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In this study, the author focuses on modeling and optimizing a freight routing problem in a road-rail intermodal transportation
network that combines the hub-and-spoke and point-to-point structures. )e operations of road transportation are time flexible,
while rail transportation has fixed departure times.)e reliability of the routing is improved bymodeling the uncertainty of the road-
rail intermodal transportation network. Parameters that are influenced by the real-time status of the network, including capacities,
travel times, loading and unloading times, and container trains’ fixed departure times, are considered uncertain in the routing
decision-making. Based on fuzzy set theory, triangular fuzzy numbers are employed to formulate the uncertain parameters as well as
resulting uncertain variables. Green routing is also discussed by treating the minimization of carbon dioxide emissions as an
objective. First of all, a multiobjective fuzzy mixed integer nonlinear programming model is established for the specific reliable and
green routing problem. )en, defuzzification, linearization, and weighted sum method are implemented to present a crisp linear
model whose global optimum solutions can be effectively obtained by the exact solution algorithm run by mathematical pro-
gramming software. Finally, a numerical case is given to demonstrate how the proposed methods work. In the case, sensitivity
analysis is adopted to reveal the effects of uncertainty on the routing optimization. Fuzzy simulation is then performed to help
decision makers to select the best crisp route plan by determining the best confidence level shown in the fuzzy chance constraints.

1. Introduction

Rail transportation has been acknowledged to be a cost-
effective means of long-distribution transportation. It yields
massive capacity and can effectively realize the economies of
scale in bulk transportation [1]. As another representative
transportation mode, road transportation shows excellent
mobility and flexibility in short- and medium-distance
collection and delivery activities [2]. Coordination of the two
transportation modes in one distribution chain in which the
loading units are ISO standard 20 ft containers [3] leads to an
advanced transportation system named road-rail intermodal
transportation.

Road-rail transportation combines the above two
transportation modes and integrates their respective ad-
vantages to provide seamless door-to-door services for

containerized freight delivery that are difficult to achieve by
the unimodal transportation [4]. In recent years, road-rail
intermodal transportation has become a promising means of
inland freight transportation in the Euro-China Expressway
to support the growing international trade motivated by the
development of the “One Belt, One Road” initiatives [5].)e
road-rail intermodal transportation system has been thereby
widely established and promoted not only in transportation
practice, but also in logistics [6] and supply chain [7].

To realize effective resource allocation and utilization,
as well as successful operations of the road-rail intermodal
transportation system, it is necessary to use modeling,
optimization, and simulation methods and techniques to
help decision makers (e.g., transportation planners, in-
termodal transportation operators, policy makers, and
transportation providers and customers) to establish an
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optimal transportation network in strategic, tactical, and
operational levels [8]. As summarized by Caris et al. [9],
recent research topics in the road-rail intermodal trans-
portation planning field include policy support, terminal
network design, intermodal service network design, in-
termodal routing, and drayage operations. Among these
topics, road-rail intermodal routing that belongs to op-
erational-level planning is a spotlight highlighted by re-
searchers in theory and practitioners in transportation
practice [10] and is the issue targeted by this study.

Road-rail intermodal routing involves the optimal uti-
lization of existing transportation resources that are limited
in the road-rail intermodal transportation network. It aims
at the selection of the best routes to move containers of
transportation orders demanded by customers from origins
to destinations through the road-rail intermodal trans-
portation network [11]. )e best routes can either achieve
optimum on any one of the objectives, e.g., minimal cost
[3, 12, 13], minimal time [14, 15], lowest risk [16, 17], and
minimal greenhouse gas emissions [18], or make tradeoffs
among them in multiobjective optimizations.

Since logistics cost accounts for as much as 30% to
50% of the total production cost of companies [14, 19],
reducing costs created in the road-rail intermodal
transportation process is the main task of its routing
optimization, which also motivates that majority of the
relative literature takes minimization of costs as a prior
optimization objective [2]. Simultaneously, as a great
contributor to greenhouse gas emissions that cause
global warming, the transportation industry has been
urgently demanded for an environmental-friendly de-
velopment [20–22]. In this case, the transportation in-
dustry is challenged by reducing environmental impact
while keeping profitable [23]. As stated by Winebrake
et al. [20], planning routes with environmental con-
siderations through the intermodal transportation sys-
tem is an effective way to improve the environmental
sustainability of transportation. Carbon dioxide ac-
counts for ∼80% of the total greenhouse gas emissions
[24]. )is study investigates a green road-rail intermodal
routing problem considering the reduction of carbon
dioxide emissions.

Reliability is a crucial issue that is involved in the in-
termodal transportation system that needs to coordinate
various transportation modes, large number of facilities,
and different actors in an extensive network that is under a
more complicated environment than unimodal trans-
portation [18, 25]. In the road-rail intermodal routing
problem, reliability means the successful accomplishment
of transportation orders by using planned road-rail in-
termodal routes [26]. Uncertainty is the primary factor that
influences the reliability of intermodal transportation
[27–29]. Although a short-term planning [8], the routing
optimization should be undertaken before the actual
transportation starts [30]. However, the operations of the
transportation network are easily disrupted by various
factors, such as bad weather, traffic congestion, accidents,
breakdown or shortage of transportation facilities, and so
on [26]. As a result, network parameters regarding

operational times and service capacities that are exceed-
ingly sensitive to the real-time status of the transportation
network cannot keep stable and are also challenging to be
forecasted precisely in the advanced routing decision-
making, which results in the uncertainty of the intermodal
transportation network. )erefore, this study discusses the
reliable road-rail intermodal routing problem under un-
certainty in this study.

Above all, in this study, the author systematically ex-
plores a green and reliable road-rail intermodal routing
problem by making the following contributions:

(1) A road-rail intermodal routing problem is extended
by enhancing its environmental sustainability with
carbon dioxide emission optimization and improv-
ing transportation reliability with multiple sources of
uncertainty.

(2) Based on the fuzzy set theory, triangular fuzzy numbers
are adopted to model the uncertainty of the road-rail
intermodal transportation network, including capac-
ities, travel times, loading and unloading times, and
fixed departure times. Multiobjective optimization is
employed to deal with the carbon dioxide emissions by
generating Pareto solutions to make tradeoffs between
the economic and environmental objectives.

(3) Fuzzy goal programming approach is used to for-
mulate the green and reliable freight routing prob-
lem in the road-rail intermodal transportation
network with hub-and-spoke and point-to-point
structures. A multiobjective fuzzy mixed integer
nonlinear programming model is established, and
associated exact solution approach is developed.

(4) )e proposed methods are demonstrated in a nu-
merical case, in which sensitivity analysis and fuzzy
simulation are utilized to analyze the effects of
transportation network uncertainty on the routing
optimization quantitatively, and finally, determine
the optimum confidence level in the fuzzy chance
constraints.

)e remaining sections of this study are organized as
follows. Section 2 reviews relative literature in order to
find the research gap and identify the contributions of
this study. Section 3 provides the modeling foundation
for the road-rail intermodal routing problem, including
modeling network uncertainty by fuzzy set theory and
formulating the transportation system. Section 4 presents
a multiobjective fuzzy mixed integer nonlinear pro-
gramming model for the specific green and reliable
routing problem. )en, an exact solution approach that
combines defuzzification, linearization, and the weighted
sum method is designed for the sake of obtaining the
global optimum solutions to the problem. A numerical
case is given in Section 6 to demonstrate the feasibility of
the proposed fuzzy goal programming approach. )is
study also uses sensitivity analysis and fuzzy simulation
to quantify the effects of transportation network uncer-
tainty on the routing optimization in this section. Finally,
conclusions and insights are drawn in Section 7.
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2. Literature Review

Although Caris et al. [9] pointed out in 2013 that few studies
pay attention to the intermodal routing problem, many
relative types of research on this topic published in recent
years can be found.

2.1. Review on Green Intermodal Routing Problem. As an
effective way to improve the environmental sustainability of
the intermodal transportation system, the green routing
problem with carbon dioxide emission consideration is paid
growing attention by existing literature. Carbon tax regu-
lation might be the most widely used method in the green
intermodal routing problem to reduce carbon dioxide
emissions [31]. Under carbon tax regulation, transportation
orders are charged for each unit of emission with a tax [32].
)e tax is then integrated into the economic objective. By
optimizing the economic objective, the carbon dioxide
emission tax has opportunities to be reduced, which can help
to lower carbon dioxide emissions in the routing.

As a simple and straightforward method, carbon tax
regulation has been used by Chang et al. [33] in modeling a
sea-land intermodal routing problem with external cost. Sun
and Lang [34] and Zhang et al. [35] also adopt this regulation
in a multicommodity multimodal routing problem and a
transportation mode selection problem in intermodal
transportation, respectively. Hrušovský et al. [36] explore a
green intermodal routing problem with travel time uncer-
tainty in which the carbon dioxide emission tax is a part of
the economic objective and is also attached to weight as-
sociated with decision makers’ preference to the environ-
mental sustainability of transportation. It is also employed
by Zhang et al. [37] in a green multimodal routing problem
with time windows. In this study, sensitivity of the green
routing optimization on the unit carbon tax is analyzed,
which shows that the performance of carbon tax regulation
is sensitive to the setting of time windows. Sun et al. [11]
discuss a green intermodal routing problem with capacity
uncertainty and road traffic congestion. )e empirical case
study presented in this study indicates that the green routing
optimization is not sensitive to the unit emission tax, and the
routes are not changed unless the unit emission tax reach a
substantial value that is infeasible in practice.

Since the performance of carbon dioxide emission
regulation depends on the setting of routing cases [36] and is
not always stable [11], finding an alternative for the green
intermodal routing problem is necessary. Currently, a few
articles try multiobjective optimization to reduce the carbon
dioxide emissions in the intermodal routing. Vale and
Ribeiro [38] propose a multiobjective model for a multi-
modal routing problem, in which minimization of carbon
dioxide emissions is set as an objective that is independent of
the objective of minimizing the transportation time. Demir
et al. [18] also employ multiobjective optimization for re-
ducing carbon dioxide-equivalent emissions in the inter-
modal routing, in which several methods that can be used to
generate the Pareto solutions to the green routing optimi-
zation are tested. Moreover, in the case study given by Sun

et al. [11], multiobjective optimization that can provide
decision makers with Pareto solutions to the green routing
problem shows better feasibility than carbon tax regulation
in making tradeoffs between improving environmental
sustainability and lowering logistics cost. Besides the in-
termodal routing problem, limited researches on the in-
termodal transportation network design problem also utilize
multiobjective optimization to realize the design of green
intermodal transportation network, e.g., Qu et al. [39] and
Resat and Turkay [40].

Additionally, Sun et al. [31] establish a carbon dioxide
emission constraint in the hazardous materials road-rail
multimodal routing problem. )is constraint ensures the
carbon dioxide emissions generated by the hazardous ma-
terials road-rail multimodal transportation using the plan-
ned routes kept lower than a prescribed threshold.
Sensitivity analysis on the routing optimization concerning
the allowable carbon dioxide emissions in this study indi-
cates that the carbon dioxide emission constraint has nearly
the same performance to the multiobjective optimization.

2.2. Review on Reliable Intermodal Routing Problem under
Uncertainty. Transportation process optimization should
take uncertainty into account [41, 42]. As indicated in
Section 1, parameters that are sensitive to the real-time
status of the road-rail intermodal transportation network are
uncertainty in the routing decision-making. However, the
deterministic intermodal routing problem is still the current
dominance. Large numbers of deterministic routing opti-
mizations can be found from early studies, e.g., Barnhart and
Ratliff [43], Boardman et al. [44], Bookbinder and Fox [45],
and Ziliaskopoulos and Wardell [46] to recently published
articles, e.g., Chang et al. [14], Xiong andWang [15], Sun and
Lang [34], Ayar and Yaman [47], Moccia et al. [48], Heggen
et al. [49], andWolfinger et al. [50]. A few studies contribute
to the intermodal routing problem under uncertainty [3].

In the intermodal routing problem under uncertainty,
travel time uncertainty gains the most extensive attention.
Majority of the relative studies focuses on the intermodal
routing problem under travel time uncertainty. An early
study conducted by Min [51] developed a stochastic
chance-constrained programming model to solve the in-
termodal routing problem with travel time uncertainty. A
similar approach is employed by Zhao et al. [3] to find the
best sea-rail intermodal routes with stochastic travel times
in a space-time network and by Uddin and Huynh [13, 27]
in the real-world road-rail intermodal transportation
system. Hrušovský et al. [36] also take advantage of sto-
chastic programming and design a hybrid simulation and
optimization approach for the green intermodal routing
problem with travel time uncertainty. Conducted by the
same group of authors to Hrušovský et al. [36], there is a
study that uses stochastic programming to address a green
intermodal transportation network design problem that
considers travel times as uncertain parameters [22]. Based
on the fuzzy set theory, Sun and Li [2] establish a fuzzy
programming model to formulate a road-rail intermodal
routing problem with road travel time fuzziness. Similarly,
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fuzzy programming method is also utilized by Wang et al.
[1] in optimizing a road-rail intermodal hub-and-spoke
network design problem in which travel times are one of
several uncertain network parameters.

Other intermodal transportation network time param-
eters receive limited interests from routing optimization.
Loading and unloading time uncertainty (fuzziness) is
studied by Sun and Li [2] together with road travel time
uncertainty in the road-rail intermodal routing problem.
Transfer times between different transportation modes are
considered as stochastic parameters by Zhao et al. [3] in their
relative study. As stressed by various studies, e.g., Demir
et al. [18], Hrušovský et al. [36], Moccia et al. [48], and
Heinold and Meisel [52], there are some transportation
modes, e.g., rail and vessel that should be operated by fixed
departure times. Fixed departure times are sensitive to the
real-time status of operations of associated transportation
modes at terminals under disruptions claimed in Section 1
and detailly explained in Section 3.)erefore, the departures
of container trains from terminals are not always punctual
and thus are also uncertain. However, to the best of our
knowledge, there is no existing literature that considers this
issue in the intermodal routing problem.

Besides time parameters, the capacity of the intermodal
transportation network is also uncertain [11, 30], while few
studies can be found. Sun et al. [30] systematically inves-
tigate the effects of capacity uncertainty on the intermodal
routing optimization from a fuzzy programming perspec-
tive. )ere is also a study [30] that considers capacity
fuzziness in a green intermodal routing problem. Although
the intermodal routing problem pays limited attention,
capacity uncertainty is highlighted by the solid trans-
portation problem [53–55] and supply chain planning
problem [56, 57]. A combination of multiple sources of
uncertainty can remarkably improve the planning reliability
[2]. As a result, this study will comprehensively model the
road-rail intermodal transportation network uncertainty by
considering capacities, fixed departure times, travel times,
and loading and unloading times as uncertain parameters.

Stochastic programming is widely used to deal with
uncertain optimization problems in the transportation
planning field, e.g., Uddin and Huynh [13], Demir et al. [18],
andHrušovský et al. [36]. Large numbers of reliable previous
data must be attained to fit the possibility distributions for
uncertain parameters [58, 59]. However, in most practical
cases, the previous data are missing or vague [60]. Conse-
quently, there is not enough data to carry out stochastic
programming. Its feasibility is hence reduced. As claimed by
Zarandi et al. [58], fuzzy set theory and fuzzy programming
are effective alternatives to stochastic programming when
data availability is limited. )e previous data of an uncertain
parameter usually fall into a particular range. Based on the
fuzzy set theory, decision makers can define uncertain pa-
rameters as fuzzy numbers, e.g., triangular fuzzy numbers,
by referring to the expert experience and limited previous
data. After that, fuzzy programming approaches, e.g., fuzzy
chance-constrained programming, can be used to establish
optimization models for the uncertain optimization prob-
lems. As a result, in this study, fuzzy programming is

selected to address the intermodal routing problem asso-
ciated with uncertain parameters.

2.3. Review Overview. Above all, an overall comparison
between this study and relevant existing literature is pre-
sented in Table 1. With the help of Table 1, improvements
made by this study can be clearly identified.

3. Modeling Foundation

In this section, the author systematically introduces how this
study models the uncertainty and the road-rail intermodal
transportation system, which provides a modeling foun-
dation for building the optimization model in the next
section.

3.1. Modeling Road-Rail Intermodal Transportation Network
Uncertainty. As claimed in Section 2, in this study, the
author uses the fuzzy set theory to model the uncertain
parameters and resulting uncertain decision variables. Tri-
angular fuzzy numbers are used to describe the fuzzy pa-
rameters and decision variables due to its better simplicity
and flexibility in fuzzy arithmetic operations than interval
and trapezoidal fuzzy numbers that are other widely used
forms of fuzzy numbers [57]. Triangular fuzzy numbers
adopt three prominent points, including minimum, most
likely, and maximum estimations, to represent the fuzziness
[2], and comprehensively show decision makers’ pessimistic,
optimistic, and most likely opinions on fuzzy events, which
can be seen in Figure 1. Specifically, as for the uncertain
parameters in the road-rail intermodal transportation sys-
tem, the three prominent points are defined as follows.

For minimum estimation on the network parameters, it
reflects the road-rail intermodal transportation system under
following situations that are slightly possible in practice: (i)
the road and rail traffic is in a quite good status, and moving
constrainers from one node to another one can be rapidly
realized; (ii) the operations of trucks and trains at the rail
terminal are of high efficiency, i.e., loading and unloading
operations can be finished rapidly by using enough me-
chanical equipment handled by enough skilled staff, and the
work that need to be undertaken before the departure of the
container trains can be finished in a short period; (iii) the
transportation network, however, is faced with lousy capacity
availability. For example, large numbers of container trucks
and trains might be occupied by other tasks [30].

For most likely estimation, it represents the usual status
of the road-rail intermodal transportation system. )e road
and rail traffic, the operations of trucks and trains at rail
terminals, and the network capacity are in common situa-
tions that are neither too good nor too bad. Under such
status, the parameters of the network yield values appear in
most cases.

For maximum estimation, it is contrary to minimum
estimation. It represents the following situations that are also
slightly possible in practice: (i) the road and rail traffic is in a
terrible status that might be caused by congestion, bad
weather, or accidents, which result in the slow movement of
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Table 1: Comparison between the existing literature and this study.

Authors Year Methods for green
routing

Uncertain parameters in reliable routing under uncertainty

Modeling approach
Capacities

Fixed
departure
times

Travel
times

Loading and
unloading times

Min [51] 1991 ✘ ✘ ✘ ✔ ✘ Stochastic
programming

Barnhart and Ratliff
[43] 1993 ✘ ✘ ✘ ✘ ✘ Deterministic

programming

Boardman et al. [44] 1997 ✘ ✘ ✘ ✘ ✘ Deterministic
programming

Bookbinder and Fox
[45] 1998 ✘ ✘ ✘ ✘ ✘ Deterministic

programming
Ziliaskopoulos and
Wardell [46] 2000 ✘ ✘ ✘ ✘ ✘ Deterministic

programming

Chang [14] 2008 ✘ ✘ ✘ ✘ ✘ Deterministic
programming

Chang et al. [33] 2010 Carbon tax
regulation ✘ ✘ ✘ ✘ Deterministic

programming

Zhang et al. [35] 2011 Carbon tax
regulation ✘ ✘ ✘ ✘ Deterministic

programming

Moccia et al. [48] 2011 ✘ ✘ ✘ ✘ ✘ Deterministic
programming

Verma et al. [17] 2012 ✘ ✘ ✘ ✘ ✘ Deterministic
programming

Ayar and Yaman [47] 2012 ✘ ✘ ✘ ✘ ✘ Deterministic
programming

Xiong and Wang [15] 2014 ✘ ✘ ✘ ✘ ✘ Deterministic
programming

Sun and Lang [12] 2015 Carbon tax
regulation ✘ ✘ ✘ ✘ Deterministic

programming

Sun and Lang [34] 2015 ✘ ✘ ✘ ✘ ✘ Deterministic
programming

Uddin and Huynh
[27] 2016 ✘ ✘ ✘ ✔ ✘ Stochastic

programming

Zhang et al. [37] 2017 Carbon tax
regulation ✘ ✘ ✘ ✘ Deterministic

programming

Zhao et al. [3] 2018 ✘ ✘ ✘ ✔ ✔(transfer time
uncertainty)

Stochastic
programming

Sun et al. [11] 2018 Carbon tax
regulation ✔ ✘ ✔ ✘ Time-dependent fuzzy

programming
Sun et al. [30] 2018 ✘ ✔ ✘ ✘ ✘ Fuzzy programming

Hrušovský et al. [36] 2018 Carbon tax
regulation ✘ ✘ ✔ ✘ Stochastic

programming

Vale and Ribeiro [38] 2018 Multiobjective
optimization ✘ ✘ ✘ ✘ Deterministic

programming

Wolfinger et al. [50] 2018 ✘ ✘ ✘ ✘ ✘ Deterministic
programming

Sun and Li [2] 2019 ✘ ✘ ✘ ✔ ✔ Fuzzy programming
Uddin and Huynh
[13] 2019 ✘ ✘ ✘ ✔ ✘ Stochastic

programming

Demir et al. [18] 2019 Multiobjective
optimization ✘ ✘ ✘ ✘ Deterministic

programming

Rivera et al. [23] 2019 ✘ ✘ ✘ ✘ ✘ Deterministic
programming

Sun et al. [31] 2019 Carbon emission
constraint ✘ ✘ ✘ ✘ Deterministic

programming

Heggen et al. [49] 2019 ✘ ✘ ✘ ✘ ✘ Deterministic
programming

1is study Multiobjective
optimization ✔ ✔ ✔ ✔ Fuzzy goal

programming
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containers on transportation lines. (ii) )e operations of
trucks and trains are delayed by information errors, me-
chanical breakdown, shortage of equipment or staff, or
unskilled handling of inexperienced workers. (iii) )e
transportation network has adequate equipment and facility
resources for carrying containers.

Above all, triangular fuzzy numbers are feasible to
represent the different status of the road-rail intermodal
transportation system and can thus fully reflect the uncer-
tainty of the network parameters.

Additionally, fuzzy chance-constrained programming
modeling and associated defuzzification involve some fuzzy
arithmetic operations of triangular fuzzy numbers. )ese
operations are presented as follows, where m � (m1, m2, m3)

and n � (n1, n2, n3) are the triangular fuzzy numbers and a is
a non-negative deterministic number:

m + n � m1, m2, m3(  + n1, n2, n3( 

� m1 + n1, m2 + n2, m3 + n3( ,
(1)

m − n � m1, m2, m3(  − n1, n2, n3( 

� m1 − n3, m2 − n2, m3 − n1( ,
(2)

a · n � a · n1, n2, n3(  � a · n1, a · n2, a · n3( . (3)

3.2. Modeling Road-Rail Intermodal Transportation System.
Road-rail intermodal routing problem is more compli-
cated than the classical vehicle routing problem. It should
determine the consolidation network of the road-rail
transportation system that is more complex than the less-
than-truck-load system of vehicle routing and model the
different transportation modes instead of only consid-
ering one transportation mode, i.e., trucks, in vehicle
routing. )e question of how to coordinate the two
different transportation modes also improves the com-
plexity of the road-rail intermodal routing. )e road-rail

intermodal transportation system in this study shows the
following characteristics:

(1) Consolidation network of the system contains hub-
and-spoke structures (prehaul by trucks, long haul
by trains, and end haul by trucks) that is considered
as the most suitable physical construction for road-
rail intermodal transportation [1] and point-to-point
structures (all-road transportation) that might be
suitable for transportation orders with tight due
dates [11, 13, 61]. Such a network of the road-rail
intermodal transportation system is getting more
and more attention from transportation planning
field, e.g., Sun et al. [11], Uddin and Huynh [13], and
Sun et al. [61].

(2) Road transportation is considered time flexible [12],
which means that loading containers on trucks can
be immediately conducted when the containers get
unloaded and unloading containers can be imme-
diately started once the trucks arrive at the nodes.
However, rail transportation, i.e., container trains,
should follow fixed departure times [18, 36, 48, 52].
)at is to say, when the containers get loaded on
trains, the trains should wait until the fixed departure
times and then depart from the current nodes. As a
result, if containers are planned to be moved by a
container train, the time when they are loaded on the
selected train should not be later than the fixed
departure time of the train.

(3) )e full-truck-load strategy is utilized by the road-
rail intermodal transportation system that is asso-
ciated with bulk transportation. Moreover, in the
prehaul, end haul, and all-road transportation lines,
there might exist more than one truck fleet. As
explained by Sun et al. [31], all the truck fleets in one
road transportation line can be combined into one
truck fleet group under the coordination of the in-
termodal transportation operators. As a result, under

Estimation value 

EV1

EV2

EV3

EV1Most likely
estimation
(opinion)

Maximum
estimation 

Minimum
estimation 

EV2 EV3

Fuzzy membership degree 

0

1

(i) Optimistic opinion on uncertain time
(ii) Pessimistic opinion on uncertain capacity

(i) Pessimistic opinion on uncertain time
(ii) Optimistic opinion on uncertain capacity

Figure 1: A triangular fuzzy number.
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the full-truck-load strategy, one road transportation
line has one truck fleet group in which the trucks can
be flexibly assigned into several fleets to carry
containers from various transportation orders.
Container trains are operated periodically [12]. )e
same container trains in different periods are
indexed as different transportation in the modeling,
so that the dimensions of associated parameters and
decision variables can be reduced [12, 31].

4. Fuzzy Goal Programming Model

In this section, a multiobjective fuzzy mixed integer
nonlinear programming model is established to formulate
the green and reliable freight routing problem in the road-
rail intermodal transportation network with multiple
sources of uncertainty that are addressed by fuzzy set
theory.

4.1. Assumptions. )e following assumptions should be
followed by the modeling in this study in order to make the
optimization model rigorous.

Assumption 1. All the transportation orders that are served
by the road-rail intermodal routing are known and deter-
ministic, especially the demand for the containers of a
transportation order is deterministic since this study only
considers uncertainty from the road-rail intermodal trans-
portation network.

Assumption 2. Containers of a transportation order start to
get loaded at the corresponding release time at the origin.

After loading the containers at the destination is accom-
plished, the transportation of containers by prehaul or all-
road transportation carried out by trucks immediately starts.

Assumption 3. A transportation order is considered ac-
complished when its containers arrive and then get unloaded
at the destination.

Assumption 4. It is not allowed that containers of a trans-
portation order are moved through the road-rail intermodal
transportation network in a splittable way, so that the in-
tegrality of each transportation order is ensured and the
customers can receive all the containers that they need at the
same time.

Assumption 5. Early and late deliveries of the containers
lead to a penalty in order to improve the timeliness of the
deliveries for the sake of on-time transportation.

4.2. Notations. )e symbols used in the optimization model
and their representations are presented in Tables 2 and 3. It
should be noted that the two kinds of decision variables are
also fuzzy since they are related to the fuzzy parameters
shown in Table 2 in computation.

4.3. Multiobjective Fuzzy Mixed Integer Nonlinear Pro-
grammingModel. )e proposed optimization model for the
specific road-rail intermodal routing problem is shown as
follows:

minimize 
p∈P


(i, j)∈A


n∈Tij

cn · qp · dijn · x
p
ijn + 

p∈P

i∈N


h∈N−

i


m∈Thi

em · qp · x
p

him + 
j∈N+

i


n∈Tij

en · qp · x
p
ijn

⎛⎜⎝ ⎞⎟⎠

+ 
p∈P


(i, j)∈A


n∈TRij

g · qp · z
p

ijn + 
p∈P

pen · qp · max duep − y
p

dp
, 0  + max y

p

dp
− duep, 0  ,

(4)

minimize 
p∈P


(i, j)∈A


n∈Tij

emn · qp · dijn · x
p

ijn,
(5)

Equation (4) is the economic objective that aims at
minimizing the total costs paid for accomplishing all the
transportation orders served by the routing. It contains four
formulas that are defined as follows:

Formula p∈P(i, j)∈An∈Tij
cn · qp · dijn · x

p
ijn is the

travel costs for moving containers from one node to
another on transportation arcs.
Formula p∈Pi∈N(h∈N−

i
m∈Thi

em · qp · x
p

him + j∈N+
i

n∈Tij
en · qp · x

p
ijn) represents the operational costs for

loading and unloading operations at origins and des-
tinations, as well as rail terminals where transshipment
between rail and road services is realized.

Formula p∈P(i, j)∈An∈TRij
g · qp · z

p
ijn denotes the

storage costs for storing containers at rail terminals
before they are further moved by successive container
trains.
Formula p∈Ppen · qp · (maxduep − y

p

dp
, 0 +

maxy
p

dp
− duep, 0) is the penalty costs caused by

deliveries of containers at destinations that are earlier
or later than the due dates claimed by customers.

Equation (5) is the environmental objective that considers
the minimization of all the carbon dioxide emissions for
accomplishing all the transportation orders. )e calculation of
the emissions is based on the activity-based method [11, 31].
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h∈N−

i


m∈Thi

x
p

him − 
j∈N+

i


n∈Tij

x
p
ijn � 0, ∀i ∈ N/ op, dp ,∀p ∈ P,

(6)


h∈N−

i


m∈Thi

x
p

him − 
j∈N+

i


n∈Tij

x
p
ijn � − 1, i ∈ op ,∀p ∈ P,

(7)


h∈N−

i


m∈Thi

x
p

him − 
j∈N+

i


n∈Tij

x
p
ijn � 1, i ∈ dp ,∀p ∈ P,

(8)


n∈Tij

x
p

ijn ≤ 1, ∀(i, j) ∈ A, ∀p ∈ P,
(9)

y
p
πop

� t
0
p, ∀p ∈ P,∀π ∈ 1, 2, 3{ }, (10)

y
p
πi + otnπi · qp + ttπijn + otnπj · qp − y

p
πj  · x

p
ijn � 0, ∀p ∈ P,∀(i, j) ∈ A,∀n ∈ TKij,∀π ∈ 1, 2, 3{ }, (11)

Table 3: Decision variables.

x
p

ijn

0-1 decision variable: if transportation service n is used to move containers of transportation order p on arc(i, j), x
p
ijn � 1; otherwise,

x
p
ijn � 0

y
p
i

Non-negative fuzzy decision variable that represents the time when the containers of transportation order p arrive at node i and get
unloaded and y

p

i � (y
p

1i, y
p

2i, y
p

3i)

z
p
ijn

Non-negative fuzzy decision variable that represents the storage time in hour of container of transportation order p at node i before
being moved on arc(i, j) by train service n and z

p
ijn � (z

1p
ijn, z

2p
ijn, z

3p
ijn)

Table 2: Sets, indexes, and parameters.

P Transportation order set served by the road-rail intermodal routing.
p Index of a transportation order and p ∈ P.
op Index of the origin of the containers of transportation order p.
dp Index of the destination of the containers of transportation order p.
qp Demand in TEU for the containers of transportation order p.
t0p Release time of the containers of transportation order p at origin op.
duep Due date of accomplishing transportation order p.
N Node set of the road-rail intermodal transportation network.
A Directed arc set of the road-rail intermodal transportation network.
T Transportation service set of the road-rail intermodal transportation network.
h, i, j Indexes of the nodes in the road-rail intermodal transportation network and h, i, j ∈ N.
N−

i Predecessor node set to node i and N−
i ⊆N.

N+
i Successor node set to node i and N+

i ⊆N.
(i, j) Directed arc from node i to node j and (i, j) ∈ A.
Tij Transportation service set on arc (i, j) and Tij ⊆T.
TKij Truck service set on arc (i, j) and TKij ⊆Tij.
TNij Train service set (i, j) and TNij ⊆Tij.
m, n Indexes of transportation services in the road-rail intermodal transportation network and m, n ∈ T.
dijn Distance in km of transportation service n on arc (i, j).
ttijn Travel time in hour of transportation service n on arc(i, j) and ttijn � (tt1ijn, tt2ijn, tt3ijn).
rijn Fuzzy capacity in TEU of transportation service n on arc(i, j) and rijn � (r1ijn, r2ijn, r3ijn).
otni

Separate fuzzy loading and unloading operation time in hour per TEU of transportation service n at node i and
otni � (otn1i, otn2i, otn3i).

f
n

i Fuzzy fixed departure time of train service n from node i and f
n

i � (fn
1i, fn

2i, fn
3i)

cn Travel costs in CNY per TEU per km of transportation service n.
en Separate loading and unloading costs in CNY per TEU of transportation service n.
g Storage costs in CNY per TEU per hour of railway service.
emn Carbon dioxide emission factor in kg per TEU per km of transportation service n.
pen Penalty costs in CNY per TEU per hour caused by early or late delivery.
M A large enough positive number.
π An index used in the calculation of the fuzzy decision variables and π ∈ 1, 2, 3{ }.
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f
n
πi + ttπijn + otnπj · qp − y

p

πj  · x
p

ijn � 0, ∀p ∈ P,∀(i, j) ∈ A,∀n ∈ TNij,∀π ∈ 1, 2, 3{ }, (12)

y
p

i � y
p

1i, y
p

2i, y
p

3i , ∀i ∈ N,∀p ∈ P, (13)

f
n
πi − y

p

(4− π)i − otn(4− π)i · qp − z
πp
ijn  · x

p
ijn � 0, ∀p ∈ P,∀(i, j) ∈ A, ∀n ∈ TNij,∀π ∈ 1, 2, 3{ }, (14)

z
p

ijn � z
1p

ijn, z
2p

ijn, z
3p

ijn , ∀p ∈ P,∀(i, j) ∈ A,∀n ∈ TNij, (15)

y
p

i + otni · qp ≤ f
n

i · x
p

ijn + M · 1 − x
p

ijn , ∀p ∈ P,∀(i, j) ∈ A, ∀n ∈ TNij, (16)


p∈P

qp · x
p

ijn ≤ rijn, ∀(i, j) ∈ A, ∀n ∈ Tij, (17)

x
p
ijn ∈ 0, 1{ }, ∀p ∈ P,∀(i, j) ∈ A, ∀n ∈ Tij, (18)

y
p

1i ≥y
p

2i ≥y
p

3i ≥ 0, ∀i ∈ N,∀p ∈ P, (19)

z
1p
ijn ≥ z

2p
ijn ≥ z

3p
ijn ≥ 0, ∀p ∈ P,∀(i, j) ∈ A,∀n ∈ TNij. (20)

)e constraint set of the optimization model includes
equations (6)–(20). )eir representations are explained as
follows.

Equations (6) to (8) is the flow conservation constraints
that ensure that an origin-to-destination route can be
generated for each transportation order.
Equation (9) is the transportation order integrity
constraint that ensures that the containers of a trans-
portation order should not be splittable, which matches
Assumption 5.
Equation (10) is the constraint that ensures that con-
tainers of a transportation order can start to get loaded
at their release time, which represents Assumption 2.
Equations (11) to (13) are the constraints that are used
to calculate fuzzy decision variable y

p

i by firstly
obtaining its three prominent points.
Equations (14) and (15) are the constraints that cal-
culate fuzzy decision variable z

p
ijn in the way that is the

same to the determination of y
p

i .
Equation (16) is the fixed departure time constraint that
ensures that the loading operation of containers on the
selected container train should not be accomplished
later than its fixed departure time.
Equation (17) is the capacity constraint that ensures
that all the containers loaded on one transportation
service should not exceed its capacity.
Equations (18) to (20) are the variable domain con-
straints that ensure that the values of the decision
variables should strictly follow their definitions.

4.4. Characteristics of the Proposed Model. )e proposed
model is a multiobjective fuzzy mixed integer nonlinear
programming model. It cannot be straightforwardly solved

to provide decision makers with crisp solutions that can
support decision-making since its economic objective and
constraints contain both fuzzy parameters and fuzzy deci-
sion variables. )us, the model is not clearly defined.
Defuzzification should be first of all realized to obtain a crisp
reformulation that is equivalent to the initial fuzzy pro-
gramming model.

)e reformulation is nonlinear since its economic ob-
jective has maximum function and constraints are involved
with multiplications of decision variables. It is widely ac-
knowledged that using mathematical programming software
to run an exact solution algorithm is an effective way to solve
the routing problem by getting its global optimum solutions
[62]. Furthermore, the linear programming model is most
suitable for this method. )erefore, after the defuzzification,
linearization should be undertaken to generate an equivalent
model that is both crisp and linear.

Moreover, the model yields two different objectives and
usually has Pareto solutions (also known as nondominated
solutions). One way to obtain the Pareto solutions to the
routing problem is to transfer the two objectives into one
objective. Based on the characteristics above, this study
designs a solution approach given in Section 5.

5. Exact Solution Approach

In this section, based on the analysis of the characteristics of
the model presented in Section 4.4, an exact solution ap-
proach is developed as follows.

5.1. Defuzzification. )e fuzzy nonlinear programming
model proposed in Section 4.3 cannot be solved straightfor-
wardly to provide the decision maker with a crisp road-rail
intermodal transportation plan. )erefore, defuzzification
should be first of all undertaken to generate a crisp nonlinear
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programming model that can be further processed to make it
more solvable.

5.1.1. Defuzzification of the Fuzzy Objective. )e proposed
fuzzy programming model yields a fuzzy objective that
contains fuzzy decision variables z

p
ijn and y

p

dp
. In this study,

the author adoptsthe widely used fuzzy expected value
model to realize the defuzzification of the fuzzy objective.

)e fuzzy expected value model aims to minimize or
maximize the expected value of the fuzzy objective [1].

)e fuzzy expected value of the fuzzy objective shown as
equation (4) is as equation (21) where E[z

p
ijn] and E[y

p

dp
] are

the fuzzy expected values of the associated fuzzy decision
variables. For a given triangular fuzzy number a, there is
E[a] � (a1 + 2 · a2 + a3)/4 [2]. Consequently, equation (21)
can be written as equation (22) that is a crisp linear function.

minimize 
p∈P


(i, j)∈A


n∈Tij

cn · qp · dijn · x
p
ijn + 

p∈P

i∈N


h∈N−

i


m∈Thi

em · qp · x
p

him + 
j∈N+

i


n∈Tij

en · qp · x
p
ijn

⎛⎜⎝ ⎞⎟⎠

+ 
p∈P


(i, j)∈A


n∈TRij

g · qp · E z
p
ijn  + 

p∈P
pen · qp · max duep − E y

p

dp
 , 0  + max E y

p

dp
  − duep, 0  ,

(21)

minimize 
p∈P


(i, j)∈A


n∈Tij

cn · qp · dijn · x
p
ijn + 

p∈P

i∈N


h∈N−

i


m∈Thi

em · qp · x
p

him + 
j∈N+

i


n∈Tij

en · qp · x
p
ijn

⎛⎜⎝ ⎞⎟⎠

+ 
p∈P


(i, j)∈A


n∈TRij

g · qp ·
z
1p

ijn + 2 · z
2p

ijn + z
3p

ijn

4
+ 

p∈P
pen · qp · max duep −

y
p

1dp
+ 2 · y

p

2dp
+ y

p

3dp

4
, 0

⎧⎪⎨

⎪⎩

⎫⎪⎬

⎪⎭
⎛⎜⎝

+ max
y

p

1dp
+ 2 · y

p

2dp
+ y

p

3dp

4
− duep, 0

⎧⎪⎨

⎪⎩

⎫⎪⎬

⎪⎭
⎞⎟⎠.

(22)

5.1.2. Defuzzification of the Fuzzy Constraints. )e fuzzy
programmingmodel contains three fuzzy constraints, including
equation (16) (fixed departure time constraint) and equation
(17) (capacity constraint) since they involve either fuzzy pa-
rameters or fuzzy decision variables. )eir existence also makes
themodel impossible to be solved. As a result, after undertaking
the defuzzification of the fuzzy objective, it is necessary to
generate the crisp reformulations of these fuzzy constraints.

Currently, fuzzy chance-constrained programming is
widely acknowledged to be an effective way to deal with the
fuzzy constraint and shows good feasibility [1, 2]. )us, this
study takes advantage of this method to address the
abovementioned fuzzy constraints.

)ree fuzzy measures can be used to establish the fuzzy
chance constraint, i.e., fuzzy possibility, necessity, and credi-
bility measures [59]. Among the three measures, only the fuzzy
credibilitymeasure is self-dual, whichmeans that suchmeasure
can ensure a fuzzy event must hold when its credibility reaches
up to 1, while must fail when 0 [30, 59]. )e other measures,
however, lack such property. A fuzzy event might still fail when
its possibility is 1 and hold when its necessity equals 0.

Considering the self-duality property of the fuzzy credi-
bility measure, this study utilizes fuzzy credibilistic chance-
constrained programming to take care of the fuzzy constraints.

)e fuzzy credibilistic chance constraints of equations
(16) and (17) are as following equations (23) and (24),
respectively, where Cr{ } is the credibility that a fuzzy event
in { } happens and λ ∈ [0, 1.0] is the credibility level that is

set subjectively by decision makers based on their
preference:

Cr y
p

i + otni · qp ≤ f
n

i · x
p

ijn + M · 1 − x
p

ijn  ≥ λ,

∀p ∈ P,∀(i, j) ∈ A,∀n ∈ TNij,
(23)

Cr 
p∈P

qp · x
p
ijn ≤ rijn

⎧⎪⎨

⎪⎩

⎫⎪⎬

⎪⎭
≥ λ, ∀(i, j) ∈ A,∀n ∈ Tij. (24)

Although the fuzzy credibility chance constraints have
been constructed, they still cannot be programmed and
solved directly by mathematical programming software.
)erefore, further crisp reformulations on them are
needed. A deterministic number a and a triangular fuzzy
number n have a relationship shown as the following
equation [2, 59]:

Cr n≥ a{ } �

1, if a≤ n1,

2n2 − n1 − a

2 n2 − n1( 
, if n1 ≤ a≤ n2,

n3 − a

2 n3 − n2( 
, if n2 ≤ a≤ n3,

0, if a≥ n3.

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

(25)
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Based on equation (25), Cr n≥ a{ }≥ λ can be further
rewritten as equations (26) and (27) [1, 2]:

2λ · n2 − (2λ − 1) · n3 ≥ a, if λ ∈ [0, 0.5] , (26)

2(1 − λ) · n2 +(2λ − 1) · n1 ≥ a, if λ ∈ (0.5, 1.0] . (27)

In equation (23), the left-hand formula
Cr[y

p
i + otni · qp ≤ f

n

i · x
p
ijn + M · (1 − x

p
ijn)]≥ λ can be

modified into Cr[f
n

i · x
p
ijn − y

p
i − otni · qp ≥M · (x

p
ijn − 1)]

that corresponds to Cr n≥ a{ }. Accordingly, equation (23)
can be reformulated as equations (28) and (29). Equation
(24) can be directly converted into equations (30) and (31):

2λ · f
n
2i · x

p
ijn − y

p
2i − otn2i · qp  − (2λ − 1) · f

n
3i · x

p
ijn − y

p
1i − otn1i · qp ≥M · x

p
ijn − 1 ,

∀p ∈ P,∀(i, j) ∈ A, ∀n ∈ TNij, if λ ∈ [0, 0.5],
(28)

2(1 − λ) · f
n
2i · x

p

ijn − y
p

2i − otn2i · qp  +(2λ − 1) · f
n
1i · x

p

ijn − y
p

3i − otn3i · qp ≥M · x
p

ijn − 1 

∀p ∈ P,∀(i, j) ∈ A, ∀n ∈ TNij, if λ ∈ (0.5, 1.0] ,
(29)

2λ · r2ijn − (2λ − 1) · r3ijn ≥ 
p∈P

qp · x
p
ijn, ∀(i, j) ∈ A,∀n ∈ Tij, if λ ∈ [0, 0.5],

(30)

2(1 − λ) · r2ijn +(2λ − 1) · r1ijn ≥ 
p∈P

qp · x
p

ijn, ∀(i, j) ∈ A, ∀n ∈ Tij, if λ ∈ (0.5, 1.0] . (31)

5.2. Linearization. After the defuzzification, we can obtain a
crisp mixed integer nonlinear programming model for the
specific routing problem discussed in this study. )e ob-
jective functions of this model are equations (22) and (5). Its
constraint set contains equations (6) to (12) and (14),
equations (18) to (20), and equations (28) to (31). Among
these equations, equations (11), (14), and (16) are nonlinear
constraints and equation (22) is a nonlinear objective.

Exact solution algorithms, e.g., branch-and-bound al-
gorithm, are useful tools to solve the optimization problems
by providing global optimum solutions. Furthermore, exact
solution algorithms can be easily programmed and run by
sophisticated standard mathematical programming soft-
ware, e.g., LINGO. However, the exact solution algorithm is
most suitable for solving the linear programming model
[63]. If a nonlinear programming model describes the
problem, solutions to the problem generated by an exact
solution algorithmmight fall into local optimum. Moreover,

the computation would consume a significant amount of
time, which significantly reduces the computational
efficiency.

Consequently, after defuzzification, linear reformulation
of the crisp mixed integer nonlinear programming model
should be conducted in order to enable the routing problem
to be effectively solved by using exact solution algorithms to
obtain its global optimum solution with the help of math-
ematical programming software.

Sun and Lang [12] proposed the linearization techniques
that can generate equivalent linear functions to nonlinear
constraints of the mixed integer nonlinear programming
model indicated at the beginning of this section. Based on
the linearization techniques proposed by Sun and Lang [12],
equations (11), (14), and (16) can be replaced by their
equivalent linear representations shown as equations (32) to
(37):

y
p
πi + otnπi · qp + ttπijn + otnπj · qp − y

p
πj ≥M · x

p
ijn − 1 , ∀p ∈ P,∀(i, j) ∈ A, ∀n ∈ TKij,∀π ∈ 1, 2, 3{ },

(32)

y
p

πi + otnπi · qp + ttπijn + otnπj · qp − y
p

πj ≤M · 1 − x
p

ijn , ∀p ∈ P,∀(i, j) ∈ A, ∀n ∈ TKij,∀π ∈ 1, 2, 3{ },

(33)

f
n
πi + ttπijn + otnπj · qp − y

p
πj ≥M · x

p
ijn − 1 , ∀p ∈ P,∀(i, j) ∈ A, ∀n ∈ TNij,∀π ∈ 1, 2, 3{ },

(34)

f
n
πi + ttπijn + otnπj · qp − y

p

πj ≤M · 1 − x
p

ijn , ∀p ∈ P,∀(i, j) ∈ A, ∀n ∈ TNij,∀π ∈ 1, 2, 3{ }, (35)
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z
πp

ijn ≥f
n
πi − y

p

(4− π)i − otn(4− π)i · qp + M · x
p

ijn − 1 ,

∀p ∈ P,∀(i, j) ∈ A,∀n ∈ TNij,∀π ∈ 1, 2, 3{ },
(36)

z
πp

ijn ≤M · x
p

ijn, ∀p ∈ P,∀(i, j) ∈ A,∀n ∈ TNij,∀π ∈ 1, 2, 3{ }. (37)

Sun et al. [11] design a linearization technique that can
be used to linearize the nonlinear max function in the
optimization objectives. As for the nonlinear objective
equation (22), it can be reformulated as equation (38) by

using two non-negative auxiliary decision variables and two
auxiliary linear constraints including equations (39) and
(41):

minimize 
p∈P


(i, j)∈A


n∈Tij

cn · qp · dijn · x
p
ijn + 

p∈P

i∈N


h∈N−

i


m∈Thi

em · qp · x
p

him + 
j∈N+

i


n∈Tij

en · qp · x
p
ijn

⎛⎜⎝ ⎞⎟⎠

+ 
p∈P


(i, j)∈A


n∈TRij

gn · qp ·
z
1p
ijn + 2 · z

2p
ijn + z

3p
ijn

4
+ 

p∈P
pen · qp · φp + τp ,

(38)

φp ≥ duep −
y

p

1dp
+ 2 · y

p

2dp
+ y

p

3dp

4
, ∀p ∈ P, (39)

φp ≥ 0, ∀p ∈ P, (40)

τp ≥
y

p

1dp
+ 2 · y

p

2dp
+ y

p

3dp

4
− duep, ∀p ∈ P, (41)

τp ≥ 0, ∀p ∈ P. (42)

5.3. Weighted Sum Approach. )e weighted sum approach
has been widely utilized by current studies to deal with the
multiobjective optimizations [64]. It has been acknowledged
to be the most classical approach to make tradeoffs between
conflict objectives.

As a result, in this study, the weighted sum approach is
employed by us to address the economic objective and
environmental objective of the routing optimization. Let
objcost and objemission separately denote the economic ob-
jective, i.e., equation (38), and environmental objective, i.e.,
equation (5), of the road-rail intermodal routing problem,
and non-negative parametersω1 andω2 represent the weight
distributed to the economic objective and environmental
objective, respectively. By using the weighted sum approach,
the new objective is as the following equation:

minimize ω1 · objcost + ω2 · objemission( . (43)

Non-negative parameters ω1 and ω2 are manually set by
the decision makers according to their preference to get a
routing decision. For example, decision makers can set ω1 as
1000 while ω2 as 1, which means that they attach more
importance to the economic objective. However, setting ω1
as 1 while ω2 as 1000 shows that decision makers give more
priority to the environmental objective. By changing the
values of ω1 and ω2, Pareto solutions to the routing problem

with different economic objective values and environmental
objective values might be obtained.

Finally, this study can obtain a single-objective mixed
integer linear programming model for the road-rail inter-
modal routing problem investigated by this study. Such a
model consists of equation (43) as the objective and
equations (6) to (10), equations (18) to (20), equations (28) to
(37), and equations (39) to (42) as the constraints. Since the
model is linear and yields only one optimization objective, it
can be solved by the exact solution algorithm implemented
by the mathematical programming software.

6. Computational Experiment

In this section, a numerical case is given to demonstrate the
feasibility of the proposed method in dealing with the
specific road-rail intermodal routing problem. Some helpful
insights are also revealed based on the analysis of the nu-
merical case.

6.1. Case Design. )e road-rail intermodal transportation
network in this case is shown in Figure 2 that is derived from
the author’s previous study [61]. In this network, there are six
rail transportation lines where container trains with fixed
departure times are operated periodically. Twelve road
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transportation lines undertake prehaul and end haul, as well as
all-road services for transportation orders with tight due dates.

In the road-rail transportation network, the fuzzy ca-
pacities in TEU, fuzzy travel times in hour, and travel
distances in km of the truck fleet groups in the road
transportation lines are listed in Table 4. )e information on
the container trains operated in the road-rail intermodal
transportation network is available in Table 5. )e values of
the parameters shown in Table 2 are given in Table 6 by
referring to Sun et al. [11] and Sun and Li [2]. Finally, the
information on the transportation orders served by the road-
rail intermodal routing is provided in Table 7.

6.2. Experimental Platform. In this study, the author uses
mathematical programming software LINGO version 12.0
developed by LINDO Systems Inc. to run the standard
branch-and-bound algorithm to solve the specific road-rail
intermodal routing problem formulated by the mixed in-
teger linear programming model. All the computation and
simulation are performed on a )inkPad Laptop with Intel
Core i5-5200U 2.20GHz CPU 8GB RAM.

6.3. Computational Results. First of all, this study sets
credibility level λ as 1.0, i.e., the decision makers would not
like to bear any risk that might lead to transportation failure
on capacity constraint and fixed departure time constraint.
)en, this study conducts a serial of calculations using
different values of ω1 and ω2. As for the case presented in
Section 6.1, this study sets ω1 as 1000 and ω2 as 1 to get the
optimum value of the economic objective and obtain the
value of the environmental objective. Meanwhile, the op-
timum value of the environmental objective and corre-
sponding value of the economic objective can be also
generated by setting ω1 as 1 and ω2 as 1000. )e compu-
tational results are shown in Table 8.

It can be observed from Table 8 that the two objectives
cannot reach their optimum simultaneously. Consequently,
there exist Pareto solutions to the numerical case. By varying the

values of ω1 and ω2 according to the magnitudes of the two
objectives, this study can generate the Pareto solutions illustrated
in Figure 3. All the Pareto solutions can be obtained within
20 seconds using the solution approach proposed in Section 5.

As we can see from Figure 3, the economic objective and
environmental objective of the road-rail intermodal routing
problem are at conflict with each other. Improving either
one of the objectives will worsen the other. Since the two
objectives have a conflicted relationship, decision makers
must make tradeoffs between them in the practical decision-
making. )e Pareto solutions illustrated in Figure 3 can help
decision makers to determine the road-rail intermodal route
plan that is suitable for a specific decision-making situation.
As indicated by Sun and Li [2] andWang et al. [1], multiple-
criteria decision-making methods, e.g., AHPmethod, can be
used to help decision makers to select the most suitable
Pareto solutions under a given decision-making situation.

6.4. Sensitivity Analysis on Routing Optimization with respect
to Network Uncertainty. After the decision makers deter-
mine the weights distributed to the two objectives, what they
need to do is to determine the value of the credibility level.
Credibility level reflects the decision makers’ preference to
the reliability of the routing optimization concerning the
fixed departure time constraint, i.e., equation (23), and the
capacity constraint, i.e., equation (24). In this section, the
author analyzes whether and how the network uncertainty
influences the road-rail intermodal routing optimization
through credibility level.

)e analysis in this section and the following sections all
takes the road-rail intermodal routing optimization under
ω1 � 1 and ω2 � 150 as an example. )e abovementioned
setting of weights corresponds to the sixth Pareto solution
from the left side in Figure 3 when credibility level is set as
1.0 and means that decision makers give priority to the
economic objective, while still paying some attention to the
environmental objective. )e analysis presented as follows
remain the same if decision makers hold different weights.

)is study varies confidence level λ from 0.1 to 1.0 with a
step size of 0.1 and calculate the optimization results cor-
responding to each credibility level. )e sensitivity is shown
in Figure 4.

Figure 4 demonstrates that transportation network
uncertainty has a significant effect on the road-rail inter-
modal routing optimization. Different credibility level might
lead to different values of both economic objective and
environment objective. )e routing optimization is very
sensitive to the credibility level when it changes from 0.4 to
0.5 and from 0.6 to 0.7. )e increase in credibility level does
not always result in constantly improved reliability of the
routing optimization, which has been demonstrated by Sun
et al. [2, 11, 30]. Sometimes when increasing the credibility,
the reliability is not enhanced, while the objectives get worse.
For example, in Figure 4, when changing the confidence level
from 0.6 to 0.7, it is not sure if the reliability of the
transportation concerning the capacity constraint and fixed
departure time constraint is getting better, but the economic
objective that decision makers attach more importance
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Rail transportation line
(long haul by container train)

All-road transportation line
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(end haul by container truck fleets)

Figure 2: Road-rail intermodal transportation network in the
numerical case.
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becomes worse. As a result, it cannot be determined for sure
that 0.7 as the credibility level is better than 0.6.

6.5. Fuzzy Simulation for Identifying the Best Credibility Level.
Under the above circumstance shown in Figure 4, it is
necessary to quantify the reliability of the routing

optimization under different credibility levels. However, the
actual reliability can be only quantified when the planned
road-rail intermodal routes are used to accomplish the
transportation orders in practice. However, the fact is that
the routing is an advanced task that should be undertaken
before the actual transportation starts [30]. We can only
simulate the actual transportation by simulating the

Table 4: Information on the truck fleet groups in the road-rail intermodal transportation network.

Road transportation lines (truck fleet groups) Fuzzy capacities in TEU Fuzzy travel times in hour Travel distances in km
(1, 3) 45, 50, 65 3.2, 4.0, 4.8 90
(1, 4) 60, 67, 73 4.2, 5.0, 6.3 110
(1, 5) 55, 64, 70 8.5, 10.0, 14.2 200
(1, 8) 55, 67, 71 14.5, 18.0, 23.4 600
(1, 9) 50, 54, 63 18.5, 24.4, 28.0 680
(2, 3) 43, 48, 58 8.5, 12.2, 15.5 285
(2, 4) 48, 55, 60 6.0, 10.4, 13.5 210
(2, 5) 45, 54, 60 4.5, 5.3, 6.8 140
(2, 8) 40, 55, 64 20.3, 25.5, 30.0 700
(2, 9) 55, 67, 72 18.5, 22.0, 25.3 650
(6, 8) 55, 58, 64 5.5, 6.7, 7.5 140
(6, 9) 48, 54, 68 3.6, 4.5, 5.2 200
(7, 8) 50, 60, 65 7.6, 8.8, 9.3 320
(7, 9) 60, 67, 71 2.5, 3.0, 4.5 100

Table 5: Information on the container trains in the road-rail intermodal transportation network.

Rail transportation lines
(container trains)

Fuzzy fixed
departure times

Fuzzy capacities
in TEU

Fuzzy travel times
in hour

Travel distances
in km

Periods in number of
trains per day

(3, 6) 5, 6.5, 7 86, 93, 100 4.5, 5.2, 6.0 520 1
(3, 7) 7.2, 8.4, 9 78, 85, 94 6.2, 6.8, 7.5 600 1
(4, 6) 14, 14.6, 15.3 82, 89, 95 6.5, 7.4, 8.2 650 1
(4, 7) 11, 11.6, 12.5 90, 94, 102 4.6, 5.0, 5.6 480 1
(5, 6) 15, 15.3, 15.8 90, 98, 110 5.8, 6.4, 6.8 610 1
(5, 7) 9.6, 10.3, 10.5 89, 95, 98 6.8, 7.2, 7.8 660 1

Table 6: Values of the parameters indicated by Table 1 in the numerical case.

Parameters Values
Penalty costs in CNY per TEU per hour 1000

Rail transportation Road transportation
Travel costs in CNY per TEU per km 2.025 6
Separate loading and unloading costs in CNY per TEU 195 25
Storage costs in CNY per TEU per hour 3.125 —
Carbon dioxide emission factor in kg per TEU per km 0.262 1.064
Separate fuzzy loading and unloading time in hour per TEU 0.05, 0.10, 0.15 0.10, 0.20, 0.25

Table 7: Transportation orders served by the road-rail intermodal routing optimization in the numerical case.

Transportation order no. Origins Destinations Release times Due dates Demands in TEU
1 1 8 8 27 24
2 1 8 11 45 28
3 1 9 4 23 21
4 1 9 13 50 23
5 2 8 2 30 18
6 2 8 10 38 15
7 2 9 3 27 25
8 2 9 6 31 21
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deterministic values of fuzzy parameters that can be only
known when the actual transportation starts.

Fuzzy simulation developed by the previous studies of Sun
et al. [2, 11, 30] can be used to simulate the actual trans-
portation by generating the deterministic values of fuzzy
parameters of the transportation network based on their fuzzy
membership function. Fuzzy simulation can be carried out
several times to obtain a serial of actual transportation sce-
narios. )en, using these deterministic scenarios, this study
can test the reliability of the planned road-rail intermodal
routes with respect to the capacity constraint and fixed de-
parture time constraint under different credibility levels in a
quantitative way. )e process of fuzzy simulation is shown in
Figure 5.

6.5.1. Quantifying Reliability of Planned Routes under Dif-
ferent Credibility Levels. In this section, the author defines
additional notations as follows for deterministic trans-
portation scenarios.

y
p
i : non-negative deterministic decision variable that

represents the time when the containers of trans-
portation order p arrive at node i and get unloaded.
z

p
ijn: non-negative deterministic decision variable that

represents the storage time in hour of the containers of
transportation order p at node i before being moved on
arc (i, j) by train service n.
K: total times of fuzzy simulation in the numerical case.
k: index of a certain fuzzy simulation that corresponds
to a deterministic transportation scenario and k= 1, 2,
3, . . . , K.
ttkijn: deterministic travel time in hour of transportation
service n on arc(i, j) generated in the kth fuzzy
simulation.
rk

ijn: deterministic capacity in TEU of transportation
service n on arc(i, j) generated in the kth fuzzy
simulation.
otnik: separate deterministic fuzzy loading and unload-
ing operation time in hour per TEU of transportation
service n at node in the kth fuzzy simulation.
fn

ik: deterministic fixed departure time of train service n

from node i in the kth fuzzy simulation.

In the kth fuzzy simulation, this study tests if the planned
routes under different credibility levels satisfy the following
two constraints:

y
p
i + otnik · qp ≤f

n
ik · x

p
ijn + M · 1 − x

p
ijn ,

∀p ∈ P,∀(i, j) ∈ A, ∀n ∈ TNij,
(44)


p∈P

qp · x
p
ijn ≤ rk

ijn, ∀(i, j) ∈ A,∀n ∈ Tij. (45)

If equations (44) and (45) are both satisfied, the planned
routes are considered feasible for kth deterministic trans-
portation scenario, otherwise, failed. In this study, the au-
thor runs fuzzy simulation 20 times, i.e., K � 20, and thus
generate 20 deterministic transportation scenarios. )e
author can then obtain the times that the planned routes
under a certain credibility level are feasible or failed in the
simulated deterministic scenarios. Furthermore, the author
can get the ratios that the planned routes are feasible or failed
in these scenarios. )e results are indicated in Figure 6.

As we can see from Figure 6, with the increase in
credibility level, the ratio that the planned routes are feasible
improves. )e improvement is stepwise. When the credi-
bility level is set as 0.5 or 0.6, the corresponding ratio is only
15%, which is very low and means that the planned routes
under such credibility level yield extensive reliability risk
that the capacity constraint or fixed departure time con-
straint is violated. )erefore, in practical transportation, the
planned routes under the credibility level of 0.5 and 0.6 will
not be considered by the decision makers.

When the credibility level is changed to 0.7, 0.8, or 0.9,
the ratio that the planned routes are feasible is significantly
enhanced from 15% to 75% by 3 times. In practice, the
decision makers might accept such reliability to a certain

Table 8: Optimum values of the two objectives.

Economic
objective

Environmental
objective

ω1 � 1000 and ω2 � 1 1787112 CNY 112814 kg
ω1 � 1 and ω2 � 1000 4637615 CNY 83342 kg
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Figure 3: Pareto solutions to the road-rail intermodal routing
problem when credibility level is 1.0.
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degree, on condition that they would like to bear some risk.
When the credibility level reaches up to 1.0, such ratio
increases to 100%, which means that the planned routes
under such credibility level are considerably feasible in
practical transportation.

6.5.2. Quantifying Gaps between Planned Routes and Actual
Best Routes. In this section, this study assumes that decision
makers accept the reliability of the planned routes under the
credibility level of 0.7, 0.8, 0.9, or 1.0. Since the planned
routes obtained by the optimization under the credibility

u(a) = (a – n1)/(n2 – n1).

Set a as the simulated deterministic value of ñ.

Calculate the fuzzy membership u(a) of a with
respect to ñ = (n1, n2, n3).

For a triangular fuzzy number ñ = (n1, n2, n3),
randomly generate a deterministic number a that

falls into range [n1, n3].

Randomly generate a real number π that falls into
range [0, 1].

Start fuzzy simulation

u(a) = (n3 – a)/(n3 – n2).

u(a) = 0.

Yes

No

End fuzzy simulation

If n1 ≤ a ≤ n2?
Yes

No

No

Yes

If n2 ≤ a ≤ n3?

If u(a) ≥ π?

Figure 5: Fuzzy simulation for generating deterministic values of triangular fuzzy numbers [2, 11, 30].
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level of 0.7, 0.8, or 0.9 differ from these under the credibility
level of 1.0, it is necessary to compare them to help decision
makers to determine a crisp route plan.

Using the deterministic forms defined in Section 6.5.1 to
replace the corresponding fuzzy parameters and fuzzy de-
cision variables, this study can get a deterministic model for
the routing problem in the deterministic road-rail inter-
modal transportation network.

For the kth deterministic transportation scenario, this
study can employ the deterministic model to generate its
actual best routes. )is study can also calculate the values of
the two objectives when using the planned routes under the
credibility level of 0.7, 0.8, 0.9, or 1.0 to move containers in
the kth deterministic transportation scenario. Finally, this
study can compare the objectives between the actual best
routes and the planned routes. )e comparisons are indi-
cated in Figures 7 and 8. It should be noted that the planned
routes under the credibility level of 0.7, 0.8, or 0.9 is not
feasible in the 8th, 10th, 11th, 14th, and 18th deterministic
transportation scenarios. )us, this study cannot obtain the
values of the objectives in them.

Based on Figures 7 and 8, this study can quantify the gaps
of the two objectives between the planned routes and the
actual best routes. )is study defines the following symbols.

ecodeterminsitc
k (envdeterminsitc

k ): optimum value of the
economic (environmental) objective given by the de-
terministic model in the kth deterministic trans-
portation scenario.
ecofuzzy− λ

k (envfuzzy− λ
k ): value of the economic (envi-

ronmental) objective when moving containers along
the planned routes designed by the fuzzy programming
model under credibility level λ in the kth deterministic
transportation scenario.
RMSEλ

eco(RMSEλ
env): root mean square error of the

economic (environmental) objective values when
moving containers along the planned routes under
credibility level λ with respect to the corresponding
optimum values given by the deterministic model in the
total K deterministic transportation scenarios.
RMSEλ

eco and RMSEλ
env can be calculated by equations

(46) and (47):

RMSEλ
eco �

��������������������������


20
k�1 ecofuzzy− λ

k − ecodeterminsitc
k 

2

K




,
(46)

RMSEλ
env �

��������������������������


20
k�1 envfuzzy− λ

k − evndeterminsitc
k 

2

K




.
(47)

Using the two kinds of root mean square error defined
above, this study can effectively quantify the gaps between
the planned routes given by the fuzzy programming model
and the actual best routes given by the deterministic model.
)e computational results of the root mean square error are
shown in Table 9. It should be noted that the calculation of
the root mean square error does not include the deter-
ministic transportation scenarios that the planned routes
under the credibility level of 0.7, 0.8, or 0.9 are infeasible, i.e.,
for these routes, K equals 15 instead of 20.

As shown in Table 9, when using the planned routes
under the credibility level of 1.0, the root mean square errors
of the economic objective and environmental objective
values can decrease by ∼60.5% and ∼10.2%. Consequently,
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Figure 6: Ratio of the planned routes are feasible or failed in the
simulated deterministic scenarios.
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this study can draw the conclusion that the planned routes
given by the fuzzy programming model under the credibility
level of 1.0 are closer to the actual optimum situation.
Together with the higher reliability over the planned routes
under the credibility level of 0.7, 0.8, or 0.9 illustrated in
Figure 6, the planned routes under the credibility level of 1.0
are recommended to the decision makers to consider as the
crisp road-rail intermodal route plan that can be used in the
practical transportation.

6.6. Comparing Proposed Fuzzy Programming Approach with
Existing Deterministic Modeling. In the existing literature
that focuses on the freight routing problem in the deter-
ministic road-rail intermodal transportation network, pa-
rameters including capacities, fixed departure times, travel
times, and loading/unloading times, are estimated in a
deterministic way by using their most likely values. )eir
modeling can be easily realized by using r2ijn, fn

2i, tt
2
ijn, and

otn2i to take the place of rijn, f
n

i , ttijn, and otni in the fuzzy
programming model established in this study, respectively.
Accordingly, y

p
i and z

p
ijn will be separately replaced by y

p
2i

and z
2p

ijn.
On the condition that ω1 � 1 and ω2 � 150, this study

first uses the standard branch-and-bound algorithm to solve
the deterministic road-rail intermodal routing problem on
LINGO version 12.0. )en, this study also tests if the
planned routes under certainty are feasible or failed in the 20
deterministic transportation scenarios simulated by using
fuzzy simulation.)is study can also obtain the ratio that the
planned routes under road-rail intermodal transportation
network certainty are feasible in all the deterministic sce-
narios. )e ratio is only 15%, which is the same as compared
to the planned routes given by the fuzzy programming
model under the credibility level of 0.5 or 0.6, but is con-
siderably lower than results of the fuzzy programming
model when the credibility level is larger than 0.6.

Additionally, the planned routes under the road-rail
intermodal transportation network certainty have smaller
root mean square errors of the economic objectives (i.e.,
713.5 thousand CNY that decreases by ∼18.7% compared
with the planned routes under a credibility level of 1.0),
while yielding larger root mean square errors of the envi-
ronmental objectives (i.e., 4.56 ton that increases by ∼32.9%
compared with the planned routes under a credibility level of
1.0) in the three deterministic transportation scenarios that
are feasible.

Above all, although the planned routes under network
certainty can slightly improve the economic objective, it
worsens the environmental objective and also lead to an ex-
tensive risk that the routes violate the capacity constraint and
the fixed departure time constraint. As a result, this study can
conclude that considering the parameters of the road-rail

intermodal transportation network as uncertainty can re-
markably improve reliability and thereby reduce failure risk of
the associated freight routing optimization when compared
with the deterministic road-rail intermodal routing
optimization.

7. Conclusions

In this study, the author aims at modeling and solving a
green and reliable road-rail intermodal routing problem.
)e objectives of the road-rail intermodal routing modeling
include (1) minimizing total costs for accomplishing all the
transportation orders served by the routing optimization; (2)
minimizing total carbon dioxide emissions created in the
transportation process to realize green transportation. )e
reliability of the routing optimization is enhanced by fully
considering the uncertainty of the road-rail intermodal
transportation network. Parameters that are considerably
sensitive to the real-time status of the network, including
capacities, fixed departure times of container trains, travel
times, and loading/unloading times, are modeled as trian-
gular fuzzy numbers based on fuzzy set theory.

To deal with the green and reliable road-rail intermodal
routing problem under network uncertainty, a fuzzy goal
programming approach is developed by this study. )e
specific routing problem is initially formulated by a mul-
tiobjective fuzzy mixed integer nonlinear programming
model. )en, an exact solution approach that combines
defuzzification, linearization, and weighted sum method is
proposed to address the initial model to enable that the
problem can be solved by the exact solution algorithm run
by the mathematical programming software. In the case
study, besides demonstrating the feasibility of the proposed
methods, this study uses sensitivity analysis and fuzzy
simulation to draw some helpful insights as follows.

(1) )e economic objective is in conflict with the envi-
ronmental objective, i.e., improving one objective will
worsen the other one. By using the weighted sum
method, the Pareto solutions to the problem can be
obtained,which provides candidates for decisionmakers
to make effective tradeoffs between the objectives and
further select the road-rail intermodal routes plan that
matches a particular decision-making situation.

(2) Transportation network uncertainty yields signifi-
cant effects on the two objectives of the road-rail
intermodal routing optimization as well as its reli-
ability. Using fuzzy set theory to model the uncertain
parameters and modeling the problem by fuzzy goal
programming show good feasibility.

(3) )e quality of credibility levels can be quantified by
using fuzzy simulation demonstrated in our study.
)e best credibility level can be identified to provide

Table 9: Root mean square error of the two objectives in the fuzzy simulation.

Credibility level Economic objective in thousand CNY Environmental objective in ton
0.7, 0.8, and 0.9 2224.5 3.82
1.0 877.7 3.43
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the decision makers with the best crisp routes plan
that is most suitable for practical transportation.

In the future work on this study, the author will focus on
the following three aspects:

(1) Uncertainty from the side of customers, e.g., demand
uncertainty [61], is not considered in this study. In
the future work, a comprehensive consideration of
uncertainty from both demanders (shippers and
receivers) and providers (transportation network)
will be investigated.

(2) Some other defuzzification methods, e.g., fuzzy
ranking method [60], can be also adopted to obtain
the crisp reformulation of the fuzzy programming
model. )e comparison among different defuzzifi-
cation methods can be discussed.

(3) )e potential utilization of some emerging fuzzy
numbers, e.g., type-II fuzzy numbers [65], also is
worth a try to check if the forms of fuzzy numbers
significantly influence the optimization results of the
routing problem under uncertainty.
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[57] E. Özceylan and T. Paksoy, “Interactive fuzzy programming
approaches to the strategic and tactical planning of a closed-
loop supply chain under uncertainty,” International Journal of
Production Research, vol. 52, no. 8, pp. 2363–2387, 2014.

[58] M. H. F. Zarandi, A. Hemmati, and S. Davari, “)e multi-
depot capacitated location-routing problem with fuzzy travel
times,” Expert Systems with Applications, vol. 38, no. 8,
pp. 10075–10084, 2011.

[59] Y. Zheng and B. Liu, “Fuzzy vehicle routing model with
credibility measure and its hybrid intelligent algorithm,”
Applied Mathematics and Computation, vol. 176, no. 2,
pp. 673–683, 2006.

[60] S. Fazayeli, A. Eydi, and I. N. Kamalabadi, “Location-routing
problem in multimodal transportation network with time
windows and fuzzy demands: presenting a two-part genetic
algorithm,” Computers & Industrial Engineering, vol. 119,
pp. 233–246, 2018.

[61] Y. Sun, X. Liang, X. Li, and C. Zhang, “A fuzzy programming
method for modeling demand uncertainty in the capacitated
road-rail multimodal routing problem with time windows,”
Symmetry, vol. 11, no. 1, p. 91, 2019.

[62] Y. Xie, W. Lu, W. Wang, and L. Quadrifoglio, “A multimodal
location and routing model for hazardous materials trans-
portation,” Journal of Hazardous Materials, vol. 227-228,
pp. 135–141, 2012.

[63] S. Chakraborty, K. Bhattacharjee, and S. P. Sarmah, “An ef-
fective MILPmodel for food grain inventory transportation in
India—a heuristic approach,” in Optimization and Inventory
Management, pp. 361–376, Springer, New York, NY, USA,
2020.

[64] B. Sawik, “Weighted-sum approach for bi-objective optimi-
zation of fleet size with environmental aspects,” in Applica-
tions of Management Science, pp. 101–116, Publishing
Limited, Bingley, UK, 2018.

[65] S. J. Sharahi, A.-R. Abtahi, A. Rashidi-Komijan, and
K. K. Damghani, “Type-II fuzzy multi-product, multi-level,
multi-period location-allocation, Production-distribution
problem in supply chains: modelling and optimisation

approach,” Fuzzy Information and Engineering, vol. 10, no. 2,
pp. 260–283, 2018.

Journal of Advanced Transportation 21


