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Abstract: Timeliness of steel distribution centers can effectively ensure the smooth progress of ship
construction, but the carbon emissions of vehicles in the distribution process are also a major source
of pollution. Therefore, when considering the common cost of vehicle distribution, taking the carbon
emissions of vehicles into account, this paper establishes a Mixed Integer Linear Programming
(MILP) model called green vehicle routing and scheduling problem with simultaneous pickups and
deliveries and time windows (GVRSP-SPDTW). An intelligent water drop algorithm is designed and
improved, and compared with the genetic algorithm and traditional intelligent water drop algorithm.
The applicability of the improved intelligent water drop algorithm is proven. Finally, it is applied
to a specific example to prove that the improved intelligent water drop algorithm can effectively
reduce the cost of such problems, thereby reducing the carbon emissions of vehicles in the distribution
process, achieving the goals of reducing environmental pollution and green shipbuilding.

Keywords: green shipbuilding; vehicle scheduling optimization; vehicle routing optimization;
improved intelligent water drop algorithms; green vehicle problem

1. Introduction

With global warming and increasing air pollution, people are paying more and more attention to
environmental issues. Reducing energy consumption and reducing carbon emissions have gradually
attracted everyone’s attention. As an important member of the traditional manufacturing industry, the
environmental problems brought about by the shipbuilding industry have also attracted more and
more researchers’ attention.

Since the 20th century, the use of global fossil fuels has increased dramatically, and the resulting
greenhouse gases have had a tremendous impact on the Earth’s environment. However, for a long
time to come, the industrial economy will still be an important part of the world economy, so it is
necessary to adopt a “low carbon, sustainable development” approach to achieve dual economic and
environmental benefits. In stepping to a “low carbon, sustainable development” approach, industry
has to be considered not only as part of the problem, but as part of the solution [1].

According to Steve Evans and Flavio Tonelli [2]:
Leading companies are preparing for this transformation on three fronts:

• Rapidly reducing the resource-and energy-intensity in producing existing goods;
• Investigating the options for a thorough redesign of the industrial system;
• Radically rethinking business models.
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Finally, a redesigned industrial system should:

• Add the same value with a reduction of 25% on input materials and energy;
• Make use of the 90% of discarded extracted materials;
• Use benign materials that can be reused according to the “cradle-to-cradle” concept;
• Refurbish and reuse sophisticated long-lasting components;
• Mimic and nurture the environmental niches.

The shipbuilding industry is an equipment manufacturing industry with large consumption of
resources, more labor, and long construction periods. Different shipbuilding modes and manufacturing
processes are different in terms of resource waste, manufacturing efficiency, and environmental pollution.
Therefore, we should vigorously promote the development of green shipbuilding modes [3,4].

Ship construction is both a capital-intensive and material-intensive industry, which requires a
large amount of steel materials. The steel required for hull section construction is mainly steel plate,
channel steel, angle steel, I-beam steel, and spherical flat steel, with more than 90% being the steel
plate [5]. Therefore, it is a complex and systematic project to distribute these materials reasonably to
ensure the production demand and minimize the cost at the same time. The emergence of shipping
steel distribution centers has effectively solved this problem. Through seamless links of distribution
centers, steel mills, distribution centers, and shipyards constitute a value chain [6].

Steel distribution is the main service of distribution center; however, distribution service is also a
major carbon emitter. According to the TERM (Transport and Environment Reporting Mechanism) 2011
report issued by the European Environment Agency in 2011, in 2009 transport (including international
shipping) accounted for 24% of the total greenhouse gas emissions in 27 EU countries, and road
transport accounted for 17% of the total greenhouse gas emissions [7]. In logistics activities, road
transportation accounts for more than 80% [8]. Therefore, it is very necessary to study carbon
emissions in the steel distribution process, as they play a very important role in the development of
green shipbuilding.

Aiming at the optimization of vehicle routing and scheduling in ship steel distribution centers, a
green vehicle distribution model with time windows for delivering goods at the same time, considering
vehicle carbon emissions, is established. An intelligent water drop algorithm is designed and improved,
and compared with the genetic algorithm to verify the applicability of the improved intelligent water
drop algorithm to this problem. Finally, an example is given to show that the improved intelligent
water drop algorithm can effectively reduce the total cost of distribution, thereby reducing the carbon
emissions of vehicles and achieving the goals of green distribution and shipbuilding.

The remainder of the paper is organized as follows: Section 2 reviews the related literature.
Section 3 presents a description of the problem and proposes a mixed-integer programming formulation.
Section 4 gives the details of the Improved Intelligent Water Drop Algorithms. Computational results
on numerous instances are reported in Section 5. Conclusions and future research directions are
suggested in Section 6.

2. Literature Review

2.1. VRP Problem

The Vehicle Routing Problem (VRP) is a classical combinatorial optimization problem which
involves many fields and applications. It was first proposed by Dantzig and Ramser in 1959 [9].
The goal is to minimize the total cost or transportation routes. With the in-depth study of practical
problems, a large number of variant studies have been generated on the basis of traditional VRP
problems, such as the Vehicle Route Scheduling Problem (CVRP), Vehicle Routing Problem with Time
Window (VRPTW), Vehicle Routing Problem with Simultaneous Delivery (VRPSPD) [10], Random
Vehicle Routing Problem (SVRP), and Vehicle Routing Problem with Random Demand (VRPSD) [11,12].
But the traditional vehicle routing problem usually only considers the economic factors, such as
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travel distance, cost, and time. However, with the increasing concern for environmental protection,
the impact of carbon dioxide emissions from vehicles on the environment has attracted more and
more attention from scholars. In recent years, more and more studies have considered the impact
of carbon emissions in vehicle routing on the environment, and have established a series of vehicle
routing models which consider carbon emissions. Xiao [13] studied the VRP problem considering fuel
consumption when the vehicle load was fixed, and proposed a hybrid solution method combining
genetic algorithm with precise dynamic programming (GA-DP) [14] for the time-varying vehicle
routing problem (TD-VRSP-CO2) based on CO2 emission optimization. Jabali et al. [15] put forward a
cost-based model, which optimizes the weighted average of time, emissions, and fuel costs, and uses a
TS (Tabu Search) algorithm to calculate the model, but has not studied how to plan vehicle routing
reasonably. Urquhart et al. established the mathematical model of minimum carbon emissions,
and studied the impact of different carbon emissions calculations on vehicle final path planning and
the final solution of the TSP (Traveling Salesman Problem) problem [16]. Kwon et al. considered the
problem of a heterogeneous fixed fleet path with carbon emissions to minimize the sum of variable
operating costs. The mixed integer programming model (MILP) was used to reflect heterogeneous
vehicle paths, and a tabu search algorithm was used to optimize vehicle operation costs and carbon
transaction costs [17]. Huang et al. [18] considered the cost of fuel consumption and carbon emissions
in the Vehicle Routing Problem (VRPSPD) with simultaneous access to cargo, and constructed a
Green Vehicle Routing Problem (g-VRPSPD), and proved that the proposed g-VRPSPD model can
generate more environmentally friendly routes without affecting the total journey. Suzuki constructed
a time-constrained, multi-station vehicle routing problem with minimization of energy consumption
and pollutant emissions [19]. The feature of this framework is that it minimizes the distance of vehicles
under heavy loads by unloading heavier cargo first and then lighter cargo during a specific journey.
Zhang et al. [20] studied the Capacity Vehicle Routing Problem (CVRP) from an environmental point
of view. A new model, the Environmental Vehicle Routing Problem (EVRP), was proposed to measure
the impact on the environment by the amount of carbon dioxide emitted. A hybrid artificial bee colony
algorithm (ABC) was designed and compared with a famous CVRP example to prove the performance
of the hybrid algorithm. Kwon et al. [17], Peiying [21], and Bauer [22] established vehicle scheduling
models to minimize carbon emissions. In this paper, vehicle routing and scheduling considering carbon
emissions are studied, but there are still some shortcomings, which are as follows: (1) The traditional
vehicle routing problem regards the vehicle as a uniform motion, but the speed of the vehicle will
change in the actual situation. (2) Without considering the situation of simultaneous delivery, the
vehicle can return to the parking lot only by carrying out the delivery task. (3) The improved algorithm
is only a general one, but it is not improved according to the actual situation of a ship steel distribution
center. Therefore, this paper considers the above problems. In this paper, a problem model suitable for
vehicle distribution in a ship steel distribution center is established, and the factors of simultaneous
delivery and delivery of vehicles are taken into account.

The Green Vehicle Routing and Scheduling Problem (GVRSP) was first proposed by Xiao and
Konak in 2015 [23], and a more comprehensive version of GVRSP was given in 2016 [24]. However,
only the time-varying situation was considered in this study, and the problem of the consignee as
well as the delivery party was not taken into account. For ship steel distribution centers, when a car
delivers steel from the distribution center to the shipyard, it may also take the steel that needs to be
redesigned and modified by the shipyard back to the distribution center. This problem is called the
green vehicle routing and scheduling problem with simultaneous pickups and deliveries and time
windows (GVRSP-SPDTW).

Most of the above research results do not take into account the specific industry, but only the
general research, and cannot be directly applied to the shipping industry. Therefore, on the basis of the
above research, in view of the characteristics of the shipping industry, this paper improves the above
research and establishes a Mixed Integer Linear Programming (MILP) model for simultaneous delivery
of green vehicle routing and scheduling problems, taking into account the actual demand between
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steel distribution centers and shipyards in shipbuilding enterprises, and taking into full account
the distribution comprehensive cost and carbon emissions under simultaneous delivery, aiming at
minimizing carbon emissions and comprehensive costs.

2.2. Intelligent Water Drop Algorithms

The Intelligent Water Drop (IWD) algorithm was first proposed by Shah-Hosseini in 2007 to
simulate the process of water drops in nature overcoming obstacles and finding a simple path to the
ocean [25]. In the process of optimization, water drops can find the optimal path in the river path by
simulating the flow process of water drops, changing their own velocity and carrying amount of soil,
and constantly renewing the amount of soil in the river channel. The intelligent water drop algorithm
has been applied in many natural sciences and engineering sciences, showing strong advantages
and potential. Since then, the IWD algorithm has been applied to many combinatorial optimization
problems, including TSP [26], multiple knapsack [27], vehicle routing [28], and job shop scheduling [29],
and the results obtained are very satisfactory.

Shah Hosseini improved the intelligent water drop algorithm in 2008, and introduced a local
heuristic search strategy to solve the multi-knapsack problem. By testing multiple knapsack problems,
the intelligent water drop algorithm can get the optimal solution, or close to the optimal solution.
The experimental results show that the intelligent water drop algorithm can be used to solve NP
(Non-deterministic Polynomial)-hard problems [27]. Kamkar et al. used the intelligent water drop
algorithm to solve the VRP problem in 2010. Fourteen benchmark VRP problems were investigated.
The experimental results were compared with several other meta-heuristic algorithms (simulated
annealing algorithm, tabu search algorithm, ant colony algorithm). The results showed that the
intelligent water drop algorithm can converge to the optimal solution quickly and get better results [30].
Teymourian et al. solved the vehicle routing problem with capacity constraints by using the improved
intelligent water drop algorithm and cuckoo algorithm. The effectiveness and advancement of the
proposed hybrid algorithm were proven by comparative tests [31]. Li, Zhao and others [32] studied
the vehicle routing problem with time window (VRPTW). Based on the principles of the intelligent
water drop, a fast and efficient intelligent water drop algorithm was designed to solve the VRPTW
problem. The simulation results showed that the intelligent water drop algorithm could find the global
optimal solution of VRPTW with high probability compared with other algorithms.

The above research shows that the intelligent water drop algorithm is completely applicable to the
solution of the VRP problem, and its efficiency and results are higher than other heuristic algorithms.
However, at present, studies on solving the VRP problem using this algorithm are relatively few, and the
research on applying it to the green vehicle routing optimization problem is even less. The improved
intelligent water drop algorithm (IIWD) is designed to solve the GVRSP-SPDTW problem proposed
in this paper. Based on the traditional intelligent water drop algorithm, this algorithm introduces a
variable neighborhood search mechanism, which effectively avoids the shortcomings of the traditional
intelligent water drop algorithm which make it easy to fall into a local optimal solution, and achieves
faster convergence to obtain the optimal solution of the problem. It proves the correctness and
effectiveness of the established model and algorithm.

3. Problem Description and Formulation

3.1. Problem Description

The vehicle routing problem between the steel distribution center and shipyard is shown in
Figure 1, and can be described as follows: For a steel distribution center, there are a certain number of
different types of vehicles, and at the same time, steel is transported to several designated shipyards.
The quantity of steel that each shipyard needs to deliver and take is determined. Distribution
centers assign vehicles to transport steel from distribution centers to shipyards according to the order
requirements of different shipyards, and transport the goods that shipyards need to transport back to
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distribution centers from shipyards. Distribution centers need to consider comprehensively and make
rational decisions on distribution vehicles, the distribution sequence, and distribution schemes. Under
the constraints of satisfying the shipyard’s delivery demand and the maximum loading capacity of
vehicles, the comprehensive cost, including depreciation cost, manpower cost, and carbon emissions
are comprehensively considered to achieve the goal of lowest distribution cost.
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and shipyard.

The GVRSP-SPDTW problem studied in this paper can be defined as follows: There is a known
steel distribution center which has a team of vehicles of the same type. Vehicles have a defined load
capacity, fixed cost, carbon emissions, and other parameters. The distribution center serves N shipyards.
The coordinates of each shipyard are known and the demand is known. Distribution vehicles load
steel from the distribution center and deliver goods to N shipyards. Each shipyard is required to
complete the delivery task using one vehicle. Each vehicle must start from the distribution center and
return to the distribution center when the goods are delivered. The cost of each distribution vehicle
consists of three parts: The fixed use cost of the vehicle, the cost of fuel and carbon emissions, and the
driver’s salary. The optimization objective of this problem is to rationally allocate vehicles and arrange
vehicle distribution routes to minimize the total cost, taking into account both vehicle operating costs
(including fixed use costs and driver’s wages) and fuel and carbon emission costs.

3.2. Assumptions

Before further study, in order to facilitate the study of this problem and the establishment and
solution of the model, the following assumptions are made:

(1) There is only one distribution center and the location coordinates of the distribution center and
the shipyards are known;

(2) Two requirements for each shipyard are known;
(3) The capacity of each vehicle can satisfy at least two requirements of a shipyard at the same time,

and the vehicles in the distribution center can satisfy the distribution needs of all shipyards;
(4) The load of each vehicle during transportation shall not exceed its maximum load;
(5) Vehicles in distribution centers are of the same type and the maximum load is known;
(6) Each vehicle leaves the distribution center and returns to the yard after serving all shipyards.

Each shipyard is allowed to visit only once;
(7) Vehicles can be loaded and unloaded immediately after arrival at the shipyard without waiting;
(8) The time for shipyards to allow distribution centers to provide services is fixed;
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(9) The time spent in vehicle service is known, and the vehicle starts immediately after the shipyard
completes the loading or unloading task.

3.3. Mathematical Model

Define a digraph as G = (N, A), where N = {1, 2, . . . , n} is a set of nodes. Node 1 represents
the distribution center and A =

{
(i, j) i , j; i, j ∈ N

}
represents the set of arcs between two nodes.

N0 = N|{1} represents the shipyard node. There are K = {1, 2, . . . , m} vehicles of the same type in
the yard and their maximum capacity is Q. Each arc (i, j) represents the shortest distance between
node i and node j and the distance between arc (i, j) is represented by di j. Each shipyard has two
requirements, qi means the weight of steel to be delivered to shipyard i by the distribution center,
pi means the weight of steel to be delivered to the distribution center by shipyard i, and shipyard i
allows the distribution center to distribute steel to shipyard i during [ai, bi] period. The arrival time of
vehicle k at shipyard i is recorded as tik, and the service time of vehicle k at shipyard i is recorded as tsik.
Let the weight of the empty vehicle be w0 and the load of the vehicle on Section (i, j) be wi j.

Therefore, the fuel and carbon emissions of the vehicle k traveling between the arc ends (i, j) can
be calculated according to the following formula [32]:

Cedi j
[
ρ0 + α

(
Yk

i + Zk
i

)]
(1)

where Ce is the cost of fuel and carbon emissions per unit, di j is the distance of arc section (i, j), ρ0 is
the fuel consumption per unit distance to no-load vehicles, α is the additional fuel consumption per
unit distance of goods loaded per unit weight, and Yk

i is the weight of the cargo on board from all
the visited shipyards after vehicle k arrives at shipyard i to complete the loading and unloading task.
Zk

i is the total amount of cargo needed to be delivered by all the shipyards to be visited after vehicle k
arrives at shipyard i to complete the loading and unloading task.

Based on the above description and assumptions, the GVRSP-SPDTW problem is modeled as a
MILP model. The parameters required in the MILP model are listed as follows:

F: The objective function includes fixed use cost, fuel and carbon emission cost and driver’s salary.
N: Set of nodes (including distribution centers).
N0: Shipyard assembly.
K: Vehicle assembly.
di j: Distance of arc segment (i, j).
qi: The weight of steel that the distribution center needs to deliver to shipyard i.
pi: The weight of steel that shipyard i needs to deliver to the distribution center.
[ai, bi]: Delivery time window allowed by shipyard i.
ρ0: The amount of fuel consumed per unit distance for no-load vehicles.
α: Additional fuel consumption per unit distance for vehicles carrying goods per unit weight.
tk
i : The time when vehicle k arrives at shipyard i.

tsi: The loading and unloading service time of vehicle k at shipyard i.
Travelki j: The travel time of vehicle k from node i to node j.

Yk
i : The total weight of the cargo loaded on the vehicle k after it arrives at the shipyard i to complete

the loading and unloading task from all the visited shipyards.
Zk

i : The total amount of cargo to be delivered by the shipyard after the vehicle k arrives at the shipyard
i to complete the loading and unloading task.
Cv: The fixed use cost of vehicles.
Cp: Labor remuneration paid to drivers per unit time.
Ce: Cost per unit of fuel and carbon emissions.

Decision variables:
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xk
i j: When the vehicle k serves the shipyard i and then goes to the shipyard i for loading and unloading

service, xk
i j = 1; otherwise, xk

i j = 0.

In summary, the total costs considered in this model consists of three parts:

(1) Fixed-use costs of vehicles:

Cv

∑
j∈N0

x0 j; (2)

(2) Manpower expenditure of vehicles:

Cp

∑
k∈K

∑
i∈N0

∑
j∈N0

di jxk
i j; (3)

(3) Fuel and carbon emission costs:

Ce

∑
k∈K

∑
i∈N0

∑
j∈N0

di jxk
i j

[
ρ0 + α

(
Yk

i + Zk
i

)]
. (4)

Therefore, the objective function can be expressed as:

F = Cv

∑
j∈N0

x0 j + Cp

∑
k∈K

∑
i∈N0

∑
j∈N0

di jxk
i j + Ce

∑
k∈K

∑
i∈N0

∑
j∈N0

di jxk
i j

[
ρ0 + α

(
Yk

i + Zk
i

)]
+

∑
i∈N0

wiTi
late. (5)

The constraints are: ∑
j∈N0

xk
0 j = 1 ∀k ∈ K (6)

∑
k∈K

xk
i j = 1 ∀i ∈ N,∀ j ∈ N (7)

∑
k∈K

∑
j∈N

xk
i j = 1 ∀i ∈ N0 (8)

Yk
0 = 0 ∀k ∈ K (9)

Yk
i =

∑
l∈N

(
Yk

l + pi
)

xk
li ∀k ∈ K (10)

Zk
0 =

∑
i∈N

∑
j∈N0

q jxk
i j ∀k ∈ K (11)

Zk
i =

∑
l∈N

(
Zk

l − qi
)
xk

li ∀k ∈ K (12)

Yk
i + Zk

i ≤ Q ∀k ∈ K,∀i ∈ N (13)∑
i∈N

xk
i j =

∑
m∈N

xk
jm ∀ j ∈ N0 (14)

tk
j =

∑
j∈N

(
tk
i + tk

si + Travelki j

)
xk

i j ∀k ∈ K (15)

a j ≤ tk
j ≤ b j − tsi. (16)
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Equations (6)–(8) guarantee that each shipyard can only be served once. Equation (9) indicates
that when the vehicle k starts from the distribution center, the weight of the cargo on board from all the
visited shipyards is zero. Equation (10) denotes the weight of cargo obtained from all visited shipyards
on board after vehicle k arrives at shipyard i to complete the loading and unloading task. Equation (11)
denotes the total amount of cargo to be distributed by all subsequent shipyards on board when vehicle
k departs from the distribution center. Equation (12) denotes the total amount of cargo to be delivered
by all subsequent shipyards to be visited after the arrival of vehicle k at shipyard i, and Equation (13)
denotes that the total amount of cargo carried by each vehicle cannot exceed the maximum capacity of
the vehicle. Equation (14) guarantees that the same vehicle arrives and leaves each shipyard. Equation
(15) indicates the time when the vehicle k arrives at the shipyard. Equation (16) ensures that the arrival
time of vehicle k at the shipyard is not earlier than the earliest time window required by the shipyard,
and that the arrival time at the shipyard and the completion of unloading are not later than the latest
time window required by the shipyard.

4. Improved Intelligent Water Drop Algorithms

The intelligent water drop algorithm is an algorithm that simulates the movement of water drops
in nature and finds the best path. Each water drop simulates the movement of a car. Each drop starts
from the distribution center, chooses the next accessible node from the unavailable list, and updates the
weight of the goods carried by the vehicle. When the weight of the water drops exceeds the vehicle load
or all accessible nodes are visited, the water drops return to the distribution center, which constitutes a
completed vehicle route. The next intelligent water drop starts to run until all nodes are visited and
completed in an iteration. Traditional intelligent water drop algorithms tend to converge slowly and
often fall into a local optimum. In order to avoid this situation, an improved Intelligent Water Drop
(IIWD) algorithm was designed. Elite strategy and variable neighborhood search mechanisms were
added to effectively ensure that the algorithm jumps out of local optimum and avoids falling into a
premature optimum.

A water drop starts from distribution center 1, travels through various demand points along
different paths, and finally returns to the distribution center to form a complete flow path of water drops
(water drops in the path can pass through distribution center 1 many times, but each demand point can
only pass once). The complete flow path of each water drop corresponds to a solution of the problem.
If the complete flow path of a water drop is 1→4→2→1→3→6→7→1→8→5→9→1, the distribution
path of three vehicles is 1→4→2→1, 1→3→6→7→1, 1→8→5→9→1. A concrete example is shown in
Figure 2.
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The specific design of the improved intelligent water drop algorithm is as follows:
Step 1: Parameter initialization. Static variables include: drop number N, initial velocity Initvel,

iteration maximum number Iter, drop velocity update parameters av, bv, cv, soil quantity update
parameters as, bs, cs, local and global soil renewal coefficients ρ0 and ρIWD, initial state path soil amount
Initsoil, and other static variables needed for solving mathematical models. The traditional intelligent
water drop algorithm gives the same initial velocity and the same initial path soil amount to each water
drop, but it is well known that the choice of initial solution will have a certain impact on the quality of
the solution. Therefore, the initial velocity of each water drop and the amount of soil along the path are
generated randomly to ensure diversity of the initial solution and improve the quality of the solution.

Step 2: The initial point is the distribution center node. According to the delivery time window
and delivery volume requirements of other nodes, the required nodes are selected from the list of
visiting nodes (UnvisitNode) and stored in the list of accessible nodes (FitVisit).

Step 3: Calculating the accessibility probability pi of each node in the list of accessible nodes
(FitVisit) and choosing the next serviceable node by roulette can improve the global search ability and
avoid falling into local optimum:

pi =
f
(
Soili, j

)
∑

k∈FitVisit
f
(
Soili,k

) (17)

f
(
Soili, j

)
=

1

ε+ g
(
Soili, j

) (18)

g
(
Soili, j

)
=

 Soili, j; i f min
(
Soili,k

)
≥ 0

Soili, j −min
(
Soili,k

)
; else

. (19)
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In this formula, the constant ε is 0.01, which ensures that the denominator of function f
(
Soili, j

)
is

not zero, function g
(
Soili, j

)
ensures that the amount of soil is positive, and min

(
Soili,k

)
is the minimum

amount of soil on the path from the current node to all serviceable nodes.
Step 4: Update the dynamic parameters of intelligent water drops. Update the flow velocity

VelIWD(t) of intelligent water drops from the current node to the next selected node according to the
following formula:

VelIWD(t) = VelIWD(t− 1) +
av

bv + cv × Soil2i, j
. (20)

where av, bv, and cv are the update parameters of drop velocity, and Soili, j is the path soil amount from
the current node to the selected next node.

Similarly, calculating the time Ti, j needed for intelligent water drops to flow to the target point,
and the increment ∆Soili, j of soil carried by water drops, can be done as shown below:

Ti, j =
di, j

max(εv, VelIWD(t))
(21)

∆Soili, j =
as

bs + cs × T2
i, j

(22)

where di, j is the distance from the current node to the next selected node, constant εv ensures that the
denominator is not zero, and as, bs and cs are the updated parameters of soil increment ∆Soili, j.

Step 5: Update the amount of soil Soili, j on the path through which water drops flow. In the
process of water drop flow, the soil content in the path changes dynamically with the flow of water
drops. When the soil content in one path is much higher than that in other paths, the algorithm will
converge ahead of time and cannot get a better solution. Similarly, when the soil content in a certain
path is less, the convergence speed of the algorithm will be slowed down. In order to prevent the
slow/premature convergence of the algorithm, referring to the bounded soil renewal model proposed
by Niu et al. [33], this paper sets the maximum and minimum limits on the amount of soil in each path,
slows down the fast convergence when the amount of soil is too large, and improves the convergence
speed when the amount of soil is small. Therefore, in the improved intelligent water drop algorithm,
the formulas for calculating the amount of soil flowing through the path and the amount of soil carried
by the water drop are as follows:

−

∆Soili, j =


∆Soilmin

i, j ; i f ∆Soili, j < ∆Soilmin
i, j

∆Soilmax
i, j ; i f ∆Soili, j > ∆Soilmax

i, j
∆Soili, j; else

(23)

Soili, j(t) = (1− ρ0)Soili, j(t− 1) − ρ0
−

∆Soili, j (24)

SoilIWD
i, j (t) = SoilIWD

i, j (t− 1) +
−

∆Soili, j (25)

where ∆Soilmin
i, j and ∆Soilmax

i, j are respectively the minimum and maximum limit of the increment of

soil carried by water drops, Soili, j(t) is the amount of soil carried by water drops on the path, SoilIWD
i, j (t)

is the amount of soil carried by water drops, and ρ0 is the local renewal coefficient, which has a value
of 0.9.

Step 6: If the selected target node is the distribution center, the distribution vehicle returns to the
distribution center. Otherwise, update the visited list and the unavailable list, and turn to step 2 until
the unavailable list is empty, indicating that all the required nodes have been served, and each water
drop forms a complete access path. By calculating the value of the objective function, the minimum
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feasible solution of the objective function value is determined by comparison, which is the optimal
solution SIB of this iteration.

Step 7: Global soil quantity renewal. The soil amount on the path corresponding to the optimal
solution obtained by this iteration is updated:

Soili, j = (1 + ρIWD)Soili, j −
ρIWDSoilIWD

k
n− 1

(26)

where ρIWD is the global soil quantity renewal coefficient, SoilIWD
k is the soil quantity carried by the

water drops corresponding to the k-th iteration optimal solution, and n is the number of nodes on the
path corresponding to the iteration optimal solution.

Step 8: Update the global optimal solution:

STB =

 STB; i f f
(
STB

)
< f

(
SIB

)
SIB; else

. (27)

Step 9: The global optimal solution obtained by the improved intelligent water drop algorithm is
further optimized using the variable neighborhood search algorithm. By using the vibration method
and introducing the interference factor into the algorithm, a new path order is obtained by resetting
and inserting the location of the sorting points in the neighborhood of the optimal path, and the
distribution time of the sorting points after insertion and the constraint satisfaction of the vehicle load
are checked. Finally, a new path satisfying the constraint is obtained. To a certain extent, the intelligent
water drop algorithm can jump out of the local optimum and accelerate the convergence speed of the
algorithm. The pseudo code of the variable neighborhood algorithm is given below.

Algorithm 1 Procedure Variable Neighborhood Search

Begin
1: Initialize the set of neighborhood structure Nk, k=1, . . . ,kmax;
2: Generate the initial solution S;
3: repeat
4: k← 1;
5: repeat
6: ShakeMethod(S, S’);
7: ImprovementMethod(S’, S”);
8: if J (S”) ≥ J (S) then{
9: S← S”;
10: k← 1;
11: }
12: else
13: k← k + 1;
14: until (k = kmax)
15: until (StoppingCriterion)
End

Step 10: Update the iteration coefficient. Return to step 2 until the iteration is completed, and
output the optimal solution.

The specific algorithm design flow is shown in Figure 3.
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5. Computational Experiments

In this section, the performance of proposed methods is evaluated by 100 randomly generated
instances, including small, medium, and large-size ones. In this paper, the classical Solomon
example [34] of the vehicle routing problem with time windows is improved, and the parameters of
pick-up are added. The GA algorithm, traditional intelligent water droplet algorithm, and improved
intelligent water droplet algorithm are compared and calculated. The results are shown in Table 1.
All algorithms were coded in MATLAB R2014b. All computational experiments were conducted
on a PC with a 3.60 GHz processor and 8.00 GB RAM under the Windows 10 operating system.
For the augmented e-constraint method, CPLEX 12.6 was used to solve single-objective problems.
The computation time for each single-objective optimization and the total computational time were
limited to within 7200 and 36,000 s, respectively.

From Table 1, it can be seen that the improved intelligent water drop algorithm can obtain better
solutions in most cases, so it can be explained that the intelligent water drop algorithm has better
applicability for such problems.
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Table 1. Verification results.

Problem Group
GA IDW IIDW

Cost Cost Cost

R101 57,030 56,140 55,230
R102 56,180 56,150 54,330
R103 65,860 63,230 57,212
R104 61,471 59,840 57,178
R105 62,480 67,270 61,847
R106 60,080 58,840 57,106
R107 59,020 58,120 57,955
R108 57,732 58,400 58,048
R109 59,310 57,650 56,759
R110 54,700 58,280 57,486
R111 57,390 57,750 56,267
R112 56,180 57,470 57,321

Bold numbers: represent the best values in each line.

To verify the validity of the IIWD algorithm proposed in this paper, the methods of Wang and Chen
were used to calculate an example [35] for simultaneous delivery and delivery with time windows.
Specific data are shown in Table 2 (serial number 1 indicates distribution center point), and the
initialization parameters are shown in Table 3.

Table 2. Relevant data.

Distribution Point X Coordinates Y Coordinates Requirement Quantity of Pick-Up Service Time Time Window

1 0 40 50 0 0 0

2 4 20 80 40 20 30

3 20 42 15 10 10 0

4 22 40 15 40 30 0

5 29 90 35 10 20 0

6 31 88 35 20 30 0

7 33 85 25 10 10 0

8 36 65 85 40 30 0

9 38 62 80 30 40 20

10 46 18 80 10 10 0

11 53 20 50 5 5 20

12 60 15 60 17 5 0

13 62 65 35 3 21 12

14 66 41 37 16 18 0

15 70 35 69 23 4 0

16 76 60 12 31 11 40

17 77 23 3 7 5 15

18 78 8 56 27 5 0

19 80 47 47 13 10 0

20 81 49 58 10 16 0

21 87 12 24 13 6 30

22 88 24 58 19 32 0

23 92 53 43 14 12 14

24 93 61 52 3 7 40

25 95 56 37 6 3 0

26 99 26 35 15 5 20
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Table 3. Initialization parameters.

Q Vehicle rated load 49 t as
Renewal parameters of soil and

water drops 1000

vk Average Vehicle Speed 40 km/t bs
Renewal parameters of soil and

water drops 0.01

Cv Fixed-use costs of vehicles 200/one cs
Renewal parameters of soil and

water drops 1

Cp
Unit Transportation Cost per

Vehicle 10/km Initsoil Initial path amount of soil 1000

NIWD Number of drops 20 Initvel Initial drop velocity 100

av
Drop Velocity Updating

Parameters 1 ρ0 Local soil renewal parameters 0.9

bv
Drop Velocity Updating

Parameters 0.01 ρIWD Global soil renewal parameters 0.8

cv
Drop Velocity Updating

Parameters 1 Iter Maximum number of iterations 100

ρ0
Fuel consumption per unit

distance for no-load vehicles 2 α
Additional fuel consumption per
unit distance for vehicles carrying

goods per unit weight
0.8

The simulation results show that the improved intelligent water drop algorithm has faster
convergence speed and higher efficiency than the traditional intelligent water drop algorithm when
solving the GVRSP-SPDTW problem, as shown in Figure 4. This is because the improved algorithm
can reset and insert some nodes of the better solution after iteration, which can overcome the problem
of long search time of the traditional intelligent water drop algorithm and effectively avoid the
shortcoming of falling into local optimum in the search process. When the total number of iterations
is 23, the optimal solution of the model can be obtained. At this time, six vehicles are allocated.
The specific allocation scheme and vehicle routing are shown in Table 4. The Figures 5 and 6 are
diagrams of the optimal routes of the two algorithms.
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Table 4. Optimal vehicle routing and total cost (improved intelligent water drop algorithms).

Vehicle Number Route Total Cost Total Distance

1 14-22-12-18-26

13,155 655.66

2 10-2-15

3 20-24-6-5-7-16-13-25-23

4 11-19

5 9-8

6 21-17-4-3Sustainability 2019, 11, x FOR PEER REVIEW 15 of 20 
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Based on the above, a steel distribution center in Shanghai and 18 shipyards around it are taken as
an example to analyze. Their locations are sorted out by a Baidu Map, and customer requirements and
acceptable time windows are known. The IWD and IIWD algorithm designed in this paper are used to
solve the problem. The distribution center uses six-axle trucks for distribution service. According to
the national truck load standard, the rated load of six-axle trucks is 49 tons. Specific data are shown in
Table 5 (serial number 1 indicates distribution center point), and initialization parameters are the same
as seen in Table 3.
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Table 5. Relevant data of distribution center and shipyard.

Distribution Point X Coordinates Y Coordinates Requirement Quantity of Pick-Up Service Time Time Window

1 18.7 15.29 0 0 0 (0,40)

2 16.47 8.45 6 3.6 1.8 (5,20)

3 20.07 10.14 5 2 1 (4,15)

4 19.39 13.37 11 4.6 2.3 (1,20)

5 25.27 14.24 6 3.6 1.8 (2,20)

6 22 10.04 3 2.4 1.2 (5,15)

7 25.47 17.02 8 4.8 2.4 (2,18)

8 15.79 15.1 5 3 1.5 (1,24)

9 16.6 12.38 6 3.6 1.8 (3,27)

10 14.05 18.12 4 2.4 1.2 (1,20)

11 17.53 17.38 5 3 1.5 (2,16)

12 23.52 13.45 7 4.2 2.1 (2,20)

13 19.41 18.13 6 3.6 1.8 (2,10)

14 22.11 12.51 10 4 2 (3,25)

15 11.25 11.04 9 5.4 2.7 (2,28)

16 14.17 9.76 4 2.6 1.3 (3,24)

17 24 19.89 7 2.4 1.2 (2,20)

18 12.21 14.5 8 3 1.5 (1,23)

The example was programmed using MATLAB2016 software. The running environment is 8000
memory and a Windows 8 operating system. The specific running iteration process is shown in
Figure 7.
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6. Discussion

As can be seen from Figure 7, when the improved intelligent water drop algorithm iterates 61
times, the optimal solution of the model can be obtained. At this moment, there are three vehicles
for distribution. The specific allocation scheme and vehicle routing are shown in Tables 6 and 7.
From Tables 6 and 7, it can be seen that the total cost after improving the optimization results of the
intelligent water drop algorithm is ¥195.02 less than that of traditional intelligent water drop algorithm,
which can save about 20% of the cost. The improved intelligent water drop algorithm runs 11.353
km less than the traditional intelligent water drop algorithm. The number of vehicles used in the
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improved intelligent water drop algorithm is only half that of the traditional intelligent water drop
algorithm. In conclusion, when solving the GVRSP-SPDTW problem, the improved intelligent water
drop algorithm has faster convergence speed and higher efficiency than the traditional intelligent
water drop algorithm. The Figures 8 and 9 are diagrams of the optimal routes of the two algorithms.

Table 6. Vehicle optimal routing and total cost (traditional intelligent water drop algorithms).

Vehicle Number Route Total Cost (¥) Total Distance (km)

1 15-18-8-9

937 102.65

2 14-5-7

3 12-17

4 6-3-2-16

5 10

6 11-13-4

Table 7. Optimal vehicle routing and total cost (improved intelligent water drop algorithms).

Vehicle Number Route Total Cost (¥) Total Distance (km)

1 11-10-18-15-16-2-9-8

741.98 91.2972 14-12-5-7-17-13

3 4-6-3Sustainability 2019, 11, x FOR PEER REVIEW 17 of 20 
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7. Conclusions

In order to solve the vehicle routing and scheduling problem of a ship steel distribution center under
the green shipbuilding model, based on the conventional vehicle routing problem model, the amount
of carbon dioxide emitted by vehicles is set as one of the optimization objectives. A mathematical
model of total cost optimization is established, which aims at the optimization of vehicle depreciation
cost, manpower cost, and carbon emissions. A green vehicle routing and scheduling optimization
method based on IIWD is proposed. By comparing with GA and the traditional IWD algorithm, it was
proven that the green vehicle routing and scheduling optimization method based on IIWD proposed
in this paper can greatly reduce the total cost of vehicle distribution, and then reduce the carbon
emissions in the process of vehicle distribution. While ensuring the progress of ship construction,
this algorithm meets the requirements of green environmental protection, thus realizing a real part of
green shipbuilding. The green vehicle routing and scheduling optimization method based on IIWD
proposed in this paper has certain practical value and theoretical significance. In a follow-up study,
multi-type vehicles and dynamic time windows in multi-distribution centers are considered in the
mathematical model, and corresponding algorithms are designed for the model to further improve the
practicability of the study.
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