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Abstract: The concept of hybrid ships has gained significant attention in recent years, as they offer an effective means of
enhancing energy utilization and reducing environmental pollution. However, the navigational environments of ships are often
subject to changes, which in turn affect their energy efficiency in a complex manner. It is therefore evident that enhancing the
energy efficiency of hybrid ships is a worthwhile goal. In this study, we take a diesel-electric hybrid ship navigating in inland
waterways as the research object, and propose a hierarchical optimization method for ship energy efficiency. The upper-layer
control establishes a predictive model for propulsion motor speed and fuel consumption through multivariate time series predictions,
and employs the model predictive control (MPC) method to optimize the propulsion motor speed. The lower-layer control utilizes
an equivalent fuel consumption minimization method, which is based on improving the equivalence factor. This involves combining
the variation of the supercapacitor’s state of charge (SOC) with the propulsion motor speed obtained from the MPC optimization
in the upper-layer control. Furthermore, a proportional integral (PI) controller is used to adjust the equivalence factor, in order to
adapt the equivalent fuel consumption minimization method to the working conditions. Our results demonstrate that the proposed
hierarchical optimization method can reduce the energy efficiency operating indicator (EEOI) by approximately 11.54% and the
fuel consumption by approximately 9.47% in comparison to the pre-optimization scenario.
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1 Introduction 2030, and net-zero emissions from international ship-

ping by 2050 (IMO, 2023).

Fossil fuels have been the primary energy source
for maritime vessels for over a century, and over 80%
of global trade is reliant on shipping (UNCTAD,
2022). However, combustion of these fuels has in-
creased greenhouse gas (GHG) emissions, contribut-
ing to severe environmental pollution (Liu et al., 2018).
To address this, the Marine Environment Protection
Committee (MEPC) of International Maritime Organi-
zation (IMO) adopted the 2023 IMO GHG Strategy,
aiming for widespread adoption of low-GHG fuels by
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In recent years, the power sources of ships have
diversified, leading to so-called hybrid ships. These
can overcome the limitation of using a single energy
source by comprehensively utilizing renewable energy
sources, such as mechanical energy, electrical energy,
hydrogen energy, and solar energy (Sulligoi et al.,
2016; Hein et al., 2021). In order to reasonably man-
age the coupled system of multiple power sources, it
is necessary to formulate appropriate energy manage-
ment strategies that distribute the output power or
torque of each power source, coordinate mechanical
propulsion and electric propulsion, and ensure the safe
supply of power to the ship (Balsamo et al., 2017).
Currently, energy management strategies for hybrid
ships can be classified into three categories according
to different theories and methodologies: rule-based
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energy management strategies, optimization-based en-
ergy management strategies, and learning-based ener-
gy management strategies (Han et al., 2020). The clas-
sification of these different strategies and typical algo-
rithms associated with them are shown in Fig. S1 of
the electronic supplementary materials (ESM).

Among these methods, the rule-based control
strategy is relatively simple to implement and has a
low operating workload. Zhu et al. (2014) designed an
energy management strategy based on fuzzy control,
and simulated and tested the strategy under various
operating conditions for a hybrid ship utilizing fuel
cells, batteries, and supercapacitors. The results showed
that this strategy enabled the supercapacitors to bear
more dynamic loads, thereby adjusting the operating
range of the fuel cell and improving the system’s
energy efficiency. Khan et al. (2017) used a fuzzy
control algorithm to enable the energy storage battery
and supercapacitor of an all-electric ship system to co-
operate, so as to cope with peak and pulse loads, and
maintain stable and efficient operation. Learning-based
control strategies usually make use of the nonlinear
modeling and predictive capabilities of neural net-
works, and are applied in fields such as route plan-
ning, speed prediction, and parameter optimization.
Hasanvand et al. (2020) proposed a cost-effective op-
timal energy scheduling scheme, which approaches
load loss expectation and cost minimization as a multi-
objective optimization problem, and employs a deep
QO-network to establish the energy management strat-
egy. Experimental results showed that this method is
more cost-effective than the traditional rule-based
method, and can reduce the load expectation index.
Wau et al. (2020) modeled the optimal energy schedul-
ing problem of a plug-in hybrid fuel cell ship as a
Markov decision process, and applied a double-O
learning algorithm for training; their simulation results
showed that this method could achieve a similar effect
to the dynamic planning method.

Real-time optimized energy management strate-
gies such as the equivalent consumption minimization
strategy (ECMS) and model predictive control (MPC)
are more accurate than rule-based methods, in addi-
tion to having a clearer calculation framework and
lower computational cost than learning-based methods
(Guo et al., 2017). Kalikatzarakis et al. (2018), Zahedi
et al. (2014), and Bassam et al. (2017) studied multi-
energy hybrid systems on ships, established a minimum
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instantaneous equivalent fuel consumption model for
hybrid power systems, and used software to calculate
the fuel economy of hybrid power systems using actual
ship operating parameters. Their results demonstrated
that the minimum instantaneous ECMS has advantages
in improving the energy efficiency of hybrid ships.

The equivalence factor in the ECMS strategy uni-
formly quantifies electricity and fuel consumption by
converting battery or supercapacitor energy use into
an equivalent diesel fuel consumption. It represents
fuel consumption per unit of electrical energy, enabling
a unified optimization framework to assess energy ef-
ficiency and guide optimization strategies.

Current research on equivalence factors focuses
on identifying the current working conditions of the
ship and determining the optimal equivalence factor
under the current working conditions through optimi-
zation algorithms. By considering ultracapacitor’s state
of charge (SOC) and propulsion power demand, this
method can optimize energy distribution. When SOC
is low, the factor increases to conserve power, and
when SOC or engine load is high, the factor decreases
to boost supercapacitor discharge, stabilizing the en-
gine load. This adaptive mechanism improves energy
efficiency and responsiveness to changing navigation
conditions. To this end, Tian et al. (2020) proposed an
adaptive equivalent fuel consumption minimization
strategy and constructed a fuzzy inference system that
generates optimal equivalence factors in real time.
Verification through simulations showed that the fuel
economy of this strategy was better than that of other
strategies. Zhu et al. (2020) proposed a modified adap-
tive equivalent consumption minimization strategy
(MAECMS), which is based on ECMS. It determines
the equivalence factor online by identifying the status
of the power equipment based on current or predicted
information, and reduces the amount of calculation by
extending the optimization time step and establishing
constraints. Xie et al. (2021) proposed a real-time
power management strategy based on ECMS and
MPC for the on-board power system of hybrid elec-
tric ships. This strategy can dynamically adjust the
power distribution between the diesel generator and
the hybrid energy storage system, to achieve real-time
load tracking and minimize fuel consumption while
adjusting the equivalence factor through MPC; in this
way, it improves the adaptability and efficiency of the
system. Liu et al. (2021) developed an energy control
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strategy for hybrid electric ships based on an ECMS,
and achieved power balance and fuel economy opti-
mization of the power battery by adjusting the effi-
ciency factor and its correction function.

However, ships are often in a dynamically chang-
ing navigational environment during their operation,
and not in an ideal static state. Complex and shifting
conditions, such as wind speed, water flow, and load,
will constantly alter the operating conditions of the
ship, making the equivalence factor calculated by tra-
ditional optimization algorithms only accurate at the
current time step; this may lead to lagging or mis-
matching of the energy distribution during actual navi-
gation, thus affecting the fuel economy and mainte-
nance of the battery SOC.

In view of the above problems, it is urgent to de-
velop a dynamic adjustment mechanism for the equi-
valence factor that can adapt to dynamic changes in
working conditions, so as to achieve efficient instanta-
neous optimization and improve the adaptive energy
distribution in complex navigation environments. To
this end, we propose a hierarchical optimal control
method for ship speed and energy management that
accounts for the navigation environment. The method
aims to improve the overall fuel economy of the ship.
In the upper layer of the optimization, environmental
factors such as wind speed, wind direction, water
depth, and water current speed during navigation are
comprehensively considered. A radial basis function
(RBF) neural network is used to predict the propeller
motor speed and fuel consumption, and the MPC
method is used to optimize the propeller motor speed
in the time domain. In the lower-level optimization,
an equivalence factor adjustment strategy based on a
proportional integral (PI) controller is designed ac-
cording to the dynamic changes in the propeller mo-
tor speed and the SOC of the supercapacitor, and the
adaptability of the ECMS to changing working condi-
tions is optimized. An adaptive ECMS (A-ECMS)
methodology for working conditions is accordingly
proposed.

This paper is structured as follows. Section 2 in-
troduces the longitudinal dynamics model and the
power system model for a hybrid ship. Section 3 pres-
ents a hierarchical optimization and control model
based on the navigational environment, including an
upper speed optimization model and a lower energy
management strategy model. In Section 4, we test the

approach on a case study. The final section gives
conclusions.

2 Mathematical modeling

In this paper, a hybrid electric propulsion ship
traveling between Yichang and Chongqing in China is
taken as the object of study. The sailing route of the
ship is shown in Fig. S2 of the ESM, and a schematic
diagram of the power system is shown in Fig. 1. The
power source of the ship is comprised of four 1250 kW
diesel engine sets, two sets of 300 kW supercapaci-
tors, and two 1680 kW propulsion motors, with the
specific parameters shown in Table 1.

The ship energy management system optimizes
energy allocation and fuel economy through four key
models. The diesel generator model links output pow-
er to fuel consumption. The supercapacitor model reg-
ulates energy output to stabilize load fluctuations and
enhance the dynamic response. The propeller model
defines power transfer, thrust, and efficiency con-
straints for propulsion optimization. The drag model
simulates total resistance to refine the propulsion
power calculations. Together, these models enable real-
time optimization and efficient operation in complex
navigational conditions.

2.1 Ship power system modeling
2.1.1 Diesel generator unit modeling

The manifold absolute pressure (MAP) diagram
shown in Fig. 2 was obtained by conducting experi-
mental tests on the genset to record the fuel consump-
tion at different rotational speeds and loads.

Based on the MAP diagram, the corresponding
diesel engine specific fuel consumption b, can be de-
termined from rotational speed and torque:

b.=f(N.. T.). O]
where N, indicates the rotational speed of the diesel
engine, r/min; 7, indicates the diesel engine torque,
N-m.

From Eq. (1), the diesel engine fuel consumption
is derived as follows:

°~ 3600 ° )
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Fig. 1 Topology of the hybrid power system of the target vessel. AC: alternating current; DC: direct current

Table 1 Main parameters of the target vessel power system

Component Basic parameter Value

Diesel engine unit Maximum power (kW) 1320
Rated power (kW) 1250
Number of units 4

Generating unit Rated power (kW) 1250
Rated rotational speed (r/min) 1000
Rated voltage (AC) (V) 660
Number of units 4

Supercapacitor unit Single rated capacity (F) 64.5
Single rated power (kW) 300
Working voltage (DC) (V) 604-820

where m1, is diesel fuel consumption per unit of time,
g/s; P, is the diesel engine output power, kW.
The overall output power of the diesel generator
is then:
P f :P e’ ’7’ (3 )
where P; is the diesel generator output power, kW; 5
is the generator efficiency.
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Fig. 2 MAP diagram of the diesel generator unit

2.1.2 Supercapacitor modeling

The output power of the supercapacitor is given
by:
PSC = USC 15C - IS%IRSC7 (4)

where P, is the supercapacitor output power, kW; U
is the supercapacitor terminal voltage, V; I is the
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supercapacitor current, A; R, is the supercapacitor in-
ternal resistance, Q.

The SOC (S,.) of the supercapacitor can be cal-
culated from

Usc - Uscimin
[ ©)

sc_max sc_min

Soc:

where U, ,,, is the maximum operating voltage of the
supercapacitor, V; U, ;, is the minimum operating
voltage of the supercapacitor, V.

The equation for supercapacitor current can be
derived from Eq. (5) as follows:

U SOC B Uszcmm B 4P R

ISC: 2R H (6)

sc

where U, is the difference between the maximum
and minimum voltages of the supercapacitor, V.

2.1.3 Ship propulsion system modeling
2.1.3.1 Propeller propulsion modeling

The torque 7, and thrust 7, , of the propeller are
the key parameters describing its hydrodynamic per-
formance. The equations defining them are as follows
(Hou et al., 2018):

T, ,=K:Dyp- Ny, (M
T,=K,Dp-N;, ®)

where p denotes the density of river water, kg/m’; N,
denotes the rotational speed of the propeller; D, de-
notes the diameter of the propeller, m; K and K|, de-
note the thrust and torque coefficients of the propeller,
respectively. K, and K, are typically determined by
fitting the experimental data from the ship model.

2.1.3.2 Gearbox modeling

From the propeller model, drag model, and ves-
sel power system mechanism, the torque 7, and speed
N of the reduction gearbox output can be determined,
and then by using the characteristics of the speed gear-
box itself, the rotational speed and torque of the
motor output can be determined:

T,=—", (€))

N,=N-z, (10)

where T, denotes the input torque of the reduction
gearbox (and also the output torque of the propulsion
motor), N-m; 7 denotes the runtime, s; N, denotes the
input rotational speed of the reduction gearbox (and
also the output rotational speed of the propulsion
motor), r/min.

2.2 Ship resistance modeling

As shown in Fig. 3, the vessel propeller gener-
ates a thrust 7, , which overcomes the total resis-
tance R, to propel the vessel forward. According to
the principle of longitudinal vessel dynamics, the force
on the target vessel satisfies the following equation
(Geertsma et al., 2017; Carlton, 2018):

n,T, (1-t,) =R ,=ma, (11
where 7, is the number of propellers; 7, is the propel-

ler thrust deduction coefficient; m is the vessel mass,
kg; a is the vessel acceleration, m/s’.

Wind resistance
-~

Wave resistance
D —

Ship speed
—_—
Hydrostatic resistance

* Shallow water
resistance

Propulsion|
motor

Propeller

Fig. 3 Schematic diagram of the ship force analysis

As can be seen from Fig. 3, the total resistance
R ... during ship navigation is divided into hydrostatic
resistance and resistance generated by the navigational
environment. The total hydrostatic resistance R, can
be determined by the Holtrop and Mennen (1982),
and the resistance generated by the navigational envi-
ronment includes the shallow water drag R, wind
drag R, and wave drag R .., which satisfy:

Rlolal:Rstatic+Rs+Rwind+R (12)

Holtrop’s method considers that the total hydro-
static resistance of a ship can be expressed by the fol-
lowing equation (Holtrop and Mennen, 1982; Holtrop,
1984):



Rstatic:RF(l +k1) +Rppt Ry + R+ Rig+ R, (13)
where R; is the ship’s friction force, N; 1+£k, is the
ship’s viscous drag factor; R, is the appendage drag,
N; Ry, is the wave-breaking drag, N; R, is the addi-
tional drag near the water surface at the bow bulb, N;
Ry 1s the additional pressure drag of the square stern
when submerged, N; R, is the relevant drag of the
model-ship conversion, N.

In order to ensure that the ship can move for-
ward normally, the required power P, of the ship dur-
ing navigation can be determined by the following

formula:

P

req

-V +Py,=2P+P,, (14)

total day

where V denotes the ship speed relative to water; P,,, is
the daily load of the ship, kW. When the ultracapacitor
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bank is in a charging state, P,.<0, and when the ultra-
capacitor bank is in a discharging state, P, >0.

3 Optimal hierarchical control model for ships
based on their navigational environment

We structure the control model into four key
modules, as shown in Fig. 4: MPC optimization, resis-
tance and power calculation, PI control, and A-ECMS
control. The MPC module uses navigation data and
an RBF neural network to predict and adjust propeller
speed N in real time, so as to minimize the energy
efficiency operating indicator (EEOI). The resistance
and power module calculates demand based on ship
and environmental factors, providing input for energy
distribution. The PI control module adjusts the equiva-
lence factor using SOC feedback to improve system
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Fig. 4 Control modeling flowchart. The variables are explained in the main text
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stability. The A-ECMS module optimizes energy dis-
tribution between the diesel generator and supercapac-
itor for precise propulsion control and improved fuel
efficiency. These modules cooperate to enhance adapt-
ability, improve energy efficiency, and reduce fuel
consumption.

3.1 Upper deck speed optimization model based
on navigational environment

3.1.1 RBF-based multivariate time series prediction
model

The multivariate time-series prediction model uses
historical data and multiple inputs (e.g., environmen-
tal factors, speed, and fuel consumption) to forecast
future speed and fuel use, thus enhancing the reliability
of the MPC optimization.

This study presents the use of an RBF network
for the establishment of a multivariate time series pre-
diction model. RBF networks have powerful mapping
capabilities, which can effectively fit the effects of
nonlinear factors (such as wind speed, waves, and
water flow speed) on the rotational speed and fuel con-
sumption in ship propulsion systems. Compared with
auto-regressive integrated moving average (ARIMA)
and long short-term memory (LSTM) networks, RBF
networks have higher training efficiency, stronger gen-
eralization ability, and lower training data requirements,
and are particularly suitable for real-time prediction
scenarios. In addition, their structure being based on
the Gaussian function facilitates analysis of the impact
of input variables on system performance, so they have
straightforward physical interpretability and applica-
tion advantages. The RBF network is a feed-forward
neural network comprising three principal layers: the
input layer, the hidden layer, and the output layer
(Hou et al., 2021; Gao et al., 2024).

The RBF network learns the mapping between
the input data and the output data by adjusting the
number of neurons in the hidden layer and the center
and diffusion factor of each neuron, as shown in Fig. 5.

In practice, the prediction of ship fuel consump-
tion is contingent upon not only the navigational envi-
ronment, but also the predicted value of the propul-
sion motor speed. To address this issue, a two-step
prediction model is employed, as illustrated in Fig. 6.
Initially, the RBF neural network prediction model is
employed to forecast the ship’s propulsion motor

Ki
—> 1) > @en ———————— @
K,
— 2 ®, Y,
K,
—> n — o, — Y,
Input layer Hidden layer Output layer
Fig. 5 Structure of the RBF neural network
Propulsion :_ _F;n'c;dizt;a _11
motor rotational |!
speed I speed !
I :_’I Muti- H Fuel l
|[ Wind speed, |, RBF consumption,
| [wind direction,| |
| depth, [
1| water speed :
[yryereswrese"

Fig. 6 Diagram of the two-step RBF prediction process

speed within a single time series. Subsequently, the
ship’s fuel consumption is predicted in conjunction
with the navigational environment.

3.1.2 Design of the objective function for rolling
optimization

The main objective of the MPC is to minimize
the EEOI of the ship by optimizing the speed of the
propulsion motor during ship navigation. The objec-
tive optimization function J(¢) is:

1
_1i+tp— FC,[ C

J0= Emmfm S o

i=r jit=i cargo i

(15)

where n denotes the nth rolling window; i denotes the
current time step of MPC control; minfg., denotes
the minimum EEOI for the vessel optimized in the ith
iteration; p is the prediction step of MPC; F;, de-
notes the total amount of j-fuel consumed by the ship
in the ith prediction time domain, ¢#; C_,,, denotes the
carbon emission factor of diesel fuel, which is taken
to be 3.11 according to IMO standards; m.,,, denotes
the ship’s load capacity during the voyage, t; D, de-
notes the voyage mileage of the ith prediction time
domain, km.

Combined with the diesel engine model, the ship’s
fuel consumption F; can be determined as:



r+n—1
z gi(Viy Vi winas a;wind» H, h;) x
= b

i

1.852(V, +V,,)

FC,i:

pax 107, (16)

where 7 denotes the rth iteration of rolling optimiza-
tion; g, denotes the fuel consumption rate of the ship
during operation at the ith moment, L/h; V| is the
ship-to-water speed at the ith moment, kn (1 kn=
1.852 km/h). The ship-to-ground speed V, =V, £V,
where ¥, denotes the speed of the water current, kn.
V. winr 0; wins H, and h; denote the wind speed, wind di-
rection, depth of the water, and height of the waves
at the ith moment, respectively; p, is the density of
diesel fuel, which is taken to be 0.991 kg/L.

The propulsion motor speed and the ship’s speed
satisfy a certain functional relationship, given by:

Vi=fNQ@) A7)

where N(¢) denotes the speed of the propulsion motor
at moment 7, r/min.

By combining Egs. (15)—(17), it can be deduced
that:

J(O)=min fii =
inyj 8i (Vi_sv I/I_wincla ei_windv H[v hi)'pd x 10_3 ) Ccafb"“
1852(f(N(O)+ V., )-m ‘

i=r ji=i cargo

(18)

Ship propulsion motors have a maximum speed
limit, and the speed predicted in the solution cannot
exceed that value:

O0SN(@)SN (19)

As the core optimization algorithm, MPC runs
throughout the entire upper-layer optimization and
control process. The key feature of MPC is its rolling
optimization and real-time feedback mechanism, which
can continuously adjust the speeds of propulsion mo-
tors and the energy allocation strategy in a dynamic
navigational environment (Li et al., 2022; Liu et al.,
2023), in order to achieve instantaneous optimization
and a global optimum. The entire execution process
of MPC is shown in the schematic in Fig. S3 of the
ESM, and its implementation includes the following
stages:
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(1) Prediction stage. Based on the current naviga-
tion status data, the trained RBF multivariate time
series prediction model is called to predict the propul-
sion motor speed, fuel consumption, and range data
for multiple future time steps (prediction time domain),
providing predicted values for the objective function
(EEOI) and laying the foundation for optimization.

(2) Optimization phase. The optimization solver
is used to solve the minimization problem of the ob-
jective function, and the speed of the propulsion mo-
tor is dynamically adjusted under physical constraints
(such as speed limits) to ensure that the EEOI is opti-
mized in the predicted time domain.

(3) Execution phase. The propulsion motor speed
obtained by the optimization is executed in the cur-
rent control time domain, and the computational com-
plexity of the global optimization is reduced through
step-by-step execution, providing a basis for rolling
window adjustment of the next time step.

(4) Feedback correction phase. The latest naviga-
tion data is collected in real time to correct the input
of the prediction model and dynamically adjust the
optimization path, ensuring the reliability of the objec-
tive function calculation results and adaptability of
the optimization.

3.2 Optimization-based lower energy management
strategies

Based on the principles of the ECMS (Chen et al.,
2022), the equivalent fuel consumption function is es-
tablished as:

Moy (O)=m(O)+mq, ()= m (1) +5()- P, (20)

thv

where m,,, m,, and m,, are the instantaneous equiva-
lent fuel consumption rates, g/(kW-h), for the ship,
diesel generator set, and supercapacitor, respectively;
s(?) is the equivalence factor; P (¢z) is the output
power of the supercapacitor, kW; Q,,, is the low cal-
orific value of the fuel oil, 42700 kJ/kg.

In addition, the system should satisfy the follow-
ing constraints:

0<P<P; s
0.3<5,.<0.8,
N, <N, <N,

e_min e_max?

21)
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where P, is the maximum output power of the die-
sel generator, kW; N, and N, . are the minimum
and maximum rotational speeds of the diesel engine,
respectively.

Pontryagin’s maximum principle (PMP) is uti-
lized to represent the value of fuel consumption as a
function, and the relevant Hamiltonian function is as
follows (Zhang et al., 2017):

H (x(@). u(@®). s@), 1) =mO)+A0) f (x@). u(@). 1), (22)

where u(?) is the control variable. f(x(¢), u(?), ¢) is the
state transfer equation of the system given by the fol-
lowing expression:

SO0, 10, 0= Soe = 51—

scmm

(23)

where S, (f) is the rate of change of the supercapaci-
tor SOC; C is the supercapacitor capacity, F.

From the Hamiltonian function, the accompany-
ing equation is obtained:

M)=— ;Tli =—A(f)

0Soc
GAYE (24
where 4 is the covariate.

To obtain the variable equivalence factor related
to the real-time operating conditions, the concept of
the SOC penalty function is introduced. The cost func-
tion J (Soc (7)) representing the supercapacitor state is

redesigned as follows:

J(Soc (t)) =Jr+Jsc+JSOC=

[ iute). ey QC x
fy lhv

Soc (1)

Usc,d (1 - S()C (t)) +

Soc (t

Po(Soc = Soc () (25)
where J,, J,, and Jg,. denote the costs of the diesel
generator, supercapacitor, and SOC penalties, respec-
tively; ¢, and # denote the initial and current moments,
respectively; 7 is the ratio of the average efficiency of
the engine to the average efficiency of the motor;
Soc(t,) denotes the SOC of the supercapacitor at the
initial moment; p, is the penalty factor; Soc .. de-
notes the target SOC of the supercapacitor.

According to the Hamilton-Jacobi equation, the
optimal covariate expression can be obtained as:

& (Soc (1) _
Boc)
CU.

_’7 ' Qi - pr(SOC.target - SOC (t)) .
lhv

A=
(26)

In the current study, Eq. (26) is often simplified

to:

s()=s,+K (SOC.target —Soc (t)) > (27)
where s, is the initial value of the equivalence factor,
and KX is a constant factor.

In this paper, we propose a method of calculat-
ing the equivalence factor that considers the naviga-
tional environment. To facilitate simulation calcu-
lations, we discretize continuous systems while the
steady state error of the system is eliminated by the
PI controller, and the equivalence factor is adjusted
according to the difference between the S,. and
Socuge Of the supercapacitor at the current moment.

The calculation of the equivalence factor is performed
as follows:

s(t)=s(t— 1)+KP(SOC,targst —Soc (t)) +

28
KIEZO(SOCA,targct_SOC (Z))» ( )
where K, and K, denote the proportional and integral
coefficients of the PI control, respectively.
Accordingly, the term K, is modified by the an-
ticipated rotational velocity of the MPC, ensuring that
the direction of alteration aligns with the direction of
change in rotational velocity. This is calculated by
Egs. (29)—(32):

2thv N mean (t)
K. = 2 NVmen 1) 2
? Clje\. N sub | ( 9)
| NasNoy @), variable-speed navigation,
“ | Ny (), homogeneous navigation,
(30)
1 n
Ny ()= N 3D
t=1
2( Nk - ]vmean (t))
Ny@= |~ n ' (32)



where N, (t) is the mean value of rotational speed
predicted by the MPC at time ¢, r/min; N, is the inter-
mediate variable used to distinguish between variable-
speed and constant-speed operating conditions. N, (f)
is the standard deviation of rotational speed predicted
by the MPC at time ¢, r/min; N, ,,, is the maximum
standard deviation of the system’s predicted rotational
speed, r/min; n is the number of predicted rotational
speed points; N, is the value of rotational speed pre-
dicted by the MPC at time ¢, r/min.

4 Case study
4.1 Predictive model training

The target vessel gathers a set of operational data
recorded along the route from Yichang to Chongqing,
which spans approximately 550 km. The operational
data from Fengdu to Chongqing is selected as the train-
ing set to train the RBF neural network prediction
model. The distance between Fengdu and Chongqing
is approximately 176.34 km, with a total sailing time
of 28670 s. The navigational environment of this sec-
tion is illustrated in Fig. 7. The figures illustrate the

Wind speed (m/s)
N w B (4] (o] ~ (o)

-

15000 22500
Time (s)

(@)

0 7500 30000

~N o ©
o O O
T
1

60

Water depth (m)

15000 22500
Time (s)

(©)

0 7500 30000

J Zhejiang Univ-Sci A 2026 27(1):58-75 | 67

variations in wind speed, wind direction, water depth,
and current speed across this navigation section. The
maximum wind speed reached during navigation was
7.8 m/s, with significant fluctuations throughout. The
wind direction varied from 30° to 90°, indicating a
complex wind environment. Furthermore, the water
depth exhibited a continuous variation between 10 m
and 90 m, reflecting the topographic undulations in
the inland waterway. In comparison, the water velocity
was relatively stable, fluctuating between 1.0 m/s and
2.0 m/s. The frequent variations in these environmen-
tal parameters demonstrate that the navigational envi-
ronment in this section of the route is highly complex,
and rigorous navigation control is needed in order to
improve efficiency.

Fig. 8 shows the historical data of the propulsion
motor speed from Fengdu to Chongqing; the first
80% of the data is selected as the training set, and the
last 20% of the data is selected as the test set. The
numbers of input and output neurons of the RBF are
set to 10, 20, and 30, respectively, the learning rate is
set to 0.005, the systematic error is set to 1x107, and
the number of iterations is set to 1000. The durations
of 10 s, 20 s, and 30 s were selected as the prediction
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Fig. 7 Fengdu-Chongqing navigational environment: (a) wind speed; (b) wind direction; (c) water depth; (d) flow rate
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Fig. 8 Historical data of the rotational speed of propulsion
motor

durations, and Fig. 9 shows the test results of the rota-
tional speed prediction model. Comparing Figs. 9a—9c,

it can be seen that under the above three prediction
durations, the trends of the predicted speed and the re-
al speed are basically the same. When the prediction
time is 10 s, the trends of the predicted value and the
real value are very close; when the prediction time is
increased to 20 s and 30 s, the difference between the
predicted value and the real value becomes larger
when the rotational speed changes significantly. There-
fore, in the subsequent rolling optimization process,
the prediction time is chosen as 10 s and the control
time as 5 s. After completing each step of optimiza-
tion, the time window is rolled forward for 5 s, and
the above steps are repeated until the whole rolling
optimization process is completed.
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Fig. 9 Prediction results of the propulsion motor speed under different prediction lengths: (a) prediction length of 10 s;
(b) prediction length of 20 s; (c) prediction length of 30 s. References to color refer to the online version of this figure

In order to further validate the effectiveness of
the RBF model, a comparative analysis of the predic-
tion results with LSTM and ARIMA is conducted, as
shown in Table 2. The results demonstrate that the
RBF model exhibits a significant advantage with re-
gard to prediction accuracy, computational efficiency,
and model complexity. In terms of prediction accuracy,
the root mean square error (RMSE) and R’ of the RBF
model are comparable to LSTM, and are even slightly
lower than LSTM under certain prediction durations.
However, the RBF model significantly outperforms
ARIMA in terms of computational efficiency. The
training time and inference time of the RBF model
are lower than those of LSTM, making it particularly
suitable for scenarios with more demanding real-time

Table 2 Errors at different prediction lengths

Prediction

length (s) Method  Time(s)  RMSE R
10 RBF 991.73 1.2360 0.9807
LSTM 1617.65 1.2232 0.9821
ARIMA 756.10 1.8914 0.9538
20 RBF 1871.60 2.4707 0.9213
LSTM 2704.26 2.4916 0.9131
ARIMA 1417.83 2.7325 0.8847
30 RBF 2858.75 3.5985 0.8280
LSTM 4316.49 3.8142 0.8076
ARIMA  2237.60 4.2733 0.7631

requirements. A balanced assessment across the di-
mensions of prediction accuracy, real-time perfor-
mance, and implementation complexity reveals the
RBF model’s suitability for ship energy management
applications.

Furthermore, a prediction of the fuel consump-
tion of the vessel is made using the RBF multivariate
time series prediction model, and the results are shown
in Fig. S4 of the ESM. A comparison of the prediction
results for propulsion motor speed reveals a negative
correlation between specific fuel consumption and pro-
pulsion motor speed. Specifically, a reduction in pro-
pulsion motor speed is associated with an increase in
specific fuel consumption. This suggests that the cur-
rent propulsion motor speed is not the most economi-
cally efficient setting, and that further optimization is
possible.

4.2 MPC vessel speed optimization

The navigational environment, including wind
speed and water depth, constantly changes, impacting
propulsion power demand, resistance, and fuel con-
sumption. To analyze the influence of the environment
on fuel use, we assess the relative importance of such
factors in fuel consumption prediction. As shown in
Fig. S5 of the ESM, propulsion motor speed has the
most significant impact (0.482), followed by wind
speed (0.162), water flow rate (0.157), water depth
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(0.131), and wind direction (0.122). Thus, we choose
to prioritize optimizing motor speed to adapt to en-
vironmental changes, rather than analyzing each
variable’s direct impact on navigation speed.

Using the upper-level speed optimization model
based on the navigational environment, the segment
from Yichang to Fengdu is selected for simulation
analysis. The optimized propulsion motor speed ob-
tained using the MPC method is compared with the
conventional segmented optimization method and his-
torical speed data in Fig. 10. We can observe that the
historical rotational speed of the propulsion motor re-
mains stable for most of the time, but exhibits signifi-
cant fluctuations in certain periods. The maximum
rate of change is 132 r/(min-s), and these rapid varia-
tions accelerate the wear and tear on the internal me-
chanical components of the propulsion motor, induce
abrupt temperature fluctuations, and impose stress on
the ship’s power grid. Over time, these effects can
compromise the reliability and lifespan of the motor
and negatively impact the stability of the vessel.

400 T T T T T T
Historical
ffffff Segmented
350 [ MPC

300

250

200

Rotational speed (r/min)

150

100 1 1 1 1 1 )
0 20000 40000 60000 80000 100000 120000

Time (s)

Fig. 10 Rotational speeds of propulsion motor before and
after optimization by different methods

The optimization results of the conventional seg-
mented optimization method remain constant within
each predefined segment, leading to stepwise changes
in rotational speed. This method divides the voyage
into five segments based on the navigational environ-
ment using a clustering algorithm, assigning fixed

rotational speeds of 268 r/min, 310 r/min, 355 r/min,
342 r/min, and 320 r/min, respectively. The maximum
rate of change in rotational speed between adjacent
segments reaches 45 r/(min-s). Although this method
reduces the rate of change compared to actual speed
fluctuations, it still introduces abrupt transitions that
impact the propulsion motor during segment switches.
Additionally, because the method assumes a constant
navigation environment within each segment, it can-
not promptly respond to real-time variations in exter-
nal factors such as wind speed and water resistance.
Consequently, sudden increases or decreases in rota-
tional speed occur, reducing control accuracy and po-
tentially increasing fuel consumption. Therefore, under
complex navigational conditions, the conventional seg-
mented optimization method has significant limita-
tions in maintaining smooth and adaptive speed control.

In contrast, the MPC optimization method dy-
namically adjusts the rotational speed by predicting
changes in the navigation environment in real time
and applying a rolling optimization strategy. The rota-
tional speed curve obtained using the MPC method
is continuously smooth, with the maximum rate of
change reduced to 20 r/(min-s), effectively minimiz-
ing the frequency of abrupt speed fluctuations. This
enhanced dynamic adaptability allows the MPC method
to better accommodate environmental variations such
as wind speed and water depth, leading to a signifi-
cant reduction in both the fuel consumption and EEOL.
Moreover, the gradual transitions in rotational speed
mitigate mechanical wear on the propulsion motor and
reduce disturbances to the ship’s power grid, thereby
improving motor stability and extending its operational
lifespan.

The optimization results of the various methods
are presented in Table 3. To improve the credibility of
the results, we statistically verify the energy saving
ratio and the EEOI reduction rate. Through multiple
simulation calculations, the mean value and 95% con-
fidence interval of the energy saving ratio and the
EEOI reduction rate are obtained. The results show
that compared to the actual speed of the propulsion

Table 3 Effectiveness of different optimization methods

Item Sailing time (s)  Degree of optimization EEOI Degree of optimization
Historical sailing rotational speed 134732 0.135188
Segmented rotational speed optimization 128249 4.90% 0.129314 4.34%
MPC rotational speed optimization 131255 2.58% 0.119587 11.54%




motor, the average sailing time reduction after adopt-
ing the traditional piecewise speed optimization is
4.90%, with a 95% confidence interval of [4.58%,
5.22%], and the average reduction in EEOI is 4.34%,
with a 95% confidence interval of [4.10%, 4. 58%];
the mean value of the sailing time reduction after MPC
speed optimization is 2.58%, with a 95% confidence
interval of [2.29%, 2.87%], and the mean value of the
EEOI reduction is 11.54%, with a 95% confidence in-
terval of [11.13%, 11.95%]. Overall, it is demonstrat-
ed that the proposed MPC speed optimization method
can significantly reduce the EEOI and voyage time of
the target ship during navigation.

4.3 Equivalent fuel consumption minimization
strategy based on condition adaptation

Fig. 11 shows the power demand of the vessel
following the optimization of the upper MPC rotation-
al speed. It can be observed that the power demand of
the vessel during this voyage can be categorized into
three distinct groups: low, medium, and high. Further-
more, the overall trend appears to align with that of the
optimized rotational speed of the propulsion motor.
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Fig. 11 Vessel power requirements

The output power of the target vessel diesel gen-
erator and supercapacitor for different equivalence
factors in the ECMS is shown in Fig. S6 of the ESM.
Fig. S6 shows that when the equivalence factor s=0.1,
the supercapacitor operates for a longer duration than
when s=6. Furthermore, the supercapacitor’s opera-
tional time initially increases and then decreases with
increasing s. The outcomes of the different ECMS en-
ergy management strategies are largely similar. When
the equivalence factor s>6, the results based on the
ECMS energy management strategy are essentially
identical. At this point in time, the vessel is primarily
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driven by the diesel generator, with less reliance on
supercapacitors. This is due to the high costs associated
with charging and discharging the supercapacitor, the
high equivalent fuel consumption, and the relatively
stable output power of the supercapacitor, which is
only apparent in the initial stage. It thus follows that
the selection of the target vessel equivalence factor
must satisfy the following conditions:

<SS s (33)

where s,,=0.1, and s, =6.

This paper presents a comparative analysis of
the effects of three distinct energy management strate-
gies: the rule-based energy management strategy, the
fixed-equivalence-factor ECMS strategy, and the pro-
posed adaptive A-ECMS strategy. The initial SOC of
the supercapacitor is set to 0.6 under all three strate-
gies, while the initial value of the equivalence factor
for the operating condition-adaptive A-ECMS strategy
is set to a moderate value, s,=3.

Fig. S7 of the ESM shows the fuel consumption
of the vessel when the equivalence factor is within the
range of [0.1, 5] for the ECMS strategy with a fixed
equivalence factor. It is evident that when the equiva-
lence factor is 3, the fuel consumption of the vessel
under the ECMS strategy is the lowest. Therefore, the
value of the fixed equivalence factor is taken as 3.

Fig. 12 shows the impact of varying strategies
on the power output and supercapacitor SOC of each
energy source in the vessel. In Figs. 12a, 12c, and
12e, the blue and orange lines represent the output
power of engine No. 1 and engine No. 2, respectively.
The green line represents the output power of the su-
percapacitor, and the red line represents the power de-
mand of the vessel. Figs. 12b, 12d, and 12f illustrate
the variations in supercapacitor SOC under different
strategies.

As illustrated in Fig. 12a, the adoption of a rule-
based energy management strategy results in the con-
tinuous operation of the No. 1 diesel generator, with
minimal output power fluctuations that remain within
the optimal range. Conversely, the No. 2 diesel gener-
ator initiates and terminates its operation on numer-
ous occasions in response to fluctuations in power de-
mand, resulting in considerable output power fluctua-
tions. The supercapacitor is primarily operated be-
tween 30000 s and 59000 s, as illustrated in Fig. 12b,
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and the supercapacitor SOC is predominantly main-
tained at 0.

8.

The adoption of the fixed-equivalence-factor
ECMS energy management strategy is illustrated in



Fig. 12¢, which demonstrates that the supercapacitor
is primarily used from 30000 s to 58000 s and 105000 s
to 131000 s. These are periods during which the power
demand of the vessel is considerable and exhibits con-
siderable fluctuation. Consequently, the frequent oper-
ation of the supercapacitor can effectively mitigate
the load fluctuations of the diesel generator. However,
the power fluctuation of the supercapacitor is relatively
smooth under other operating conditions, indicating
that the value of the equivalence factor is only optimal
under certain operating conditions, and not globally
optimal. This reflects the drawbacks of the fixed-
equivalence-factor ECMS strategy. As illustrated in
Fig. 12d, the SOC of the supercapacitor exhibits fluc-
tuations within the specified constraint range. However,
the workload of the supercapacitor is relatively low in
instances of low power demand and partially high
power demand, resulting in a less pronounced change
in SOC during these scenarios.

Fig. 12e depicts the performance of the working
condition-adaptive A-ECMS energy management strat-
egy. The output powers of the two diesel generators
exhibit minimal discrepancies. During the period in
which the vessel is in a high-power demand state, be-
tween 50000 s and 103000 s, the supercapacitor is uti-
lized frequently; this flattens the diesel generator’s
load, and enables it to assume the role of peak shav-
ing and valley filling. In this stage, the diesel genera-
tor’s output power is markedly more even, and the in-
stantaneous fuel consumption rate is considerably re-
duced. In the remaining time, the vessel is in a low-
demand and medium-demand power state. When the
load information is considered, one can observe that
the power demand fluctuation of the vessel from 0 s to
18500 s is more pronounced than that from 106500 s
to 131000 s. Consequently, the supercapacitor exhib-
its greater fluctuations from 0 s to 18500 s, and the
supercapacitor SOC also undergoes corresponding
changes. As illustrated in Fig. 12f, the supercapacitor
SOC remains within the specified range, demonstrat-
ing optimal performance.

A comparative analysis of the results of the three
energy management strategies reveals that the output
power of the two diesel generators is significantly
smoother and more similar under the ECMS and A-
ECMS strategies. This contrasts with the frequent
starting and stopping of diesel generator No. 2 in the
rule-based strategy, and helps to reduce the fuel
consumption from the diesel generator starting up.
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Furthermore, the supercapacitor exhibits greater fluc-
tuations in frequency under the ECMS and A-ECMS
strategies. A comparison of the supercapacitor output
power under the ECMS and A-ECMS strategies re-
veals that the supercapacitor in ECMS operates effec-
tively only under certain high-demand power condi-
tions, whereas the supercapacitor in A-ECMS demon-
strates superior performance in terms of smoothing
the load fluctuations of the diesel generator across all
scenarios. This observation highlights the effectiveness
of adaptive adjustment of the equivalent factor based
on operating conditions.

The final fuel consumption results of the three
strategies are shown in Table S1 of the ESM. The
total fuel consumption of the vessel under the rule-
based strategy is 11212.547 kg, for the ECMS strategy
it is 10365.334 kg, and for the A-ECMS strategy it is
10242.312 kg. The lowest fuel consumption is thus
achieved by the A-ECMS strategy, which is 1.21%
and 9.47% lower compared to the ECMS strategy and
the logical threshold strategy, respectively. This dem-
onstrates that the proposed adaptive condition-based
equivalent fuel consumption minimization strategy A-
ECMS can effectively improve the fuel economy of
the vessel.

5 Conclusions

This paper proposes an optimal hierarchical con-
trol method for the management of marine vessel
speed and energy, accounting for the specific naviga-
tional environment. A diesel-electric hybrid vessel is
employed as a case study for simulation and analysis.

In the upper-layer speed optimization model, the
proposed MPC method can reduce the total sailing
time by approximately 2.58% and decrease the EEOI
by approximately 11.54%. In comparison with the con-
ventional segment optimization approach, the pro-
posed method reduces the EEOI by about 7.5%, there-
by enhancing the energy efficiency of the vessel and
reducing associated time costs. Furthermore, the rota-
tional speed of the propulsion motor obtained through
the MPC voyage speed optimization method is rela-
tively smooth, which may help extend the service life
of the propulsion motor.

In the lower-layer energy management strategy
model, the proposed condition-adaptive ECMS strat-
egy reduces fuel consumption by approximately 9.47%
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and 1.21% in comparison to the rule-based energy
management strategy and the fixed-equivalence-factor
ECMS energy management strategy, respectively. Fur-
thermore, this strategy significantly reduces the fluctu-
ation of the diesel generator load and decreases the
number of diesel generator starts and stops.

Our novel optimal hierarchical control method
reduces fuel consumption and carbon emissions, sup-
porting the energy-saving goals put forth by the IMO
and promoting green shipping practices. It enhances
hybrid ship applications, improves operational effi-
ciency, and helps meet regulations like energy effi-
ciency existing ship index (EEXI) and carbon intensity
indicator (CII), boosting market competitiveness and
reducing costs.

Future research will integrate deep learning (e.g.,
transformers and hybrid neural networks) with sensi-
tivity analysis to refine fuel consumption predictions
in complex environments. Additionally, optimizing
adjustments to the energy management and dynamic
equivalence factor would further improve fuel econ-
omy and adaptability. Our strategy could also be ex-
tended to ships powered by different forms of energy,
utilized for multi-energy optimization, and integrated
with intelligent shipping technologies. We recommend
validation through simulations and small-scale ship
experiments to refine such models and confirm their
effectiveness.
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