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Abstract: To reduce the computation complexity of the optimization algorithm used in energy management of a multi-microgrid 
system, an energy optimization management method based on model predictive control is presented. The idea of decomposition 
and coordination is adopted to achieve the balance between power supply and user demand, and the power supply cost is mini-
mized by coordinating surplus energy in the multi-microgrid system. The energy management model and energy optimization 
problem are established according to the power flow characteristics of microgrids. A dual decomposition approach is imposed to 
decompose the optimization problem into two parts, and a distributed predictive control algorithm based on global optimization is 
introduced to achieve the optimal solution by iteration and coordination. The proposed method has been verified by simulation, 
and simulation results show that the proposed method provides the demanded energy to consumers in real time, and improves 
renewable energy efficiency. In addition, the proposed algorithm has been compared with the particle swarm optimization (PSO) 
algorithm. The results show that compared with PSO, the proposed method has better performance, faster convergence, and 
significantly higher efficiency. 
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1  Introduction 
 

Because of the rapid development of microgrid 
(MG) technology, microgrids are increasingly  
constructed and connected to distributed networks in 
the form of smart grids (Lasseter, 2011; Bie et al., 
2012; Saad et al., 2012). The local area of a  
distributed network can contain many microgrids 

connected to a multi-microgrid system (Yuen et al., 
2011; Nunna and Doolla, 2012). In a muli-microgrid 
system, it is generally assumed that the power dis-
patch of microgrids must pass through the power 
network, and a single microgrid is considered as a 
controlled distributed energy resource (DER). A 
central energy management system (CEMS) is 
needed for each microgrid in a power transmission 
network. A CEMS has many features, such as day- 
ahead scheduling (DAS) integrated with a real-time 
scheduling (RTS) unit, and a local energy market 
(LEM) structure based on the single side auction 
(SSA) that regulates a real-time energy price. How-
ever, due to the development of the communication 
and signal processing technology, a microgrid can be 
regarded as an intelligent node, having many mi-
crogrids that can reduce the constraints in a power 
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transmission network. The adjacent microgrids can 
exchange energy directly, which is the key reason for 
the development of the multi-microgrid system and 
smart grids. Accordingly, the multi-microgrid system 
has become a hot research topic. 

In recent years, there have been many studies on 
energy management of the multi-microgrid system. 
Sortomme and El-Sharkawi (2009) proposed the par-
ticle swarm optimization (PSO) algorithm to optimize 
power flow among microgrids and peak power re-
duction from the economic perspective. Nunna and 
Doolla (2013) proposed a two-layer energy man-
agement structure based on the multi-agent technol-
ogy to bid for the multi-microgrid and power market. 
Wei et al. (2014) designed a cooperative game 
method for a multi-microgrid system in a given region 
to minimize the losses in power transmission between 
microgrids. However, the existing incentive methods 
use only the electricity price and load curve, rather 
than an electricity pricing mechanism for the direct 
purpose of peak clipping and valley filling. Therefore, 
it is impossible to fully characterize the peak clipping 
and valley filling. 

In addition, home microgrids (H-MGs) are very 
important for transmitting functional parts of a smart 
grid on a local scale (Alharbi and Raahemifar, 2015; 
Balasubramaniam et al., 2016). Although the idea of 
H-MGs is similar to the traditional power system, the 
main difference is that H-MGs have to be fully capa-
ble of autonomous operation in the islanded mode 
(Marzband et al., 2016a, 2017). Since H-MGs might 
have a shortage or excess in power generation in the 
islanded mode, an energy management system (EMS) 
is needed. In addition, EMSs can adapt and compen-
sate for any change in generation type or capacity and 
storage assets in real time. Furthermore, EMSs 
maximize the operational efficiency, which mini-
mizes the operational cost and emission (Tenfen and 
Finardi, 2015), maximizes the lifetime of assets 
(Marzband et al., 2016b, 2016d), and increases the 
reliability of inter-operability and the above- 
mentioned combination of multi-objective type EMS 
(Marzband et al., 2014, 2016c). Marzband et al. (2013) 
developed a new CEMS design according to stability 
analysis to obtain the best purchasing price in the 
day-ahead market, and maximize the use of the ex-
isting DER. The above-mentioned studies are useful 
in the development of multi-microgrid systems. 

In the past few years, model predictive control 
(MPC) has been applied to the power system com-
munity because of its excellent ability to predict sys-
tem’s future behavior (Kassem and Abdelaziz, 2014; 
Jiang et al., 2015; Pahasa and Ngamroo, 2016). Nev-
ertheless, there is little literature on the use of MPC to 
study energy management in the multi-microgrid 
system. In addition, to reduce the computational 
complexity of optimization algorithms (Sortomme 
and El-Sharkawi, 2009), the idea of decomposition 
and coordination is proposed to achieve a balance 
between power supply and user demand. Furthermore, 
the power supply cost is minimized by coordinating 
the surplus energy in a multi-microgrid system. 

The abbreviations used in this study are given in 
Table 1. The contributions of this study are as follows: 

1. The idea of decomposition and coordination is 
introduced to achieve a balance between power sup-
ply and user demand. 

2. An intelligent algorithm based on the distrib-
uted predictive control is developed to support real- 
time applications. 

3. The energy optimization problem is presented 
in the form of a state space equation of the multi- 
microgrid system.  

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
2  Framework of a multi-microgrid system 

 
Effective energy management can provide an 

optimal and sustainable supply of energy with  
maximum efficiency. Because of the intermittent 

Table 1  Abbreviations used in the paper 

Abbreviation Full name 

MG Microgrid 

H-MG Home microgrid 

DER Distributed energy resource 

CEMS Central energy management system 

DAS Day-ahead scheduling 

RTS Real-time scheduling 

LEM Local energy market 

SSA Single side auction 

MPC Model predictive control 

EMS Energy management system 

EMS-MPC Energy management system of model 
predictive control 

EMS-PSO Energy management system of particle 
swarm optimization 
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nature of renewable energy resources, an EMS is 
needed to find the best solution to supply to con-
sumers quickly and continuously. The multi- 
microgrid system is composed of several microgrids 
that can operate independently. The power supply of a 
multi-microgrid system can be from renewable en-
ergy sources, such as solar radiation and wind, or 
controllable energy sources, such as a gas turbine. 
Each microgrid in a multi-microgrid system can work 
in both standalone and interconnection modes (Kati-
raei and Iravani, 2006; Khorsandi et al., 2016). 
Therefore, an EMS is required for receiving current 
and predicted values of customer load and power 
generation to impose appropriate information on 
power flow (Mahmood et al., 2015; Rahbar et al., 
2015). The information flow and EMS functions in a 
microgrid are shown in Fig. 1. 

 
 
 
 
 
 
 
 
 
 

 
In the standalone mode, the supply and demand 

balance of a microgrid is regulated by the microgrid 
itself. When the power supply from renewable energy 
sources is insufficient, an internal controllable power 
supply is used as a supplement. When the power 
supply from renewable energy sources is sufficient, 
the excess power is stored. It is generally assumed 
that controllable energy supply has a higher economic 
cost than renewable energy supply (Moghaddam et al., 
2011; Vasiljevska et al., 2012). In the interconnection 
mode, if there is a surplus in renewable energy supply 
of the microgrid after meeting its own load, the excess 
energy will be given to microgrids in the adjacent area. 
Thus, the power generation of controllable energy 
sources can be greatly decreased. 

The structure of a multi-microgrid system in the 
interconnection mode is shown in Fig. 2. The dis-
tributed power supply, user load, and EMS are inte-
grated in microgrids. The control information and 
state information are exchanged between microgrids 

by communication lines, and the power transmission 
is completed by power lines. Therefore, the multi- 
microgrid system can be regarded as a system com-
posed of many subsystems, which are in correlation 
and coupled. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

 
 
3 Energy management model of a multi- 
microgrid system 

3.1  System modeling 

In general, a multi-microgrid system model 
consists of N microgrids, where each microgrid con-
tains renewable energy sources like solar and wind, 
and a controllable energy source like a gas turbine. In 
this study, because of the low cost of renewable en-
ergy sources, the power transmission among mi-
crogrids is based on the transmission of surplus en-
ergy generated by renewable energy sources. 

To clearly describe the multi-microgrid system, 
the following variables are defined: 

1. Pi
renew(k) denotes the supply from renewable 

energy sources in the ith (i=1, 2, …, N) microgrid at 
time k. Although the power supply from renewable 
energy sources is random and intermittent, according 
to historical data, it can use the existing prediction 
methods to estimate future output power. 

2. Pi
ref(k) represents the demand power of the ith 

microgrid generated by the user load at time k. Ac-
cording to historical data, it can estimate future elec-
tricity demand by existing prediction methods. 

3. ui(k) is the power supply from controllable 
energy sources in the ith microgrid at time k. 

4. aij(0, 1) is the ratio of power flows of the ith 

Fig. 1  Information flow and functions of an energy 
management system (EMS) in a microgrid 

Fig. 2  Structure of a multi-microgrid system in the 
interconnection mode 
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to jth (j=1, 2, …, N, j≠i) microgrids at time k. The 
value is affected by the distance between microgrids, 
electricity demand, and other factors. In addition, 
∑aij≤1.

 
5. bii[0, 1] denotes the ratio of the power supply 

generated by controllable energy sources to all the 
power supply in the ith microgrid at time k. 

At time k, if the ith microgrid is unable to meet its 
own load demand by its own renewable energy 
sources, defined as 

 
renew ref( ) ( ) 0,i iP k P k                      (1) 

 
the objective function is set to minimize the gap be-
tween the power supply and demand of user load: 
 

renew refmin || ( ) ( )||.i iP k P k                   (2) 

 
There are two ways to reduce the gap between 

the power supply and demand: 
1. The power scheduling of the ith microgrid 

might obtain the power flow of surplus renewable 
energy from the jth (j≠i) microgrid nearby: 

 
renew ref( ( ) ( )).ij j ja P k P k                     (3) 

 
2. The power supply of the ith microgrid can be 

generated by its own controllable energy sources: 
 

( ).ii ib u k                                (4) 

 
Thus, the energy management model of the 

multi-microgrid system can be expressed as 
 

renew ref renew ref
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P P A P P

Bu

A B

(5) 
 

where Prenew(k)−Pref(k)=[P1
renew(k)−P1

ref(k), P2
renew(k)− 

P2
ref(k), …, PN

renew(k)−PN
ref(k)]T and u(k)=[u1(k), 

u2(k), …, uN(k)]T.

 

If Prenew(k)−Pref(k) is set to be equal to the state 

variable of the multi-microgrid system, the state var-
iable space of the system can be expressed as 

 
T

1 2( ) [ ( ), ( ), ( )] .Nk x k x k x k x                (6) 

 
Thus, the energy management model of the 

multi-microgrid system is transformed into the form 
of state variable space: 
 

( 1) ( ) ( ).k k k  x Ax Bu                   (7) 

 
To achieve energy management of the multi- 

microgrid system, the balance between the power 
supply and demand of each microgrid should be en-
sured, and the use of controllable energy sources of 
higher cost should be reduced. Accordingly, the en-
ergy management optimization of the multi-microgrid 
system is defined as 
 

2 2min(|| ( 1)|| || ( )|| ).k k x u                  (8) 

 

3.2  Model decomposition 

The multi-microgrid system represents a high- 
dimensional, nonlinear, strong coupling, and dynamic 
system. To facilitate computation, the energy man-
agement model is decomposed based on the dual 
decomposition principle, which is easy to realize in 
the distributed control of microgrids. 

The energy influence value of the ith microgrid 
from other microgrids in a multi-microgrid system at 
time k is 

 

1,

( ) ( ).
N

i ij j
j j i

v k a x k
 

                         (9) 

 
Substituting Eq. (9) into Eq. (7), the model is 

separated into two interconnected subsystems. Thus, 
the original model can be transformed into the fol-
lowing form: 

 
( 1) ( ) ( ) ( ).i ii i ii i ix k a x k b u k v k            (10) 

 
After model decomposition, the energy optimi-

zation problem can be considered from the prediction 
time domain and control time domain. 
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4  Energy prediction model of the multi- 
microgrid system 

 

In the prediction time domain P and control time 
domain M (MP), the predictive model can be ex-
pressed as 

 

( 1) ( ) ( ) ( ),i i i i i ij ik k k k   X A X B U A V      (11) 

 

where Ui(k) is the power supply matrix of the ith mi-
crogrid generated by its own controllable energy 
sources. Ui(k)=[ui(k|k), ui(k+1|k), …, ui(k+M−1|k)]T, 
where ui(k+T|k) (T=0, 1, …, M−1) denotes the power 
supply generated by its own controllable energy 
sources at time k+T predicted using the present power 
supply of the ith microgrid at time k and the historical 
data. Xi(k+1) is the difference matrix between the 
power supply and demand of the ith microgrid. Here, 
the power supply originates from renewable energy 
sources of the microgrid, and the power demand 
originates from the electrical consumption of the user 
load. Thus, the difference matrix is described as 
Xi(k+1)=[xi(k+1|k), xi(k+2|k), …, xi(k+P|k)]T, where 
xi(k+T|k) (T=1, 2, …, P) represents the difference 
between the power supply and user demand of the ith 
microgrid from time k to time k+T, and it is predicted 
using the difference between the power supply gen-
erated by renewable energy sources of the ith mi-
crogrid and the electrical consumption by user load at 
time k+T. Vi(k)

 
is the influenced energy matrix of the 

ith microgrid, which is affected by other microgrids. 
Vi(k)=[vi(k|k), vi(k+1|k), …, vi(k+P−1|k)]T, where 
vi(k+T|k) (T=0, 1, …, P−1) represents the influenced 
data of the ith microgrid from time k to time k+T, and 
it is predicted using the influenced value of the ith 
microgrid from other microgrids at time k+T. 

Consequently, the corresponding state matrix 
and control matrix are as follows: 
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  
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B

   (12) 

To improve the use of renewable energy sources 
and reduce the need for controllable energy sources, 
the energy optimization goal of the system model is 
defined as 
 

2 2

( )
1

min ( ) min (|| ( 1)|| || ( )|| ).
i

N

i ik
i

k k k


  
U

J X U     (13) 

 
The energy optimization problem can be con-

sidered in both the prediction and control time do-
mains. In the following section, the distributed pre-
dictive control algorithm is improved to achieve the 
optimal solution. 

 
 
5  Distributed predictive control algorithm 

 
The predictive control algorithm represents a 

discrete control algorithm based on the feedback. It 
considers only the predictive function of the con-
trolled object model, without the consideration of the 
model form. The function of the prediction model is 
based on the historical information of controlled ob-
ject and the future input information {u(k|k), 
u(k+1|k), …, u(k+M−1|k)}, and they are used to pre-
dict the future output information {x(k+1|k), 
x(k+2|k), …, x(k+P|k)}. This feature is more suitable 
for dealing with the complex computing problem 
faced by multi-microgrid energy optimization, and 
the basic structure of the predictive control is shown 
in Fig. 3. 

 
 
 
 

 

 
 
 
 
 
 

Since the multi-microgrid system contains N 
microgrids, the state space equation of the multi- 
microgrid system can be expressed as 

 

( 1) ( ) ( ),

( ) ( ).

k k k

k k

  
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x Ax Bu

y Cx
              (14) 

Fig. 3  Structure of the predictive control model
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Using the predictive time domain P and control 
time domain M, the future state variable and control 
variable are as follows: 

 

( 1| ),  ( 2 | ),  ,  ( | ),

( | ),  ( 1| ),  ,  ( 1| ),

k k k k k P k

k k k k k M k

  
   

x x x

u u u


    (15) 

 
where x(k+P|k) represents the state information at 
time k. In the prediction model, this state information 
can be used to predict the state information at time 
k+P: 
 

1
1

0

( | ) ( ) ( ).
M

P P j

j

k P k k k j


 



   x A x A Bu   (16) 

 
Thus, the forecasting output is described as 

 
1

1

0

( | ) ( ) ( ).
M

P P j

j

k P k k k j


 



   y CA x CA Bu

 

(17) 

 
If the new vectors are defined as 

 
T T T T[ ( 1| ) , ( 2 | ) , , ( | ) ] ,k k k k k P k   Y y y y  

(18) 
T T T T[ ( | ) , ( 1| ) , , ( 1| ) ] ,k k k k k M k   U u u u  

(19) 
then it can be written as 
 

( ) ,k Y Φx ΨU                     (20) 

where 
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(21) 
Consequently, the output of the multi-microgrid sys-
tem at the next time moment is 
 

0 1 2( ) [ ( ), ( ), ( ), , ( )],Nk j f k k k k Y Y u u u    (22) 

 
where j=1, 2, …, P, ui(k) is the N-dimensional input 
vector, Y(k+j) and Y0(k) are the output of the predic-
tive value and the initial predictive value at time k, 
respectively, and f is the mapping function. Mean-

while, the input and output variables should meet the 
constraint conditions: 

min max( ) ,  u u u                           (23) 

min max( ) .  Y Y Y                           (24) 

 
Hence, the optimization goal (13) of the multi- 

microgrid system is transformed into 
 

1 ( ), ( )

1 2
1

min

  min [ ( | ), ( ), ( ) , ( )] .

Nk k

P

N
j
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



 
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 


u u
J

L Y u u u




(25) 

 
In microgrid optimization, the coupling of mi-

crogrids must be considered. Thus, the prediction 
equation of the ith microgrid is defined as 
 

,0 1 2( ) [ ( ),  ( ),  ( ),  ,  ( )].i i i Ny k f y k u k u k u k 
   

(26) 

 
The traditional distributed control structure re-

quires the assignment of optimization indices to var-
ious regulators of microgrids (Scattolini, 2009) 
(Fig. 4). 

 
 
 
 

 
 
 
 
 

 
 
 
 
 
 
Accordingly, the global optimization index of 

the multi-microgrid system represents a simple sum 
of all microgrid optimization indices. For the ith mi-
crogrid, the optimization index in the predictive con-
trol algorithm based on the Nash optimization is ex-
pressed as 

 

,
1

[ ( | ),  ( )].
P

i i i i M
j

J L y k j k u k


            (27) 

Fig. 4  Traditional distributed control structure

...
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The Nash equilibrium is composed of the opti-
mal strategy of each microgrid, but it does not mean 
that it is the optimal result of a system. The optimi-
zation of each microgrid is just one part of global 
system optimization. When the local optimization 
index of each microgrid is in conflict with the global 
optimization index of the system, the output result is 
difficult to converge to the optimal solution of the 
whole control system. 

The redesign of the distributed control structure 
based on global optimization (Fig. 5) should consider 
both the local optimization index of each microgrid 
and the influenced index of the whole multi- 
microgrid system. The control sequences of mi-
crogrids related to the ith microgrid have to be added 
to the control law of the ith microgrid. 

 
 

 
  

 
 
 
 
 
 
 
 
 
 
 
 

 
Thus, at time k and after the (l+1)th iteration, the 

optimization index of the ith microgrid is obtained: 
 

1

1 1
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1 1
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(28) 

 
where j, g=1, 2, …, N, j≠i, and g≠i. The first part on 
the right side of Eq. (28) represents the local optimi-
zation index of the ith microgrid, and the second part 
the influenced index of the ith microgrid in the global 

optimization process. 1( )l
iy k  and 1( )l

jy k  are ob-

tained from the following prediction equations: 

1 1
,0( ) [ ( ),  ( ),  ( )],l l l

i i i i jy k f y k u k u k 
          

(29) 

1 1
,0( ) [ ( ),  ( ),  ( )].l l l

j j j j gy k f y k u k u k 
         

(30) 

 
The workflow of the proposed algorithm is 

shown in Fig. 6, and its realization is as follows: 
1. At time k, the number of iterations is set to l=0, 

and the initial forecasting value of the ith microgrid 
yi,0(k) is provided to other microgrids. The ith mi-
crogrid obtains the information flow about the initial 
forecasting values of other microgrids yj,0(k) (j≠i). 
Thus, the initial control value ui,0(k) is provided to 
each microgrid.  

2. Each microgrid obtains the information flow 
about previous control sequences of other microgrids. 
Based on the optimization index (Eq. (28)) and pre-
dictions (Eqs. (29) and (30)), the optimal solution of 

this iteration 1( )l
iu k  is obtained. 

 
 
 
 
 
 
 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

...
...

...
...

Fig. 6  Workflow of the proposed algorithm 
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End
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Fig. 5  Distributed control structure based on global 
optimization 
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3. The accuracy is set to εi to determine whether 
the predictive iteration is convergent for each mi-
crogrid, or in other words, whether the inequality 

1|| ( ) ( ) ||l l
i i iu k u k     is satisfied. If the iterations of 

microgrids are all convergent, the iterations are 

stopped. The control law * ( )iu k  obtains the final so-

lution * 1( ) ( )l
i iu k u k  and the algorithm goes to the 

next step. Otherwise, 1( ) ( ),  1,l l
i iu k u k l l    and 

the algorithm returns to the previous step. 

4. The control law * ( )iu k  that satisfies the itera-

tive convergence is used as the optimal control law at 
time k and applied to the operation of each microgrid. 

5. Time is shifted to time k+1, and the algorithm 
returns to step 1. The above process is repeated until 
time k+P when all the predictive control operations 
are ended. 

To provide a better understanding of the pro-
posed idea and the sequence of steps, a high-level 
flowchart of the proposed algorithm is shown in 
Fig. 7. 

The operation and management of each MG in 
different modes can be controlled by the local EMS at 
the primary-level. An MPC is embedded in the  
second-level and it is responsible for the overall co-
ordination of these EMSs. It collects operation in-
formation of MGs and allocates power exchange 
between MGs. 

 
 

6  Simulation results 
 

To verify the proposed control idea, a three- 
microgrid system has been established. Each mi-
crogrid contains solar and energy sources, a gas 
 

 
 
 
 
 
 
 
 
 
 

 

turbine, and a user load. Microgrids are intercon-
nected as shown in Fig. 8. The distance between mi-
crogrid #1 and microgrid #2 is the shortest, while the 
distance between microgrid #1 and microgrid #3 is 
the longest. 
 

 
 
 
 
 
 
 
 
 
It is assumed that the operation mode of each 

microgrid is the same. First, the microgrid uses the 
power from its own renewable energy sources, e.g. 
solar and wind energy. If there is extra power gener-
ated by renewable energy sources after meeting the 
microgrid’s own load, it is transferred to the nearest 
microgrid. However, if the power generated by all 
renewable energy sources in the multi-microgrid 
system is unable to meet the user load, the controlla-
ble energy sources will be employed. The renewable 
energy sources have a lower cost than controllable 
energy sources. 

According to the operational characteristics of 
each microgrid, artificial data of microgrids are 
shown in Fig. 9 with the time step for calculation of 
5 min. To set the working environment, the following 
assumptions are made: the power supply of microgrid 
#1 originates mainly from solar energy, and the peak 
power consumption is concentrated from 7:00 to 8:00 
in the morning and from 18:00 to 20:00 in the evening. 
These are typical characteristics of a residential dis-
trict. The power supply of microgrid #2 originates 
mainly from solar and wind energy, and the peak 
power consumption is concentrated in working hours, 
from 9:00 to 11:00 in the morning and from 13:00 to 
17:00 in the afternoon. These are typical characteris-
tics of a working district. The power supply of mi-
crogrid #3 originates mainly from wind energy, and 
the peak power consumption is concentrated from 
6:00 to 12:00 in the morning. These are typical 
characteristics of a farming district. The microgrids of 
the three different types are interconnected into the 
multi-microgrid system. 

Fig. 7  High-level flowchart of the proposed algorithm 
where i=1, 2, …, N 

l
i
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Fig. 8  Position relation of three microgrids
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Clearly, if microgrids run independently, there is 

no cooperation between them. Sometimes, when the 
power supply from renewable energy sources cannot 
meet its own user load, the power consumption is 
supplemented by only controllable energy sources. 
Accordingly, since the surplus renewable power of 
microgrids cannot be transmitted between microgrids, 
the renewable energy utilization is very low. However, 
if the energy management model of the multi- 
microgrid system is adopted considering the power 
flow between microgrids, the system model parame-
ters are set as follows: 
 

0.3 0.5 0.2

( 1) ( )0.5 0.2 0.3

0.2 0.3 0.5

0.6 0 0

 0 0.8 0 ( ),

0 0 0.1

k k

k

 
    
  
 
   
  

x x

u

            (31) 

 
where x(k)=[x1(k), x2(k), x3(k)]T and u(k)=[u1(k), u2(k), 
u3(k)]T. 

The controllable power supply curves of each 

microgrid on a daily basis in both independent (no 
collaboration) and interconnected (with collaboration) 
conditions are shown in Fig. 10. Under the premise 
that a microgrid can meet real-time user demand by 
itself, the controllable power supply data of each 
microgrid in the two operating conditions are used for 
comparison. Namely, microgrids #1, #2, and #3 have 
reduced the use of the controllable energy supply by 
17%, 58%, and 26%, respectively. In other words, 
when the energy management model is applied to the 
multi-microgrid system working in the intercon-
nected mode, the dependence on the controllable 
energy can be decreased greatly and the validity of the 
control strategy of the multi-microgrid system has 
been confirmed. 

 
 
 
 
 
 
 
 

 
 
 
 
 

 
 

 
 
 
 
 
 
 

 

 
Since the energy management of a multi- 

microgrid system represents a complex multi- 
dimensional computation, the proposed algorithm has 
been applied to the prediction control model. The 
parameters of the algorithm were set as follows: the 
prediction time domain P and control time domain M 
were equal, P=M=8, and the objective precision was 
set to εi=0.7 (i=1, 2, 3). Simulation results are shown 
in Fig. 11. 

Fig. 9  Curves of renewable energy supply and user 
load of microgrids #1 (a), #2 (b), and #3 (c) 

0

5

10

15

20

25

30

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

User load #1
Renewable energy supply #1

(a)

Time (h)

0

5

10

15

20

25

30

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

User load #2
Renewable energy supply #2

(b)

Time (h)

0

5

10

15

20

25

30

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

User load #3
Renewable energy supply #3

(c)

Time (h)

Fig. 10  Curves of the controllable power supply in 
independent and interconnected conditions of 
microgrids #1 (a), #2 (b), and #3 (c) 
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In Fig. 11, the solid and dotted lines represent the 
actual power supply and the predictive power supply 
of microgrids #1, #2, and #3 on daily basis, respec-
tively. The actual power supply of each microgrid is 
consistent with the predictive value. Namely, mi-
crogrid #1, which belongs to the residential area, gave 
the surplus electricity generated from its own re-
newable energy sources to microgrid #2 during the 
period of 9:00–11:00 in the morning, which was the 
peak period of power consumption of microgrid #2. 
Thus, the real-time power supply of microgrid #2, 
which belongs to the working area, was guaranteed. 
The same situation occurred during the period of 
14:00–17:00. The surplus power originated from 
renewable energy sources of microgrids #1 and #3 
was transmitted to microgrid #2, which greatly re-
duced the use of controllable energy sources of mi-
crogrid #2 in this period. 

 
 
 
 
 
 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Hence, it can be concluded that the proposed 

algorithm can use the system’s inherent capability 
and provide collaboration between microgrids. The 
algorithm can effectively estimate the real-time 
power supply of each microgrid and give a powerful 

decision-making basis for optimal dispatch of power 
flow. 

The proposed algorithm has been verified by an 
EMS in the C programming environment on a com-
puter with a 3.4-GHz CPU and a 4-GB RAM. In 
comparison, the execution time of the CPU for algo-
rithms MPC and PSO was presented in Table 2. The 
results show that the CPU allocates less time to the 
execution of EMS-MPC than that of EMS-PSO. 

 
 
 
 
 
 
 

 
In addition, the convergence specification of the 

proposed algorithm has been analyzed and compared 
to that of PSO. The iteration times of the proposed 
and PSO algorithms are shown in Fig. 12. The 
maximum number of iterations is set to 40. The pro-
posed algorithm converged after 23 iterations while 
the PSO algorithm converged after 31 iterations. The 
results show that EMS-MPC requires less computa-
tion than EMS-PSO. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

7  Conclusions 
 
In this study, an energy optimization manage-

ment algorithm has been proposed based on the model 
predictive control to reduce the computation com-
plexity of an optimization algorithm. The idea of 

Fig. 11  Actual power supply and predictive values of 
microgrids #1 (a), #2 (b), and #3 (c) 
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Table 2  Average calculation time of the system with 
different algorithms 

Algorithm Execution time (s) 

EMS-PSO 2.1 

EMS-MPC 1.6 

Fig. 12  Characteristics of convergence 
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decomposition and coordination has been proposed to 
achieve the balance between the power supply and 
user demand, and the cost of the power supply has 
been minimized by coordination of the surplus energy 
in the multi-microgrid system. The approach de-
composes the optimization problem into two parts, 
and a distributed predictive control algorithm based 
on the global optimization was improved to achieve 
the optimal solutions by iteration and coordination. 

The results proved the effectiveness of the pro-
posed method, which can provide demanded energy 
to consumers in real time and improve the renewable 
energy efficiency. The performance of the proposed 
algorithm has been compared with that of a PSO 
algorithm, and results showed that the convergence 
speed of the proposed algorithm was increased and a 
remarkable improvement of efficiency was achieved. 

We are currently considering the extension of 
this study to the distributed control scheme, wherein 
the microgrids exchange information flow with 
neighbors according to a certain rule. This control 
scheme can greatly reduce the need for a central 
processor. However, the improvement of reliability 
and robustness of the control method has become a 
thorny problem, and it will be one of our future  
research topics. 
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