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Abstract— The design of the droop coefficient is one of the
challenges for the droop control of converters, as it plays a key
role in enhancing the performance of the droop control method.
This paper proposes an artificial neural network (ANN) based
technique for the design of optimal droop control of parallel-
connected converters in a fast and accurate manner, without
imposing an additional computational burden on the system.
The developed ANN-based design strategy of droop coefficients
is used for load sharing and DC bus voltage regulation for the
more electric aircraft application. In the design process, the
optimal droop coefficient setting is obtained by evaluating a
user-defined fitness function with the aid of a trained ANN-
based surrogate model. It is observed that the system
performance metrics predicted by the surrogate model matched
very well with that obtained from the simulation model. The
experimental results show that the selected optimal droop
coefficient setting can enhance the performance of the
traditional droop control method in both steady and transient
conditions.

Index Terms— Artificial neural network, droop coefficient
design, droop control, more electric aircraft, optimization,
surrogate model.

I. INTRODUCTION

Power electronic converters (PECs) play a central role in
the electrical power system (EPS) for transportation
electrification, from more electric (MEA)/all-electric aircraft
(AEA), hybrid electric vehicles (HEV), all-electric hybrid
vessels (AEHV), HVDC transmission systems and electric
vehicle charging systems [1, 2]. One of the most widely used
PECs topologies is the voltage source converter (VSC). An
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Fig. 1. A Typical HVDC grid Topology for the future MEA EPS

example of a promising single-bus HVYDC EPS architecture
with multiple parallel-connected sources and multiple loads
for the future more electric aircraft (MEA) electrical power
system (EPS) considered as a case study in this paper is
shown in Fig. 1. As can be seen, the PECs are essential
elements connecting electrical sources and loads. Using a DC
network, it is convenient to integrate energy storage devices
and thus reduce the overall weight of the main generators.
Furthermore, it helps to enhance the redundancy and
availability of the EPS [3]. In such an EPS, the parallel-
connected sources should operate in a coordinated way to
regulate the DC bus voltage and share the electrical loads'
current demand in proportion to their power ratings. Accurate
sharing of the load power demand among the multiple sources
is critical to prevent some of the sources from being
overloaded and thermally stressed [4]. The control of these
PECs' interfacing sources to the microgrid (MG) is a key
issue in the MG’s operation [1, 5], especially concerning the
sharing of the load power demand among the sources and
voltage regulation [6].

The droop control is the most widely employed method for
load sharing and voltage regulation in the DC MG. This is
due to its advantage of being independent of a
communication medium, high reliability, and modularity [7,
8]. The concept of the droop control involves the addition of
a virtual resistance in series with the PEC on the DC bus side
to dynamically change the power sharing. This virtual
resistance is referred to as the droop coefficient or droop gain
of the converter. Furthermore, the droop gains are typically
set to be fixed for each PEC and are based on the converter’s
current ratings to achieve proportionate current sharing.
However, the conventional droop control method has a
limitation in realizing accurate load sharing and voltage
regulation due to the influence of practical factors such as
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unequal transmission line impedance and nominal voltage
reference offset.

As a rule of thumb, when the droop gains of the converters
are selected to be large, there is almost a guaranteed accurate
power sharing among the sources [7]. This is because the
influence of cable resistance on power sharing becomes
negligible. However, this results in poor regulation of the DC
bus voltage, due to the unequal voltage drops across the
transmission cables connecting the paralleled converters to
the DC bus, particularly under heavy load conditions. Also,
the use of a large droop coefficient has the potential of
affecting the system's stability [6, 9]. On the other hand, when
the droop coefficient selected for the converters is small, the
regulation of the DC bus voltage is enhanced while the power
sharing accuracy is degraded [10]. Hence, a trade-off exists
between power sharing accuracy and voltage regulation when
using the droop control method [11]. Therefore, the choice of
the droop coefficient is very important in achieving a balance
between accurate load sharing and acceptable voltage
regulation.

Over the years, several approaches have been proposed to
improve the performance of the droop control method. A
droop control strategy to realize improved load sharing by
selecting a large droop coefficient for the converters is
proposed in [3, 12, 13]. However, these approaches are only
practicable in a small-scale MG in which the distribution line
resistance can be assumed to be small or ignored as in [14].
A communication network is required in [13] to compensate
for the huge deviation in the DC bus voltage due to the large
droop coefficient. A general piecewise droop (GPD) design
is proposed in [15] to achieve both improved load sharing and
voltage compensation at the primary level control of DC
MGs. However, different GPD strategies are derived for
different load regions depending on the desired objectives.
The adaptive tuning of the droop coefficient based on the
loading condition is another approach proposed for enhancing
the droop control method [16, 17, 18, 19]. The adaptive droop
control has better flexibility and is more practicable for power
sharing and voltage regulation when compared to the
conventional droop control. However, it requires the online
estimation of the system’s parameters to modify the droop
gain of the converters. In [20], two adaptive droop control
algorithms are proposed to improve the load-sharing accuracy
and mitigate the influence of the line resistance. In the first
approach, the line resistance is estimated using mathematical
calculations to adjust the droop parameter for accurate load
sharing. A distributed secondary controller is employed in the
second approach to shifting the voltage set point according to
the measured converter current. A communication network is
required in both approaches for information sharing among
the local controllers. The need to compute the average current
for the voltage set point shifting will increase the
computational burden of the system. Also, the use of a
communication link will reduce the reliability and modularity
of the droop control method and increase the cost. An
enhanced droop control strategy is proposed in [10, 21, 22],
which is independent of a communication network and will
ensure accurate current sharing and good DC bus voltage
regulation. The control method adjusts the droop coefficient
of each converter according to the estimated corresponding
subsystems cable resistances. The line resistance is estimated

by actively injecting a pulse disturbance into the system [21,
22]. The injection of disturbance has the potential of affecting
the power quality of the system.

Based on the literature reviewed so far, it can be observed
that these proposed approaches are either reliant on a
communication medium, computationally intensive or
depend on knowledge of subsystem parameters to adjust the
droop coefficient. Therefore, some of these approaches may
not be robust and reliable in ensuring optimal performance
for different MGs, especially when the system parameters are
difficult to obtain. In light of the above, one possible solution
to enhancing the performance of the droop control method is
to explore intelligent and efficient computing techniques to
determine the optimal droop coefficient of the converters.

This paper proposes a possible solution to improve the
performance of the traditional droop control method by
employing the ANN-based optimization for the design and
selection of the optimal droop coefficient of power converters
without incurring an extra computational burden on the EPS,
independent of the knowledge of the system parameters (such
as the line resistance) and reducing the design time. Besides,
it has no risk of getting stuck in the local optimum when
compared with other biologically inspired intelligent
optimization techniques (such as genetic algorithm (GA) and
particle swarm optimization (PSQO)). In addition, for any
additional sub-design space, the proposed approach can
directly provide the best design with no need for another
round of data collection and training [5]. The power system
designer is not required to describe the relationship between
the training data with a pre-defined function. Also, the
modularity and reliability of the traditional droop control
method can be maintained, since it does not require extra
communication links.

The main research contributions in this paper are
highlighted as follows;

1. Using ANN-based optimization for the selection of the
optimal droop coefficient of the converter. To the best
knowledge of the authors, no previous work has employed
the use of the proposed approach for the optimal design of
the droop gains of PECs.

2. The optimal droop coefficient can be obtained in a fast
and accurate manner after training. Hence, significantly
reducing the design time. To achieve that, it is justified to
collect a small amount of data by running the simulations.

3. Since the NN is trained offline and the optimal droop
coefficient obtained is utilized online (i.e in an
experiment), the proposed approach does not incur any
extra computational burden on the EPS during
implementation.

4. Simulation and experiments are carried out to prove the
effectiveness of the proposed approach.

The rest of the paper is organised as follows. The system
model and its control are presented in section II. In section
111, the process and procedures involved in the proposed NN-
based design and selection of the optimal droop coefficient
are discussed. The proposed method is validated using
simulation in section IV. The proposed approach is further
validated using hardware-in-the-loop experimental results in
section V. Section VI concludes the paper and provides a
future research direction.
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Fig. 2 Typical Single bus Multi-source HVDC architecture for future
MEA EPS architecture
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Fig. 3 Control diagram of the PMSG-AR system controlled using the
voltage-mode droop control scheme

Il. SYSTEM ARCHITECTURE AND ANALYSIS OF THE BASIC
DRroor CONTROL METHOD

A. Description of the System Architecture and Control

A multi-source DC grid architecture candidate for the
future MEA EPS distribution network is shown in Fig. 2. The
sources (G;..Gn) are assumed to be permanent magnet
synchronous generators (PMSGs). The main generators draw
power from the aircraft engine and supply power to the main
HVDC (270V or 540V) bus through PECs and transmission
cables. The sources are controlled and regulated by their
corresponding  pulse-width-modulated active front-end
controlled rectifier units (AR1-AR,). The main DC bus
capacitor bank is denoted as Cy. The output capacitors of the
local converters are represented as C1-Cy. The electrical loads
onboard the MEA comprise constant power loads (CPLs) and
resistive loads.

The sources in the MEA EPS (i.e. PMSG-AR systems) can
be controlled either as a current or voltage source depending
on the control strategy adopted. In this paper, the current
sharing among the sources is implemented by using the
voltage-mode droop control scheme adopted from [23]. Fig.
3 shows the voltage-mode droop control scheme
implemented for the control of one PMSG-AR system. As
shown in Fig. 3, a cascaded control structure is implemented.
The inner loop of the control structure is responsible for d-
and g-axis currents control. Since, in the MEA application,
the PMSG is usually operated at high speed, a flux-
weakening control is implemented at the outer loop and a
negative component of the flux current iq is injected into the
machine. The PMSG is controlled as a generator and the DC

link current lgc is regulated by the droop characteristics also
at the outer loop. The M in Fig. 3 represents the modulation
index. Although Fig. 3 shows the control structure for one
PMSG-AR system (due to space limitation), three PMSG-AR
systems are considered in this paper. However, the control
structure is the same for each of the multiple parallel-
connected PMSG-AR systems. A brief analysis of the control
structure and design is provided as follows.

The dynamic equation of the PMSG in the dq frame is
expressed as in (1) [24].

vy =R, + Ly di—a)eLqiq
dt

di (6]

v, = Rii, + L, d—;‘+a)e(Ldid +0,)
where Vg, Vg, ig, ig, Ld, Lo, Rs, om, @e represent the d-axis stator
voltage, g-axis stator voltage, d-axis current, g-axis current,
d-axis inductance, g-axis inductance, stator resistance, flux
linkage of the permanent magnet, and electrical speed
respectively. Itis important to mention that for the MEA EPS,
the surface-mounted and non-salient PMSG is employed due
to its high speed of operation. Therefore, the machine
inductances are equal (Lg =Lq4=Ls).
The converter shown in Fig. 3 is a standard two-level VSC
and is modelled in the dg frame. The AC-side terminal
voltage of the converter is expressed as in (2) [25].

V|= ij +V, )

The real power of the converter from the AC-side terminal is
expressed as in (3).

P =1.5(v,i, +Vi,) 3)

Assuming the power loss in the converter is negligible, the
balance of the power between the DC and AC sides can be
expressed as in (4).

Vielae =1.5(V4ly +V4i, 4
where l4 represents the output current flowing towards the
DC bus. The DC-link bus dynamic equation can be expressed
asin (5).

dVdc — Idc _iL (5)
ad  c

where i, represents the output current for loads. Assuming,
the transmission line impedance can be ignored, Vg will be
equal to the main bus voltage (Vws). The main DC bus
nominal voltage and range are defined according to the MIL-
STD-704F standard [26]. For the MEA EPS, 270 V is the
nominal voltage and a range between 250 V and 280 V
variation is acceptable in the steady-state.

The recently emerged new electrical loads on board such
as environment control systems, and electromechanical
actuators, are predominantly constant power loads (CPLSs)
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Fig. 4 Steady-state equivalent circuit model of a droop-controlled DC
microgrid formed by two (PMSG-AR) systems and one resistive load

[27]. Together with other resistive loads, a combined load

power demand P, can be modelled as
2

V,
P =P +P, %+ Popl (6)

pl =
where the resistive load power demand is Pr, R is the
resistance of the resistive load and P is the power absorbed
by the CPL. Therefore, the V-I relationship of the resistive
and CPL can be expressed as
Vv, R
i = Yo ol @)
R V,
Hence, from (7), the CPL can be represented as a
controllable current source in simulation studies.

B. Analysis of the Basic Droop Control Method

To ease the analysis, Fig. 4 shows the steady-state
equivalent circuit model of the system in Fig. 2 for a two-
source system. The droop-controlled parallel-connected
sources with the interfaced converters (PMSG-AR) are
modelled as an ideal voltage source followed by a virtual
resistance as shown in Fig. 4. Also, the transmission line
impedance connecting the parallel-connected converters to
the DC bus is modelled as resistance for the analysis of the
steady-state operation.

In the droop control mechanism, the output voltage
reference of each converter drops when the output current
increases [6]. In the voltage-mode droop control scheme, the
terminal voltage is regulated based on the measured branch
output DC current. The output voltage reference of the
parallel-connected converters generated using the droop
control method is expressed in (8).

Vieri :Vd*ci —Ryilya ®)
where i represent the number of subsystems (i =1,2), the fixed
virtual droop coefficient and the nominal voltage (270 V) are
denoted as Rq andV, respectively, and the measured output
current of each converter is lqei. Under the no-load condition,
Vd*cl = VdT:Z = Vd*c *

The value of the droop coefficient for each converter is

usually limited and determined based on the current ratings
of the converters as expressed in (9).

RdiSI

max (9)

d ci max

where lgcimax 1S the maximum/full-load output current of the
ith converter and the maximum allowable deviation of the DC
bus voltage is éVmax. This way the voltage deviation at the
output of each of the converters as a result of the droop
control mechanism is limited within the maximum tolerable

value. The value of 6Vmaxis usually set to be about 5% of the
nominal voltage [28].

Assuming the transmission line resistance can be ignored,
expression in (10) shows the current sharing ratio between the
sources in steady-state.

1 1
Idcl: Idcz:k_:k_ (10)
d1 - Rd2

where kg1=Rq1 and kg,=Rq are the droop gain of the PECs.
The droop gain of each PEC is typically chosen such that
the converters can share currents in proportion to their power
ratings. It can be observed from (10) that droop coefficients
are selected to be inversely proportional to the current ratings
of the converters. This is to ensure that the droop controller
can provide accurate current sharing among the sources if the
same nominal voltageV, is applied to each of the droop

characteristics and the transmission line resistance can be
neglected. However, the transmission cable impedance can
only be neglected in a small system. In a large and low-
voltage DC microgrid, the transmission cable impedance
cannot be ignored in a practical situation as it is
predominantly resistive and affects the performance of the
droop controller. The limitations of the traditional droop
control method are discussed in detail as follows.
1) Degradation of the DC Bus Voltage

As expressed in (8), because of the droop control function,
the output voltage of the converter will decrease as the output
current increases. However, these deviations can be limited
within a tolerable range by choosing an appropriate value of
the droop gains of the PECs based on the conventional droop
gain design expressed in (9). However, these deviations in the
output voltage of the converters cause the degradation of the
DC bus voltage. Additionally, when the voltage drop across
the distribution cable impedance is not neglected, the
deviation in the bus voltage is further increased. Hence, if the
voltage control dynamics are ignored, the steady-state bus
voltage is obtained as

V

s =V, R

refi — 'V ldci

:th:_(Rdi_'_Ri)ldci (11)
where R; is the resistance of the cables and Vyys is the bus
voltage.
2) Degradation in the Current Sharing Accuracy
Similarly, due to the voltage drop across the unequal
transmission line resistance, the output DC voltage at the
terminal of each of the parallel-connected PECs will be
different. Thus, leading to poor load sharing among the
sources. Therefore, based on the expression in (11), the
sources will share the load current demand between them
according to the ratio expressed in (12).

=kd2+R2 (12)
K + R,

I I _ 1 . 1 P Idcl
del * “de2 T k . k. +R I
d1+R1 d2 2 dc2

It is obvious from (12) that the current sharing ratio
between the converters will be affected by the unequal
distribution line resistance and the droop gain of the PECs in
steady states.

In this paper, we extend the two-source system in Fig. 4 to
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three sources. Hence, from (11), the current sharing ratio
between the converters can be calculated using the
expressions in (13) and (14). The current of converter 1 is
used as the base value.

| k

n, =ﬂ=dl_+Rl (13)
Idcl I(dz"_RZ
| k

n,=-% = —kdl R (14)
Idcl d3+R3

where n; and n, are the current sharing ratio between
converter 1 and 2, and converter 1 and 3 respectively. These
current sharing ratios will not be as desired when using the
traditional fixed and identical droop coefficient. This can be
attributed to the influence of the unequal cable resistance on
the current sharing performance of the conventional droop
control method. Also, the DC bus voltage regulation
expressed in (11) can be normalized as expressed in (15).

(15)

I1l. PROPOSED ANN-BASED DROOP COEFFICIENT DESIGN
APPROACH

In this section, the ANN will be used to optimize the droop
coefficient of the converters to minimize the error in the
current sharing ratio between the converters and realize good
DC bus voltage regulations. The methodology for the
proposed droop coefficient design and selection process will
be discussed first in this section. Next will be the presentation
of the ANN structure and training.

A. Methodology

The overall flowchart of the proposed design approach is
shown in Fig. 5. As shown in Fig. 5, the design methodology
involves three stages (i.e. A, B and C). These stages are
efficiently carried out offline. In stage A, the system's detailed
simulation model is run in a loop for every combination of
the droop gains: ka1, ka2, and kgs (used as input to the
simulation). The output DC currents of the converters (i.e.

lact, lacz, and lgz), and bus voltage regulation Vs are
extracted at the end of each simulation. Thereafter, the
extracted data is automatically processed to compute the
corresponding current sharing ratios between the converters
n; and np and the normalized bus voltage V. The sweep
range of the droop coefficient should be pre-defined and
selected in such a way that it covers a feasible design space
and with high fidelity for the desired control objectives.

In stage B, the processed data is used to train the ANN to
become a dedicated fast surrogate model mapping the
relationship between the droop gains of the converters (i.e.
ka1, ka2 and Kkg3) and the current sharing ratios between the
converters (n1 and nz) and normalized bus voltage regulation
(Vbn). The ANN-based surrogate model will be trained with
the droop coefficient combinations (i.e. Kq1, ka2 and Kkgs) as
input and ny, n2 and Vy, as the targeted output following a
similar pattern as in the simulation. The trained surrogate
model can then be used to quickly and accurately predict the
current sharing ratio between the converters and normalized
bus voltage regulation for any combination of the droop
coefficients. An interesting fact about this NN approach is
that the processes involved in stages A and B are required to
be executed just once for a particular system configuration
and working conditions [5, 29].

In stage C, in the first instance, the design space of (Kq1, Ka,
kqs) is sampled with very small steps to generate many design
points which are then used as input to the surrogate model.
Consequently, the corresponding outputs (n1, nz, Vin) can be
quickly generated using the surrogate model. Using the
surrogate model, it becomes much faster to generate results
when compared to the detailed simulation model which is a
huge advantage. With a detailed mapping between the droop
coefficients (ka1, Ka2, Kaz) and control objectives (ni, N2, Vin),
a user-defined fitness function fan thus can be utilized to
identify the optimal droop gain settings to achieve the desired
control objectives. This will be detailed in the following
sections.
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B. ANN Structure and Training

Various kinds of ANN structures exist in the literature [30],
however, the feed-forward neural network (FFNN) is chosen
to train the surrogate model. It is an enhanced structure of the
ANN that has the capability of solving both linear and non-
linear problems due to the introduction of the hidden layer. It
has an excellent generalization capability and can efficiently
map the design parameter (i.e. ka1, ka2 and kgs) and the
performance metrics (i.e. n1, N2 and V). The FENN is the
most frequently employed type of conventional NN in power
electronics applications [31]. The relationship between the
design parameter and the performance indicators as
represented by the FFNN can be expressed as in (16).

y=F() < (n,n,, V) = FKg Ko Ky5) (16)
where x denotes the input to the ANN and y is the output.

The basic FFNN structure consists of an input layer for
processing input, a hidden layer and an output layer for
generating results. Depending on the problem's complexity,
the FFNN structure can be expanded to contain more than one
hidden layer. As the name implies, data is feedforward from
the input to the output and there is no feedback from the
output to the input.

There exists a certain number of neurons in each of these
layers. The neurons present in each layer process the
information coming from the neurons in the layer before it.
The training dataset is usually divided into two: input and
output data. The number of parameters in the input and output
data used for training determines the number of neurons in
the input and output layers respectively. However, for the
hidden layer, the number of neurons is determined by the
system designer. Further details about the FFNN can be found
in [32].

The inputs supplied to the input layer are x; to xn, where N
denotes the number of inputs. These inputs are multiplied
with their respective weightsw, and then added to the bias

valueb, . The weight and bias values are updated during the

training iteration. The results are processed with the aid of an
activation function ¢. The sigmoid symmetric transfer

function (i.e. tansig) (a(y) = (%H ezy)j —1) is considered

in this paper as the activation function. The activation
function is used to compute the output of the neuron. The
generated neuron output in layer | becomesh'. The same

procedure is repeated to compute the output of other neurons

in the other layers.
The expression for the signal flow of the ANN for each
layer and the output of the FFNN is expressed in (17)-(19).
o Layer 1 (input):

h=x, i=1.... N, (17)
where x; represents the inputs.
o Layers (hidden):
lel
h=cQ Wh™+b) i=1..... N, (18)
k=1
where k =1,......... N,
o Layer (output):
y,=wh", i=1.... N, (19)

where y; represents the outputs.

Fig. 6 shows the FFNN model structure used in training the
surrogate model. The structure consists of 3 neurons in the
input layer, 11 neurons in the hidden layer and 3 neurons in
the output layer. It can be observed that the input parameters
at the input layer are the droop coefficient combinations x; =
Ka1, X2 = K2 and xs = kqs. Hence, the number of neurons in the
input layer is 3. Also, the output layer contains 3 neurons
since the three-performance metrics y1 = ny, y2 = ny, and ys =
Vpnare the targeted output. The droop coefficient is the design
variable. The surrogate model is trained offline using
the Levenberg-Marquardt backpropagation algorithm. The
training is executed using the NN fitting toolbox available in
MATLAB.

IV. DRooOP COEFFICIENT DESIGN FOR THE MEA EPS
SINGLE BUS MULTI-SOURCE SYSTEM

In this section, stages A and B of the proposed design
methodology are verified on the single-bus HVDC grid
architecture for the future MEA EPS. Furthermore, after
training, two design examples will be demonstrated using
stage C.

A. Data generation

The data used for training the ANN-based surrogate model
is generated from the detailed MEA EPS control model
(shown in Fig. 3) which is developed in MATLAB
SIMULINK®©. The parameters used for the simulation are
provided in TABLE I. The data is extracted for a CPL of 40
kW which is considered the maximum load in this paper.

To ensure a feasible design space with good fidelity, the
choice of the design range for the design variables must be
selected such that the stability of the system is not affected.
To that end, the upper and lower limits of the droop
coefficients design range are selected as +10% and -10%
respectively of the traditional identical and fixed droop
coefficients (shown in TABLE I) obtained using the
conventional droop gain design. The sweep range and
sampling step selected for ks, ki, and kg3 are given in
TABLE 1II. Based on the detailed comparative stability
analysis of the droop control methods carried out in [33], the
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TABLE | Parameters of the system used as case study in
simulations and experiments

Category Parameters Values

PMSG Nominal power 45 kW

parameters
Base speed 8000 rpm
Switching frequency 100 kHz
Maximum modulation index 0.9
Pole pair 3
Stator winding resistance R 1.058 mQ
Winding inductance Ly=Lq 99 uH
Flux linkage 0.03644 Wb

Converter, DC-link capacitance Cy 1.2mF

cable and load .

parameters Converter dead time Ty 3 s
DC link rated voltage 2710V

Traditional droop coefficients
Ka1, Koz, and Kus

1/4.25, 1/4.25, 1/4.25

Cable resistances Ry, Rz, and Ry 3 mQ,30 mQ, 15 mQ

Cable inductances Ly, L, and Ly 1 pH, 10 pH, 5 pH

Load power 40 kW

TABLE Il Range and sampling step used in data generation

Parameter Range Sampling Number of
Step Samples
1/kgy [3.825, 4.675] 0.085 11x 11 x
11=1331
1/kg4, [3.825, 4.675] 0.085
1/kys [3.825, 4.675] 0.085

TABLE 111 Range and sampling step used in optimization

Parameter Range Sampling Number of
Step Samples
1/kg4q [3.825, 4.675] 0.01 86 x 86 x
1/kgy [3.825, 4.675] 0.01 6??20:56
1/kgs [3.825, 4.675] 0.01

maximum value of the droop gain for stable operation is
expressed as

Vi o
4'Pr:pl
where Pcp is the power of constant power loads connected to
the DC bus. By substituting the MEA EPS parameters shown
in TABLE 1 in (20), the maximum droop gain would be
0.4256. It can therefore be said that the design range selected
is within the acceptable limit to ensure stable operation.

As shown in TABLE 1I, 11 settings of each of the droop
gains are tested, thus, making 1331 droop gain combinations
used in the simulation for data generation. The performance
indicators n;, n; and Vp, are automatically computed at the
end of each simulation. The multiple simulations are
automated using MATLAB programmed codes. Each
simulation run costs around 6 s. The simulation is conducted
on a standard computer with 4-core processors. It costs

around 2 hours to collect the data samples. The collected data

kg < (20)

‘ * Targeted data

*  ANN ouput

0.955
c
£ 095

0.945

Fig. 7 Comparison between the 1,331 targeted data obtained from the
detailed simulation model shown in Fig. 3 and the predicted output of
the trained ANN model shown in Fig. 6.

is utilized for training the ANN-based surrogate model.

B. ANN-based Surrogate Model Development

The structure selected for the training of the surrogate
model is shown in Fig. 6. To avoid underfitting or overfitting
in the trained surrogate model’s performance, it is very
important to choose a suitable number of neurons for the
hidden layer(s). However, since, this is assigned by the
system designer, it is generally advisable to start with a small
number of neurons and then gradually adjust this based on the
observed training performance [31].

This involves a trial-and-error process and can be executed
very fast because the training can be carried out within a few
seconds [5]. Having said that, a hidden layer with 11 neurons
is used in this paper and based on this, an excellent match is
observed between the training data and the surrogate model
predicted output.

Furthermore, the collected dataset is divided into three
parts: 70% is utilized for training, 15% for validation of the
training, and the remaining 15% is used to test the trained
surrogate model. The training performance is validated by
computing the root mean square error (RMSE). When the
calculated value of the RMSE between the output of the
surrogate model and the targeted data used in training is close
to zero, the surrogate model is considered well-trained. The
computed RMSE are 0.00085733, 0.0012517 and
0.000045932 for n;, n; and Vj, respectively. The surrogate
model prediction and the target data used for training are
compared and the result obtained is shown in Fig. 7. The
ANN predictions matched the targeted data very well.

C. Design Examples with Different Fitness Functions

The objectives of the optimization are to minimize the error
in the current sharing ratio between the converters and
achieve good regulation of the DC bus voltage. Therefore, in
this section, the trained surrogate model will be used to find
the optimal droop coefficient settings ka1, kg%, and kg3
for realizing the desired control performance.

At the beginning of the optimization stage, the droop
coefficients are sampled evenly with a small step of 0.01
within the design space as shown in TABLE IlI. Thereafter,
the trained surrogate model was used to evaluate 636,056
droop gain combinations by predicting their corresponding
current sharing ratios between the converters (774, and #2aun)
and normalized bus voltage (Vpuamn). It took the surrogate
model about 0.16 s to make the evaluation. In order words, it
takes the surrogate model approximately about 0.252 ps to
output one result. This level of speed makes it convenient to
use an exhaustive search algorithm to find the optimal droop
gain settings that minimize the fitness function.
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Fig. 8 Optimal droop coefficient setting for the fitness function in (21) (a) The plot of the integrated function d and position of its minimum value at
267,697. (b) Optimal droop coefficient setting that minimizes d is indicated with a red dot, and the corresponding current sharing ratio between the
converters and normalized bus voltage predicted by the surrogate model are nyan, = 1.0000, Nzann = 1.0000 and Vpnann = 0.9511 respectively. Simulation
results of the detailed MEA EPS model using the same optimal droop setting yielded a calculated n; = 1.0000, n, = 1.0000 and Vp, = 0.9511.
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Fig. 9 Optimal droop coefficient setting for the fitness function (24) (a) The plot of the integrated function e and position of its minimum value at 409,704.
(b) Optimal droop coefficient setting that minimizes e is indicated with a red dot, and the corresponding current sharing ratio between the converters and
normalized bus voltage predicted by the surrogate model are Nign = 0.9994, Ngann = 1.0005 and Vinanm = 0.9532 respectively. Simulation results of the
detailed MEA EPS model using the optimal droop setting yielded a calculated n; = 0.9990, n, = 1.0004 and V, = 0.9533.

Furthermore, when the data generation and training time is
considered, it will only cost the proposed approach
approximately about 2 hours and 30 minutes to optimize the
droop coefficient. However, when compared to the detailed
simulation model, it takes about 6 s to generate the
corresponding current sharing among the converters and DC
bus voltage for only one combination of the droop coefficient.
Therefore, for the considered 636,056 droop coefficient
combinations (i.e. design points), it will take the detailed
simulation model 1,060.1 hours or 6.31 weeks to evaluate the
whole design points. Hence, the CPU time is reduced by more
than 1,058 hours compared to the direct optimization using
the simulation software.

This level of speed and accuracy is the motivation behind
the use of the ANN design approach. Though it takes time to
run detailed simulations to get the ANN training data, this is
justified by a much faster optimization of droop coefficient
designs in the ANN execution stage. In addition, we do not
need to apply any traditional optimization techniques (e.g.
convex optimization, heuristic algorithms) and have no risk
of getting stuck on the local optimum.

Even for search algorithm-based optimization (such as GA
and PSO), usually, thousands of samples are needed which
would still cost much longer computational time than the
proposed approach (which only costs 0.16 s to evaluate
636,056 design points). This is because the computation
burden of such optimization algorithms depends entirely on
the simulation model time. However, there are many factors
in both approaches which can affect the total computational
time. For example, data collection and training in our
approach and parameter tuning in search algorithms-based
optimization.

The two design examples considered in this paper are
presented in the following subsections.

1) Minimization of error in current sharing ratios
The first objective (i.e. first design example) is to find the
optimal droop setting to minimize the error in the current
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Fig. 10 Simulation results for current sharing and voltage regulation
using the optimal droop coefficient from (a) first design example (b)
second design example

sharing ratio between the converters. For a desired equal
current sharing among the converters, the current sharing
ratios between the converters should be equal to 1 (i.€. N1desired
= 1, and nagesired =1). The fitness function to achieve this is
defined in (21). To generate the best design point that will
yield this objective, an integrated function d is employed.
Using d, the fitness function in (21) can be combined as one
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as expressed in (22).

annl_1i nlann _]'I
fann i~ H | (21)
' { famn:LZi = |n2ann _1|
2 2
o f .
di — annl_1i + annl_2i (22)
f.’:mnlj max fannl,Z max

where fann1_1i represents the error in the difference between
the ith current sharing ratio between converters 1 and 2
predicted by the surrogate model and the desired current
sharing ratio between converter 1 and 2, and fann1_2i denotes
the error in the difference between the ith current sharing ratio
between converters 1 and 3 predicted by the surrogate model
and the desired current sharing ratio between converter 1 and
3. The optimal solution can be obtained by finding the index
of the minimum value of d. This can be realized by simply
using the min function in MATLAB as an exhaustive search
algorithm, as expressed in (23).
[min_d,index] = min(d,) (23)

As shown in (23), the min function can provide the
minimum value of d and the index (i.e. position) where this
value occurs. Therefore, the position of the minimum value
of d that will correspond to the optimal droop coefficient
setting (kai°®®) can be found. The plot of the integrated
function d and the position of its minimum value is shown in
Fig. 8 (a). Consequently, the optimal droop setting at this
position was found to be kg% = 1/3.985, kg °P* = 1/4.465 and
kqs %' = 1/4.185 as shown in Fig. 8 (b). The corresponding
current sharing ratios and normalized bus voltage predicted
by the surrogate model are niann = 1.0000, N2ann = 1.0000 and
Vpnann = 0.9511.
2) Minimization of error in current sharing ratios with good
normalized bus voltage regulation

The second objective (i.e. second design example) has to do
with finding the optimal droop setting that will provide the
best possible current sharing ratios between the converters
and acceptable normalized bus voltage. The fitness function
for the second design example is expressed in (24).

fannl,li = |n1ann _]'I
fann2i = fannl,zi = |n2ann _1| (24)
fannz,li = |Vbnann _ll

where fann2_1i represents the error in the difference between
the ith normalized bus voltage (Vbnann) predicted by the
surrogate model and the normalized desired system nominal
voltage of 1 (i.e. 270 V). Using the integrated function e, the
fitness function in (24) can be combined as one as expressed

in (25).
f - 2
::J20(¢)+(f””J'j

ann2max

Coefficient 20 was selected in (25) to give priority to the
minimization of the error in the current sharing ratios. A value
of 1 can be selected when the control objectives have the

(25)

[l
4 -Error inn1
-Error in n2

[Error in Vbus

Ri 0.8*Ri 1.2*Ri  05*Ri  1.5"Ri
Line resistance variation (ohm)

Fig. 11 Summary of the optimal droop coefficient settings performance
against different line resistance variations

same priority. The value can be adjusted depending on which
of the control objectives has higher priority. However, current
sharing is usually accorded higher priority in the operation of
the MG [28]. It is important to mention that, choosing any
other value in (25) would provide the optimal droop gain
settings that will give the compromise solution (i.e. tradeof¥)
between the control objectives, but the results will be
different. The weighting coefficient selection process
involves a trial-and-error process.

The optimal droop coefficient setting that would guarantee
the optimal tradeoff between the current sharing and bus
voltage regulation can be obtained using the expression in
(26).

[min_e, index] = min (e;) (26)

The plot of the integrated function e and the position of its
minimum value is shown in Fig. 9 (a). Consequently, the
optimal droop setting at this position was found to be kg;°" =
1/4.1550, kg Pt = 1/4.6750 and kg3 °* = 1/4.3750 as shown in
Fig. 9 (b). The corresponding current sharing ratios and
normalized bus voltage predicted by the surrogate model at
this position are Niann = 0.9994, N2ann = 1.0005 and Vpnam =
0.9532.

To demonstrate the validity of these results, the simulation
of the detailed MEA EPS control model (shown in Fig. 3) is
carried out using the optimal droop settings found in both
design examples. A CPL of 40 kW was applied at 0.2 s during
the simulation. The results obtained are shown in Fig. 10 (a)
and (b) respectively. As shown in Fig. 10 (a), when the
optimal droop coefficient setting from the first design
example (shown in Fig. 8 (b)) is used, the output currents
shared among the converters in steady states were lg1 =
51.920 A, lge2=51.920 A and lgc3=51.920 A. Consequently,
the calculated current sharing ratios between the converters
are n; = 1 and n; = 1. Similarly, when the optimal droop
coefficient setting from the second design example (shown in
Fig. 9 (b)) is used, the output currents shared among the
converters in steady states were lgc; = 51.820 A, lgc2=51.770
A and lgz = 51.840 A as shown in Fig. 10 (b). Thus, the
calculated current sharing ratios between the converters are
n; =0.9990 and n, = 1.0004.

The result of the bus voltage regulation Vp,s obtained when
using the optimal droop settings from the first and second
design examples are 256.8 V and 257.4 V respectively as
shown in Fig. 10 (a) and (b) respectively. Accordingly, the
calculated normalized bus voltages Vi, are 0.9511 and 0.9533



IEEE Transactions on Transportation Electrification

MATLAB
Interface

Sos |
"

Interface
board

h AN 4
TMS320F28379D f¢ |_| Oscilloscope || HIL SCADA

Fig. 12 HIL Experimental setup

respectively. It can be observed that the voltage regulation
performance is within the acceptable range (i.e. > 0.950v, ).

It can be observed that there is an excellent match between
the calculated current sharing ratios and normalized bus
voltage from the simulation results using the optimal droop
settings from the two design examples (ni and ny) and the
result obtained using the trained ANN model (N1ann and Nzann)
as reported in section 1V.C.

Since the line resistance is the main factor that influences
the current sharing and voltage deviation, additional
simulation studies are carried out to test the robustness of our
proposed approach to a variation in the distribution line
resistance. The cable inductance is not included in the
robustness study because it does not have an impact on the
steady-state performance of the system [13]. To that end,
each of the cable's parasitic resistance is varied by + 20 %
and + 50 % from their initial values shown in TABLE I.
Other system parameters remain unchanged. The optimal
droop gain settings obtained from the first design example are
used for the simulation studies. Also, a CPL of 40 kW is
applied during the simulations. The results obtained are
summarized in Fig. 11.

As shown in Fig. 11, the percentage error in the current
sharing ratios (n1 and n,) from their ideal values is mostly
around or less than 5 % for ny, and less than 3 % for n,.
Similarly, the bus voltage deviation from its nominal value is
mostly around 5 % for the various line resistance variation.
deviation. This demonstrates the good steady-state
performance and robustness of the obtained optimal droop
coefficient settings using the proposed design strategy.
Therefore, though the cable resistance affects the current
sharing, the optimal droop gain settings can significantly
reduce the error in the current sharing ratios and maintain the
bus voltage within an acceptable range.

V. HARDWARE-IN-THE-LOOP EXPERIMENTAL VALIDATION

The optimal droop coefficient settings obtained using the
proposed design strategy are validated in the TI DSP
TMS320F28379D control card using the controller hardware-
in-the-loop (C-HIL) experiment. The PMSGs, converters and
transmission line impedance are emulated using the typhoon
HIL (HIL604) real-time emulator and the control algorithms
shown in Fig. 3 are implemented in the control card. Results
are obtained via an oscilloscope connected to the interface
board. The C-HIL setup is shown in Fig. 12. The
experimental setup works in such a manner that the DSP
controller receives voltage and current signals from the HIL-
604 via the interface board. Consequently, the generated
PWM signals from the DSP are sent to the converter switches
via the interface board. This way, the accurate modelling and
control of the system power structure are realized in real-time

10

TABLE IV Comparison of performance metrics

Design First Second
example
Metrics n n2 2 nu n2 Vbn
ANN 1.0000 | 1.0000 | 0.9511 | 0.9994 | 1.0005 | 0.9532
Simulation 1.0000 | 1.0000 | 0.9511 | 0.9990 | 1.0004 | 0.9533
Experiment 0.9999 | 1.0004 | 0.9511 | 0.9991 | 1.0005 | 0.9533
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Fig. 13 Experimental results for steady-state current sharing and bus
voltage regulation using the optimal droop coefficient from (a) first design
example (b) second design exam

and with high fidelity. The parameters used in the
experimental setup are shown in TABLE 1.

A. Validation of Optimal Droop Setting Design

The optimal droop coefficient settings from the first and
second design examples are validated here in steady states
and the results obtained are shown in Fig. 13 (a) and (b). As
shown in Fig. 13 (a), the output currents shared among the
converters and bus voltage regulation using the optimal droop
setting from the first design example were lgn = 51.921 A,
lacz = 51.915 A, lgez=51.924 A and Vpys = 256.81 V. Hence,
the calculated current sharing ratios and normalized bus
voltage are n; = 0.9999, n; = 1.0004, and Vp, = 0.9511.
Similarly, as shown in Fig. 13 (b), the output currents shared
among the converters and bus voltage regulation using the
optimal droop setting from the second design example were
lger = 51.805 A, lge2 = 51.760 A, lgez = 51.835 A and Vs =
257.40 V. Hence, the calculated current sharing ratios and
normalized bus voltage are n; = 0.9991, n; = 1.0006, and Vpn
=0.9533. Based on the results obtained, it can be said that the
optimal droop coefficient settings can yield the desired
control objectives. Also, the results obtained from the ANN
prediction, detailed MEA EPS simulation model and C-HIL
experimental setup matched excellently well as shown in
TABLE V. The little differences between the C-HIL
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Fig. 14 Experimental results for steady-state current sharing and bus

voltage regulation using the conventional droop coefficient (shown in

TABLE 1)

experimental results and the ANN predictions might be
because the ANN is trained using data obtained from the
MEA EPS simulation model. Moreover, the components used
in the simulation are modelled ideally.

B. Comparison with traditional droop coefficient

To show the superiority of the proposed design strategy,
the experimental result of the droop control method which
uses the conventional identical fixed droop coefficient
(shown in TABLE 1) is shown in Fig. 14. The output currents
shared among the converters and bus voltage regulation in
steady states were lgcs = 54.610 A, lgez = 49.064 A, lges =
52.004 A and Vuis = 257.10 V respectively. Hence, the
calculated current sharing ratios between the converters and
normalized bus voltage regulation are n; = 0.8984, n; =
0.9523 and Vo = 0.9522 respectively. It can be observed that
there is an error in the current sharing ratio as expected due
to the influence of the unequal line resistance. However, the
error in the current sharing ratio is eliminated or significantly
reduced using the optimal droop coefficient settings obtained
using the proposed design strategy (as shown in Fig. 13).

C. Load fluctuations

To test the robustness of the selected optimal droop
coefficient setting to load variation, a variation of the CPL
from 40 kW to 20 kW, 30 kW and then back to 40 kW is
applied during the experiment as shown in Fig. 15. Only the
optimal droop coefficient setting from the first design
example is used here due to space limitations. It can be
observed from Fig. 15 that the optimal droop coefficient
setting is robust to load variation and can share the current
demand by the load equally among the converters as desired
despite the load fluctuation. Also, the voltage regulation gets
better when the load demand is small. For instance, the output
current shared and bus voltage regulation for the 20 kW load
are lger = 25.29 A, lgcz = 25.28 A, laez = 25.29 A and Vius =
263.60 V respectively as shown in Fig. 15.

D. Fault condition

The robustness of the optimal droop coefficient setting to
maintain accurate current sharing if one of the generators is
under fault is tested in an experiment as shown in Fig. 16. The
optimal droop coefficient setting from the second design
example is used here due to space limitations. A CPL of 40
kW was applied during the experiment. It can be observed
from Fig. 16 that before the disconnection of the PMSG2, the
three converters are operating in parallel and able to share the
load current demand in the ratio of ny = 0.9991 and n, = 1
(with a current sharing of 51.805 A, lgcz = 51.760 A, lgcz =
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Fig. 15 Experimental results for current sharing and bus voltage regulation
using the optimal droop coefficient from first design example under load
variation condition
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Fig. 17 Experimental results for current sharing and bus voltage regulation
using the optimal droop coefficient from first design example. A response
to 20% reduction in Cy,

51.835 A). When the second PMSG2 is disconnected,
converters 1 and 3 shared the load current demand between
them (with current sharing of lg1 = 79.801 A, and lges =
79.849 A) after the loss of converter 2. Furthermore, the bus
voltage is well regulated within the acceptable limits for the
MEA applications, even though its value dropped from
257.40 V (when the three sources are supplying together) to
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Fig. 18 Experimental results for current sharing and bus voltage
regulation to validate the robustness of the optimal droop coefficient
settings to a (a) 50 % decrease in the line resistance and inductance (b) 50
% increase in line resistance and inductance

250.53 V after PMSG?2 is disconnected as shown in Fig. 16.
Hence, the optimal droop coefficient performs well even
under fault conditions and has a good transient performance.
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E. Robustness to Parameter

variations

The robustness of the optimal droop coefficient settings to
variations in the internal model parameter is validated in the
experiment. Among the EPS parameters that could change
due to operating temperature or other factors is the
capacitance of the DC-link capacitor Cy,. A test was carried
out for a 20 % reduction in the value of Cy, shown in TABLE
| (i.e. new C, = 0.96 mF). A load step from 20 kW to 40 kW
is applied during the demonstration. Only the optimal droop
coefficient setting from the first design example is used here
due to space limitations. As shown in Fig. 17, the control
algorithm is robust to parameter uncertainties. The reduction
in Cp mainly affects the output current of the converters,
hence, the little oscillations as seen in Fig. 17. Despite the
oscillations, the current sharing and bus voltage regulation are
as desired.

DC-link  Capacitance

F. Robustness to variation in line resistance and inductance

This case study demonstrates the robustness of the optimal
droop coefficient settings to a variation in the distribution line
resistance and inductance. The test is carried out for a + 50%
variation in the nominal values of the cable’s parasitic
resistance and inductance shown in TABLE I. The optimal
droop coefficient settings from the first design example are
used in this case study. Furthermore, CPLs of 20 kW, 30 kW
and 40 kW are applied during the experiment. The results
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Fig. 19 Experimental results for unequal current sharing and bus voltage
regulation

obtained are shown in Fig. 18 (a) and (b). It is observed that
the optimal droop coefficient settings obtained using the
proposed approach are still able to guarantee a reduction in
the current sharing error and regulate the bus voltage within
an acceptable range despite the variation in the distribution
line parameters. For the case of a 50 % decrease in the line
parameters (as shown in Fig. 18 (a)), the computed error in
the current sharing ratios (n1 and n,) and bus voltage deviation
is 5.65 %, 2.44 %, and 4.70 % respectively. Similarly, for the
case of a 50 % increase in the line parameters (as shown in
Fig. 18 (b)), the computed error in the current sharing ratios
(n1 and ny) and bus voltage deviation are 5.03 %, 2.30 %, and
5.04 % respectively. This verifies the robustness of the
obtained optimal droop coefficient settings to variations in
the cable resistance.

However, if there is a huge variation in the line resistance
(exceedingly above the range considered in this paper) due to
temperature or other factors from the line resistance value
under which the data used to train the surrogate model is
extracted, then the selected optimal droop gain settings may
not yield desired control performance. In that case, new data
may need to be collected to retrain the surrogate model for
the selection of new optimal droop gain settings. Even in that
case, the data collection process and training of the surrogate
mode can still be carried out fast.

G. Performance evaluation under different converter
ratings

This case study demonstrates the applicability of our
proposed approach for power sharing and bus voltage
regulation in a situation where the generators have different
power ratings. To achieve this, the design space and control
objectives are carefully selected before data collection and
training of the surrogate model. It is assumed that the PMSG;
power rating is twice that of PMSG; and PMSGs (i.e. 1ge1 "™
= 242" = 2l4c3"*9). Therefore, the total load demand is
expected to be shared among the sources according to their
power capacity. After using our proposed design strategy, the
optimal droop gain settings are found to be kg:°"* = 1/8.230,
ka2 ' = 1/4.565 and kgs ' = 1/4.275. Consequently, the
optimal droop gain settings are used in the experiment and
CPLs of 20 kW, 30 kW and 40 kW are applied during the
experiment. The experimental results for the current sharing
and bus voltage regulation are shown in Fig. 19. It can be
observed that the proposed approach can yield proportional
current sharing according to the source's power capacity and
regulate the bus voltage within acceptable limits.
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VI. CONCLUSION

This paper presented a new design strategy for the selection
of the optimal droop gain for the control of power converters
in the MEA EPS multi-source DC grid. The surrogate model
is trained offline by using data obtained from the traditional
droop control method. The effectiveness of the proposed
approach was demonstrated using a detailed simulation
model of the studied system and the C-HIL experiment. The
C-HIL experimental results show that the proposed approach
can enhance the current sharing and voltage regulation
performance of the traditional droop control method
compared to the conventional droop gain design.
Furthermore, the surrogate model predictions matched
excellently well with the results from the simulation and
experiment and the selected optimal droop coefficient
settings are robust to transient conditions and parameter
uncertainty. In the future, it is intended for the ANN to be
trained with data obtained from experiments. Furthermore, a
process for the real-time tuning or computation of the droop
coefficient of the power converters could be considered a
possible direction for future work. Also, the presented work
can be extended by including online resistance estimation
which can be used to adjust the droop gains to allow the
system to adapt to changing operating conditions and
improve the current sharing and voltage regulation.
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