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ORIGINAL ARTICLE

Optimisation of containerised air cargo forwarding plans considering
a hub consolidation process with cargo loading

Lin Zhua, Yue Wua, Honora Smithb and Jiabin Luoc

aSouthampton Business School, University of Southampton, Southampton, United Kingdom of Great Britain and Northern Ireland;
bSchool of Mathematical Sciences, University of Southampton, Southampton, United Kingdom of Great Britain and Northern
Ireland; cAston Business School, Aston University, Birmingham, United Kingdom of Great Britain and Northern Ireland

ABSTRACT
Air cargo plays an important role in supporting global supply chains; this becomes more
vital when facing uncertainties in a crisis such as the COVID-19 pandemic. This motivates
our study on air cargo forwarding plans, considering demand uncertainties and economic
conditions. Cargos are placed into air containers based on weights and volumes, and then
flown from regional collection points into a hub, for consolidation before transporting to
onward destinations. Decisions are made in advance by cargo forwarders as to the contain-
ers to book, both in regions and in the hub, since airlines offer discounts on containers
booked in advance; however, cargo quantities are uncertain when advance bookings are
made. We develop a two-stage stochastic programming model, where the first stage deter-
mines both the quantities and types of air containers to book; the second stage deals with
ordering any extra containers, at higher cost, or returning unused containers, as well as mak-
ing loading and consolidation plans. The objective is to minimise the total expected costs.
We then extend it into a multistage case and design a genetic algorithm as the solution
method. Experimental results demonstrate that the proposed approaches provide a cost-effi-
cient plan and responsive to demand as it arises.
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1. Introduction

Air cargo transportation has an essential role in the
global economy because it provides a reliable and
speedy method for delivering goods from suppliers
to customers. Due to the disruption of global supply
chains in the COVID-19 crisis, the importance of
an efficient air cargo network has become evident
when uncertainties are faced, for example when life-
saving drugs and medical equipment need to be
delivered. The European Commission mandated all
member countries of the European Union to ensure
the functioning of air cargo transportation for vital
supplies during this crisis. Due to flight cancella-
tions, the air cargo industry has experienced a diffi-
cult time in handling cargo demand, with more
limited capacity than usual. These difficulties motiv-
ate our study on the air cargo decision making pro-
cess from the perspective of air cargo forwarders,
who play an essential role in cargo freighter opera-
tions, and continually face the need to conduct
operations in a cost-efficient way.

Airline companies take responsibility for provid-
ing transportation services for cargos between air-
ports in different regions; normally hubs are used as
intermediate points between origin and destination

airports for repackaging purposes. To streamline the
handling process, containers have been increasingly
used in air cargo transportation as a cost-efficient
method of transfer. Many air cargos are box-shaped,
but they often come in irregular shapes, barrels or
sacks. Cargo containers are constrained by the vol-
ume and weight they can carry. Often customers
consolidate multiple items, a practice which does
not allow any separation by airline companies.

As well as airlines, there are many participants in
the air cargo transporting process from producer to
customer, such as customs brokers, air cargo for-
warders, and services providing ground handling of
cargo (Chao & Li, 2017). We particularly focus on
the airfreight forwarders, who act as the “middle
men” between the shippers and the airlines (Feng
et al., 2015). Forwarders arrange pick-up of packages
from producers, followed by consolidation by bulk
into containers and transportation to destinations by
air. For convenience, producers usually prefer to use
forwarders rather than contacting the airline compa-
nies directly, unless the shipment is an emergency or
special type of cargo (Thuermer, 2005). During this
whole process, determining optimal plans for rental
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of air containers is the most challenging task for the
forwarders (Xue & Lai, 1997).

In response to the growing challenges of air cargo
operations, many researchers have devoted their
efforts to this field (Feng et al., 2015). However, the
efficiency and profitability of loading cargos onto
aeroplanes and transporting them still depends
largely on the decision maker’s experience (Brandt
& Nickel, 2019).

This study aims to address two main objectives.
The first is to develop an optimisation method,
which helps air cargo forwarders to determine the
best manner of renting containers and consolidating
cargos in the containers, in the regions from which
cargos are dispatched and at the hub, based on
uncertain demand and economic conditions. The
second objective is to provide recommendations and
insights for practitioners on optimising the oper-
ational efficiency in the air cargo transportation pro-
cess. In order to model the demand uncertainty, we
first propose a two-stage stochastic program where
the first stage decides the quantity and type of con-
tainers to rent based on forecasted or estimated
demand, and the second stage makes decisions on
booking urgent containers or returning unused con-
tainers, as well as cargo loading plans. The two-stage
case is then extended into a multistage case, which
is solved by a genetic algorithm. To the best of our
knowledge, we are the first to address all the above
processes, including hub consolidation, container
booking and cargo loading under uncertain demand,
into one model.

The paper proceeds as follows. After this intro-
duction to the problem and our modelling, Section
2 presents a review of relevant literature. Section 3
includes the problem description and model formu-
lation of the problem under study. Section 4 gives
experimental results based on a real-world case
study. Section 5 concludes this paper and makes
future research suggestions.

2. Literature review

Air cargo transportation is an area that has been
broadly researched. Feng et al. (2015) provided a
comprehensive review of such studies, considering
the problems faced by ground service providers and
cargo forwarders, as well as those encountered by
airlines themselves. However, most of the existing
literature, as identified by Feng et al., discussed air-
line companies’ operations; few studies focused on
the operational aspects from freight forwarders’ per-
spectives, such as container booking, cargo loading
and the hub consolidation process, which will all be
addressed in our study.

There have been some studies on container book-
ing and cargo loading. Container booking deter-
mines the number and type of containers to order
for capacity allocation of the cargos, to minimise
the total rental costs, while cargo loading is the pro-
cess of packing cargos or boxes into a container to
maximise the utilisation of the container space
(Bortfeldt & W€ascher, 2013). When loading air car-
gos into containers, the cargo weights, volumes,
types and destinations need to be considered. The
container selection and cargo loading problem was
addressed by Xue and Lai (1997) who formulated a
mixed integer program to minimise container rental
costs including fixed and variable costs. Gu�eret et al.
(2003) looked at the aircraft loading problem for
military operations, which was modelled as a bi-
dimensional bin-packing problem. A decision sup-
port system was developed by Chan et al. (2006) to
optimise the cost of loading air cargos with different
shapes and sizes, considering three dimensions. A
stochastic dynamic program was utilised by Chew
et al. (2006) for a cargo forwarder’s capacity plan-
ning, in order to balance the costs of deliveries and
the costs of excess space. Yan et al. (2006) studied
the cargo loading plan based on the operations of
the international air express carrier FedEx and for-
mulated the problem as a non-linear mixed integer
programming model. The objective was to minimize
the total container handling cost. The situation
where there are limitations on the number of con-
tainers for rental was studied by Li et al. (2009),
modelling an air cargo forwarder’s plans for loading
cargo, to minimise total costs. A dual-response for-
warding approach was used by Wu (2010) for rent-
als of air containers and allocation of cargos into
containers. In a further development of modelling
this problem, Wu (2011) used a two-stage recourse
model providing a means of measuring trade-offs
between risks and costs incurred. Nance et al.
(2011) considered the problem of loading a given
set of cargo (rolling stock items and pallets) onto a
minimal subset of a given set of aircraft, and devel-
oped a tabu search algorithm as the solution
method. Tang (2011) combined scenario decompos-
ition and a genetic algorithm as a solution method
for solving the pure and mixed container loading
problems under stochastic demands.
Vancroonenburg et al. (2014) developed a decision
tool for the cargo loading problem, using a mixed
integer program as to maximise profit. The problem
of minimizing unused volume in containers was
modelled by Paquay et al. (2016). Ha and
Nananukul (2017) developed two sequential models
to perform container loading and scheduling opera-
tions for freight forwarders. Uncertainty of cargo
capacity on a mixed passenger and freight aircraft
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was considered by Delgado et al. (2019), who devel-
oped a multistage stochastic programming model
for profit maximisation when allocating cargo.
However, while all of these works considered inte-
grated container renting and cargo loading, no stud-
ies incorporated the consolidation process at the
hub, which is an essential part of freight forwarders’
activities for making air cargo shipment
cost-efficient.

There are several works discussing the advantages
and disadvantages of consolidation in a hub
(Bookbinder & Higginson, 2002; Popken, 1994). It
is concluded that the distribution costs are reduced
by consolidation, and cargo damage is also lessened,
but consolidation may also cause delays and longer
routes (Leung et al., 2009). Weight, volume, time
and destination are important factors for forwarders
to consider. The consolidation problem was consid-
ered by Huang and Chi (2007), who developed a
heuristic based on Lagrangian relaxation to minim-
ise the total costs charged by the airlines and at the
same time to satisfy demands. The effects of con-
solidation on the timely delivery of shipments were
considered by Wong et al. (2009), in minimising a
forwarder’s total shipment costs. Limbourg et al.
(2012) formulated a mixed integer programming
model for the optimal loading of a set of containers
and pallets into a compartmentalised cargo aircraft.
Fully automatic software was also developed to
quickly compute optimal solutions. Bookbinder
et al. (2015) considered weights of cargos in model-
ling consolidation using a mixed integer program.
Zhou and Zhang (2017) incorporated carbon emis-
sions into the consolidation process, and used a

mixed 0-1 linear program in examining trade-offs
between carbon emission and cost performance.
Leung et al. (2017) proposed a two-stage stochastic
dynamic program for resource planning by an air
cargo forwarder including the cargo loading, allot-
ment booking and subcontracting. Considering dif-
ferent types of air containers in a decision support
tool, Huang et al. (2020) modelled the integrated
routing and consolidation problem in intermodal
operations. All these studies investigated the consoli-
dation process in general, and thus not have focused
on the air cargo hub operation. Although more
recent studies have combined consolidation with
other factors, such as emissions and scheduling,
none of them incorporated the renting and loading
of containers with consolidating cargos. Table 1
presents the summary of the literature.

Based on the above discussions, we present the
first work in the literature to study container rent-
ing, cargo loading and hub consolidation at the
same time. This work can be seen as an extension
of our previous work (Wu, 2011), by adding the
transportation operations from different regions to
the hub, in order to obtain overall optimisation of
the freight forwarder’s operations. We also develop
a multi-stage model and design a genetic algorithm
to solve large-sized problems efficiently.

3. Problem description and formulation

This section describes the process of air cargo trans-
portation from a freight forwarder’s perspective and
presents an optimisation model with a solution
method for the problem under study.

Table 1. Summary of the related literature.
Authors Container renting Cargo loading Hub consolidation Model type Solution method

Xue and Lai (1997) � � Mixed integer Heuristic algorithm
Gu�eret et al. (2003) � Mixed integer Two-phase heuristics
Chan et al. (2006) � Linear Heuristic algorithm
Chew et al. (2006) � Dynamic Recursive procedure
Yan et al. (2006) � Non-linear mixed integer CPLEX solver
Huang and Chi, (2007) � Mixed integer Lagrangian relaxation
Wong et al. (2009) � Mixed 0-1 linear Tabu search
Li et al. (2009) � Mixed integer Neighbourhood search
Wu (2010) (2011) � � Stochastic CPLEX solver
Nance et al. (2011) � Integer Tabu search
Tang, (2011) � Stochastic Scenario

decomposition and
genetic algorithm

Limbourg et al. (2012) � Mixed integer Branch and cut
Vancroonenburg

et al. (2014)
� Mixed integer Gurobi solver

Bookbinder
et al. (2015)

� Mixed integer Local branching

Paquay et al. (2016) � Mixed integer CPLEX solver
Ha and

Nananukul, (2017)
� Integer Heuristic algorithm

Zhou and
Zhang, (2017)

� Mixed 0-1 linear Tabu search

Leung et al. (2017) � Stochastic Heuristic algorithm
Delgado et al. (2019) � Stochastic Nested decomposition
Huang et al. (2020) � Mixed integer Lagrangian relaxation
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3.1. Problem description

We consider a hub-and-spoke network with a single
hub, an arrangement which is particularly appropri-
ate for international logistics when cargos are trans-
ported globally. Typically, each country uses their
main airport as the hub location (Lin & Chen,
2003) and constructs a hub network around that
airport for international cargos. Cargos are picked
up by forwarders from widely scattered regions, and
are then transported by airlines to the hub before
onward flights to their final destinations. At the
hub, the functions of unloading, sorting and reload-
ing of cargos are carried out: this is called the con-
solidation process. Figure 1 shows the process of air
cargo transportation.

The role of forwarders in the whole process
includes booking containers from airlines for trans-
portation uses in all the regions and the hub, and
loading cargos into containers according to the
weight and volume allowances, to ensure that all the
shippers’ requirements are satisfied. Forwarders
book the containers from airlines in advance, nor-
mally one week before the actual day of shipment,
and pay a deposit for booking containers based on
the estimated demands. Such deposits are fully used
for covering the costs incurred later on. At the time
of this advance booking, the cargo information is
uncertain and forwarders have to make decisions
based on the estimated demand according to their
own experience of the prevailing economic condi-
tions. On the actual day of shipping, the demand
will be realised, and the booking plans may need to
be changed accordingly. For example, if the actual
demand is higher than that estimated, the forward-
ers will have to book more containers to accommo-
date the extra cargos; on the other hand, if the
actual demand is lower than that estimated, then
the forwarders will return some pre-booked contain-
ers to the airline companies. Both cases would incur
penalty costs: it is more expensive to book a con-
tainer on the shipping day than at pre-booking
rates. Non-use of a container is charged at the
deposit price; this covers the shipper’s cost in
returning the container.

The air cargo forwarder’s problem will be
addressed by using a two-stage stochastic model
where uncertain demands are described by scenarios
according to the level of demand that might occur
at the second stage.

In the air cargo forwarding process, containers
are booked both in the regions for transport to the

hub and at the hub for onward transport. In the
regions, there are two sources of containers, one
being referred to as the “region pre-booked” con-
tainers, which are booked in advance in the first
stage; the others are “region urgent” containers
which are booked urgently in the second stage to
satisfy extra demand. At the hub, there are three
sources of containers that may be available for cargo
use. The first source is containers from the regions
which continue to be used in the hub; we refer to
these as “re-used” containers: these are also decided
at the first stage. The second source comes from the
containers available at the hub which are pre-
booked in the first stage; we refer to these as “hub
pre-booked” containers—these containers have not
been previously used in the regions. The third
source comes from emergency bookings on the day
of shipping, which we refer to as “hub urgent” con-
tainers. In regions and at the hub, there might be
some pre-booked containers that are not used on
the day of shipment for loading any cargos; these
containers will be returned in the second stage at a
penalty cost. These are referred to as “region
unused” and “hub unused” containers. We will use
these descriptions for containers in the follow-
ing sections.

Unlike sea containers, which come in standar-
dised sizes, air containers vary in capacities accord-
ing to the volume and weight they can carry. For
loading cargos into containers, the forwarders need
to consider the weights and volumes of cargos, as
well as the costs involved in renting and using dif-
ferent types of air containers. Such costs normally
consist of fixed rental costs depending on the types
of containers and variable costs depending on the
weights loaded. The variable costs of using these
containers can be written as a piecewise function
using a series of values, which are shown in Eq. (1).
In this illustration, a1, a2, a3, a4, a5, and a6 are
called the break points, where a6 can be viewed as
the maximum weight capacity of a type of con-
tainer. When the weights of cargos loaded into con-
tainers fall within any two break points, the variable
costs can be calculated based on this equation.
Generally, assuming that we have K break points,
say 1, 2, � � � , Kf g, this divides the weight distri-
butions into K segments. The variable cost (per unit
weight) in the kth segment is represented by the
slope rate dk in that segment. In our example, the
variable costs in segments 2, 4 and 6 are charged at
the slope rates of d2, d4, d6, and the variable costs

Figure 1. Air cargo transportation process using hub and spoke network.
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in segments 1, 3, and 5 are charged at the upper
bound value of the previous segment. Let j ¼
1, 2, :::, n represent the types of air cargos; wj gives
the weight of cargo type j and yj denotes the type j
cargo quantity for loading into containers. Similar
approaches of this piecewise cost function have been
applied in (Wu, 2011; Xue & Lai, 1997). The vari-
able cost of using a container can be calculated by
the following function:

Equation (1) can be simplified by introducing
variables gk and zk, where gk represents the cargo
weights in the segment ðak�1, ak� and zk equals to 1
if gk > 0, or zero otherwise. Then the total variable
costs can be represented by

PK
k¼1 dkgk where:XK

k¼1

gk ¼
Xn
j¼1

wjyj (2)

gk � zk ak � ak�1ð Þ, k ¼ 1, 2, � � � , K (3)

gk � zkþ1 ak � ak�1ð Þ, k ¼ 1, 2, � � � , K (4)

Equation (2) mandates that the summed cargo
weights distributed by weight segments in the con-
tainer are equal to the total weight of the cargoes
for loading. Restrictions (3) and (4) ensure that gk is
positive only if the range ðak�1, ak� cannot accom-
modate more cargos by the cargo weight, so that
charges are then applied up to the next break point.
We will apply this approach to simplify our model.

3.2. Mathematical model

3.2.1. Notation
Sets and indices
D set of destinationsd 2 D
I set of container types i 2 I

J set of cargo types j 2 J
R set of regions r 2 R
S set of scenarios s 2 S
k the k th break point for each container type

i ðk ¼ 1, 2, � � � , KiÞ
l the lth container used of each container type

i ðl ¼ 1, 2, � � � , LiÞ

Parameters

aik weight of kth break point of type i container
i 2 I, k ¼ 1, 2, � � � , Ki

dik unit charge rate for type i container in the
range ai k�1ð Þ, aik½ � i 2 I, k ¼ 1, 2, � � � , Ki

bi unit hub consolidation cost of type i con-
tainer i 2 I

c0ir rental cost of type i container in
region r i 2 I, r 2 R

ch0i rental cost of type i container in hub i 2 I
c�ir=c

þ
ir the unit penalty cost in region r of

urgent booking/returning of unused type i contain-
ers on shipment day i 2 I, r 2 R

ch�i =chþi the unit penalty cost in hub of urgent
booking/returning of unused type i containers on
shipment day i 2 I

h discount rate for re-using containers
Lir number of type i containers available in

region r i 2 I, r 2 R
Li number of type i containers available in all

regions i 2 I, and Li ¼
PR

r¼1 Lir
Lhi number of type i containers available

in hub i 2 I
ps probability of scenario s s 2 S
qjsr quantity of type j cargo from region r in

scenario s j 2 J, s 2 S, r 2 R

c ¼

0
Xn
j¼1

wjyj 2 ð0, a1�

d2
Xn
j¼1

wjyj � a1

 ! Xn
j¼1

wjyj 2 ða1, a2�

d2ða2�a1Þ
Xn
j¼1

wjyj 2 ða2, a3�

d2 a2 � a1ð Þ þ d4
Xn
j¼1

wjyj � a3

 ! Xn
j¼1

wjyj 2 ða3, a4�

d2 a2 � a1ð Þ þ d4 a4 � a3ð Þ
Xn
j¼1

wjyj 2 ða4, a5�

d2 a2 � a1ð Þ þ d4 a4 � a3ð Þ þ d6
Xn
j¼1

wjyj � a5

 ! Xn
j¼1

wjyj 2 ða5, a6�

8>>>>>>>>>>>>>>>>>>>>>>>>>>>><
>>>>>>>>>>>>>>>>>>>>>>>>>>>>:

(1)
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qhjsd quantity of type j cargo in hub with destin-
ation d in scenario s j 2 J, s 2 S, d 2 D

vj volume of cargo type j j 2 J
Vi volume limit of type i container i 2 I
wj weight of cargo type j j 2 J
Wi weight limit of type i container i 2 I

3.2.2. Decision variables
The following first-stage decision variables are used
in the model to determine the number of air con-
tainers of each type to book in advance for each
region and the hub, i.e. “region pre-booked”, “hub
pre-booked” and “re-used” containers.

oir number of type i containers to be booked in
region r i 2 I, r 2 R

ohi number of type i containers to be booked
in hub i 2 I

ohci number of type i re-used containers to be
booked for continued use in the hub (superscript c
means continue to use) i 2 I

In the second stage, the model determines:

a. the number of containers required/returned in
the regions and at the hub, i.e. “region urgent”,
“region unused,” “hub urgent,” and “hub
unused” containers.
o�isr=o

þ
isr shortage/surplus of type i containers in

region r in scenario s on the day of shipment
i 2 I, s 2 S, r 2 R
oh�is =ohþis shortage/surplus of type i containers in
hub in scenario s on the day of shipping
i 2 I, s 2 S

b. the container loading plans for all cargos at each
region and at the hub
yiljsrd quantity of type j cargo in region r with
destination d in scenario s for loading into the
lth container of type i i 2 I, l ¼
1, 2, � � � , Li, j 2 J, s 2 S, r 2 R, d 2 D
yhiljsd quantity of type j cargo in hub with destin-
ation d in scenario s, for loading into the lth
container of type i i 2 I, l ¼ 1, 2, � � � , Li, j 2
J, s 2 S, d 2 D
yhciljsd quantity of type j cargo in hub with destin-
ation d in scenario s for loading into the lth re-
used container of type i in the hub i 2 I, l ¼
1, 2, � � � , Li, j 2 J, s 2 S, d 2 D

c. the actual number of air containers of each type
needed for realised demands at each region and
the hub
xilsr ¼ 1 if in scenario s the lth container of type
i is needed in region r, and 0 otherwise.

i 2 I, l ¼ 1, 2, � � � , Li, s 2 S, r 2 R

xhilsd ¼ 1 if in scenario s the lth type i container is
needed in the hub with destination d, and 0 oth-
erwise.i 2 I, l ¼ 1, 2, � � � , Li, s 2 S, d 2 D

d. the actual number of each type of containers
transported from the regions for continued use at
the hub under each scenario
xhcilsd ¼ 1 if in scenario s the lth type i re-used
container in the hub is selected with destination
d, and 0 otherwise.i 2 I, l ¼ 1, 2, � � � , Li, s 2
S, d 2 D

e. the container weight distribution for cargos
gilksr cargo weight in the range ðaiðk�1Þ, aik�
within the lth container of type i in scenario s
in region ri 2 I, l ¼ 1, 2, � � � , Li, k ¼ 1, 2, � � � ,
Ki, s 2 S, r 2 R
zilksr ¼ 1 if gilksr > 0 and 0 otherwise. i 2 I, l ¼
1, 2, � � � , Li, k ¼ 1, 2, � � � ,Ki, s 2 S, r 2 R
ghilksd cargo weight in interval ðaiðk�1Þ, aik� within
the lth container of type i in the hub in scen-
ario s with destination di 2 I, l ¼ 1, 2, � � � , Li,
k ¼ 1, 2, � � � ,Ki, s 2 S, d 2 D
zhilksd ¼ 1 if ghilksd > 0 and 0 otherwise. i 2 I, l ¼
1, 2, � � � , Li, k ¼ 1, 2, � � � ,Ki, s 2 S, d 2 D
ghcilksd cargo weight in interval ai k�1ð Þ, aikð Þ within
the lth type i re-used container in the hub in
scenarioswith destination d, i 2 I, l ¼ 1, 2, � � � ,
Li, k ¼ 1, 2, � � � ,Ki, s 2 S, d 2 D
zhcilksd ¼ 1 if ghcilksd > 0 and 0 otherwise. i 2 I, l ¼
1, 2, � � � , Li, k ¼ 1, 2, � � � ,Ki, s 2 S, d 2 D

3.2.3. The model formulation
The following two-stage stochastic program repre-
sents the model formulation, using the notation pre-
sented above.

Objective function. The objective is to minimise the
expected total costs, including the rental costs and
variable costs of air containers actually used in the
regions and the hub, the costs of the consolidation
(repacking) process at the hub, and the penalty costs
of urgent bookings and unused containers. The first
stage decision variables represent the values of
deposits paid to the airline companies at the begin-
ning. Such deposits will be fully used to cover the
rental or penalty costs in the second stage, and,
therefore, the deposit cost is not required to be
minimised in the objective function. This total cost
function is presented in Eq. (5).

Minimise the expected total cost, i.e. minimise
fRental cost and variable cost at regionsþRental
cost and variable cost at the hubþConsolidation
cost at the hubþ Penalty cost at the
regionsþPenalty cost at the hubg
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Subject to:
Constraint set (i): fixed rental costs and variable
costs in the regions and at the hub. Equations
(6)–(8) are the calculations for the first two terms of
the rental costs and variable costs in the above
objective function. Equation (6) calculates the corre-
sponding costs for booking containers and loading
cargos in the regions. Equation (7) calculates the
costs of using and loading the “re-used” containers
in the hub. Equation (8) calculates the costs for
booking containers and loading cargos at the hub.

Mr ¼
X
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(6)
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XLhi
l¼1

XKi
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s2S
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h
ilksd 8d 2 D

(8)

Constraint set (ii): deriving the values of the first-
stage decision variables. The following group of
constraints are concerned with the numbers of con-
tainers needed for pre-booking, in the regions and
in the hub, and the cargo quantities to be trans-
ported. Constraints (9) and (10) define the relation-
ship between the numbers of containers booked in
the first stage (when the demand is as yet unknown)
and the total number actually needed in each scen-
ario. The differences between these quantities give
the shortages or surpluses in each scenario, which
are penalised in the objective function. Constraint
(11) gives the relationship of the number of re-used
containers booked in the first stage and second stage

in the hub.

oir �
XLir
l¼1

xilsr ¼ oþisr � o�isr 8i 2 I, 8r 2 R, 8s 2 S

(9)

ohi �
XLhi
l¼1

X
d2D

xhilsd ¼ ohþis � oh�is 8i 2 I, 8s 2 S (10)

ohci �
XLi
l¼1

X
d2D

xhcilsd ¼ 0 8i 2 I, 8s 2 S (11)

Constraint set (iii): The actual quantities of each
cargo type handled at the regions and the hub.
Equation (12) calculates the total cargo j quantities
in region r in scenario s. Equation (13) calculates
the cargo j quantity with destination d at the hub in
scenario s.

X
i2I

X
d2D

XLir
l¼1

yiljsrd ¼ qjsr 8 j 2 J, 8r 2 R, 8s 2 S

(12)

X
i2I

XLhi
l¼1

yhiljsd þ
X
i2I

XLi
l¼1

yhciljsd ¼ qhjsd 8 j 2 J,

8d 2 D, 8s 2 S

(13)

Constraint set (iv): restrictions on the number of
re-used containers at the hub as well as number
of available containers at the hub. Constraint (14)
ensures that the number of containers re-used in
the hub cannot exceed the total number of contain-
ers arriving from all the regions. Constraint (15)
gives the limitations on the number of containers of
each type at the hub.

XLi
l¼1

X
d2D

xhcilsd �
X
r2R

XLir
l¼1

xilsr 8i 2 I, 8s 2 S (14)

XLhi
l¼1

X
d2D

xhilsd � Lhi 8i 2 I, 8s 2 S (15)

Constraint set (v): The container loading plans for
all the cargos at the regions and the hub includ-
ing re-used containers. Constraints (16)–(18),
(19)–(21), and (22)–(24) are for calculating the vari-
able rental costs according to the weight break
points, based on the piecewise approach illustrated
in (2)–(4), for loading all the region, hub and re-
used containers respectively.XKi

k¼1

gilksr ¼
X
j2J

X
d2D

wjyiljsrd 8i 2 I, l

¼ 1, � � � , Lir , 8r 2 R, 8s 2 S (16)
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gilksr � zilksr aik � ai k�1ð Þð Þ 8 i 2 I, l ¼ 1, � � � , Li,

k ¼ 1, � � � , Ki, 8r 2 R, 8s 2 S

(17)

gilksr � zil k�1ð Þsr aik � ai k�1ð Þð Þ 8i 2 I, l ¼ 1, � � � , Li,

k ¼ 1, � � � , Ki, 8r 2 R, 8s 2 S

(18)XKi

k¼1

ghilksd ¼
X
j2J

wjy
h
iljsd 8i 2 I, l ¼ 1, � � � , Lir,

8d 2 D, 8 s 2 S

(19)

ghilksd � zhilksd aik � ai k�1ð Þð Þ 8 i 2 I, l ¼ 1, � � � , Li,

k ¼ 1, � � � , Ki, 8s 2 S, 8d 2 D

(20)

ghilksd � zhil k�1ð Þsd aik � ai k�1ð Þð Þ 8i 2 I, l ¼ 1, � � � , Li,

k ¼ 1, � � � , Ki, 8s 2 S, 8d 2 D

(21)XKi

k¼1

ghcilksd ¼
X
j2J

wjy
hc
iljsd 8i 2 I, l ¼ 1, � � � , Lir,

8d 2 D, 8s 2 S

(22)

ghcilksd � zhcilksd aik � ai k�1ð Þð Þ 8i 2 I, l ¼ 1, � � � , Li,

k ¼ 1, � � � , Ki, 8s 2 S, 8d 2 D

(23)

ghcilksd � zhcil k�1ð Þsd aik � ai k�1ð Þð Þ 8i 2 I, l ¼ 1, � � � , Li,

k ¼ 1, � � � , Ki, 8 s 2 S, 8d 2 D

(24)

Constraint set (vi): Air container’s weight and vol-
ume restrictions for loading cargos. Constraints
(25)–(30) give restrictions on the containers’ weight
and volume capacities, to ensure that sufficient con-
tainers, including all sources of containers at regions
and the hub, are used in each scenario.X

j2J

X
d2D

vjyiljsrd � Vixilsr 8i 2 I, l ¼ 1, � � � ,

Lir, 8 r 2 R, 8s 2 S

(25)
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(26)X
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h
iljsd � Vix

h
ilsd 8i 2 I, l ¼ 1, � � � , Lir ,

8d 2 D, 8s 2 S

(27)

X
j2J

wjy
h
iljsd � Wix

h
ilsd 8i 2 I, l ¼ 1, � � � , Lir,

8d 2 D, 8s 2 S

(28)

X
j2J

vjy
hc
iljsd � Vix

hc
ilsd 8i 2 I, l ¼ 1, � � � , Lir,

8d 2 D, 8s 2 S

(29)

X
j2J

wjy
hc
iljsd � Wix

hc
ilsd 8i 2 I, l ¼ 1, � � � , Lir,

8d 2 D, 8s 2 S

(30)

Constraint (vii): non-negative, integer and binary
variables. Constraints (31) and (32) are the non-
negative integer and binary constraints.

oir, ohi , ohci , o�isr, oþisr, oh�is , ohþis , yiljsrd, yhiljsd, yhciljsd,

gilksr, ghilksd, ghcilksd 2 0, 1, 2, :::, inff g
8i 2 I, l ¼ 1, � � � , Lir , 8 j 2 J, 8 r 2 R, 8d

2 D, k ¼ 1, � � � , Ki, 8s 2 S

(31)

xilsr, xhilsd, x
hc
ilsd, zilksr, zhilksd, zhcilksd 2 0, 1f g 8i 2 I, l

¼ 1, � � � , Lir , 8 j 2 J, 8 r 2 R, 8d 2 D, k

¼ 1, � � � , Ki, 8 s 2 S

(32)

3.3. Solution method

When the problem size increases, it takes a longer
computation time to obtain a solution. Moreover, in
practice, cargos can be transported in multiple peri-
ods. We extend our two-stage model into a multi-
stage model which is presented in Appendix D. The
existing commercial optimizer cannot return results
within a reasonable computational time, therefore in
order to solve the large-sized problems, we develop
a genetic algorithm (GA) to find a near-optimal
solution quickly. The following are the stages
designed in our GA.

3.3.1. Chromosome representation and
initialization
This is the initial step of the GA which is an
important part in the algorithm performance.
Chromosomes represent the decision variables of
the air cargo loading plan in regions and in the
hub. We apply a matrix structure for such chromo-
somes and illustrate it in Table 2 which provides an
example of two regions, two destinations and two
scenarios. In the “cargo type” column, 1, 2, and 3
represent large, medium and small cargo
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respectively. In the “container number” column, the
values represent the total number of the correspond-
ing type of container used. In the “container type”
column, the values represent the type of container
that the corresponding cargo should be loaded into.
For this example, scenarios and cargo type are from
the initial data, and the available quantity of con-
tainers is 1 for each type of container. The chromo-
somes for regions are the columns of “container
types”, as highlighted in Table 2.

A similar method is used to generate the cargo
loading plan in the hub, see the example in Table 3.
In the “container number” row, 1 represents a pre-
used container from Region 1; 2 represents a pre-
used container from Region 2; 3 represents a con-
tainer from hub. Next we generate the chromosome
for the hub as in Table 4.

3.3.2. Genetic operators
Five-point crossover is adopted for the chromo-
somes in regions and the hub. To ensure the validity
of the chromosomes after crossover, we set up a cri-
terion that the total loaded volume and weight for
the container does not exceed its limitations. Table
5 illustrates this crossover method. In parents 1 and
2, the blue-coloured numbers are the crossover
points. Mutation is performed according to a certain

probability by randomly changing the values of the
selected points.

3.3.3. Offspring acceptance strategy
We use a semi-greedy strategy to accept the off-
spring created by the GA operators. In this strategy,
an offspring is accepted as the new generation only
if its total cost is less than the average of its parents.
This ensures that the best function value in any gen-
eration is no worse than that of previous genera-
tions. This approach enables the GA to reduce the
computation time and results in a fast convergence
toward an optimal solution.

3.3.4. Parent selection strategy
The fitness of each solution is obtained by calculat-
ing its objective function value, the total cost. We
use the “roulette wheel” method to select parents. It
is preferable that the individuals with smaller total
costs are chosen as parents for the next generation.

3.3.5. Stopping criteria
In order to balance the searching computation time,
as well as evolving an approximate optimal solution,
we use two criteria as stopping rules: (1) the max-
imum number of evolving generations allowed for
the GA, and (2) the standard deviation of the fitness
values of chromosomes in the current generation is
below a small value.

The process of our proposed GA is summarised
in the following pseudo code.

Table 2. An example of cargo loading in regions and the corresponding chromosomes for regions.
Cargo loading plan in Region 1 Cargo loading plan in Region 2

Scenario Cargo type Container number Container type Scenario Cargo type Container number Container type

1 1 1 2 1 1 1 6
1 1 1 2 1 1 1 1
1 2 1 4 1 2 1 4
1 2 1 7 1 2 1 1
1 3 1 5 1 2 1 3
1 3 1 6 1 3 1 7
2 1 1 3 2 1 1 2
2 1 1 5 2 2 1 4
2 2 1 3 2 2 1 3
2 3 1 4 2 3 1 5
2 3 1 6 2 3 1 3
2 3 1 5

Table 3. Cargo loading plan in the hub.
Scenario 1 1 1 1 1 1 2 2 2 2 2 2

Cargo type 1 1 1 2 3 3 1 2 3 3 3 3
Container number 2 2 3 2 2 1 1 3 2 1 2 1
Container destination 1 1 1 1 1 1 1 1 1 1 1 1
Container type 2 3 1 2 5 6 3 1 2 4 2 3
Scenario 1 1 1 1 1 1 2 2 2 2 2
Cargo type 1 2 2 2 2 3 1 1 2 2 3
Container number 1 1 1 1 3 1 2 1 3 1 1
Container destination 2 2 2 2 2 2 2 2 2 2 2
Container type 3 4 5 4 7 5 3 5 2 6 5

Table 4. The chromosome for the hub.
2 3 1 2 5 6 3 1 2 4 2 3 3 4 5 4 7 5 3 5 2 6 5
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4. Experimental results and discussions

In this section, we demonstrate the usefulness of
our proposed model with a real-world case study
and discuss the main findings from experiments to
show the efficiency of the model developed.

4.1. Case study and model inputs

We consider a case study of a logistics forwarder
company in Hong Kong, which provides inter-
national air cargo transportation services. Due to its
excellent location, Hong Kong has acted as Asia’s
leading air freight hub (Wan & Zhang, 2018); Hong
Kong is the hub used in this study. The company
collects cargos mainly from two regions—one is
Mainland China (denoted as Region A) and the
other one is Vietnam (denoted as Region B)—and
transports these containerised cargos via a hub in
Hong Kong to two main destinations—one is
Europe (denoted as Destination a) and the other
one is North America (Destination b). This for-
warder company collects information from its cus-
tomers on estimated demand for cargo shipments,
including the cargo types, quantities, destinations
and likely delivery dates.

To reduce the complexity of the cargo handling
process, the company categorises the cargos into
three types: large, medium and small, which have
volumes limits of 1500, 1200, and 1000 cubic metres
and weight limits of 750, 600, and 500 kg, respect-
ively. As discussed in the previous section, this for-
warder usually books air containers in advance and
pays a deposit to an airline company, which pro-
vides seven types of air containers, i.e. jIj ¼ 7.
Because of the limited hold spaces in passenger

aircraft, only one of each container type can be
rented at each region and at the hub, i.e. Li ¼ 1, as
the policy set by this airline company. All the input
data used for container characteristics and the
related costs are the same as in our previous works
(Wu, 2010, 2011) and are summarised in Tables A1
and A2 presented in Appendix A. Table A1 shows
the information on the characteristics of each air
container type. A fixed cost is charged for each con-
tainer type; other data relevant to our model are the
volume limit, the weight limit and the costs per unit
volume. Table A1 also gives the other related costs
of renting and loading air containers: if containers
are booked in advance but not used, a penalty cost
for their return is incurred; if additional containers
are needed on the day of shipment a penalty cost is
likewise incurred. Finally, a consolidation cost is
applied for each container type. Table A2 shows the
weight break points for weight charges, and the
weight charge rate in intervals defined by the break
points. If the forwarder continues to choose the “re-
used” containers (those from the regions) at the
hub, there is a 5% discount applied to the fixed
cost, i.e. h ¼ 95%:

Based on historical data and the managers’ expert
opinions, it is assumed that there are three possible
scenarios for demand uncertainty: low, medium and
high demand. The corresponding demand quantities
in each scenario are shown in Table 6. For example,
when the demand is high for the route from Region
A to Destination a, it is predicted that there will be
two large cargos, three medium cargos and three
small cargos. The probabilities of the demand scen-
arios are assumed to depend highly on the expected
economic conditions, say poor, fair and good

START
Initialisation:
Randomly generate the loading plans in the regions and in the hub
Evaluate the objective function value of each individual
While maximum number of evolving generations is not achieved, and the standard deviation of fitness is not below a small value
Do
five-point crossover & mutation
check the validity to ensure the feasibility
apply semi-greedy strategy
roulette wheel selection
Return the best individuals in current generation

Table 6. Origin/destination cargo quantities under scenarios
of low/medium/high demand (adapted from Wu, 2010).

Destination a Destination b

Demand scenarios Demand scenarios

Low Medium High Low Medium High

Origin Region A
cargo type

Large 1 2 2 1 1 2
Medium 2 2 3 2 3 3
Small 2 2 3 1 2 2

Region B
cargo type

Large 1 1 2 1 1 3
Medium 1 2 2 1 2 2
Small 1 1 2 2 2 2

Table 5. An illustration of a five-point crossover.
Parent 1 Parent 2 Child 1 Child 2

2 6 2 6
2 1 1 2
4 7 4 7
7 1 7 1
5 3 5 3
6 4 4 6
1 2 2 1
5 4 4 5
3 3 3 3
4 5 4 5
6 3 3 6
5 5 5 5
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economic environments. Table 7 shows one example
of the probabilities of demand scenarios under the
different economic conditions. This example is used
to demonstrate how the model works to help the
cargo forwarders making decisions in the first and
second stage. Further analysis on the impacts of
such probabilities on the objective function value is
also investigated in the experiments.

4.2. Experiments of the case study

The model for this case study was implemented
using AIMMS 3.14 commercial software with
CPLEX 12.6 Solver. Three tests were carried out,
corresponding to poor, fair and good economic con-
ditions. In this section, we discuss the results on
booking of containers and the loading of cargos, as
well as related costs and the computa-
tional efficiency.

4.2.1. Results on container booking
The proposed model determines the container book-
ing plan for each region and at the hub at the first
stage (see results in Table B1), and adjusts the book-
ings at the second stage if there are any unused con-
tainers to return or any urgent bookings on the day
of shipping (see Table B2). We observe that contain-
ers of types 4, 5 and 6 are the preferred choices (see
Figure 2) under all economic conditions. The
explanation for this preference is the relative costs
of the different types of container. Container types
4, 5, and 6 are less costly per unit volume than the
larger types 1, 2, and 3 (see Table A1). However,

although a container type 7 has a low cost per unit
volume, it is not preferred. This is because space is
wasted if this container type is used, due to the rela-
tive volumes of the container type and the
cargo sizes.

4.2.2. Results on container loading plan
The experiments give optimal plans for booking of
containers and loading of cargos in the regions and
the hub under the different economic conditions. In
the results, the small, medium and large cargos for
Destination a are denoted by capital letters, S, M
and L, and those for Destination b by small letters,
s, m, and l. The results on how to load cargos into
containers in each region are given in Table C1 of
Appendix C; and results on the loading plans at the
hub are summarised in Table C2 of Appendix C.
Both are second-stage decisions in our pro-
posed model.

Here we illustrate the Test III, good economy,
results under different demand scenarios by Figure
3 (high demand), Figure 4 (medium demand), and
Figure 5 (low demand). In each figure, containers
loaded in Regions A and B are pre-booked contain-
ers. Information concerning the container type and
the loading plans are shown under each container.
Containers coloured in green in Region A will be
“re-used” in the hub consolidation process and then
transported further to the destinations. Similarly,
containers coloured blue are also “re-used” contain-
ers, but they originate from Region B. Containers
coloured yellow are pre-booked containers at the
hub; containers coloured white at Region A and
Region B will be used to transport cargos from
regions to the hub but are not used in the hub con-
solidation process, and will then be kept by the air-
line company at no extra charge. Containers
coloured in red are pre-booked containers at regions
and hub, but will not be needed, i.e. “unused con-
tainers”, which will cause penalty charges by the

Figure 2. Comparison of the total number of containers booked in poor, fair and good economic conditions.

Table 7. Probabilities of each scenario (from Wu, 2010).
Probabilities under economic conditions

Poor Fair Good

Demand scenario Low 80% 10% 10%
Medium 10% 80% 10%
High 10% 10% 80%
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airline company. We keep the container colours the
same during the cargo forwarding process. In this
manner, it is clear to see how the cargos are con-
solidated at the hub, and how each container is
used in the cargo forwarding plans.

To illustrate how containerised cargos are trans-
ported from the hub to the destinations, we take
results from Figure 3 as an example. In this high
demand scenario, it can be observed that the type 4
container (green colour) from Region A will be used
to carry 4 medium-sized cargos to Destination a;
the type 3 container (blue colour) from Region B
will be used to carry 2 large-sized cargos and 2
small-sized cargos to Destination a; one hub pre-

booked container of type 4 will transport 4
medium-sized cargos to Destination b. There is no
unused container in this scenario.

The results also include how cargos are loaded
into each container in the regions, and identify if
there are any pre-booked containers that are not
utilised when demand is realised. Take the medium
demand scenario as in Figure 4 as an example. At
Region B, there will be one medium cargo with
Destination b, one small cargo with Destination a
and two small cargos with Destination b loaded into
a type 3 container; one medium cargo with
Destination a and one medium cargo with
Destination b will be loaded into a type 5 container;

Figure 4. Cargo loading plan in good expected economic conditions under the medium demand scenario. 1. Container col-
ours represent pre-booked at A and re-used at hub (green), pre-booked at B and re-used at hub (blue), pre-booked at hub
(yellow), pre-booked at A or B and not re-used (white), pre-booked and not used (red). 2. Cargo sizes, small (s, S), medium
(m, M), large (l, L) are upper case to Destination a and lower case to b.

Figure 3. Cargo loading plan in good expected economic conditions under the high demand scenario. 1. Container colours
represent pre-booked at A and re-used at hub (green), pre-booked at B and re-used at hub (blue), pre-booked at hub (yellow),
pre-booked at A or B and not re-used (white), pre-booked and not used (red). 2. Cargo sizes, small (s, S), medium (m, M),
large (l, L) are upper case to Destination a and lower case to b.
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one large cargo with Destination a and one large
cargo with Destination b will be loaded into a type
6 container. There is one type 4 container (red col-
our) unused at Region B and also one in the hub
unused container, both of which will be charged at
the penalty costs. At Region A, a type 2 container
and a type 7 container will carry cargos to the hub
but not used to transport any further and kept by
the airline company.

It may be noted from Figure 3 that in Test III,
good expected economic conditions, with the high
demand scenario there are pre-booked type 4 con-
tainers coming to the hub from both regions A and
B. However, only one is re-used at the hub and an
extra one is pre-booked at the hub. This may seem
less than optimal: if both type 4 containers are re-
used, there are discounts on both fixed rental costs.
However, Figure 4 shows that in Test III, when
good economic conditions are expected but the
medium demand scenario is realised, one of the
pre-booked type 4 containers is not used, thus
incurring a penalty cost. This means that in Test III,
the total number of re-usable type 4 containers, a

first-stage decision, can be no more than 1. This
highlights the possible disadvantage to the forwarder
in having to make a decision about re-use of con-
tainers at the first stage, rather than at the second
stage when demand is realised.

To investigate how cargos are packed at the
regions and repacked in the hub for transporting to
their final destinations, we use the low demand
scenario as shown in Figure 5 as an example. With
the low demand situation, there are more unused
containers than expected, including one type 2 con-
tainer pre-booked at Region A, one type 4 container
pre-booked at Region B, and all the pre-booked
containers at the hub; all these will be penalised by
the airline company. The type 4 container at Region
A carries 2 medium-sized cargos with Destination a
and 2 medium-sized cargos with Destination b to
the hub, where those cargos with Destination b are
unloaded and one more medium-sized cargo (from
type 7 container at Region A) will be loaded into
this type 4 container. Therefore, this type 4 con-
tainer (green colour) will take 3 medium-sized car-
gos to Destination a.

Table 8. Freight forwarder costs (in $) under three economic conditions (adapted from Zhu et al., 2015).
Economic conditions

Stage Costs Test I: Poor Test II: Fair Test III: Good

First Region pre-booked container rental 368,979 430,550 525,614
Hub pre-booked container rental 74,820 106,353 145,238
Hub re-used container rental 251,660 276,037 332,606

Second Region cargo weight charge 24,694 36,703 56,921
Hub cargo weight charge 4,673 12,950 21,087
Hub re-used container cargo weight charge 21,592 30,163 40,877
Region unused container return penalties 0 0 17,000
Hub unused container return penalties 0 4000 17,500
Region urgent container rental penalties 45,000 20,000 0
Hub urgent container rental penalties 40,000 22,000 0
Consolidation 34,800 40,300 49,600
Total 866,217 979,056 1,206,444

Figure 5. Cargo loading plan in good expected economic conditions under the low demand scenario. 1. Container colours
represent pre-booked at A and re-used at hub (green), pre-booked at B and re-used at hub (blue), pre-booked at hub (yellow),
pre-booked at A or B and not re-used (white), pre-booked and not used (red). 2. Cargo sizes, small (s, S), medium (m, M),
large (l, L) are upper case to Destination a and lower case to b.
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4.2.3. Results on all the related costs and compu-
tational efficiency
Next, we analyse all the related costs under the three
economic conditions, comparing the fixed and vari-
able rental costs, penalty costs for urgent booking/
returning and the consolidation (repacking) costs.
The costs are presented in Table 8. It can be con-
cluded that under good economic conditions when
the demand is most likely to be high, it is recom-
mended by the model that more containers should
be booked in the first stage to accommodate more
cargos, so that there are no urgent booking costs.
However, in fair and poor economic conditions,
when demand is most likely to be at medium or
low levels, then smaller numbers of containers
should be booked in the first stage to avoid penalty
costs of returning unused containers. Comparing
the costs of good to those of fair and poor economic
conditions, all the costs apart from penalty costs are
higher, due to the high demand.

Regarding the computational efficiency, the
model returns results fastest, in 639 s, for the situ-
ation under poor economic conditions, while for the
other conditions, it also works efficiently, taking

3877 and 36,621 s for fair and good conditions
respectively. It can be noted that, for poor economic
conditions, the problem size is smaller, so the com-
putational time is shorter.

4.2.4. Further experiments on the impacts of scen-
ario probabilities
In order to investigate the impacts of the demand
scenario probabilities on the total costs, we carried
out 10 sensitivity tests with different probabilities
for high, medium and low demands (see results in
Table 9). It can be concluded that the total costs
depend highly on these probabilities, and higher
costs are associated more with the probability for
higher demands. This is because when the demand
is high, there will be more containers needed, so the
cost will go up.

4.3. Computational results by GA

The model parameters settings are the same as the
two-stage stochastic model. To find out the best
combination values of GA parameters for our con-
sidered problem, we have designed a set of prelim-
inary experiments in which the values of the
following parameters change within the
ranges below.

Maximum Generation [20,30,40,50]
Population Size [30,50,100,150,200,250]
Crossover rate [0.6,0.7,0.8,0.9]
Mutation rate [0.01,0.02,0.1,0.2]
Based on our observation, GA is able to find

near-optimal solutions within 50 generations in all
the cases. The size of population affects the quality
of solution, and larger population leads to better
solutions but takes more computation time; the
effect of crossover and mutation rates on the solu-
tions differs among cases. Therefore, we set the
maximum generation 50, population size 200, cross-
over rate 0.7 and mutation rate 0.1 for the experi-
ments below. The GA was run 30 times for each
case and the average value is reported. The results
from two-stage and three-stage models are presented
in Tables 10 and 11. The costs obtained by the GA

Table 11. Comparison between GA and AIMMS for three-
stage stochastic model.
Test I II III

Total cost by AIMMS 2836720 2266843 2022581
Total cost by GA 2773415 2208467 1978423
Lower bound 2606252 2073880 1805892
Gap between AIMMS and

Lower bound
8.12% 8.51% 10.71%

Gap between GA and Lower
bound

6.03% 6.09% 8.72%

Computing time by AIMMS
(seconds)

70860.69 46873.65 140961.85

Table 9. Comparing the total costs based on different scenario probabilities.
Demand

Total CostsHigh Medium Low

10% 30% 60% 934543
10% 70% 20% 970601
15% 40% 45% 986906
20% 25% 55% 1011687
20% 60% 20% 1046089
30% 20% 50% 1075643
25% 65% 10% 1086928
35% 35% 30% 1113767
50% 25% 25% 1143335
75% 15% 10% 1197912

Table 10. Comparison between GA and AIMMS for two-
stage stochastic model.
Test I II III

Total cost by GA 1288726 1067032 955656
Total cost by AIMMS 1206444 979056 866217
Gap between GA and AIMMS 6.82% 8.99% 10.33%
Computing time for AIMMS

to get the optimal
result (seconds)

36621.38 3876.64 639.34
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and the optimal costs obtained by the commercial
software AIMMS are compared. It can be observed
that in Test I, good economy environment, the gaps
between the GA results and optimal solutions are
the smallest. The computation times from AIMMS
to get the optimal solutions range from 10min to
10 h, while the solving time of the GA is less than
10min in all our experiments.

The convergency of the GA is shown in Figure 6,
which demonstrates the evolvement of our proposed
GA. The horizontal axis represents the number of
generations in which the GA evolves, and the verti-
cal axis represents the values of the objective func-
tion, i.e. the total costs.

5. Conclusions

In this study, we have investigated the problem of
forwarding cargos as international air freight via a
hub, considering the processes of booking and load-
ing air containers as well as consolidation of cargos
in the hub. A stochastic programming model has
been developed to deal with the uncertain demand
by breaking the decisions into two stages, where the
first stage decides the container bookings in each
region and at the hub. At the second stage, on ship-
ment day, the numbers of containers to be urgently
booked or returned are decided, as well as container
loading plans. We further extend the two-stage
model into a multi-stage model. The main contribu-
tion of our research is that we combine all of these
decisions and find solutions using a single model;
the GA is designed to solve the problem in large
sizes. This has not been addressed in previous stud-
ies. The proposed model has been tested by applying
a real-world case study, and it has been shown that
the model works efficiently in terms of providing
detailed booking and loading plans, given different
demand scenarios under various economic condi-
tions. We have also demonstrated that the preferred
air containers are those with smaller fixed costs per

unit volume. Finally, an experiment on the demand
probabilities has been carried out to show how the
total costs are impacted by these probabilities. We
conclude that the higher the demands are likely to
be, the more total costs will be incurred.

The customer demands considered in our study
can change only in terms of the quantities, i.e. the
demand can be at low, medium and high levels.
However, in reality, the demands can also change in
terms of the requested shipping times, i.e. customers
can request shipment of their cargos on dates differ-
ent from their original plans: this is a possible future
research direction. A second area for future research
is to use efficient approaches to generate and model
scenarios; for example Monte Carlo simulation,
machine learning and other predictive analytics
methods can be used for creating scenarios, and
probability theory and fuzzy theory can be applied
to model scenarios. Another area is to take into
consideration the multi-hub case, where inter-
national cargos can be consolidated at different
hubs before reaching their final destinations, while
combining the transportation scheduling, i.e. deliv-
eries of cargos by trucks and airline schedules, into
the cargo forwarding plans.
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Appendix A: Model inputs

Appendix B: Results on container booking plans for all the scenarios (adapted from Zhu
et al., 2015)

Table A1. Air container volume/weight characteristics and fixed and variable rental costs (adapted from Wu, 2011).

Container type Weight limit (kg)
Volume

limit (dm3)
Fixed rental
cost ($)

Fixed cost per
unit

volume ($/dm3)

Unit penalty
cost for
returning
unused

containers

Unit penalty
cost for urgent
container rental Consolidation cost

1 6800 6489 161617 24.91 100000 200000 16000
2 5400 6300 105898 16.81 70000 150000 10000
3 4200 5008 85207 17.01 60000 120000 8000
4 4000 4882 74373 15.23 50000 100000 7000
5 3900 3700 48713 13.17 40000 80000 5000
6 3500 3150 46553 14.78 35000 70000 4000
7 1200 1400 20695 14.78 30000 60000 2000

Table A2. Air container cargo weight break points and weight charge rates (adapted from Wu, 2011).
Weight break points (kg) Weight charge rate ($/kg)

Container type 1 2 3 4 5 6 1 2 3 4 5 6

1 3968 4722 5290 5976 6273 6800 0 32 0 29 0 25
2 2600 3050 3467 3954 4111 5400 0 32 0 29 0 25
3 2092 2490 2789 3149 3307 4200 0 32 0 29 0 25
4 1826 2173 2434 2741 2886 4000 0 32 0 29 0 25
5 1196 1423 1594 1825 1917 3900 0 32 0 29 0 25
6 1643 1747 2000 2500 2591 3500 0 32 0 29 0 25
7 505 602 674 758 799 1200 0 32 0 29 0 25

Table B1. Container advance booking plans at each region and at the hub under each economic condition (first-
stage decisions).
Container type 1 2 3 4 5 6 7

Economic Conditions Test I: Region Pre-booked A 1 1 1
Poor B 1 1 1

Hub Re-used 1 2 2
Hub Pre-booked 1

Test II: Fair Region Pre-booked A 1 1 1 1
B 1 1 1

Hub Re-used 2 1 2
Hub Pre-booked 1 1

Test III: Region Pre-booked A 1 1 1 1 1
Good B 1 1 1 1

Hub Re-used 1 1 2 2
Hub Pre-booked 1 1 1

Table B2. Urgent booking of containers and returning of unused containers in regions and at hub on shipment day
(second-stage decisions), (adapted from Zhu et al., 2015).

Demand scenario realised at stage 2

Low demand, s1 Medium demand, s2 High demand, s3

2 3 4 5 6 3 4 2 3 4 5 7

Economic conditions expected at stage 1 Test I: Poor Urgent Region A x x x
B x

Hub x x x x
Unused Region A

B
Hub

Test II: Fair Urgent Region A x
B x

Hub x x
Unused Region A

B
Hub x

Test III: Good Urgent Region A
B

Hub
Unused Region A x

B x x
Hub x x x x
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When first stage decisions are made, the future demand is unknown: this can only be known on shipment day, thus
affecting decisions taken at the second stage. The three tests represent poor, fair and good economic conditions, respect-
ively, given the expected view of demand. Taking Test III, good economic conditions, as an example from Table B1:
Region A will pre-book air containers of types 2, 4, 5, 6, and 7; in Region B there will be pre-booking of air containers
of types 3, 4, 5, and 6; at the hub, a type 3, a type 4, two type 5 containers and two type 6 containers will be re-used; in
addition, extra type 4, 5 and 6 containers are pre-booked at the hub. All the other cases can be described in a simi-
lar way.

Once the actual demands are realised, the model returns the results on the second-stage decisions. When the eco-
nomic condition is expected to be good, most of the cases with returning the unused containers will occur in the scen-
ario of low realised demands, as shown in Table B2, in which x indicates one container involved. In contrast, when the
economic condition is expected to be poor, yet the demand level is high, i.e. scenario 3 is realised, extra containers are
needed for urgent bookings in the regions and at the hub. Combining the results from Tables B1 and B2, it can be
observed that when good economic conditions are expected, when it is most likely (with 80% probability) that high
demand occurs, there will be more containers booked at the first stage (see Test III for good economic conditions in
Table B1) and no urgent booking in the second stage (see Test III, good economic conditions, urgent section in
Table B2).

Appendix C: Cargo loading plan results under test I, good economic conditions (Zhu
et al., 2015)

Appendix D: The multi-stage stochastic model

To extend our proposed two-stage model into a multi-stage model, index t is added to represent the periods, where
t¼f1,2,… ,Tg. All the other notations are the multi-stage versions of the two-stage variables. Compared to the two-stage
model, this multi-stage model allows the relevant decisions to be adjusted at multiple times during the whole planning
horizon, thus achieving the greatest cost efficiency overall.

min
XT
t¼1

XS
s1

XS
s2

� � �
XS
st

p s1s2���stð Þ
XR
r¼1

Mrt þ Nt

!0
@

0
@ (D.1)

subject to

Mrt ¼
Xm
i¼1

XLirt
l¼1

c0irtxilr s1s2���stð Þ þ
Xm
i¼1

XLirt
l¼1

XKi

k¼1

dikrgilkr s1s2���stð Þ þ
Xm
i¼1

c�irto
�
ir s1s2���stð Þ þ

Xm
i¼1

cþirto
þ
ir s1s2���stð Þ þ

XD
d¼1

Xn
j¼1

bþjrty
þ
jrd s1s2���stð Þ

þ
XR
r¼1

Xm
i¼1

XLirt
l¼1

bitxilr s1s2���stð Þ

(D.2)

Table C2. Plans for loading cargo in the hub for different destinations using different container types.
Demand scenario

Low Medium High

Destn a Destn b Destn a Destn b Destn a Destn b

Container type 3 From Region B 2l 1 s 2l 1m 2L 2S
4 From Region A 3M 1L 2M 4M

From hub 4m
5 From Region A 2m 2M 1L 2S

From Region B 1m 2 s 2m 1l 1m 1 s
From hub 2m 1 s 1L 1M 1S

6 From Region A 2L 3S 2l
From Region B 3S 3s 3s
From hub 2L 2l

Table C1. Regional assignment of cargos to container type by demand scenario.
Cargo loading by container type

1 2 3 4 5 6 7

Scenario Low demand Region A 0 0 0 2M 1m 1m 2S 1L 1 l 1s
Region B 0 0 1l 1M 1 s 0 1m 1 s 1L 1S 0

Medium demand Region A 0 1l 2M 1 s 0 3m 2S 2L 1s
Region B 0 0 1m 1S 2 s 0 2M 1m 1L 1 l 0

High demand Region A 0 1L 2 l 1 s 0 2M 2m 1L 1m 1 s 3S 1M
Region B 0 0 2l 2S 2M 2m 1L 2 s 1L 1 l 0
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iljdðs1s2���stÞ � Wix

hc
ildðs1s2���stÞ i ¼ 1, � � � ,m; l ¼ 1, � � � , Lit; t ¼ 1, :::,T; s1, � � � , st ¼ 1, � � � , S; d ¼ 1, � � � , D;

(D.9)

yþjrds0 ¼ 0, yþjrd s1s2���sTð Þ ¼ 0 j ¼ 1, � � � , n; r ¼ 1, � � � , R; d ¼ 1, � � � , D (D.10)

Xm
i¼1

XD
d¼1

XLirt
l¼1

yiljrd s1s2���stð Þ þ
XD
d¼1

yþjrd s1s2���stð Þ ¼ qjr s1s2���stð Þ þ
XD
d¼1

yþjrd s1s2���st�1ð Þ j ¼ 1, � � � , n; r ¼ 1, � � � , R; t

¼ 1, :::,T; s1, :::, st ¼ 1, :::, S (D.11)

yþjrd s1s2���stð Þ �
Xm
i¼1

XLirt
l¼1

yiljrd s1s2���stþ1ð Þ j ¼ 1, � � � , n; r ¼ 1, � � � , R; d ¼ 1, � � � , D; t ¼ 1, :::,T; s1, :::, st ¼ 1, :::, S

(D.12)

yhþjds0 ¼ 0, yhþjd s1s2���sTð Þ ¼ 0 j ¼ 1, � � � , n; d ¼ 1, � � � , D (D.13)

Xm
i¼1

XLhit
l¼1

yhiljd s1s2���stð Þ þ
Xm
i¼1

XLit
l¼1

yhciljd s1s2���stð Þ þ yhþjd s1s2���stð Þ ¼ qhjd s1s2���stð Þ þ yhþjd s1s2���st�1ð Þ �
XR
r¼1

yþjrd s1s2���stð Þ j ¼ 1, � � � , n; d

¼ 1, � � � , D; t ¼ 1, :::,T; s1, :::, st ¼ 1, :::, S (D.14)

yhþjd s1s2���stð Þ �
Xm
i¼1

XLhit
l¼1

yhilj s1s2���stþ1ð Þ þ
Xm
i¼1

XLit
l¼1

yhciljd s1s2���stþ1ð Þ j ¼ 1, � � � , n; d ¼ 1, � � � , D; t ¼ 1, :::,T � 1; s1, :::, st ¼ 1, :::, S

(D.15)

oirt ¼
XLirt
l¼1

xilrðs1s2���stÞ þ oþirðs1s2���stÞ � o�irðs1s2���stÞ i ¼ 1, � � � ,m; r ¼ 1, � � � , R, t ¼ 1, :::,T; s1, :::, st ¼ 1, :::, S (D.16)

ohit ¼
XLhit
l¼1

XD
d¼1

xhildðs1s2���stÞ þ ohþiðs1s2���stÞ � oh�iðs1s2���stÞ i ¼ 1, � � � ,m; t ¼ 1, :::,T; s1, :::, st ¼ 1, :::, S (D.17)

XR
r¼1

XLirt
l¼1

xhcildðs1s2���stÞ �
XR
r¼1

XLirt
l¼1

xilrðs1s2���stÞ i ¼ 1, � � � ,m; t ¼ 1, :::,T; s1, :::, st ¼ 1, :::, S (D.18)

XLhit
l¼1

XD
d¼1

xhildðs1s2���stÞ � Lhit i ¼ 1, � � � ,m; t ¼ 1, :::,T; s1, :::, st ¼ 1, :::, S (D.19)
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XR
r¼1

XLirt
l¼1

XD
d¼1

xhcildðs1s2���stÞ ¼ ohcit i ¼ 1, � � � ,m; t ¼ 1, :::,T; s1, :::, st ¼ 1, :::, S (D.20)

XKi

k¼1

gilkrðs1s2���stÞ ¼
Xn
j¼1

XD
d¼1

wjyiljrdðs1s2���stÞ i ¼ 1, � � � ,m; l ¼ 1, � � � , Lirt; t ¼ 1, :::,T; s1, :::, st ¼ 1, :::, S; r ¼ 1, � � � , R

(D.21)

gilkrðs1s2���stÞ � zilkrðs1s2���stÞ aikr � ai k�1ð Þrð Þ i ¼ 1, � � � ,m; l ¼ 1, � � � , Lirt; k ¼ 1, � � � , Ki; t ¼ 1, :::,T; r

¼ 1, � � � , R; s1, :::, st ¼ 1, :::, S (D.22)

gilkrðs1s2���stÞ � zilðk�1Þrðs1s2���stÞ aikr � ai k�1ð Þrð Þ i ¼ 1, � � � ,m; l ¼ 1, � � � , Lirt; k ¼ 1, � � � , Ki; t ¼ 1, :::,T; r

¼ 1, � � � , R; s1, :::, st ¼ 1, :::, S (D.23)

XKi

k¼1

ghilkdðs1s2���stÞ ¼
Xn
j¼1

yhiljdðs1s2���stÞ i ¼ 1, � � � ,m; l ¼ 1, � � � , Lhit; t ¼ 1, :::,T; d ¼ 1, � � � , D; s1, :::, st ¼ 1, :::, S (D.24)

ghilkdðs1s2���stÞ � zhilkdðs1s2���stÞ ahik � ahi k�1ð Þ
� �

i ¼ 1, � � � ,m; l ¼ 1, � � � , Lhit; t ¼ 1, :::,T; k ¼ 1, � � � , Ki; s1, :::, st ¼ 1, :::, S

(D.25)

ghilkdðs1s2���stÞ � zhilðk�1Þdðs1s2���stÞ ahik � ahi k�1ð Þ
� �

i ¼ 1, � � � ,m; l ¼ 1, � � � , Lhit; t ¼ 1, :::,T; k ¼ 1, � � � , Ki; s1, :::, st

¼ 1, :::, S

(D.26)XKi

k¼1

ghcilkdðs1s2���stÞ ¼
Xn
j¼1

yhciljdðs1s2���stÞ i ¼ 1, � � � ,m; l ¼ 1, � � � , Lhit; t ¼ 1, :::,T; d ¼ 1, � � � , D; s1, :::, st ¼ 1, :::, S

(D.27)

ghcilkdðs1s2���stÞ � zhcilkdðs1s2���stÞ ahik � ahi k�1ð Þ
� �

i ¼ 1, � � � ,m; l ¼ 1, � � � , Lirt; t ¼ 1, :::,T; k ¼ 1, � � � , Ki; r

¼ 1, � � � , R; s1, :::, st ¼ 1, :::, S (D.28)

ghcilkdðs1s2���stÞ � zhcilðk�1Þdðs1s2���stÞ ahik � ahi k�1ð Þ
� �

i ¼ 1, � � � ,m; l ¼ 1, � � � , Lirt; t ¼ 1, :::,T; k ¼ 1, � � � , Ki; r

¼ 1, � � � , R; s1, :::, st ¼ 1, :::, S (D.29)

oirt , o�irðs1s2���stÞ, oþirðs1s2���stÞ, o
h
it , oh�iðs1s2���stÞ, ohþiðs1s2���stÞ, ohcit , yiljrdðs1s2���stÞ, yþjrd s1s2���stð Þ, yhiljdðs1s2���stÞ,

yhciljdðs1s2���stÞ, yhþjd s1s2���stð Þ, gilkrðs1s2���stÞ, ghilkdðs1s2���stÞ, ghcilkdðs1s2���stÞ 2 0, 1, :::, inff g; xilrðs1s2���stÞ,

xhildðs1s2���stÞ, xhcildðs1s2���stÞ, zilkrðs1s2���stÞ, zhilkdðs1s2���stÞ, zhcilkdðs1s2���stÞ 2 0, 1f g i ¼ 1, � � � ,m,

oirt , o�irðs1s2���stÞ, oþirðs1s2���stÞ, o
h
it , oh�iðs1s2���stÞ, ohþiðs1s2���stÞ, ohcit , yiljrdðs1s2���stÞ, yþjrd s1s2���stð Þ, yhiljdðs1s2���stÞ,

l ¼ 1, � � � , Lirt; j ¼ 1, � � � , n; r ¼ 1, � � � , R; d ¼ 1, � � � , D, t ¼ 1, :::,T; k ¼ 1, � � � , Ki; s1, :::, st ¼ 1, :::, S

(D.30)

The objective function (D.1) is the total cost including container fixed and variable costs in the regions, penalty costs
for renting or returning containers on the shipping day in the regions, inventory costs in regions, repacking costs in the
hub, fixed and variable costs for the pre-used containers and new containers in the hub, inventory costs in the hub and
uncertainty costs for renting or returning containers to the hub. The details of the objective function can be found in
the constraints (D.2) and (D.3). Constraints (D.4)–(D.9) ensure that the cargoes loaded into the containers cannot
exceed the volume and weight limitations. The cargo quantity constraints in the regions and hub are (D.10)–(D.15).
(D.10) and (D.13) mean that quantities of stored cargo before the first period and in the final period must be 0. (D. 11)
and (D.14) ensure that the all the cargoes are transported throughout the process. (D.12) and (D.15) mean the quantity
of storage cargo in any period is less than or equal to the quantity of transported cargo in the next. These two con-
straints enable the assumption that the air cargoes can be transported with one day’s delay. If the assumption should be
changed to two days or more, we just need to change these two constraints. The container quantity constraints in the
regions and hub are (D.16) and (D.17). Constraint (D.18) means that for each type of container, the quantity of pre-
used containers used in the hub cannot be greater than the sum of containers used in all regions. Constraint (D.19)
ensures that the number of each type of container used in the hub cannot exceed the limit. Constraint (D.20) makes
sure that the pre-used container usage plan is the same no matter which scenario is realised. Constraints (D.21)–(D.29)
are container variable cost constraints. Constraint (D.30) is the variable range.
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