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In recent years, low-carbon supply chain network design has been the focus of studies as the development of low-carbon economy.
The location-routing problem with full truckloads (LRPFT) is investigated in this paper, which extends the existing studies on the
LRP to full truckloads problem within the regional many-to-many raw material supply network. A mathematical model with dual
objectives ofminimizing total cost and environmental effects simultaneously is developed to determine the number and locations of
facilities and optimize the flows among different kinds of nodes and routes of trucks as well. A novel multiobjective hybrid approach
named NSGA-II-TS is proposed by combining a known multiobjective algorithm, NSGA-II, and a known heuristics, Tabu Search
(TS). A chromosome presentation based on natural number and modified partially mapping crossover operator for the LRPFT are
designed. Finally, the computational effectiveness of the hybrid approach is validated by the numerical results and a practical case
study is applied to demonstrate the tradeoff between total cost and CO2 emission in the LRPFT.

1. Introduction

Facility location is one of the important problems in supply
chain network design (SCND), while the cost and carbon
emissions associated with the driving route of vehicles con-
tribute a lot to the total values of a logistics system.Therefore,
it is a vital necessity to combine the facility location problem
(FLP) and the vehicle routing problem (VRP) in SCND.

Location-routing problem (LRP), a combination of the
FLP and the VRP, has been discussed in many literatures [1–
3], and the corresponding model and solving approach can
be used as a principal tool for making strategy and tactics
decisions. Subsequently, various variants of the LRP emerge
[4], such as multi-echelon LRP [5], LRP with pickup and
delivery [6], LRP with time windows [7], transportation LRP
[8], and dynamic LRP [9]. However, similar to the VRP, those
studies almost focus on distribution system, particularly,
non-fully loaded shipments.

In practice, full truckload shipment is more common in
raw material supply logistics system like timber or mineral.
Although they may be transported to plants from harvest-
ing/mining sites directly (direct transportation mode) or to

logistics centers (LCs) firstly and then to plants (transit trans-
portation mode) [10], full truckload shipment is the main
form of transportation. Besides, because of the dependence
on rawmaterial, plants usually receive goods fromboth direct
supply sites and LCs simultaneously.

The incorporation of carbon emissions into SCND is a
relatively recent topic addressed in research works and most
related research just took one-way trips into consideration
[11–13]. However, one-way trips are ideal situation, since
undesirable empty mileages can be hardly eliminated totally
in trucks routes [14]. Usually, shipments are served individu-
ally and a truck is sent back empty to its next shipment after
unloading at the destination of its previous trip [15].

Compared with most LRP research that employs vehicles
to serve the distribution system, we study a variant of LRP
where trucks are utilized to serve the regional raw material
supply logistics system that has two kinds of transportation
modes: direct and transit. We call this variant of LRP as
location-routing problem with full truckloads (LRPFT).

The LRPFT arises from bulk raw material transportation
in supply logistics system. There are several supply points
(suppliers), demand points (plants), and a few potential LCs
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Figure 1: Structures of two kinds of SCN.

in the network. The LRPFT differs from classic LRP mainly
in two aspects. Firstly, the structure of supply chain network
(SCN) is different (see Figure 1). Raw material may be trans-
ported to plants from supply sites directly or transited by the
LC and a plantmay be served by different LCs simultaneously.
This kind of SCN usually appears when demand points
are resource-dependent businesses (i.e., biomass processing
plants). Demand points need a large amount of raw material.
To acquire more, they not only receive raw material with
preprocessing (i.e., Chips) from LCs but also receive raw
material without any preprocessing (i.e., fuel wood) from
supply sites.

Secondly, the truck routing problem incorporated in the
LRPFT is a variant of classic VRP. It belongs to full truckload
routing problem. Each route starts from an opened LC and
ends at the same LC, while each node can be visited by
different trucks many times, which is forbidden in classic
VRP. Figure 2 illustrates a solution example of six routes for
the truck routing problem addressed in this study. The six
routes are the following: route 1, L1-H1-P1-H2-P2-L1; route 2,
L1-H1-L1-H1-L1; route 3, L1-P3-H4-P4-L1; route 4, L3-P4-H3-
L3; route 5, L3-P4-L3; and route 6, L3-P4-H5-P1-H5-P1-L3.
Bold arcs indicate loaded trucks and others unloaded. A truck
probably runs several times between two nodes (e.g., L1 and
H1 in route 2 and H5 and P1 in route 6).

The LRPFT considered in this study is a deterministic
decision problem. Demand points can receive raw material
from suppliers and/or LCs.The rawmaterial that comes from
suppliers directly will receive preprocessing at the demand
point while others are processed at LCs. At the beginning,
all trucks are assigned to the opened LCs where they must
return to after each route. Finally, due to some limitations
such as drivers’ working hours, a route must not exceed a
given distance-span.TheLRPFT is to determinewhich LCs to
open, how to assign flows, and the scheduling and routing of
trucks. Unlike most LRPs, the LRPFT is based on arc routing.

In this study, we investigate the LRPFT with two objec-
tives: total cost minimization and total carbon emissions
minimization. A comprehensive mathematical model is
developed firstly. Since the LRPFT is amore complex problem
than LRP that is a well-known NP-hard problem, a solving
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Figure 2: Illustration of a solution of six routes to the truck routing
problem in bulk raw material transportation.

method for the LRPFT is designed as well. The remainder
of this paper is organized as follows: Section 2 begins with
a comprehensive review of related literatures. Section 3
introduces the mathematical formulations for the problem.
Pareto optimality concept is provided and the algorithm is
proposed in Section 4. Numerical experiments to validate
the mathematical model and evaluate the algorithm are
presented in Section 5. Finally, conclusions are drawn in
Section 6.

2. Literature Review

The classical LRP combines two basic planning tasks in
logistics and is defined as an approach to modelling and
solving locational problems [1]. For detailed information
about LRP, see [1, 2, 4].

The LRP hasmany real-life applications so thatmore than
10 kinds of its variants can be summarized [4]. Compared
with the large number of LRP papers that address node
routing, those considering arc routing are rare. Although the
arc routing problem can be transformed into an equivalent
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node routing problem, this type of transformation increases
the problem size and it needs additional calculation for aVRP
[16], and this is evenmore true for a LRP [17]. Levy and Bodin
[18] first worked on location-arc routing problem (LARP).
They tackled a practical problem arising in the scheduling
of postal carriers in the United States postal service. Some
researches defined the LARP as an extension of arc routing
problem and developed different heuristic algorithms for it
[17, 19, 20]. Muyldermans [21] presented a variant of the
LARP: the 𝑝 dead mileage problem, in which clients were
allowed to be serviced multiple times, and the objective was
to minimize dead-mileage.

Multi-echelon LRPs have only very recently attracted
the interest of researchers [22], and the two-echelon LRP
(2E-LRP) is close to the problem studied in this work to
some extent. In the 2E-LRP, three disjoint sets of nodes
representing suppliers (first-echelon facilities), LCs (second-
level facilities), and customers are considered [5]. Decisions
are the location of a subset of suppliers and LCs and vehicle
routes for both the 1st-echelon and 2nd-echelon vehicles.
Each 1st-echelon vehicle starts from the supplier to LCs
while each 2nd-echelon vehicle is routed from the LC to
customers [23]. Obviously, they are two mutually indepen-
dent routing problems. Even though Nguyen et al. [24] took
into account directive delivery customers in their study on
2E-LRP. The routing problems are separated completely for
different parts. The LRPFT differs from the 2E-LRP mainly
on three aspects. Firstly, the routing problem in the LRPFT
is a comprehensive one. Trucks may visit suppliers, LCs,
and customers in one route. Secondly, the LRPFT has a
more complicated decision structure. The allocation of flows
between nodes can be divided into two echelons in the 2E-
LRP while the LRPFT integrates them. Finally, the routing
problems are usually the non-fully loaded ones in the 2E-
LRP.

The full truckload routing problem derived from the
LRPFT has been considered in literatures, although it is rare.
For example, Liu et al. [25] proposed a mathematical pro-
gramming model for the full truckloads multidepot vehicle
routing problem and designed a two-phase greedy algorithm
to solve it. Derigs et al. [26] applied various variants of
multilevel neighborhood search strategies for solving two
specific classes of full truckload routing problems arising in
timber transportation. However, the full truckload routing
problemhas awide application.The truck container transport
is a typical example of the full truckload routing problem
since a container can represent a full truckload [27].

As concerns on low-carbon supply chain management
increase, the incorporation of the minimization of car-
bon emissions into the LRP becomes an important topic
addressed in researches in recent years. Govindan et al. [23]
studied a multiobjective LRP which arises from the applica-
tion in perishable food SCND. Two minimization objectives
are pursued: total cost including fixed facility opening cost
and variable routing cost and total CO2 emission of the
system. Toro et al. [28] formulated a biobjective problem,
named green capacitated LRP (G-CLRP), considering the
minimization of operational costs and the minimization of
total emissions associated with the fuel consumption.

3. Mathematical Formulation

Let 𝐺 = (𝑉,𝐴) be a directed graph, where 𝑉 = 𝐻 ∪ 𝐿 ∪ 𝑃 is
the vertex set and 𝐴 = {(𝑖, 𝑗) | 𝑖, 𝑗 ∈ 𝑉, 𝑖 ̸= 𝑗} is the arc set.
𝐻, 𝐿, and 𝑃 are sets of supply sites, potential LCs, and plants,
respectively. Each supplier has a specific supply volume; each
LC has a fixed capacity and the demand of each plant must be
satisfied. The location of a subset of LCs and the truck routes
among the three kinds of nodes are to be determined.The LC
conducts preprocessing for plants, which causes weight losses
of rawmaterial. Each plant has its own loss rate. Assumptions,
parameters, and variables are defined below.

3.1. Assumptions. The underlying assumptions of the LRPFT
model include the following:

(i) The LRPFT is a deterministic decision problem.
(ii) A plant can be served by multiple LCs and suppliers.
(iii) A truck can visit suppliers, LCs, and plants multiple

times in a single route.
(iv) A route must not exceed a given distance-span.
(v) All trucks are assigned to the opened LCs where they

must return to after each route.
(vi) Homogeneous vehicle type is considered.

3.2. Notations

(1) Sets and Parameters

𝑅: the set of vehicles 𝑟 ∈ 𝑅
𝑆𝑖: the supply of supplier 𝑖, kg
𝑁𝑗: the demand of plant 𝑗, kg
𝑐𝑖𝑗: unit transportation cost for a vehicle travelling
from node 𝑖 to node 𝑗, $/trip
𝑒𝐿𝑖𝑗: unit CO2 emission for a loaded vehicle travelling
from node 𝑖 to node 𝑗, kg CO2/trip

𝑒𝑈𝑖𝑗 : unit CO2 emission for an unloaded vehicle travel-
ling from node 𝑖 to node 𝑗, kg CO2/trip
𝑔𝑖: unit handling cost in LC 𝑖, $/kg
𝑓𝑖: unit cost for preprocessing at node 𝑖, 𝑖 ∈ 𝐿 ∪ 𝑃,
$/kg
𝑄: capacity of the vehicle in use, kg
𝐹𝑉: fixed cost of a vehicle for a single use, $/route
𝐵𝑖: fixed cost for LC 𝑖, $
𝑉𝑖: max capacity of LC 𝑖, kg
𝜎𝑖: fixed CO2 emission of LC 𝑖, kg CO2
𝜏𝑖: unit CO2 emission for preprocessing at node 𝑖, 𝑖 ∈
𝐿 ∪ 𝑃, kg CO2/kg
𝜑𝑗: processing loss rate of raw materials for plant 𝑗
𝑀𝑇: maximum distance-span for a route, km
𝑁𝐼: a sufficient large positive number
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(2) Decision Variables

𝑥𝑖𝑗: the total amount of load from node 𝑖 to node 𝑗, kg
𝐿 𝑖𝑗𝑟: times of loaded vehicle 𝑟moving along arc (𝑖, 𝑗) ∈
𝐴, trips
𝑈𝑖𝑗𝑟: times of unloaded vehicle 𝑟 moving along arc
(𝑖, 𝑗) ∈ 𝐴, trips
𝑍𝑙 = {1, if logistics center 𝑙 is open; 0, otherwise}
𝑦𝑟 = {1, if vehicle 𝑟 is used; 0, otherwise}

3.3. Formulations

minOBJ1 = ∑
𝑖∈𝐻∪𝐿∪𝑃

∑
𝑗∈𝐻∪𝐿∪𝑃

∑
𝑟∈𝑅

𝑐𝑖𝑗 ⋅ (𝑈𝑖𝑗𝑟 + 𝐿 𝑖𝑗𝑟)

+ ∑
𝑟∈𝑅

𝐹𝑉 ⋅ 𝑦𝑟 +∑
𝑙∈𝐿

𝐵𝑙 ⋅ 𝑍𝑙 +∑
𝑖∈𝐿

𝑔𝑖

⋅ ∑
𝑗∈𝐻

𝑥𝑗𝑖 + ∑
𝑖∈𝐿∪𝑃

𝑓𝑖 ⋅ ∑
𝑗∈𝐻

𝑥𝑗𝑖

minOBJ2 = ∑
𝑟∈𝑅

∑
𝑖∈𝐻∪𝐿

∑
𝑗∈𝐿∪𝑃
𝑖 ̸=𝑗

(𝑒𝑈𝑖𝑗 ⋅ 𝑈𝑖𝑗𝑟 + 𝑒
𝐿
𝑖𝑗 ⋅ 𝐿 𝑖𝑗𝑟)

+∑
𝑙∈𝐿

𝜎𝑙𝑍𝑙 + ∑
𝑖∈𝐿∪𝑃

𝜏𝑖 ⋅ ∑
𝑗∈𝐻

𝑥𝑗𝑖

(1)

s.t.

∑
𝑗∈𝐿∪𝑃

𝑥𝑖𝑗 ≤ 𝑆𝑖 ∀𝑖 ∈ 𝐻 (2)

∑
𝑖∈𝐻

𝑥𝑖𝑗 +
∑𝑖∈𝐿 𝑥𝑖𝑗
(1 − 𝜑𝑗)

≥ 𝑁𝑗 ∀𝑗 ∈ 𝑃 (3)

∑
𝑖∈𝐻

𝑥𝑖𝑗 ≤ 𝑉𝑗𝑍𝑗 ∀𝑗 ∈ 𝐿 (4)

∑𝑗∈𝑃 𝑥𝑖𝑗
(1 − 𝜑𝑗)

≤ ∑
𝑗∈𝐻

𝑥𝑗𝑖 ∀𝑖 ∈ 𝐿 (5)

𝑥𝑖𝑗 ≤ ∑
𝑟∈𝑅

𝐿 𝑖𝑗𝑟 ∗ 𝑄 ∀𝑖 ∈ 𝐻, 𝑗 ∈ 𝐿 ∪ 𝑃 (6)

∑
𝑖∈𝐿∪𝑃

𝑈𝑖𝑗𝑟 = ∑
𝑖∈𝐿∪𝑃

𝐿𝑗𝑖𝑟 ∀𝑗 ∈ 𝐻, 𝑟 ∈ 𝑅 (7)

∑
𝑖∈𝐻∪𝐿

𝐿 𝑖𝑗𝑟 = ∑
𝑖∈𝐻∪𝐿

𝑈𝑗𝑖𝑟 ∀𝑗 ∈ 𝑃, 𝑟 ∈ 𝑅 (8)

∑
𝑖∈𝐻∪𝑃

(𝐿𝑗𝑖𝑟 + 𝑈𝑗𝑖𝑟) = 𝑧𝑗 ⋅ ∑
𝑖∈𝐻∪𝑃

(𝐿 𝑖𝑗𝑟 + 𝑈𝑖𝑗𝑟)

∀𝑗 ∈ 𝐿, 𝑟 ∈ 𝑅
(9)

∑
𝑖∈𝐻∪𝐿

𝑈𝑖𝑗𝑟 = 0 ∀𝑗 ∈ 𝑃, 𝑟 ∈ 𝑅 (10)

∑
𝑖∈𝐿∪𝑃

𝐿 𝑖𝑗𝑟 = 0 ∀𝑗 ∈ 𝐻, 𝑟 ∈ 𝑅 (11)

∑
𝑖∈𝐴

∑
𝑗∈𝐴

(𝐿 𝑖𝑗𝑟 + 𝑈𝑖𝑗𝑟) − 𝑁𝐼

⋅ ∑
𝑖∈𝐴

∑
𝑗∈(𝐻∪𝐿∪𝑃)\𝐴

(𝐿 𝑖𝑗𝑟 + 𝑈𝑖𝑗𝑟) ≤ 0

∀𝑟 ∈ 𝑅, 𝐴 ⊂ 𝐻 ∪ 𝑃

(12)

∑
𝑖∈𝐻∪𝐿∪𝑃

∑
𝑗∈𝐻∪𝐿∪𝑃

𝑑𝑖𝑗 ∗ (𝐿 𝑖𝑗𝑟 + 𝑈𝑖𝑗𝑟) ≤ 𝑀𝑇 ∀𝑟 ∈ 𝑅 (13)

∑
𝑖∈𝐻∪𝐿∪𝑃

∑
𝑗∈𝐻∪𝐿∪𝑃

(𝐿 𝑖𝑗𝑟 + 𝑈𝑖𝑗𝑟) ≤ 𝑁𝐼 ⋅ 𝑦𝑟 ∀𝑟 ∈ 𝑅 (14)

𝑥𝑖𝑗 ≥ 0 ∀𝑖 ∈ 𝐻, 𝑗 ∈ 𝐿 ∪ 𝑃 (15)

Non-negative integer 𝑤𝑖𝑗, 𝐿 𝑖𝑗𝑟, 𝑈𝑖𝑗𝑟

∀𝑖 ∈ 𝐻 ∪ 𝐿 ∪ 𝑃, 𝑗 ∈ 𝐻 ∪ 𝐿 ∪ 𝑃
(16)

𝑍𝑗 ∈ {0, 1} ∀𝑗 ∈ 𝐿 (17)

𝑦𝑟 ∈ {0, 1} ∀𝑟 ∈ 𝑅. (18)

We explicitly consider two objective functions. OBJ1
minimizes the total cost of the SCN. The first term is the
transportation cost, and the second term is the fixed cost of
using vehicles.The third term is the fixed cost of opening LCs,
and the fourth term is the total handling cost. The fifth term
is the total cost of preprocessing at both LCs and plants. OBJ2
measures the total CO2 emissions associated with logistics
activities throughout the network. The first term is the total
emissions related to transportation activities, which are arc-
dependent. In this study, CO2 emissions on the same arc
are distinguished between heavy and empty vehicle. The
second term is the fixed emissions associated with opening
LCs, and the third term is the variable emissions associated
with preprocessing at LCs and plants. The conflict between
OBJ1 and OBJ2 exists mainly because of the following two
aspects. (1) opening more LCs reduces the transportation
needed in the network, and the fixed cost of a LC is much
higher than the transportation cost, while it is the opposite
case in carbon emissions [13]. (2) Because the transportation
cost is not proportional to the transportation emissions even
on the same arc, routes decisions under minimum cost and
minimum emissions are quite different [29]. Transportation
emissions depend on the fuel consumption of vehicles totally
and the fuel cost is only a fraction of the transportation cost.

Constraint (2) ensures that the amount of raw material
flowing out of supplier 𝑖 should not exceed its supply capacity,
while constraint (3) restricts the demand satisfaction of each
plant. Constraint (4) states that a LC is disabled if it is not
open and the total raw material flowing into an opened LC
should not exceed its capacity. Constraint (5) guarantees that
the trips of heavy vehicles on an arc match the volumes of
raw materials to be transported. Constraints (7), (8), and (9)
guarantee the continuity of each route. Equation (10) indi-
cates that no empty vehicle travels to plants and (11) indicates
that no heavy vehicle travels to suppliers. Inequality (12)
prohibits subtours. In this case, isolated subtour elimination
constraints are different from famous subtour elimination
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constraints in classic VRP. For example, route 2 in Figure 2
is legal in full truck-load VRP, but it is forbidden in classic
VRP [25]. Constraint (13) implies the maximum distance-
span of each route and constraint (14) guarantees that vehicles
travelling between nodes must be in use. Variables’ types are
defined in constraints (15)–(18).

The model was validated by a simple example in Sec-
tion 5.1 and it is observed that, even for small instances,
the solver consumes a lot of time. Therefore, a novel hybrid
heuristic algorithm is designed to solve the problem.

4. Solution Approach

The Pareto nondominated solution set depicts the tradeoff
between objectives in multiobjective optimization and the
concept of nondominance can be found in Moslemi and
Zandieh [30]. NSGA-II, developed by Deb et al. [31], is one of
the representative evolutionary algorithms for multiobjective
optimization problems to obtain Pareto solution set and
has been modified and applied to different fields success-
fully [32, 33]. However, several operators in the algorithm
need to be designed elaborately when applied to a specific
problem, such as encoding and decoding of the chromo-
some, crossover operator, and mutation operator. The TS
is a metaheuristic technique characterized as a local search
method. For complex combinatorial optimization problems,
combining certain aspects of different algorithms to form a
hybrid algorithm is a promising approach due to increases
in computational power. Accordingly, the combination of
TS as an algorithm enhances the ability of local search of
the search process, wherein TS search is restarted with the
most preferred solutions. NSGA-II is a popularmetaheuristic
technique used for its capability of exploring a wide solution
space, which paves the ground to avoid falling into the
local optimal. In single objective optimization, the hybrid
algorithm based on genetic algorithm and TS has shown
its excellence [34, 35]. However, the application of such
hybridization in multiobjective optimization is rare. In this
study, we adopt NSGA-II to the proposed model and develop
a hybrid NSGA-II named NSGA-II-TS, in which the TS
is incorporated to improve the quality of nondominated
solution set.

4.1. Main Loop of NSGA-II-TS. NSGA-II is fundamentally a
genetic algorithm with special characteristics in the selection
process, which is based on a partial order. The partial order
is determined by two metrics: nondomination rank and
crowding distance.

The aim of nondominated sorting is to assign a non-
dominated rank to every solution. Within a population, the
solution with the higher nondominated rank has higher
priority to be selected and evolved to next generation.

Crowding distance is an index of diversity, which mea-
sures the proximity of a solution to its nearest neighbors.
A solution with smaller crowding distance is more crowded
and the solution located in a less crowded region is with
higher preference in the selection process. The introduction
of crowding distance helps the Pareto front formed by evenly

Yes 

Initial population generation

Crowding distance calculation

Decoding and objectives calculation

Output solutions with the highest rank

Fast non-dominated sorting

No 

Gen = 1

Crossover operator

Tabu search procedure 

Gen = Gen + 1 

Selection

Evolution

Gen > Max generation size

Figure 3: The flow diagram of NSGA-II-TS.

distributed nondominated solutions, which is preferred in
multiobjective optimization.

In evolution operator, the parents and children are com-
bined together in a set firstly; then the solutions with higher
nondominated ranks are evolved to the next generation, and
if some solutions have the same ranks, the solution with
bigger crowding distance has higher priority.

Based on the basic framework of the NSGA-II, we incor-
porate the TS procedure. In each generation, some chromo-
somes in current population are selected by certain criterions
(see Section 4.5.1), to which the TS procedure are applied.
Since the TS procedure would improve the diversity of solu-
tions, the mutation operator is omitted in this study for effi-
ciency. Figure 3 shows the flow diagram of our algorithm and
details will be discussed below. It is noteworthy that solutions
resulted from the TS procedure are added into the current
generation rather than replacing original solutions, because
they may be nondominated solutions to original solutions.

4.2. Encoding and Decoding

4.2.1. Encoding. As for the proposed model, a feasible solu-
tion contains three parts: which LCs to open, how material
flows distribute among the three kinds of nodes, and what
the routes of trucks in use. In the study, we use nodes in
the sequence of trucks’ visit to form a chromosome, because
truck routes imply opened LCs and material allocations can
be deduced from truck routes as well.

Furthermore, for truck loading efficiency, the number
that a plant needs to be visited by trucks is calculated as𝑁𝑑𝑖 =
⌈𝑁𝑖/𝑄⌉. Similarly, the number that a supplier may be visited
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Figure 4: Vehicle routes of two transport modes.

redundant genes
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Figure 5: An example of a chromosome.

is 𝑁𝑠𝑖 = ⌈𝑆𝑖/𝑄⌉. However, the visit number of LCs varies
according to the transportation mode (Figure 4). Obviously,
the transit mode results in more visit of LCs, which is just
twice as many as the total of other nodes in a route. Since
the origin and destination of a route must be the same LC,
the destination LC is default in the chromosome to control
its length. We set the total number that all LCs are visited as
𝑁𝐿 = ∑𝑖(𝑁𝑑𝑖 + 𝑁𝑠𝑖) in our chromosomes. Consequently, the
length of the chromosome is 2 × ∑𝑖(𝑁𝑑𝑖 + 𝑁𝑠𝑖).

Taking a SCNwith 4 suppliers (denoted by 1∼4), 2 poten-
tial LCs (denoted by 5∼6), and 4 plants (denoted by 7∼10) as
example, it may have a chromosome as shown in Figure 5
when a truckload supply/demand for each supplier/plant is
assumed.

Although the proposed encoding method would result in
redundant genes for LCs, it is intuitive, intelligible, and easy
to implement local search and evolutional operators.

4.2.2. Decoding. The decoding procedure begins at the first
gene in a chromosome. A new route is built firstly. Then the
genes are checked one by one. If it is a redundant gene, go to
the next directly. Otherwise, whether it can be added into the
current route is checked. If yes, insert it into current route. If
no, finish current route with current LC and start a new route.
Repeat the above steps until all genes are checked.

For the resulted route, the truck travelling on each arc can
be determined to be loaded or empty according to its from-
to nodes. A truck from LCs to plants is a heavy truck, and
that from LCs to suppliers is an empty truck. If an arc’s initial
node is a supplier, trucks travelling on it are loaded and if it is
a plant, the trucks are empty.

In terms of the chromosome shown in Figure 5, the routes
obtained by decodingmay be 5-1-5, 5-2-10-5, 5-3-7-5, 5-4-8-5,
and 5-9-5. It is noted that a LC (node 5) is inserted between
node 7 and node 4 because of the maximum route length
constraint.

Because constraints on flow conservation in LCs and
demand satisfaction of plants are ignored in the decoding
procedure, an extra objective is introduced to manage the
infeasibility of solutions, which is defined in the following.

minOBJ3 = ∑
𝑖∈𝐿

max (0, flowout𝑖 − flowin𝑖)

+∑
𝑖∈𝐽

unsatisfied𝑖,
(19)

where flowout𝑖 and flowin𝑖 represent the volume of material
out of and into LC 𝑖, respectively, and unsatisfied𝑖 represents
the unsatisfied volume of plant 𝑖.

4.3. Initialization. To generate an initial chromosome, three
sets, 𝑆, 𝐿, 𝑃, and three records introduced in Section 4.2.1
need to be kept: visit times of every demand point,𝑁𝑑𝑖 ; visit
times of every supply points, 𝑁𝑠𝑖 ; and visit times of LCs,
𝑁𝐿. Then genes are generated one by one following the rules
below and the pseudocode of randomly generating an initial
chromosome is shown in Algorithm 1.

(1) The first gene must be a LC, since vehicles originate at
LCs.

(2) If current gene is a LC, the next gene may be a LC, a
supplier, or a plant.

(3) If current gene is a supplier, the next gene may be a
LC or a plant.

(4) If current gene is a plant, the next gene may be a LC
or a supplier.

4.4. Crossover Operator. Because of the special structure of
our chromosome, it is hard to implement any conventional
crossover operator directly. Wemodify the partially mapping
crossover (PMX) [36] to adapt to the chromosome in this
study. Given two parents (P1, P2) for crossover, the PMX has
4 steps, as follows.

Step 1. Randomly generate two split points for parent chro-
mosomes, respectively. Two segments are formed: sublist 1 for
P1 and sublist 2 for P2, respectively, as shown in Figure 6.

Step 2. Exchange sublist 1 and sublist 2 to format two
prototypes of offspring, O1 and O2.

Step 3. Mark the genes in O1 apart from sublist 2 that are the
same with genes in sublist 2, and mark the genes in O2 apart
from sublist 1 that are the same with genes in sublist 1.

Step 4. Substitute themarked genes with themissing genes in
O1 in the order they are encountered in sublist 1 and substitute
the marked genes with the missing genes in O2 in the order
they are encountered in sublist 2.
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chromosome (chr) initialization
chr = 𝜙;
for each 𝑖 ∈ 𝑆

if𝑁𝑠𝑖 = 0 then 𝑆 = 𝑆 \ {𝑖};
for each 𝑖 ∈ 𝑃

if𝑁𝑑𝑖 = 0 then 𝑃 = 𝑃 \ {𝑖};
random 𝑘 ∈ 𝐿;
chr = chr ∪ {𝑘};
𝑁𝐿 = 𝑁𝐿 − 1;
while (𝑃 ̸= 𝜙)

if chr(end) ∈ 𝐿 then random 𝑘 ∈ 𝑆 ∪ 𝑃;
else if chr(end) ∈ 𝑆 then random 𝑘 ∈ 𝐿 ∪ 𝑃;
else random 𝑘 ∈ 𝐿 ∪ 𝑆;
chr = chr{𝑘};
if 𝑘 ∈ 𝐿 then𝑁𝐿 = 𝑁𝐿 − 1; if𝑁𝐿 = 0 then 𝐿 = 𝜙;
else if 𝑘 ∈ 𝑆 𝑁𝑠𝑘 = 𝑁𝑠𝑘 − 1; if𝑁𝑠𝑘 = 0 then 𝑆 = 𝑆 \ {𝑘};
else if 𝑘 ∈ 𝑃 𝑁𝑑𝑘 = 𝑁𝑑𝑘 − 1; if𝑁𝑑𝑘 = 0 then 𝑃 = 𝑃 \ {𝑘};

Algorithm 1: Pseudocode for generating an initial chromosome.

P1

P2

Vp1 Vf1

Vs1 Ve1

Vp2 Vf2

Vs2 Ve2

sublist 1

sublist 2

Figure 6: Illustration of generating crossover segments in parent
chromosomes.

The PMX is designed for the sequential coding with no
duplication code. The application of PMX on our chromo-
somes generates invalid chromosomes inevitably. To avoid
this, we propose a modified PMX, named MPMX. There
are mainly two differences between PMX and the MPMX.
The first is the formation of the exchange segments. In the
MPMX, the sublist 1 is generated randomly firstly, and then
the sublist 2 is generated on the premise of the following
exchange constraints.

As depicted in Figure 6, let 𝑉𝑝 and 𝑉𝑓 denote the
immediate preceding and the succeeding gene of crossover
segment in the parent chromosome, respectively; let 𝑉𝑠 and
𝑉𝑒 represent the beginning and the ending gene, respectively.
Crossover operator can be applied with sublist 1 and sublist 2
if the following conditions are satisfied.

(1) If 𝑉𝑝1(𝑉𝑝2/𝑉𝑒1/𝑉𝑒2) is a supplier (plant), 𝑉𝑠2(𝑉𝑠1/𝑉𝑓2/
𝑉𝑓1) is not a supplier (plant).

(2) If 𝑉𝑠1(𝑉𝑠2) is the beginning gene of P1 (P2), 𝑉𝑠2(𝑉𝑠1) is
a LC.

The repairing procedure after the segments exchange is
the second difference between the PMX and the MPMX.
The infeasibility in O1 and O2 is that the frequency of a
node in a chromosome does not match what is stipulated
in the encoding phase. Therefore, the repairing procedure is
applied to maintain the numbers of each supplier, each plant,
and total LCs in an offspring prototype, which ensures its
feasibility.

In terms of O1, genes in sublist 1 are the missing ones and
genes in sublist 2 are the redundant ones. Missing genes and
redundant genes are paired off and the pairs are checked one
by one. For each pair, if the missing gene is exactly the same
gene as the redundant, nothing needs to be done. Otherwise,
whether the missing gene and the redundant gene represent
the same kind of nodes (suppliers or LCs or plants) is checked.
If yes, a gene that is the same to the redundant gene in
the offspring prototype is randomly replaced by the missing
one. If no, a randomly generated LC is used as media. The
redundant gene is replaced by the LC and then an appropriate
LC in the offspring prototype is replaced by the missing gene
under the prerequisite of guaranteeing feasibility.

4.5. TS Procedure

4.5.1. Solutions Selection. For efficiency, it is necessary to
determine which solutions the TS procedure is applied with.
In this study, there are two criteria. Firstly, the solutions are
of the highest nondominated level in current population.
Besides, the following two parts are considered: solutions
with lowest value of OBJ1 or OBJ2 and solutions with higher
crowding distance. The former aims to enhance the search
ability in extremum spaces of the algorithm, while the
later focuses on the distribution of solutions. Because the
solution space is discrete, a well-distributed solution set is
important to depict the Pareto front precisely. Finally, a TS
probability is introduced to determine the specific number of
the solutions.
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Figure 7: Solutions of exact algorithm and NSGA-II-TS on a small
scale example.

4.5.2. Solution Evaluation. The evaluation function 𝑍(𝑠) of
solutions in the TS is calculated using the following.

𝑍 (𝑠) =
3

∑
𝑖=1

𝑤𝑖𝑧𝑖 (𝑠) , (20)

where 𝑧𝑖(𝑠) is the objective value of OBJ𝑖 and 𝑤𝑖 is the
weighted of objective 𝑖. The configuration of 𝑤𝑖 guides the
search direction. In this paper, we set (1, 0,∞) for solutions
with low value of OBJ1, (0, 1,∞) for solutions with low
value of OBJ2, and a randomly generated configuration
of 𝑤𝑖 is considered for solutions with high crowding dis-
tance.

4.5.3. Neighborhoods Generation. A neighborhood is gener-
ated as follows: randomly choosing a gene as major exchange
gene firstly, then checking its type (LC/supplier/plant), and
finally randomly choosing another gene with the same type
and swapping those two genes.

5. Numerical Experiments

To validate the proposed model and algorithm, a small
instance is first constructed. Then, we test the NSGA-II-TS
on 36 instances of different characteristics of network and
compare its results with those of theNSGA-II.The algorithms
are implemented in Matlab R2014a and run on PCs with
2.4GHz and 4GB RAM memory.

5.1. A Simple Example. The simple example contains 4 sup-
pliers, 2 potential LCs, and 4 plants. The visit times of each
supplier and plant is one. The model is solved by Lingo
11.0 using the normalized normal constraint (NNC) method
[37], an exact algorithm, and the NSGA-II-TS, respectively.
Figure 7 illustrates the solutions.

On the simple instance, solutions of the NSGA-II-TS
are almost the same with exact solutions. Three out of
five are exactly the same including two extreme points.
The Inverted Generational Distance (IGD) defined in the

following equation is usually used to measure the perfor-
mance of a multiobjective optimal algorithm [38].

IGD (𝑃𝑐, 𝑃
∗) =

∑V∈𝑃∗ 𝑑 (V, 𝑃𝑐)
|𝑃∗|

, (21)

where𝑃∗ is a set of points uniformly distributed on the Pareto
front and 𝑃𝑐 is the approximation obtained by the algorithm;
𝑑(V, 𝑃𝑐) is theminimumEuclidean distance between V and the
points in 𝑃𝑐.

Given that the points in set𝑃∗ can appropriately represent
the Pareto front, IGD can measure both the diversity and
convergence of 𝑃𝑐. The smaller the value of IGD is, the better
the solution set toward the Pareto optimal front is. When all
obtained solutions lie exactly on chosen solutions, IGD takes
a value of zero. In this example, the IGDmetric of the NSGA-
II-TS is 0.003966 that is small enough to prove the validity of
the proposed model and algorithm.

5.2. Test Instances Generation. Lack of publicly available test
instances for the LRPFT prevents us from comparing our
results to similar results from the literature. To examine
the proposed algorithm (NSGA-II-TS) further, we compare
it with the NSGA-II on a range of randomly generated
instances. Those instances can be classified into three scales:
large, medium, and small, according to the nodes number
in the network and their average visits. Accordingly, each
problem is characterized by suppliers (𝑆) × potential LCs
(𝐿) × Plants (𝑃) × average visits (𝑉). The distribution of
the three types of nodes is generated randomly and the
Euclidean distance is used. Following Govindan et al. [23],
some coefficient matrices are introduced to calculate basic
input parameters, such as 𝜁1, 𝜁2, 𝜁3, and𝜔.The ranges of those
parameters are summarized in Table 1. The travelling cost is
calculated as c = d × 𝜁1, and the emissions e = d × 𝜔. The
fixed cost of potential LC 𝑖 is calculated as𝐵𝑖 = 𝐵0[𝑉𝑖/𝑉0]

𝜁2𝑖−1,
where𝐵0 and𝑉0 are the benchmarks of fixed cost and capacity
of potential LCs (𝐵0 = 35000,𝑉0 = 12 truckloads) and the fixed
emissions of LCs 𝜎 = V × 𝜁3.

5.3. Evaluation Metrics. Convergence and diversity are the
two most important aspects in evaluating multiobjective
algorithms. Convergence measures the degree to which the
nondominated solution set approaches the exact Pareto front,
while diversity measures the distribution uniformity of the
solutions in the Pareto optimal set. This paper uses the
following two performance assessment metrics: mean ideal
distance (MID) for convergence and spread extent (Δ) for
diversity.

MID[23]. MID calculates the mean distance between the
nondominated set and ideal point

→
𝑓 ideal. The algorithm with

a lower value of MID has better convergence. The MID is
computed as follows:

MID =
∑𝑛𝑖=1 𝑐𝑖
𝑛

𝑐𝑖 =

→
𝑓 𝑖 −

→
𝑓 ideal
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Table 1: Parameters for generating test instances.

Categories Factors Value
(𝑆 × 𝐿 × 𝑃 × 𝑉)

4 × 2 × 4 × (2–5) N × N 350 × 350
5 × 3 × 5 × (1–5) N × N 350 × 350
6 × 3 × 6 × (1–5) N × N 350 × 350
7 × 4 × 7 × (1–5) N × N 350 × 350
8 × 4 × 8 × (1–4) N × N 350 × 350
9 × 4 × 9 × (1–4) N × N 400 × 400
10 × 5 × 10 × (1–3) N × N 400 × 400
10 × 5 × 12 × (1–3) N × N 400 × 400
15 × 5 × 12 × (1–3) N × N 500 × 500

Transportation cost 𝜁1 U (1.5, 3)

Transportation emissions 𝜔 (for loaded trucks) U (0.12, 1.2)
(for unloaded trucks) U (0.1, 0.6)

Fixed cost of LC 𝜁2 U (0.8, 1)
Fixed emission of LC 𝜁3 U (0.6, 0.8)

Variable cost of preprocessing f 𝑖 (for LCs) U (0.01, 0.03)
(for plants) U (0.03, 0.05)

Variable emission of preprocessing 𝜏𝑖 (for LCs) U (0.0016, 0.0018)
(for plants) U (0.0018, 0.0020)

→
𝑓 ideal = {min (𝑓1) ,min (𝑓2) , . . . ,min (𝑓𝑘)} ,

(22)

where 𝑛 is the number of nondominated solutions.

Δ [31]. Δ measures the extent of spread achieved among the
obtained solutions, which is calculated as follows:

Δ =
𝑑𝑓 + 𝑑𝑙 + ∑

𝑛−1
𝑖=1

𝑑𝑖 − 𝑑


𝑑𝑓 + 𝑑𝑙 + (𝑛 − 1) 𝑑
, (23)

where 𝑑𝑓 and 𝑑𝑙 are the Euclidean distance between the
extreme solutions and the boundary solutions of the obtained
nondominated set, respectively, and 𝑑𝑖 is the Euclidean
distance between consecutive solutions; 𝑑 is the average of all
𝑑𝑖, 𝑖 = 1, 2, . . . , (𝑛 − 1), assuming that there are 𝑛 solutions in
the first front. Apparently, an ideal distribution is the one that
makes all distance 𝑑𝑖 equal to 𝑑 andmake 𝑑𝑓 = 𝑑𝑙 = 0. At this
point, the metric Δwould be zero. For any other distribution,
the value of the metric would be greater than zero. For two
distributions having identical values of 𝑑𝑓 and 𝑑𝑙, the metric
Δ takes a higher value with worse distributions of solutions
within the extreme solutions.

5.4. Computational Results. To determine the different per-
formances of the NSGA-II and the NSGA-II-TS, the values of
the metrics of solution sets obtained by those two algorithms
are calculated as reported in Table 2. The same maximum
solving time of algorithms is set and solutions with OBJ3 >
0 are excluded.

The experimental results show that the NSGA-II-TS
obtains better value of bothmetrics than theNSGA-II does on
34 out of 36 test instances. The NSGA-II-TS gets higher value

of MID or Δ in the remaining two test instances. However,
it is arbitrary if any of the two metrics is used alone to
measure the performance of an algorithm. We present the
nondominated solutions obtained by the two algorithms on
those two instances in Figure 8.

In the case 4 × 2 × 4 × 5 (Figure 8(a)), the Pareto optimal
front obtained by the NSGA-II-TS consists of three segments
and the neighboring sections are separated by a distinct
distance, which results in large values of 𝑑𝑖 and subsequently
a pretty large Δ. Meanwhile, the Pareto optimal frontier
obtained by the NSGA-II has only one segment; thus the
solutions are more concentrated, which results in a smaller
Δ. However, the Pareto optimal front obtained by the NSGA-
II-TS gives a more complete view of the Pareto front, which
provides decision makers with more diverse solutions.

Instance 10× 5× 10× 2 (Figure 8(b)) is another situation.
NSGA-II achieves more and better solutions in the middle of
the Pareto optimal frontier, so the value of MID is relatively
small. However, the NSGA-II-TS exhibits stronger ability in
searching extreme points, especially the points in the top left
corner.

In general, the computational results prove that the pro-
posed algorithm NSGA-II-TS can solve the proposed model
effectively. Besides, in all test instances, the NSGA-II-TS
outperforms the NSGA-II. The incorporation improves the
search ability for whole solution space efficiently. Meanwhile,
the distribution of solutions is improved as well.

5.5. A Practical Case Study. A practical case is motivated by
the regional timber supply in Jiangle County, Fujian province,
China (Figure 9). The supply network contains 7 suppliers, 4
potential LCs, and 5 demand points. In the planning horizon,
the average visit of nodes is 8.
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Figure 9: Geographical location of the regional timber supply network in Jiangle.
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Table 2: The obtained metrics for algorithms performance.

Number Instance NSGA-II NSGA-II-TS
MID Δ MID Δ

1 4 × 2 × 4 × 2 0.85689 0.51285 0.82237 0.41338
2 4 × 2 × 4 × 3 0.85437 0.9242 0.85311 0.89941
3 4 × 2 × 4 × 4 0.75704 0.94667 0.74074 0.91001
4 4 × 2 × 4 × 5 1.18334 1.02135 0.89019 1.08813
5 5 × 3 × 5 × 1 0.49743 0.95698 0.39202 0.78462
6 5 × 3 × 5 × 2 0.70307 0.39554 0.62630 0.24118
7 5 × 3 × 5 × 3 1.33393 1.03044 1.33349 0.96609
8 5 × 3 × 5 × 4 0.87236 0.84321 0.66498 0.62464
9 5 × 3 × 5 × 5 1.47103 1.52732 0.90403 0.67003
10 6 × 3 × 6 × 1 1.13516 0.71004 1.13135 0.69386
11 6 × 3 × 6 × 2 1.0077 0.87302 0.62362 0.72721
12 6 × 3 × 6 × 3 0.75929 1.01873 0.75268 1.01054
13 6 × 3 × 6 × 4 1.08236 1.01257 1.04624 1.00454
14 6 × 3 × 6 × 5 0.68291 0.79220 0.63944 0.74944
15 7 × 4 × 7 × 1 0.8901 0.50000 0.8805 0.49723
16 7 × 4 × 7 × 2 0.99927 0.86644 0.84185 0.33720
17 7 × 4 × 7 × 3 0.88898 1.06045 0.83051 1.0357
18 7 × 4 × 7 × 4 0.90262 1.02518 0.61733 0.80097
19 7 × 4 × 7 × 5 1.02797 0.97937 0.88750 0.95451
20 8 × 4 × 8 × 1 0.58773 0.9446 0.45837 0.59011
21 8 × 4 × 8 × 2 0.75841 0.64195 0.71611 0.59445
22 8 × 4 × 8 × 3 0.66301 0.90299 0.52856 0.83202
23 8 × 4 × 8 × 4 0.67697 0.98718 0.35737 0.97293
24 9 × 5 × 9 × 1 1.0705 0.9209 0.85177 0.79481
25 9 × 4 × 9 × 2 0.84051 1.19628 0.82783 1.10633
26 9 × 4 × 9 × 3 0.89771 0.94838 0.84297 0.86832
27 9 × 4 × 9 × 4 0.68986 1.30304 0.61661 1.07057
28 10 × 5 × 10 × 1 0.7885 0.79695 0.77733 0.65599
29 10 × 5 × 10 × 2 0.73136 1.08843 0.73816 0.75582
30 10 × 5 × 10 × 3 0.99993 1.06113 0.72235 0.91881
31 10 × 5 × 12 × 1 0.55728 1.09353 0.30017 0.77984
32 10 × 5 × 12 × 2 0.73786 0.95561 0.27845 0.72465
33 10 × 5 × 12 × 3 0.74217 1.12298 0.63351 0.81266
34 15 × 5 × 12 × 1 0.41704 0.98706 0.35509 0.97266
35 15 × 5 × 12 × 2 1.01935 0.83007 0.99928 0.79450
36 15 × 5 × 12 × 3 0.82202 1.06976 0.63314 0.93739

The shortest paths between each pair of nodes were
computed, and the corresponding costs were determined
through field investigation and the emissions were computed
with road conditions (i.e., gradient, rolling resistance, and
distance) and truck type in use based on the method pro-
posed in [39].

All other data related to cost calculation is determined
based on the combination of logistics practices and the
information obtained from the forest service department in
Jiangle County.

Table 3 provides the results of the NSGA-II and the
NSGA-II-TS. The MID values are 0.90736 and 0.88217,
respectively, and the Δ values are 1.03448 and 0.80734,

respectively. As expected, the NSGA-II-TS outperforms the
NSGA in both criterions.

Furthermore, we can see tradeoffs between the two
objectives here. The solutions can be divided into groups
according to opened LCs. There are several nondominated
solutions in each group,which shows the tradeoff between the
objectives under a certain configuration of LCs. As the cost
of a route is not proportional to its emissions, an economic
truck route is not necessarily the carbon emissionsminimum.
Emissions are mainly caused by the fuel consumption, while
the cost contains fuel cost, driver salary, vehicle depreciation,
and even road toll. For example, a short route with bad road
condition causes higher emissions but lower cost. On the
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Table 3: Comparison of Pareto optimal front obtained by the two algorithms.

NSGA-II NSGA-II-TS
Cost (K $) Emission (Kg CO2) Select DCs Cost (K $) Emissions (Kg CO2) Select DCs
118.376 10565.00 2 112.64 10804.61 2
118.520 10529.64 2 112.784 10751.12 2
118.808 10438.20 2 112.928 10613.71 2
119.308 10095.41 2 113.072 10506.10 2
120.644 9643.79 2 115.504 10075.82 2
186.132 8700.25 1, 2 115.936 9821.41 2
186.844 8611.68 1, 2 119.444 9631.38 2

172.872 9352.40 1, 2
179.766 8820.01 1, 2
180.558 8513.41 1, 2

contrary, because of the toll of high-grade road in China, a
route of low emissions may have high cost. Besides, as Table 3
illustrates, among groups, solutions with more opened LCs
are of lower level of emissions. As also indicated in [13], more
depots are opened to reduce the kilometers travelled and the
fixed cost of a LC is sufficiently higher than the transportation
cost.

6. Conclusion

In this paper, the biobjective location-routing problem with
full truckloads is addressed. This problem is an extension
of the existing studies on the LRP in distribution system to
supply logistics system.Theproblem involves two transporta-
tion modes, direct and transit, and integrates trucks’ routes
for different parts, which is more realistic for perfecting raw
material supply logistics system. The mathematical model
with dual aims of minimizing total cost and environmental
effects is proposed to investigate the tradeoff between the
objectives.

Due to the complexity of the problem, a novel hybrid
metaheuristic algorithm named NSGA-II-TS that combines
the NSGA-II and the TS is developed to obtain Pareto
solutions, in which a new representation and a new crossover
operator are designed. To validate the proposed model, a
simple example is solved by the NSGA-II-TS and the exact
algorithm, NNC. After that, 36 instances with different scales
are generated randomly to test the performance of theNSGA-
II-TS. Finally, a practical case motived in timber supply
logistics system in Jiangle County, Fujian province, China,
is applied as well. The computational results validate the
effectiveness and efficiency of the NSGA-II-TS on the LRPFT.
Besides, the numerical solution results on practical case study
give the general essential qualitative relationships between
total cost and carbon emissions, which provide managerial
insights for decision makers.

Further research could focus on an extension of the
LRPFT by including, for example, multiple vehicle types or
time windows, to enhance its applicability to real-life scenar-
ios. On the other hand, efficientmultiobjective algorithms for
the LRPFT can also extend the research.
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“A multi-objective model for the green capacitated location-
routing problem considering environmental impact,” Comput-
ers & Industrial Engineering, vol. 110, pp. 114–125, 2017.
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