic stochastic PRP model.

The 𝐸𝑉 𝑃𝐼 index denotes the measure of how much a decision-
maker would be willing to pay more to obtain perfect information.
Fig. 8 illustrates that increasing the cost of wasted products, increases
the importance of information.

6.3. Computational results of solving method

In this section, the performance and efficiency of the proposed
algorithm are examined for different instances. To evaluate it, gaps are
11
reported between solutions obtained by the proposed solving method
with the best solution and lower bound obtained by CPLEX.

The results of CPLEX and the proposed matheuristic algorithm for
small instances are reported in Tables 5 and 6. The number of nodes
(𝑁) is equal to 10, and the number of scenarios (𝑆) and periods (𝑇 )
are selected from sets 10, 20, 30 and 3, 5, 7, respectively. In these
tables, 𝑂𝑏𝑗∗ and 𝑂𝑏𝑗𝑀 indicate the values of the objective functions
obtained from CPLEX and the matheuristic algorithm, respectively.
The computational time of CPLEX that finds optimal solutions and
matheuristic algorithm are represented by 𝑇 𝑖𝑚𝑒𝐶 and 𝑇 𝑖𝑚𝑒𝑀 . Finally,
𝐺𝑎𝑝∗ and 𝐺𝑎𝑝 give the gaps of 𝑂𝑏𝑗𝑀 with respect to the best objective
function and the lower bound obtained by CPLEX respectively, where
𝐺𝑎𝑝∗ = (𝑂𝑏𝑗𝑀 − 𝑂𝑏𝑗∗)∕𝑜𝑏𝑗∗ × 100 and 𝐺𝑎𝑝 = (𝑂𝑏𝑗𝑀 − 𝐿𝐵)∕𝐿𝐵 × 100.
Computational time for CPLEX is limited to 6000 s for small instances,
and the optimal solutions obtained by CPLEX in less than 6000 s are
denoted by ‘‘∗∗’’. As shown in Table 5, since the average gap between
𝑂𝑏𝑗𝑀 and 𝑂𝑏𝑗∗ is equal to zero, the proposed matheuristic algorithm
can find optimal solutions in small sizes for dataset 1. Also, in Table 6
the average 𝐺𝑎𝑝∗ is equal to zero, and the matheuristic algorithm
provides optimal solutions in the instances where CPLEX is able to
find optimal solutions. Therefore, the results show the validity of the
proposed matheuristic algorithm for small instances in both datasets.
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Fig. 4. Illustrative comparison of the proposed model with a basic PRP model in a normal situation considering 20 retailers, 7 time periods, and 10 scenarios.
Fig. 5. Illustrative comparison of the proposed model with a basic PRP model in a pandemic situation considering 20 retailers, 7 time periods, and 10 scenarios.
Moreover, the average computational time of CPLEX for dataset 1 is
more than 420 s, while the matheuristic algorithm needs an average
of 42 s, which is 10 times less than the computational time of CPLEX
to find the optimal solution. Also, the instances generated by dataset
2, the average computational time of the matheuristic algorithm is
76s. Hence, this method is highly efficient for small instances for both
datasets.

The computational results for medium-size instances are reported in
Tables 7 and 8. CPLEX is run for 6000 s, and the obtained results are
compared with the solutions of the matheuristic algorithm. Columns
𝑂𝑏𝑗∗ and 𝐿𝐵 show the best objective function value and a lower bound
provided by CPLEX in 6000 s of running time, respectively. Column
𝑂𝑏𝑗𝑀 represents the best objective values obtained by matheuristic
algorithm. Also, column 𝑇 𝑖𝑚𝑒𝑀 shows the computation times to ob-
tain 𝑂𝑏𝑗𝑀 . Column 𝐺𝑎𝑝 denotes the average gap between 𝑂𝑏𝑗𝑀 and
the lower bound, where 𝐺𝑎𝑝 = (𝑂𝑏𝑗 − 𝐿𝐵)∕𝐿𝐵 × 100. Column
12

𝑀

𝐺𝑎𝑝∗ denotes the average gap between 𝑂𝑏𝑗∗ and 𝑂𝑏𝑗𝑀 , where 𝐺𝑎𝑝 =
(𝑂𝑏𝑗𝑀 − 𝑂𝑏𝑗∗)∕𝑂𝑏𝑗∗ × 100. As reported in Table 7, the average best
objective values obtained by CPLEX and the matheuristic algorithm are
74,888.73 and 74,441.36, respectively. Column 𝐺𝑎𝑝∗ shows that the
average gap between 𝑂𝑏𝑗𝑀 and 𝑂𝑏𝑗∗ is −0.26%, which indicates that
on average, the matheuristic algorithm provides solutions better than
those of CPLEX in a time of much less than 6000 s. In dataset 1, the
average computation times for solving by the matheuristic algorithm
are over 69 times less than for CPLEX. The results of CPLEX and the
matheuristic algorithm for the instances generated by dataset 2 are rep-
resented in Table 8. The average gap between 𝑂𝑏𝑗𝑀 and 𝑂𝑏𝑗∗ and the
computational time of the matheuristic algorithm (𝑇 𝑖𝑚𝑒𝑀 ) are 0.00%
and 123.3 s, respectively. This shows that on average, the matheuristic
algorithm provides solutions almost equal to those of CPLEX in almost
49 times less computational time than CPLEX running time. Tables 7
and 8 show that, with respect to the average gaps between 𝑂𝑏𝑗𝑀 and



Computers and Operations Research 142 (2022) 105725

13

R. Mousavi et al.

Fig. 6. Wastage prevention by the proposed model comparison according to the increasing of customers shopping behavior change considering 20 retailers, 7 time periods and
10 scenarios.

Fig. 7. Comparing the proposed model with a stochastic basic PRP model.

Fig. 8. EVPI index for different values of the cost of wasted products.
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Table 5
Computational results on small-size instances generated by dataset 1.
𝑁 𝑇 𝑆 𝑂𝑏𝑗∗ LB 𝑂𝑏𝑗𝑀 𝑇 𝑖𝑚𝑒𝐶 𝑇 𝑖𝑚𝑒𝑀 𝐺𝑎𝑝∗ 𝐺𝑎𝑝 (%)

10

3
10 23549a 23549 23549a 1.2 5.2 0.00 0.00
20 23849.1a 23849.1 23849.1 0.4 35.3 0.00 0.00
30 24011.3a 24011.3 24011.3 0.59 34.2 0.00 0.00

5
10 39501.9a 39501.9 39501.9 55.9 23.3 0.00 0.00
20 40175.29a 40175.29 40175.29 84.5 46.2 0.00 0.00
30 40476.8a 40476.8 40476.8 93.9 68.11 0.00 0.00

7
10 55979.8a 55979.8 55979.8 1361.7 31.2 0.00 0.00
20 56917.54a 56917.54 56917.54 405.21 58.33 0.00 0.00
30 57340.46a 57340.46 57340.46 1773.8 73.8 0.00 0.00

Average 40200.14 40200.1 40200.12 420.68 41.73 0.00 0.00

aWhere CPLEX finds optimal solution.
Table 6
Computational results on small-size instances generated by dataset 2.
𝑁 𝑇 𝑆 𝑂𝑏𝑗 ∗ LB 𝑂𝑏𝑗𝑀 𝑇 𝑖𝑚𝑒𝐶 𝑇 𝑖𝑚𝑒𝑀 𝐺𝑎𝑝∗ 𝐺𝑎𝑝 (%)

10

3
10 275276.08a 275276.08 275276.08 32 77 0.00 0.00
20 282834.7a 282834.7 282834.7 105.7 70.3 0.00 0.00
30 288671a 288671 288671 59.9 68.7 0.00 0.00

5
10 408418.28a 408418.28 408418.28 77.4 66.9 0.00 0.00
20 418069.7a 418069.7 418069.7 130.2 85.6 0.00 0.00
30 461597.86 461507.86 461597.86 – 71.3 0.00 0.01

7
10 555875.6 555820.6 555875.6 – 72.5 0.00 0.09
20 545531.9a 545531.9 545531.9 3719.5 87 0.00 0.00
30 598437.76 5983716 598437.76 – 82.3 0.00 0.01

Average – – – – 75.7 0.00 0.01

aWhere CPLEX finds optimal solution.
Table 7
Computational results on medium-size instances generated by dataset 1.
𝑁 𝑇 𝑆 𝑂𝑏𝑗∗ 𝐿𝐵 𝑂𝑏𝑗𝑀 𝑇 𝑖𝑚𝑒𝑀 𝐺𝑎𝑝∗ (%) 𝐺𝑎𝑝 (%)

20

3
10 35500 35173 35761.51 75.20 0.74 1.67
20 36800.63 36004.30 36951.63 77.14 0.41 2.63
30 36944.93 36232.45 37270.30 75.80 0.88 2.86

5
10 61212.45 59942.87 61605.40 92.80 0.64 2.77
20 63847.48 61952.30 63993 80.28 0.23 3.29
30 64086.36 62193.10 64351.87 82.11 0.41 3.47

7
10 87279.30 84871.20 87339.30 92.01 0.07 2.90
20 91283.81 87981.90 91701.10 96.07 0.46 4.22
30 91775 88250.50 91328.53 96.40 −0.49 3.48

30

3
10 47567.10 46489.33 47626.86 70.20 0.13 2.44
20 48760.80 47617.60 48830.19 82.90 0.14 2.54
30 50401.56 48968.39 50063.81 77.05 −0.67 2.23

5
10 83578.33 83430.78 83501.26 78.90 −0.09 0.08
20 85560.47 82698.50 85541.85 79.20 −0.02 3.43
30 88324.71 85311.29 87660.87 80.20 −0.75 2.75

7
10 119505.43 114526.61 118396.66 85.01 −0.93 3.37
20 124809.71 118067.06 122067.52 129.18 −2.20 3.38
30 130759.19 121874.22 125952.88 118.60 −3.68 3.34

Average 74888.74 72310.33 74441.36 87.17 −0.26 2.83
𝑂𝑏𝑗∗, and the computational time of the matheuristic algorithm, it
is effective and efficient for solving medium-size instances for both
datasets.

To evaluate the performance and efficiency of the matheuristic algo-
rithm for large-size instances, two gaps are reported for both datasets.
The results for dataset 1 are reported in Table 9. This table shows that
the average value of the solutions obtained by the matheuristic algo-
rithm is 0.01% better than CPLEX, while the computational time of the
matheuristic algorithm is almost 22.5 times less than that of CPLEX, and
is a relatively short computational time for such a complex problem.
The results for dataset 2 are shown in Table 10. This table shows that
the average gap between 𝑂𝑏𝑗𝑀 with 𝑂𝑏𝑗∗ is 0.1%, which shows that
he matheuristic algorithm can obtain good-quality solutions, with an
verage computational time that is almost 29 times lower than 6000 s.
lso, the gaps in both datasets with their lower bounds are 5.3% and
14
0.28%, which shows that for datase 2, the matheuristic algorithm can
find solutions closer to the lower bound than dataset 1.

7. Conclusion

In this paper, a two-stage stochastic programming model of a pro-
duction routing problem for a perishable product with a short shelf
life was developed to optimize the total costs of wasted products,
non-fresh products, production, inventory, and routing. To take into
account the freshness level of products and the amount of wasted
products, the model was formulated based on decision variables that
are related to the age of products. The proposed model is compared for
normal and pandemic conditions. The results show that this model is
more efficient in pandemic situations, which feature quick customers’
demand changes compared to normal conditions. A matheuristic al-
gorithm involving five phases was developed to solve the proposed
model. To illustrate the performance of the proposed method, different



Computers and Operations Research 142 (2022) 105725R. Mousavi et al.
Table 8
Computational results on medium-size instances generated by dataset 2.
𝑁 𝑇 𝑆 𝑂𝑏𝑗∗ 𝐿𝐵 𝑂𝑏𝑗𝑀 𝑇 𝑖𝑚𝑒𝑀 𝐺𝑎𝑝∗ (%) 𝐺𝑎𝑝 (%)

20

3
10 390378.1 390357.7 390390.11 90.3 0.003 0.008
20 421747.8 421690.3 421876.75 124.06 0.03 0.044
30 424369.3 424322.3 424483.25 147.2 0.026 0.037

5
10 617600.4 617424.3 617706.38 99.93 0.017 0.045
20 649340.1 649179.5 649381.1 133.7 0.006 0.031
30 685717.3 685517.8 685772.28 185.11 0.008 0.037

7
10 797781.2 797408.6 797840.2 113 0.007 0.054
20 888326.5 887970.8 888408.44 186 0.009 0.049
30 919658.9 919296.6 919692.91 158.37 0.003 0.043

30

3
10 527878.6 527604.8 528032.6 104.17 0.029 0.081
20 537070.7 536777.8 537196.73 95.6 0.023 0.078
30 562626.2 562322.6 562729.23 91.41 0.018 0.072

5
10 826798.6 826256.9 826930.5 99 0.015 0.081
20 883551.9 882917.5 883624.94 102.2 0.008 0.080
30 953192.9 952285.8 953024.93 115.88 −0.017 0.077

7
10 1108845 1108079 1109063.4 110.48 0.019 0.088
20 1227776 1226645 1227669.2 129.9 −0.008 0.083
30 1241777 1240270 1241202.7 133.2 −0.046 0.075

Average 759135.4 758684.8 759168.1 123.3 0.008 0.059
Table 9
Computational results on large-size instances generated by dataset 1.
𝑁 𝑇 𝑆 𝑂𝑏𝑗∗ 𝐿𝐵 𝑂𝑏𝑗𝑀 𝑇 𝑖𝑚𝑒𝑀 𝐺𝑎𝑝∗ (%) 𝐺𝑎𝑝 (%)

40

3
10 61126.03 58652.4 60599.03 144.9 −0.86 3.31
20 65237.40 63141.2 63582.37 122.95 −2.53 0.69
30 65187 62894.21 65167.84 96.33 −0.02 3.61

5
10 109527.31 103795.67 107215.29 96.7 −2.11 3.29
20 118580.84 108783 113149.9 96.42 −4.57 4.01
30 122573.10 122215.5 121976.3 128.51 −0.48 8.69

7
10 158669.20 148884.73 154339.5 97.2 −2.72 3.66
20 166370.30 156380.8 163286.6 101.3 −1.85 4.41
30 174718.2 161293.06 173845.51 123.3 −0.49 7.78

50

3
10 74709.20 70217.4 73670.7 380.33 −1.39 4.91
20 77953.70 74041.99 77329.29 389.35 −0.80 4.43
30 81080.49 75484.83 78720.03 536.05 −2.91 4.28

5
10 134122.89 125270.3 132633.08 188.6 −1.11 5.87
20 144894.19 132643.06 139349.87 351.2 −3.82 5.05
30 152038.13 135601.38 142969.88 363.38 −5.96 5.43

3
10 194787.38 180374.6 190963.89 735 −1.96 5.87
20 213406.49 191220.85 213361.2 453.42 −0.02 11.57
30 214706.80 195566.7 214967.14 622.08 0.12 9.92

Average 129427.15 119803.43 127062.63 279.27 −1.86 5.38
Table 10
Computational results on large-size instances generated by dataset 2.
𝑁 𝑇 𝑆 𝑂𝑏𝑗∗ 𝐿𝐵 𝑂𝑏𝑗𝑀 𝑇 𝑖𝑚𝑒𝑀 𝐺𝑎𝑝∗ (%) 𝐺𝑎𝑝 (%)

40

3
10 643982.9 643533.5 647048.3 139.07 0.476 0.54
20 680941.5 680429.3 683165.48 113.72 0.326 0.40
30 714645.8 714175.6 717145.75 125 0.349 0.41

5
10 1017452.14 1016552 1019079.15 121.6 0.159 0.24
20 1143777 1142110 1147119.45 174.7 0.292 0.43
30 1172009 1169906 1174944.11 194.4 0.250 0.43

7
10 1469949 1468067 1472601.24 176.5 0.180 0.30
20 1528657 1525906 1538944.73 190.3 0.672 0.85
30 1601889 1599021 1605421.85 226.2 0.220 0.04

50

3
10 770709.7 770008.1 770858.96 173.8 0.019 0.11
20 830629.9 829506.7 830270.88 208.69 −0.042 0.09
30 837631.2 836406.5 837429.18 195 −0.024 0.12

5
10 1280492 1278330 1280734.14 234.8 0.018 0.18
20 1360631 1358204 1359827.98 217.07 −0.059 0.11
30 1384439 1381551 1383302.72 344 −0.082 0.12

7
10 1735796 1732281 1734068.01 222.3 −0.099 0.10
20 1855407 1851253 1853351.82 343.41 −0.110 0.11
30 1918703 1915083 1916974.15 304.33 −0.090 0.09

Average 1219319 1217351 1220682.66 205.82 0.136 0.28
instances were carried out with up to 50 nodes, 7 periods, and 30
scenarios. Numerical results show that the method is efficient for
large-size instances and can find better solutions than a commercial
15
solver within less computational time. In future studies, the proposed
matheuristic algorithm could be improved by solving problems with
more nodes and more scenarios. Developing an enhanced algorithm to
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approximate removal and insertion costs more precisely could also be
a more specific direction for future study. Future research could also
consider the effects of other pandemic situations on the delivery of
perishable products.
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