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RESEARCH ON ENERGY MANAGEMENT FOR HYBRID-

POWERED VESSELS BASED ON NEURAL NETWORKS AND 

MODEL PREDICTIVE CONTROL 

Dongping REN1*, Wenwen LIU2, Jiangfeng ZHU3, Wei CHEN4, Xiaojun GUO5 

Hybrid-powered ships can effectively improve energy efficiency and reduce 

emissions by reasonable distribution of the output power among diesel engines and 

battery packs. To solve the problems of inaccurate physical models and poor 

adaptability of existing hybrid-powered ship models under complex operating 

conditions, this study proposed an intelligent energy management strategy (EMS) 

integrating back propagation (BP) neural network with model predictive control 

(MPC). Firstly, reverse modeling method was employed to develop the hybrid power 

system energy model; secondly, adaptive moment estimation (Adam) algorithm was 

applied to optimize the weights of BP neural network and a parallel compensation 

prediction framework was developed to enhance the accuracy of prediction and 

adaptive capacity of the model; finally, the designed Adam-BP-MPC EMS was 

verified by multi-condition simulations. Simulation results confirmed that the strategy 

outperforms traditional MPC in energy conservation and carbon reduction across 

diverse operating conditions. The Adam-BP-MPC strategy achieves rational 

allocation of output power between diesel engines and battery packs by virtue of the 

neural network’s online learning and error compensation mechanisms, which 

effectively reduces carbon emissions and significantly elevates the overall 

performance of the energy management system. This error prediction-integrated 

control method provides an effective solution for the optimal control of hybrid-

powered ships under real navigation conditions, and its integration of BP neural 

network and MPC offers a promising paradigm for power distribution optimization 

in marine hybrid power systems to cut down emissions. 

Keywords: Hybrid power ships; Energy management strategy; Back propagation 

neural network; Model predictive control 

1. Introduction

With the intensification of global climate change and environmental 

protection requirements, the International Maritime Organization has set 

preliminary emission reduction targets urging the reduction of greenhouse gas 
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(GHG) emissions from ships by at least 50% by 2050 compared to that in 2008 [1]. 

Hybrid ships provide extraordinary advantages in realizing energy efficiency and 

decreasing environmental pollution [2]. They can flexibly perform energy 

conversion among various energy forms based on their existing operational 

requirements and the optimized configuration and management of this energy are 

critical for achieving the energy-saving and emission-reduction objectives of hybrid 

ships [3, 4]. 

Currently, three types of energy management strategies are available, i.e., 

rule-based, optimization-based, and intelligent method-based strategies [5-7]. Rule-

based energy management strategies are highly effective and have high response 

speeds; but in practical applications, rule parameters need laborious calibration and 

adjustment steps to realize the required energy scheduling objectives. Therefore, 

designing such strategies is time-consuming and vessel-specific and relies on the 

actual navigation situations of the ship [6,8]. Optimization-based energy 

management strategies includes establishing mathematical models of the ship and 

application of optimization algorithms to seek optimal control. This method enjoys 

from good energy management effects and clear objectives and is the main energy 

management development approach for diesel-electric ships. Some researchers 

have applied global optimization control methods for energy management to obtain 

optimal power distribution; however, this method mainly relies on complete 

navigation data of the ship and mostly optimizes control objectives in an offline 

manner, which is especially suitable for ships with fixed working conditions and 

routes [9,10]. Machine learning algorithms [11-16] utilize operational data to train 

energy management strategies, but they suffer from limitations such as poor 

generalization performance, large data volumes, and high experimental costs. 

Balancing the optimization performance and real-time performance in energy 

management strategies for hybrid ships is a difficult research topic. 

Model predictive control (MPC)-based energy management strategy (EMS) 

achieves online local optimal control through and receding horizon optimization 

state feedback to address constrained optimization problems within the prediction 

horizon [17,18]. Banaei [19] developed a stochastic MPC-based EMS for all-

electric ships consisting of fuel cells, batteries, and shore power systems, improving 

adaptability to load fluctuations under uncertain sea conditions. Vafamand [20] 

proposed an improved MPC-based energy scheduling method for pure electric 

ferries to enhance the stability of ship hybrid systems. However, MPC-based EMS 

suffers from high computational complexity and strong model dependency. Also, 

prediction bias occurs when disturbed by external environments or parameter drifts, 

affecting energy allocation. 

This research took hybrid-powered ships consisting of lithium battery packs 

and dual diesel generator sets as the research object to minimize total GHG 

emissions considering fuel and electricity consumptions. The developed method 
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proposed a BP-MPC-based control strategy and the obtained results were compared 

with those obtained from the conventional MPC control strategy to verify the 

effectiveness of the proposed method, providing new insights for ship energy 

management. 

2. Energy Flow Modeling in Hybrid Power Systems 

Fig. 1 illustrates the structural composition of the developed hybrid power 

system, which was divided into power supply and load demand sides. The power 

supply side included a lithium battery pack and two diesel generators and the load 

demand side was consisted of propulsion and daily load powers, where the 

propulsion load power included a propulsion motor, a reduction gearbox, and a 

propeller. Fig. 2 shows the signal flow diagram of the backward-facing simulation, 

where signals were transmitted from energy demand components to energy 

generation components. In the figure, the expected speed v  was inserted into the 

longitudinal dynamics model of the ship to calculate the thrust T  required for its 

navigation. Considering the propeller and the reducer, the torque mT  and required 

output rotational speed m   of the drive motor as well as the input power mP  

required by the drive motor were calculated. Combined with other electrical power 

sources sP   of the ship, the power required by the power grid of the ship was 

considered to be m sP P+ . Then, power distribution was performed using EMS, such 

that that diesel the two generator sets and battery pack provided 1GP , 2GP , and batP  

powers, respectively. Finally, EMS was evaluated based on GHG emissions. 

 

 

Fig. 1. Schematic diagram of the hybrid power system 
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Fig. 2. Backward simulation signal flow of the hybrid power system 

2.1 Longitudinal mechanical model 

The mechanical equation for ship navigation was expressed as follows:  

TT R mv− =                                                 (1) 

where T  is propeller thrust, TR is ship resistance, m  is ship mass, and v  

is ship speed. 

2.2 Propeller model 

The mathematical model of the propeller was stated as: 
2 4

TT K n D =                                                   (2) 

2 5

QQ n D K=                                                    (3) 

where Q  is propeller torque, n   is propeller rotational speed, D   is 

propeller diameter,   is water density, TK is propeller thrust coefficient, and QK  

is propeller torque coefficient. 

2.3 Diesel generator model 

Diesel generator set included a diesel prime mover and a matched generator. 

Fig. 3 illustrates the Map diagram of the fuel consumption rate of the diesel engine, 

where X-axis shows torque, Y-axis presents rotational speed, and Z-axis denotes 

fuel consumption rate. The working speed with lower fuel consumption rate was 

adopted by reading the Map diagram. 

The power model of the generator was calculated as: 

1 2 3

G
D

P
P

 
=                                                         (4) 

where GP  is generator output power, DP   is generator input power, 1   is 

generation efficiency, 2  is power distribution efficiency, and 3   is inverter 

efficiency. 

Diesel engine power model was stated as: 
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D D DP T =                                                         (5) 

where DT  is diesel engine output torque and D  is diesel engine rotational 

speed. 

 

Fig. 3. Map diagram of diesel engine fuel consumption rate 

2.4 Drive motor model 

The efficiency of the propulsion motor was determined from motor 

efficiency Map based on the speed and torque of the motor and propulsion motor 

input power was calculated as: 

m m
in

m

T
P




=                                                        (6) 

where inP  is motor input power, mT   is motor output torque, m   is motor 

speed, and m  is motor efficiency. 

2.5 Power battery pack model 

Based on Rint equivalent circuit model, the mathematical model of current 

was calculated as: 
2

oc bat bat bat batV I I R P− =                                              (7) 

2

2 2

oc oc bat
bat

bat bat bat

V V P
I

R R R

 
= − − 

 

                                           (8) 

The state of charge (SOC) of the battery was stated as: 
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0
bat

bat

I dt
SOC SOC

Q
= −                                                    (9) 

The maximum power of the battery was calculated as: 

( )max max maxbat oc batP V I R I= −                                   (10) 

where ocV  is battery voltage, batI  is battery current, batR  is battery internal 

resistance, batQ  is battery capacity, batP  is battery power, 0SOC  is the initial state 

of charge, and maxI  is the maximum discharge current of the battery. 

3. Energy Management Control Strategy  

This research proposed an intelligent EMS (Adam-BP-MPC) that integrated 

Adam-optimized BP neural network with MPC. The developed approach realized 

the dynamic power distribution of hybrid-powered ships through a closed-loop 

architecture of "prediction optimization - compensation correction - rolling 

decision-making". Fig. 4 illustrates the overall framework of the proposed strategy. 

 

 
Fig. 4. The schematic diagram of the developed control strategy framework  

3.1 Adam-improved BP Neural Network 

Back propagation (BP) neural network can be employed for predictive 

analyses. In the scenario of ship speed-power prediction, its operation process is as 

follows: the ship speed entered the input layer, went through weighted summation 

and activation function processing of the hidden layer, and finally reached the 

output layer to generate the predicted power [21]. However, when using BP neural 

network, the initial weights and thresholds are randomly selected, which easily 

provides local minimum; however, training time is too long and convergence speed 

is low, decreasing prediction accuracy. Therefore, Adam algorithm was applied to 

optimize the BP neural network. The basic idea was to automatically allocate 

appropriate learning rates for various parameters based on first-order and second-

order gradient moments, decreasing the complexity of manual parameter 

adjustment and the influence of noisy gradients through second-order moment 

estimation, making training process smoother. Parameters were updated using the 

following equations: 
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( )1 1 11t t tm m g −=  + −                                         (11) 

 

( ) 2

2 1 21t t tv v g −=  + −                                          (12) 
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+
                                           (14) 

where m   and v   are the first-order and second-order gradient moments, 

and m̂   and v̂   are corrected first-order and second-order gradient moments, 

respectively. Also,   is neural network parameter; g  is gradient; and 1  and 2  

are hyperparameters. 

In Adam-BP, network weights W   , bias b   , and Adam parameters were 

first initialized. Then, the data were input for layer-by-layer calculation until the 

predicted value of ŷ  was obtained at output layer. Then, the mean squared error 

( )
2

1

1
ˆ

N

i i

i

L y y
N =

= −   and loss gradients W L   bL  were calculated. Finally, Adam 

parameters were updated. 

A comparative analysis was conducted with traditional BP neural network 

prediction model to verify the accuracy of the developed Adam-BP neural network 

prediction model. The first 350 groups of data in the navigation data were adopted 

as training sample set and the same input and output variables were considered in 

both models. Both prediction models were configured as feedforward neural 

networks with 3 hidden layers. To ensure comparative analysis objectivity among 

different models, the remaining parameters were set to default values. Fig. 5 shows 

the prediction results obtained from the two models and Table 1 summarizes the 

comparison results of different indicators. Both models could capture the basic 

variation patterns of trend fitting in the navigation data, but Adam-BP neural 

network prediction curve presented a higher overlapping degree with the true values 

with smaller errors, indicating the advantages of the developed Adam-optimized BP 

neural network. 
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(a) BP neural network 

 
(b) Adam-BP neural network 

Fig. 5. Comparison of predicted and actual powers 

Table 1 

Comparison of Performance Indicators for the Two Models 

Training 

algorithm 

Hidden layer 

structure 

Coefficient of 

determination 

(R2) 

Mean 

squared error 

(MSE) 

Root mean 

squared error 

(RMSE) 

Mean 

absolute error 

(MAE) 

Mean 

absolute 

percentage 

error 

(MAPE)% 

BP 

(traingdm) 
15 10 5 0.933 1846326.3 1358.8 1046.7 1.20 

Adam BP 

(trainscg) 
15 10 5 0.973 727674.6 853.0 580.8 0.67 

3.2 Parallel compensation design 

Traditional hybrid ship models have been constructed based on physical 

equations, which lack flexibility when facing complex or dynamically changing 

environments. However, neural networks excel in handling non-linear relationships 

and pattern recognition. In order to fully leverage the accuracy of the physical 

models and adaptive learning ability of neural networks, this research introduced a 

physics-neural network fusion modeling method. The developed method adopted a 

parallel compensation architecture, utilizing the physical model as the basic 

controller to handle power output and energy allocation under conventional 

conditions of ship operation. Under normal conditions and based on precise system 

parameters and dynamic equations, the physical model could achieve stable and 

reliable control. Neural network serves as a dynamic compensator, automatically 

generating compensation signals to correct the basic control output by real-time 

monitoring of the error between the predicted output of the physical model and the 

actual response of the system under complex conditions or when the prediction 

results of the physical model is inaccurate. This architectural design not only retains 

the physical essence and stability of the physical model, but also significantly 
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improves the adaptability of the system in complex environments through the 

intelligent compensation mechanism of the neural network. Parallel compensation 

equations were stated as: 

final mech NNu u u= +                                               (15) 

NN real mechu y y= −                                                   (16) 

where finalu   is final compensated output, mechu   is physical model output, 

NNu  is the compensation amount predicted by the neural network,   is dynamic 

compensation coefficient, realy   is the measured value, and mechy   is the value 

predicted by the physical model. 

3.3 MPC control strategy 

MPC is an advanced control strategy based on modern control theory, which 

optimizes control decisions through model prediction to effectively control 

complex systems. MPC-based EMS essentially involved receding horizon 

optimization, model prediction, and online correction. MPC solved the optimal 

control sequence ( ) ( ) ( ) ( )1 1* * * , , *
T

k k k k Hpu t u t u t u t+ + −
 = + +
   for the energy 

management problem. Its calculation is based on the ship predicted speed 

( ) ( ) ( ) ( )1 , ,
T

k k k k Hpv t v t v t v t+ +
 = +
  within the prediction horizon and the current 

system state ( )kx t  . MPC takes the first term ( )* ku t   of this optimal control 

sequence as its control output. The updated system state ( )1kx t +  is fed back to the 

sequential quadratic programming algorithm, which enables the realization of 

receding horizon optimization. This research adopted SOC-based adaptive 

regulation to switch between the generators and the battery pack. When SOC was 

close to the upper limit ( max 5%SOC SOC − ), the strategy prohibited the charging 

of the battery and only allowed discharging, prioritizing battery discharge to 

decrease generator output and avoid battery overcharging. When SOC was close to 

the lower limit ( min 5%SOC SOC + ), the strategy prohibited the discharging of 

the battery and only permitted charging, forcing the generators to generate more 

power to charge the battery and prevent the overdischarging of the battery. When 

SOC was within the middle range, the battery could flexibly charge and discharge; 

when the required power was lower than the efficient operating lower limit of the 

generator ( 1 10d GP P kw =  or 2 15d GP P kw =  ), the battery supplied power 

independently; and when power demand surged, the battery provided auxiliary 

discharge. 
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3.3.1 Optimization objective 

This research aimed to minimize GHG emissions, which mainly result from 

the generation of carbon dioxide by fuel consumption and shore power generation. 

The calculation equation for GHG emissions at time  was stated as: 

( ) ( ) ( ) ( )1 2k D k D k fuel bat k eleG t E t E t G E t G= + +                             (17) 

where ( )kG t   is total GHG emissions (kg), ( )1D kE t   and ( )2D kE t   are the 

energy consumed by diesel generators 1 and 2 (kW·h), respectively, ( )bat kE t  is the 

actual energy consumed by the battery (kW·h), fuelG  is  carbon dioxide emission 

per kWh of the energy consumed by diesel generators [kg/(kW·h)], and eleG   is 

carbon dioxide emission per kWh of the energy consumed by shore power 

[kg/(kW·h)]. Based on the fuel consumption Map diagram presented in Section 2.3, 

quadratic polynomial fitting was used to determine the corresponding relationship 

between output power and fuel consumption rate, as illustrated in Fig. 6. 

 

Fig. 6. Curve of optimal fuel consumption rate of diesel engine versus output power 

3.3.2 System constraints 

Energy control strategy should meet navigation requirements as well as the 

demands of other loads in the ship. First, power balance equations had to be satisfied; 

i.e., 1 2 ,d G G bat d m sP P P P P P P= + + = +  . Meanwhile, both diesel generator sets and 

battery were within the normal operating range and the battery had to be within its 

upper and lower limits  min max,SOC SOC  . Defining system state variables as 

( ) ( ) ( ) ( ) ( )1 2, , , , ( )
T

G G bat dx t SOC t P t P t P t P t=     , the mathematical equations of 

system constraints were expressed as: 
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3.3.3 MPC control process 

Prediction horizon spanned from the start time 0t  to the end time endt . At 

any certain moment, current system variables 

( ) ( ) ( ) ( ) ( )1 2, , , , ( )
T

G G bat dx t SOC t P t P t P t P t=      were read, while ship speed 

( ) ( ) ( ) ( )1 , ,
T

k k k k Hpv t v t v t v t+ +
 = +
    and corresponding power demand 

( ) ( ) ( ) ( )1 , ,d k d k d k d k HpP t P t P t P t+ +
 = +
    within the prediction horizon were 

loaded. Quadratic programming algorithm was applied to solve the optimal control 

sequence ( ) ( ) ( ) ( )1 1* * * , , *k k k k Hpu t u t u t u t+ + −
 = +
    and the first term 

( ) ( ) ( ) ( )* * *

1 2* , ,k G k G k bat ku t P t P t P t =     as the output for energy distribution in the 

hybrid power system, with the system state ( )1kx t +  updated accordingly. The above 

steps were repeated until the time exceeded the end time endt , ultimately achieving 

rolling optimization. Fig. 7 illustrates MPC calculation process. 

 

 

Fig. 7. MPC calculation process 
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4. Simulation result analysis 

4.1 Simulation conditions and parameters 

The navigating data of a certain ship was collected for 1 hour under two 

operating conditions of speed fluctuation and sudden acceleration/deceleration. 

Then, simulated speed curve (Fig. 8) and required power curve (Fig. 9) were 

generated. Table 2 summarizes simulation parameters. Before navigation, the ship 

charged the energy storage system through shore power device to ensure that 

electrical energy was used for auxiliary propulsion as much as possible during 

navigation, thereby improving the fuel economy of the ship. MPC prediction 

horizon length was 10minHp =  , control horizon length was 2minHm =  , and 

optimization step size was 1mint = . The simulation cycle: initial time 0 0t = , end 

time 3600sendt =  

       
Fig. 8. Speed profile of test cycle                           Fig. 9. Requirement power profile of test cycle 

Table 2 

Parameters of Hybrid Ships 

Parameter Value 

Reduction Gear Ratio 16 

Transmission Efficiency of Reduction Gear /% 98 

Generator Efficiency /% 97 

Design Working Power of Diesel Engine 1 

/KW 
283 

Design Working Power of Diesel Engine 2 

/KW 
141 

Initial SOC /% 80 

Battery Upper Limit SOC/% 70 

Battery Lower Limit SOC/% 30 

Propeller Diameter/m 2.03 

Propeller Coefficient 

KT1=-0.106，KT2=-0.3246，
KT3=0.45946，KQ1=-0.0186，KQ2=-0.0399，

KQ3=0.068 

Water Density（g/cm3） 1.025 

Generator Efficiency Parameters η1=0.97，η2=0.99，η3=0.98 
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4.2 Comparative analysis of simulation results 

To verify the effectiveness of the developed Adam-BP-MPC model, 

simulation comparisons were performed between this strategy and MPC EMS. 

4.2.1 Ship speed fluctuation condition 

Fig. 10 illustrates the variations of instantaneous carbon emissions over time 

for the two EMSs under speed fluctuation conditions. It was seen from the figure 

that carbon emissions presented a monotonically increasing trend with operation 

time, which was consistent with the continuous energy consumption characteristics 

of the power system of the ship. Throughout the entire simulation cycle, the carbon 

emission curve of the proposed Adam-BP-MPC strategy always lied below that of 

the traditional MPC strategy, revealing its sustained advantage in controlling carbon 

emission. Specifically, at the end of the simulation (t = 3600 s), the total emission 

of the traditional MPC strategy was about 374.8 kg, while that obtained by Adam-

BP-MPC strategy was about 370 kg, proving a significant emission reduction effect. 

Fig. 11 shows the cumulative fuel consumption curves of the two strategies 

under the same operating conditions. In line with carbon emission trend, fuel 

consumption was continuously increased over time, yet the fuel consumption curve 

of the Adam-BP-MPC strategy remained below the value obtained from the 

traditional MPC strategy throughout the entire process. At t = 600 s, the fuel 

consumptions of the two strategies were similar. With further passage of time, the 

fuel-saving effect of Adam-BP-MPC strategy gradually became apparent. By the 

end of the simulation, the total fuel consumption of the traditional MPC strategy 

was about 92 kg, while that of Adam-BP-MPC strategy was only 80 kg, 

corresponding to a fuel-saving rate of about 13%. This finding revealed that Adam-

BP-MPC strategy could more accurately predict the effects of speed fluctuations on 

power demand through online learning and adaptive adjustment capabilities of the 

neural network, obtaining more refined energy allocation and enhancing fuel 

economy. 

     
Fig. 10. Carbon emission trend chart under speed fluctuation condition 
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Fig. 11. Fuel consumption rate trend chart under speed fluctuation condition 

4.2.2 Rapid acceleration/deceleration condition 

Fig. 12 shows the carbon emission performance of the two strategies under 

sudden acceleration and deceleration conditions. Cumulative emissions were 

gradually increased over time, which aligned with the dynamic operation 

characteristics of the ship. For t < 1423 s, the carbon emissions of the two strategies 

were roughly consistent; however, after t > 1423 s, the carbon emission of Adam-

BP-MPC strategy was significantly lower than that of traditional MPC strategy. By 

the end of the simulation, the cumulative carbon emission of Adam-BP-MPC 

strategy was about 4 kg less than that obtained from the traditional MPC strategy. 

This difference revealed that under sharply changing operation conditions, Adam-

BP-MPC strategy could improve the dynamic response capability of the system 

through neural network, more effectively realizing low-carbon operation. 

Fig. 13 illustrates cumulative fuel consumption curves under sudden 

acceleration and deceleration conditions. Within the time range of 0–271 s, the fuel 

consumptions of the two strategies were comparable. During the time range of 271–

646 s, the fuel consumption of Adam-BP-MPC strategy was slightly higher than 

that for traditional MPC, which might be due to the initial adjustment phase of the 

neural network in dynamic process. However, with the progress of simulation, the 

advantages of Adam-BP-MPC strategy gradually became prominent. By the end of 

the simulation, the cumulative fuel consumption of the developed approach was 14 

kg lower than that of the traditional MPC strategy, denoting a significant fuel-saving 

effect. This proved that when facing sharply changing operation conditions, Adam-

BP-MPC strategy optimized energy flow distribution through online learning, 

significantly enhancing the fuel economy and adaptability of the system. 
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Fig. 12. Carbon emission trend chart under rapid acceleration/deceleration condition 

                                          
 Fig. 13. Fuel consumption rate trend chart under rapid acceleration/deceleration condition 

5. Conclusion 

According to the simulation results of the two typical operating conditions 

mentioned above, Adam-BP-MPC strategy outperformed traditional MPC strategy 

in both fuel economy and carbon emission control. The advantages of the developed 

approach stemmed from the introduction of neural network structure, which 

endowed the system with adaptability to dynamic operating conditions and stronger 

nonlinear fitting ability, realizing more accurate and efficient energy management. 

This research provided valuable references for designing energy management 

strategies for hybrid-powered ships and demonstrated the application potential of 

intelligent control methods for energy conservation and emission reduction in ships. 
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