JOURNAL OF THE OPERATIONAL RESEARCH SOCIETY
2026, VOL. 77, NO. 6, 1453-1480
https://doi.org/10.1080/01605682.2025.2535713

> s OPERATIONAL
1,, RESEARCH
$-s

Taylor &Francis
OCIETY Tayior & Francis Group

RESEARCH ARTICLE

‘ W) Check for updates‘

A novel near-to-expiry waste reduction model with smoothing ordering
policy and retail discounting for food supply chains

Atieh Jafarian?, Thi Le Hoa Vo® (®, Madjid Tavana®©

and Emmanuelle Fromont®

3Supply Chain Management, University of Rennes, Rennes, France; Business Systems and Analytics Department, Distinguished
Chair of Business Analytics, La Salle University, Philadelphia, PA, USA; “Business Information Systems Department, University of

Paderborn, Paderborn, Germany

ABSTRACT

This study presents a novel model for optimizing costs and reducing food waste in near-to-
expiry (NTE) food supply chain (FSC) networks. The proposed approach involves direct product
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dispatch from manufacturers to distribution centers (DCs) and retailers through vehicle rout-

ing. The model incorporates a smoothing ordering policy and retail discounting to minimize
waste by aligning purchasing decisions with real-time customer demand. A new metaheuristic,
smart variable neighborhood search (SVNS) algorithm, is developed to address this problem.
The SVNS algorithm dynamically selects neighborhood structures (NSs) to improve computa-
tional efficiency and solution quality. The performance of SVNS is evaluated against traditional
benchmark methods through various experimental scenarios. The results show that the SVNS
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algorithm outperforms conventional benchmarks for managing near-expiration products.

1. Introduction

Food waste is a global challenge with significant
environmental, social, and economic implications.
According to FAO (2023) and UNEP Food Waste
Index Report (2021), around 14 % of the world’s
food is lost and wasted after it is harvested (before
reaching retailers), and 17% of our food ends up
being wasted in retail and by consumers. Ultimately,
1.3 billion tons of food are wasted yearly (Liu et al.,
2021), with nearly 89 million tons belonging to the
European Union (EU). The new EU law in 2018
requires member states to reduce food waste
throughout the food supply chain (FSC) networks
and track the level of waste to achieve Sustainable
Development Goal 12.3 by reducing process and
manufacturing waste by 10% and retail and con-
sumption waste by 30% by 2030. Some research
focused on reducing waste in FSC networks consid-
ers near-to-expiry (NTE) products. NTE foods, such
as vegetables, fruits, and milk, are highly perishable
and deteriorate quickly. In practice, they account for
a significant share of food waste, primarily due to
consumers’ preference for fresh products and the
limited shelf life that prevents long-term storage.
One of the most critical concerns of supply
chains for NTE food products is customers’ sensitiv-
ity to the aesthetic aspects of these products. For
example, many consumers reject fruits and vegeta-
bles with minor imperfections, such as bananas with

small brown spots or slightly misshapen apples. This
sensitivity can lead to significant food wastage, espe-
cially at retail, where appearance is crucial in pur-
chasing customers’ decisions. They require sensitive
storage conditions due to their perishable nature,
their value decreases over time, and their usage
period is very short (Lundqvist, 2009). Thus, this
research focuses on NTE food waste reduction in
the FSCs, emphasizing the retailers’ role.

According to Kowalska and Manning (2021), 40%
of the total waste is associated with FSC. A significant
part of perishable food is related to retailers (Devin &
Richards, 2018). Wastage primarily happens at the
end of the supply chain, as the final product may
become damaged or deteriorate during this stage
(Liljestrand, 2017). The most common causes of food
waste at retailers are irregular demand, inefficient
storage (Teller et al., 2018), improper storage condi-
tions (Buzby & Hyman, 2012), and overstocking
(Buisman et al., 2019). Thus, accurate ordering policy
and dynamic pricing can prevent food waste in
retailers (Cicatiello et al, 2020). Implementing an
effective ordering policy can help reduce food waste
and increase profitability and customer satisfaction in
retail centers (Estrada-Moreno et al., 2019).

Also, one strategy to address this issue involves dis-
counting such products to make them more appealing
to cost-conscious consumers (Cicatiello et al., 2019).
Thus, discount as a dynamic pricing policy effectively
convinces consumers to buy less favorable products
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and reduce food waste (Buisman et al., 2019).
However, discounting should be used carefully to avoid
creating a culture of overconsumption (Riesenegger &
Hiibner, 2022). Accordingly, discounting can be a valu-
able tool to reduce food waste in retailers, but it should
be combined with other strategies, such as effective
ordering policies and financial assistance to food banks
and charities (Buisman et al., 2019). This article aims
to reduce NTE food waste in FSCs, focusing on retail
processes, including smoothing ordering policy and
discounting. In this problem, retailers receive uncertain
demand and order it based on forecasted demand,
wasted products, and lost sales in previous periods.
Retailers can also offer discounts to encourage custom-
ers to buy NTE foods.

While product ordering and discounting strat-
egies play a pivotal role in reducing food waste,
transportation planning is just as crucial for improv-
ing the efficiency and sustainability of FSCs.
Research such as ensuring the timely delivery of
products in the supply chain logistics (Davoudi
et al., 2024), implementing logistics solutions at dif-
ferent stages of the supply chain, or integrating dif-
ferent activities and coordination mechanisms
(Liljestrand, 2017), investigating the transportation
problem to minimize the total (Mogale et al., 2017),
reducing the environmental impacts of transporta-
tion (Shi et al., 2023), and integrating replenishment
policies and transportation planning for reducing
environmental impacts (Rout et al., 2021) are some
of the recent advances in this field. One real-world
example demonstrating the impact of integrated
transportation planning and ordering strategies in
reducing food waste and transportation costs is
Tesco. One of the largest supermarket chains in the
UK, Tesco, implemented a demand-driven ordering
system and route optimization to enhance its FSC
efficiency. By leveraging predictive analytics, Tesco
accurately forecasts demand,' reduces overstocking
by 25%, and minimizes waste from food products.
Additionally, in partnership with Paragon, it was
able to reduce transportation costs by 15% by inte-
grating dynamic routing for delivery.” Thus, Tesco
lowered its environmental impact and improved its
profit margins by 5%, demonstrating that synchron-
ized ordering and logistics can significantly enhance
sustainability and cost-effectiveness in FSCs.

We develop a multi-product, multi-depot vehicle
routing model with pickup and delivery. The pro-
posed model aims to minimize the total costs across
the network. The proposed problem is formulated
as a stochastic mixed-integer programming model
for vehicle routing within FSC networks, incorporat-
ing discounting strategies and a smoothing ordering
policy. Since this problem integrates two NP-hard
components - specifically, SCN design and the

vehicle routing problem (VRP) - it is inherently
classified as NP-hard (Govindan et al., 2014). Thus,
we developed a novel meta-heuristic approach to
solve this problem.

This study introduces several key contributions
that distinguish it from previous studies. First, it
integrates a smoothing ordering policy with dis-
counting strategies at the retail level to minimize
food waste and reduce total supply chain costs. The
proposed ordering policy dynamically adjusts future
orders based on past lost sales and waste, enhancing
inventory efficiency. Second, it highlights the inter-
connectedness of logistics and retail operations -
optimizing ordering and discounting mitigates food
waste and lowers transportation costs in forward
and reverse logistics. Also, the study considers a
closed-loop supply chain, where wasted food is col-
lected from retailers and returned for centralized
disposal, thereby reducing environmental and health
risks associated with abandoned spoiled products in
urban areas. Lastly, it develops a smart variable
neighborhood search (SVNS) algorithm tailored to
the FSC design problem. This algorithm leverages
ordinary neighborhood structures (NSs) as a general
operator and directed NSs specifically designed for
FSC design. This integration enhances exploration
and exploitation, improving computational -effi-
ciency and algorithm performance.

The remainder of the article is organized as fol-
lows. Section 2 begins with a comprehensive literature
review. Section 3 presents the problem description.
Section 4 demonstrates the structure of the proposed
algorithms. Section 5 presents the validation of the
solution method. Sections 6 and 7 present the case
study, its results, and its discussion. Finally, Section 8
concludes with our conclusions and future directions.

2. Literature review

This study builds upon three key streams in the litera-
ture, each of which contributes to the research novelty
and impact. We explore these streams in detail and
highlight our contributions within each domain.

2.1. Integrated ordering and discounting policies

As previously highlighted, retailers are pivotal in
reducing food waste within the supply chain. Through
various strategies, they can contribute to overall waste
reduction efforts. Teller et al. (2018), Guritno et al.
(2015), Qiu et al. (2019), and Wang et al. (2019) point
out the effect of inventory management in reducing
overstocking and food waste. Devin and Richards
(2018) focus on food storage conditions that minimize
food waste related to aesthetic aspects. Govindan et al.
(2014) point out the effect of optimized inventory levels



on retailers’ food waste reduction, while other studies
focus on the impact of replenishment policy on perish-
able products (Bottani et al., 2014; Somkun, 2017; Yang
et al., 2017; Kiil et al,, 2018). In addition, some studies,
such as Chung and Li (2014), Adenso-Diaz et al. (2017),
Buisman et al. (2019), Chen et al. (2019), Kayikci et al.
(2022), and Dey et al. (2024) investigate the impact of
the pricing strategies or discounting and dynamic pric-
ing of perishable products in a retailer. However, few
studies, such as Chintapalli (2015) and Lysova et al.
(2024) have focused on integrating replenishment policy
and discounting perishable items to minimize waste.
Also, they implemented a blend of predictive and adap-
tive inventory replenishment policies, enabling dynamic
inventory adjustments and effectively reducing waste.
Integrating an ordering policy with a discounting strat-
egy enhances inventory efficiency, reduces overstocking
and food waste, and lowers total supply chain costs
while improving demand responsiveness.

This study introduces an integrated approach
that combines a smoothing ordering policy with dis-
counting strategies at the retail level to minimize
food waste and optimize total supply chain costs.
The smoothing ordering policy dynamically adjusts
future orders by considering past lost sales and
unsold inventory, ensuring that retailers order more
accurately in response to demand fluctuations. This
approach reduces overstocking, prevents unneces-
sary waste, and enhances overall supply chain effi-
ciency by aligning inventory levels with real-time
sales patterns. Simultaneously, the strategic use of
discounting incentivizes customers to use NTE
products, further minimizing waste at the retail level
while maintaining profitability. The study presents a
practical and effective solution for balancing
demand responsiveness and waste reduction in FSCs
through this dual mechanism.

2.2. Waste in food supply chain networks

Several studies have focused on NTE products,
introducing innovative distribution policies and
models to accommodate their short shelf life. These
approaches aim to align orders with demand fluctu-
ations while reducing food waste across the supply
chain (Zanoni & Zavanella, 2012). Some studies
focus on perishability in the distribution process
before delivery to retailers. For example, Tarantilis
and Kiranoudis (2001) study the distribution of
fresh milk to a set of retailers before the perishabil-
ity time. Other studies have focused on perishability
at retailers; for instance, Xu et al. (2020) provide a
decision-support framework for reducing waste in
fresh apple supply chains. Liitke Entrup et al. (2005)
integrate product shelf life issues and production
planning of yogurt. Several studies have examined
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the environmental impact of food SCNs, addressing
key issues such as greenhouse gas emissions and
food waste. These studies emphasize the role of sus-
tainable logistics, eco-friendly transportation, and
waste reduction strategies in mitigating environmen-
tal damage. Martins and Pato (2024) examine the
impact of food waste reduction on CO2z emissions
and total costs. Their study also demonstrates how
the return of wasted food for disposal or recycling
increases transportation costs in reverse logistics.

Several studies have proposed circular economy
models, closed-loop supply chains, and advanced
waste management techniques to minimize the eco-
logical footprint of food distribution and retail opera-
tions. Wang et al. (2022) emphasize the importance
of incorporating environmental considerations at all
product life cycle stages to achieve sustainability and
regulatory compliance. Kazimierowicz (2018) high-
lights that a centralized disposal process helps prevent
the improper disposal of spoiled items at the retail or
city level, reducing the risk of environmental contam-
ination and public health hazards. Also, Sarvary and
Padmanabhan (2001) emphasize the strategic impor-
tance and environmental impacts of the return policy
for wasted products in the manufacturer-retailer rela-
tionship. They highlight that analyzing market condi-
tions through wasted products can provide valuable
insights, enabling manufacturers to optimize the FSC
more effectively. Guide Jr and Vanwassenhove (2001)
show that the secure return of expired products to
manufacturers addresses multiple concerns, including
minimizing environmental impact and ensuring
proper waste management.

Despite the existing research on food redistribu-
tion and waste collection, limited attention has been
paid to the integrated design of delivery and pick-
up operations in the FSC. Thus, this study aims to
reduce food waste by implementing an ordering pol-
icy and discounting strategy, consequently increas-
ing transportation costs in reverse logistics.
Additionally, we use a VRP with pickup and deliv-
ery, ensuring the collection of wasted food from
retailers and its return to manufacturers for central-
ized disposal. Through this approach, the model
addresses environmental concerns by minimizing
food waste, ensuring proper disposal, and reducing
overall costs, waste, and health risks associated with
abandoned spoiled products in urban areas.

2.3. Developing smart variable neighborhood
search

SCN design problems are classified as NP-hard, mean-
ing that exact solution methods require exponential
computational time, making them impractical for
large-scale instances. As a result, heuristic and meta-
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heuristic approaches are widely adopted to tackle these
challenges (Mostajabdaveh et al., 2019). While heuristic
methods offer high computational efficiency, they
often lack accuracy in finding high-quality solutions
(Wang, 2023). In contrast, meta-heuristic approaches
balance computational efficiency and solution quality
by effectively navigating vast and complex solution
spaces. Therefore, meta-heuristics are generally pre-
ferred for large-scale SCN design problems, as they can
provide near-optimal solutions within a reasonable
computational time (Govindan et al, 2014). Thus,
methods such as genetic algorithms (GAs), particle
swarm optimization (PSO), and tabu search (TS) have
been extensively explored in the literature to optimize
facility location, inventory management, and transpor-
tation decisions (Sadeghi et al, 2014; Soleimani &
Kannan, 2015; Alavi et al., 2016; Mousavi et al., 2017;
Karami, 2022; Zhou et al., 2023). However, the variable
neighborhood search (VNS) algorithm has gained sig-
nificant popularity due to its flexibility in exploring dif-
ferent NSs, ability to escape local optima efficiently,
and relatively simple implementation compared to
other metaheuristics. The extensive use of VNS in SCN
design stems from its capability to provide high-quality
solutions within reasonable computational times, mak-
ing it a preferred choice for static and dynamic net-
work design.

VNS algorithms have evolved into classifications,
each incorporating wunique enhancements to
improve solution quality and computational effi-
ciency as follows:

i. Adaptive VNS refers to any VNS method that
dynamically modifies not only its parameters but
also its structural components, such as the selec-
tion, ordering, or type of NSs, throughout the
search process. This broader definition aligns
with the perspective of Hansen et al. (2017), who
emphasize that adaptive VNS includes both par-
ameter tuning and structural adaptation to guide
the search more intelligently and responsively.
Thus, the input parameters adjust themselves
dynamically and iteratively based on the perform-
ance of the algorithm, allowing the search strategy
to adapt to the problem characteristics.
Furthermore, NSs are dynamically selected and
sorted based on their past effectiveness, and real-
time feedback is used to influence future deci-
sions. These adaptations enable the algorithm to
ensure a balance between exploration and exploit-
ation and improve the convergence speed. Also,
Nunes Bezerra et al. (2019), Ha et al. (2020), and
Sze et al. (2024) propose an adaptive VNS
approach for the VRP that tunes the input param-
eters iteratively based on algorithm performance.
Schneider et al. (2015) developed an adaptive

VNS algorithm that adjusts the weights of NSs
iteratively for a VRP requiring stops at specific
facilities for continued service. Karakostas and
Sifaleras (2022) introduced the double-adaptive
GVNS with two basic adaptive mechanisms:
adjusting the shaking intensity and reordering
NSs based on past performance for solving the
traveling salesman problem. Building upon their
earlier work, Karakostas and Sifaleras (2024)
extended the double-adaptive GVNS by propos-
ing a more advanced version that integrates
knowledge-based adaptation mechanisms. The
algorithm adjusts the intensity of shaking, reor-
ders NSs, and leverages accumulated performance
data to guide the search process more intelli-
gently, thereby improving efficiency. Also, Liu
et al. (2023) propose a dual adaptive mechanism
that dynamically adjusts the selection of NSs for
the shaking procedure and local search based on
their past performance. The mechanism utilizes
roulette wheel selection (RWS) to choose NSs,
where weights are updated based on their effect-
iveness in improving solutions over past itera-
tions, to prioritize the most promising search
strategies while maintaining diversification.

ii. Intelligent VNS incorporates artificial intelli-
gence (AI) techniques such as machine learn-
ing to optimize real-time parameter selection.
By leveraging Al-driven models, Intelligent
VNS can predict the most effective parameter
settings at each iteration, reducing the need for
manual tuning and enhancing overall search
performance (Chen et al, 2020; Kamran et al,,
2023; Alrashidi & Al Ghamdi, 2024).

iii.  Smart VNS (SVNS) introduces a directive NS that
refines solutions heuristically. Directive NSs
improve the performance of VNS by guiding the
search process toward more promising solution
regions, reducing unnecessary exploration of low-
quality neighborhoods (Bezerra et al., 2023).
Unlike traditional random or systematic neigh-
borhood changes, directive structures prioritize
moves that are more likely to improve the solu-
tion based on heuristic rules or problem-specific
insights. This targeted approach enhances explor-
ation efficiency, accelerates convergence, and
reduces computational time while maintaining
solution quality (Govindan et al., 2019).

Our proposed algorithm enhances neighborhood
selection based on problem characteristics, optimizes
neighborhood switching methods, and restricts search
spaces to the most promising regions, accelerating the
solving process. This algorithm improves the efficiency
of the original algorithm by using innovative strategies
without using adaptive learning or intelligent methods.



The proposed algorithm uses an explicitly designed
search structure for this problem. We integrate
ordinary and directed NSs to prevent premature con-
vergence to a local optimum. While directed neighbor-
hoods guide the search efficiently, ordinary NSs
expand the exploration space, ensuring a broader
search.

3. Problem description

As shown in Figure 1, the desired supply chain has
three stages: manufacturers, distribution centers
(DCs), and retailers. The manufacturers produce
products and send them to the DCs. The products
are dispatched from manufacturers to DCs served
by the Ist-echelon transportation. The 1st-echelon
transportation considers direct shipments that
involve handling large quantities of homogeneous
cargo sent in the standard pallet. Each 1st-echelon
vehicle travels to a DC and returns the wasted prod-
ucts to the original manufacturer for centralized dis-
posal. As the products considered in this study are
NTE food products, the storage process is not con-
sidered in any layer of the supply chain. The main
operation in DC involves receiving, sorting, and dis-
patching goods. DCs efficiently manage and fulfill
orders and ensure timely delivery to retail locations.

A DC receives orders from all related retailers.
The total order from the retailers to a DC equals
that from a DC to a manufacturer. The routing pol-
icy is used in the 2nd-echelon transportation, as the

Figure 1. The food distribution network problem.
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shipments to retailers are classified as less-than-
truckload. In this transportation echelon, the
vehicles start from a DC, navigate a prescribed route
to serve designated retailers, and return to the same
DC. DCs also collect expired products from retailers
from the previous period.

Retailers often discard deteriorated products in
dumpsters across the city, exacerbating environ-
mental pollution due to improper disposal proc-
esses. A centralized disposal system managed by
manufacturers can serve as an effective solution
for handling waste responsibly. Most manufacturers
use recycling or incineration to dispose of deterio-
rated products safely. In this study, food waste
occurs at retailers due to a lack of consumer pur-
chases. This waste imposes three types of costs on
the supply chain: the cost of the unsold product,
the transportation cost for returning the wasted
items, and the cost of disposal. Accordingly, trucks
transport new products to retailers and concur-
rently collect wasted products for return to the
DCs. While an operational cost is assigned for
handling and collecting wasted products at the
retailers, the transportation cost for returning these
products to the DCs is not considered. This is
because the trucks must return to their origin (the
DCs) regardless of whether they carry wasted
products, making the return journey an inherent
part of the delivery route. Therefore, the cost of
returning wasted products is included in the over-
all delivery route cost. The model avoids double-

N o e e o e e e e e e e e e e e S S e e e e
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counting transportation expenses while maintaining
an efficient and cost-effective supply chain struc-
ture by leveraging this backhauling approach,
where vehicles utilize their return trips for waste
collection. The retailers contribute to food waste
reduction by a replenishment policy known as the
smoothing ordering policy and a discounting pol-
icy described as follows:

3.1. Smoothing ordering

In the inventory part of the problem, we suggest a
smoothing ordering policy that simultaneously
reduces food waste and lost sales. As a result,
retailers often rely on past demand to predict future
orders, which leads to the implementation of replen-
ishment strategies known as the order-up-to (OUT)
policy (Cannella & Ciancimino, 2010). Accordingly,
the amount of replenishment based on forecast
orders is calculated by the retailers as follows:

Orgp = drgp = PrgSrgp—1 + Orglgp-1 (1)
where Ei,gp is the forecasted demand of retailer r € R
for the product ¢ € G in the period p € P, is calculated
by a single exponential smoothing method (Jafarian
et al., 2019). Also, s, and [, represent the quantities
of unsold and lost sales of the product, respectively,
incurred by the retailer r € R during period p € P. f5,,
and 0,, are constants used to account for the impact of
deteriorated products and lost sales from the previous
period, respectively, in forecasting the demand for
product g € G for period p € P, respectively. f3,, and
Oy, are correction factors that adjust the predicted
demand based on the quantities of deteriorated prod-
ucts and lost sales from the previous period.

3.2. Discounting

A retailer’s price discount, particularly on products
selling below expected volumes, is a tactical
response to stimulate demand and clear excess
remaining products. By reducing the price of under-
performing products, the retailer seeks to attract
more customers and incentivize purchases, leverag-
ing the basic economic principle of price elasticity
of demand; as the price level decreases, the quantity
demanded generally increases. The decision to dis-
count prices during the day allows the retailer to
adjust to market conditions and consumer behavior
dynamically, maximizing sales opportunities and
minimizing potential losses from unsold products.

We use the concept of discounting proposed by
Cachon and Swinney (2009).

Thus, each period is divided into two parts p =
pl+p2. In the first part of a period, the retailer
sells the Product g € G at a primary price (p,). In
this situation, the demand is divided into two
parts  dygp = dygp1 + digpp, assuming  that  the
demand is distributed equally and symmetrically,
ie, drg1 = digy. As soon as the second part is
started, if the retailer detects that the amount of
demand is lower than half of the remaining prod-
ucts, i.e., drgpr < Opgp-1/2" It can decide to offer a
discount and sell all the remaining products. In
this regard, customers are classified into two
groups: (1) Normal customers, those who have
regular purchases and (2) Bargain hunters, those
who buy the product at a discount. It is assumed
that the number of bargain-hunter customers is
infinite; in this case, if the price is discounted,
they will buy all the remaining products (Cachon
& Swinney, 2009). Although strategic customers
may change their behavior because of the discount
and transfer their demand to the discounted part
(Cachon & Swinney, 2009), we ignore them. Also,
in periods where there is a discount, a lost sale is
not considered. Retailers can decide on a product
discount at a defined level, so it is a binary deci-
sion variable. After the discount, the demand dur-
ing the second period is equal to the regular
customers, i.e., dyg1 = dygn plus the bargain hunt-
ers attracted by the discount, i.e., Ogp_1 — dygpr. It
should be noted that in the second part, both
groups buy the products at a discount price,
ie., pg(1—1Uy).

Before formulating the problem, the following
assumptions are introduced:

e The number, position, and capacity of retailers
and DCs are known.
There are vehicles with specific capacities.
Manufacturers and DCs have limited capacity.
Each retailer is visited at most once in each
period.
Each vehicle is connected to only one DC.
The cost of travel/distance unit is known.
First-echelon trips must begin with manufac-
turers and end at DCs, and vice versa for wasted
goods.

e Second-echelon trips must begin/ end at the
same DCs.

e The manufacturer cannot ship the product dir-
ectly to retailers.
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The following notations are used to formulate the problem:

Indices Sets

k Set of vehicle types k € {1,2,...,K}

m Set of manufacturers m € {1,2, ..., M}

d Set of distribution centers d € {1,2,...,D}

r Set of retailers r € {1,2,...,R}

p Set of period time p € {1,2,...,P}

& Set of demand scenarios ¢ € {1,2,...,E}

Parameters Description

digp (&) The demand for the Product g received by the retailer r in the period p in the scenario &, including dygp1 (&), drgpa (£)
o The smoothing parameter in simple exponential smoothing (0 < o < 1)

Qs Qn Q Capacity of the DC, and manufacture, and truck

Qy Capacity of retailer r for product g

Orgp Amount of the product g ordered by the retailer r € R in the period p € P

TCra Transport cost in the first transportation echelon

G Average cost of traveling from node i to node j in the 2™ transportation echelon (i,j € Ai#))
0Cy Operation cost in a distribution center d

RCyg Returning cost includes the operational cost of wasted products in DCs for receiving and repacking.
Py Price of product g

DCng Disposal cost of product g at manufacturer m

04 Cost of lost sales product g

Vg Discount level can be considered by the retailers r for the product g

N The set of nodes consists of {D U R}

S The subset of retailers that a truck can visit on a route (S € R)

M A big number

The decision variables are defined as follows:

Decision Variable

Description

Binary variables

X5 (€)
75(9)
egp (<)
Vindg (£)
Kigp ()

_

if vehicle k traverses arc (i,j) € N in the period p in the scenario ¢, 0
otherwise

if vehicle k visits the retailer r in the period p in the scenario &, 0
otherwise

if a retailer decides to discount the product g in the period p in the
scenario &, 0 otherwise

if the DC d is assigned to manufacture m to prepare the product g in
the scenario &, 0 otherwise

if the retailer r is allowed to discount the price of the product g in
the period p in the scenario &, 0 otherwise

—

—_

—

_

Continuous variables

¥, (&)

Number of products delivered to the retailer r by vehicle k in period p
in scenario ¢

u‘,‘gp(g“) Number of wasted products collected by vehicle k from retailer r in
period p in scenario ¢

Brg(&) Constant correcting factor, decided by the retailer r that considers the
effect of wasted products of the previous period in ordering the
product g in the scenario ¢

Org (&) Constant correcting factor, decided by the retailer r that considers the
lost sales of the previous period in ordering product g in scenario &

bfgp(é) Used capacity of vehicle k in the period p in scenario &

hagp (&) Number of products operated at DC d in period p in scenario ¢

Wagp () Number of the wasted products received at DC d in the period p in
scenario &

hgp Number of lost sales for the product g in retailer r in period p

Srgp Amount of unsold product g by the retailer r in period p

The uncertainty of retailers’ demand is considered by formulating a scenario-based stochastic program-
ming model. The uncertainty of the request is illustrated by assuming a number of scenarios, {1,2, ..., |{|},
each with a possibility P(¢), that probabilities satisfy the condition of ) ._zP(¢) = 1. The objective function
aims to minimize the total costs within the FSC network, covering the following cost components:

o Transportation costs: These expenses include transportation costs for both forward and reverse logistics:
in the first echelon, they include the cost of delivering products from manufacturers to DCs and returning
wasted products from DCs back to manufacturers; in the second echelon, they encompass the cost of dis-
tributing products from DCs to retailers.
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DD TCua ) vidg(hag(€)

meM deD geG

> > > Cip(d) (2)

iEN jEN, i#j keK

+ Wagp(S))

e Operation costs at DCs: These costs refer to the
expenses incurred during DC activities and
include the costs associated with receiving and
sorting new products delivered from manufac-
turers and collecting, receiving, and sorting
wasted products returned from retailers.

370Ca > (hag (&) + wag())

deD geG

+ ZZRCdidgp(é) 3)

deD geG

o Retailing costs: These costs include three types
of expenses related to sales and inventory man-
agement. i) Discounting costs represents lost
profit from price reductions on NTE products.
ii) Lost sales costs occur when stockouts prevent
customers from purchasing desired products,
leading to missed revenue opportunities. iii)
Unsold product costs result from over-ordering,
causing excess inventory that remains unsold and
ultimately becomes waste.

2D (O -

drgp-1)Pgrg €rgp(C)

reR geG
FY D Tl () + DD sigppe(E) (@)
reR geG reR geG

e Disposal costs: These costs cover the expenses
associated with disposing of waste products,
including proper waste management processes
such as recycling or environmentally safe dis-
posal methods.

Z Z DCrg Z VgpWagp(€)) (5)

meM geG deD

The mathematical model of the problem is pre-
sented as follows:

min OBJ = Z(Z Z TCpna Z Vidg (hdgp (&) + Wagy(€))

pEP meM deD g€G

> 2 Gyl

iEN jEN, i#j keK

+ Z Z RCdidgp + Z 0Cy Z hdgp + dep ))
deD geG deD 8€G

+ 3 Oy = digp1)pgVrg rgp(E) + DS Ligp(©)
reR geG reR geG

+ Z Z SrgpPg(€) + Z Z DCyyg Z VigpWigp(£)))
reR geG meM geG deD

(6)

The constraints of the model are as follows:
Forward flow constraints:

PIPIEACES

iEN keK

VieRpeP ek (7)

fo‘(jp Z sz *22 () VieN,keK,p
JEN JEN
ePtcE
(8)
DD O =I5-1 VKkeKSER|S|>2p
i€$ jes, i#j
€ePleckE

)

Constraints (7) ensure each retailer can be visited
a maximum of once in a period. Constraints (8)
impose the flow conservation on each retailer in
each period and guarantee that a vehicle returns to
its DC of origin. Constraints (9) are sub-tour elim-
ination constraints and ensure that each retailer is
visited once in each period.

Ordering and discounting constraints:

Orp = Elrgp - ﬁ,gs,gp_l +0rglgp-1 VreRgEGpPEP

(10)
argp = fxdrgp—l + (1 - O‘)argp—l Vre R geG,p
€EPVreRgeG,peP
(11)
Srgp = Zylfgp(f) — drgp = (Orgp—1 — dygp)ergp (<) + Iigp
keK
VreRgeGpeP ek
(12)
Zylrcgp(é)zorgp—l VTGR,gEG,PEP,éEE
kek
(13)
Y Ui, (E) =sp1 VreERGEGpPEPEEE
kek
(14)
drgpl - (Orgp—l/z) <M x (1 - Krgp(é)) (15)
VreRgeGpePEcE
drgpt = (Orgp1/2) = =M X Kygp(E) (16)

VreRgeGpePicE
ergp(&) < kgp(é) VreRgeGpPpeEPEE
(17)

Constraints (10) calculate the order quantity
based on forecasted demand and the degree of
importance of lost sales and wasted products.
Constraints (11) predict the market for a product by
simple exponential smoothing. Constraints (12) cal-
culate the inventory balance, stating that the unsold
products should equal the received products minus
received demand and that increased demand is cre-
ated by a discount plus lost sales. Inequalities (13)
impose that the product delivered to a retailer must
be less than what was ordered in the previous
period. Constraints (14) show that products



returned from a retailer are equal to the prior
period unsold products of that retailer in the last
period. Constraints (15) and (16) impose that if the
demand received in the first part of a period is more
than the available product for selling in that part of
the period, the retailer can consider a discount. The
binary decision variable iy, is defined as discount
permission in the if-then conditions (18) and trans-
formed into a linear equation in constraints (15)-
(16). Furthermore, Constraints (17) show the permis-
sion of discounting for retailers, i.e., e, must be zero
if K,9p = 0, and e,y can be 0 or 1, if kg, = 1.

0
Krop =
& 1

Backward flow constraints:

k [z k k k oy, k
bigp (&) = (bijp = Yigp + Ujgp)Xijp (€)
VieN,jeRgeGkeK,peP ek
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Z (Z xsrp@)) (;yfgp<é>) = hyg(©) o
VdeD,geGpePick
3 (Z x@(é)) (Z u’:gp@)) = Wagp ()
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(21)
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Constraints (19) ensure that the vehicle capacity
limits are respected during product deliveries and
waste collection at each node. Constraints (20)-(21)
calculate the products and returned waste products
that should be operated in a DC. Constraints (22)
impose that a DC can be assigned to a manufacturer.

Capacity constraints:

O <Qg VreRgeGpePlcE (23)
DD MO <Q VkeKpePEcE  (24)
reR geG
S (O <Q VreRkeKpeP(cE (25)
reR geG
yrgp+”rgp<MXwap

iEN (26)
VreRkeK,geGpePickE
b, <Q VreRkeKpePEcE  (27)

gcG
Zhdgp(f) +Wip(E) Qi VdEDpPEPLEE (5

gcG
Z Z Vmdg (€) (hagp + Wagp) < Qm

deD geG (29)
VmeM,peP,éecE
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Constraints (23) require that the orders a retailer
sends should be less than its ordering capacity. SCs
require retailers to order less than their maximum
ordering capacity to ensure a more stable and pre-
dictable flow of goods through the network and to
reduce the risk of stockouts or unsold products. By
limiting order sizes, DCs can better allocate resour-
ces, maintain consistent lead times, and ensure that
products are available to a broader range of retailers.
Constraints (24) and (25) guarantee that the cap-
acity of vehicles should be observed when loading
the products and unloading the waste products in
the depot. Constraints (26) illustrate that if a vehicle
does not visit a retailer, the product amount deliv-
ered/returned by the vehicle must be zero.
Constraints (27) guarantee the vehicle’s capacity
while visiting a retailer. Constraints (28) and (29)
impose that the DC’s and manufacturer’s capacities
should be observed, respectively. Finally, integrality
and non-negativity of variables are guaranteed by:

xf]p<é) zp(f) ergp(é) Vrgp(é) Krgp(@ € {0,1} (30

yrgp( )>u ( )> Brg (&), 01 (£), brgp( )» hagy(8) Wagp (&) = 0
(31)

4, Proposed solution algorithm

The SCN design problem is classified as an NP-hard
problem, indicating its high computational complexity.
This complexity arises from integrating the VRP and
ordering policy within the SCN model, making the for-
mulated problem particularly challenging due to its
large solution space and combinatorial nature. As the
problem size increases, the solution time increases
exponentially with exact methods (Woeginger, 2003).
Thus, the metaheuristic/heuristic approaches are a suit-
able and promising option for obtaining high-quality
solutions, especially for large-scale problems (Nguyen
et al,, 2012). Still, they are not the only available meth-
ods. Meta-heuristics provide significant advantages
over traditional heuristics, particularly regarding flexi-
bility, scalability, and the ability to find near-optimal
solutions for complex optimization problems. Unlike
simple heuristics, which are often problem-specific and
may struggle to scale or adapt to changes in problem
characteristics, meta-heuristics are designed to explore
the solution space more comprehensively and effi-
ciently. Their versatile search strategies enable them to
handle various optimization problems, making them
particularly effective for large-scale and complex solu-
tion spaces (Chopard et al., 2018). Therefore, the SVNS
algorithm, an enhanced and redesigned version of the
original VNS, is developed to address this problem
effectively.
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The SVNS algorithm differentiates itself from the
original VNS through two innovative adaptations
tailored for complex optimization problems like
those encountered in food SCN integrated with
VRP. First, SVNS introduces a novel policy for
selecting NSs, prioritizing those that significantly
reduce computational time without compromising
the exploration depth. This approach contrasts with
VNS’s more generic neighborhood shifting mechan-
ism, enabling SVNS to be more efficient and faster
in converging towards optimal or near-optimal solu-
tions. Second, the adoption of directed NSs in SVNS
specifically addresses the unique challenges of the
problem domain, such as routing and logistics in
supply chains, by guiding the search process toward
more promising areas of the solution space. These
purposefully designed structures enhance the solu-
tion’s quality while trimming the computation time,
making SVNS a more targeted and effective meta-
heuristic for tackling the intricacies of integrated
supply chain and routing problems. In the following
subsections, SVNS is presented comprehensively.

4.1. Encoding scheme and initialization

This article uses the Random Key (RK) technique in
the SVNS algorithm. The RK technique enables
meta-heuristic algorithms to be developed based on a
continuous approach to solve this discrete problem
(Chang et al.,, 2009). This feature provides the power-
ful exploration and optimization capabilities of con-
tinuous meta-heuristics to be harnessed for discrete
problem domains, offering a flexible and versatile
method for finding high-quality solutions to complex
optimization challenges (Devika et al., 2014). The RK
technique involves encoding the solution of a discrete
problem as a vector of real numbers (primary solu-
tion), commonly referred to as “random keys.” Each
position in the vector corresponds to a component of
the discrete problem’s solution, and the numerical
values are used to determine the order or selection of

Manufacturers sub-solution
Primary sub-solution

. .
| Assigning DCs to / Vehicle Routing sub-solution
1
1

these components through a decoding process
(parsed solution) (Govindan et al., 2015). The encod-
ing of a solution for the proposed problem is sche-
matically illustrated in Figure 2. The solution
includes five sub-solutions. In the first sub-solution,
DCs are assigned to manufacturers. A matrix with
|M x D| elements, each having a uniform distribu-
tion, is generated, where RK is used to assign DCs to
the manufacturer. Thus, in each column, the max-
imum element is selected. For example, the encoded
solution  {0.94,0.69,0.41,0.08; 0.50,0.42,0.77,0.98}
represents the parsed solution {1,1,0,0;0,0,1,1}
indicating, that DCs 1 and 2 are assigned to
Manufacturer 1, DCs 3, and 4 are assigned to
Manufacturer 2.

In the second sub-solution, the routes of the
vehicles are determined. A matrix with | R+ K — 1|
elements each with U(0,1) is produced. The numbers
are then sorted in descending order to indicate the
order of retailers the vehicles visit. The last K — 1 ele-
ments act as the dividers of vehicles. For instance,
imagine two vehicles that want to meet six retailers.
A matrix with seven elements is produced. Then, the
parsed solution represents that is served by vehicle 1
and is served by vehicle 2, and the fourth element is
a divider. According to sub-solution 3, a matrix with
K elements each with U(1,DC) are generated. Then,
the RK rounds numbers and demonstrates desired
DCs. For example, the encoded solution {1.65,1.09},
represents the parsed solution {2,1} indicating, that
vehicle one that serves to Ry, Ry, Rs is assigned to
DC2, and vehicle two that services to R;,Rg, R3,
assigned to DC1.

The fourth sub-solution shows correction con-
stants of wasted products () and, correction con-
stants of unsold products (J) determined by each
retailer for each product. A series of initial experi-
ments showed that the randomness of these two
should be set between 0.1 and 0.9. So at first, a ran-
dom number between 0 and 1 is generated in a
matrix with |2 X R| elements each with U(0,1) for

“““ G~ issigtig vehieies o (3) 7™~ Replemishment poicy ™~ ~(4)

correcting factor sub-solution
(For each product)

s DC sub-solution 1
Primary sub-solution 1

Primary sub-solution

........................

Figure 2. Initialization and encoding.




each product. A lower and upper limit is defined for
B, and J to change within this range i.e., [fin> Pmax)s
and [Omin> Omax)- Thus, the RK is used to parse the
solution as the primary solution is multiplied by
(Buax = Bmin) + Bmin (same for ). For example, the
encoded  solution  {0.03,0.68,0.75,0.59}, with
[Bunin> Pmax] = [0-1,0.9] represents the parsed solution
{0.12,0.64,0.7,0.57}. The last sub-solution clears the
discount determined by each retailer in each period.
Thus, first a matrix with G elements, each with
U(0,1) is generated for each retailer. Then as the
decision to discount is a binary variable, the continu-
ous number is converted to discrete by the RK tech-
nique to represent the retailer’s decision to apply
a discount. For example, the encoded solution
{0.85,0.37,0.44,0.65} represents the parsed solution
{1,0,0,1} obtained by rounding the encoded solu-
tion. Therefore, the parsed solution reveals that the
retailer considers the discount for the first and fourth
products.

The initialization procedure in SVNS generates
the initial nPop particles as a first population. Thus,
the initial solutions are generated randomly within
feasible space with an N-dimensional hyperspace.
Then, the RK technique parses the primary solu-
tions to the corresponding values of each particle in
discrete areas. During this conversion, the parsed
solutions produced by the RK method are automat-
ically feasible, as the parsing process aligns the solu-
tions with the defined problem constraints.
Therefore, the RK technique eliminates the need for
additional feasibility checks, as all parsed solutions
inherently meet structural constraints such as route
sequencing or assignment rules. However, a penalty
value is introduced into the model to ensure adher-
ence to capacity limitations. This penalty imposes a
cost on solutions that violate capacity constraints,
guiding the search process to remain within the
feasible solution space while exploring potential sol-
utions effectively.

4.2. SVNS algorithm

The VNS algorithm, introduced by Mladenovi¢ and
Hansen (1997), is a metaheuristic method that sys-
tematically explores the solution space of an opti-
mization problem by dynamically changing the NSs.
The core idea behind VNS is that different NSs can
reveal new local optima, allowing the algorithm to
escape local minima and enhance the search for a
global optimum (Hansen & Mladenovic, 2003). This
method is particularly effective for large-scale prob-
lems where the solution space is complex, as it bal-
ances local intensification with global diversification.
Also, it has been successfully used in many practical
problems (Karakostas & Sifaleras, 2022), such as
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VRP (Braysy, 2003) and SCN design problems
(Eskandarpour et al., 2013). In general, VNS has
been applied to many real-world problems and has
provided better performance than other methods
(Brimberg et al., 2023). For more related literature
about VNS, readers are referred to Mladenovi¢ and
Hansen (1997) and (Hansen et al., 2017). The VNS
algorithm explores the solution space through sys-
tematic NS changes, starting from an initial solution
and applying local modifications to enhance the
objective value. In each iteration, VNS randomly
selects an NS from the predefined list and applies it
to generate a new solution. This new solution is
then compared against the current solution. If the
new solution shows improvement, it replaces the
current solution, and the search resets to the first
NS, continuing from the wupdated solution.
Conversely, if no improvement is found, the algo-
rithm proceeds to the next NS, continuing its search
for a better solution until all NSs are evaluated. This
iterative process allows VNS to effectively escape
local optima and explore a wider search space
(Almada-Lobo & James, 2010).

The original VNS algorithm, while versatile and
effective for a wide range of optimization problems,
can sometimes struggle with highly complex and spe-
cific challenges like those found in the VRP model.
The weakness lies in the VNS’s generalist approach
to neighborhood selection, which might not always
be efficient or targeted enough for problems with
intricate constraints and objectives, leading to longer
computational times and potentially suboptimal solu-
tions. The SVNS algorithm addresses these weak-
nesses by introducing a tailored approach that
significantly enhances performance for such special-
ized problems. SVNS uses two features: Weighted NS
selection policy (used to prioritize the NSs at each
iteration) and directed NSs (specifically designed for
the complexities of food SCN design problem using
the VRP model, enabling a more focused search that
can navigate the problem space more effectively).

As shown in Figure 3, the SVNS algorithm begins
with an initialization process, during which it first
receives the input parameters, i.e., nPop, Maxitr, Py,
where Maxitr is the maximum number of iterations,
nPop is the population size, P, is the probability of
performing NSs in the population at each iteration.
Also, SVNS receives a set of neighborhood search
structures (ns: 1, 2, ..., #Smax) including ordinary
and directed structures used to find new solutions.
Then, the number of times this algorithm tries the
NSs is calculated as NSy. = [nPop X P,]. SVNS
defines a selection weight for each NS based on their
efficiency in improving the solutions in previous iter-
ations, i.e., wys. Thus, the selection weights are calcu-
lated based on the number of times each NS has led
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SVNS procedure()

Initialization

Set parameters (nPop, Maxitr,P,);

ns

Receiveasetof N, (1,2,...,ns . ),including both ONSs and DNSs;

Calculate No.of NSs as: NS

max

Ww,q =One(l,ns . )./ns . ;

=[nPop xP,,];

Generate the initial population (POP) with size nPop , and evalute them;

Select the best solution as initial best solution S *;

Main loop
for itr =1to Maxitr do
for pop =1tonPop do
forns =1toNS . do

7ys = One(l, ns
S=POP(pop);

max

); where 7, shows No. improvement by each NS;

Selecta NSby RWS based on w ,,;;
Perform the chosen NSon S , to findS”;
if S'isbetter thanS*,S " «— S, update 7,;

elseif S’ andS " areequal, select one of them randomly update 7,

endif
endfor and update POP(pop)
W = Tys./ Sum(7ys);

endfor

Sort(POP),S * = POP(1),and ReprtsS*

end

Figure 3. Pseudo code of SVNS.

to improving a solution, ie., mns. The SVNS algo-
rithm generates nPop initial solutions.

In each iteration, a counter (myg) is generated
with all elements initially set to one. If an NS
improves the solution, its corresponding element in
the counter is updated. At the end of each iteration,
the counter matrix is normalized to produce the
weight matrix (w,s). Subsequently, the NSs are
selected by RWS based on w,;. The newly generated
solutions are then compared with the current solu-
tions, and the better one is selected for the next iter-
ation. If both solutions are equal, one is chosen
randomly to prevent the algorithm from getting
stuck in a local optimum. At the end of each iter-
ation, the current population is merged with the sol-
utions obtained by NSs, and the nPop best answers
are kept, and the rest are discarded to keep the
population constant.

NSs are classified as ordinary NSs (ONSs) and
directed NSs (DNSs). The ONSs refer to general,
problem-independent search mechanisms that can
be applied across various optimization problems.
These structures operate through basic local search
operators to generate new solutions from existing
ones. ONSs serve an exploratory role, enabling the
algorithm to broaden the search space and reduce
the risk of premature convergence. Since they do
not incorporate problem-specific knowledge, ONSs
provide a broad exploration mechanism that enables
the algorithm to escape local optima and improve
overall solution quality. This NS can be used for all

sub-solutions. As shown in Figure 4, nine types of
ONSs are used in SVNS as follows:

1. Inversion of two random numbers’ positions
(ITR): This operator reverses the sequence of
elements between two randomly selected points
in the solution. For example, in the vehicle
routing sub-solution, this means reversing the
order of retailer visits along a route. In ordering
and discounting decisions, this approach can
modify the sequence in which orders or dis-
counts are applied to different products.

2. Adjacent pairwise exchange (APE): A randomly
selected element is swapped with its adjacent
element. This NS can be used for all sub-
solutions. For example, in the vehicle routing
sub-solution, this means exchanging the posi-
tions of two consecutive retailer visits, which
can refine the travel route without drastically
altering the structure.

3. Remove and place a number (R&P): A ran-
domly chosen element is removed from its cur-
rent position and placed at a new location
within the sequence. In vehicle routing, this can
shift a retailer visit from one position to
another, balancing the vehicle load and optimiz-
ing delivery routes.

4.  Shift neighborhood (SN): Two random numbers

are selected, and if the first number is smaller, a
forward shift is applied; otherwise, a backward
shift is performed. This method helps fine-tune
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Figure 4. Ordinary neighborhood structures.

vehicle routes by adjusting retailer visit sequen-
ces and ensures better synchronization
pickup and delivery operations.

Moving a sequence of numbers (MAS): A sub-
sequence of elements is selected and moved to a
new position within the solution. In VRP, this
means relocating a group of retailers within a

in

vehicle’s route and improving delivery efficiency
by clustering nearby locations.

Reversing and moving a sequence of numbers
(R&#M): This structure operates like MAS but
reverses the order of elements before relocating
the sequence.

Random pairs of wise exchange (RPE): Two
randomly selected elements are exchanged. In
the routing problem, this swaps the visit
sequence of two retailers, which can improve
vehicle utilization and reduce travel distance.
Random replacement (RR): A set of randomly
chosen elements undergoes multiple swaps,
altering their positions. This approach is par-
ticularly effective in complex routing problems,
where modifying multiple retailer visits at once
can lead to significant efficiency gains.

Random shuffling in a sequence (RS): A
sequence of consecutive numbers is chosen, and
then the positions of these numbers are randomly
changed. Routing problems involve reordering a
cluster of retailer visits to find a more optimal
delivery sequence (Vahdani & Zandieh, 2010).

On the other hand, DNS is a problem-specific
search mechanism designed to intelligently guide
the search process toward promising regions of the
solution space. Unlike ONSs, DNSs leverage
domain-specific heuristics to make targeted modifi-
cations to a solution, improving its quality more
efficiently. These structures focus on high-impact
changes, such as balancing vehicle (BVL) loads,
adjusting depot assignments, or fine-tuning
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Figure 5. A schematic example for balancing vehicles’
load (BVL).

inventory levels, ensuring that each move is stra-
tegically beneficial. By incorporating problem-
specific knowledge, DNSs enhance the algorithm’s
ability to refine solutions faster, leading to improved
convergence and better optimization results in com-
plex vehicle routing and supply chain problems. The
DNSs include seven types that are mentioned below:

4.2.1. Balancing vehicles’ load (BVL)

The BVL neighborhood search specifically addresses
the issue of unevenly distributed loads among
vehicles, which can lead to inefficiencies such as lon-
ger delivery times and higher operational costs. Thus,
as illustrated in Figure 5, an overloaded vehicle is
selected, and then one of the retailers assigned to it
is randomly selected. Then, the selected retailer is
assigned to another vehicle with less load. BVL aims
to achieve a more balanced distribution of loads
across the fleet. Also, the randomness in retailer selec-
tion for reassignment introduces variability in solu-
tion space exploration, enhancing the algorithm’s
ability to escape local optima and find better overall
solutions.

4.2.2. Adjusting manufacturers’ load (AML)
The AML addresses the load imbalance among
manufacturers. In this approach, the focus is on the
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Figure 7. An example of a swap of depots (SOD) in assigning vehicles to DC sub-solution.

DCs their allocation to manufacturers.

Recognizing that some manufacturers may be over-

and

burdened by serving too many DCs, AML seeks to
redistribute this load more evenly across the net-
work. Thus, as shown in Figure 6, it identifies man-
ufacturers at their maximum capacity regarding DC
allocations and then randomly selects one of these
overloaded centers to reassign it to another manu-
facturer associated with the fewest DCs.

4.2.3. Swap of depots (SOD)

In this policy, two depots are selected, and their
allocated retailers are exchanged. The SOD neigh-
borhood and then
exchanges their allocated retailers. Thus, SOD seeks
to change the distribution workload to find the best
assignment according to their capacity. The underly-

search selects two depots

ing rationale, as shown in Figure 7, is that redistrib-
uting retailers between these extreme depots can
lead to more efficient use of resources, such as
vehicles and depot capacities, and ensure a more
equitable distribution of delivery and pickup tasks.

4.2.4. Adjusting the load of depots/DC (ALD)

As illustrated in Figure 8, ALD neighborhood search
identifies the DCs with the maximum and minimum
volumes of product dispatched (sending), then
selects a retailer assigned to the DC with maximum
load, randomly. Then, the retailer is assigned to the
DC with a minimum load. By doing so, ALD seeks
to balance the distribution workload between depots
to improve service levels across the network. The
underlying rationale is that redistributing retailers
between these extreme depots can lead to more effi-
cient use of resources, such as vehicles and depot
capacities, and ensure a more equitable distribution
of delivery and pickup tasks.

4.2.5. Restrict the order of retailers (ROR)

The ROR neighborhood search tries to restrict the
retailer’s order with the most wasted products. Thus,
as illustrated in Figure 9(a), if a retailer had the most
unsold/deteriorated products in the previous period,
the correction factor is increased to reduce this
retailer’s food waste by controlling the order amount.
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Figure 9. An example of restricting the order of retailers (ROR) and increasing the order of retailers (IOR).

Thus, the ROR operator adjusts future orders based
on past unsold products to ensure that the retailer
orders fewer products and reduces food waste.

4.2.6. Increasing retailers’ orders (IOR)

This neighborhood search increases the retailer’s
orders due to the previous period’s lost sales. Thus,
as illustrated in Figure 9(b), if a retailer had the
largest number of lost sales in the previous period,
its correction coefficient J,, should be increased to
reduce the lost sales. Thus, the IOR operator adjusts
future orders based on past lost sales to ensure that
the retailer orders more products to better align
with customer demand and reduce the risk of future
stockouts. The IOR helps minimize lost sales and
optimize inventory levels by modifying order quan-
tities based on past performance.

4.2.7. Adjusting retailers’ discounts (ARD)

This NS adjusts retailers’ discounting decisions based
on their sales performance over the previous three
periods. This approach aims to reduce both lost sales
and unsold products by revising discount strategies
according to past outcomes. Specifically, if a retailer
experienced lost sales in previous periods, the ARD
operator encourages offering discounts to attract
more customers and increase sales. Conversely, if the
retailer had unsold products, the ARD operator
adjusts the strategy to remove or reduce discounts, as
discounting in these cases may have failed to drive
demand effectively.

5. Solution method validation

In this section, the validity of the proposed solution

method is evaluated from two perspectives:
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effectiveness and efficiency. Effectiveness refers to
the ability to achieve the outputs correctly. The effi-
cacy of an algorithm is often measured by its accur-
acy, precision, and the quality of the output it
produces in practical applications. Also, efficiency
relates to the algorithm’s use of computational
resources while achieving these results. This typic-
ally includes the computational time the algorithm
uses to solve a problem. An efficient algorithm per-
forms its tasks using minimal computational resour-
ces, thus making it scalable to larger datasets or
more complex problem instances (Rabiee et al.,
2012). Before that, we will explain how to generate
data for the validations.

5.1. Data generation

To evaluate SVNS, a set of random problems is con-
ducted involving analyzing various problems of differ-
ent sizes, including manufacturers (M), DCs (D),
retailers (R), and vehicles (K), see Table 1. The prob-
lems are classified into different sizes: small, medium,
and large, based on the number of facilities. This classi-
fication directly reflects the complexity of the problem.
Retailers were positioned randomly within a range
from 0 to 100, and their distances were computed
using the Euclidean norm. The demands of customers
are generated by the normal distribution N(100, 20).
Thus, six demand scenarios are defined for each prob-
lem, and accordingly, the demands are generated in six

distances & =[-30, —20], & =[-20, —d],
& =1[-0,0], & =100, & =]0,20], and & =
[20,30], with the possibility of P(&;) = 0.025,

P(&,) = 0.135, P(&;) = 0.34, P(&,) = 0.34, P(&5) =
0.135, and P(&;) = 0.025. The number of periods
is 100.

The data generated for the problem are shown in
Table 2. Also, the capacity of the vehicle (Q) is

Table 1. Size and level of problems.
Problem size (M x D x R x K)

Problem levels

P.18.(3 x 8 x84 x 9
P.19.3 x 8 x 88 x 10)
P.20.3 x 8 x 92 x 10)

P.22.(3 x9x 102 x 11)
P.23.(3 x 10 x 104 x 12)
P.24.3 x 10 x 110 x 12)

Small scale 1.1 x1x8x%x2) P5(1><2><24x4)
2.(1x1x10x2) 6.(1 x3x32x4)
3.(1x1x15x%x3) 7.(1 x3x36x5)
4.(1x2x20x3) 8.(1 x4 x40 x 5)

Medium scale 9.2 x4 x42x6) P13(2><6><64x7)

P‘IO(2><5><48><6) P.14.(2 x 6 x 68 x 8)
P.11.(2 X 5 x 52 X 6) P.15.2 x 6 X 72 x 8)
P.12.2 x5x 58 x 7) P.16.2 x 7 x 78 x 8)

Large scale P.17.3x7x80x%x9) P.21.3 x9x98 x 11)
( ) (

( (
( (

Table 2. Factors and their levels.

Factors Levels Factors Levels

o 0.25 TCng ~ disj x @, ¢ ~ U(20,40)
Gy ~disi x @, @ ~U(1,3) DCpy ~U(3,5)

0Cy ~U(2,5) g ~U(10,18)

RCag ~U(1,3) 04 ~U(2,3)

g 30%

determined as follows:

ZpEPZrGR deG VgP< )

Q=(1+n) R P

where 1 is a coefficient with U(0,0.2). Also, the
capacity of retailers for the Product g (Q,,) is calcu-
lated as follows:

(32)

ZpePZrERd'gP ( é)

Qrg:U(l_}v) RxP >
d,
(1+4) ZPGP%;@; o($) Vg€ GreR
(33)

where 1 is a coefficient with U(0,0.2). Also, the
capacity of manufacturers (Q,,) and DCs (Q,) are
generated in the same capacity as retailers.

5.2. Parameter tuning

Most meta-heuristics define a set of parameters that
need to be tuned. A good tuning of the values of
that parameter can lead to the use of meta-heuristic
capabilities to solve the desired problem (Montero
et al, 2014). According to Zandieh and Gholami
(2009), parameter tuning aims to find good values
for the parameters before running the algorithm
that remain constant during execution, and it is
essential for enhancing the performance of meta-
heuristic algorithms without producing performance
variance under the influence of the external envi-
ronment. Various approaches have been proposed
to address this challenge, such as designing experi-
ments (DOE), machine learning-based tuning, and
metaheuristic self-tuning (Saremi et al., 2007; Huang
et al.,, 2019; Talbi, 2021). DOE evaluates parameters
at two levels (maximum and minimum), disregard-
ing intermediate values, which limits its efficiency
for continuous parameter tuning (Montgomery,
2017). Additionally, machine learning-based algo-
rithms and metaheuristic self-tuning, which itera-
tively adjust parameters, are computationally
intensive and time-consuming. Their performance is
also highly dependent on the initial input parame-
ters of the tuning module, whether based on meta-
heuristic algorithms or machine learning techniques
(Dobslaw, 2010; Yang et al., 2013). Thus, this article
uses response surface methodology (RSM) to tune
the parameters. The RSM method, introduced by
Box and Wilson in 1951 as a statistical tool, is used
to model and analyze the relationship between input
parameters and output response (Nicolai et al,
2004). This method is widely used in industrial set-
tings and parameter optimization to determine opti-
mal parameter values (Rabiee et al, 2012). Some
researchers have used the RSM method to set the
parameters of meta-heuristic algorithms (Devika



et al.,, 2014; Shadkam, 2022). This method has also
shown good performance in VRP (Rabbani et al,
2018; Tohidifard et al., 2018; Govindan et al., 2019;
Zhu & Hu, 2019).

The RSM method considers a lower bound (Xl)
and an upper bound (Xh) for each variable. Thus, for
an algorithm with k parameters, this method gener-
ates a set of experiments including three points:

e The factorial design points (n) are experiments
that analyze factors at their high and low levels.
The number of these points is equal to 2¥ or a
fraction of it. Main points.

e Axial Points (n,) provide valuable information
about the curvature of models and analyze the
axis of each design factor. The number of n,, is
equal to 2k coded =1 (Face entered).

e Central Points (n¢,) check the repetition of the
model and analyze factors at the middle level.

The number of central Points is known by nc,
(Rabiee et al., 2012). The parameters of algorithms
and their levels and number of experiments are pre-
sented in Table 3.
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RSM simultaneously analyses the effectiveness
and efficiency of algorithms by estimating appropri-
ate parameters from the aspect of the objective func-
tion and computational time. The tuned values for
parameters, R-squared (R2), and desirability are
demonstrated in Table 4.

5.3. Algorithm comparison

5.3.1. Validation based on exact methods

A set of distinct small-scale test problems, including
16 random small problems, was designed with vary-
ing numbers of manufacturers (M), DCs (D), retailers
(R), and vehicles (K). The performance of the object-
ive function and the algorithm’s efficiency were ana-
lyzed using the proposed solution approach. Each test
instance was executed ten times in MATLAB 2022b
on PCs equipped with an Intel Core i7 processor run-
ning at 3.00 GHz and 16 GB of RAM to evaluate the
solutions obtained from SVNS. Additionally, a single
execution was performed in GAMS to find the global
solution. In total, 160 runs were conducted in
MATLAB and 16 in GAMS. Table 5 provides a
detailed overview of these test problems, including

Table 3. Level of factors in the algorithms with the number of experiments.

Algorithm Factors and their levels (X, X,) Ne = (N, Nax, Nep)
VNS Maxit = (200,600) nPop = (150,300) P, = (0.6,0.8) 20=(2°6,6)
SA Maxit = (200,400) nPop = (5,10) To = (10,20) T; = (0.001,0.01) 30=(2°8,6)
GA Maxit = (200, 500) Popsize = (100,200) P,(0.65,0.85) P, = (0.25,0.45) 30=(238,6)
SUNS Maxit = (100,300) nPop = (100,200) Pops = (0.05,0.15) Pgps = (0.05,0.15) 30=(2"8,6)

Popsize (population size), P, (probability of crossover), P, (probability of mutation), T, (initial temperature), T (final temperature)

Table 4. Tuned parameters, R-square (R?), desirability (D).

Algorithm Tuned parameters R? D

VNS Maxlt = 576, nPop = 296, pps = 0.792 %82.7 0.767

SA Maxit = 357, Maxiye =7, Npop =2, To = 10.45, Tr = 0.0011 9%69.2 0.681

GA Maxit = 492, Popsize = 182,p, = 0.742, pp, = 0.448 %75.5 0.725

SVNS Maxlt = 296, nPop = 152 Pyps = 0.096 Pgps = 0.148 %75.7 0.697
Table 5. Performance comparison of SVNS and GAMS across small-scale test problems.

GAMS SVNS Average
# # # # # # Runs by run time run time Minimum Average Maximum

Test ID M D R K P SVNS (seconds) (seconds) GAMS error (%) error (%) error (%)
1 1 1 10 2 10 10 12.0 38.2 5506 0.0 0.1 03
2 1 1 12 2 10 10 25.0 40.4 6430 0.0 0.2 0.5
3 1 1 14 2 20 10 83 38.6 9668 0.0 0.8 1.7
4 1 1 18 2 20 10 71 41.2 7379 0.0 1.0 1.9
5 1 1 18 3 20 10 830 414 11,058 0.9 1.6 25
6 1 1 20 3 20 10 701 43.1 11,753 0.5 11 2.0
7 1 1 24 3 20 10 1222 44.8 12,448 0.9 1.4 1.8
8 1 2 24 4 20 10 925 45.2 14,826 1.4 1.9 25
9 1 2 24 4 30 10 1143 43.8 16,166 1.2 1.8 24
10 1 2 28 4 30 10 1885 49.1 21,571 1.6 2.2 3.0
1 1 2 32 4 30 10 1231 519 23,454 13 2.2 29
12 1 2 36 4 30 10 1376 52.8 26,605 1.1 1.8 2.7
13 1 2 40 4 30 10 1818 513 25,730 13 2.1 3.0
14 1 2 42 5 30 10 1621 53.0 28,918 1.7 2.7 33
15 1 3 42 5 40 10 2155 53.9 33,890 1.2 2.1 3.1
16 1 3 48 5 40 10 - 549 - - - -
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the number of manufacturers, DCs, retailers, vehicles,
periods, number of runs by SVNS algorithm, GAMS
runtime (in seconds), MATLAB runtime (in seconds),
objective function values obtained by GAMS, and the
minimum, average, and maximum percentage errors.

From a performance standpoint, SVNS demon-
strates superior efficiency, particularly in runtime,
when addressing complex problems. This is evident
in the resolution of the most challenging test case,
i.e., the sixteenth problem, where AIWO completed
the task in around 55s. In contrast, the GAMS
solver failed to find a solution after forty minutes,
highlighting SVNS’s significant efficiency advantage.
Additionally, regarding effectiveness, SVNS consist-
ently delivers accurate results, with deviations from
the expected outcomes measured as minimum, aver-
age, and maximum percentages. These deviations
are reported at less than 1.7%, 2.7%, and 3.3%,
respectively. Furthermore, AIWO achieved optimal
results for the smallest test cases with a difference
close to zero.

5.3.2. Benchmark algorithms

The SVNS algorithm is compared with three bench-
mark algorithms, namely, GA and simulated anneal-
ing (SA), as two well-known algorithms for solving
VRP problems (Ariyani et al., 2018), and the ori-
ginal VNS as the base algorithm to evaluate its per-
formance. To ensure a fair comparison, GA, SA,
and VNS algorithms are optimized and designed to
address the specific characteristics of the NTE FSC
as follows:

Benchmark 1: GA: GA is a widely used metaheur-
istic inspired by natural selection and evolution
principles. It operates through key processes such
as selection, crossover, and mutation to explore
and exploit the solution space, making it a power-
ful tool for solving complex combinatorial opti-
mization problems (Guner Goren et al., 2010). As
GA is a well-established method in the literature
and widely recognized for solving routing, inven-
tory management, and facility location decisions
within SCN design problems (Karaoglan &
Altiparmak, 2010; Agrawal et al., 2022), it has been
selected as a benchmark algorithm for this prob-
lem. Additionally, for a fair comparison with the
proposed SVNS algorithm, we have aligned the
NSs in SVNS with the mutation operations in GA.
This alignment ensures that both algorithms
explore the solution space using a comparable
search mechanism.

Benchmark 2: SA: SA is a well-established meta-
heuristic optimization technique inspired by the
annealing process in metallurgy, where materials
are heated and then slowly cooled to reach a

minimum energy state. The algorithm simulates
this process through a cooling schedule, which
helps it avoid premature convergence to local
optima by allowing occasional uphill moves during
the search process (Golden & Skiscim, 1986). SA
has been selected as a benchmark algorithm due to
its widespread application and proven effectiveness
in solving VRP and SCN design problems (Ross &
Jayaraman, 2008). To ensure a fair comparison
between SA and SVNS, we adopted the same NSs
in SVNS as those used in SA’s neighborhood
search process. This alignment provides a consist-
ent basis for evaluating the performance of both
algorithms in exploring and exploiting the solution
space.

Benchmark 3: Original VNS: We consider the ori-
ginal VNS a benchmark that uses only ordinary
NSs as general operators throughout the search
process. Unlike SVNS, which incorporates general
and problem-specific NSs, the original VNS relies
solely on general NSs. This baseline configuration
allows us to isolate and evaluate the impact of
problem-specific NSs introduced in SVNS. The
comparison highlights how including problem-
specific, directed NSs in SVNS enhances search
efficiency and solution quality.

5.3.3. Comparative performance analysis of
algorithms

This section systematically evaluates the perform-
ance of algorithms using the proposed criteria as
benchmarks for comparative analysis. The main
objective is to determine whether there are signifi-
cant differences in the performance of different
algorithms. The obtained data (objective function
and CPU time) are converted into RPD values to
evaluate the proposed algorithms. The average RPD
results of the expected objective function and CPU
time are calculated in Table 6. The low p values
(0.000) and high F-values (35.13 for the objective
function and 106.99 for computational time) indi-
cate a statistically significant difference between the
algorithms in terms of both solution quality and
computational efficiency. The RPD value is calcu-
lated as follows:

|Algobj - Minobj'

RPD = (34)

Minobj
where Alg,, is the obtained solution for each algo-
rithm, and Min,; is the best result of the algorithm.
Also, the same formula is used to calculate the RPD
of computational time, where the CPU time is used
instead of the objective function. A lower RPD value
indicates that the observed performance is closer to
the expected performance. In this regard, Fisher’s
least significant difference (LSD) method was used
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Table 6. ANOVA results for the objective function and computational time.

Source DF SS MS F p Value
Objective function Factor 3 0.18425 0.06142 35.13 0.000
Error 92 0.16084 0.00175
Total 95 0.34509
Computational time Factor 3 6.8175 22725 106.99 0.000
Error 92 1.9542 0.0212
Total 95 8.7717
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Figure 10. Plot the mean and LSD intervals for the algo-
rithms GA, SA, VNS and SVNS.
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Figure 11. Plot the mean and LSD intervals for GA, SA, VNS,
and SVNS algorithms.

to compare the proposed algorithms in pairs. The
LSD method is a statistical procedure used to com-
pare multiple groups to determine if there are sig-
nificant differences between them. Thus, LSD has
been applied to compare all algorithms regarding
their objective function and computational times.
The LSD method results presented in Table 6 reveal
a significant difference between the algorithms in
terms of both the objective function and computa-
tional time. Each pairwise comparison shows a sig-
nificant difference (Yes), as none of the confidence
intervals include zero, indicating that the algorithms
exhibit distinct performance levels in solution qual-
ity and computational efficiency.

In addition, a statistical assessment was con-
ducted with a 95% confidence interval for the
objective function and computational time to evalu-
ate the significance of the results. According to
Figure 10, SVNS outperformed the other algorithms
from an objective function perspective. Also,

according to Figure 11, SVNS has a better computa-
tional time than the benchmarks. These figures
show that the upper and lower limits of the SVNS
algorithm do not overlap with the benchmarks in
the medium and large sizes. Moreover, Table 7
shows that SVNS is statistically superior to other
algorithms, ie., GA, SA, and VNS, based on the
objective function and computational time. In add-
ition, in Figure 12, the improvement of algorithm
responses can be seen. This figure shows improved
vehicle routes from each DC (squares) to retailers
(circles).

6. Case study

Carrefour, a prominent French multinational retail
and wholesaling corporation, is the focal point for
this case study to demonstrate the practical applica-
tion of the proposed model. Carrefour is one of
France’s top four food retail groups and ranks
eighth globally in revenue. The company operates
across 10 countries directly and collaborates with
retailers in another 20 countries, collectively work-
ing with over 5000 retailers worldwide. This broad
operational reach positions Carrefour as a signifi-
cant global FSC player. The case study focuses expli-
citly on Carrefour’s operations related to NTE food
products within Rennes, a city in the Ille-et-Vilaine
department of the Brittany region in northwestern
France. Rennes had a population of 222,485 as of
the 2018 census, providing a relevant context for
examining urban FSC dynamics. Carrefour’s NTE
food distribution activities in this region align with
broader food waste reduction efforts implemented
across the company.

According to Carrefour (2022) reports, the com-
pany employs several strategies to minimize food
waste while maintaining product accessibility. These
initiatives include offering substantial discounts on
NTE products, typically 30-60%. For example, items
nearing expiration dates are marked down to incen-
tivize purchases and reduce potential waste.
Additionally, Carrefour has introduced innovative
solutions like “Zero Gaspi” (zero waste) or anti-
waste packaging, applied to slightly wilted vegetables
or other items that remain safe and consumable des-
pite minor imperfections. Products in these pack-

ages are generally sold with a 50% discount. These
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Table 7. Fisher 95% individual confidence intervals all pairwise comparisons for problems.

Significant difference

Algorithms Lower Upper at 95% level
Objective function VNS and SA 0.01771 0.06566 Yes
VNS and GA —0.0641 —0.01616 Yes
VNS and SVNS —0.09944 —0.05149 Yes
SA and GA —0.10579 —0.05784 Yes
SA and SVNS —0.14112 —0.09317 Yes
GA and SVNS —0.05931 —0.01136 Yes
Computational time VNS and SA —0.3786 —0.2115 Yes
VNS and GA 0.0329 0.2000 Yes
VNS and SVNS —0.6518 —0.4847 Yes
SA and GA 0.3279 0.4950 Yes
SA and SVNS —0.3568 —0.1896 Yes
GA and SVNS —0.7682 —0.6011 Yes
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Figure 12. Improvement of problem P.5. (1 x 1 x 5 x 25) by SVNS in (a) 20th and (b) 200th iterations.

discounting strategies reduce food waste and cater
to cost-conscious consumers, creating a win-win
situation for the company and its customers. The
insights from this case study provide a real-world
foundation for validating the proposed model’s
effectiveness in minimizing waste while maintaining
operational efficiency in FSCs.

The corporation is active in organic food by manu-
facturing various products under the Carrefour brand.
Carrefour has implemented diverse store formats to
accommodate its customers’ varied needs and prefer-
ences. This study considers four types of stores:

e Hpypermarkets are large-scale retail stores offering
various products, including groceries, household
items, electronics, clothing, etc.

e Carrefour Markets are smaller than hypermarkets
and are designed to serve urban or suburban
areas. Although they offer fewer products than
hypermarkets and markets, they still provide a
comprehensive range of groceries, fresh produce,
and household essentials.

o Carrefour Express is a convenience-focused store
in urban centers, train stations, or other areas
with high foot traffic. It prioritizes convenience
by offering a limited selection of products, focus-
ing on grab-and-go items, snacks, beverages, and
ready-to-eat meals.

o Carrefour City: similar to express stores, they are
designed for urban areas where space is at a pre-
mium. They stock fresh foods, snacks, beverages,
and other essentials.

The distribution of Carrefour stores within Rennes
and their type are illustrated in Figure 13. According
to the figure, 26 Carrefour stores are considered in
this case study, including one Hypermarket, four
Carrefour Markets, seven Carrefour Express, and
fourteen Carrefour City.

In the case of the problem, Carrefour’s distribu-
tion network includes a manufacturer, two DCs,
and 26 retailers to ensure efficient and reliable dis-
tribution of these products throughout the city. In
this case problem, the Le Rheu Carrefour platform,
located 9km southwest of Rennes, is introduced as
the manufacturer that produces food products and
procures goods from local farmers and ranchers.
Product pallets are taken out of Le Rheu early in
the morning and sent to DCs to be prepared and
delivered to retailers in the city. Food products are
sent to retailers through two DCs, the north DC
(DC Les Gayeulles) and the south DC (DC Av. du
Canada). These DCs include the docks for loading
and unloading trucks and parking for trucks.

The trucks in this supply chain are specifically
designed to handle the distribution of fresh foods,
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Figure 13. Dispersion of Carrefour retailers in the city of Rennes.

including fruits, vegetables, dairy, and meats, by
maintaining controlled temperatures to preserve
product freshness and safety. These vehicles have
advanced refrigeration systems that ensure optimal
storage conditions throughout transport. Two trucks
of different sizes are utilized in this network. Large
trucks are used to transport products from the Le
Rheu Carrefour platform to the two DCs by direct
shipment strategies. Also, medium-sized trucks han-
dle deliveries from the DCs to retailers across the
city. Their medium-sized truck allows easy naviga-
tion through narrow city streets, enabling efficient
deliveries to densely populated urban areas. The
company operates a limited fleet of medium-sized
refrigerated vehicles between DCs and retailers des-
ignated for distributing shipments within urban
areas. The distances between nodes are obtained
from an external database, specifically Google Maps.
Based on available data, the average transportation
cost for large trucks, which use direct shipments
from the Le Rheu Carrefour platform to the DCs
(TCpa) carried out by transportation companies, is
higher, estimated at 30 euros per unit of distance.
Also, the average transportation cost for medium-
sized trucks used for urban distribution from DCs
to retailers (Cj), which is carried out by the com-
pany’s trucks, is estimated at 2 euros per unit of
distance.

Furthermore, standard packaging for fruits and
vegetables typically uses durable, stackable boxes
with dimensions of 22 x 15 x 5.5 inches, designed to
maximize space efficiency during transport while
protecting perishable products. These boxes are
made from corrugated cardboard or plastic, ensur-
ing proper ventilation, structural integrity, and

compatibility with standard pallet configurations.
The large trucks have a capacity of 600 standard
boxes, and the medium-sized trucks have a capacity
of 80 standard boxes. Three NTE products exam-
ined in the case problem include washed lettuce,
ready salad, and vegetables packaged with the
Carrefour brand. The requests for washed lettuce
and vegetables are the same, and the request for
ready salad is a quarter of them. The Carrefour
stores, their type, and the demand scenarios as
standard boxes for washed lettuce are presented in
Table 8. A standard box can hold ten washed lettu-
ces, ten vegetable items, or eight salad packages. We
consider 100 periods as working days. The discount
level for all products in all retailers is considered
40%. Also, it should be mentioned that the euro is
considered the monetary unit. Other input parame-
ters are presented in Table 9.

7. Results and discussion

The best network topology for the case problem in
period one is presented in Figure 14. The lines in
the figure only show the nodes’ connections and do
not represent the real path. According to this figure,
the retailers in the northern part of the city were
connected to the North DC (DC Les Gayeulles), and
the retailers in the southern part of the city were
connected to the South DC (DC Av. du Canada).
Thus, placing DCs in positions that ensure they are
roughly equidistant from various retailers is advis-
able. This setup minimizes transportation time and
costs and can significantly improve logistics effi-
ciency. One effective approach might be to position
a single DC in the city’s center if the urban layout
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Table 8. Carrefour stores, their type, and their demand scenarios.

Demand Demand Demand Demand Demand Demand
Scenario 1 Scenario 2 Scenario 3 Scenario 4 Scenario 5 Scenario 6
(SD1) (SD2) (SD3) (SD4) (SD5) (SD6)
r Carrefour Type 5% 15% 30% 30% 15% 5%
1 Av. du Canada Hypermarket U(24,31) U(31,39) U(39,46) U(46,53) U(53,61) U(61,68)
2 Rue de Brest Market u(16,19) U(19,21) U(21,24) U(24,27) U(27,29) U(29,32)
3 Centre commercial La Poterie Market U(18,21) U(21,24) U(24,27) U(27,30) U(30,33) U(33,36)
4 President John F.Kennedy Market U(15,18) U(18,20) U(20,23) U(23,25) U(25,28) U(28,30)
5 Rue d'Isly Market U(16,19) U(19,21) U(21,24) U(24,27) U(27,29) U(29,32)
6 Rue Saint-Malo Express U(6,7) U(7,8) U(8,9) U(9,10) u(10,11) U(11,12)
7 Rue d’Antrain Express U(5,7) U(7,8) U(8,10) U(10,12) U(12,13) U(13,15)
8 Pl. Albert Bayet Express u(6,7) u(7,7) U(7,8) U(8,9) u(9,9) U(9,10)
9 Pl. de Bretagne Express uU(6,7) U(7,7) U(7,8) U(8,9) U(9,9) U(9,10)
10 Rue de Nantes Express U(5,6) U(6,6) U(6,7) U(7,7) u(7,8) U(8,8)
11 Rue Maréchal Joffre Express U(5,6) u(6,7) U(7.,8) U(8,8) U(8,9) U(9,10)
12 route De Fougeres Express U(6,7) u7,7) U(7,8) U(8,9) u@©,9) U(9,10)
13 Av. des Monts d’Arrée City U(4,4) U(4,5) U(5,5) U(5,5) U(5,6) U(6,6)
14 Bd de Verdun City U@,4) U(4,5) U(5,6) U(6,6) u6,7) U(7,8)
15 Rue Saint-Malo City U(5,6) u(6,7) uU(7,8) U(8,8) U(8,9) U(9,10)
16 Mail Louise Bourgeois City u(4,5) U(5,5) U(5,6) u(6,7) u@,7) u(7,8)
17 Rue de Fougeres City U(4,5) U(5,6) u(6,7) u(7,7) u(7,8) U(8,9)
18 Av. Sir Winston Churchill City U(5,5) U(5,5) U(5,6) U(6,6) U(6,6) U(6,6)
19 Av. Aristide Briand City U(6,6) u(6,7) u@@,7) u7,7) u(7,8) U(8,8)
20 Rue de Lorient City U(5,6) U(6,6) u(6,7) u@,7) u(7.8) u(8,8)
21 Rue de I'Alma City U(5,6) U(6,6) u(6,7) u(7,7) u(7,8) U(8,8)
22 Bd de Metz City U(5,6) U(6,6) U(6,7) u7,7) u(7,8) U(8,8)
23 Bd Voltaire City U@3,4) U(4,5) U(5,7) U(7,8) U(8,9) U(9,10)
24 Av. Sergent Maginot City U(4,5) U(5,6) u(6,7) u7,7) u(7,8) U(8,9)
25 Bd Léon Bourgeois City U(4,5) U(5,6) U(6,7) U(7,8) u(g,9) U(9,10)
26 Bd Georges Clemenceau City U(4,5) U(5,6) u(6,7) U(7,8) u(g,9) U(9,10)
Table 9. Factors and their levels.
Title Type Input data
Manufacturer (M) Le Rhu Q; = 800
DCyq,DCq3,DCi3 =1
Distribution centers (DC) North DC (DC Les Gayeulles) Q, =385
0C =2
RCy1 = 0.25,RCy; = 0.25,RCy3 = 0.25
South DC (DC Av. du Canada) Q, = 415
0G =2
RC;» =0.25, RG; =0.25, RG;3 =0.25
Retailer (R) Hypermarket Q4 =60, Q,=15 Q3 =260
Market Q1 =30, Q=8 Q3=30
Express Q1 =10, Q=3 Q3=10
City QH =38, QIZ =2, Qr3 =38
Products (G) Washed lettuce packages pr=1 0,=1
Ready salad packages p;=3 0,=15
Vegetable packages p3=1 05=1

allows easy access from all directions. Alternatively,
placing several DCs around the city can distribute
products more evenly, ensuring quicker delivery
times and better service to a wider area.

As this study emphasizes the importance of
retailers in reducing total costs and food waste, the
retailer’s decisions are examined in this section.
Retailers can influence the supply chain through
two policies: smoothing ordering and discounting.
In policy smoothing ordering, there are two decision
variables, which are f§,, as the constant of wasted prod-
ucts and J,, as the constant of lost sales. Figure 15(a)
shows the interaction effects of f3,, and d,, on the total
cost. According to this figure, increasing the constants
associated with wasted products and lost sales nega-
tively impacts the total cost by influencing future order
quantities in the smoothing ordering policy. When
these constants are increased, the model responds

more aggressively to past waste and lost sales by adjust-
ing future orders. Specifically, higher constants for
wasted products reduce future order quantities to min-
imize excess inventory, potentially leading to under-
stocking and lost sales. Conversely, increasing the
constants for lost sales leads to larger future orders
to meet potential demand, potentially resulting in
overstocking and increased waste. This dynamic
adjustment creates inefficiencies, such as higher trans-
portation, holding, and disposal costs, ultimately driv-
ing the total cost.

Also, we analyze the interactive effect of the dis-
count level (¥,,) in retailers related to discounting
policy and f3,, as the constant of wasted products.
As shown in Figure 15(b), increasing discount lev-
els and the constant of wasted products lead to a
clear negative impact on the total cost due to the
dynamics of inventory management and consumer
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Figure 15. The 3D plot of the interaction of (a) B, and 4, for total cost and (b) ;5 and B, for food waste.

behavior. When discount levels rise, retailers offer
more price reductions to stimulate demand for
NTE products, which reduces waste but simultan-
eously lowers revenue, increasing overall costs if
discounts are applied excessively. Additionally,
constant for wasted products
prompts the system to adjust future orders based
on historical waste, often resulting in smaller, more
conservative orders. This strategy reduces unsold
inventory, leading to lower ordering and transpor-
tation costs.

increasing the

Also, as the supply chains focus more on reduc-
ing total costs, reducing total costs is chosen as the
objective function in this article. However, achieving
food waste reduction and reducing total costs
requires multi-objective decision-making (MODM)
approaches. Thus, the utility function introduced by

Derringer and Suich (1980) is used to optimize mul-
tiple objectives as follows:

d(obiy) ( UOBJ; — OBJ;

S
_ LOBJ; < OBJ; < UOBJ;
o8] - LOBL) J, < OBJ; < UOBJ,

(35)

where OBJ; is objective, and obj; is the utility func-
tion of OBJ; in the form of minimization, LOBJ;
and UOBJ; are lower and upper bounds of OBJ;
obtained for different levels of input parameters,
respectively. In this section, S is the weight of OBJ;
known as the severity of that. Thus, the desirability
is calculated as:

D = +/d(obj,) x d(obj,) x --- x d(obj,,)  (36)

where w is the number of objectives. In this
research, the severity of total cost and wasted food
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products are 3 and 1, respectively. Accordingly, a
sensitivity analysis was performed on two variables
B, and dy, in the case problem, the result is shown
in Figure 16. If both are selected at their high level,
it leads to an increase in desirability, which indicates
a reduction in total costs and food waste.

Moreover, a single-factor sensitivity analysis was
performed on the discount rate. If all parameters
are fixed and the discount rate changes from 0% to
50%, as shown in Figure 17(a), the total cost
decreases and then increases. This means that the
best discount level to reduce the total costs is about
30% of the product price from the total cost per-
spective. As anticipated and illustrated in Figure
17(b), the amount of wasted goods decreases con-
sistently as the discount rate increases. We apply a
MODM approach to determine the optimal discount
level for total cost and wasted products perspective.
As shown in Figure 17(c), when analyzing the
impact of the discount rate on desirability, the opti-
mal discount level that simultaneously minimizes

SEREAIRALS
GSSEEE8ERS
ISR ILARLAK
STAEARIRILRIR
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Figure 16. The 3D plot of the interaction of ,, and 6,4 for
desirability.

total cost and wasted food products is approximately
40% discount on the product price. According to
the results, the practitioners should consider the
broader implications of waste reduction, such as
environmental impact, brand reputation, and com-
pliance with food waste regulations, rather than
focusing solely on cost. Implementing a dynamic
discounting strategy that adjusts discount levels
based on inventory levels, demand patterns, and
shelf life can optimize cost efficiency and waste
reduction.

8. Conclusion and future research

This study introduces a novel optimization tech-
nique for designing FSC networks that incorporate
near-expiration products. The proposed model con-
siders the influence of retailers on cost reduction
and food waste minimization by incorporating a
smoothing ordering policy and discounting. In this
model, retailers respond to customer demand and
employ smoothing ordering and discounting policies
to optimize order levels, thereby diminishing food
waste and overall costs. Products are transported
from manufacturers to DCs via direct shipment and
routed to retailers using vehicle routing strategies to
minimize total network costs. The formulation of
this FSC network involves a two-echelon transporta-
tion problem, which integrates ordering and dis-
counting policies within the retail sector. Given the
complexity of this issue, we have developed a new
metaheuristic algorithm, SVNS. This algorithm lev-
erages directed and ordinary NSs, selected based on
a prioritization approach that assesses their effect-
iveness in prior iterations. Several experimental sce-
narios are constructed to evaluate the performance
of the proposed algorithm, and the results are
benchmarked against established methods to dem-
onstrate the efficacy and efficiency of our approach.

One Factor One Factor One Factor
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Figure 17. The plot of the discount level for total cost and desirability.



According to the results, SVNS outperforms the
benchmark methods in total cost performance meas-
ures. The optimal topology for the distribution net-
work includes situating DCs that are equidistant
from retailers. Also, analyzing retailer policies shows
that smoothing ordering and discounting signifi-
cantly impact cost and waste. The constant of
wasted products as a correction factor directly
relates to food waste and the total cost and should
be selected at a high level. Also, for this problem,
the 30% discount rate can be considered an optimal
level of discounting that can minimize total costs,
and the 40% discount rate can maximize desirabil-
ity, minimizing both total costs and wasted food
products. A direct direction for further research is
to consider the option of contracts allowing retailers
to return the products at the end of the day.
Although product prices are increased in these con-
tracts, food waste can be reduced. Also, a decision
support system can be developed for retailers to
help them systematically forecast the demand, order
to DCs, and decide about discounting.

Notes

1. https://www.tescoplc.com/.
2. https://www.paragonrouting.com/.
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