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A Region Enhanced Discrete Multi-Objective Fireworks Algorithm for
Low-Carbon Vehicle Routing Problem

Xiaoning Shen, Jiaqi Lu, Xuan You, Liyan Song*, and Zhongpei Ge

Abstract: A constrained multi-objective optimization model for the low-carbon vehicle routing problem (VRP) is

established. A carbon emission measurement method considering various practical factors is introduced. It

minimizes both the total carbon emissions and the longest time consumed by the sub-tours, subject to the

limited number of available vehicles. According to the characteristics of the model, a region enhanced discrete

multi-objective fireworks algorithm is proposed. A partial mapping explosion operator, a hybrid mutation for

adjusting the sub-tours, and an objective-driven extending search are designed, which aim to improve the

convergence, diversity, and spread of the non-dominated solutions produced by the algorithm, respectively.

Nine low-carbon VRP instances with different scales are used to verify the effectiveness of the new strategies.

Furthermore, comparison results with four state-of-the-art algorithms indicate that the proposed algorithm has

better performance of convergence and distribution on the low-carbon VRP. It provides a promising scalability

to the problem size.

Key words: vehicle routing problem; carbon emission; multi-objective optimization; fireworks algorithm; region

enhanced

1 Introduction

In response to the strategy of global sustainable
development, logistics companies have started paying
attention to the environmental benefits of logistics
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activities while improving economic incomes, and the
concept of “ green logistics” emerged at the historic
momentl!], At present, the impact of logistics on the
environment is mainly reflected in the increase of the
greenhouse gas emissions such as carbon dioxide,
which pollutes the atmospheric environment and
accelerates global warming and climate destruction(?].
In order to improve this phenomenon, different
enterprises are beginning to pay attention to green
logistics. In the cold chain transportation industry,
Zulvia et al.3] established a low-carbon vehicle routing
problem (VRP) model considering the carbon
emissions and the product quality, which is applicable
to enterprises that sell perishable products such as
fruits, vegetables, and flowers. In the waste collection
industry, Jabbarzadeh et al.[*l proposed a waste
collection model that minimizes the traveling cost,
greenhouse gas emissions, and the energy consumption
and applied it to a practical case of Tehran municipal
solid waste collection. In the electric vehicles charging
industry, Long and Jials] developed a bi-level O-
learning to solve the stochastic matching of renewable
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power generation and electric vehicles charging
demand, which reduces the carbon emissions and the
charging cost. These problems aim at reducing the
carbon emissions produced by vehicles during
transportation. Transportation is the main component
and core link of logistics activities. If all the transport
regarded as vehicles, logistics
transportation can be regarded as a vehicle routing
probleml®).  VRP is a classical combinatorial
optimization problem, from which different types of
VRP are derived, and the low-carbon VRP is one of
them. In order to reduce the emissions of greenhouse
gases and improve the quality of the atmospheric
environment, the low-carbon VRP has become a
popular research topic of combinatorial optimization
for the past few years.

Since the notion of low-carbon VRP was first
introduced, many researchers have studied on the
modeling and the solution of this problem, and
achieved gratifying results. In recent works on
modeling the low-carbon VRP, multiple objectives,
like carbon emission, cost,
simultaneously considered in most of the existing
researches. Jemai et al.l”] established a mathematical
model which aims at minimizing both the carbon
emissions and the total driving distance, and adopted
non-dominated sorting genetic algorithm II (NSGA-
I to solve the model. Xu et al.ll built a green
vehicle routing model with time-varying speed and soft
time window, which considered vehicle capacity, time-
varying speed, and traffic congestion. Zhang et al.[!0]
aggregated the vehicle fuel cost, the carbon emission
cost, and the vehicle usage cost into one objective.
Xiao et al.l'll constructed a fuel consumption vehicle
routing model minimizing the vehicle fixed cost and
fuel consumption cost. Wang et al.['2] proposed a bi-
objective model with real-time load and speed to
minimize the total carbon emission and the operating
cost. As above, most of the existing low-carbon VRP
models take the cost and carbon emissions generated in
the transportation as optimization objectives, and
almost ignore the optimization of transportation time,
which is not suitable for the scene with high
requirements on transportation time.

Low-carbon VRP is a non-deterministic polynomial
hard (NP-hard) probleml3], and the metaheuristic
method is an ideal tool for solving this type of
probleml[!4720], For example, Han et al.[!3] adopted an

carriers  are

and travel time, are

improved iterated greedy algorithm to solve the

distributed flow
sequence-dependent

shop scheduling problem with

al.ll7]
designed a multi-direction update based multi-objective
particle swarm optimization for mixed no-idle flow-
shop scheduling problem. Therefore, more and more
metaheuristic algorithms are applied to low-carbon
VRP. De Oliveira Da Costa et al.[2!] adopted a genetic
algorithm (GA) to solve green VRP model, which
reduces

setup time. Zhang et

carbon emissions effectively in the
transportation. Zhang et al.[?2] designed an improved
particle swarm optimization to optimize vehicle
transportation costs and carbon emissions in the low-
carbon VRP. Pulido-Gaytan et al.[23] designed a multi-
which

simultaneously minimized the three objectives of total

objective  cellular  genetic  algorithm,

vehicle travel time, carbon emissions, and
environmental penalty costs related to the low-carbon
VRP. Li et al.?*l applied an ant colony algorithm
incorporating an improved pheromone updating
method to the multi-depot vehicle routing problem,
which maximizes revenue and minimizes cost, travel
time, and carbon emissions simultaneously. Jabir
et al.[?] designed an ant colony algorithm based on
metaheuristic to solve the multi-depot green vehicle
routing model with the objective of minimizing the
economic cost and emission cost reduction.

Although some metaheuristic methods have been
adopted for solving the low-carbon VRP, some
problems still exist to be handled, e.g., low accuracy of
the result and insufficient use of the problem-specific
information. To cover shortages of the existing
methods, fireworks algorithm is studied in this paper to
solve low-carbon VRP. Fireworks algorithm!2¢] is a
metaheuristic algorithm first presented by Professor
Tan Ying of Peking University in 2010. The fireworks
algorithm is inspired by the natural phenomenon that
fireworks explode in the night sky to generate sparks
and illuminate the surrounding area. Each firework is
regarded as a solution in the decision space of the
optimization problem, and the explosion of a firework
to generate a certain number of sparks can be
considered to be the process of searching its
neighborhood. Due to its characteristics of
instantaneity, distributed
parallelism, and diversity, the fireworks algorithm has
been successfully applied to protein network functional

module detectionl?7], traffic flow prediction(28], multi-

simplicity, emergence,

region power system scheduling!?], and other real-
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world problems. So far, there have been some studies
on multi-objective optimization fireworks algorithms
(MOFWAs). Zheng et al.30 firstly applied a fireworks
algorithm to the multi-objective optimization problem.
Liu et al.B!! proposed an MOFWA which used S-
Metric as the fitness evaluation index to significantly
improve the diversity. Bejinariu et al.[32] adopted the
weighted sum method to transform a multi-objective
optimization problem into a  single-objective
optimization problem. Chen et al.[33] proposed a hybrid
multi-objective optimization algorithm based on the
multi-objective  evolutionary algorithm based on
decomposition (MOEA/D)  framework,  which
integrated both the fireworks explosion operator and
the mutation strategy. Zhang et al.’*] modified the
method to calculate the fireworks explosion radius
according to the number of iterations. They also gave
an improved method to update the binary encodings,
and proposed an MOFWA for the multi-objective
software and hardware division.

A constrained multi-objective optimization model for
the low-carbon VRP is constructed in this paper, where
a carbon emission measurement approach considering
various practical factors is introduced. Then a region
enhanced discrete multi-objective fireworks algorithm
(REDMOFWA) is proposed to settle the established
model, which includes three novel strategies. First, in
order to enhance the global search of the decision space
and the local mining of the region around the
fireworks, a partial mapping explosion operator is
designed. Second, to maintain the population diversity
and avoid the algorithm jumping into the local
optimum, a hybrid mutation operator is devised to
adjust the sub-tours. Third, with the aim of increasing
the solution accuracy of the algorithm and extend the
spread of the Pareto front, an objective-driven
extending search operator is given. Effectiveness of the
new strategies is validated by nine VRP instances with
different scales. Compared with four state-of-the-art
better
convergence and distribution performance on the low-
carbon VRP.

The remainder of this paper is organized as follows.
Section 2 constructs the constrained multi-objective
optimization model of the low-carbon VRP. Section 3
describes the proposed region enhanced discrete multi-
objective fireworks algorithm for solving the
established model. In Section 4, experimental studies
are carried out. Section 5 draws the conclusion.

algorithms, the proposed algorithm has

2 Constrained Multi-Objective Optimization
Model of Low-Carbon VRP

The multi-objective optimization problem requires that
there are some conflicts among multiple objectives, and
no solution that can simultaneously optimize all the
objectives exists. In this paper, the low-carbon VRP is
modeled as a constrained multi-objective optimization
problem, which minimizes both the total carbon
emissions and the longest sub-tour time, subject to the
number of available vehicles. When the longest sub-
tour time is shorter, it indicates that all the sub-tours
consume less time and the customers are evenly
dispersed into each sub-tour, so that the number of
customers in each sub-tour is smaller. Correspondingly,
the number of vehicles actually used becomes larger,
leading to the increase of the total carbon emissions
generated during the vehicle driving. This shows that
there is a conflict between the total carbon emissions of
all vehicles and the longest sub-tour time, which can be
used as the two objectives of the multi-objective
optimization problem.

The constrained multi-objective optimization model
of the low-carbon VRP is described as follows: there is
a distribution center (numbered zero) and n customer
points (numbered from one to 7). The demand required
by each customer point i(i=1,2,...,n)is ¢, and
customers can be served by K vehicles. It is assumed
that all vehicles are of the same type. The dead weight
of each vehicle is w. The capacity is limited to the sum
of the demands of all customer points, and the vehicle
has a uniform driving speed v;; when driving from the
customer i to the customer j (i,j € {1,2,...,n},i # j).

The decision variables are defined as shown in Eqs.
(1) and (2):

o 1,if vehicle & travels from customer i to j; 1
Yijk = 0, otherwise
o 1,if customer i is served by vehicle k; @)
Yik = 0, otherwise

The objective functions and constraints are as
follows:

K n n
min Z; = FE Z Z [xijkd,-j(w+lij)(a+gsin0,~j+
k=1 i=0 j=0,j#i

2
8Ccosb;j) +xijxd;j0.5C4Apvy; 3)

n n
d;;
min Z; = max Z Z Xijp—tkell,2, ... K} (4)
iz0 joogzi Vi
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where the total carbon emission of all vehicles and the
longest sub-tour time is represented by Egs. (3) and (4),
respectively. The carbon emissions generated by
vehicle driving on a road section are obtained by the
product of the fuel emission parameter FE and the fuel
consumption3].  Here, the influences of driving
distance d;;, speed v;;, dead weight w, load /;;, and road
conditions on the vehicle fuel consumption are taken
into account. In Eq. (3), a is the vehicle acceleration
(unit: m/s?), g is the gravitational acceleration constant
(9.81 m/s?), 6;; denotes the road slope of the section
from customer i to customer j, C, is the rolling
resistance coefficient, C, is the traction coefficient, A4 is
the front surface area of the vehicle (unit: m?), and p
indicates the air density (unit: kg/m3). Equations (5) —
(9) are constraint. Equation (5) shows that each
customer can only be served by one car. Equations (6)
and (7) ensure that when each customer is served, there
must be a vehicle driving from a certain place to the
customer point and then leaving from the point after
finishing serving. Formula (8) is the classical sub-tour
elimination constraint which ensures that there is no
sub-tour in the driving route of each vehicle.
Formula (9) indicates that the number of vehicles
departing from the distribution center cannot exceed
the number of available vehicles.

3 A Region Enhanced Discrete Multi-
Objective Fireworks Algorithm

For the constructed low-carbon VRP model, a region
enhanced discrete multi-objective fireworks algorithm
called REDMOFWA is proposed. A partial mapping
explosion operator, a hybrid mutation for adjusting the
sub-tours, and an objective-driven extending search
operator are designed to improve the performance of

the algorithm.
3.1 Framework of the algorithm

The low-carbon VRP is a combinational optimization
problem, and the integer encoding is adopted in the
proposed algorithm REDMOFWA. For a problem with
n customers (numbered from one to n), the encoding of
each individual is a sequence composed of 0—n. When
decoding, the sequence between two adjacent
distribution centers (numbered zero) is the driving
route of one vehicle, ensuring that each customer is
visited only once by one vehicle. In addition, there is
no other sub-tour in the driving route of each vehicle.
As a result, all the decoded solutions are feasible, and
the problem is transformed into an unconstrained
combinatorial optimization problem. The flow-chart of
REDMOFWA is shown in Fig. 1, which mainly

consists of six components: (1) initialization; (2) partial

Initialize the
fireworks population
and createan archive

Does it meet the
termination criteria?

Yes
v
Output the
archive
Partial mapping
explosion operator
End

v

Hybrid mutation for
adjusting the sub-tours

v

Objective-driven
extending search

v

Update of the
fireworks population

v

Update of the
archive

v

Cooperative selection

L]

Fig. 1 Flow-chart of the proposed algorithm REDMOFWA.

Novel strategies
in REDMOFWA
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mapping explosion operator; (3) hybrid mutation for
adjusting the sub-tours; (4) objective-driven extending
search; (5) update of the fireworks population and the
external archives; and (6) selection. Among them, the
gray parts are the novel strategies incorporated in
REDMOFWA.

3.2 Partial mapping explosion operator

The proposed algorithm adopts the integer encoding. If
an offset is produced by adding or subtracting an
integer from one or more numbers, the resulting
number may exceed the range of the number [0,n].
Therefore, the quantity of the changed numbers in the
individual encoding is employed in this paper to
represent the offsets generated around fireworks in the
decision space. Based on the above idea, a partial
mapping explosion operator is designed, where a new
formula for calculating the explosion radius is adopted,
and a fixed number of explosion sparks are generated
by a partial mapping crossover operation. The length of
the encoding fragment selected by the partial mapping
crossover is determined by the obtained explosion
radius.

Assume that the fireworks population size is N, the
dimension of the decision variables is#z , and the
number of objectives ism . When calculating the
explosion radius of a firework in the population, the
two objective values are normalized first due to the
different dimensions. Then the two normalized results
of each firework are multiplied to obtain N products.
Next, according to the proportion of the i-th
(i=1,2,...,N) product in the N products, the quantity
of the numbers in the i-th firework to be changed is
calculated. The formula to calculate the explosion
radius is as follows:

- fs(Xi)_fsmin

MXp=| |7 (10)
g fs‘ max _fs min
Ai: n_M(Xi)_Mmin] (11)
Mmax_Mmin

where fi(X;), fs max, and fs min denote the s-th objective
value of thei -th firework, the maximum, and the
minimum values of all fireworks on the s-th objective,
respectively. M(X;) 1is the product of the two
normalized objective values of the i-th firework. M«
and M, are the maximum and minimum values on the
product of N fireworks, respectively. The explosion
radius of the i-th firework is represented by A;, and the
rounding operation is denoted by [-]. According to Eq.

(11), when a firework is close to the extreme solution,
i.e.,, one of its objective values is very small, the
normalized product is also low, thus a small explosion
radius is obtained. When both of the objective values
are large, the normalized product is also high, so a
large explosion radius is produced. When both of the
objective values are compromised, the fireworks are
located in the middle of the current Pareto front in the
objective space. Besides, if the firework is near the
origin of coordinates, it means that it is closer to the
true Pareto front (minimization problem). In this case, a
lower normalized product M(X;) is obtained from
Eq. (10), and a smaller explosion radius is produced
from Eq. (11). If the firework is far away from the true
Pareto front, the normalized product is larger than the
previous case and the explosion radius obtained is
relatively larger. Based on the above principles, the
explosion radii of different fireworks can be reasonably
controlled by the presented calculation formula of
radius. In detail, a fine search can be conducted in a
small area around the potential fireworks that are close
to the Pareto front, while an exploration in a large
search range can be performed by the poor fireworks.

In order to further enhance the exploration and
exploitation of the regions around the fireworks, four
partial mapping explosion radii are determined for each
firework based on A; obtained from Eq. (11):

3 1 1
ZAi], r3 = [EAi]’ Tig = [ZA'] (12)

rii =Aj, rip =

Then for each firework, the distribution centers 0 in
the encoding are deleted and a customer visiting
sequence is obtained. Four visiting sequences derived
from the remaining fireworks in the population are
randomly selected, which are used to perform the
partial mapping crossover operation with the current
firework. The partial mapping explosion radii r;, ri2,
ri3, and ry are regarded as the fragment lengths selected
for the four crossover operations. After one crossover,
two explosion sparks can be obtained. Thus, a total of
eight explosion sparks are generated around one
firework. Take a sequence with eight customers as an
example. Implementation of the partial mapping
explosion operator is shown in Fig. 2. Assume that X
and X, are two firework individuals; ki, k», and k3
denote the three sub-tours, respectively; P, and P, are
the customer visiting sequences of X, and X, ; and the
explosion radius (i.e., the length of the fragment chosen
by the crossover) is four. A starting point is selected
randomly (e.g., “4” in P,), then two fragments (“4 2 8
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Uy 0-5-7-3-0 |
P

Delete distribution L 014080
center 0

P [6]1]4]2]8]5]7]3]

P, [2]s5]7]3]1]4]6]38]
&

pr [6]1[7]3]1]4]7]3]

P [2]5]4]2]8]5]6]8]

P [o[a]7[3[1]4]7]3]

P [2]s]4]2]8]s]6]8]

s

s [e]8]7]3]1]4]5]2]
s [3]7]4]2]8]s]6]1]
ﬂThe distribution centers are

inserted into S and §, }r - 1* - 6—%—787- ;6* *‘}
E [o]e[s[7]o[3]1]0 45 2]0] 1 ks 0310 |
|k 04520 |
k030 1
E [0]3]o]7]4]2]o]8]5]6]1]0] |k: 0-7-42:0 |
Uky: 0-8-5-6-1-0 Jl

Fig.2 Partial mapping explosion operator.

5”in P, and “7 3 1 4”in P,) to be exchanged can be
obtained according to the explosion radius. The two
fragments also reflect the mapping relations of the
corresponding numbers. Next, two new sequences P;’
and P, are created by exchanging the corresponding
positions of the two fragments. After that, the numbers
in the non-exchanged parts of P;”and P,” that are
repeated with the ones in the exchanged fragments are
mapped according to the mapping relations in turn,
until there are no repeated numbers in the resulting
customer visiting sequences S, and S, . Finally, the
distribution centers are inserted intoS§; and S,
according to their locations in X, and X, to generate
two new explosion sparks E| and E,.

The proposed partial mapping explosion operator
exchanges fragments of different lengths in the
individuals by controlling the explosion radius. In this
way, the information interaction among distinct
individuals can be realized to varying degrees, and
individuals can search in various ranges adaptively
according to their own characteristics. Thus, both the

global exploring and the local mining can be carried
out. However, this operator only operates on the
customer visiting sequence, while locations of the
distribution center remain unchanged, so the population
diversity is somewhat limited.

3.3 Hybrid mutation for adjusting sub-tours

Since the explosion sparks generated by the partial
mapping operators have the same
distribution center locations as the original fireworks,
the number of customers in each sub-tour of explosion
sparks has not changed compared with that of
fireworks, which leads to a similarity between the
generated offspring and the parent individuals in the

explosion

decision space, and it is easy to fall into the local
optimal. In order to enhance the diversity, a hybrid
mutation which adjusts the sub-tours is presented to
conduct mutation on the fireworks population. Two
mutation modes are included in the proposed operation.
One is the sub-tour length variation operator that
changes the locations of the distribution center, the
other is the sub-tour load wvariation operator that
exchanges two randomly selected points in the
fireworks encoding. Take the sequence with eight
customers and three available vehicles as an example,
the proposed operator is illustrated in Fig. 3.

The sub-tour length variation operator randomly
moves distribution centers “0” of the original firework
(except “0” at the beginning and end of the encoding)
to other locations of the customer visiting sequence. In

L ki: 0-6-1-4-0 |

[o[6]1[4]o][2]8]0]5[7]3]0] ik: 0-28-0 |

|k 0-5-7-3-0 |

@ b
[of6]1]4]0]2]8]0]s[7[3]0]

A 2

Lk 0-6-0 !

[o]6Jo[1]4]2]8]5][0][7][3]0] !k: 0-1-4-2-8-50

Vs 0-7-3-0 !

Ukt 0-6-1-4-0 |
[oJe]t]a]o]2][8]0o]5]7]3]0] !hkx 0280 |
o b 05730 |

[o]e]1]4]o]2[8]0]5[7]3]0]
v i 06170 |
[oJe[1]7]o]2[8]0[5][4][3]0] 'k 0280 |
Uky: 0-5-4-3-0 |

(b) Sub-tourload variation operator

Fig.3 Hybrid mutation for adjusting the sub-tours.
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the individual of Fig. 3a, there are two “0” except the
beginning and end. Insert them into the positions after
customer 6 and customer 5, respectively, and the
number of customers in the three sub-tours changes
from three, two, and three to one, five, and two.
Therefore, the number of customers, i.e., the encoding
length of each sub-tour may alter after performing this
variation operator. The sub-tour load variation operator
randomly swaps two numbers in the firework encoding.
As illustrated in Fig. 3b, customers 4 and 7 are
swapped, while the encoding length of each sub-tour is
not changed. Assume that the demands of customers 4
and 7 are different. Then the total customer demands of
the first and third sub-tours will alter, resulting in the
change of the corresponding sub-tour loads. In most
cases, two customer numbers are selected to have a
swap, so the length of each sub-tour in the mutated
spark is unchanged, but the load alters. In rare cases,
one selected number is a distribution center, the other is
a customer, then both the sub-tour length and load may
have a change. If both the chosen numbers are
distribution centers by chance, the mutated spark is the
same as the original firework.

Each of the above two variation operators is
implemented on the sub-tour of each firework, which
provides a new direction for exploring the feasible
region. It can also prevent the population from falling
into the local optimum due to the rapid assimilation,
which makes up for the lack of diversity of the partial
mapping explosion operator. Since both the variation
operators just move the locations of the numbers in
encodings, the mutated sparks are also feasible.

3.4 Objective-driven extending search

Heuristic search methods perform a search by utilizing
the heuristic information contained in the problem, so
as to narrow the search, and reduce the computational
cost. In order to find out the extreme region of the
Pareto front and widen the spread of the front, an
objective-driven extending search strategy is designed
inspired by the idea of heuristic search. Considering the
two optimization objectives of the low-carbon VRP,
carbon emissions and travel time of the vehicle in each
path segment are employed as the heuristic information
here. A certain sub-tour in the encoding is reordered
based on the heuristic information to decrease the
corresponding objective value. Take the sequence with
eight customers and three vehicles as an example, and
the objective-driven extending search is shown in Fig. 4.
Figure 4a gives the extending search driven by the

\1\ 0-6-1-7-0 20 1) |
‘0‘6‘1‘7|0‘2|8|0‘5‘4‘3|0‘\ka0280(10t) |
Ly 0-5-4-3-0 (15 1) |

ko 0-17-6-0 (14 1) |
[o]1 ‘7‘6|0‘2|8|0‘5‘4‘3|0‘\k70280(10t) l
Ly 0-5-4-3-0(15 1) |

(a) Extending search driven by the carbon emissions
of the path segments

| ki 0-6-1-7-0 (5h) |
[0]e]1]7]o]2]8]0]5]4]3]0] k: 0-280(3h) |
| ki 0-5-4-3-0 (10 )]

ki 0-6-17-0 (5 )|
[o]1]7]6]o]2]8]o]4]5]3]0] \/a 0-2-8-0 (3h) !
|k 04530 (6 )

(b) Extending search driven by the travel time
of the path segments

Fig. 4 Objective-driven extending search.

carbon emissions. The numbers next to the arrows and
those in the parentheses of the dotted boxes denote the
carbon emissions of the corresponding path segments
and the total carbon emissions of the sub-tour,
respectively. First, a sub-tour (0-6-1-7-0) is selected
uniformly at random. Then the distribution center 0 is
set as the starting point, and the customer number 1
corresponding to the path segment with the minimum
carbon emission (5 t) in the sub-tour is chosen. Next,
the customer 1 just selected is regarded as the new
starting point, and the next visiting point is determined
from the remaining customers of the sub-tour based on
the carbon emission. This process iterates until the
current sub-tour has been totally reordered. Finally, the
obtained new sub-tour is put back into the original
individual encoding. The extending search driven by
the travel time is illustrated in Fig. 4b. Similar
operations to those of Fig. 4a are performed except that
the travel time of the path segment is adopted instead
of the carbon emission. Note that the presented
extending search is only carried out on the non-
dominated individuals among the explosion sparks and
mutated sparks, with the aim of mining their
so that better can be

neighborhood individuals
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produced.

Through the proposed objective-driven extending
search, the performance of the obtained individual on
at least one objective is improved. This strategy
enhances the fine search for the clite individuals, which
can quickly locate the region with better objective
values at the early stage of the iterations, and gradually
extend the distribution of the Pareto front to the
extreme values. As a result, the searching efficiency of
the algorithm is greatly improved and the spread of the
obtained Pareto front is guaranteed.

3.5 Detailed implementation of the algorithm

The pseudo-code of the proposed algorithm
REDMOFWA for solving the low-carbon VRP model
is given in Algorithm 1.

Algorithm 1 A region enhanced discrete multi-objective
fireworks algorithm (REDMOFWA)

N—population size, n—dimensions of decision variables,
K—the number of available vehicles, L, —the maximum

> Linax
archive size, Eva,,,,—the maximum number of objective
evaluations

Input:

Output: archive—the external set, archive_obj—the objective
vectors of archive

1: The fireworks population POP with the size of Nis
randomly initialized and the objective vectors POP_obj
are evaluated.

2: NDS « &, archive <~ POP, Eva < N

3: while Eva<=Eva,,, do

4: The explosion spark population EPOP is generated by
performing the partial mapping explosion ex operator on
POP.

5: The mutated spark population GPOP is produced by
conducting the hybrid mutationon POP.

6: NDS«The non-dominated solutions in EPOP U GPOP.

7: The extending spark population SPOP is obtained by
performing the objective-driven extending search on NDS.

8: Eva<Eva+|EPOP|+|GPOP|+|SPOP)|.

9: POP is updated by NDS and SPOP based on the notion of
Pareto dominance.

10: archive is updated by NDS and SPOP based on the notion
of & dominance®).

11: While |archive|>L,,,, do

12: I_The individual with the smallest crowding distance is

deleted from archive.

13: N/ 2 individuals are selected from archive and POP
randomly to form the population NPOP in the next
generation, respectively. If |archive|<N / 2, individuals
in POP will be used to supplement. One individual is
randomly selected from NPOP, and a cyclic shift is
performed on other individuals in NPOP whose similarities
to the selected individual are higher than 80%.

14: - POP <« NPOP.

15:  Output archive, archive obj.

4 Experimental Studies

In this paper, MATLAB R2019a software is used. All
the experiments are performed on a computer with
Intel(R)Core(TM)i5-10210U, CPU@1.60GHz, and
12G operating memory. Two groups of experiments are
carried out: (1) validating the effectiveness of the three
novel strategies; and (2) verifying the overall
performance of the proposed algorithm REDMOFWA
by comparing it with four state-of-the-art algorithms.

The parameter settings of REDMOFWA are set as
follows: the population size N is set to 10, and the
maximum archive size Lp.x 1S set to 100. 30
independent runs of each comparison algorithm are
replicated on each problem instance, and the maximum
number of objective vector evaluations Evamay in each
run is set to 50 000. Two metrics normally utilized in
multi-objective optimization are adopted to evaluate
the performance of the algorithms, which are named
inverted  generational  distance  (IGD)I37) and
hypervolume (HV)B8l. A smaller IGD indicates better
convergence and diversity performance of the obtained
Pareto front. A larger HV shows better convergence
and spread performance of the evolved Pareto front.
Since the true Pareto front of the low-carbon VRP is
unknown, the reference Pareto front used in IGD is
obtained by combining all the Pareto fronts produced
during all the independent runs applying all the
comparison algorithms, and determining the non-
dominated individuals from them. The worst value on
each objective of all the non-dominated solutions found
by the comparison algorithms is determined. Then the
reference point used to calculate HV is acquired by
multiplying each worst value by 1.5.

4.1 Instance generation

Nine instances with increasing scales are selected from
the commonly used VRP test sets, including set 4, set
B, set P, and set EB% . The number of customers,
number of available vehicles, and demand of each
customer are different from each other in the nine
instances. The name of each instance consists of the set
name, number of customers, and number of procurable
vehicles. The maximum vehicle capacity in each
instance is set as the sum of the demands required by
all customers, so that all solutions created during the
optimization will not violate the vehicle capacity
constraint. In each instance, it is assumed that the speed
at which the vehicle travels from customeri to

customer j is different from that fromj to i. A square
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matrix with the dimension of (n+1) is randomly
constructed to represent the driving speed between any
two points of the locations numbered 0—n. All the
driving speeds take the value between 50—80 km/h. In
the nine instances, the parameter settings of the low-
carbon VRP model are listed in Table 1.

4.2 Validating the effectiveness of the three novel
strategies

With the aim of validating the effectiveness of the three
new strategies presented in Sections 3.2—3.4, each of
them is substituted by an existing strategy or deleted
from the algorithm. The partial mapping explosion
operator of the proposed algorithm REDMOFWA is
replaced by the explosion operator of the discrete

fireworks algorithm DMOFWA in Ref. [40], and the
resulting algorithm is denoted as REDMOFWA-E. The
hybrid mutation for adjusting the sub-tours is replaced
by the mutation operator of the discrete fireworks
algorithm DFWA-TSP in Ref. [41], obtaining the
algorithm REDMOFWA-M. The objective-driven
extending search is deleted from REDMOFWA, and
the algorithm after deletion is named REDMOFWA-O.
The IGD and HV wvalues of all the comparison
algorithms on the nine instances with different scales
are shown in Table 2, where mean and std represent the
average and standard deviation of the metrics,
respectively, and the best value is in bold. To
significantly compare the algorithms, the Wilcoxon
rank sum tests with the significance level of 0.05 are
performed, where “+”, “=”, and “=” mean that the

Table 1 Parameter settings in the low-carbon VRP model. proposed algorithm is significance better than, worse
Parameter symbol Parametor value than, or equal to the comparison algorithms,
tively.
p 0 m/s2 respectively
td 0.7 4.3 Validating the overall performance of the
A 5 m?2 proposed algorithm
" 1.204 kg/m? In order to verify the overall performance of
Y 0 REDMOFWA, two representative multi-objective
e 10t ) optimization algorithms that are Green Vehicle Routing
FE 2.621x10° VL Problem (G-VRP)2! and Bi-objective NSGA-IIL!
Table 2 Comparison results on validating the effectiveness of the three novel strategies.
IGD mean (std) HV mean (std)
Instance REDMO REDMO REDMO REDMO REDMO REDMO REDMO REDMO
FWA FWA-E FWA-M FWA-O FWA FWA-E FWA-M FWA-O
P-n19-k2 2.03x102  2.29x102= 3.22x102+ 1.77x102= 8.24x101  8.19x10°1= 8.15x10°'+ 8.21x107!1=
i (5.69x1073)  (5.87x1073)  (1.28x1072) (4.34x1073)  (1.70x1073) (3.29x1073) (5.74x1073) (3.44x1073)
En22-kd 9.31x1073  1.16x102+ 3.86x1072+ 1.20x1072+ 6.09x101  6.08x1071+ 5.51x1071+  6.06x1071 +
hes (1.67x1073)  (1.40x1073)  (1.37x102) (3.21x1073)  (2.06x1073) (2.25x1073) (2.34x1072)  (4.10x1073)
An34-KS 437x102  4.01x102=  7.69x1072+ 9.98x1072+ 6.45x1071  6.32x107' = 5.87x107'+ 5.70x107 +
I (9.49x1073)  (7.34x1073)  (2.69x1072)  (2.86x1072)  (7.92x1073) (1.06x1072) (2.50x1072) (2.61x1072)
Andd-k6 473x102  4.26x102=  7.71x102+ 847x102+ 7.05x1071  6.94x10° 1+  6.42x1071+  6.32x1071 +
At (1.34x1072)  (1.06x1072)  (1.74x1072) (1.57x1072)  (7.60x1073) (1.62x1072) (2.52x1072) (2.09x102)
AcnS4-kT 3.75x1072  3.63x1072= 7.30x102+ 9.46x1072+ 7.16x1071  7.03x107'= 6.48x10°'+ 6.34x1071 +
Ll (1.16x1072)  (8.43x1073)  (1.45x1072) (1.77x1072)  (1.04x1072) (1.43x1072) (1.85x1072) (1.89x1072)
Bn64-k9 4.09x102 416102+  9.14x1072+ 9.41x1072+ 7.52x1071  7.36x1071+  6.59x1071+  6.54x107! +
o (1.66x1072)  (1.20x1072)  (1.06x1072) (1.83x102)  (2.14x1072) (2.48x1072) (1.86x1072) (2.09x10°2)
E-n76-k8 5.04x1072  5.44x102+ 9.92x102+ 1.27x1071 + 7.02x1071  7.00x107 1= 6.21x10°'+ 6.10x1071 +
/o (1.33x1072)  (1.33x1072)  (2.21x1072)  (1.83x1072)  (1.47x1072) (1.82x1072) (2.34x1072) (1.43x10°2)
A-n80-k10 4.19%x10°2  4.44x102= 734x102+ 1.09x10°! + 7.09x10-1  7.03x10-1= 6.49x10-1 + 6.21x10-! +
e (1.39%1072)  (9.32x1073)  (1.65x1072) (1.57x102)  (1.31x1072) (1.37x1072) (1.71x102) (1.42x1072)
Eonl01-K8 531102 4.17x1072—  9.55x102+ 1.61x1071 + 7.06x107! 7.22x1071-=  6.61x107' + 6.13x107! +
VIS (1073102 (1.23x1072)  (1.90x102)  (1.96x102)  (1.26x10°2)  (1.58x102) (1.56x1072) (1.49x1072)
Total +/=/— - 3/5/1 9/0/0 8/1/0 - 3/5/1 9/0/0 8/1/0
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designed for solving the low-carbon VRP are selected
as comparison algorithms. Besides, with the aim of
validating the effectiveness of the multi-objective
handling method in REDMOFWA, its framework for
handling multiple objectives is replaced by that of the
classical multi-objective metaheuristic algorithms
NSGA-I1 and  Strength  Pareto  Evolutionary
Algorithm 2 (SPEA2)[#2], respectively. In this way, two
additional comparison algorithms denoted as
REDMOFWA-N and REDMOFWA-S are obtained, in
which the encoding and the three novel strategies
remain unchanged. As REDMOFWA, REDMOFWA.-
N, and REDMOFWA-S are fireworks algorithms, the
population size takes a small value of 10, while the
population size of G-VRP and Bi-objective NSGA-II
(BINSGA-II) is set to 100 as in the original literature.
Other parameters in the comparison algorithms are the
same as those in the original literature. The same
random initialization methods are adopted in the five
algorithms, and the comparison results on nine
instances with different scales are shown in Table 3.

It can be seen from Table 3 that compared with the
four comparison algorithms, the mean and standard
deviation of the IGD wvalues produced by
REDMOFWA are optimal in seven of the nine

instances. REDMOFWA obtains the best mean and
standard deviation of HV in nine and five of the nine
instances, respectively. Wilcoxon rank sum test results
show that REDMOFWA is significantly better than the
four comparison algorithms with both IGD and HV in
most cases. The above results indicate that the
proposed algorithm is able to provide a Pareto front
with good convergence, a unform distribution, and a
wide spread for the low-carbon VRP. Furthermore, it
shows a promising scalability to the problem scales.
The reason for the good performance of REDMOFWA
is the coordination of the three new strategies. The
partial mapping explosion operator adjusts the
searching range of each firework adaptively by
controlling the explosion radius, which realizes the
information interaction among different individuals and
speeds up the convergence. Population diversity is
enhanced by the hybrid mutation for adjusting the sub-
tours, which prevents the population from falling into
the local optimum. Moreover, the objective-driven
extending search is adopted to gradually extend the
distribution of the Pareto front to the extreme values
and widen the spread of the Pareto front. The three
strategies complement each other and achieve a global
search in the decision space as well as a fine mining

Table 3 Comparison results of REDMOFWA and four representative algorithms.

IGD mean (std) HV mean (std)
Instance RE\%I\:O 1;1\33{1}8 BiNSGA-II 1;'3/) /1\\/_1;) G-VRP RE\?\XO I;'\E):/)Al\ﬁ\? BiNSGA-II I;?AN_IS G-VRP
btogy 203107 533102+ 190x102= 3634102 = 2781071 = 824x107 8136107 + 820x1071 + 81751071 = 7.05x10°1 =
(5.69x107%) (1.89x102) (6.30x107%) (820x10%) (3.07x102) (17010 (7.05x10%) (3.38x107) (4.02x10%) (8.68x10°3)
g O3XI0D S350 E 144102+ 3075102 169x107 5 6091071 S79x107 + 6.03x10°1 + 59351071+ 4111071+
(1.67x107%) (1.01x102) (4.57%107%) (6.00x107%) (1.08x102) (2.06x107%) (8.41x107) (9.91x107%) (6.16x107) (1.25%102)
sy AP0 1026101+ 490x102= 7506102+ S07x101+  645x10°1 S89x107 + 6.19x107 = 6.02x10°1 + 2.06x10° +
(9.49x107%) (2.42x1072) (1.55x102) (1.81x1072) (1.00x10-1) (7.92x10) (2.00x102) (1.69x1072) (1.46x1072) (1.51x102)
g ATXI0 LIOKI0T  483x102= 7596102+ 5136101+ 705x1071 649x10°71 + 6.79x107 = 6.62x10°1 + 2.84x107 +
(1.34x1072) (2.50x1072) (1.34x102) (1.63x1072) (7.73x1072) (7.60x10%) (1.65x102) (1.63x102) (1.71x1072) (1.49x10-2)
ponsan ST 1206107+ 5964102 936x107+ S14x107 4 A6xI0 63361071+ 671x107 + 6541071 + 230x10°1 +
(116x1072) (3.17x1072) (1.77x10°2) (1.69x102) (1.22x10°1) (1.04x1072) (2.00x102) (1.83x10°2) (1.17x1072) (1.18x102)
Bngao H09X102 128X107 4 6736102+ 0515102+ S2Ux107+ 782101 6.52x1071 + 638x107+ 6.69x107 + 249¢107 +
(1.66x102) (3.66x1072) (13410 (1.87x1072) (LI5x107) (2.14x102) (2.71x1072) (1.59x102) (2.02x1072) (1.54x102)
bregg SMKIOT LTG0+ 7606102+ 12651071+ 486x1071+ T02XI0T 6.11x107 + 658x1071 + 627x107 + 20241071+
(1.33x1072) (4.61x102) (1.88x102) (2.29x1072) (430x10°2) (1.47x102) (2.02x102) (1.72x102) (1.56x1072) (7.24x10-9)
rngouqe F19I07 LS3A0T+ 637X102 4 0.704102+ 4745107+ 709x107 622x107 + 6.70<107 + 648x10°1 + 2.58<107 +
(139x10°2) (3.92x10°2) (2.14x10°2) (1.83x1072) (729x102) (1.31x1072) (235x102) (1.18x10°2) (1.22x1072) (L.16x102)
Entogg SIXI0T LEXI0T 5 0034102+ 139x107 + 4035107+ 706x1071 626x1071 + 676x107 + 646x1071 + 2.52x10°1 +

(1.07x1072) (2.89x1072) (1.90x102) (2.19x102) (2.82x1016) (1.26x1072) (1.92x1072) (1.51x102) (1.19x102) (1.28x10°2)

Total +/=/— - 9/0/0 6/3/0 8/1/0 8/1/0

- 9/0/0 7/2/0 8/1/0 8/1/0
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around the elite individuals. In this manner, the
proposed algorithm can make a good balance between
exploration and exploitation so that a wide spread of
non-dominated solutions that are close to the reference
Pareto front are produced.

The convergence curves of IGD and HV produced by
the five algorithms with the number of objective
evaluations on instance E-n76-k8 are shown in Fig. 5,
from which the convergence speed and convergence
accuracy of the algorithms can be visually observed.
IGD and HV values are sampled every 500 times of the
objective vector evaluations, so a total of 100 data
points exist in a convergence curve. According to the
curves, it is obvious that compared with the other four
algorithms, REDMOFWA has a better convergence
accuracy and a higher convergence speed on E-n76-k8.
Similar results can be obtained from other instances.

5 Conclusion

Three main contributions of this work are listed as
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Fig. 5 Convergence curves of IGD and HV produced by
five algorithms on E-n76-k8.

follows: (1) A constrained multi-objective optimization
model for the low-carbon VRP is established, which
minimizes both the total carbon emissions and the
longest sub-tour time. (2) A region enhanced discrete
multi-objective fireworks algorithm, named
REDMOFWA, is designed to solve the low-carbon
VRP. First of all, the information interaction between
fireworks individuals is enhanced through the partial
mapping explosion operator to improve the search
efficiency. In addition, the hybrid mutation for
adjusting the length and load of the sub-tours is applied
to increase the diversity of the population and to obtain
the approximate Pareto front of low carbon VRP as
possible. Finally, the
objective-driven  extending search operator s
conducted to searching the extreme solutions, which
can improve the convergence and widen the spread of
the Pareto front of the algorithm. And (3) a series of
experiments are conducted to examine the strategies
effectiveness  and  overall  performance  of
REDMOFWA. Compared with four state-of-the-art
algorithms in nine instances, the proposed algorithm
REDMOFWA achieves a significant superiority for
solving the low-carbon VRP in terms of convergence,
diversity, and spread. Furthermore, REDMOFWA is
scalable to the problem scales.

There are still some limitations in the research of
multi-objective fireworks algorithm and low-carbon
VRP in this paper, which need to be further discussed
and studied in future work. With model, this paper
assumes that the vehicles are traveling at the same
speed. However, the traffic network in real life changes
dynamically, and the driving speed of the vehicle
changes according to the road conditions in different
time periods. Therefore, adding the actual road
condition factors can make the model more suitable for
the actual situation, which needs to be further studied

accurate and uniform as

in the future. With algorithm, the heuristic information
of the problem is used to guide the algorithm search
process, so that the algorithm is not universal. The next
step is to investigate metaheuristics applicable to
various multi-objective combinatorial optimization
problems.

In addition to the method used in this paper, some
other typical intelligent optimization algorithms, e.g.,
monarch butterfly optimization (MBO), earthworm
optimization algorithm (EWA), etc., can also be
adopted to solve this problem and can be used as future
work for further research.
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