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Abstract

During the recent years, the companies in a wide range of industries have to design their | Keywords:
activities in such a way to reduce the costs. A most popular way to reduce the costs in | Cross-Dock
logistics is cross-docking. It is a strategy which is used to serve different purposes | Scheduling,
including the fast consolidation of received volume of commodities from suppliers, | Group Purchasing
improving the responsiveness by shortening delivery lead time, reducing the inventory | Strategy,
holding costs, eliminating spoilage costs of commaodities, reducing transportation costs by | Multi-Agent
employing full truck loading policy etc. The objective of this paper is to develop a mixed | Scheduling,
integer linear programming (MILP) model considering supplier selection and order | Perishable
allocation, perishability of commodities, group purchasing strategy and multi-agent | Commodities,
scheduling into the well-known vehicle routing problem with cross-docking. Some small- | Vehicle Routing
sized test instances are applied to validate the new proposed model. A weighted-sum | Problem.

method is applied to solve small-sized instances. Then sensitivity analysis of the new
proposed model is performed on the key parameters of the objective functions so that the
supply decisions are evaluated while the parameters of the distribution costs are changed.
Due to NP-hardness of the new proposed problem, two meta-heuristic algorithms
including NSGA-II and MOPSO are applied to solve a wide range of instances. The
obtained results by applying statistical hypothesis tests are compared through six different
criteria. Also, an ordering technique that is called Technique for Order of Preference by
Similarity to Ideal Solution (TOPSIS) is applied to rank the meta-heuristic approaches.

Introduction

1.1. Cross-docking

Nowadays, cross-docking is a useful logistics strategy which is used by many companies in

a wide range of industries to serve different goals including the rapidly consolidation of
shipments from suppliers, shortening delivery lead time, achieving the scale economy of
outgoing delivery means employing full truck loading policy instead of less than truck loading
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policy and at the end the reduction of total costs (Amini and Tavakkoli-Moghaddam (2016)).
Unlike traditional warehouses, in cross-docking only receiving and shipping activities occur so
that, when the customer order comes, the products will be picked and shipped to the customer
(Agustina et al. (2010)). Two review papers which presented by Agustina et al. (2010) and Van
Belle et al. (2012) show increasingly trend to subject of cross-docking. But on the other hand,
applying successfully a cross-docking is dependent on a few crucial factors including the
demand rate, shortage costs and the volume of the commaodities distributed in the supply-chain
(Apte and Viswanathan (2000)). As a matter of fact, cross-docking is a better choice when
demand rates are sufficiently predictable and stable, shortage costs are low and large volume
of commodities is supplied in the supply-chain (\Van Belle et al. (2012)). For more review on
cross-docking the researchers are referred to Nasiri et al. (2018); Boysen, and Flinder (2010).

As Van Belle et al. (2012) believe that the most important problems studied for cross-
docking are including location of cross-dock, design of layout, networks of cross-docking,
vehicle routing, assignment of dock-doors, scheduling of trucks. In addition, Stephan and
Boysen (2011) presented another categorization of considered fields at cross-docking studies
including location planning, layout planning, destination assignment, truck scheduling and
inner transport scheduling. By the way, in this section we concentrate on reviewing of papers
in which vehicle routing problem with cross-docking problems (VRPCD) have studied.
According to aspects of scheduling, Nasiri et al. (2018) categorize the papers studying the
VRPCD into the three main categories. At the first category of the reviewed papers, the authors
have concentrated on the routing and assigning aspects and have ignored the scheduling
viewpoints (for detailed study, see Alinaghian et al. (2016); Enderer et al. (2017); Nikolopoulou
etal. (2017)). Also, Nasiri et al. (2018) state at their paper that the second category of the papers
which studied by them, considered the aspect of the scheduling of the transportation process of
the VRPCD but ignored some of scheduling aspects of the operations at the cross-docking
processes such as sequencing and scheduling of the dock-door operations and the presented
problem of vehicle routing and scheduling with cross-docking called as VRSPCD (for more
study look at Yu et al. (2016); Yin and Chuang (2016); Maknoon and Laporte (2017); Grangeir
et al. (2017)). At the third category of the studied papers at the research which provided by
Nasiri et al. (2018), the authors have considered the aspects of the scheduling of both the
transportation process and the operations of the cross-docking processes of the VRPCD (for
detailed review the reader is recommended to study Yin et al. (2016); Rahbari and Nasiri
(2017); Grangier et al. (2021); Wang et al. (2017)).

There is a study in which the authors (Nasiri et al. (2018)) have considered both assignment
problem of orders and suppliers and supplier selection and order allocation problem
simultaneously. But they did not consider some of the scheduling aspects which affect the
problem.

1.2. Group purchasing

Ahmadi et al. (2018) state at their study that over the last years, many researchers have
interested to apply the concept of group purchasing in their studies at a wide research area of
industries. They also emphasis that the concept of group purchasing arises from health-care
industry where a group purchasing organization (GPO) as an entity aggregates the purchasing
order volumes of health-care providers in order to reduce the costs by profiting quantity
discounts from manufacturers and suppliers. In this paper, the cross-dock owner is considered
as a Group Purchasing Organization (GPO) to reduce supply costs through quantity discounts.
Yan et al. (2017) compare the group buying versus individual purchasing and bring many
evidences for the benefits of group purchasing. Sazvar et al. (2014) presented a mathematic
modeling of quantity discount.
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1.3. Perishability of the commodities

One of the most significant challenges in today’s food industry is managing perishability
and controlling the quality of the products throughout the supply chain (Rong et al. (2011)).
From a customer standpoint, buyers are anxious about having as much data as possible,
particularly with commodities which may have an impact on health, such as fresh and food
products that are highly perishable. In addition, goods freshness is highly associated to
consumer satisfaction and a better managing of products’ perishability may enhance
effectiveness and include some strong competitive advantages (Amorim et al. (2013)).

1.4. Multi-agent scheduling

It may happen that in a complicated problem some operations have to be measured by a
different performance criterion and the others have to be evaluated by another measure. This is
the concept of multi-agent approach. There are at least two agents in a multi-agent problem and
each of the agents is interested in a set or subset of objects and has its own performance metric.
However, all of the objects have common resources to reach the best compromise solution in
order to enhance the responsiveness (Agnetis et al. (2014)). Several fields such as Cross-
docking distribution; Rescheduling problems; Aircraft landings; Project scheduling; Railway
scheduling and Communication networks are applications of multi-agent approach (Agnetis et
al. (2014)). One of the most important applications of the multi-agent scheduling can be in
optimizing the operations at a cross-dock. Agnetis et al. (2014) state that if there are two or
more customers, one or a set of them can be as an agent and the others or all of them can be as
another agent.

1.5. Problem solving methodologies

Multi-agent scheduling problems while each of the agents has a separate cost function could
be solved in a multi-objective context applying appropriate approaches (Agnetis et al. (2014)).
Mostly, due to the NP-hard nature of these problems exact solving of real-sizes is impossible
or takes a very long time. Thus, usually approximated solution methods like meta-heuristic
approaches are applied to tackle them. According to the existing studies on literature of similar
problems at supply chain environment, several researchers are interested to use two meta-
heuristic algorithms including multi-objective particle swarm optimization (MOPSQO) and non-
dominated sorting genetic algorithm (NSGA-II) more than the others to solve the multi-
objective problems. For example, Farmand et al. (2021) state that for solving multi-objective
form of problem which they studied through 10 papers, at nine studies (it means 90 percent)
NSGA-II is only or one of the problem’s solving approaches and at six studies (60 percent) both
of two mentioned algorithms applied to solve the problems. To the best of the authors’
knowledge, because of simplicity at calculations of MOPSO and NSGA-II algorithms, great
number of researchers are interested to use them for solving the multi-objective problems.

1.6. Paper scope and outline

The most important criterion in many of supply chain papers which used to optimize the
decisions, is costs particularly costs of supplying and purchasing. On the other hand,
responsiveness and rapid distribution of the products that may be in conflict with the costs, is
the other most interesting criterion in the supply chain (Nasiri et al. (2018)). On one another
hand, managing perishability of products may have a significant role to minimize penalty costs
and to improve competitive advantages by causing good relations and better integration
between the supply chain network of organizations (Amorim et al. (2013)).

The aim of presented paper is to consider the benefits of group purchasing strategies and
managing perishability of products into the integrated problem of supplier selection and order
allocation and vehicle routing problem with cross-docking through an approach of multi-agent
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scheduling. There is a major challenging benefit from this modeling; the profits of integrated
decision making about the supply-side and distribution-side of supply chain. So, the biggest
contribution of this article is to propose a MILP model for an integrated problem of supplier
selection considering group purchasing and multi-agent scheduling of distribution the products
and managing perishability through a cross-dock in order to reduce the costs and also to enhance
the effectiveness and responsiveness of the supply chain simultaneously.

In the proposed model, applying group purchasing strategies leads to a reduction in supply
costs through quantity discounts. Additionally, managing perishability results in reduced
spoilage costs of commodities at the cross-dock and enhances the effectiveness of cross-
docking operations. On the other hand, applying multi-agent scheduling creates a trade-off
between minimizing costs and enhancing the responsiveness of the supply chain by considering
urgent deliveries.

The remainder of the paper on hand is summarized as follows. The next section describes
the new proposed problem, notations and mathematical model and analyzes the model by
applying weighted-sum method. With regards to the complexity of the problem, in section 3 we
provide two meta-heuristic algorithms to solve real-scale problems. Section 4 reports numerical
results and compares the results of the proposed solution approaches and finally in section 5 we
conclude about the study.

2. Problem illustration and modeling

In this paper the following points for the first time are added to the vehicle routing problem
with cross-docking in order to minimize the costs and to improve the responsiveness of the
model.

1. Supplier selection and allocation of order quantity of commodities to them with regards to
the price of commaodities and also, regards to the purchasing levels based on the group
purchasing strategies. This point implies the new suggested model to present a pre-
distributed model which gains the profits of post-distribution. In other words, providing
degrees of freedom in ordering each part of the demands from different suppliers shifts the
interchangeability of the commodities from the cross-dock to the supply side. this can
intrinsically include the profits of post-distribution;

2. Considering two agents which the first agent includes the customers who are interested in
the soonest delivery. And, the second agent includes customers who are concern about the
time-window of delivery. The main aim of categorizing the problem into the two agents is
improvement of responsiveness of the model by reducing the tardiness and earliness costs
and decreasing delivery time for customers who are interested in urgent deliveries;

3. Finally, the other purpose of the new suggested model is to minimize the costs associated to
the agents. They are including fixed ordering costs of a seller and purchasing price, fixed
and variable costs of using a vehicle, holding costs of commodities at cross-dock and
spoilage costs of perishable commodities.

2.1. Problem statement

The presented new model consists of a three-echelon supply chain (Ahmadizar et al. (2015))
which includes suppliers (sellers), a distributor and customers. In this model the distributor is
responsible for purchasing, transporting and dispatching services as a group purchasing
organization and also as a 3PL company. Also, the distributor as decision-maker of the proposed
supply chain owns (1) a cross-dock center at a predefined location with a set of strip doors and
another set of stack doors; (2) a vehicle parking yard at a pre-determined location which is
equipped by maintenance equipment and an expert working group; and (3) a fleet of
heterogeneous vehicles which are different with each other in terms of capacity, fixed and
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variable costs and all of them are equipped with cooling systems. When the customers make
the orders, determining the commodity type and the quantity as well as the delivery time
interval, the owner of the supply chain plans the operations in order to minimize the total costs,
including purchasing, transporting, consolidating at cross-dock, spoilage of commodities,
inventory holding and earliness/tardiness costs. The key points of problem which should be
decided about them are: (1) selection of suppliers and allocation of order quantity to them; (2)
vehicle assignment to the selected suppliers as incoming vehicles; (3) scheduling of incoming
vehicles in the pickup of commodities from suppliers; (4) incoming vehicle assignment to the
strip doors of cross-dock; (5) incoming vehicle sequencing and scheduling for unloading
operation at strip dock-doors; (6) vehicle assignment to the customers as outgoing vehicles; (7)
outgoing vehicle assignment to the stack doors of cross-dock; (8) outgoing vehicle sequencing
and scheduling for loading operation at stack dock-doors; (9) outgoing vehicle routing and
scheduling in the delivery of commaodities to the customers.

So, the new proposed problem consists of four sub-problems including (1) purchase or
supply which is associated to the key point of decision 1; (2) pickup which is related to key
points of decisions 2 and 3; (3) consolidation at cross-dock which is related to key points of
decisions 4, 5, 7 and 8; and (4) delivery to the customers which is related to key points of
decisions 6 and 9.

2.2. Assumptions

The following basic assumptions are considered at modeling of the new proposed problem:
(1) The area of vehicle parking yard and also the space of temporary storage which is located
at front of outgoing-side of cross-dock are not limited; (2) There is no limit on availability of
equipment to load the commaodities onto the vehicles at each of the suppliers and so, there is no
queue at the suppliers; (3) The price of each commodity which are offered by a supplier is
dependent on order quantity of that commodity and may differ from a supplier to another one;
(4) There is a capacity limitation of supplying each of the commodities for every supplier; (5)
The demand of a customer can be split to more than one supplier but the splitting the demand
of a customer for a commodity type is not permitted and it should be supplied by only one
supplier and also should be transported from the supplier to the cross-dock by only one
incoming vehicle (like Nasiri et al. (2018)); (6) There is a heterogeneous fleet of vehicles
equipped with cooling systems and they are used at both pickup and delivery side. All of them
are available at the beginning of the day at the vehicle parking yard and also can be used at
most one time during a planning horizon. Each of the vehicles may differ with another one in
terms of capacity, fixed and variable costs; (7) Preemption at loading or unloading process on
a vehicle is not permitted; (8) At cross-dock there are two incoming and outgoing sides and also
there are different loading or unloading equipment and the time of loading or unloading of the
same commodity at dock-doors may be different; (9) At the cross-dock some value adding
works (i.e. sorting or labeling) on commaodities is provided; (10) The time needed to changeover
the vehicles in front of the dock-doors for all vehicles is the same; (11) The moving operations
of a freight inside of the cross-dock can be started only after completely unloading of the
incoming vehicle; (12) An incoming vehicle starts the pickup route from the vehicle parking
yard and visit a supplier and then goes to the cross-dock and at the end immediately after
unloading the freight returns to the vehicle parking yard. But an outgoing vehicle starts the
delivery routes from the vehicle parking yard and then visit the cross-dock and after loading the
freight visit one or more customer(s) and at the end returns to the vehicle parking yard. Also, at
delivery side the demand of a customer should be delivered by only one outgoing vehicle; (13)
The time needed for completing whole process should be limited to the planning time horizon.
It is notable that considering variable horizons needs to add more constraints into the model
and leads to more complexity at calculations.
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2.3. Notation of new proposed model
The materials which applied to formulate the new proposed model are as followings:

2.3.1. Sets:

S set of sellers (suppliers)

B set of customers (buyers)

g @ subset of B includes a few numbers of customers who are concerning intensely to receive their order as

soon as possible

C  set of commodity types

CC asubset of C includes perishable commodity types

N  setof real vehicles

I set of strip doors

] set of stack doors

E  setof purchasing levels
2.3.2. Indices:

s index of sellers, s € S

b index of customers, b € B

c index of commaodity types, c € C

n  index of vehicles, n €{0,1,2,...,|N|,|N| + 1} where n = 0 and n = |N| + 1 are considered as dummy

vehicles

i index of strip doors, i €

j index of stack doors, j €]

e index of purchasing level, e € E
2.3.3. Parameters:

PE. unit price of commodity type ¢ from seller s at purchasing level e

PCy, unit spoilage cost of commodity type c at cross-dock

V. unit volume of commaodity type c

FCA, fixed ordering costs of seller s

CAS,.  capacity of seller s to supply commodity type c

CAV, capacity of vehicle n

FCV, fixed costs of using vehicle n

VeV, unit variable costs of vehicle n including transportation, loading, waiting, and unloading operations

[$ per min]

H, unit inventory holding costs of commaodity type c at cross-dock

TNT time needed to transfer a commodity from the strip door to the stack door at cross-dock [min]

TNC time needed to changeover a vehicle [min]

T duration of planning time horizon [min]

TRT, time needed to travel between the vehicle yard and seller s [min]

TRT, time needed to travel between the vehicle yard and cross-dock [min]

TRT, time needed to travel between the vehicle yard and customer b [min]

TRT,, time needed to travel from customer b to b" [min]

TRT,s time needed to travel between cross-dock and seller s [min]
TRT,, time needed to travel between cross-dock and customer b [min]

Lsc
Uic
L;
ch
Dbc
EPCy,
TPC,
LD,
ub,
DD,

Q¢
2.3.4.

loading time of a unit of commaodity type c at seller s [min]

unloading time of a unit of commaodity type c at strip door i of cross-dock [min]

loading time of a unit of commaodity type c at stack door j of cross-dock [min]

unloading time of a unit of commaodity type c at customer b [min]

demand size of customer b for commodity type c [unit]

penalty cost of unit earliness for customer b [$ per unit per min]

penalty cost of unit tardiness for customer b [$ per unit per min]

lower bound on the due delivery time for customer b

upper bound on the due delivery time for customer b

upper bound on the processing duration that can be tolerated by any commodity type c € CC at cross-

dock[min]

lower/upper bound on the order quantity of commodity type c at purchasing level e
Decision variables (binary):

Xispen 1S €qual to 1 when commodity type ¢ demanded by customer b is supplied by seller s and transported

by vehicle n to the strip door i of cross-dock
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ase
as
gSTl
er;
PTin
qrnn’

eoj'

pojn
q0ny’

ijn

Zpn
ZZpp'n
Zlpn
Whn
kbc

Sp

is equal to 1 when the quantity of commodity type c ordered from seller s be at purchasing level e

is equal to 1 when supplier s is used

is equal to 1 when vehicle n is assigned to supplier s

is equal to 1 when the strip door i of cross-dock is used

is equal to 1 when vehicle n is unloaded at the strip door i of cross-dock

is equal to 1 when the incoming vehicles n & n’ are unloaded at the same strip door of cross-dock and
n immediately precedes n’; ne€{0,1,2,...,|N|}and n' € {1, 2, ..., |N|, |N| + 1}

is equal to 1 when the stack door i of cross-dock is used

is equal to 1 when vehicle n is loaded at the stack door j of cross-dock

is equal to 1 when the outgoing vehicles n & n' are loaded at the same stack door of cross-dock and n
immediately precedes n’; n €{0,1,2, ...,|N|}and n’ € {1, 2, ..., |N|, [N| + 1}

is equal to 1 when vehicle n delivered the demand of customer b through the stack door j of cross-
dock

is equal to 1 when vehicle n passed from customer b at first

is equal to 1 when vehicle n passed from customer b’ immediately after customer b

is equal to 1 when vehicle n passed from customer b at the end

is equal to 1 when incoming vehicle n picked up any commodity ordered by customer b

is equal to 1 when processing duration of commaodity type c at cross-dock exceeds DD,

is equal to 1 when Y. k;,. > 0 for the customer b

2.3.5. Decision variables (positive):

dtp,
atpy,
atagy,
atry,
ato,,
dto,
atdy,
dtcb
athC
eatb
tat,

the moment when vehicle n departs from the vehicle yard

the moment when vehicle n arrives at the vehicle yard

the moment when incoming vehicle n arrives at seller s

the moment when incoming vehicle n arrives at the cross-dock
the moment when outgoing vehicle n arrives at the cross-dock
the moment when outgoing vehicle n departs from the cross-dock
the moment when outgoing vehicle n arrives at customer b

the moment when order of customer b departs from cross-dock
the moment when commodity type c ordered by customer b arrives at cross-dock
earliness time at customer b

tardiness time at customer b

2.4. Mathematic

Cost functions associated to each of the agents and the constraints of the new proposed model
are presented as followings. Considering these objective functions at the new proposed model,
makes a trade-off between minimizing costs for first agent (urgent deliveries) and second agent
(time-window-sensitive deliveries).

2.4.1. Cost functions:
Minimize of; = ofi; + ofi, + 0fi3 + 0f14 + 0f1s + 0f16 + 0f17

Ofll = Z Z Z PicDbc xisbcnaic

0f12 =

0f13 =

S,C e i,beBBn

Z Xishen (FCAS + FCV, + VCVn(atpn - dtpn))/ Z Xishen

i,s,beBB,c,n i,s,ben

Z yjbn(FCVn + VCVn(atpn - dtpn))/z Yibn

Jj,beBBn j.bn

0f14 =

H.D,,. (dtcb - atcbc)

beBB,c

0f1s = Z

TPC,D,.tat,

beBB,c

0f16 =

Z PCbc kbc

beBB,ceCC

of17 =

Z atd,,

beBBn
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The first cost function which is named of; is related to the customers who are concerning
intensely to receive their order as soon as possible (as first agent). In other words, this function
calculates the costs that related to the customers who are a member of subset {BB}.

The cost components of of; are described as follows:

The first term (of;,) calculates purchasing costs. The components of second term
(of;2) calculate costs of supplier selection and also compute the fixed and variable costs of using
the incoming vehicles to transfer the orders from suppliers to cross-dock. The variable costs of
using the incoming vehicles are including the total time when they depart from the vehicle yard
until they go back to there. The third term (of,5) measures the fixed and variable costs of
outgoing vehicles to transfer the demands of customers to deliver them. Also, at this term the
variable costs of using the outgoing vehicles are including the total time when they depart from
the vehicle yard until they go back to there. The fourth term (of,,) computes the holding costs
of commodities at the temporary storage which is located at front of stack doors of cross-dock.
The fifth term (of;5) of first cost function describes tardiness penalty costs of delivery of the
demands to the customers. The sixth term (of;¢) measures the spoilage costs of commodities
which may be spoiled at cross-dock. And the last term (of;,) calculates the moment of delivering
the demand of the customers who are interested in soonest delivery.

Minimize of, =ofy; + 0f;; + 0f23 + 0f24 + 0f25 + 0f26 + 0f27

szl = Z Z Z PicDbc xisbcnaic

s,c e i,beB\BBn

Of22 = Z Xisben (FCAS + FCVn + VCVn(atpn - dtpn)) / Z Xisben

i,5,beB\BB,c,n i,s,b,cn

0f ;3= D Vin(FCV+VCV(atp, = dtp,)) | yiom
Jj,beB\BB,n j,bn

Of24 = z HcDbc(dth - atcbc)
beB\BB,c

0fys = Z TPC,D,tat,
beB\BB,c

0f26 = Z PCbc kbc
beB\BB,ceCC

0f27 = Z EPC,Djeat, (1 - ky.)

be{B\BB},c

The second cost function which is named of; is related to the customers who are concerned
about lower-bound of delivery time and also are a member of subset {B\BB} (as second agent).

The cost components of of; are described as follows:

The first term (of,,) computes purchasing price. The second term (of,,) calculates costs of
supplier selection and also computes the fixed and variable costs of using the incoming vehicles.
The third term (of,5;) measures the fixed and variable costs of outgoing vehicles to deliver the
demands of customers. The fourth term (of,,) computes the holding costs of commaodities at the
temporary storage which is located at front of stack doors of cross-dock. The fifth term of first
cost function (of,s) calculates tardiness penalty costs of delivery of the demands to the
customers. The sixth term (of,¢) computes the spoilage costs of commaodities which may be
spoiled at cross-dock. And the last term (of,,) describes earliness penalty costs of demand
delivery to the included customers.

2.4.2. Constraints on supply-side of commodities:

Z Xispen = 1 Vb,c if Dy, #0 1)

isn



Advances in Industrial Engineering, June 2026, 60(1): 1-29

9
D Diexispen < CASsea Vs, @
i,b,n
0qsc = Z DycXispen Vs, c (3)
i,bn
as < Z Xisben Vs (4)

i,b,cn

Constraint (1) indicates that each of the demanded commaodity types must be supplied only
by one supplier and picked up only by one vehicle and splitting the demand of a commodity
type is not permitted to avoid operational complexity and also quality issues. Equation (2)
describes the capacity limitation of each supplier for each commodity type. Constraint (3)
determines the order quantity of each commodity type from each supplier and equations (2) and
(4) state if a supplier is used.

2.4.3. Constraints on pickup of commaodities:

Z VcDbcxisbcn < CAVI’l Z Isn Vn (5)
i,s,b,c N

Z Xisbcn S M X Isn A"/ s,n (6)
i,b,c

Isn < Z Xisben Vs,n (7)

i,b,c

ngn-l‘ZanSl Vn (8)
N b

Z Isn <1 Vs (9)
n

atag, <M X gsp, Vs,n (10)
atag, = dtp, + TRT, — M(1 — gs,) Vs,n (11)

Constraint (5) limits the loading of the incoming vehicles to their capacity. Equations (6)
and (7) and (9) guarantee that only an individual incoming vehicle can pick up the commodities
from a supplier only if the vehicle visits that supplier. Constraint (8) determines that each
vehicle can be assigned at most to one supplier or customer at the beginning of its tour. Equation
(10) describes the relationship between the scheduling and assignment decisions in the pickup-
side and constraint (11) determines the departure time of the incoming vehicles from the parking
yard and schedules the arrival of them at the suppliers.

2.4.4. Constraints on strip doors:

Z PTin = Z Ysn Vn (12)
i s

Z Xisbcn <M X PTin A i, n (13)

s,b,c

prip < Z Xisbcn Vi,n (14)
s,b,c

Z Prin <M Xer; Vi (15)

n

er; < Z PTin Vi (16)
n

QT — 1 < priyy —priy <1 —qrpy Vin,n' (n#n") 17)

qrp'n = Z PTin Vn (18)

n'=0,...,|N|(n'#n) i
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QTan' = z PTin Vn (19)
i

n'e{1,..,IN|+1}(n'#n)

o, = Z er, (20)

n i
Z Arn(n|+1) = Z er; (21)
n

L
qTon + qTon’ + Plin + 1y’ < 3 Vinn'(m e{l,..,|N|+1},n#n") (22)
atr, <M X z PTin vn (23)
i
atr, = atag, + Z LgcDpeXishen + TRTos — M (1 - Z prin> Vs,n (24)
ib,c i
atr,' = atr, + Z UicDpcXispen + TNC — M(l - qrnnr) Van' (n#n) (25)

i,s,b,c

Constraint (12) with equations (8), (13) and (14) integrate the assignment of the vehicles to
the selected suppliers and also to the strip doors. Constraints (15) and (16) state which strip
doors of the cross-dock are used. Equation (17) ensures if an incoming vehicle be immediately
subsequence of another vehicle they must be processed at the same strip door. Constraints (18)
and (19) ensure each real incoming vehicle precedes exactly one real or dummy incoming
vehicle and follows exactly one another real or dummy incoming vehicle. Equations (20), (21)
and (22) determine the dummy vehicles ‘0’ and ‘N+1’ to be respectively the 1% and the last
incoming vehicles at each used strip door. Constraints (23) and (24) determine the departure
time of the incoming vehicle from the visited supplier and schedule the loading and arrival of
them at the strip door. Constraint (25) describes that the arrival time of an incoming vehicle
which follows another incoming vehicle at a same strip door must be at least equal to or larger
than arrival time of the preceding vehicle in addition its unloading time plus the changeover
time of the vehicles.

2.4.5. Constraints on stack doors:

Zpn < Op Vb,n (26)
Z pOjn = Z Zpn Vn (27)
j b
Z Yipn S M X poj, Vjn (28)
b
Pojn = Z Yjbn Vj,n (29)
b
Z pojn, < M X eo; v (30)
n
n
40y, — 1< poj, — poj, < 1—-qo,, Vjnn' (n#n') (32)
qQopy = Z POjn Vn (33)

n'e{0,...IN[}(n'#n)

j
Q= ) POy vn (34)
n'e{1,..,IN|+1}(n'#n) j
Z q0on = Z €o; (35)
n j
Z qon(IN|+1) = Z eo; (36)

n j

qOon + q0gy + POjn + pojy <3 Vinn'(n' e{l, .. IN|+1}n=n") (37)
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ato, +dto, < M X Z POjn Vn (38)
ato, = dtp, + TRT, — M (1 - Zpojn> Vn (39)
J
ato,’ = dto, + TNC — M(l — qonn') Vnn' (n#n') (40)
dton = ato, + Z(yjbn z chDbc) Vj, n (41)
b c

Z Xisben < M X Wpy Vbn (42)
i,s,c

Wpn < Z Xisben A4 b, n (43)

i,s,c
atop = atry + Z UicDocXispen Vjpn + TNT — M(2 — wpyy
Lishen Vbnn (n#n) (44)
- Z ijn)
J

Constraint (26) implies if all commodities ordered by a customer spoiled no outgoing vehicle
would assign to that. Equation (27) with constraints (8), (28) and (29) integrate the assignment
of the vehicles to the customers and also to the stack doors. Equations (30) and (31) state which
stack doors of the cross-dock are used. Constraint (32) ensures if an outgoing vehicle be
immediately subsequence of another vehicle they must be processed at the same stack door.
Equations (33) and (34) ensure each real outgoing vehicle precedes exactly one real or dummy
outgoing vehicle and follows exactly one another real or dummy outgoing vehicle. Constraints
(35), (36) and (37) determine the dummy vehicles ‘0’ and ‘N+1’ to be respectively the 1st and
the last outgoing vehicles at each used stack door. Equations (38), (39), (40) and (41) determine
the departure time of the outgoing vehicles from the cross-dock and schedule the loading and
arrival of them at the stack door and also ensure that the arrival time of an outgoing vehicle
which follows another outgoing vehicle at a same stack door must be at least equal to or larger
than arrival time of the preceding vehicle in addition its loading time plus the changeover time
of the vehicles. Equations (42) and (43) ensure that the all commaodities ordered by any of the
customers are picked up from the suppliers by one of the incoming vehicles. Constraint (44)
connects the arrival time of an outgoing vehicle at the cross-dock to the arrival time of an
incoming vehicle if any of the commodities is transferred between them.

2.4.6. Constraints on cross-dock:

atcy. < atr, + z UicDpcXispen + M (1 — z Xisben) Vb,cn (45)
is i,s

atcpe < M X Z Xisbcn Vb, c (46)
isn

dth <MX Z YVibn Vb (47)
jn

dtc, = dto, — M (1 - Zy]-bn> Vbn (48)

J

kp.=0 V b,ce{C\CC} (49)

(dtcy, — atcp.) — DD, < M X ky, Vb,ceCC (50)

(dtc, — atcy,) — DD, = M (k. — 1) Vb,ceCC (51)

Equations (45), (46), (47) and (48) describe the arrival and departure times for each
commodity type which ordered by each customer to measure the holding time of them in the
temporary storage of the cross-dock. Constraints (49), (50) and (51) determine whether each of
the commodities is spoiled at cross-dock.
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2.4.7. Constraints on delivery-side:

Z(l —kpc) =6 Vb (52)
Z(l —kpc) S M X5, Vb (53)
z Yipn = 6p Vb (54)
jn

Z Xisben = M <Z Yibn +1- 6b> Vb (55)
. e
Z Yibn = Z Xisbcn Vb (56)

i,s,cn

Z(Z VoDpe(1 = kpe) X Z Vion) < CAV, ) 2 Va 57)

b

Z yjbn = (an Z ZZb'bn) V b: n (58)
b'(b'#b)

Zpn + Z ZZp'pn = Z Yjpn Vb,n (59)
b'(b'#b) J

Z ZZypn S Z Vn (60)
b,b'(b'#b) b
Zpn t Z ZZppn = Z ZZyp'y + Zlpn Vbn (61)

b'(b'#b) b'(b'#b)
atdbn =M <an + Z ZZp'pn V b:n (62)
b'(b'#b)
atdy, = dto, + TRTy, — M| 2 — z,,, — Z pojn> Vbn (63)
j
atd,r, = atdy, + Z(y]bn Z UpcDpc) + TRT ppr — M(1 = 221) V b,b'(b" # b),n (64)
tat, = atdy, — UDb Vb,n (65)
eat, = LD, — atd,, — M (1 - Zyjb"> Vb,n (66)
Jj
atp, + dtp, < M <Z Gon + z zbn> Vn (67)
atp, = atr, + Z UicDyeXispen + Z TRTyprin Vn (68)
i,s,b,c
atpn > atdbn + Z UbCDbC + TRTb - M(l - Zlbn) \v4 b’n (69)
c

atp, <T Vn (70)

Equations (52) and (53) ensures if all commodities ordered by customer b spoiled then 6,
would be 0. Constraint (54) determines if at least one of the commodities ordered by a customer
not to be spoiled at the cross-dock then only one outgoing vehicle must be assigned to deliver
its demand from one stack door. Equations (55) and (56) integrate the assignment decisions for
each customer in the pickup and distribution sides. Constraint (57) limits the loading of the
outgoing vehicles to their capacity. Equations (58) and (59) state that an outgoing vehicle can
deliver commaodities to a customer only if the vehicle visits that customer. Constraints (60) and
(61) determine the routing of the outgoing vehicles. Constraints (62), (63) and (64) describe the
arrival time of the outgoing vehicles at customers and the unloading of them at delivering
process. constraint (64) is sub-tour elimination. Equations (65) and (66) measure the earliness



Advances in Industrial Engineering, June 2026, 60(1): 1-29
13

and tardiness of the demand delivery for each customer. Constraints (67) limits the arrival and
departure times of the vehicles at or from parking yard. Equations (69) and (70) compute the
arrival times of the vehicles at the parking yard as an incoming or outgoing vehicle. Constraint
(70) ensures that the all of the operations must be done within the planning horizon time.

2.4.8. Group purchasing constraints:

P = Q¢ < 0qsc < Q2
Vs,ce (71)

e —
Py =

P& = QF < 0qsc < Q2
P% = Q¢ < 0qsc < QFH

Constraint (71) determines based on the group purchasing strategies that the order quantity
assigned to a selected supplier stands at which purchasing level.

It is worth mentioning that the integrating of group purchasing strategies (equation 71) and
managing perishability of the commodities (constraints 49-51) into the model is one of the
novelties of this paper and these features differentiate the new proposed model from VRPCD
model which presented by Nasiri et al. (2018).

As observed above, the new proposed model is non-linear since some variables are
multiplied in objective functions and also in equations (44) and (57). Additionally, constraint
(71) is a non-linear equation. Thus, at appendix we defined auxiliary variables to linearize the
objective functions and mentioned equations.

2.5. Validation and verification of the new proposed model
A small-sized instance which could be solved optimally during a logical time is considered
to validate the new proposed model. The detailed figures are showed at table 1 by table 5.

Table 1. supplier information of the test instance

Psec Lsc CASSC
e,c c c
S FCA; TRT; TRTy 1,1 1,2 2,1 2,2 1 2 1 2
1 28 2040 1560 33 60 30 59 2 1 90 108
2 5 2520 2640 25 53 22 51 2 2 128 86
3 26 1260 1980 30 57 27 56 1 1 116 96
Table 2. customer information of the test instance
TRT PCpc Upc
b’ c c
b EPC, TPC, LD, UD, TRT, TRTy, 1 2 3 1 1 1 2
1 2 1 4500 7500 2400 1320 - 840 480 - 65 1 1
2 0 10 4500 7500 2520 1440 840 - 480 - 55 1 2
3 3 1 4500 7500 2880 1800 480 480 - - 25 1 1
Table 3. commodity information of the test instance
Uic ch Qg Dbc
i j e b
c V. H, DD, 1 1 1 2 3 1 2 3
1 1 2 - 2 1 0 45 100000 36 43 43
2 0.75 6 2700 1 2 0 45 100000 22 33 23

Table 4. vehicles information of the test instance

n 1 2 3 4 5
CAV, 227 180 177 168 173
FCV, 93 31 28 21 26

Ve, 2 7 7 5 6
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Table 5. cross-dock and planning horizon information of the test instance

TNT 240

TNC 180

TRT, 1080
T 43200

Agnetis et al. (2014) presented a few solution approaches for multi-agent problems such as
linear combination of criteria which called as weighted-sum method. So, the presented MILP
model and its linear combination of cost functions is coded in GAMS 25.1 and solved applying
CPLEX on PC ASUS Core i5, 3.1 GHs with 8GB RAM. the model is run 10386.50 seconds by
GAMS 25.1 until to obtain the optimal solution for weighted-sum objective which includes
145606 as optimal costs of first agent (of;) and 347746 as optimal costs of second agent (of>).
Fig. 1 is an illustration of an optimal pareto solution for the mentioned test instance.

Also, the optimal solution includes 8164 as supply costs, 106231 as transportation costs by
vehicles, no spoilage costs, 373436 as holding costs of commodities at cross-dock and 5521 as
earliness and tardiness penalty costs. Two vehicles (n, and ng) are used to pick up the
commodities from selected suppliers (s; and s3) and transfer them toward the cross-dock. Also,
two vehicles (n, and n3) are used to deliver the demands of customers. We suppose the
planning horizon from 7:00 to 19:00 o’clock.

»>— B
TRT(O,p(2))=24' n(1) 08:32:01 ,i
vy oh_
b2 TRT(0,b(1)=14'
| s ) B *
n(1) 08:33:50
TRT(0,5(3))=33—————pp———— E:@ @ﬁ Qg;
n(l) 08:08:01 .
5\ n(s) 07 56:22 Cross-dock “ sy n(1) 08: -50
TRT(0,5(1)=26 b(3)= )
(050)=26——pp—— E:@ 77 | . ?ﬁf
n(4) 08:02:22 n(3) 08:12:30 — ]
N/ A o G
| = N "(5) . n(4)0804 “ e 08 oL n(3) 08:420 n(1) 08:48:48
&) g€
g n(5) 07:23:22 n(1) 08:04:52 '@%J]
D(b1c2,b2) 0
n(5) 07:21:41 b(3)
] n(3) 08:43:36
| ¢
(0)=18
n(4) 07:36:22 (e
g D(bicl, b3) TRT(O) 18
n(4) 07:34:00
VN ¥
A
NA
¥
53 I
g n(4) 08:22:44 g n(3) 07:53:01
n(5) 08:17:22 n(1) 07:46:52
TRT(s(1))=34 [ H H H
TRT(s(3)=21 Vehicle yard TRI(K3)=48'
s(3))=21"
—&&—d ] d g 4 @—Q TRT((1)=40
n(4)07:00:00 — N R @ n(3) 09:31:36
« 0 il dJ — &3 «
n(5) 07:00:41 n@ e n(1) 09:28:48

Figure 1. illustration of an optimal solution for the small-sized test instance

On the other hand, the optimal values of two objective functions which are obtained by
GAMS 25.1, are normalized such that Fig. 2 shows the behavior of objective functions
associated to the agents are not consistent and must be considered separately. On the other hand,
Fig. 3 depicts that the CPU-time of instances which are solvable by weighted-sum method
increases exponentially when the size of instances enlarges.
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Figure 2. variation of the normalized objective Figure 3. CPU-Time of weighted-sum method

functions related to agents

2.6. Sensitivity analysis

Sensitivity analysis is performed for evaluating the effects of variation of the parameters. At
first step, we perform the sensitivity analysis on fixed and variable parameters which are fixed
and variable cost coefficients of the cost functions and then we examine the effects of variation
of above-mentioned parameters on weighted combination of dual objective functions which is
named ofr. At this stage, we consider five levels of variability which are {0.1, 0.3, 0.5, 0.7,
1.0}

The results of analysis on fixed cost coefficients displayed at Fig. 4, show that the behavior
of the new proposed model on the variation of the ordering costs of the suppliers is not regular
and the variation of of; is less than five percent and also the sensitivity of the new proposed
model on variation of the fixed costs of using the vehicles is less than 1.5 percent and is not
meaningful.

On the other hand, the results of analysis on variable cost coefficients displayed at Fig. 5,
show when PZ. increases, the total objective function of; increases at most 3.5 percent. It shows
that when the price of commaodities rises up the model selects the suppliers which are far from
the cross-dock but cheaper than the others. Also, the results show when the holding costs
increase, the of; increases also. The results show when the spoilage costs of perishable
commodities increase 10 percent, the of; decrease about 42% and more increasing of PCj,. has
no significant effect on of;. Increasing of the variable costs of vehicles effects the of;- regularly
at most about 20 percent. The effects of increasing of earliness and tardiness penalty costs are
increasingly on the ofr.

At second stage of sensitivity analysis, we apportion the cost coefficients of the objective
functions into two parts. The first part of coefficients is named as supply costs and the second
part of coefficients is named as distribution costs. We analyze if the most effective coefficients
of part two changed how the supply decisions would make. We consider six levels of variability
which are {-1.0, 0.0, 1.0, 2.0, 3.0, 4.0}. The results which are depicted at Fig. 6, show that for
the lower levels of variability of distribution costs, the fixed and variable costs of using vehicles
effect the supply decisions more than the others but for the higher levels of variability the
holding and spoilage costs of commodities effect the supply decisions more. So, obtained
results show the significance of managing perishability on cost reduction of supply chain. In
addition, more investigation about the results displayed at Fig. 7, shows for the lower levels of
variability of distribution costs the cheaper suppliers with regards to the group purchasing
strategies are selected and for the higher levels would be vice versa. These results prove the
specific benefits of group purchasing such as cost reduction at decisions of supply chain
management.
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Figure 4. variability effects of fixed costs of using Figure 5. variability effects of variable cost
vehicles and suppliers coefficients

Totally, these results prove the profits of considering mentioned strategies into the multi-
agent problem of supplier selection and vehicle routing with cross-docking through integrated
decision making about the supply-side and distribution-side of supply chain. Finally,
considering these strategies leads to cost reduction and enhancement of responsiveness for end
consumers and businesses.
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= 7
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2 7400 I 500
£ 150000 " / =
= 2 / 2
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0 1 0 L ) s . Uy 200 commodity
) El 0 1 2 3 4 type 2
variability level of distribution costs variability level
Figure 6. variability effects of distribution Figure 7. variability effects of distribution costs on
costs on totally costs supply costs and commodity prices

2.7. Challenges of solving the new proposed model

There are some challenges in solving the new proposed model including NP-hardness of the
problem due to two-agent scheduling and their associated different objectives. Additionally,
integrating constraints related to managing perishability and group purchasing strategies into
the model makes its complexity more. As mentioned before, solving these problems at real
scales is a very long time-consuming operation as showed at Fig. 3. So, to address these
challenges two meta-heuristic algorithms are proposed to solve the problem at real sizes.

3. Solution approach and methodology

Generally, methodologies for solving multi agent problems are same approaches applying to
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solve multi-objective problems. In traditional approaches, there are some methodologies to
obtain solution for multi-objective instances such as weighted-sum method which compose all
the objectives into a single function and the other approach is to determine one of the objectives
as a core objective and consider the others as constraints. But both of the above-mentioned
approaches may have some difficulties.

So, for the sake of NP-hardness of the real-sized instances, two meta-heuristic approaches
including Non-dominated Sorting Genetic Algorithm which is named NSGA-II and Multi
Objective Particle Swarm Optimization which is called MOPSO are applied to solve the new
proposed model.

These approaches are used to determine the best or optimum solutions for multi agent (as
objective) instances where there is not any single solution for all agents. In multi-agent
instances, that’s possible to generate a set of non-dominated solutions where each solution is
not better than the others (Azadeh et al. (2017)). In other words, when a feasible solution $ is
called non-dominated, that means there is not another feasible solution better than § in one or
more objective functions without worsening the others (Ehrgott (2005)). Ranking of the
solutions in meta-heuristic multi-agent (objective) algorithms is based on the non-dominated
Pareto fronts. Where the ranking of a set of non-dominated solutions is equal to 1, it’s called as
F1. While the solutions of F1 are eliminated, the ranking of the remaining non-dominated
solutions is equal 2 and are called F2. While the solutions of F2 are eliminated as well as F1,
ranks of the remaining non-dominated solutions are equal to 3 and are called F3. Iteration of
this process should be done until the ranks of all sets of solutions are determined.

3.1. NSGA-II

Non-dominated Sorting Genetic Algorithm as an evolutionary algorithm firstly presented by
Deb (2001) for solving multi-objective optimization problems and then the well-known Non-
dominated Sorting Genetic Algorithm 11 presented by Deb et al. (2000) and for the sake of its
simplicity, good convergence and diversity, it has been under attention of much researchers to
solve a wide range of multi-objective optimization problems. NSGA-II is a population-based
algorithm that implements functions like chromosomes. This approach needs a set of solutions
as the initial population to start and based on the inheritance of the algorithm, the past data is
extracted to use in the searching procedure. In this paper, a chromosome is a string of mixed
integer and binary numbers that are called genes. Firstly, initial population of chromosomes are
randomly generated and then in each iteration, a new offsprings (chromosome) are generated
by the operators of NSGA-I1I algorithm which are called crossover and mutation. At crossover
process, the parents randomly are selected with a predefined rate (input parameter of NSGA-
I1) and then the proposed operator (uniform permutation) is applied. After doing the crossover
operation, the mutation process is employed with a predetermined parameter. This operation is
applied in order to increase the diversity of the solutions and to avoid being trapped into a local
optimum. In this paper, we randomly use three different mutation operators (i.e. swap, inversion
and insertion).

Then, evaluation of new generated chromosomes is done and by qualification and selection
procedures more chromosomes are selected until their population size would be same as the
initial population. Then, the next generation of the offsprings by transferring selected
chromosomes would be generated and in this process the algorithm converges to the
chromosomes that are representations of possible optimum or sub-optimal solutions. Also, in
this article, we use crowding-distance (CD) as another criterion to sort the non-dominated
solutions with the same rank. The Eq. (72) calculates CD, where s;_;, s; and s;,, are
consecutive members of non-dominated solutions set. Also, of;(s;) and of,(s;) are
respectively the values of cost functions associated to the first and the second agents of the
point i of non-dominated solutions set. of;™%*, of,*** and of{™™, of,"" are respectively the
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maximum and minimum values of the first and second objective functions on Pareto front.

_ of1(sis1) — 0fi(si-1) | 0f2(sip1) — 0f2(Si—1)

CD; ofnax — Oflmin ofmax — szmin (72)
Start
Problem Definition: Instance Parameters and Modeling, Cost Function of each Agent
1. Input:
a. Population Size (nPop),
b. it (iteration) = 0,
¢.  Maximum Number of Iterations (MaxIt),
d. Crossover Probability,
e. Mutation Probability,
f.  Selection Pressure.

%% Initialization
Initialize the Population randomly as Starting Solutions
Calculate the Value of each Agent Objective
Implement Non-Dominated Sorting and Calculate Crowding Distance
Store Non-Dominated Solutions as F1
%% Main Loop
For it < = MaxlIt
Perform the Crossover and Create New-Generation
Perform the Mutation on new-Generation
9. Merge the Parents and new-Generations
10. Implement Non-Dominated Sorting and Calculate Crowding Distance
11. Update the Solutions of F1
12. it=it+1
13. End
14. Report Cost Functions and Plot F1
End

@ 5S> @9 D

© N

Figure 8. pseudo-code of NSGA-II

To the best of the authors’ knowledge, it is notable that if neighborhood search is only
implemented on the members of non-dominated solutions set, CPU-time will be decreased
without any change in the quality of solutions. Therefore, we done the operations of crossover
and mutation only on non-dominated solutions so that a high-quality solution with the greater
CD has a higher chance to be selected for the next generation or even for the next non-
dominated solutions set.

3.2. MOPSO

Multi objective particle swarm optimization is one of the most well-known evolutionary
algorithms which is developed based on birds’ social behavior (Azadeh et al. (2017)). Usually,
in this algorithm the initial population are randomly generated and a velocity is calculated as
following Eq. (73) for each of initial solutions. According to a solution’s velocity and its
distance from the best position in the personal memory and also its distance from the best global
founded solutions, a new velocity and position are determined for the solution respectively by
the equations (73) and (74). If the calculated position dominates the best position in the personal
memory, it will be replaced by the new position, otherwise, the new position will be selected
between them randomly (equations (75) and (76)).

Notations of the algorithm are: (1) s; shows the current position of the particle, (2)
vel; indicates the velocity of the particle; 3) pPest denotes the best personal memory; (@)

gPest represents the best position founded by the leader particles; (5)

n} and n}, are random numbers which are selected from set {0,1}; (6) w is the weight of inertia; (7)
¢, and c, are acceleration values.
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Start
Problem Definition: Instance Modeling and Parameters, Cost Function of each Agent
1. Input:
Population Size (nPop),
it (iteration) = 0,
Maximum Number of Iterations (MaxIt),
Repository Size (nRep),
Personal Learning Coefficient (c1),
Global Learning Coefficient (c2),
Mutation Rate (mu),
Leader Selection Pressure (beta),
. Velocity Limits (VelMax & VelMin).
%% Initialization
Initialize the Swarm randomly (position & velocity) as Starting Solutions
Calculate the Value of each Agent Objective
Store Personal Best Solutions
Implement Domination Process
Store Non-Dominated Particles as rep
%% Main Loop
7. Forit <= Maxlt

~Semeoo0 o

2D Gl = (D [

8. Select Leader

9. Update position and velocity

10. Implement Evaluation of Cost Functions
11. Apply the Mutation

12. Add Non-Dominated Particles to rep

13. Implement Domination Process and Update rep
14. if number of rep Members > nRep

15. Apply Deletion One Member of rep
16. End if

17. it=it+1

18. End For

19. Report Cost Functions and Plot rep

End

Figure 9. pseudo-code of MOPSO

In the proposed MOPSO algorithm the set of non-dominated solutions considers as the
leader particles. As Eqg. (73) shows, while the set of non-dominated solutions has several
members, for each particle only one leader should be selected. Similar to NSGA-II algorithm
we use the CD index to select the leader of each particle. On the other hand, if the number of
non-dominated solutions set exceeds the size of archive, the non-dominated solutions with the
lowest values of CD will be eliminated by the algorithm.

vel;(t) = w * vel;(t) + cyn{p?® (t — 1) — s;(t — D)} + c,nb{gP* (¢ — 1) — 5;(t — 1)} (73)
si(t) = s;(t—1) +vel;(t) (74)
pret(t) = pPet(t — 1) if of (si()) = of (P (t — 1)) (75)
pret(t) = si(t) if of (s;(t)) < of (pP***(t — 1)) (76)

4. Computational results

To evaluate the proposed algorithms, ten different numerical test instances based on Nasiri et
al. (2018) at every eighteen different sizes are generated and each test instances is solved several
times by each algorithm to increase the evaluation accuracy.

The table 6 shows the detailed characteristics of test instances. At every row (group), ten
different test instances are created with dissimilar number of strip and stack doors.

Also, to indicate the applicability of the meta-heuristic approaches, a Weighted-Sum Method
(WSM) which is coded in GAMS 25.1 is applied to solve some small-sized test instances. Then,
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they are solved by applying the proposed meta-heuristic algorithms and the performance of
solving approaches are compared with each other according to six criteria as following to be
explained.

1. The number of Pareto optimal solutions (NPS) which the larger value of this criterion shows
the more variability of the Pareto optimal solutions.

Table 6. General Specifications of Test Instances

Instance Group Number of: Number of Solving
Number Suppliers Buyers Commodities ~ Vehicles  Strip & Stack Doors Replications
1 2 2 2 3 e{1,2} 12
2 2 2 3 4 e{1, 2} 12
3 3 3 3 5 ef1, 2} 12
4 3 4 4 5 e{1, 2} 12
5 4 4 5 6 ef1, 2} 12
6 4 5 6 6 ef1, 2} 12
7 5 6 7 7 e{2,3} 8
8 5 6 8 8 e{2,3} 8
9 6 7 9 10 €{2,3} 8
10 6 8 10 11 e{2,3} 8
11 7 9 11 13 €{2,3} 8
12 7 10 12 15 e{2,3} 8
13 8 11 13 16 €{3,4} 5
14 8 11 14 17 €{3,4} 5
15 9 12 15 19 €{3,4} 5
16 9 13 16 20 €{3,4} 5
17 10 14 17 22 € {3, 4} 5
18 10 15 18 24 €{3,4} 5

2. The CPU-time that indicates the time left to solve an instance and the lower value of it is
preferable.

3. The spacing criterion (S) which is used to measure uniformly distribution of the Pareto
solutions and is defined as Eq. (77). The Pareto solutions with lower values of this criterion are
distributed uniformly in comparison to the larger values.

S = ?:Pf(ﬁ — dsc;)? (77)
NPS —1

dsc; indicates the distance by the i-th closest optimal solution which is determined by Eq. (78).
dsc; = jarrrlgr}ﬂ{lt)fl(si) — 0fa(s)| + [ofa(si) = ofa (5]} (78)

4. The diversity (D) of the Pareto solution that the larger values of this criterion are preferable
and is calculated by Eqg. (79).

D= Z max{|ofi(s)) = ofi(s))} (79)
=1

5. The quality of the Pareto solutions which is the most important metric to compare the
performance of algorithms that are used to solve multi-agent problems, cannot be calculated
individually. Consider s; and s; are two sets of solutions that are specified to compare with each
other. First of all, C(s;, s;) and also C(s;, s;) should be indicated by Eq. (80). Then, the Q(s;, s;)
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is defined as quality index of s; versus s; and is calculated by Eq. (81). Q(s;,s;) would be a
ratio between 0 and 1 in which Q(s;,s;) + Q(s;,s;) = 1 and if Q(s;, s;) > Q(sj, s;), it means
that the quality of solution s; is higher than s;.

the quantity of members of s; dominated by members of s;

Csisp) = (80)

the quantity of members of s;

C(si,si)
Qsus)) = ! /C(sl-, sp) + C(sjosi) o

6. Mean ideal distance (MID) of a Pareto solution which is a metric to indicate the distance
between the solutions of a generation and the best member of it (Saraafha et al. (2015)). The
lower values of MID are preferable and is calculated by Eq. (82).

NPS

MID = 1 Z(Oflz" + of}) (82)

NPS

i=1

All of the test instances are solved by applying the meta-heuristic approaches which are
coded in MATLAB R2019b on PC ASUS Core 15, 3.1 GHz with 8GB RAM and the obtained
results compared according to the explained six indices.

It is obvious that the proper combination of controllable parameters of meta-heuristic
approaches has a significant impact on the performance of the algorithms. So, in this paper by
applying Taguchi approach which is a robust method for design of experiments, optimum
combination of parameters of meta-heuristic algorithms are determined.

With regards to the number of parameters (at maximum seven factors) which must be
determined optimally and considering three levels for each parameter, the appropriate number
of experiments based on orthogonal arrays would be 27 (L27). Combination of the parameters
is according table 7. Six different test instances randomly are chosen. To choose test instances,
six integer numbers are created randomly at intervals (1-3), (4-6), (7-9), (10-12), (13-15), and
(16-18), so that at every interval should be selected one number. Then according to the selected
number, test instances are chosen from table 6 (at every group, one instance). Each test instance
is being solved five times to yield more reliable results. The mean of the results obtained from
five times solving of each test instance is considered as the result of solving that instance. Five
indices including NPS, CPU-time, spacing (S), diversity (D) and MID are applied to measure
the performance of obtained results at each Taguchi experiment. At each experiment, the
obtained results of above-mentioned performance indices should be transformed to relative
deviation index (RDI) which is calculated by Eqg. (83).
_ Algorithmpe‘rformance - Algorithngi;ormance

- : maximum
A lg Orlthmpe‘rformance

RDI (83)

minimum
performance

— Algorithm

Algorithmyerformance 1S the obtained result at each experiment by each performance criterion

and Algorithmggi}ormance is the best value between the obtained results.

AlgorithmJysimen  and AlgorithmJyrfimum | are the maximum and minimum values of
each performance criterion, respectively. Then, the mean of the RDIs for the six test instances
at each Taguchi experiment is calculated as RDI. The response variable for each Taguchi

experiment i which is named R"*™ is the mean of RDIs.
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Table 7. combination of parameters of MOPSO and NSGA-II

Parameters of MOPSO
Number of Population- | Repository- Mutation
. . . w cl c2
RuN Generation size size Rate
Parameters of NSGA-II
Number of | Population- Crossover Mutation Selection
Generation size Rate Rate Pressure
1 1 1 1 1 1 1 1
2 1 1 1 1 2 2 2
3 1 1 1 1 3 3 3
4 1 2 2 2 1 1 1
5 1 2 2 2 2 2 2
6 1 2 2 2 3 3 3
7 1 3 3 3 1 1 1
8 1 3 3 3 2 2 2
9 1 3 3 3 3 3 3
10 2 1 2 3 1 2 3
11 2 1 2 3 2 3 1
12 2 1 2 3 3 1 2
13 2 2 3 1 1 2 3
14 2 2 3 1 2 3 1
15 2 2 3 1 3 1 2
16 2 3 1 2 1 2 3
17 2 3 1 2 2 3 1
18 2 3 1 2 3 1 2
19 3 1 3 2 1 3 2
20 3 1 3 2 2 1 3
21 3 1 3 2 3 2 1
22 3 2 1 3 1 3 2
23 3 2 1 3 2 1 3
24 3 2 1 3 3 2 1
25 3 3 2 1 1 3 2
26 3 3 2 1 2 1 3
27 3 3 2 1 3 2 1
Parameters of the algorithms and their levels are presented at tables 8 and 9.
Table 8. parameters and their levels in the NSGA-II
P 4 Levels
arameters 1 > 3
1 Number of Generation 100 150 200
2 Population-size 100 200 300
3 Crossover Rate 0.7 0.8 0.9
4 Mutation Rate 0.1 0.15 0.2
5 Selection Pressure 8 10 12
Table 9. parameters and their levels in the MOPSO
p " Levels
arameters 1 > 3
1 Number of Generation 50 100 200
2 Population-size 100 200 300
3 Repository-size 15 30 60
4 w 0.4 0.7 0.9
5 cl 0.5 15 2.5
6 c2 0.5 15 2.5
7 Mutation Rate 0.1 0.2 0.3

Finally, by applying Taguchi method in MINITAB the best combination of parameters of
proposed meta-heuristic algorithms are determined as tables 10 and 11.



Advances in Industrial Engineering, June 2026, 60(1): 1-29
23

Table 10. Input parameters of NSGA-I11
Population-size Number of Generation Crossover Rate Mutation Rate Selection Pressure

NSGAI 300 150 0.9 0.15 12
Table 11. Input parameters of MOPSO
MOPSO Population-size Number of Generation C1 C2 w Mutation Rate Repository-size

100 200 0.5 1.5 0.7 0.2 60

To depict the scalability of the new proposed model and solution approaches, we calculate
differences between solutions obtained from applying meta-heuristic algorithms and weighted-
sum method. The error percentages of the best obtained results of meta-heuristics in comparison
to the best amounts of WSM are calculated for some small-sized test instances by Eq. (84)
(Khatibi et al. (2017)). Obtained results are written at Table 12. The mean of error percentages
for of; and of, of both meta-heuristic approaches are respectively equal to 2.20% and 2.31%.
These results show there is not any limitation for applying the new proposed model at a real
environment. Obtained results are strong evidences for the scalability of the new proposed
model to apply for a wide range of sizes of problems such as small-sized, medium-sized and
large-sized.

téVSiGA—IIOTMOPSO _ BeStWSM

Ep,, = ooStor ofi Vie{1,2 (84)
oft — BestySM etz
L
Table 12. Computational Results for Solving Small-sized Test Instances
Best Amount Error Percentage (EP)

Test Instance Number WSM NSGA-II MOPSO NSGA-II MOPSO
OF1 OF2 OF1 OF2 OF1 OF2 OF1 OF2 OF1 OF2
1 103119 136263 103119 143411 103119 143411 0.00% 5.25% 0.00% 5.25%
2 95726 69329 99923 69330 99923 69330 4.38% 0.00% 4.38%  0.00%
3 95668 80655 95668 80655 95668 80655 0.00% 0.00% 0.00% 0.00%
4 96054 79992 96054 79992 96054 79992 0.00% 0.00% 0.00% 0.00%
5 90235 86214 90235 86214 90235 86214 0.00% 0.00% 0.00% 0.00%
6 188011 125479 200224 125479 200224 125479 6.50% 0.00% 6.50% 0.00%
7 138332 146724 139670 154000 139670 154000 0.97% 4.96% 0.97% 4.96%
8 113319 67896 120029 68489 120029 68489 592% 0.87% 592% 0.87%
9 99841 128452 99841 136775 99841 136775 0.00% 6.48% 0.00% 6.48%
10 91359 90417 91359 90417 91359 90417 0.00% 0.00% 0.00% 0.00%
Mean 111166 101142 113612 103476 113612 103476 2.20% 2.31% 220% 2.31%

To prove that the proposed approaches can achieve good Pareto solutions in logical solving
time, statistical hypothesis tests are implemented.

85000000
AAA
75000000 A AAA .
A JAVAS @ Pareto Solutions-NSGA-11
. 65000000 A A
g A A Archive-NSGA-I1
z A A A rchive
Z 000000 A A £ A% AA A
£ ® N AW ﬁ A A APareto Solutions-MOPSO
§ %A‘ ? T o & A A | ARepository-MOPSO
45000000 o« A epository-
35000000 % “AA
L Qoo“

25000000
30000000 50000000 70000000 90000000 110000000
Costs of Second Agent

Figure 10. comparison of applying meta-heuristic approaches to solve a large-sized test problem
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Table 13.a. Results of Hypothesis Tests (o= 1%)

WSM vs NSGA-II WSM vs MOPSO
Test Instance Group > > > >
Number Test Results o o z g 52 % o o z g 52 E:
z = Z a OCF 3 z = 2 a OF 3
— f [s2} o oo} o o o [ [ee] © o
P-value 8 8 3 S =1 8 8 = 8 = 3 8
o o o o o o o o o o o o
! ) ) (o} (o}
= 5§ 8= 5 5 & 2 s 2 5 5 3
best performance @ = g= 2 S g 3 3 S S g
z z s s
P P-value
best performance
3 P-value
best performance
4 P-value
best performance
5 P-value
best performance
6 P-value
best performance
7 P-value
best performance
8 P-value
best performance
9 P-value
best performance
P-value
10 best performance Out of Memory
1 P-value
best performance
12 P-value
best performance
13 P-value
best performance
14 P-value
best performance
15 P-value
best performance
16 P-value
best performance
17 P-value
best performance
18 P-value
best performance
g g g g g g g g g g g g
Percentage 8 8 8 8 g 8 8 g g g g g
Mean \ )
$. 5 %-5 5 3 2 5 %2 5 5 3
best performance = 2 2= 32 2 cé o) 2 o) 2 2 2
P z = =
Table 14.b. Results of Hypothesis Tests (o = 1%)
Test Instance MOPSO vs NSGA-11
Test Results —— - - -
Group Number NPS MID Diversity Spacing CPU-Time Quality
1 P-value 0.532 0.769 1.000 0.728 0.000 0.168
best performance Non Non Non Non MOPSO Non
2 P-value 0.061 0.211 0.989 0.225 0.000 0.001
best performance Non Non Non Non MOPSO NSGA-1I
3 P-value 0.001 0.000 0.681 0.012 0.000 0.000
best performance NSGA-II NSGA-II Non Non MOPSO NSGA-II
4 P-value 0.000 0.000 0.835 0.000 0.000 0.000
best performance NSGA-II NSGA-II Non NSGA-II MOPSO NSGA-II
5 P-value 0.002 0.001 0.968 0.116 0.000 0.000
best performance NSGA-II NSGA-II Non Non MOPSO NSGA-II
6 P-value 0.002 0.000 0.492 0.271 0.000 0.020
best performance NSGA-II NSGA-II Non Non MOPSO Non
7 P-value 0.035 0.000 0.721 0.001 0.000 0.000
best performance Non NSGA-II Non NSGA-II MOPSO NSGA-II
8 P-value 0.001 0.001 0.197 0.150 0.000 0.000
best performance NSGA-II NSGA-II Non Non MOPSO NSGA-II

9 P-value 0.005 0.017 0.929 0.536 0.000 0.000
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best performance NSGA-II Non Non Non MOPSO NSGA-II

10 P-value 0.002 0.007 0.572 0.456 0.000 0.000
best performance NSGA-II NSGA-II Non Non MOPSO NSGA-II

1 P-value 0.029 0.000 0.483 0.967 0.000 0.000
best performance Non NSGA-II Non Non MOPSO NSGA-II

12 P-value 0.002 0.000 0.302 0.365 0.000 0.000
best performance NSGA-II NSGA-II Non Non MOPSO NSGA-II

13 P-value 0.000 0.000 0.668 0.022 0.000 0.001
best performance NSGA-II NSGA-II Non Non MOPSO NSGA-II

14 P-value 0.003 0.000 0.164 0.019 0.000 0.000
best performance NSGA-II NSGA-II Non Non MOPSO NSGA-II

15 P-value 0.000 0.000 0.596 0.202 0.000 0.000
best performance NSGA-II NSGA-II Non Non MOPSO NSGA-II

16 P-value 0.003 0.001 0.271 0.037 0.000 0.000
best performance NSGA-II NSGA-II Non Non MOPSO NSGA-II

17 P-value 0.000 0.000 0.239 0.150 0.000 0.000
best performance NSGA-II NSGA-II Non Non MOPSO NSGA-II

18 P-value 0.004 0.000 0.166 0.215 0.000 0.000
best performance NSGA-II NSGA-II Non Non MOPSO NSGA-II

Mean Percentage 89% 83% 100% 89% 100% 89%
best performance NSGA-I11 NSGA-I11 Non Non MOPSO NSGA-II

Hypothesis tests (120 tests) are applied for the six metrics and various sizes of instances at
99 percent confidence level. The results of tests including P-values and determining the
approach with best performance are showed at tables 13.a, and 13.b.

As obtained results indicate:

1. The NSGA-II algorithm has better performance than MOPSO in some criteria such as NPS,
Spacing and Quality of the solutions. Also, the NSGA-II algorithm performs better than WSM
in metrics: NPS and Diversity of solutions.

2. On the other hand, the MOPSO approach has better performance than NSGA-I1 only in CPU-
time and also, the MOPSO performs better in comparison with WSM in metrics: NPS and
Diversity of solutions.

3. The WSM has best performance in comparison with meta-heuristics in Quality of solutions.

So, according to the obtained results and above-mentioned facts the NSGA-II is strongly
suitable to solve the instances with different sizes in an acceptable CPU-time with high-quality.
To prove severely this claim, a technique which is called Technique for Order of Preference by
Similarity to Ideal Solution (Hwang and et al. (1993)) is applied to rank the meta-heuristic
approaches. This technique has some steps and calculations which are explained as followings:
1. Creation a decision matrix (evl;;) consisting of approaches and evaluating metrics.

2. Calculating the weighted normalized decision matrix (evl‘f]’.t) by Eq. (85). Consider evl;; as

performance evaluation of i-th, i € {1,2} meta-heuristic approach according to j-th, j €
{1,2,...,6} metric. Assume w; as weight given to the j-th metric.

Wj.eVlij
2 2
/Zk:leVij

3. Indicating the best performance (pfil]?) and the worst performance (pf;}’) of the alternatives
associated with the impact (positive or negative) of the metrics.

4. Calculating distances between the target alternative and the best performance and the worst
performance of the alternatives by equations (86) and (87).

evlt = i€{1,2} je(L2...,6}

(85)

st = 25, (evli-pf) ie{1,2} (86)
s; = X0, (evllt-pfY i €{1,2} (87)
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5. Calculating distance between the target alternative and the worst performance by Eqg. (88).

L= —L
Cosy st (88)
The results of calculations of TOPSIS method are represented as tables 14 by 17.

Table 15. Decision (Evaluation) Matrix (Mean of the Results Obtained by Applying Meta-heuristic Approaches to Solve the
Test Instances)

Approaches NPS CPU-Time Spacing Diversity MID Quality
NSGA-II 42.83 935.80 689823.5 16292804.9 3069818.7 81.03
MOPSO 16.26 100.46 982354.3 20524121.3 6251686.1 12.31

Table 16. Weighted Normalized Decision Matrix

Approaches NPS CPU-Time Spacing Diversity MID Quality
NSGA-II 0.935 0.994 0.575 0.622 0.441 0.989
MOPSO 0.355 0.107 0.818 0.783 0.898 0.150

Table 17. Distances Between the Approaches and Worst Performance

Approaches st ST cL*
NSGA-II 0.902 1.144 0.559
MOPSO 1.144 0.902 0.441

Table 18. Ranking of the Approaches

Approaches Rank
NSGA-II 1
MOPSO 2

5. Conclusion

In this article, a new model and mathematics has been presented for well-known vehicle routing
problem with cross-docking. According to the literature, the new presented model has several
novelties such as considering two agents, adding the group purchasing strategies and
considering the perishability of the commodities at cross-dock. For the reason why the new
model is multi-agent and NP-hard, two meta-heuristic approaches such as NSGA-II and
MOPSO have been proposed to solve it. To validate the new proposed model, several test
instances with different dimensions have been solved and analyzed. The performance of the
solving approaches has been compared according to the six criteria. Also, the proposed
algorithms have been ranked by using TOPSIS technique. On the basis of obtained results, it
has been strongly recommended to apply NSGA-I11 for the real (various)-sized instances.

There were some limitations in our proposed model such as fixed travel durations, pre-
determined demands of customers and fixed planning horizon. So, at the future studies the
corresponding model can be extended with considering different speeds for the vehicles,
applying machine learning tools to forecast the demands of customers and also describing
variable time horizons. Additionally, full load truck strategies and constraints better describing
perishability conditions of commodities (e.g., considering probability distributions) can be
integrated to the model. Moreover, other multi-objective approaches can be applied to tackle
the provided model and their performance could be evaluated by comparing with the proposed
algorithms in this paper.
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Appendix
At this section the linearization of the non-linear equations is represented.

At cost functions it can be done by replacing the term x;q;,., X @&, with xa, ., and also adding the equations
(89-91).

xaiesbcn >21- M(Z — Xisben — agc) Vi,s,b,cne (89)
Xfshen < Xispen Vis,bcne (90)
xalf}sbcn < agc Vis,bcne (91)

At cost functions it can be done by replacing the phrases Y.; s peps,cn Xisven (FCAs + FCV,, + VCV, (atp, —
dtpn))/ Zi,s,b,c,n Xisben and Zi,s,be{B\BB},C,n Xisben (FCAS + FCV;z + VCV;z (atpn - dtpn))/
Yis,b,en Xishen TeSpeCtively with terms ¥, ,cpp e n SECXispen ANA X pegp\88},cn StCXispen aNd adding the equations
(92-102).

z StCXispen = z Xisven (FCAs + FCV, + VCV, (atp, — dtpy))) Vs (92)
i,b,cn i,b,cn
StCXispen = StCs X Xispen Vi,s,bc,n (93)
StCXigpen < StC Vi,s, b,cn (94)
StcXispen = M X Xigpen Vi,s,bc,n (95)
StCXispen = Stcs — M X (1 — Xispen) Vi,s b,cn (96)
atpXispen < atpn, Vis,b,c,n (97)
atpXispen < M X Xispen Vis,b,c,n (98)
atpXispen = atpn, — M X (1 — Xispen) Vis,b,c,n (99)
dtpxispen < dipy Vi,s,b,cn (100)
dtpXispen < M X Xigpen Vi s, b,c,n (101)
dtpXispen = dtpp — M X (1 = Xigpen) Vi,s,bc,n (102)
At objective functions it can be done by replacing the phrases
2jbesBn Yipn (FCVy + VCV, (atp, — dtpy))/XjpnYjn and

Zj,be{B\BB},n yjbn(FCVn + VCVn(atpn - dtpn))/z:j,b,n y;'bn respectively with  terms Zj,bsBB,n tdC.ijn and
X.j be(B\BB}n tdCYjpy and adding the equations (103-113).

> tdeypn = ) yppn (FCY, + VCli(atp, - dep,)) Vn (103)
b b

tdcyjpn = tdcy X Yjpn Vj,bn (104)
tdcyjpn < tdc, Vj,b,n (105)
tdcyjbn SIleyjbn Vj,b,,?’l (106)
tdcyjbn P tan - MXx (1 - yjbn) v j’ b,,Tl (107)
atpypn < atpy Vj,b,,n (108)
atpyjpn <M X Yjpy Vjb,n (109)
atpyjpn 2 atpp —M X (1 = yjpn) Vj.b,n (110)
dtpyipy, < dtp, V j,b,,n (111)
AtpYipn <M X Yjpn V j,b,,n (112)

dtpYjpn = dtpn, — M X (1 — Yjpy) V j,b,n (113)
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At cost functions the term eat, X k. can be replacing by eatk,. and also adding the equations (114-116).

eatk,. = eat, — M(1 — k) Vj,bcn (114)
eatky. < eaty, Vj,bcn (115)
eatkp,. < M X k. Vj,bcn (116)

At Eg. 44 it can be done by replacing the term x;p.,’ X ¥jpn With xy;s,cny @nd also adding the equations
(117-119).

XYijsbenn’ = 1 — M(Z — Xispen! — yjbn) Vi,j,sbcnn (n+n') (117)
xyw'sbcn < Xisben v i'j’ S, b' on, n' (Tl * Tl’) (118)
XYijsben < Yjon Vijsbcmnn' (n#n) (119)

At Eq. 57 it can be done by replacing the term y;,,, X k. with yk ., and also adding the equations (120-122).

Ykjben 2 1= M(2 = yjpn — kic) Vjbcn (120)
YKjpen < Yjbn Vj,b,c,n (121)
YKjpen < kpc Vj,bc,n (122)

Linearization constraints of Eq. (71) are as followings:

Qias. < oqsc < Q§+1a§c Vs,ce (123)

age =1 Vs,c (124)
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