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Abstract: - DC microgrids (MG) involve the integration of power electronic loads, which might behave as
constant power loads (CPL). CPLs often degrade system stability due to their negative impedance
characteristics. To maintain the voltage stability and safe operation of DC MGs, eliminating the undesired
behavior of CPLs is a necessity. This aim requires the instantaneous power value of the time-varying uncertain
CPLs. Since the integration of current sensors in DC MGs is costly and inefficient, estimation methods should
be used to obtain the spontaneous power of CPLs. In this paper, a 3rd degree cubature Kalman filter (CKF) is
developed to estimate the power of the CPLs alongside estimation of CPLs’ and source’s currents in a DC MG.
By considering the CPLs powers as artificial states and augmenting them into the system states, not only the
DC MG states but also the unknown values of the CPLs powers may be estimated. The proposed estimator is
tested on a DC MG that feeds one CPL. The experimental results show that the proposed CKF is able to
estimate instantaneous power consumption of the CPL as well as source and load currents.
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Nomenclature the sampling instant j
ACRONYMS Xik-1k-1 | i-th cubature point at sampling instant
CPL Constant Power Load k — 1 based on the information up to the
MG Microgrid sampling instant k — 1
CKF | Cubature Kalman Filter Xike—1 | i-th propagated cubature point by the
EKF | Extended Kalman Filter system model at sampling instant k
ESS Energy Storage System based on the information up to the
DC MG PARAMETERS | ~ sampling instantk —1
iLj Current of the inductor in the j-th CPL Xy; | Estimated states at sampling instant k
ve; | Voltage of the capacitor in the j-th CPL based on the information up to the
P; | The power of the j-th CPL sampling instant j _
7 Resistance of the j-th filter connected to Yikk-1 | i-th propagated cubature point by the
the j-th CPL measurement model at sampling instant
L Inductance of the j-th filter connected to k based on the information up to the
the j-th CPL sampllng instant k — 1 _
o Capacitance of the j-th filter connected Yie-1 | Estimated measurements at sampling
to the j-th CPL instant k based on the information up to
Ty Resistance of the filter connected to the the sampling instant k — 1 _
DC source Py klk-1 Estlmgted cross-covariance matrix  at
L Inductance of the filter connected to the sampling instant k based on the
DC source information up to the sampling instant
C Capacitance of the filter connected to the k—1 ) o
DC source Ky Kalman gain at sampling instant k
Ve Voltage of the DC source
ios Injecting current of the ESS ]
CKF PARAMETERS 1 Introduction
P Covariance of the states at sampling The growing use of renewable energy sources
instant k based on the information up to such as fuel cells [1], wind turbines [2], and
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photovoltaic systems [3] in power electronic
systems has reinforced a trend toward microgrids
(MG). Microgrids enable electric power distribution
from renewable energy sources. The two types of
MGs are alternating-current (AC) and direct-current
(DC) MGs [4]. Because of the AC MGs interfacing
with utility grids, AC MGs have been studied since
2000s [4]. However, many renewable energy
sources and recent loads have DC interface and due
to the advantages of DC MGs over AC MGs there is
a tendency toward using DC MGs [5]. Some of
these advantages are natural interface with
renewable energy sources [6], power loss reduction
in AC/DC power conversion [7], removing
frequency control problems, improving power

quality, decreasing the space and weight of
transformers [5], and improving  fault
reconfigurability.  Therefore, DC MGs are

increasingly used in different applications such as
electric vehicles [8], aircraft [9], ships [10], etc. A
DC MG has several challenging stability and
performance issues. These challenges primarily
arise due to the vast interactions of power electronic
converters, which might create constant power loads
(CPLs). CPLs are generated by strict controlling of
power electric converter loads. The incremental
negative impedance of CPLs, can result in severe
stability issues for the DC MG or even destabilize
the overall system. Thus, minimizing the undesired
effect of the CPLs is a necessity to have a successful
control of the DC MGs.

Several strategies are proposed to mitigate the
destructive effects of CPLs in DC/DC power
electronic converters. Two basic strategies are
passive damping and active damping approaches
[11]. Passive damping includes adding damping
resistors to the filters. Even though this approach is
simple and effective, it causes a lot of dissipation.
Active damping involves modifying the control
loop, which acts like a virtual resistor [11]. Active
damping approaches are commensurate with
injecting power to the CPLs to stabilize the system,
which comprises the load performance [12]. In
addition, these active damping approaches, which
are based on small-signal models, can ensure system
stability only close to the operating point. Therefore,
these linear control methods are not useful in the
case of occurrence of large variations in the system
[12]. Several nonlinear control approaches have
been investigated in order to address the stability
problems with the DC MGs containing CPLs [13]
and mitigating the undesired behavior of CPLs in
such systems [14], [15], [12]. Nonetheless, the
common assumption in the aforementioned methods
is that the CPLs are assumed to be ideal. An ideal
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CPL is assumed to consume a constant power
regardless of the supply voltage value. Yet, in
practice, the MGs feed uncertain and/or time-
varying CPLs, known as non-ideal CPLs. A few
papers have studied the effect of non-ideal CPLs on
the system stability [16]-[18]. Even though the
proposed approaches in [16]-[18] provide stability
analysis and robust controller design, their common
assumption is the boundedness of power uncertainty
by a pre-known limit. To overcome the considered
limit on CPLs powers uncertainty, the instantaneous
power value of the time-varying uncertain CPLs is
necessary. The CPLs powers can be obtained by
employing current and voltage sensors. The current
sensor must be installed in series with the CPLs,
which not only increases the output impedance but
also degrades ripple filtering effect [12]. In addition,
installing extra sensors increases system complexity,
and increases buying, installing and repairing costs.
Therefore, current sensors installation should be
replaced with the estimation methods to estimate the
CPLs currents and powers.

Two basic approaches for unknown parameter
estimation are deterministic observers and stochastic
estimators. In deterministic observers, the unknown
parameters are treated as disturbances. The
equivalent disturbance is then estimated by
modifying the difference between the estimated
output and the output of the nominal response model
[19]. However, measurement noises may degrade
the deterministic observers’ performance [20].
Kalman filters have been proved to be optimal
against noise effects [21]. The extended Kalman
filter (EKF) applies the Kalman filter to nonlinear
systems by linearizing the system model. The EKF
exhibits a poor performance for highly nonlinear
dynamic systems [22]. Bayesian sampling methods
are alternatives to the EKF. These methods are
divided into random sampling and deterministic
sampling [23]. Random sampling methods involve
in high computational burden, which makes them
inappropriate for practical applications. Among
deterministic sampling methods, cubature Kalman
filters (CKF) possess various advantages, such as
accuracy, lower computational effort, and more
numerical stability [23] and have therefore attracted
interest in the research community of late.

In this paper, to eliminate the undesired effects
of CPLs in DC MG operation, a cost-effective 3rd
degree CKF algorithm is developed to employ a
joint estimation problem to estimate not only DC
MG’s states but also CPLs powers. The main
contribution of this paper is employing the
developed CKF to estimate the CPLs instantaneous
powers and currents, and the current of the source.

Volume 14, 2019



WSEAS TRANSACTIONS on POWER SYSTEMS

To achieve this goal, the CPLs powers are
augmented into the state vector of the system as
virtual states. Since the CKF is robust against the
system uncertainties, unmodeled dynamics, and
noisy measurements, the proposed technique is
reliable and economical in practice. The developed
CKF is then applied to a DC MG, which is
connected to an uncertain time-varying CPL. The
efficacy of our proposed method is verified by
laboratory experiments.

The outline of this paper is as follows. The
modeling of the DC MG is provided in section Il. In
section 1ll, the developed CKF algorithm for
unknown power estimation is presented. To
investigate the performance of the proposed
estimator, illustrative experimental results are
presented in sections IV. Finally, Section V
concludes the paper.

2 DC Microgrid Dynamic

A typical DC MG, which comprises several
CPLs, is shown in Fig. 1, and its circuit diagram is
shown in Fig. 2. The system shown in Fig. 2 consists
of Q CPLs and 1 energy storage system (ESS). By
employing the Kirchhoff’s current and voltage laws,
the dynamic model of the j-th CPL is obtained as

% = Ax +dP +Ax
{} j X T 4 by T Ajs Xs 1)

Y = hx;

where P; is the load power, x; = [i; vcj]T is the j-
th CPL’s state vector, and

Generator

« | | Filter | pC/AC converter, _ AClosd

Compressor

Fig. 1. lllustration of a DC MG.
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As for CPLs, the dynamic model of the ESS is
obtained as

{,-cs = Agxs + bVye + besipg + 2% A, 3)

yS = h’SxS

where i,, is the ESS injection current, x, =
lis ves] is the ESS state vector, and

Ts 1
—-= = 1
. LS], by = H hy=1[0 1],
0 0

0 0 0
ACTL = |:__1 0] ’ bes = |:_ i:|
C. C.

By augmenting the CPLs and the source state
vectors, the overall dynamic model of the DC MG is
obtained as [24]

(4)

{X = AX 4+ DP + B,yi,; + B,Vy, )
Y = HX

T

where X =[x xf .. xh xST]T, P=[P,.., P,

and
A0 0 Ay 0
B [0 4, 0 AZS} ;
A= : JBos =1 |,
0
l[AO 0 Ay AQSJI b,
T Acn Acn AS
[dl 0 0]
o ?_ |0 d; 0| (6)
Bi=|,|.D=]: :
0 ) U
b, [0 0 dQJ
0 0 0
0100 0
L
0000 1

Fllter CPly
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Vep

— +
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B

Fig. 2. A simplified illustration of the DC MG
shown in Fig. 1 with Q CPLs, where i¢;,, = ;’Tf
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In the following, the goal is to estimate the
powers of the CPLs and the inductor currents
alongside noise mitigation.

3 CPL Power Estimatiom

Cubature Kalman Filter
This section presents the design procedure of the

developed 3rd degree CKF to estimate the unknown
power of CPLs alongside estimation of the source
and CPL currents. To this aim, the system state
vector is augmented by the unknown CPL power
vector [4]. Thereby, the augmented state vector is
defined as

. _[X

‘= [p]

Since the P dynamic is unknown, it is considered
as F} =0 for j=1,..,Q. Then, the augmented
state-space model for the system is

by

U]

= FX +DP + %sies + BsVdC] = f(ni) ®)
Considering (9), the system measurements are
described as

y = ol ] ©

Putting (11), (12) together and considering

system and measurement noises, w and v,
respectively, yields

X =f(x i) +w

{y =Hx+v (10)

where w and v are assumed white and Gaussian with
covariance matrices Q and R, respectively. The
obtained state-space model can be discretized using
the forward Euler method as

{xk+1 =Xt Tsf(xk' iesk) + wy (11)
Vi = Hxy + v

The 3rd degree CKF algorithm is done by
recursively  performing  time  update and
measurement update. After convergence of the CPL,
the last element of X is the estimated power of the

CPL. The CKF steps are as follows [25]:

e Time Update

1. Factorizing
decomposition

by Cholesky

Pr—1jk-1
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Pr—tlk-1 = Sk—11k-1Sk—1jk-1 (12)
2. Calculating cubature points fori = 1, ...2n
Xij—1jk=1 = Sk—11k=16i + Xie—1k—1 (13)

3. Propagating cubature points by the nonlinear

model
Xikk—1 = FXig—1jk—1 les k1) (14)
4. Estimating the predicted states
1
J?k|k—1 = %ZizillXi*,Mk—l (15)

5. Estimating the predicted covariance of the states

1
Prie—1 = %Ziziﬁ (Xi,k|k—1 — Rpjk-1)
(16)

(Xi*,k|k—1 - J?1<|1<—1)T + Q-1

¢ Measurement Update

1. Factorizing Py -1 by Cholesky decomposition
Peti—1 = Skle—1Sk -1 (17)

2. Calculating cubature points fori = 1, ...2n

KXij—1jk=1 = Sij=1Gi + X1 for i=1,..2n (18)

3. Propagating  cubature  points by the
measurement model
Yikie—1 = M Xk -1, les k) (19)
4. Estimating the predicted measurements
5 1 2n

Vil k-1 = ﬂzi=1Yz,k|k—1 (20)

5. Estimating the auto covariance matrix

1 2n 5

Pyy k=1 = %Eizl (Yi,k| ko1 — Pjk-1)

(21)

(Yi,klk—l - 37k|k—1)T + Ry

6. Estimating the cross-covariance matrix
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— 2n o
Pry -1 = ﬁfiﬂ(xi.m—l — Reji-1)

(22)
(Yi,k|k—1 - J7k|k—1)T + Ry

7. Estimating the Kalman gain
Ky = Pry ik y_y1,k|k—1 (23)

8. Estimate the updated states
Ripke = Ripe—1 + K (Vk — Jiwe) (24)

9. Estimating the covariance of the states

Pete = Prk—1 + KePyy i Kil (25)

where R, Q_; are the measurement covariance
matrix and the process noise covariance matrix,
respectively. By the means of the CKF and having
vcj, Vs Measurements, the estimations of B for
j =1,...,Q are achieved by being extracted from the
state vector x.

4 Experimental Results

To verify the effectiveness of the proposed
nonlinear observer, experimental results are provided
in this section. The experimental testbed is shown in
Fig. 3.

It is assumed that all voltages and currents are
real. The MG parameters used in the simulations are
listed in Table I.

Table 1. Parameters For the DC MG with One CPL.

n=11Q Veo1 = 196.64 C, = 500 uF
L; =39.5mH Vye =200V P, =300W
C; = 500 uF =110 Ly = 39.5mH

The simulation is done by choosing the initial
conditionof X = [1 210 1 200 350]". The values
for measurement covariance matrix and the process
noise covariance matrix are as:

R = diag(1073,1073)

26
Q = diag(1072,107°,1072,107°,107%) (26)
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Constant DC source

Power line
- =-=-- Measurementline

s Control line

Control unit Measurement unit

Fig. 3. (a). The experimental setup. (b). The
simplified implementation configuration.

The initial value of the states’ error covariance
matrix is chosen as:

po = diag(1,1,1,1,10%) (27)

To show the effectiveness of the proposed
nonlinear filter, two scenarios are provided. In both
scenarios, the value of the CPL power should vary
within a specific interval to assure the stability of the
DC MG. In the first scenario, step decreases and
increases in the CPL power, Py, is considered. These
prompt changes can occur in practice when the
characteristics of the connected loads to the
inverters, which behave as CPLs, changes promptly.
In the second scenario, the CPL power varies slowly.
In practice, the slow variation of P occurrs because
the efficiency of converters is not constant in
practice and the controller of the converters has a
limited bandwidth. In the following, the
experimental results for both scenarios is presented.
The time scale in all figures is 0.6 sec.

Scenario 1 (Stepwise varying Pq): In this
scenario, the CPL power increases and decreases
promptly at some moments. By applying the
developed CKEF, the currents and voltages of the
CPL filters and the DC source filter, as well as the
CPL power are estimated. Fig. 4 shows the actual
values of the system states alongside their
estimations by employing the CKF.
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As can be seen in Figs. 4, the proposed filter can
estimate the CPL power fast and accurately. In
addition, it can be seen that in the moments of
occurring the prompt changes in the CPL power, an
error is produced in its estimation. Meanwhile, the
CKEF is able to treat these sudden changes effectively
and retrieve the CPL power estimation to its actual
value. A short time after the fats changes in the CPL
power, since the power is constant, the estimation
error of the states becomes zero.

Scenario 2 (periodic slowly varying P4): In this
scenario, the CPL power changes slowly. For the
simulation, the CPL power value changes as
P; =200(1 + sin(5¢t) + 0.5 cos(7t)). Fig. 5 shows
the actual values of the system states alongside their
estimations by employing the CKF.

As can be seen in Figs. 5, the suggested observer can
estimate the value of the CPL power effectively.
Comparing to the Scenario 1, In the case of
continuously varying power, the proposed CKF can
capture the varying behavior of the DC MG more
precise and results in a smaller estimation error.

f\vc;ségz:

100

CNR

Coswd (@

Fig. 4. Augmented states of the system and their
estimation for Scenario 1.
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) T L e U ] e ke oA VATY.
Fig. 5. Augmented states of the system and their
estimation for Scenario 2.

5 Conclusion

This paper aimed to rapidly estimate values of the
CPL power to be used later on for stability control
and safe operation of the DC MGs. To do this, first,
the CPL powers are augmented in the system state
vector, and then a cubature Kalman filter is
developed to estimate the CPLs powers alongside the
estimation of the system’s currents. To illustrate the
effectiveness of the proposed power estimation, the
real-time implementation is performed on a DC MG
that feeds one CPL. Then, two scenarios including
fast changes and slow changes in the CPL power are
considered. The real-time experimental results
showed the ability of the proposed observer in
estimating the instantaneous power of the CPLs used
in the DC MGs for both scenarios of sudden and
continuous changes of the CPL power. Future work
could be using other types of stochastic and
deterministic  observers and comparing the
estimation results with the estimations using the
CKEF. The other possible future work could be tuning
the CKF parameters using optimization techniques.
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