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ABSTRACT This paper investigates robust output voltage control of battery energy storage systems (BESS)
inverter in stand-alone micro-grid. The transfer function model between the output voltage and duty cycle
of the BESS inverter is established, base on which the main factors affecting the output voltage are analyzed
theoretically. Then, the expanded inverse model of the BESS inverter is developed based on BP neural
network, and the gravity search algorithm (GSA) is employed to search the initial values of the network’s
parameters in the training process. Further, a control method for the output voltage of BESS inverter is
proposed by putting the expanded inverse model in series with the original system as well as performing
the single-loop control with PI controller. Both simulation experiment results and prototype experiment
results show that the proposed expanded inverse model control method has a strong capability of disturbance
rejection and could ensure the high power quality for the output voltage of the BESS inverter.

INDEX TERMS BESS inverter, inverse model, BP neural network, gravity search algorithm, load distur-
bance.

I. INTRODUCTION
Microgrids are the systems that integrate renewable-energy
sources (RESs), energy storage systems (ESS) and loads
on a low-voltage network which can operate in either grid-
connected mode or stand-alone mode [1], [2], [3]. The sta-
bility of voltage, which means the power balance between
supply and demand, is one of the most important power
quality issues for the microgrid. In the grid-connect mode,
the microgrid voltage is maintained within a tight range by
the main grid. In the stand-alone mode, however, the achieve-
ment of stable microgrid voltage is not straightforward [4].
Power unbalance between supply and demand would cause
the microgrid voltage to fluctuate, and the system can even
experience a blackout if no prevention measures are consid-
ered [5], [6].

The battery energy storage systems (BESS), an ESS which
is composed of storage batteries and a power electronic
device, inverter, has a faster response speed to release energy
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than general ESS [7], [8]. Therefore, in stand-alone mode
microgrid, BESS usually works as the main power source to
provide stable system voltage, thereby overcome the internal
power unbalance between RES and loads [9], [10]. Com-
pared with general inverters, the voltage control of the BESS
inverter is more challenging for large-scale variation of the
operating point and frequent disturbance [11]. Therefore,
a voltage control method with strong disturbance-rejection
capability, low harmonic voltage content is expected for the
BESS inverter.

In existed studies, different control methods for inverters
have been proposed, such as PI control method, hystere-
sis control method, dead-beat control method and propor-
tional resonant (PR) control method [12]. The PI control
method is commonly used in inverter applications, generally,
the switching frequency is a constant which could simplify
the filter design. Unfortunately, it is hard to track a sinusoidal
reference without steady-state error and also has poor adapt-
ability to the load disturbance [13].

Hysteresis control method generates the triggering pulses
for the switches directly based on the detection of the control
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error, which has the virtues of simplicity and robustness,
however, the achievable minimum error value is twice the
hysteresis band, and the variable switching frequency is dis-
advantageous to the filter design [14], [15].

Dead-beat control method can ensure a fast dynamic
response and also a precise compensation of any disturbance
[16], [17]. However, the variations of passive elements values,
and the control time delay, have an obvious influence on the
performance of this control method, sometimes may cause
the instability of the system.

PR control method could eliminate the steady-state error
at a certain frequency through the introduction of an infinite
gain at resonant frequency [18], [19]. However, only low-
order voltage harmonics could be eliminated for the sake of
system instability when the compensated frequency beyond
the bandwidth of the system.

Self-adaptive inverse control method has drawn much
attention in engineering applications owing to the clear phys-
ical concept, being intuitive and easy to understand [20],
[21]. However, the accurate model of the original system
should be acquired in advance, which is quite difficult to meet
in practice. Furthermore, even if the accurate model of the
original systemwas acquired, it is often quite difficult to solve
the inverse model [22]. At the same time, artificial neural
networks (ANNs) have been widely applied in modeling and
control of complex dynamic systems with impressive adap-
tive learning capability and strong fault tolerance ability [23].
Combining them, the inverse control method based on ANN-
model could overcome the difficulty of solving the inverse
problem, thus showing a promising future in applications. In
recent years, ANN-model based inverse control method has
been applied in different fields [24], [25], [26].

It is unfortunate in the literature that few reports describe
the application of the inverse model control method to the
BESS inverter. In the previous work of the authors [27],
aiming at improving the BESS inverter’s adaptability to the
disturbance in stand-alone micro-grid, an inverse model of
BESS inverter is established using BP neural network, and
the simulation result show that inverse control method could
effectively improve the dynamic response speed and reduce
the harmonic content of the inverter output voltage. This
paper could be considered as the extension and improvement
of the literature [27], the main contributions are as follows:

(1) The transfer function model between the output voltage
and duty cycle of the BESS inverter is established, based
on which the main factors affecting the output voltage are
analyzed theoretically.

(2) The inverse model of the BESS inverter is constructed
based on BP neural network, of which the initial values of
network’s parameters is determined by the gravity search
algorithm (GSA) in the training process.

(3) An output voltage control method for BESS inverter
is proposed by putting the expanded inverse model in series
with the original system as well as performing the single-loop
control with PI controller, and the effectiveness of the control
method is validated by simulation.

FIGURE 1. Topology of single-phase BESS inverter.

TABLE 1. Component parameters of the BESS inverter.

(4) A prototype of a BESS inverter is developed, based
on which the effectiveness of the proposed control method
is further validated.

Accordingly, contents of this paper include seven parts:
Model of the BESS inverter (Section 2); Structure of the
inverse model of the BESS inverter (Section 3); Training of
the neural network inverse model (Section 4); Design of the
inverse control scheme (Section 5); Simulation experiment
(Section 6); Prototype experiment (Section 7); Conclusion
(Section 8).

II. MODEL OF BESS INVERTER
A typical single-phase BESS inverter is depicted in Fig.1.
It is known that the system consists of a DC–AC voltage
source inverter and an LCL filter. The LCL filter is employed
to reduce the high-frequency harmonic components in the
waveform of voltage uo. Z is the equivalent load in stand-
alone mode microgrid, the consume power of which is equal
to the power difference between the load and RESs. Assume
udc is the port voltage of BESS, d is the duty cycle of the
PWM generator that works in unipolar method, ui is the out-
put voltage impulse sequence of the voltage source inverter,
uiA is the mean value of ui, when the switching frequency of
the inverter is fast enough, there is d = uiA/udc.
Take inductor current i1, inverter output current io and

capacitor voltage uc as state variables, the state equations of
the system depicted in Fig.1 are

di1
dt
= −

uc
L1
+

ui
L1

(1)

dio
dt
= −

Zio
L2
+

uc
L2

(2)

duc
dt
=

i1
C
−
io
C

(3)

3782 VOLUME 8, 2020



X. Wang et al.: Output Voltage Control of BESS Inverter in Stand-Alone Micro-Grid

FIGURE 2. Bode diagram of the BESS inverter under different equivalent load.
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The transfer function G(s) between inverter output voltage
uo and duty cycle d could be obtained by small-signal mod-
eling method as [28]:

G(s) =
udcZL2

L21L2Cs
3 + ZCL21s

2 + (L21 + L1L2)s+ L1Z
(6)

According to themathematical model of the BESS inverter,
the main factors affecting the inverter output voltage uo
mainly include the following variables:

(1) Equivalent load Z. When Z is a linear load like RLC
type load, the inverter has a linear characteristic, however,
the inverter stability is unlike under different Z. The typical
component parameters of a 10kW BESS inverter are shown
in Tab.1, of which the LCL filter is designed to reduce the
switching frequency ripple while has the characteristics of
rapid dynamic response and good stability margin [29], [30].
Take resistor type load as an example, the inverter bode
diagram under different Z is shown in Fig.2 according to the
component parameters in Tab.1. It is known that the phase
margin is negative, which means the inverter is unstable, and
a heavier Z matches a smaller phase margin. When Z is a
non-linear load, the inverter has a corresponding nonlinear
characteristic. Rectifier type load is the most common non-
linear load, the turn on and turn off process can be regarded as
the periodic switching of no-load and equivalent heavy load,
therefore, it is easy to distort the inverter output voltage [31].

Because inverter output current io could reflect the change
of Z, it could be taken as a disturbance of the BESS inverter
output voltage uo.
(2) BESS port voltage udc. udc represents the state of charge

(SOC) for BESS, which varies on a large scale along with the
change of working conditions. From Eq. (6), it is known that
udc directly affects the gain of the transfer function G(s), and
in further affects the steady-state value of the inverter output
voltage uo. Therefore, udc should be taken into account for
the control of inverter output voltage.

(3) Capacitor voltage uc. uc is the system state variable
which reflects the internal state of the LCL filter, thus influ-
ence the dynamic process of the output voltage of the inverter.

(4) Duty cycle d. d is the control input of the inverter which
directly affects the steady-state value of the output voltage of
the inverter.

III. STRUCTURE OF INVERSE MODEL OF BESS INVERTER
A. PRINCIPLE OF NEURAL NETWORK INVERSE MODEL
It is known from neural network inverse system theory that
if the inverse model u = f −1(y) of a typical SISO nonlinear
system y = f (u) can be approximated by a neural network
model and this model is put in series with the original system,
then a pseudo-linear system y = g(y∗) can be constructed and
solved with conventional linear system methods. As shown
in Fig.3, the input of this kind of NN inverse model only
includes the control input, therefore, it is called the basic-
structure inverse system model [21].

To make full use of the information of the original system,
and enhance the anti-disturbance capability of the inverse sys-
tem model, some important state variables and disturbances
of the original system could be added to the inputs of the
basic-structure neural network inverse system model. As a
result, an expanded neural network inverse system model
could be constructed, as shown in Fig.4. After the expanded
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FIGURE 3. Basic structure of the neural network inverse system.

FIGURE 4. Structure of the expanded inverse model.

FIGURE 5. Direct/inverse models for the output voltage of a BESS
inverter. a) Direct model; b) Inverse model.

neural network inverse system model has been established,
trained and validated with high precision, a neural network
inverse control method could be designed to realize inverse
control of the original system.

B. STRUCTURE OF THE INVERSE MODEL
It is known from the analysis in Section 2 that the main
factors affecting the inverter output voltage uo includes BESS
port voltage udc, inverter output current io, capacitor voltage
uc, and duty cycle d, therefore, direct model for the inverter
output voltage uo could be set up as shown in Fig.5 a), while
the inverse model could be formed as shown in Fig.5 b).

In this study, digital control mode is considered in the
implementation of the BESS inverter control. For the kth
control period of the BESS inverter, assume the sampling of
BESS port voltage udc(k), capacitor voltage uc(k), inverter
output current io(k), inverter output voltage uo(k) is per-
formed at the beginning of the control period, meanwhile,
duty cycle of the PWM generator d(k) is generated. There-
fore, for direct model, udc(k), uc(k), io(k) and d(k) should
be taken as inputs, and the output is the sampling of inverter
output voltage in k+1th control period, uo(k+1). To represent
the inverter dynamic characteristic more accurately, the duty
cycle d(k-1) of k-1 th control period, the inverter output
current io(k-1) of k-1th control period, and uo(k) could be

FIGURE 6. Structure of direct/inverse models for the output voltage of a
BESS inverter. a) Direct model; b) Inverse model.

added in the inputs of the direct model, as shown in Fig.6 a).
The direct model has 7 inputs and 1 output, correspondingly,
a BP neural network inverse model could be constructed as
shown in Fig.6 b), which has 7 neurons in the input layer,
1 neuron in the output layer, and N neurons in the hidden
layer.

IV. TRAINING OF NEURAL NETWORK INVERSE MODEL
A. DATA COLLECTION
The BP neural network inverse model should be trained with
the sample data set after the models’ inputs, outputs and
structures are determined. To make a neural network model
fully represent the dynamic and static characteristics of the
controlled object, the training data should be rich enough to
contain different operating conditions under which the model
will be applied. In this work, a BESS inverter model is built
with Matlab to collect the sample data set.

For Simscape in Simulink environment of Matlab, both the
inside Power system libraries and Electronics libraries could
be used to model an electrical system, however, Electron-
ics libraries provide more detailed blocks, which are more
suitable for high-precision modeling. Therefore, Electronics
libraries are chosen to build the BESS inverter model accord-
ing to the parameters of Tab.1.

During the collection of data sets, different inverter oper-
ating conditions are considered. The BESS inverter runs with
a conventional PI control method, and the control period
is 10−4s according to the PWM switching frequency of
10 kHz. 63 kinds of different equivalent load in total are
taken into account, including linear equivalent load, nonlinear
equivalent load, and equivalent load switching, as shown in
Tab.2. Meanwhile, to reflect the influence of SOC variation,
when collecting samples under every kind of equivalent load,
the initial value of port voltage udc is randomly given between
350V and 450V. 25200 sets of data are collected in total,
randomly select 22200 of them as training data set, and the
remain 3000 of them as test data set, then Matlab Neural
Network Toolbox is used to train the inverse models.

B. TRAINING OF INVERSE MODEL
Generally, the number of hidden nodesN aswell as the activa-
tion functions in a neural network has an obvious influence on
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TABLE 2. Working conditions for the collection of data sets.

its performance. The optimal scope of N could be calculated
as [3,12] according to the following empirical formula:

N =
√
m+ n+ α (7)

where m is the number of neurons in the input layer, n is the
number of neurons in the output layer, and α is the integer
number belongs to [1,10]. In this paper, the optimal N are
determined by trial and error, that is, the activation functions
of the hidden layer and the output layer adopt sigmoid func-
tion and purelin function respectively, the inverse model is
directly trained with standard BP algorithm for 1000 cycles,
and the mean squared errors (MSEs) for 10 times of training
are shown in Tab.3, it is known that the optimal N is 9 for
minimum MSE is achieved.

There are three kinds of activation functions in Matlab
Neural Network Toolbox, sigmoid function, tansig function,
and purelin function. The performance of the neural network
under different conditions of activation functions are further
investigated, as shown in Table.4, it is known that smaller
MSEs are achieved when the activation function of hidden
layer is chosen to be sigmoid or tansig, while the activation
function combination of sigmoid-purelin achieves the mini-
mum MSE.

The minimum MSE is not quite ideal for the training
process is generally easy to fall into local optimization due
to the random selection of initial network parameters like
connection weights and thresholds for the neurons. In order
to avoid this phenomenon, the gravitational search algorithm
(GSA) is employed to search the optimal initial value of the
network’s parameters in this study.

Gravitational search algorithm (GSA) is a nature-inspired
metaheuristic optimization method firstly proposed by
Rashedi et al. in 2009, of which the basis is Newton’s second
law of motion [32]. In GSA, searcher agents are considered
being individual objects attracting each other by gravitational
force, and the masses of the objects are assigned according
to their evaluation value. The gravitational force causes the
movement of all objects towards the sub-optimum solutions.

Consequently, the heavier objects correspond to better solu-
tions while lighter objects correspond to the weaker solutions
of the problem.

In the search space, each solution is presented by the
position vector of each object and can be defined by

Pi = (p1i , . . . , p
d
i , . . . , p

D
i ) for i = 1, 2, 3, ÿ,N1, (8)

The position of the object i in the d-th dimension is pre-
sented by pdi , while N1 and D present the number of objects
and the dimension of the search space, respectively. The
reaction force from object j to object i of dimension d at the
specific time t is calculated as

Fdij (t) = G(t)
Mi(t)Mj(t)∥∥Pi(t),Pj(t)∥∥2 (pdj (t)− pdi (t)) (9)

where G(t) is the gravitational constant which is set to be G0
at the beginning of the search process and is updated based on
the Eq.(10) to ensure the performance of the search process
at iteration t .

G(t) = G0(t)e−αt/T (10)

Mi(t) and Mj(t) are the mass of object i and object j respec-
tively, which could be calculated according to Eq. (11) and
Eq. (12)

Mi(t) =
mi(t)

N1∑
j=1

mj(t)

(11)

mi(t) =
fi(t)− fworst (t)
fbest (t)− fworst (t)

(12)

where fi(t) presents the value of the fitness of object i at
time t , fbest (t) and fworst (t) present the best and worst fitness
respectively for the population at time t . For maximization
problems, there is

fbest (t) = max
j∈{1,2,···N1}

fj(t), fworst (t) = min
j∈{1,2,···N1}

fj(t) (13)

VOLUME 8, 2020 3785



X. Wang et al.: Output Voltage Control of BESS Inverter in Stand-Alone Micro-Grid

TABLE 3. MSEs of the inverse model with different N.

The total reaction force from all of the other objects to the
object i could be calculated as

Fdi (t) =
∑
j 6=i

randjFdij (t) (14)

where randj is a random number with uniform distribution in
the interval [0,1]. The acceleration of the object i is calculated
according to Newton’s second law of motion:

adi (t) =
Fdi (t)

Mi(t)
(15)

then the velocity vdi (t + 1) and the position pdi (t + 1) of the
object in the next iteration could be calculated as

vdi (t + 1) = randi × vdi (t)+ a
d
i (t) (16)

pdi (t + 1) = pdi (t)+ v
d
i (t + 1) (17)

where randi is a random number with uniform distribution in
the interval [0,1].

When GSA is employed to search the optimal value of the
initial parameters of the BP neural network inverse model,
the position of the object i could be encoded as

Pi = [wlh, bh,whm, bm] (18)

wherewlh ={wji|j = 1, . . . , l, i = 1, . . . , h } is the weight set
between the input layer neurons and the hidden layer neurons,
whm = {wkj|k = 1, . . . ,m, j = 1, . . . , h } is the weight
set between the hidden layer neurons and the output layer
neurons, bh and bm are the threshold vector of the hidden layer
neurons and the output layer neurons, respectively.

Define fitness of the object i as the negative value of the
mean square error (MSE) on the training data set

fi = −
1
n

n∑
i=1

(xi − x̂)2 (19)

where n is the number of the samples in the training data set,
xi is the expected network output, and x̂ is the actual network
output.

When the search process is over, the standard BP algorithm
is employed to train the network further based on the obtained
optimal initial parameters. In this study, the maximum num-
ber of iterations of GSA is set to be 1000, while the size of the
particle population N1 is set to be different values to investi-
gate the influence on the network’s performance. When the
network is directly trained by standard BP algorithm without
the parameter optimization process based on GSA, the MSE
on the test data set for 10 times of training is 2.94×10−4,
while the MSEs of the GSA-BP trained network on the test

TABLE 4. MSEs of the inverse model with different activation functions.

TABLE 5. Performance of the network for with different N1 on test data
set.

data set as well as the gain ratios are shown in Tab.5. It is
known that the MSE gradually decreases with the increase of
N1 and no long changes when N1 is greater than 50, and the
GSA-BP trained network has obvious higher precision.

V. INVERSE CONTROL SCHEME DESIGN
Theoretically, the inverse model could be directly used as
the controller for the original inverter system. That is, at the
beginning of the k th control cycle, duty cycle d(k) could
be calculated by replacing the uo(k+1) in Fig.6 b) with
u∗o(k+1), which is the reference value of uo for k+1 th control
cycle. However, this control scheme is quite sensitive to the
accuracy of the inverse model, the minor error of the inverse
model may cause poor control effect. Therefore, in this
study, a pseudo-linear system is constructed by putting the
expanded inverse model in series with the original system,
then single-loop control is performed with PI controller,
as shown in Fig.7. It’s important to note that the input uo(k+1)
in the inverse model is replaced by uPI(k), which is the output
of the PI controller for k th control cycle.
Then, the control principle of the output voltage of BESS

inverter could be regarded as Fig.8, in which the influence of
inverse model error is equivalent to disturbance D(s), and the
performance of the system depends on the proportional gain
kp and integral gain ki of the PI controller.
The closed-loop transfer function between the actual value

and reference value of the output voltage is

GC(s) =
uo(s)
u∗o(s)

=
kps+ ki

(1+ kp)s+ ki
(20)
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FIGURE 7. Single-loop control method with ANN inverse model.

FIGURE 8. Control principle of the output voltage of BESS inverter.

while the closed-loop transfer function between the actual
value of the output voltage and the disturbance is

GN(s) =
uo(s)
D(s)

=
s

(1+ kp)s+ ki
(21)

It is known that the system is stable for the pole is distributed
in the left half plane, and kp = 10, ki = 320 is adopted in this
paper to achieve the good response to reference signal while
the effective elimination of high frequency harmonics.

VI. SIMULATION EXPERIMENT
Based on the model of BESS inverter built with Matlab in
Section IV, the presented single-loop control method with
ANN inverse model is implemented, and the contrast sim-
ulation experiment with conventional PI control method is
carried out for linear condition and nonlinear condition,
respectively.

A. CONDITION 1: LINEAR EQUIVALENT LOAD, A 2.5KW
RESISTOR TYPE LOAD.
As seen in Fig.9, both control methods could achieve satis-
factory control results that the BESS inverter output voltage
uo is in sinusoidal form. However, total harmonic distortion
rate (THD) of the conventional PI control method is 3.94%,
while THD of the presented control method achieves a lower
2.25%; The maximum over shoot at voltage peak is 1.2V
for conventional PI control method, while it is 0.3V for the
presented control method. It is indicated that the presented
method has a better voltage waveform quality than the con-
ventional PI control method.

FIGURE 9. Output waveforms for different control methods with resistor
type load. a) Waveforms for the conventional PI control method;
b) waveforms for the presented control method.

B. CONDITION 2: NONLINEAR EQUIVALENT LOAD, A
2.5KW RECTIFIER TYPE LOAD. (CONDUCTING ANGLE IS
60◦)
As seen in Fig.10 a), when rectifier type load turns on and
turns off, dramatically oscillation of BESS inverter output
voltage uo happens for the conventional PI control method,
and the THD is 6.24%. While in Fig.10 b), when rectifier
type load turns on and turns off, a much smaller oscillation
of BESS inverter output voltage uo happens for the presented
control method, and the THD is 3.87%. The maximum over
shoot of the regulating process is 147V for conventional PI
control method, while it is 35V for the presented control
method. The average settling time of the regulating process is
0.62ms, while it is 0.23ms for the presented control method.
It is indicated that the presented method has a more robust
characteristic than conventional PI control method for distur-
bance of output current.

C. CONDITION 3: NONLINEAR EQUIVALENT LOAD, LOAD
SWITCHING.
At first, the inverter works with full load, then switches to
no load at the moment t = 0.015s and switches to full
load again at the moment t = 0.043s. Fig.11 a) shows
waveforms of the output voltage and output current when the
inverter is controlled with conventional PI control method,
it is known that, when switches to no load from full load at
the moment t = 0.015s, both the inverter output voltage and
output current oscillate obviously, the over shoot of the output
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FIGURE 10. Output waveforms for different control methods with rectifier
type load. a) Waveforms for the conventional PI control method;
b) waveforms for the presented control method.

voltage is 239V and the settling time of the regulating process
is 15.26ms; when switch to full load again at the moment
t = 0.043s, the output current increases suddenly and the
output voltage is obviously pulled down, the over shoot of the
output voltage is 230V and the settling time of the regulating
process is 0.48ms.

Fig.11 b) shows waveforms of the output voltage and
output current when the inverter is controlled with presented
control method, it is known that, at the moment t = 0.015s,
both the inverter output voltage and output current oscillate
slightly, the over shoot of the output voltage is 77V and
the settling time of the regulating process is 1.64ms; at the
moment t = 0.043s, the output current increases suddenly
and the output voltage is also pulled down but with smaller
amplitude, the over shoot of the output voltage is 139V and
the settling time of the regulating process is 0.42ms. It is indi-
cated that the presented control method has better adaptability
to load switching than the conventional PI control method.

VII. PROTOTYPE EXPERIMENT
In order to verify the performance of the presented control
method, a BESS inverter prototype which mainly consists
of Microprocessor, FPGA, Intelligent power module (IPM),
and LCL filter is implemented, as shown in Fig.12, while
the parameters of the hardware setup are shown in Tab.6.
The Microprocessor is responsible for signal sampling, while
FPGA is to achieve the real-time calculation of the ANN
inverse model for every control cycle. Because FPGA can

FIGURE 11. Output waveforms for different control methods with load
switching. a) Waveforms for the conventional PI control method;
b) waveforms for the presented control method.

TABLE 6. Parameters of the hardware setup.

not directly take index computation, one important problem
is how to calculate the ex item for sigmoid function

y = f (x) =
1

1+ e−x
=

ex

ex + 1
(22)

In this study, Taylor series expansion method is adopted to
approximately calculate the ex item as

ex ≈ 1+ x +
x2

2!
+
x3

3!
+ . . .

xN

N !
(23)

where N is the expansion orders. The higher the expansion
orders is, the more accurate the calculated result is. However,
higher expansion orders needs more calculation consumption
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FIGURE 12. Prototype of BESS inverter.

FIGURE 13. Output waveforms for the presented control method when
resistor type load is increased.

FIGURE 14. Output waveforms for the presented control method when
resistor type load is decreased.

of FPGA. In this study, the expansion orders is chosen to be
10, by which the maximum absolute error of the calculated
sigmoid function is 2.4910−4 when x is between [-10,10].
Considering that the working condition of load disturbance

is more challenging, the prototype experiment are carried out
for loading switching and rectifier load respectively.

A. CONDITION 1: LOAD SWITCHING, INCLUDING LOAD
INCREASING AND LOAD DECREASING.
Adjust the BESS port voltage udc to be 400V, the performance
of BESS inverter for load increasing and decreasing is shown
in Fig.13 and Fig.14 respectively. In Fig.13, the equivalent
load is 3 kW resistive load at the moment t =0s and increases
to 4.5kW at the moment t = 0.07s; on the contrary, in Fig.14,
the equivalent load is 4.5 kW resistive load at the moment
t = 0s and decreases to 3kW at the moment t = 0.04s.
During load switching, there is no obvious waveform distor-
tion for output voltage uo, which indicate that the presented

FIGURE 15. Output waveforms for the presented control method with
rectifier type load.

TABLE 7. Voltage harmonics for different BESS port voltage.

control method has robust characteristics for loading switch-
ing. The THDs of voltage waveform are 3.16% and 3.64%
respectively for steady conditions of 3kW resistive load and
4.5kW resistive load, which quite agrees with the result of
simulation.

B. CONDITION 2: NONLINEAR EQUIVALENT LOAD, A 3KW
RECTIFIER TYPE LOAD. (CONDUCTING ANGLE IS 45◦)
Adjust the BESS port voltage udc to be 400V, the performance
of ESS inverter for rectifier type load is shown in Fig.15. It is
known that the waveform of inverter output voltage uo has
a high degree of sine, and the THD of voltage waveform is
4.43%.

In order to verify the adaptive capability of the presented
control method to BESS port voltage, set the BESS with
different SOC, and calculate the THD of the voltage wave-
form with 3kW rectifier type load (conducting angle is 45◦),
as shown in Tab.7. It is known that when BESS port voltage
changes, the THD of the voltage waveform varies in quite
small scope and meets the international standards (<5%),
which indicates that the presented control method could over-
come the disturbance of the BESS port voltage. In addi-
tion, the increasing of BESS port voltage corresponds to the
decreasing of THD, the reason is that the BESS port voltage
udc is in the numerator of the Eq. (6), which directly affects
the gain of the open-loop transfer function, while higher
open-loop gain will benefit the reduction of steady-state error
and settling time for the closed-loop system according to the
control theory.

VIII. CONCLUSION
An expanded inverse model control method for the output
voltage of the BESS inverter in stand-alone micro-grid is
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proposed in this study. Based on the analysis of main factors
affecting the inverter output voltage, an expanded inverse
model of BESS inverter is established using BP neural net-
work, and the gravity search algorithm is employed to search
the optimal value of the network’s initial parameters to avoid
falling into local optimality in the training process. A pseudo
linear system is constructed by putting the expanded inverse
model in series with the original system, and then PI con-
troller is adopted to realize the single-loop control of the out-
put voltage. Both simulation experiment results and prototype
experiment results show that the proposed expanded inverse
model control method has a strong capability of disturbance
rejection and could ensure the high power quality.

The future work of this study mainly includes two aspects:
first, more inverter operation data under different load condi-
tions would be collected to enrich the training sample data of
the inverse model and improve the accuracy of the inverse
model; second, the on-line training and real-time updating
of the inverse model would be considered on the inverter
prototype so as to further improve the control effect of the
output voltage.
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