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Abstract

To improve the efficiency of ship traffic in frequently traded sea areas and respond to the national “dual-carbon” strategy, a multi-objective ship
route induction model is proposed. Considering the energy-saving and environmental issues of ships, this study aims to improve the
transportation efficiency of ships by providing a ship route induction method. Ship data from a certain bay during a defined period are collected,
and an improved backpropagation neural network algorithm is used to forecast ship traffic. On the basis of the forecasted data and ship route
induction objectives, dynamic programming of ship routes is performed. Experimental results show that the routes planned using this induction
method reduce the combined cost by 17.55% compared with statically induced routes. This method has promising engineering applications in
improving ship navigation efficiency, promoting energy conservation, and reducing emissions.

Keywords Dynamic route induction; Low-carbon shipping; Short-term vessel flow prediction; Multi-objective induction model; Maritime

transport efficiency

1 Introduction

World trade volume has been increasing steadily in recent
years. According to the report of the United Nations Con-
ference on Trade and Development (UNCTAD) in 2022,
over 80% of global trade is performed by maritime trans-
portation. As an important component of transportation
(Umit, 2023), maritime shipping is expected to see an uptick
in the number of vessels. The expansion of the fleet leads
to heightened traffic density in shipping lanes, which in turn
affects the efficiency of vessels traveling in heavily traf-
ficked trade areas. Additionally, rising fuel prices and air
pollution pose significant challenges to the shipping industry
(Li et al., 2022). The development of the shipping industry
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has increased energy consumption, generated greenhouse
gas emissions, and contributed to the ongoing deterioration
of environmental conditions and climate change. Urgent
emission reductions within this decade are necessary to
mitigate the shipping industry’s impact on climate change
(James et al., 2023). Therefore, energy-saving and emission-
reducing measures for ships and the attainment of sustain-
able, green development have become essential require-
ments for the continued growth of the industry. As the
world’s largest carbon emitter, China has implemented
comprehensive measures to reduce greenhouse gas emis-
sions from ships starting from 2023. Considering the impor-
tant role of the shipping industry in China’s economic
development and the significance of low-carbon shipping
in the country’s “dual-carbon” strategy, further research
must be conducted on ship shipping efficiency and energy-
saving and emission-reducing measures.

The route induction problem revolves around ships as
the research object. Sailing time, sailing distance, or sailing
cost is taken as the induction target to plan the optimal
traveling route for the driver to satisfy the conditions. In
many cases, the route induction problem can be abstractly
considered as the shortest path problem in graph theory.
Generally, the optimal driving route can be obtained by
combining the ship flow information in the AIS data sys-
tem with the shortest path algorithm. The main purpose
of studying this problem is to provide dynamic navigation
services for drivers so that ships can pass through the areas
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safely, orderly, and timely, thereby improving the efficiency
of ship passage and reducing driving accidents (Li et al.,
2019). However, the current research on ship route guid-
ance focuses more on navigation efficiency and ignores the
environmental impact of carbon emissions during ship nav-
igation. Therefore, the introduction of green navigation in
ship route guidance is a direction for future research.

Scholars have proposed theoretical methods for the ship
route planning induction problem. Currently, domestic and
international research on route guidance for ships mainly
focuses on selecting ship routes considering different envi-
ronmental influences and factors. Tsou et al. (2010) aim to
find the shortest navigation path by representing the
routes of multiple ships as a series of continuous turning
points and using a genetic algorithm to obtain collaborative
strategies, thereby calculating the optimal route for ships.
Neumann (2015) builds upon Dempster and Shafer evi-
dence theory to induce and optimize ship routes with the
objective of shortest paths for ship navigation. Cao (2010)
uses an improved particle swarm optimization algorithm to
solve the route guidance problem with the objective of mini-
mizing travel time and proposes a method to solve complex
nonlinear problems. Du et al. (2018) consider the influ-
ence of non-uniform wind fields on route planning and
establish an open water sailboat route guidance model with
the goal of minimizing travel time, which is solved using
an improved genetic algorithm. Zhao (2017) proposes a
meteorological route planning algorithm based on the sim-
ulated annealing algorithm. They take into account meteo-
rological data obtained from authoritative weather websites
and the impact of marine environments on ship movement
and conduct simulation analyses for the “most fuel-efficient
route model” and “shortest travel time route model”. From
the perspective of navigation safety, Huang et al. (2018)
propose an improved algorithm-based route planning
method using weights. They utilize this algorithm to find
safe navigation paths, thereby enhancing the efficiency of
ship cruising monitoring and ensuring the safety of moni-
toring tasks during navigation. Liu et al. (2019) consider
the route planning problem in continuous construction areas
and establish a nonlinear multi-objective ship route plan-
ning mathematical model and a route evaluation model with
the objectives of minimizing the total route length and path
risk value. Finally, they obtain the optimal route through
continuous construction areas.

In addition, accurate prediction of ship traffic flow is a
prerequisite and key factor for ship traffic guidance. Traffic
flow prediction can be divided into long-term and short-term
prediction. Long-term prediction covers a longer time span,
such as hours, days, months, or even years, and is mainly
used for macro-level prediction. Short-term prediction focuses
on shorter time spans, usually no more than 15 minutes, and
is used for micro-level prediction. For marine traffic flow
prediction, the time span for short-term prediction can be
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extended to one hour because of the wider survey area and
relatively fewer ships. Current traffic flow prediction meth-
ods can be mainly divided into four categories: linear, non-
linear, intelligent theory-based prediction, and traffic simu-
lation prediction methods. Prediction models based on linear
statistical methods mainly include time series, Kalman fil-
tering, and gray models. Differential self-regression moving
average models, as a typical time series prediction method,
can effectively eliminate the non-smoothness of data (Ma
et al., 2020), but the accuracy of such linear prediction meth-
ods is low. Nonlinear methods based on neural networks
have been gradually becoming a focus of research for
scholars owing to their good performance in handling the
nonlinearity and complexity of time series data. Consider-
ing such good performance, they have a high prediction
accuracy for traffic flow. Neural networks, particularly
backpropagation (BP) neural networks, are widely applied
(Liu et al., 2017). Prediction models based on intelligent
theory mainly include deep learning technology and data
mining. In the field of deep learning, recurrent neural net-
works and convolutional neural networks have also achieved
good prediction results in ship traffic flow (Dong, 2020).
In ship traffic flow prediction research, prediction models
based on traffic simulation are utilized. These models focus
on the simulation and analysis of ship traffic flow calcula-
tions on waterways. Among the numerical simulation meth-
ods, the most commonly used research method involves the
use of meta-cellular automata. This approach is employed
in the simulation and calculation of various aspects, includ-
ing the maximum throughput capacity of the waterway (Liu
et al., 2021) and the evolution of congestion in restricted
waterways (Yang et al., 2013).

Research on the sustainable development of maritime
logistics has new advancements. De et al. (2021) propose
a heuristic program based on the variable neighborhood
search algorithm. It addresses environmental issues related
to fuel consumption and carbon emissions in the shipping
industry while maximizing the operational capabilities
of shipping companies. They also develop a mixed-integer
nonlinear programming model that considers fuel consump-
tion and speed optimization (De et al., 2020). Non-dominated
sorting genetic algorithm and multi-objective particle swarm
algorithm are used to address sustainability and safety
challenges associated with complex, practical, and real-
time maritime transportation problems (De et al., 2019).

In recent years, ship routing has attracted significant
attention from scholars domestically and internationally.
Despite notable research progress, research on ship route
induction remains scarce. Existing studies mostly focus on
considering a single factor as the induction objective. Only
a small portion of the literature related to maritime logis-
tics considers environmental sustainability issues associated
with reducing fuel consumption and carbon emissions. To
improve the efficiency of maritime shipping and promote
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the development of low-carbon shipping, striking a balance
between navigation efficiency, energy conservation, and
emission reduction is imperative. Therefore, this study
proposes a multi-objective ship route dynamic induction
method that considers navigation time, distance, and fuel
consumption as induction objectives. Providing proper ship
route guidance can reduce the sailing time of vessels,
improve navigational efficiency, and reduce energy con-
sumption, thereby lowering greenhouse gas emissions and
achieving efficient and environmentally friendly shipping.
Additionally, to better meet the requirements of ship route
guidance, this study utilizes dynamic traffic flow data to
calculate the values of the road impedance function within
each segment instead of relying on static historical data. This
approach marks a significant difference between dynamic
induction and static guidance.

2 Multi-section ship short-term traffic flow
forecast

On the basis of the summary of various short-term traffic
flow prediction methods, this study proposes an improved
four-layer hidden node synthetic BP neural network predic-
tion model to address the low prediction accuracy in ship
traffic flow prediction. An improved algorithm is introduced
in the prediction process to enhance network performance
and ultimately improve the accuracy of the prediction
model. The improved BP network demonstrates excellent
performance in nonlinear fitting, with unique non-convexity,
adaptability, robustness, and high fault tolerance. Compared
with the commonly used wavelet neural network, the
improved four-layer hidden node synthetic BP neural net-
work introduces a momentum term, overcoming the draw-
backs of slow evolution and susceptibility to local minima.
It also improves the learning efficiency of the network.

2.1 Theoretical basis of the prediction model

The BP neural network is a multi-layer feedforward neu-
ral network that originates from the backpropagation algo-
rithm, which is used to adjust the network’s weights dur-
ing training. According to statistics, around 80% of neural
network models use the BP network or its variations. The
BP network has several advantages, such as good fault tol-
erance, limited contribution of outliers in the training data,
strong immunity to outliers during learning, and robustness.
It is currently considered one of the most mature and per-
fect artificial neural networks. The topology structure of
the traditional three-layer BP network is shown in Figure 1.

The process of BP neural networks involves continuously
adjusting the weights and thresholds by propagating the
error backward, aiming to minimize error or approach the
desired error level. The reduction of error is typically
achieved using the negative gradient descent method. In

Output layer

Figure 1 Schematic of BP neural network

essence, BP neural networks are highly accurate numerical
approximators. The principle behind them is to connect
activation functions and adjust the coefficients of these
functions to minimize the error as much as possible. The
formula for adjusting weights and thresholds in a conven-
tional three-layer BP network is as follows:

wy(t+1)= —n- dE/ow; +w,(1) 1)
wy(t+1)= —n - dEOw, + w, (1) 2)
B,(t+1)= —n-dE/OB,; + B, (1) 3)

By (1+1)==n-0E/3B,+ B, (1) @)

where E is the sum of squared errors between the network
output and the actual output sample; » is the learning rate
of the network, that is, the amplitude of weight adjust-
ment; w; () is the connection weight between the ith neu-
ron of the layer and the jth neuron of the hidden layer at
time ¢, w;(¢£+1) is the connection weight between the ith
neuron of the layer and the jth neuron of the hidden layer
at time ¢+ 1; w, (¢) is the connection weight between the
jth neuron of the hidden layer and the kth neuron of the
output layer at time #; w, (¢#+1) is the connection weight
between the jth neuron of the hidden layer and the kth neu-
ron of the output layer at time 7+ 1; and B is the threshold
of the neuron, and the meaning of the subscript is the same
as the weight. The four equations mentioned above are the
learning rules of the BP network.

2.2 Neural network model synthesis with
improved four-layer hidden nodes using BP

Owing to the poor quality of the samples used for short-
term traffic flow prediction, the network structure does not
follow the conventional three-layer network structure.
Instead, it adopts a special four-layer network structure.
The weights are adjusted using the error negative gradient
descent algorithm, that is:

Auy = =1 - 0E/ouy, (%)

Awy = —n - IE/dw, (6)
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Av, = —n - IE/Jv, 7

A momentum factor is introduced to improve the net-
work’s memory capacity, accelerate learning, and reduce
the chance of getting stuck in local minima. With enough
learning time, networks equipped with many momentum
terms will gradually emerge from the local minimum.

Given the slow convergence speed of the sigmoid acti-
vation function near 0 and 1, the training samples, testing
samples, and input samples for network prediction are scaled
to the range of 0.1 to 0.9.

X*:O.l + 0.8 '(X_Xmin)/(Xmax_Xmin) (8)

The choice of learning rate in neural network training
must be emphasized. Many networks, including hybrid neu-
ral networks, often fail to converge during learning, which
may be due to inappropriate network structure and learn-
ing rules design. The learning rate also directly influences
whether the network converges or not. Considering the
current known experience, the learning rate can be any value
within the range of 0.000 1 to 10. The theory of the BP
algorithm aims to reduce the error continuously along the
direction of the negative gradient curve. However, in the
actual learning rules of the network, a linear difference
approximation is used to replace the negative gradient curve
descent. This approximation can lead to deviations from the
negative gradient direction, especially when the error is
larger. This deviation leads to oscillation and non-conver-
gence of the network learning process.

The input of the prediction model includes the day of
the week, the time, and the actual value of the ship traffic,

Visd S qpp <Py

v(gq) =

where g is the flow of the ship flow, Vessels/h; g, is the
flow of ships in the free-flow state, Vessels/h; ¢, is the

while the output is the predicted value of ship traffic. The
prediction time span is 24 hours. The prediction involves
the following steps. First, determine the dimensions of the
input and output, as well as the number of nodes in the hid-
den layer, and prepare the training and testing samples.
Second, after the test samples achieve the expected learn-
ing effect, the values of the prediction samples are input into
the model for initialization. Finally, the prediction results
of the flow rate are obtained through the model operation.

The flowchart of the short-term traffic flow prediction
algorithm is shown in Figure 2.

3 Multi-objective ship route induction model
3.1 Ship traffic flow theory

This research is based on ship traffic flow theory, which
provides important data support for subsequent ship route
induction. This theory is a model and method system that
studies the variation of traffic flow over time and space,
mainly including the basic theories of traffic planning and
traffic control. In the context of ship traffic flow theory,
some scholars have focused on the safety issues of ships by
combining wave theory (Shao et al., 2002) and queuing
theory (Chen et al., 2001), but a systematic theoretical sys-
tem has not been formed. A relationship model between
the three parameters of traffic flow characteristics (flow,
speed, and density) has been proposed in the literature
(Zhu, 2010). The flow—speed relationship is represented
by Equation (9).

kgv,/[4 == 0)pp) 0, < 4 S duase < p < hpy = (4 = 4K) py 4k
PG = Qs VA - p, = (L= )k - p,<p <172+ p, ©)

L= O = 4kav /o, | /2.0 < 4 V2, < p <,

maximum vessel flow in the channel, Vessels/h; v is the
speed of the ship, km/h; v, is the free-flow speed, km/h; p

Construction of improved four-layer hidden

Improved four-layer hidden node synthesis BP neural

node synthetic BP neural network model network training =
System Build a suitable BP neural BP neural .
modeling »  BP neural > network  —®  network raning =
network initialization training end

Improved four-layer hidden node synthesis BP
neural network test

network test

BP neural Test data

Figure 2 Flowchart of the improved four-layer hidden node synthetic BP neural network algorithm
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for ship flow density, Vessels/km; p, is the maximum vessel
density in a channel under free flow, Vessels/km; p; is the
blocking density, Vessels/km; and & is the wave velocity
coefficient, 0 < k£ < 1.

3.2 Ship route induction objectives

Traditional ship route induction usually focuses on a sin-
gle induction target, such as analyzing factors like naviga-
tion time, distance, and costs. However, this approach of
considering only one factor in ship route induction does
not align with the “dual-carbon” strategy proposed by China
in recent years. Therefore, this study presents a multi-objec-
tive ship route induction method based on existing research
in the field. This method introduces a combined route imped-
ance function during the ship route induction process. The
study proposes a comprehensive model of the route imped-
ance function, which takes into account five variables: nav-
igation time, distance, costs, fuel consumption, and carbon
emissions. Each of these five influencing factors is ana-
lyzed separately below.

3.2.1 Relationship between fuel consumption and fuel costs
and carbon emissions

The cost of ship operation includes fuel expenses. When
ships navigate within Bohai Bay, where the surrounding
environment is relatively stable, and the impact of wind
and waves can be negligible, the fuel consumption for a
given ship’s load depends on the distance, speed, and time
of navigation. The navigation time is directly related to the
distance and speed of the voyage. The principle of ship fuel
consumption is that the ship’s main engine consumes fuel
to drive the propeller’s rotation. When the ship’s load
remains constant, and it travels at a constant speed, the
effective thrust exerted on the ship’s hull balances the total
resistance it experiences. This study utilizes the following
formula to calculate fuel consumption:

F(R)= i[q - FCPH, (v) ] (10)
Pg=Pp/(nsnznoly) (11)
P,=R, -v (12)

FCPH, (v) = Spoc * Ps (13)

where F'(R) is the total fuel consumption, ¢, is the sailing
time of the vessel in the ith leg of the voyage, FCPH,(v)
is the fuel consumption per unit time of the ship, R,, is
water surface and air resistance, Pg is the host power, P is
the effective power of the ship, Siq is the fuel consumption
rate, 7, 1s shafting efficiency, 7, is the relative rotational
efficiency, 7, is the efficiency of open water slurry, and 7,
is the hull efficiency.

After obtaining the fuel consumption, the fuel cost can
be obtained as follows:

F=F(R)-p (14)

where F is the total fuel cost, and p is the unit price of fuel.
From Equation (14), fuel cost is directly and linearly pro-
portional to fuel consumption.

Below is an analysis of carbon dioxide emissions indicators.

The Energy Efficiency Operational Indicator (EEOI) for
shipping refers to the carbon dioxide emissions generated
per unit of transportation work by a vessel. The calculation
formula for EEOI is as follows:

N N
EEOI = > F(R), - Cp/ > M, - D, (15)

i=1 i=1

where F'(R), is the fuel consumption of the ship in the ith
leg, C,. is the conversion factor between the amount of fuel
per unit and the amount of carbon dioxide, M, is the dead-
weight of the ship in the first route segment (tons), D, is
the operating distance of the ship in the first leg of the voy-
age (nautical miles).

From Equation (15), the CO, emissions produced by the
ship transporting M tons of cargo on the ith route segment
D nautical mile is ' (R),- Cr, so the CO, emissions gener-
ated by the transportation of a rated cargo load over a cer-
tain distance on a specific shipping route are directly pro-
portional to the fuel consumption during that period. Based
on the previous analysis, both fuel costs and CO, emissions
are linearly related to fuel consumption. In the subsequent
multi-objective optimization process, reducing fuel con-
sumption is necessary to achieve the goals of reducing
operating costs and carbon emissions.

3.2.2 Relationship between sailing distance, sailing time,
and fuel consumption

Owing to the variability of sailing speed depending on
the traffic flow, the fuel consumption per unit time increases
with high speeds. However, the sailing time may be reduced.
Therefore, the relationship between sailing time and fuel
consumption cannot be simply viewed as directly propor-
tional or inversely proportional. Similarly, the distance of
the voyage cannot directly determine the fuel consumption.
Hence, the sailing distance, sailing time, and fuel consump-
tion are the three factors that should be optimized in com-
bination in this context.

3.3 Joint road resistance function

The road resistance function, also known as the resis-
tance function, is a mathematical expression that quantifies
the road impedance. The resistance function can compre-
hensively reflect the relationship between travel time and
traffic conditions (e.g., traffic speed, flow, and density) as
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well as road conditions (e.g., road width, geometric shape,
and road type). This function is the definition of the land
transportation resistance function. In this context, the joint
resistance function is actually a reflection of the relationship
between the comprehensive road weighting and the traffic
conditions in the maritime route network.

Based on the analysis mentioned above, this study aims
to optimize three objectives: minimizing sailing distance,
sailing time, and fuel consumption. Previous experience in
solving multi-objective optimization problems demonstrates
that finding a solution that satisfies all optimization objec-
tives is rare. Instead, we can find relatively optimal solutions.
In this study, a method is employed to reduce the dimen-
sionality of the objective functions to address the multi-
objective planning problem.

First, the dimensionless processing of each objective is
performed to unify the different measurement standards.
Then, the weights are assigned to the objectives according
to the importance of each objective for downgrading the
multi-objective function problem into a single objective
function problem. The comprehensive cost function analy-
sis highlighted that the units of each indicator in the index
system are different. The relevant evaluation calculation
cannot be performed, so the concept of dimensionless must
be introduced to carry out the unit normalization (Ahmed
et al., 2021). The computational problems caused by the
unit are not considered, which in turn is transformed into
a pure numerical calculation to facilitate the unified eval-
uation of different indicator units. The navigation pro-
gram column {L],Lz, ---,LN}, flight time sequence {Tl, 7,,

R TN}, and energy consumption sequence {El, E,, -, EN}

are standardized.

y,=(x, - min {xj})/( max {xj} - lmin {xj}) (16)

1<j<n 1<j<n <j<n

The new sequence is obtained, i.e., {¥,,7,,*+,,} €[0, 1],
and it is dimensionless. Standardizing the factors influenc-
ing the comprehensive cost route ensures that they are
within the same numerical range. Subsequently, weighted
calculations are performed to obtain the comprehensive
cost value for each route segment. Finally, the route with
the minimum value of the comprehensive cost function is
selected.

Based on the above analysis, the comprehensive road
resistance function can be expressed as

F(v)=wy - Li+wp-t;+wg e (17)

where F,(v) is the combined right-of-way value for the ith
leg; /, is the dimensionless range value of the ith route seg-
ment; ¢; is the dimensionless sailing time value of the ith
route segment; e, is the dimensionless energy consumption
value of the ith route segment; w,, w,, and w,, are the pro-
portion of range, flight time, and energy consumption,
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respectively; and w, + w,+w,=1. Based on the different
emphasis of optimization objectives, the weights can be
adjusted accordingly. In this study, the same weight is
assigned to each indicator for route induction.

3.4 Induction model establishment and solution

We set the map to G = (¥, E) the shortest path » from
vertices s.

Z=min » Fx, (18)

iek

v

s.t.z(xwv: wel, erE) - E(wi: wel,vw eE): b

for all ve V' (19)

x,, =0 for all vwe E (20)
l,v=s

where b, =-1L,v=r, F,=w, - L+ w,-t,+w,-e; F,
0, Other

represents the weight of this edge i; x, represents the edge
that is selected to pass; and x,,, indicates whether to choose
to pass the w — v side.

The shortest path problem is about finding the shortest
route from a starting point to a destination in a network (Lv
et al., 2022). Algorithms for solving the shortest path prob-
lem include Dijkstra’s algorithm and Floyd’s algorithm.
Dijkstra’s algorithm can find the shortest path from the ori-
gin to any node in the network, whereas Floyd’s algo-
rithm is more widely applicable because it can compute
the shortest paths between any two points in the network.
This study is focused on inducing complete shipping
routes, so the improved Dijkstra’s algorithm is chosen to
solve the problem. To apply Dijkstra’s algorithm to solve
the multi-objective ship route induction problem, the short-
term traffic flow prediction from previous chapters and the
joint impedance values calculated based on ship traffic
flow theory should be combined to assign weights to the
route network. The route with the lowest comprehensive
navigation cost for ships passing through the induction
area is determined.

The specific operation steps of Dijkstra’s algorithm are
as follows:

1) Label vertex v, with P, d (v,)=0 and v,(j=2,3,--,
n)with 7, d (v;) = ;.

2) Take the smallest of all labels, for example, d (v, ) =

l,;, The T designation of v; is changed to the P designation,
and recalculate the label T for each other vertex with 7.

The smaller of the 7' designators d (v;) and d (v, ) + [, ; of
vertex v; is chosen as the new T designator of v,.

3) Repeat the above steps until the target vertex is
changed to P.
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This study aims to achieve the effect of dynamic ship
route induction, which requires improvements to the exist-
ing Dijkstra algorithm, that is, changing the arc weights of
unlabeled nodes in the route network. As mentioned earlier,
the predicted ship traffic is in different time periods, and
the changes in ship traffic directly lead to changes in the
arc weights in the road network, which in turn affect the
choice of nodes by the algorithm. Therefore, when a ship
passes through each node, which time period the node is in
at that moment must be determined. If it exceeds the time
period in which the originating time is located, the traffic
flow on each route segment in the route network must be
updated, and the weights of the route segments should be
recalculated, repeating the steps until the ship reaches its
destination.

4 Case study
4.1 Flow forecasting

To test the applicability of the above model, the hourly
ship traffic flow in the bay from April 3 to May 5, 2023, at
several sections from 0:00 to 24:00, was studied. The ship
traffic flow refers to the upstream and downstream ship
traffic flow through the section. Historical data were col-
lected through the shipxy. Based on the traffic flow data
from April 3 to May 5, the traffic flow at each section on
May 6 was predicted. The information collection interface
is shown in Figure 3.

$ ~Manjian
£S" < o

*, Korea Bay

s
— : v
- s =g 0% v ?v)A
'Yuecheng Guangrao 9 Laiyang 'V‘."'mu.frl-ln!i‘; .
Figure 3 Information collection map of a bay

For the sake of research convenience, a simplified vec-
tor diagram of ship routes within a bay is presented here.
The ship route vector diagram is based on the consider-
ation of the driver’s driving habits and the fitting of histori-
cal ship route tracks. The ship route vector diagram is
shown in Figure 4. Points 1, 2, 3, 4, 7, 8, 14, 15, 21, 22,
23, 24, and 25 represent various ports within the induced
area.

Through the AIS ship information monitoring system,
the statistics of ship traffic flow are shown in Table 1. This

Figure4 Vector diagram of ship routes in a certain bay

route network includes 12 routes (1-2-3-7-14, 4-5-6-7, 8-9-
10-11-12-13-14, 15-16-17-18-19-20-21-14, 15-22-23-24-
25-21, 1-4-8-15, 8-16-22, 2-5-9-17-23, 3-6-10-18-24, 6-11-
19-25, 7-12-20-25, and 7-13-21). Owing to the large num-
ber of route sections involved, only the ship traffic flow
statistics of some route sections are given. Table 1 shows
the ship traffic flow statistics of each route section of
Route 1-2-3-7-14 on a certain day. The statistical routes
are shown in Figure 5.

Running the compiled program can obtain the learning
curve, neural network learning diagram, and prediction
results. The learning curve of the network is shown in
Figure 6. In the figure, the error of the network training is
very small, and it reaches the target value. The neural net-
work learning diagram is shown in Figure 7, and the net-
work’s fitting performance gradually improves with the
increase of the sample number.

According to the above method, the flow prediction val-
ues for each cross section can be obtained sequentially. The
flow prediction values for sections 1-2-3-7-14 are shown
in Table 2.

4.2 Model solving

We use the ship flow data from the AIS system and com-
bine it with the short-term traffic flow prediction method
proposed in this study to predict the ship flow for a future
time interval. Through the above prediction method, the
flow prediction values for each section of the experimental
route network on May 6, 2023 can be obtained. The predic-
tion results are combined with the ship traffic flow theory
introduced in the second part of this paper to calculate the
recommended sailing speed for each section of each route.
Based on these recommended sailing speeds, we can calcu-
late the travel time, fuel consumption, and other indica-
tors. Based on these indicators, we calculate the integrated
right-of-way value set as the right-of-way for each route,
as shown in Table 3. Finally, the route with the lowest inte-
grated right-of-way value is induced for the ship.

The experimental study optimizes the dynamic path of
ships from port 1 to port 25 based on the guiding target.
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Table 1 Average ship flow by section on a given day
Time Cross-sections 1-2 Cross-sections 2-3 Cross-sections 3-7 Cross-sections 7-14

0:00-1:00 12 8 11 5
1:00-2:00 8 12 13 12
2:00-3:00 9 11 15 14
3:00-4:00 15 8 9 8
4:00-5:00 18 14 11 14
5:00-6:00 23 15 13 9
6:00-7:00 27 21 15 14
7:00-8:00 31 23 20 12
8:00-9:00 24 17 26 14
9:00-10:00 20 15 28 17
10:00-11:00 23 21 26 17
11:00-12:00 30 39 30 23
12:00-13:00 24 26 32 31
13:00-14:00 31 36 31 32
14:00-15:00 27 28 32 31
15:00-16:00 24 26 27 29
16:00-17:00 14 23 23 25
17:00-18:00 16 20 21 22
18:00-19:00 21 19 15 17
19:00-20:00 14 17 10 21
20:00-21:00 16 9 11 15
21:00-22:00 17 12 12 12
22:00-23:00 14 12 7 9
23:00-0:00 16 10 11 10

25

2.0

sé 1.5

©1.0

0.5

x10*

Figure 5 Statistical route chart

We assume that the ships enter the area at 7:00 (UTC+8)
and update the ship network route for each arrival at a
node, re-planning the voyage route for the ships. The pre-
viously traveled region is used as the historical trail and is

@ Springer
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Figure 6 Network training results

no longer re-searched. As shown in Figure 4, the first
planned route for the ships is 1-2-3-6-10-11-12-20-25 (as
shown in Figure 8), and the second planned route for the
ships is 1-2-3-6-11-12-20-25 (as shown in Figure 9). The
two planned routes are clearly different. Following the
above experimental steps, the iteration update is continued
until the ships reach the destination. The network route
updates are shown in Figure 10 to Figure 15.
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Figure 7 Neural network learning schematic

The experimental results can be divided into two parts:
static ship route induction and dynamic ship route induc-
tion. As shown in Figure 16, for the first planned route
(static ship route induction) 1-2-3-6-10-11-12-20-25, the
total integrated right-of-way of this path is 1.657. For the
final planned route (dynamic ship route induction) 1-2-3-6-
10-11-19-25, the integrated right-of-way value of this path
is 1.3663, which is 17.55% less than the static route induc-

Table 2 Flow predictions for four consecutive sections

tion. The static induction leads to a travel distance of 260
nautical miles, travel time of 20.6 h, and fuel consump-
tion of 10.4 t, while the dynamic induction leads to a travel
distance of 248 nautical miles, travel time of 19.31 h, and
fuel consumption of 9.92 t, reducing by 4.6%, 6.26%, and
4.62%, respectively. The results show that the dynamic ship
route induction performs better than the static ship route
induction for each guiding target, highlighting the reliability
and practical significance of the method. In particular, it
plays an important role in addressing energy conservation
and reducing emissions. By conducting in-depth research
on the routes of ships in the bay, questions such as route
selection, changes in traffic flow, and route planning can
be explored. This research is of great management signifi-
cance for relevant stakeholders such as government depart-
ments, port operators, and shipping companies. Further-
more, such research can help formulate effective bay man-
agement strategies and navigation rules.

Time Cross-sections 1-2 Cross-sections 2-3 Cross-sections 3-7 Cross-sections 7-14
0:00-1:00 11 9 10 8
1:00-2:00 12 13 11 12
2:00-3:00 13 13 16 14
3:00-4:00 16 10 11 9
4:00-5:00 18 14 8 15
5:00-6:00 21 16 15 10
6:00-7:00 23 20 13 12
7:00-8:00 25 21 20 13
8:00-9:00 26 17 16 14
9:00-10:00 28 15 18 17
10:00-11:00 28 21 16 17
11:00-12:00 27 39 30 23
12:00-13:00 26 26 32 31
13:00-14:00 25 36 31 32
14:00-15:00 23 28 32 31
15:00-16:00 22 26 27 29
16:00-17:00 20 23 23 25
17:00-18:00 18 20 21 22
18:00-19:00 18 21 16 17
19:00-20:00 17 18 14 15
20:00-21:00 16 12 10 15
21:00-22:00 16 13 13 12
22:00-23:00 15 10 11 9
23:00-0:00 14 9 8 7

@_ Springer



602 Journal of Marine Science and Application

Table3 Weighted Road resistance values for route segments

Route Time period
segments 7:00-8:00 8:00-9:00 9:00-10:00 10:00-11:00 11:00-12:00 12:00-13:00 13:00-14:00 14:00-15:00 15:00-16:00 16:00-17:00 17:00-18:00

1-2 02642 02642 02626 0.3274 0.262 0 0.457 4 0.2620 0.290 7 0.2620 0.262 0 0.288 3
2-3 0.1840 0.1840 0.1822 0.199 8 0.205 1 0.166 5 0.205 1 0.176 8 0.181 6 0.1816 0.201 4
3-7 1.0000 1.0000 1.0000 1.000 0 1.000 0 1.000 0 1.000 0 1.000 0 1.000 0 1.000 0 1.000 0
7-14 0.6321 0.6869 0.6313 0.6313 0.6310 0.6321 0.704 7 0.703 9 0.6310 0.6310 0.686 9
4-5 03043 03043 02773 0.3029 0.276 8 0.2789 0.3109 02725 0.276 8 0.276 8 0.346 6
5-6 03068 03068 03332 0.379 7 0.342 1 03623 0.342 1 04145 0.342 1 0.342'1 0.380 8

6-7 0.3888 0.3888 03876 0.441 1 0.3550 0.3250 0.3979 0.3512 03550 0.3550 0.388 8
8-9 02421 02421 02629 0.2629 0.2699 0.2198 0.2699 0.266 0 0.2399 0.2399 0.264 4
9-10 03399 03400 03385 0.369 2 0.338 1 0.309 5 03790 03758 03790 0.338 1 0.370 4

10-11 ~ 0.0000  0.0000  0.000 0 0.000 0 0.0000 0.000 0 0.000 0 0.000 0 0.000 0 0.000 0 0.000 0
11-12 0.0758 0.0843  0.0823 0.0823 0.073 1 0.075 8 0.084 5 0.067 6 0.073 1 0.073 1 0.084 3
12-13 02193 02193 0.2381 02381 0.2170 0.2193 0.244 5 02124 0.2170 02170 0.2193
13-14 03832 03517 03820 0.3820 0.3499 03517 0.3922 0.346 0 0.3499 0.3499 0.383 2
15-16  0.1965 0.1965  0.1947 02134 0.194 1 0.166 8 0.194 1 0.1894 0.1792 0.179 2 0.196 5
16-17 03068 03068  0.3053 03332 02825 0.279 1 0.304 8 0.300 7 0.304 8 0.304 8 0.3346
17-18 03782 03782 04108 0.4108 0.349 3 0.324 4 0.349 3 03727 0.376 4 0.376 4 04119
18-19 0.0155 0.0189 0.0225 0.022°5 0.009 8 0.0155 0.0126 0.0115 0.0126 0.012 6 0.0189
19-20  0.0169 0.0205 0.0184 0.018 4 0.014 1 0.024 0 0.014 1 0.008 3 0.0189 0.0189 0.026 4
20-21 03149 03433 03897 03420 03130 03149 0.427 5 0.347 8 03511 03130 0.343 3
21-14 02156 02156 02341 0.2679 02133 0.1955 0.294 5 0.2362 02133 02133 02156
15-22 02716 02716 0.2701 0.270 1 02773 0.248 7 0.2773 0.242 1 0.2773 0.277 3 0.271 6
22-23 03935 03935 03924 0.3924 0.402 8 0.3290 0.402 8 0.399 8 0.3595 0.402 8 03935
23-24 04717 04717  0.5349 0.470 7 0.483 2 0.433 4 0.586 2 0.480 8 04318 0.483 2 0.433 4
24-25 0.1528 0.1391  0.1510 0.1510 0.1551 0.139 1 0.1551 0.1315 0.1551 0.136 6 0.1528
25-21 04485 04486  0.5087 0.508 7 0.459 4 0.4850 0.459 4 0.456 8 0.459 4 0.4104 0.448 6
1-4 0.6284 0.6284  0.6276 0.682 5 0.627 3 0.5739 0.627 3 0.625 1 0.627 3 0.627 3 0.6829
4-8 03525 03525 03511 0.4357 0.3506 0.3209 0.350 6 0.346 8 0.3506 0.3930 0.3840
8-15 04422 04422 04410 0.480 3 0.493 1 0.403 2 0.440 6 0.4373 0.409 2 0.440 6 0.546 2
8-16 0.1943 02126  0.1925 0.192°5 0.191 9 0.194 3 0.191 9 0.1872 0.1919 0.1919 02126
16-22 03068 0.3068  0.3053 03332 0.304 8 0.279 1 0.304 8 0.300 7 0.342 1 0.304 8 03346
2-5 08035 08035 0.8727 0.988 6 0.8959 0.803 5 0.803 0 0.801 8 0.803 0 0.747 2 0.872 6
5-9 02774 02774 03013 0.343 7 02753 0.277 4 0.2753 0.2710 0.2753 0.2549 0.3027

9-17 02193 0.2193 0.2381 0.238 1 0.2170 0.198 9 0.244 5 0.240 3 0.2170 0.200 5 0.2193
17-23  0.1538 0.1538  0.1670 0.1670 0.1513 0.138 8 0.1715 0.146 3 0.1715 0.1513 0.168 8
3-6 0.7042 0.7042  0.764 8 0.703 6 0.654 3 0.643 4 0.785 1 0.784 8 0.703 3 0.703 3 0.704 2

6-10 02090 02090 02270 0.207 3 0.206 7 0.17717 0.206 7 0.202 0 0.206 7 0.206 7 0.2090
10-18  0.1685 0.1685 0.1830 0.1830 0.166 1 0.142 6 0.166 1 0.1612 0.166 1 0.166 1 0.1847
18-24 02649 02649 0.2633 0.2877 0.262 8 0.240 7 0.262 8 0.258 4 0.262 8 0.262 8 0.264 9
6-11 02141 02141 0.2124 02124 02119 0.194 1 02119 0.2072 0.1957 0.2119 02141
11-19  0.1648 0.1648 0.1630 0.163 0 0.149 6 0.148 9 0.162 4 0.157 5 0.149 6 0.162 4 0.180 7
19-25  0.1185 0.1185 0.116 6 0.116 6 0.1159 0.106 5 0.1159 0.110 7 0.1159 0.1159 0.118 5
7-12 04143 04509 04130 0.4130 04126 03776 04126 0.409 1 04126 0.412 6 0.4509
1220 0.1597 0.1597 0.1579 0.173 4 0.1573 0.144 2 0.1573 0.1523 0.1573 0.157 3 0.1751
20-25  0.1104 0.1104  0.108 5 0.1199 0.107 8 0.099 0 0.107 8 0.102 5 0.107 8 0.107 8 0.1217
7-13 0.4540 04540 04528 0.4528 0.452 4 0.4140 0.506 2 0.449 2 04524 0.452 4 0.494 0
13-21  0.1317 0.1317 0.1298 0.129 8 0.1292 0.118 6 0.1292 0.1420 0.129 2 0.129 2 0.144 8
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Figure 8 Route map under static road network information Figure 12 Route diagram after the fourth update of weights

Figure 9 Route diagram after the initial weight update Figure 13 Route chart after the fifth update of weights

Figure 10 Route diagram after the second weight update Figure 14 Route diagram after the 6th update of weights

Figure 11 Route diagram after the third weight update Figure 15 Route map under dynamic road network information
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Comparision of results
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Travel time (h) = 12%%)1

® Plan route
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Right of way %gg’g 3

0 50 100
Right of way
® Plan route 1.366 3
u Original route 1.657

Figure 16 Comparative analysis of induction results

5 Concluding remarks

In this study, a dynamic ship route induction method
based on predictive data and multiple variable factors is
proposed by combining the idea of dynamic induction of
land traffic and the actual situation of sea traffic. The method
can continuously update route planning based on real-time
traffic flow data and adjust the weights according to the
importance of different induced objectives, which is highly
flexible and effective. In route induction, the method also
considers the carbon emission factor, which reduces the
carbon emission under the premise of ensuring navigation
efficiency. It is also in line with the current direction of the
shipping industry, which needs to be adjusted. The experi-
mental analysis results show that the dynamic induction
method is better than static route planning and can obtain
the route planning with the lowest comprehensive cost and
in line with people’s expectations, which has certain practi-
cal value and engineering significance. However, the method
has certain limitations. In the case of a relatively stable off-
shore sea area, the method can provide the best traveling
route for the ship in a short time. If the ship is traveling in
the oceanic sea area and the sea condition is complicated
and changeable, the induction effect of this method is unsat-
isfactory. Overall, the dynamic ship route induction method
has great potential to improve the navigation efficiency of
ships and the sustainable development of maritime trans-
port, and it has become an important development direc-
tion in the field of navigation.
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