energies

Article

An ECMS for Multi-Objective Energy Management Strategy of
Parallel Diesel Electric Hybrid Ship Based on Ant Colony
Optimization Algorithm

Yongbing Xiang *

check for

updates
Citation: Xiang, Y; Yang, X. An
ECMS for Multi-Objective Energy
Management Strategy of Parallel
Diesel Electric Hybrid Ship Based on
Ant Colony Optimization Algorithm.
Energies 2021, 14, 810. https://
doi.org/10.3390/en14040810

Academic Editor: Spyros Voutetakis
Received: 9 January 2021

Accepted: 2 February 2021
Published: 4 February 2021

Publisher’s Note: MDPI stays neutral
with regard to jurisdictional claims in
published maps and institutional affil-

iations.

Copyright: © 2021 by the authors.
Licensee MDPI, Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons
Attribution (CC BY) license (https://
creativecommons.org/licenses /by /
4.0/).

and Xiaomin Yang 2

School of Energy and Power Engineering, Wuhan University of Technology, Wuhan 430063, China

School of Mechatronics Engineering, Henan University of Science and Technology, Luoyang 471003, China;
sdqc2012gfs@163.com

*  Correspondence: xybxiang@163.com or xybxiang@whut.edu.cn

Abstract: In order to reduce fuel consumption and reduce the deviation between the final battery
state-of-charge (SOC) value and the target value at the same time, a novel double-layer multi-
objective optimization method is proposed, which adopts an improved ant colony optimization
(ACO) algorithm and the equivalent fuel consumption minimization strategy (ECMS) considering
mode switching. The proposed strategy adopts a two-layer structure. In the inner layer, the ECMS
considering mode switching was adopted to optimize the working mode and working point, so as
to achieve the goal of reducing fuel consumption. In the outer layer, aiming at the shortcomings of
traditional ACO, the heuristic factor and adaptive volatilization factor were introduced. An improved
ACO method was proposed to optimize the equivalent factor, so as to achieve the goal of reducing
the deviation between the final value of SOC and the target value. In order to verify the effectiveness
of the proposed algorithm, it is compared with the traditional ECMS strategy and the rule-based
(RB) ECMS strategy. The simulation results show that the proposed energy management strategy
combining an improved ACO algorithm with ECMS considering mode switching can reduce the
energy consumption of the whole ship and control the battery power.

Keywords: diesel electric hybrid; ECMS; ACO; multi-objective optimization; energy management

1. Introduction

The energy crisis has become a global problem. In order to solve the increasingly poor
natural energy and environmental health, and realize the sustainable development of the
shipbuilding industry, it is an inevitable choice for the development of human society to
establish a clean and renewable new energy system. Hybrid ships have the advantages
of low emission, low noise, high thermal efficiency, remarkable environmental protection
effect, and the improved energy structures, which has become the inevitable development
trend of the shipbuilding industry [1]. A hybrid ship is a ship equipped with two or
more power sources. At present, the structure and operating conditions of the ship power
system are becoming more and more complex and diversified, so it is of great significance
to study the optimal control strategy of energy under various operating conditions [2].
How to allocate the energy of each power source, optimize the energy management of
the whole ship power system in real time, and reduce the fuel energy consumption of
the whole ship as much as possible is one of the key technologies to promote the rapid
development of hybrid ships [3]. The energy management control system is a difficult point
in the research of hybrid ships due to nonlinear, multivariable, time-varying, and other
factors [4]. The advantages and disadvantages of its control strategy directly affect the
power performance, economy, and emissions of hybrid ships. The main objective of energy
management strategy optimization of hybrid ships is to reduce the fuel consumption
of the whole ship [5]. In some cases, it is desirable to control the battery power near a
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certain target value. In order to further avoid the error caused by the conversion of fuel
consumption into power consumption, it is generally hoped to control the error within
1% [6]. Therefore, reducing the energy consumption of the whole ship and controlling the
battery power become the two goals of energy management of diesel electric hybrid ships.

A large number of studies in the literature put forward different energy management
strategies from different perspectives [7]. This paper clearly introduces the development of
ship energy system optimization [8]. Among them, the rule-based management strategy
is mainly based on engineering experience or experimental data to repeatedly debug the
control threshold, so it is easy to achieve, has good robustness, and has low development
cost, but it depends on the level of experience and has poor adaptability to working
conditions [9]. Gao et al. [10] proposed a method for forecasting ship load demand based
on the real-time classification of different working conditions to effectively optimize the
load distribution among the power sources during the navigation of a hybrid ship. The
simulation results showed that the proposed model has high accuracy under different
conditions, and it was an effective means to predict the load demand of hybrid electric
ships. The energy management strategy based on global optimization needs to predict the
driving condition information, so it has certain limitations and is difficult to be used in real
ship control [11]. The equivalent fuel consumption minimization strategy (ECMS) has the
advantages of simple structure, small amount of computation, and no prior knowledge. By
introducing a penalty function, the strategy has good power retention characteristics, which
makes it more suitable for energy management in the power retention stage of plug-in
hybrid electric vehicles [12]. Tian et al. [13] proposed an adaptive energy management
system composed of offline and online parts to improve the energy efficiency of parallel
hybrid electric buses. Therefore, it has been widely studied. However, the ECMS strategy is
rarely used in hybrid ships [14]. Haseltalab et al. [15] proposed a control method for hybrid
power ship energy management, which took into account the uncertainty in the ship model
and the interference of the surrounding environment. The nonlinear robust tube-based
model predictive control (NRTB-MPC) was used to control the speed and calculate the
energy required for ship propulsion. Dedes et al. [16] proposed the application of a diesel
hybrid system in slow ocean-going ships. The results showed that the fuel of the auxiliary
load was saved because there was no conversion loss.

The ECMS strategy was first proposed by Paganelli [17]. The core idea used an equiv-
alent factor to convert the electric energy consumption into fuel consumption, so that the
global optimization problem transformed into an instantaneous optimization problem [18].
Compared with the global optimization algorithm, its computational complexity is lower.
It does not need the information of future working conditions [19]. It can obtain the approx-
imate optimal control effect. In theory, it can be applied to the actual ship control, which
is considered to be the most promising application to real ships [20-22]. The equivalent
factor is an important parameter in the ECMS algorithm that affects the torque distribution
of the control strategy, which is the key to the optimization effect of ECMS [17]. Different
values determine the different energy distribution between engine and battery, resulting
in different ship energy consumption and battery power consumption. Therefore, the
advanced intelligent algorithm is used to optimize the equivalent factor in real time, so as
to achieve the control goal of battery power.

There are many methods to solve multi-objective optimization problems. Among
them, the ant colony optimization (ACO) algorithm is simple, easy to implement, has
efficient search ability, and has good versatility, which is suitable for dealing with various
types of objective functions and constraint. Yang et al. [23] proposed a partial swarm
optimization algorithm that was used to solve a multi-objective problem. This paper took
a solar—diesel hybrid ship with 5000 car spaces as the research object. A multi-objective
optimization model related to diesel generator’s efficiency and the ship’s fuel economy and
was established. The results showed that the proposed energy management strategy took
into account both diesel generator efficiency and ship economy, which could reduce ship
fuel consumption and improve the service life of the diesel generator. Wei [24] proposed a
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task scheduling optimization strategy using an improved ACO algorithm in cloud comput-
ing in order to solve the problems of load imbalance, slow convergence, and low resource
utilization of a virtual machine in the existing task scheduling optimization strategy. Firstly,
a scheduling model using an improved ant colony algorithm was proposed to avoid the
dilemma of local optimization. Then, combined with the three objectives of the shortest
waiting time, resource load balancing degree, and task completion cost, the task scheduling
satisfaction function was constructed to find the optimal solution of task scheduling. Finally,
the reward and penalty coefficient was introduced to optimize the pheromone updating
rules of the ant colony algorithm to speed up the solution. Stodola [25] proposed a hybrid
ant colony optimization algorithm. The algorithm combined probability technology and
precision technology. The former was based on the behavior of ants in nature and simulated
the annealing principle. The latter was a supplement to the former. The experimental
results showed that this proposed algorithm overcomes the shortcomings of other methods
because it has the smallest average error (the difference between the found solution and
the known solution) over the entire set of benchmark examples. Ning et al. [26] created a
new pheromone that was temporarily called a negative pheromone and proposed a new
multi-objective ant colony optimization algorithm based on decomposition (NMOACO/D),
which combined a multi-objective evolutionary algorithm based on decomposition ant
colony optimization (MOEA /D-ACO) with negative pheromone. The results showed that
the correct use of information related to the dominance solution could further improve the
performance of the ACO algorithm. Zhao et al. [27] proposed an improved ACO algorithm
for omnidirectional mobile vehicle path planning. The purpose of the improved ant colony
algorithm is to design an appropriate route to connect the start and end of the environment
with the obstacles.

In addition, the pheromone evaporation coefficient is segmented and adjusted to
effectively balance the convergence speed and search ability. The numerical simulation
showed the validity of the theoretical results. Zhao et al. [28] proposed a multi-objective
optimization model based on cost, carbon emissions, and customer satisfaction in order
to improve the performance and current situation of the cost minimization model widely
used in the cold chain logistics and distribution process. The simulation results showed
that the proposed system successfully provides a reference for the path optimization of
cold chain logistics companies. Wang et al. [29] improved ACO to schedule time-triggered
flows in time-sensitive networks (TSN). The simulation results showed that the improved
ACO algorithm can schedule the time-triggered traffic in TSN well, and it was superior to
the traditional ACO algorithm in convergence speed, optimization ability, and the ease of
local optimal traps. The results showed that the proposed method provided an effective
real-time guarantee for the TSNs. Jiao et al. [30] proposed an intelligent wheelchair path
planning method based on adaptive polymorphic ACO. In order to avoid the ant colony
falling into local optimum in the process of solving, adaptive state transition strategy
and adaptive information update strategy were adopted in the polymorphic ant colony
algorithm to ensure the relative importance of pheromone strength and desirability. The
adaptive polymorphic ACO was used for target path planning and obstacle path planning,
respectively. The results showed that compared with the improved ant colony algorithm
and polymorphic ant colony algorithm, this method had better performance.

This paper used a 200 t parallel diesel electric hybrid boat as the research object, which
has significant advantages in energy saving, but a variety of working modes also bring
challenges to the energy management strategy. The energy management strategy of a
parallel hybrid electric ship needs to optimize the working modes and working point at
the same time. Therefore, this paper proposes the energy management strategy of ECMS,
considering mode switching, and it completes the optimization of the above two aspects
at the same time. In addition, the equivalent factor is an important parameter of ECMS.
Different values determine the energy distribution of engine and battery, which leads to
different energy consumption of the whole ship and battery. Therefore, the control target of
battery power can be further realized by optimizing the equivalent factor. In order to solve
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the above problems, this paper aims to reduce fuel consumption and reduce the deviation
between the final SOC value and the target value.

In order to reduce ship energy consumption and control battery SOC at the same
time, a multi-objective bi-level optimization energy management strategy based on the
improved ACO is proposed for a parallel diesel electric hybrid ship. The proposed strategy
adopts a two-layer structure. The inner layer used the ECMS considering mode switching
to optimize the operating point, so as to achieve the goal of energy saving. The outer layer
used improved ACO to optimize the equivalent factor iteratively to achieve the control of
battery power.

The main contributions of this paper are as follows:

1. In order to achieve the goal of reducing fuel consumption, the equivalent fuel con-
sumption minimization strategy considering mode switching was adopted to opti-
mize the working mode and working point. It was no longer dependent on engineer-
ing experience and a calibration test to select the working mode.

2. Inorder to reduce the deviation between the final value of state of charge (SOC) and
the target value, aiming at the shortcomings of traditional ACO, it is easy to fall into
local optimum in the early stage and slowly down in the late stage. The premature
convergence is easy to fall into local optimum and unable to converge globally. The
heuristic factor and adaptive volatilization factor were introduced to improve these
shortcomings. An improved ACO method was proposed to optimize the equivalent
factor.

3. Inorder to verify the effectiveness of the proposed algorithm, it was compared with a
traditional ECMS strategy and rule-based (RB)-ECMS strategy. The simulation results
showed that the proposed energy management strategy combining an improved
ACO algorithm with ECMS considering mode switching could optimize the working
points of the engine and motor, reduce the energy consumption of the whole ship,
maintain the deviation between the final value of SOC and the target value within a
reasonable range, and control the battery power.

The rest of the paper is arranged as follows: Section 2 introduces the parallel hybrid
diesel electric hybrid ship model and model validation. Section 3 introduces the proposed
ECMS considering mode switching for energy optimization. Section 4 introduces the
improved ACO control strategy. Section 5 presents the results of the analysis. Section 6
summarizes the main conclusions of the paper.

2. Establishment and Verification of Simulation Model

A parallel diesel electric hybrid 200 t tuna longline fishing boat is taken as the research
object. The structure of a parallel diesel electric hybrid system is shown in Figure 1. The
engine and motor can drive the propeller separately or mix; it can drive the propeller and
charge battery. The working modes are divided into the hybrid drive mode, the diesel
engine drive mode, the motor drive mode, and the diesel engine drive generator mode.
The main parameters of the ship are shown in Table 1.

— — —m Electrical energy flow

Mechanical energy flow! Diesel engine

Propeller

e .

Generator / Motor

Transmission

F— —»

Figure 1. Structure diagram of power system of the tuna longline fishing boat.
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Table 1. Main parameters.

Component Parameter Value
Type Diesel engine
Engine Maximum torque [Nm] 2500
Maximum speed [r/min] 1700
Type Triple-phase asynchronous motor
Motor Maximum torque [Nm] 1348
Maxim um speed [r/min] 5948
Rated voltage [V] 380
Type Ni-Mh battery
Battery Nominal capacity [Ah] 80
Nominal voltage [V] 1.2
Transmission Maximum main transmission ratio 6.27
PTI transmission ratio 5.94
Propeller Number of leaves 4
Maximum speed [r/min] 303

2.1. Engine Model

The energy optimization of a parallel hybrid electric ship needs the fuel consump-
tion of an engine. Considering the complexity of the engine, a quasi-static model was
established. The fuel rate m can be expressed as [12,31]:

ms = fryel(Te, we) 1)
where w, and T, are the engine speed and torque, respectively.
Pe = Hyuvmg @)

where P represents the available power of the engine, and Hy gy represents the lower
calorific value of fuel.

Figure 2a shows the brake-specific fuel consumption (BSFC) map of the diesel engine,
whose black line represents the maximum torque under different speeds. Figure 2b shows
the Manifold Absolute Pressure (MAP) of working efficiency of a diesel engine.

2.2. Motor Model

The motor is a three-phase asynchronous motor that can be used as a traction motor
to provide torque and also as generator to charge the battery. Therefore, the motor power
P can be expressed as [13]:

T -w;
M, T >0
P = { w1 )

Tm'wm"?ge
9550+ Im <0

where wn, is the motor speed; #em is the motor driving motor efficiency; and Nge is the
efficiency of the motor as a generator. #7em and 7ge can be obtained by querying Figure 2c.
The motor efficiency map is presented in Figure 2c.

2.3. Battery Model

Ignoring the influence of temperature on the battery, the ring model was used to model
the battery, and the expressions of SOC and output power were obtained as follows [13]:

SOC - _ uoc vV ugc — 4PbatRb (4)

20QpRp

Ppat = —SOC - Uoe - Qp ()
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Torque (N-m)

Torque (N-m)
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where SOC is the battery SOC change rate; U, is the battery open circuit voltage; Ry, is the
internal resistance of the battery; Qj, is the maximum capacity of the battery; and P, is the
output power of the battery. Figure 2d is the battery equivalent circuit diagram.
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Figure 2. (a) MAP of the engine. (b) Efficiency MAP of the engine. (c) Efficiency MAP of the motor. (d) Battery equivalent
circuit diagram.

2.4. Transmission System Model

In this paper, a double reduction ratio is used to transfer power, which consists of the
main reduction ratio and Power Take In (PTI) reduction ratio [8].

Tz_iXTl (6)
n =1ixny

where T and 7, are the torque and speed of the output; T; and 7 are the torque and speed
of the input. i is the transmission ratio of the transmission system.

The torque synthesis device adopts a parallel gear box. At this time, only the superpo-
sition of torque is considered. The modeling is as follows:

Tout = Tin1 + Tin2 @)
where Tj;,1 and Tj,;; are input torque; Toy¢ is the output torque.

2.5. Four Quadrant Propeller Model
Using the dimensional analysis method, they are expressed by dimensionless quantity
as follows [6]:
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T = Krpn?D} 8)
Q = Kgpn®D;) )
h v
J=-L=_"F (10)
Dp nDp

Navigational speed (kn)

16
14

where T is the propeller thrust, N; Q is the propeller torque, Nm,; ] is the propeller speed
ratio, Dy is the propeller diameter, m; n is the propeller speed, p is the density of seawater,
Kg, Kr are the propeller torque coefficient and thrust coefficient respectively, and v, is the
speed of the propeller, m/s.

2.6. Propulsion System Model

The kinematic equations of the ship and propeller are written as [16]:

dos
dn . .
TCEMdZ — Mp — Mf (12)

where v is the speed of the ship, m/s; R; is the resistance of the ship, N; M}, is the torque
output by the diesel engine, Nm; Mp is the resistance moment, Nm; and 7 is the reduction
ratio of the gearbox.

Rt = f(vs) (13)

where R; = )wse, where A is the ship resistance coefficient and 0 is a constant.

2.7. Model Validation

The diesel electric hybrid power system model of the tuna longline fishing boat was
modeled by Matlab/Simulink software. The actual fishing conditions of the tuna longline
fishing boat are very complex. The conditions of a complete cycle (T) include the full
speed navigation conditions (T1), the rope-throwing conditions (T2), and the rope-lifting
conditions (T3). The detailed working conditions of the tuna longline fishing boat are as
follows. For the full speed operation condition, the demand speed is 12 kn, the working
hours is 4 h, and the power source demand power is 335 kW. For the rope operation
condition, the demand speed is 6 kn, the working hours is 6 h, and the power source
demand power is 134 kW. For the hoisting condition, the demand speed is 3 kn, the
working hours is 14 h, and the power source demand power is 50 kW.

The single fishing cycle of a tuna longline fishing boat is 24 h as the simulation time.
The speed simulation diagram and the power distribution between the diesel engine
and electric motor of a hybrid fishing boat in one fishing cycle are shown in Figure 3.
From the speed simulation diagram, the motor power output diagram, and diesel engine
output diagram, it can be seen that the simulation values are in good agreement with the
experimental value, which verifies the correctness of the model.

— Experimental value| 500 — Experimental value| 200 — Experimental value|

————— Simulation value 450 -+ Simulation value 180 -~ Simulation value

400 160
350 ) ‘ ‘ - 140
wf : -
250
200
150

Power (kW)

Power (kW)

100
50

0 i H 0
0 2 4 6 8 10 12 14 16 18 20 22 24 0 2 4 6 8 10 12 14 16 18 20 22 24 0 2 4 6 8 10 12 14 16 18 20 22 24

Time (h) Time (h) Time (h)
(@) (b) (©

Figure 3. (a) Speed comparison. (b) Motor output power. (c) Output power of diesel engine.



Energies 2021, 14, 810

8 of21

3. ECMS Considering Mode Switching for Energy Optimization
ECMS Expression

According to the principle of ECMS control strategy [13], the whole instantaneous
equivalent fuel consumption can be expressed as follows:

Peqv,hev = Lef +5 X Ps (14)

Py =m x Qruv (15)

where, Py 1o s the total equivalent fuel consumption; P, is the power corresponding to
the fuel consumed by the engine, s is the equivalent factor, Ps is the power consumed by
the battery, 71" is the fuel consumption of the engine, and QLHYV is the low calorific value
of diesel.

Since the research object of this paper is a parallel diesel electric hybrid fishing ship,
the input speed of the transmission is given when the off-line simulation is carried out.
The required torque and equivalent factor s are used to obtain the torque distribution
results under different demands [17]. The output torque of the motor and engine meets the
requirements of navigation [12].

Treq =Tn+T, (16)

where Ty is the demand torque; Ty, is the motor torque; and T, is the engine torque.
The system satisfies the following constraints:

0<T. < Te,max
Tm,min S Tm S Tm,max
Ps,min S Ps § Ps,mux
Treq < Tm,mux + Te,max (17)
We dle < We < We,max
Wi, min < wm < Wmmax
Sbat,min < Sbat < Sbut,max

where w, 41, is the engine idling speed; we 4y is the engine maximum speed; wy, yiy, is the
motor minimum speed; Wy mayx is the motor maximum speed; Sy, i, is the SOC minimum
value; and S 05 is SOC maximum value.

When the torque of the diesel engine is selected as the control variable, the optimal
solution of the diesel engine and motor can be expressed as follows:

T; = argmin (meqv,hev) . (18)
Ty = Treqg — T;

Considering that the equivalent factor in ECMS itself is the efficiency of oil to electricity
conversion, it includes not only the charging and discharging efficiency of the battery, but
also the efficiency of the motor, diesel engine, and transmission system. In order to simplify
the research, this paper assumes that the SOC of the battery is a constant value in the offline
simulation.

The required power of ship navigation is equal to the sum of motor output power and
diesel engine output power [12]:

Preq = Pe + P (19)

The equivalent fuel consumption power of hybrid drive can be expressed as:
Pegopw = aePe + be + 8(am P + b ) - (20)
By introducing Equation (19) into Equation (20), we can get:

Pegynw = aePe + be + S(Qm (Preq - Pe) + bm)

= (ae — sam)Pe + sayu Py + sby + be 1)
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At present, the energy management strategy of parallel diesel electric hybrid ships
adopts the rule-based method to determine the working mode and then determines the
optimal working point according to the ECMS [13]. This strategy separates the work
mode from the work point optimization, and it constantly modifies and verifies the mode-
switching rules through the real ship debugging, which results in heavy workload and
can not guarantee the best economy. In order to solve the above problems, an ECMS
energy management strategy considering mode switching is proposed. In this strategy;,
mode selection and work point optimization are considered together, and the optimization
algorithm is used to replace the engineering experience and real ship debugging so as
to ensure the optimization effect. In Figure 4, n,,,4, represents the number of optional
working modes, and the input is the data of sailing conditions, including speed and the
required torque of the whole ship. Then, according to the ECMS strategy, the equivalent
fuel consumption of each working point of a certain mode is calculated, and the working
point with the lowest equivalent fuel consumption is selected as the optimal working
point of the mode [18]. The optimal working points of all the optional working modes
are calculated, and the one with the lowest equivalent fuel consumption is selected as the
optimal working point of the working mode, and the corresponding working mode is
the optimal working mode of the working mode. The switching relationship between the
driving modes is shown in Figure 5. The ECMS flow chart considering mode switching is
shown in Figure 4.

Figure 4. The equivalent fuel consumption minimization strategy (ECMS) flow chart considering
mode switching.
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Figure 5. The working mode switching state diagram.

4. The ACO Algorithm
4.1. Basic Process of Ant Colony Algorithm

1.  Initialization process of ant colony algorithm

M ants of a given number are randomly distributed in the equipartitioned random
positions in the domain [a,b] of the solution [26]. The random distribution formula of the
initial position of each ant (22) is generated as follows:

b(k) — a(k)

x(i, k) = a(k) + i

(i—1+rand(0,1)). (22)
The pheromone size of the initial position is as follows:
ATx(i) = ¢ Flxi), (23)

Fiax (%), Fin (x) are the maximum and minimum objective function values, respec-
tively. Generally, the physical meaning is path length or energy size.

2. The moving process of ant colony

Global search: The initialization process is the first search process of all ants. After
the initialization, the position of each ant represents a solution, but only the position of
one ant is the optimal solution of the first search. Other ants that do not find the optimal
solution will conduct a global search, and the path of global search will move according to
the pheromone of the ant with the optimal solution [27]. The rule of transition probability
is shown in Equation (24).

e X (be1) TTX(i)
Pipest = T X(bett) (24)

In the process of global search, that is, when the ant moves to the optimal solution, it
is possible to find a better solution than the optimal solution on the way of moving. Let the
n-th ant of global search move to the optimal position, and the step size is as follows:

X, — { Xi + )\(Xbest - Xi)lpi,hest > Poet
;=

X; +rand(—1,1) - bl\jl”,otherwise @5

Among these, 0 < A <1, 0 < Pyt < 1.

In the process of global search of other ants, the ants that get the optimal solution will
carry out local search, and they will move in the radius around their position [27]. If they
find a better solution in the process of moving, they will replace it. The original optimal
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solution becomes the new optimal solution. The search calculation method is shown in
Equation (26).

_ XiSIP(Xis) < F(XBest)
Kpest = { Xpest, Otherwise (26)

3. Pheromone update rules

In each iteration, after all ants complete the global search and local search, the amount
of information at each ant is updated. The update rules are shown in Equation (27).

Tx() = (1= ) Tx(i) + BTx() (27)

The optimization process of the ant colony algorithm can be summarized as follows:

step1l: Set the maximum number of iterations, 7.y, the number of ants in ant colony, M,
and the value of solution, especially the value of solution.

step2: Initialize according to Equations (22) and (23), including the position of all ants
and the corresponding pheromone size.

step3: The optimal solution position of the ant in each iteration is determined by the size
of the pheromone.

step4: In each iterative search process, each ant performs global search and local search
according to Equations (24) and (25).

step5: Update the position and pheromone size after the iteration.

step 6: If the end condition is satisfied, the optimal solution is obtained in the ant colony, or
the maximum number of iterations has been reached. The iteration ends; otherwise,
skip to step 3.

4.2. Improved Ant Colony Algorithm

In the classical ant colony algorithm, ants adjust the transition probability according
to the pheromone concentration on the path and then choose the path [28]. The distribution
of pheromone is very important for the ant’s global path planning. At the same time, it
needs a lot of time to filter the path in the initial stage of search, and the convergence speed
is very slow. However, in the later stage of the ant colony algorithm, it needs to speed up
the convergence rate and worry about falling into a local optimum. So, this article will
improve the search method by adding a heuristic factor and pheromone concentration
volatile coefficient.

In the previous section, the ant colony needs to conduct a global search according to
the transition probability shown in Equation (24). When the transition probability is greater
than the set transition probability, it needs to move to the best point. When it is less than
the set transition probability, it will conduct a random search. This method undoubtedly
wastes more time. At the same time, it causes the ant colony algorithm’s early search
range to be too large, and the convergence speed is slow. The higher the heuristic factor is,
the closer the transition probability is to the greedy rule [29]. The transition probability
Equation (24) can be changed to:

e Xtbst) ~TX(i)
P; pest = Wﬂi,besﬁ (28)

The above formula shows that the probability of ant B in the current state transferring
to the next point is not only affected by the pheromone concentration but also by the
distance of the next point. The formula of #; ;.5 can be obtained from Equation (29).

1 1
i best = d = (29)

i,best \/(xi _ xbgst)z + (yz - ybest)Z
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1. Global search

In the classical ant colony algorithm, the global search is carried out according to
Equation (39). However, the random search ants in the global search are too loose, and the
search time is too long. Therefore, in this paper, we will use the target attraction strategy to
search the ants that are transferred to the best around the random search ants and select the
next transfer direction of the ants according to the heuristic factor, as shown in Figure 6a.
At this time ant i can not get close to the best. In order to avoid too long convergence time,
the random search direction of ant i can be any ant within the radius. In order to be more
efficient, we need to combine the heuristic factor to search and calculate the transition
probability of ant i to n points within the radius. According to the direction of the largest
transition probability, ant i moves to:

Xi+ )\(Xhest X; ) Pz best =~ Pset
Xi=1 Xi+A(X;—X;), lb,—max i) (30)
X; +rand(—1,1) - & otherwzse

\
\

@) (0)

Figure 6. (a) Schematic diagram of random search path selection of ants. (b) Schematic diagram of ant local search

path selection.

2. Local search

After the first iteration, the ant colony finds the optimal solution and then needs to
carry out a local search in the next iteration, as shown in Figure 6b. In order to avoid falling
into the local optimum prematurely, we should search in a large range as far as possible
in the early stage of the search. With the increase of the number of iterations, the search
radius should be gradually reduced. The search rules are as follows:

| Xpest +w -r,rand(—1,1) < 0.5
Xis = { Xpest — W - ¥, otherwise (31)

wherew =1—-0.3- T and #n and 71,y represent the number of current iterations and
the maximum number of iterations, respectively. At the same time, taboo list Ty, is added
to global search and local search. According to the concept of taboo list, it refers to the
position that the ant has already passed. Through the taboo list, the ant can be prevented
from moving to the position that it has passed again, which wastes the search time.

4.3. Improvement of Volatile Factor

Volatility factor p is the coefficient of pheromone concentration volatility, which
determines the search performance of ants and the feasibility of the algorithm. If the
volatilization coefficient is set too small, the ant colony will have a strong guiding effect
on the ants, leading to the lack of search ability of the ant colony system in the early stage.
If the volatilization coefficient is set too large, the ant colony will have a weak guiding
effect on the ants, and the convergence speed will be slow in the later stage. Some ants in
the ant colony will repeatedly search the same location wasting resources. Based on the
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above theory, an adaptive volatilization coefficient is proposed [30]. A larger volatilization
coefficient is set in the early stage of the algorithm, so as to weaken the guiding role
between ants and enhance the guiding performance. With the continuous decrease of
volatilization coefficient, the volatilization coefficient will become very small in the later
stage of the algorithm, so as to improve the convergence speed of ant colony search. The
update rule of volatile coefficient is as follows:

where p,,i, is the minimum volatile coefficient.
The flow of the improved ant colony algorithm is shown in Figure 7.

Yes No

Move to the best Random search

Update pheromone
A

No

Figure 7. Improved flow chart of ant colony optimization (ACO).
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4.4. Solve the Optimal Equivalent Factor

This section mainly uses the improved ant colony algorithm to optimize the equivalent
factor of charging and discharging [24]. There are two objects to be optimized; the position
of the ant is initialized as:

x(i,2) = a(2) + "2 (i~ 1+ rand(0,1)) o

{ x(i,1) = a(1) + 220 ;1 4 rand(0, 1))

Among them, x(7,1) and x(i,2) represent the charge equivalent factor and discharge
equivalent factor, respectively.

The independent variable is defined as the equivalent factor s, and the function value
is the SOC deviation value at the end of the stroke—that is, the SOC final value minus
the SOC hold value. When SOC deviation is 0, the optimal solution of the equation is
obtained. The iteration process is shown in Figure 8. First, two initial equivalent factors are
given; then, ECMS is used to simulate the whole ship model, and the deviation between
ending SOC and target SOC is obtained. If the absolute value of the deviation meets
the requirements, the iteration will be ended, and the optimal equivalent factor will be
returned; if it does not meet the requirements, the next equivalent factor will be calculated,
and then the ECMS algorithm will be called to simulate and calculate the SOC deviation. If
the deviation is within the specified range, the optimal value will be returned; if it is not
satisfied, the iteration will continue.

New equivalent factor optimized
by improved ant colony algorithm

No

Figure 8. Optimal equivalent factor solution process.
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5. Results

In order to verify the effect of ACO-ECMS energy management strategy in reducing
fuel consumption and controlling SOC, a complete fishing operation condition (T) was
used to simulate. The complete working condition (T) includes three parts: full speed
section (T1), rope feeding section (T2), and rope lifting section (T3). A complete fishing
operation condition (T) is shown in Figure 9a.

14
16 - > > > — Target value
14 —_ naa A A ECMS
_ T1 T2 T3 é 12 1 — RB-ECMS
S 12 Pt w — ACO-ECMS
< o 10 |
ko] I |
8 10 { 7
& = 8
= 8 =
S g 6 L\v‘vﬁcﬁa\
£ 6 2 |
2 ]
z 4 z 4
B .
2 2
2 2
0 \ x10 0 A A A A A A A A . A A 10
0 2 4 6 8 10 12 14 16 18 20 22 24 0 2 4 6 8 10 12 14 16 18 20 22 24
Time (s) Time (s)

@) (b)

Figure 9. (a) A complete fishing operation condition (T). (b) Simulation results of speed under the T condition.

Figure 9b shows the speed simulation results of ACO-ECMS, RB-ECMS, and ECMS
control strategy under the T condition. It can be seen that these three strategies can meet
the speed demand, which can better track the target speed. Figure 10 shows the SOC
simulation results of a complete operation condition. The initial value of SOC was 0.4.
At the end of simulation, the SOC of the ACO-ECMS control strategy was 0.4008, the
RB-ECMS control strategy was 0.409, and the ECMS control strategy was 0.412. It can be
seen from Figure 10 that although both the ACO-ECMS and RB-ECMS control strategies
can achieve SOC balance within the allowable deviation range, the effect of the ACO-
ECMS control strategy is better than that of RB-ECMS control. The reason is that the
implementation methods of the two strategies are different. ACO-ECMS is realized by
iteratively optimizing the equivalent factor of the ACO algorithm; the RB-ECMS control
strategy is realized by adjusting the working mode switching rules, which needs repeated
debugging and verification by the engineers.

100 ECMS
— RB-ECMS
90 —— ACO-ECMS

80 |

70 |
60
50

SOC (%)

40
30 ¢
20
10 1
0

, , , , , \ \ \ . \ . 102
0 2 4 6 8 10 12 14 16 18 20 22 24
Time (s)

Figure 10. State-of-charge (SOC) simulation results of a complete operation condition.
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Figures 11-13 show the power distribution curves of diesel engine and motor under
the T condition with the ECMS strategy, RB-ECMS strategy, and ACO-ECMS strategy,
respectively. The ECMS strategy charged the battery six times under the T condition. The
RB-ECMS strategy and ACO-ECMS strategy were both utilized five times. Under the
control of the ECMS strategy, the output power of the diesel engine and motor fluctuated
slightly, and the operation of the diesel engine and motor was stable. The second was the
RB-ECMS strategy. The output power fluctuation of the diesel engine and motor controlled
by the ACO-ECMS strategy was smaller, and the operation of the diesel engine and motor
was more stable. This shows that ACO has a good effect in optimizing the equivalent factor.

— 400 E—TYTS 200 — ECMS
X 350 ~ 150 |
5 s
2 300 & 100
2 ™
5 250 s 50
= |LEH [N |
S 200 Ag 0 I i . I
@ 5 ‘
5 150 5 -50
< 100 £-100
2 s
a 50 -150
o LU : 10" 00 10°
0 2 4 6 8 10 12 14 16 18 20 22 24 0 2 4 6 8 10 12 14 16 18 20 22 24
Time () Time (s)

@ (b)

Figure 11. (a) Power distribution of ECMS strategy diesel engine under the T condition. (b) Power distribution of ECMS
strategy motor under combined condition.
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Figure 12. (a) Power distribution of rule-based (RB)-ECMS strategy diesel engine under the T condition. (b) Power
distribution of RB-ECMS strategy motor under the T condition.

Figure 14 show the distribution and statistical results of engine operating points under
the T condition. It can be seen from Figure 14a—c that the engine operating points of the
ACO-ECMS control strategy are more distributed in the high efficiency area, followed
by the RB-ECMS control strategy, and the engine operating points of the ECMS control
strategy are relatively scattered. It can be seen from Figure 14d that when the specific fuel
consumption was in the range of 205-210 g-(kW-h)~!, the ACO-ECMS control strategy
was 59.04%, the RB-ECMS control strategy was 50.86%, and the ECMS control strategy
was 41.15%. When the specific fuel consumption is 210-215 g-(kW-h) !, the ACO-ECMS
control strategy was 36.47%, the RB-ECMS control strategy was 31.1%, and the ECMS
control strategy was 30.7%. It can be seen from Figure 14 that the specific fuel consumption
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of the engine operating point in this region is lower, and the efficiency is higher in the
ACO-ECMS control strategy. Meanwhile, the ECMS control strategy has higher specific
fuel consumption and lower efficiency.
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Figure 13. (a) Power distribution of the ant colony optimization (ACO)-ECMS strategy diesel engine under combined T
conditions. (b) The motor power distribution of the PSO-DACO-ECMS strategy under T conditions.
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Figure 14. Comparison of fuel consumption rate of diesel engine with three control strategies (a) ECMS. (b) RB-ECMS. (c)
ACO-ECMS. (d) Distribution statistics of engine operating points under the T condition.

Figure 15 shows the efficiency distribution diagram of motor working point under

the T condition. It can be seen from Figure 15 that the motor of the ACO-ECMS control
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strategy was in an efficient working area, followed by the RB-ECMS control strategy, and
the distribution of motor operating points in the ECMS control strategy was relatively
scattered. The simulation results show that the ACO-ECMS algorithm is superior to the
RB-ECMS and ECMS algorithms in improving the efficiency of the diesel engine.

x10? 10
28 04 Efficiency 28

Max torque
*  ECMS 26

24
22
20
18}

04 Efficiency
’ —— Max torque
+ RB-ECMS

16|
14+
12t
107 10 ¥0.05\/ 102

6 7 8 9 10 11 12 13 14 15 16 17 6 7 8 9 10 11 12 13 14 1.5 16 17
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(©

Figure 15. Comparison of three control strategies for diesel engine efficiency (a) ECMS. (b) RB-ECMS. (c¢) ACO-ECMS.

Figure 16 shows the working point distribution of three control strategies. It can be
seen from Figure 16 that the motor of the ACO-ECMS control strategy was in an efficient
working area, followed by the RB-ECMS control strategy, and the distribution of motor
operating points in the ECMS control strategy is relatively scattered. This shows that the
ACO algorithm is effective in optimizing the equivalent factor.

Taking a complete operation condition as an example, the fuel consumption of three
control strategies is compared. Figure 17a shows the fuel consumption comparison of the
three control strategies under the T1, T2, and T3 conditions.
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Figure 16. The comparison of motor operating points of three control strategies (a) ECMS. (b) RB-ECMS. (c) ACO-ECMS.
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Figure 17. (a) The comparison of each condition fuel consumption. (b) The comparison of total fuel consumption.

In the T1 condition, the fuel consumption of ECMS, RB-ECMS, and ACO-ECMS were
278, 293, and 313 kg, respectively. In the T2 condition, the fuel consumption of ECMS,
RB-ECMS, and ACO-ECMS were 183, 194, and 209 kg, respectively. In the T3 condition,
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References

the fuel consumption of ECMS, RB-ECMS, and ACO-ECMS were 188, 201, and 217 kg,
respectively. Figure 17b shows the total fuel consumption comparison. In the T condition,
the total fuel consumption of ECMS, RB-ECMS, and ACO-ECMS were 649, 688, and 739
kg, respectively. Table 2 shows the statistics of fuel consumption under various working
conditions. Compared with ECMS under the T condition, RB-ECMS and ACO-ECMS
respectively reduced fuel consumption by 6.9% and 12.1%.

Table 2. Comparison of fuel economy for three methods.

Working Condition Fuel Consumption (kg)
T1 ECMS RBB-ECMS ACO-ECMS
T2 313 293 278
T3 209 194 183
Total 217 201 188
739 688 649

6. Conclusions

In this paper, an energy management strategy combining an improved ACO algorithm
with ECMS considering mode switching is proposed to save more fuel and control battery
SOC. The simulation results showed that compared with the traditional ECMS control
strategy, the RB-ECMS control strategy reduced fuel consumption by 6.9% and the ACO-
ECMS control strategy reduced fuel consumption by 12.1% under the T condition. The
difference between the final SOC value and the target value of the traditional ECMS control
strategy was 0.012, the RB-ECMS control strategy was 0.009, and the ACO-ECMS control
strategy was 0.0008. The proposed strategy can achieve the goal of ship fuel consumption
reduction and control battery SOC. In addition, the effectiveness of the proposed strategy
was verified on the simulation platform, which is crucial to the energy management system
of parallel hybrid ships. Hence, the proposed strategy presents the significant potential
for improved fuel economy controlled battery SOC for practical application. In the further
study, an experimental scheme will be carried out on the bench of the parallel diesel electric
hybrid ship test platform for verifying the performance of the ACO-ECMS control strategy.
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