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a b s t r a c t

Due to the nonlinear dynamics of direct current (DC) microgrids, the existence of input constraints,
and their multi-input multi-output (MIMO) nature, classical linear controllers cannot provide an
appropriate performance in a wide range of operations. In this paper, to address these issues,
nonlinear suboptimal controllers are systematically developed in the primary layer of DC microgrids by
employing a state-dependent Riccati equation (SDRE) methodology. To this end, the whole complexities
of the nonlinear dynamics and input constraints are considered in the design procedure of the proposed
SDRE controllers. After designing the controllers, and for a fast yet effective fault detection/isolation, an
artificial neural network (ANN) is trained to identify the closed-loop microgrid at its nominal condition.
Then, the trained ANN is employed to design a fault detection/isolation mechanism. Simulation
results of the developed SDRE control scheme augmented by the ANN-based fault detection/isolation
mechanism demonstrate the merits of the proposed scheme.

© 2022 Published by Elsevier Ltd. This is an open access article under the CC BY-NC-ND license
(http://creativecommons.org/licenses/by-nc-nd/4.0/).

1. Introduction

Microgrid, as the most recent architecture of modern power
grids for a reliable and sustainable energy delivering, is an in-
tegration of different types of distributed generators (DGs). Mi-
crogrids can be utilized in islanded or grid-connected operation
modes (Wang et al., 2020). The concept of microgrid incorporat-
ing small-scale nature sources with controllable loads and storage
units was firstly introduced as a promising solution to attain
better control on electricity supply and demand (Perez-DeLaMora
et al., 2021). In addition to the general acceptance of AC micro-
grids, the remarkable benefits of DC microgrids recognize them as
a more attractive solution for future power grids (Abhishek et al.,
2020; Shrivastava and Subudhi, 2020). This is attributed mostly
to DC microgrids higher efficiency, their compatibility with most
of the renewable energy sources (RESs) and energy storage sys-
tems (ESSs), the lack of requirements for synchronizing DG units
after any black-start event with the rest of the grid, as well
as the lack of reactive power control concerns in DC microgrid
applications (Ojo et al., 2020).

Different hierarchical control techniques are provided for con-
trol of microgrids, which mainly are categorized into the primary

∗ Corresponding author.
E-mail address: y.khayat@uok.ac.ir (Y. Khayat).

(local), the secondary, and the tertiary control layers (Khayat
et al., 2019; Ghaderyan et al., 2021). The power conversion actua-
tors of DC microgrids are power-electronic converters, which can
be Boost, Buck, Cuk power converters, or a multi-stage structure
of them. The power converter units must be coordinated by
the hierarchical control layers to achieve a safe and reliable
power conversion. The control objectives of the primary layer are
satisfied through a current control loop, a voltage control loop,
and a droop mechanism to keep the voltage and current stability,
as well as sharing the power among all the DG units based on
the droop mechanism. Proportional–integral (PI) controllers have
been widely used in the voltage and current control loops due
to their simple yet interesting properties (Guerrero et al., 2011).
However, various controllers, such as proportional–derivative
(PD) controllers (Diaz et al., 2014), boundary controllers (On-
wuchekwa and Kwasinski, 2010), and fuzzy control (Guo et al.,
2009), have been also employed to address the inner loop ob-
jectives of the primary control. The secondary control of DC
microgrids eliminates the droop control drawbacks, i.e., removing
the voltage deviation under any power unbalance between pro-
duction and consumption sides, while the current sharing must
be remained and shared proportionally based on the allocated
droop gain for each DG unit. At last, the tertiary layer, as the
highest layer, is responsible for economical dispatch purposes.
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Q B Battery state variable’s weighting matrix
Q SC SC state variable’s weighting matrix
R Control signal weighting matrix
PPV Algebraic Riccati equation’s solution for

PV unit
PB Algebraic Riccati equation’s solution for

Battery unit
PSC Algebraic Riccati equation’s solution for

SC unit
K PV PV’s state-dependent feedback gain
K B Battery’s state-dependent feedback gain
K SC SC’s state-dependent feedback gain
R Set of real numbers
JPV PV unit’s quadratic cost function
JB Battery unit’s quadratic cost function
JSC SC unit’s quadratic cost function
APV State matrix for the PV unit
AB State matrix for the battery unit
ASC State matrix for the SC unit
ÃPV Augmented state matrix for the PV unit
ÃSC Augmented state matrix for the battery

unit
ÃB Augmented state matrix for the SC unit
BPV Input vector for the PV unit
BB Input vector for the battery unit
BSC Input vector for the SC unit
B̃PV Augmented input vector for the PV unit
B̃B Augmented input vector for the battery

unit
B̃SC Augmented input vector for the SC unit
dPV (t) PV unit’s disturbance term
dB(t) Battery unit’s disturbance term
dSC (t) SC unit’s disturbance term
Sat(.) Signal saturation function
ũi(t) SDRE’s control signal
Wi ANN’s weighting matrix
η Learning rate
e(tk) Error signal between the system output

and the ANN

The operation of microgrids faces a number of challenges aris-
ing from the different nature of the power electronic based power
converters and their different behavior in comparison with the
conventional power grids, especially the difference in the limited
level of fault currents. Moreover, fault diagnosis in DC microgrids
is becoming a challenging issue due to DC grid characteristics
such as the low level of fault currents in power converters,
the relatively small resistance/inductance in transmission cables,
meshed and ring structures of DC networks, vulnerable nature
of power converter switches during overload conditions, and
bidirectional fault power flow (Dhar et al., 2018; Emhemed et al.,
2017; Naderi et al., 2021). In order to attain a safe and secure
operation of the system, protective devices have to be triggered
when their predefined thresholds are deviated.

Protection schemes can be implemented through different
requirements based on over-current, under/over-voltage, rate of
change of the impedance and frequency, and differential protec-
tions (Park and Candelaria, 2013; Park et al., 2013). Moreover,
fault protection schemes have been implemented by wavelet
transforms (Li et al., 2012), and artificial neural networks (ANNs)

(Abdali et al., 2019). In Emhemed et al. (2016), a selective pro-
tection scheme has been proposed by employing the direction of
the current waveform’s characteristics for protecting low voltage
DC distribution networks. However, for high-resistance faults, the
current waveform’s information may not be an appropriate indi-
cator for detecting the fault’s direction. In Mohanty and Pradhan
(2018), the frequency of power oscillations and transient behavior
of the faulty current have been considered as novel fault detection
indices. The dependency of the proposed method to the size of
oscillation, and consequently to the fault’s resistance as well as
the fault’s location, can be considered as the main drawbacks of
this approach. In Mohanty and Pradhan (2017), the inductance
value of the electrical lines has been employed to detect the
fault in meshed DC systems, while the estimated inductance can
be decreased for high resistance faults. Due to the very low
level of the fault current in high-resistance faults, discriminating
between a high-resistance fault and a load change is difficult.
Therefore, line parameter estimation has been developed in Rao
and Jena (2021), as an alternative option for microgrid systems.
After an intentional/unintentional line disconnection, however,
the configuration of a ring network changes to a radial network.
Therefore, most of the protection schemes fail to detect the fault
due to the unidirectional current flow.

Recently, model-based fault detection techniques have been
introduced in literature (Chen and Patton, 2012; Dai and Gao,
2013). In these schemes, a residual evaluation function is typi-
cally constructed based on the observer-based predefined thresh-
olds (Gao et al., 2015). In this regard, different norms have
been considered for minimizing the desired performance criteria,
e.g., H∞ criterion (Mola et al., 2020). However, these criteria are
mostly provided to deal with the frequency domain objectives,
and thus, lead to less control over the performance requirements
in the transients. In Alvarez (2020), the authors have presented
real-time fault detection and diagnosis by employing intelligent
monitoring systems, where detection is performed based on
signal and process dynamics modeling. In Hussain et al. (2021),
a coordinated adaptive digital protection scheme has been devel-
oped for intelligently detecting the faults in microgrids, where
the numerous relays, employed for the protection scheme, can
be considered as one of the main drawbacks of the work. In
Jayamaha et al. (2019), Hong and Cabatac (2019), intelligent ANN-
based fault detection schemes have been firstly reviewed, and
then, an ANN classifier has been developed as a soft criterion for
smart fault detection.

In this paper, two important issues of DC microgrids are ad-
dressed, i.e., their control and fault detection and isolation, by
considering a realistic DC microgrid system. The control objec-
tives, including the microgrid stability and performance, are ap-
proached by nonlinear suboptimal controllers, designed by the
state-dependent Riccati equation (SDRE) technique. The proposed
SDRE controllers are designed in the primary layer of the hier-
archical control architecture to regulate the system towards the
desired set-points determined by the higher-level control (sec-
ondary layer). The simulation results demonstrate that the control
objectives are obtained by employing the SDRE controllers. It
should be mentioned that, due to the nonlinear dynamics of
the considered microgrid, the existence of input constraints, and
its multi-input multi-output (MIMO) nature, linear controllers
cannot provide the required performance in a wide range of
operations. In addition, in order to avoid imposing any additional
complexities to the overall system, an ANN-based model-free
approach is employed for the design of the fault detection and
isolation mechanism (FDIM). While this design is model-free,
straightforward, and simple, the obtained simulation results re-
veal that it is effective to be used in practical implementations.
The design procedure of the proposed FDIM consists of two steps.
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Fig. 1. The schematic diagram of the considered DC microgrid.

At first, the closed-loop DC microgrid under the SDRE controllers
is identified using an ANN, that is trained by minimizing the
error between the DC microgrid outputs and the ANN outputs.
Then, by considering proper thresholds on the amplitudes of
residual signals as well as their time derivations, the FDIM is
established for the considered DC microgrid. Overall, this paper
has the following two main contributions:

• Unlike the conventional and non-optimal PI-based voltage
and current loop controllers in the primary level, a subop-
timal SDRE control scheme is developed for DC microgrid
applications. Using the SDRE technique, nonlinear subopti-
mal control laws are systematically developed for the DC
microgrid by considering the nonlinear dynamics and input
constraints.

• An intelligent and effective fault detection and isolation
mechanism is designed for the DC microgrid.

The rest of this paper is organized as follows. In Section 2, the
mathematical model of the considered DC microgrid is presented.
In Section 3, the SDRE technique is developed, while in Section 4
an FDIM is proposed, both for the DC microgrid. In Section 5, sim-
ulation results are presented on different case scenarios. Finally,
Section 6 concludes the paper.

2. DC microgrid modeling and control objectives

The considered isolated DC microgrid consists of a photo-
voltaic (PV) array, a battery, a super-capacitor, and variable loads.
In this setup, we further assume that the desired references for
the controllers (the desired voltage levels of the PV array, the
battery, and the DC grid) are provided by a higher level control,

i.e., the secondary layer control. By considering a hierarchical
control structure, the secondary control is responsible to provide
the desired set-points for the primary control. Details of the
hierarchical control structure and the duties of its control layer
can be found in Khayat et al. (2019). Another consideration in our
modeling is the appropriate sizing of the constituent components
of microgrid. In particular, it is assumed that the constituent DGs
are sized such that they always provide the demand power (Li and
Li, 2020). The schematic diagram of the DC microgrid is depicted
in Fig. 1. The PV array, the battery, and the super-capacitor are
connected to the DC grid using a DC/DC boost converter, a DC/DC
bidirectional converter, and a DC/DC bidirectional buck converter,
respectively.

For the DC/DC boost converter, the measured variables VC1 (t),
VC2 (t), and IL3 (t) are the voltage of the capacitor C1, the voltage
of the capacitor C2, and the current of the inductor L3, respec-
tively. For the DC/DC bidirectional converter, the measured vari-
ables VC4 (t), VC5 (t), and IL6 (t) are the voltage of the capacitor C4,
the voltage of the capacitor C5, and the current of the inductor
L6, respectively. For the DC/DC bidirectional Buck converter, the
measured variables VC7 (t) and IL8 (t) are the voltage of the capac-
itor C7 and the current of the inductor L8, respectively. The control
inputs 0 ≤ u1(t) ≤ 1, 0 ≤ u2(t) ≤ 1, and 0 ≤ u3 (t) ≤ 1 are
the duty cycles of the Boost converter, the bidirectional converter,
and the bidirectional Buck converter, respectively (Hussain et al.,
2021). The PV panel voltage VPV (t) ≥ 0, the battery voltage
VB(t) ≥ 0, and the super-capacitor voltage VSC (t) ≥ 0 are con-
sidered as unknown external disturbances. The nominal values
of the DC microgrid’s parameters are given in Table I (Iovine
et al., 2017). Based on the averaging technique for modeling the
power electronic systems, the state–space representation of the
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considered DC microgrid is as follows (Iovine et al., 2017):

V̇C1 (t) = −
VC1 (t) − VPV (t)

R1C1
−

IL3 (t)
C1

V̇C2 (t) = −
VC2 (t) − VC9 (t)

R2C2
+

IL3 (t)(1 − u1(t))
C2

İL1 (t) =
VC1 (t) − VC2 (t) − R01IL3 (t)

L3

+
(VC2 (t) + (R01 − R02)IL3 (t))u1(t)

L3

V̇C4 (t) = −
VC4 (t) − VB(t)

R4C4
−

IL6 (t)
C4

V̇C5 (t) = −
VC5 (t) − VC9 (t)

R5C5
+

IL6 (t)(1 − u2(t))
C5

İL6 (t) =
VC4 (t) − VC5 (t) − R04IL6 (t) + VC5 (t)u2(t)

L6

V̇C7 (t) = −
VC7 (t) − VC9 (t)

R7C7
+

IL8 (t)
C7

İL8 (t) =
VS(t)u3(t) − R08IL8 (t) − VC7 (t)

L8

V̇C9 (t) =
1
C9

(
VC2 (t) − VC9 (t)

R2
+

VC5 (t) − VC9 (t)
R5

)

+
1
C9

(
VC7 (t) − VC9 (t)

R7
−

VC9 (t)
RL(t)

).

(1)

where VC9 (t) represents the voltage of the capacitor C9, and
RL(t) > 0 represents the load resistance.

As mentioned earlier, the problem is to design an inner loop
controller for the primary level of the DC microgrid based on the
dynamic model (1). The control input u(t) = [u1 (t) u2 (t) u3 (t)]T

should be determined such that the voltages of the PV array,
battery, and DC grid are regulated to their set-points provided
by the secondary layer control. In order to attain this objective
in an optimum way, the following quadratic cost function is
considered:

J =
1
2

∫
∞

0
(xT (t)Q x(t) + ∆uT (t)R∆u(t))dt, (2)

where R ∈ R3×3 and Q ∈ R9×9 are two positive-definite user-
defined weighting matrices; x (t) = [x1 (t) , x2 (t) , x3 (t) , x4 (t) ,

x5 (t) , x6 (t) , x7 (t), x8 (t) , x9 (t) ]T , and ∆u(t) = [u1(t) − u∗

1,

u2(t) − u∗

2, u3(t) − u∗

3]
T . Here, x1(t) = VC1 (t) − V ∗

C1
, x2(t) =

VC2 (t) − V ∗

C2
, x3(t) = IL3 (t) − I∗L3 , x4(t) = VC4 (t) − V ∗

C4
, x5(t) =

VC5 (t) − V ∗

C5
, x6(t) = IL6 (t) − I∗L6 , x7(t) = VC7 (t) − V ∗

C7
, x8(t) =

IL8 (t) − I∗L8 , and x9(t) = VC9 (t) − V ∗

C9
; u∗ is the corresponding

value of control input at the desired equilibrium point x∗
=

[V ∗

C1
, V ∗

C2
, I∗L3 , V

∗

C4
, V ∗

C5
, I∗L6 , V

,
C7
I∗L8 , V

∗

C9
]
T . In the following, it is as-

sumed that the set-points determined by the secondary layer
control are V ∗

C1
= 300 (V), V ∗

C4
= 400 (V), and V ∗

C9
= 1000 (V).

Setting the left-hand side of (1) to zero and solving the obtained
algebraic equations, the steady state values of other variables and
control inputs are computed. In this situation, the nominal values
of VPV (t), VB(t), VSC (t), and RL(t) are determined based on the
wave forms of these signals. In the following, VPV (t), VSC (t), and
RL(t) are assumed to be time-varying signals. The battery voltage
is assumed to be constant VB(t) = 400 (V). By considering these
variations, the nominal values of VPV (t), VSC (t), and RL(t) are 300
(V), 2000 (V), and 20 (�), respectively. Therefore, the steady state
values V ∗

C2
= V ∗

C5
= V ∗

C7
= 1000 (V), I∗L3 = I∗L6 = I∗L8 = 0 (A),

u∗

1 = 0.7, u∗

2 = 0.6, and u∗

3 = 0.5 are computed.
Conventionally, to satisfy the inner loop goals, i.e., keeping the

stability for the voltage and current of the converters, PI-based
inner loops are employed, as shown in Fig. 2. The defined optimal
control problem, denoted by (1) and (2) subject to the input

constrains 0 ≤ ui(t) ≤ 1 (i = 1 : 3), is a nonlinear multi-input
multi-output (MIMO) problem with three control inputs. In addi-
tion, the designed closed-loop system should be internally stable.
In the following section, an SDRE-based technique is employed to
systematically solve this problem.

3. SDRE controller design

SDRE techniques are based on concepts directly inherited from
the well-established linear theories. As such, they have been
widely applied to many different applications (Cimen, 2010). The
SDRE methods maintain the nonlinearities of the system since
they do not ignore any nonlinear terms. Besides, the system
performance can be systematically improved by choosing two
matrices (Cimen, 2010; Batmani, 2017). Fig. 3 presents the block
diagram of the DG inner loops with the SDRE controller for the PV
array. The same structures are also used for the other DGs. Since
the duty cycles of the DC power converters, as the control inputs
for the compare-based switching signal generators, are limited
to [0, 1], we must address these input constraints in the design
procedure of the SDRE controllers. To this end, these constrains
on ui(t) are imposed on ∆ui(t) (i = 1 : 3). Indeed, as computed
in the previous section, u∗

1 = 0.7, u∗

2 = 0.6, and u∗

3 = 0.5;
and therefore, by imposing constraints −0.3 ≤ ∆u1(t) ≤ 0.3,
−0.4 ≤ ∆u2(t) ≤ 0.4, and −0.5 ≤ ∆u3(t) ≤ 0.5, it is guaranteed
to design controllers with 0 ≤ ui(t) ≤ 1. By considering these
constraints, and since every DG has its own primary controller,
the dynamical system (1) is decomposed into three parts as
follows:
ẋPV (t) = APV xPV (t) + BPV (xPV (t))Sat(∆u1(t), u1

max) + dPV (t),

ẋB (t) = ABxB (t) + BB (xB (t)) Sat
(
∆u2 (t) , u2

max

)
+ dB (t) ,

ẋSC (t) = ASCxSC (t) + BSC (xSC (t))Sat(∆u3(t), u3
max) + dSC (t),

(3)

where xPV (t) = [x1(t), x2(t), x3(t)]T , xB(t) = [x4(t), x5(t), x6(t)]T ,
and xSC (t) = [x7(t), x8(t), x9(t)]T ; dPV , dB, and dSC are external dis-
turbances due to the interactions among the control loops and cli-
matic changes; [u1

max, u
2
max, u

3
max]

T
= [0.3, 0.4, 0.5]T ; Sat(∆ui(t),

ui
max) = Sat(∆ui(t), ui

max)(i = 1, 2, 3) and

Sat
(
∆ui (t) , ui

max

)
=

⎧⎪⎨⎪⎩
ui
max ui(t) > ui

max

ui(t) |ui(t)| < ui
max

−ui
max ui(t) < −ui

max

(4)

The state and input matrices in (3) are as follows:

APV =

⎡⎢⎣−100 0 −10

0 −103 30

30 −9 −3

⎤⎥⎦ ,BPV =

⎡⎢⎣ 0

−100x3(t)

30x2(t)

⎤⎥⎦ , (5)

AB =

⎡⎢⎣−100 0 −10

0 −104 40

30 −12 −3

⎤⎥⎦ ,BB =

⎡⎢⎣ 0

−100x6(t)

30x5(t)

⎤⎥⎦ , (6)

ASC =

⎡⎢⎣−103 100 103

−30 −0.3 0

105 0 −12 × 105

⎤⎥⎦ ,BSC =

⎡⎢⎣ 0

0

6 × 104

⎤⎥⎦ . (7)

In order to use the SDRE technique, and due to the input con-
straints, integral dynamics are firstly considered for the control
inputs as follows (Cimen, 2010):

∆u̇1(t) = ũ1(t),

∆u̇2(t) = ũ2(t),

∆u̇3(t) = ũ3(t),

(8)
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Fig. 2. Conventional PI-based inner controllers for the primary control level.

Fig. 3. Proposed SDRE-based inner loop controller for the PV array.

where ũi(t) (i = 1 : 3) are the auxiliary inputs. Now, by defining

XPV (t) =
[
xTPV (t) ∆u1 (t)

]T
, ∈ R4,

XB (t) =
[
xTB (t) ∆u2 (t)

]T
, ∈ R4, (9)

XSC (t) =
[
xTSC (t) ∆u3 (t)

]T
, ∈ R4.

and using (3) as well as (8), the following state-dependent coef-
ficient (SDC) representations are found:

ẊPV (t) = ÃPV (XPV (t))XPV (t) + B̃PV ũ1(t) + dPV (t),

ẊB (t) = ÃB (XB (t)) XB (t) + B̃Bũ1 (t) + dB (t) ,

ẊSC (t) = ÃSC (XSC (t)) XSC (t) + B̃SC ũ1 (t) + dSC (t) ,

(10)

where

ÃPV (XPV (t)) =

[ APV BPV (xPV (t)) S
(
∆u1 (t) , u1

max

)
01×3 0

]
,

ÃB (XB (t)) =

[ AB BB (xB (t)) S
(
∆u2 (t) , u2

max

)
01×3 0

]
,

ÃSC (XSC (t)) =

[ ASC BSC (xSC (t)) S
(
∆u3 (t) , u3

max

)
01×3 0

]
,

B̃PV =

[03×1

1

]
.B̃B =

[03×1

1

]
.B̃SC =

[03×1

1

]
,

(11)

and 0n×m denotes the n × m zero matrix. It should be noted that
since Sat(∆ui, ui

max)/∆ui tends to one when ∆ui(t) → 0, the SDC
representation (10) does not cause any numerical problems in
solving related Riccati equations. Hence, (10) is well-defined and
can be synthesized in the SDRE design.

Now, the optimal control problem, defined by (1) and (2)
subject to the input constrains 0 ≤ ui(t) ≤ 1 (i = 1 : 3), is

replaced with new optimal control problems defined via (11) and
the following cost functions:

JPV =
1
2

∫
∞

0
(XT

PV (t)Q PVXPV (t) + ũT
1(t)R1ũ1(t))dt,

JB =
1
2

∫
∞

0
(XT

B (t)Q BXB(t) + ũT
2(t)R2ũ2(t))dt,

JSC =
1
2

∫
∞

0
(XT

SC (t)Q SCXSC (t) + ũT
3(t)R3ũ3(t))dt,

(12)

where QPV ,QB,QSC ∈ R4×4 are positive-definite matrices; RPV ,
RB, and RSC are positive scalar weights. Since the SDRE tech-
nique systematically considers the problem of input saturations
in its design procedure, the stability of the closed-loop system is
guaranteed. Employing the SDRE technique leads to sub-optimal
solutions for the DGs as follows:
ũ1 = −K PV (XPV )XPV ,

ũ2 = −K B (XB) XB,

ũ3 = −K SC (XSC )XSC ,

(13)

where K PV (XPV ) = R−1
1 B̃

T
PVPPV (XPV ), K B(XB) = R−1

1 B̃
T
BPB(XB),

K SC (XSC ) = R−1
1 B̃

T
SCPSC (XSC ): R4

→ R1×4 are the state-dependent
feedback gains for the PV, SC, and battery units. Here, the unique
positive-definite matrices PPV (XPV ), PB(XB), and PSC (XSC ): R4

→

R4×4 are found by solving their corresponding Riccati equations.
For example, PPV (XPV ) is the unique positive-definite solution of
the following equation:

Ã
T
PV (XPV )PPV (XPV ) + PPV (XPV )ÃPV (XPV )

−PPV (XPV )B̃PVR−1
PV B̃

T
PVPPV (XPV ) = −Q PV .

(14)

Remark 1. According to (Batmani, 2017; Rosenblatt, 1958), the
unique positive-definite matrices PPV (XPV ), PB(XB), and PSC (XSC )
exist if the triples

(
ÃPV (XPV ) , B̃PV ,

√
Q PV

)
,
(
ÃB (XB) , B̃B,

√
Q B

)
,

and
(
ÃSC (XSC ) , B̃SC ,

√
Q SC

)
are point-wise stabilizable and de-

tectable where Q =
(√

Q
)T √

Q . Since the real parts of all the
eigenvalues of ÃPV (XPV ), ÃB (XB), and ÃSC (XSC ) in (5), (6), and (7)
are strictly negative, the point-wise stabilizability of these triples
is satisfied. Moreover, the point-wise detectability is fulfilled by
selecting positive-definite weighting matrices Q PV , Q B, and Q SC .

Now, using (8) and (13), the following control laws are ob-
tained:

∆u1 (t) =

∫ t

0
ũ1 (τ ) dτ , ∆u2 (t) =

∫ t

0
ũ2 (τ ) dτ (15)
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∆u3 (t) =

∫ t

0
ũ3 (τ ) dτ .

In this paper, a simple way is utilized to implement the pro-
posed SDRE controllers (Cimen, 2010; Batmani and Najafi, 2019).
In this technique, discretized versions of the Riccati equations
are solved at sampling times tk (t0 = 0 and k = 1, 2, . . .). For
instance, the discretized version of (14) is as follows:

Ã
T
PV (XPV (tk))PPV (XPV (tk)) + PPV (XPV (tk))ÃPV (XPV (tk))

−PPV (XPV (tk)) B̃PVR−1
PV B̃

T
PVPPV (XPV (tk)) = −Q PV .

After solving this equation and using a simple numerical integra-
tion, the control law

∆u1 (t) =
1
T

k∑
i=0

ũ1(ti)

is computed during the time interval t ∈ [tk, tk+1 = tk+T ], where
T is the sampling time. These computations are repeated at each
sampling time.

Remark 2. In the above-designed SDRE controllers, dPV (t), dB(t),
and dSC (t) are considered as external disturbances. It is also
possible to design H∞ nonlinear controllers based on the method
proposed in Hong and Cabatac (2019). In this case, by solving
nonlinear two-player zero-sum differential games, the effects
of these disturbances on the overall closed-loop system are at-
tenuated. The design procedure of this H∞nonlinear controller
is the same as the proposed SDRE controller, where different
state-dependent Riccati equations should be solved.

Remark 3. The computed control laws (14) have full state feed-
back structures. All the system state variables are measurable and
available to the SDRE controllers since they are voltages/currents
of the DGs. It is also possible to design output feedback controllers
for the considered DC microgrid, for example, by designing a state
observer.

4. Fault Detection and Isolation Mechanism (FDIM) design

In this section, using a multi-layer perceptron (MLP) ANN, an
intelligent FDIM is designed for the considered DC microgrid.
Fig. 4 shows the block diagram of the proposed FDIM structure
for the DC microgrid. At first, the designed SDRE control law
(14) is applied to the DC microgrid. Next, the obtained closed-
loop system is identified in its nominal condition by training
an ANN. Then, the residual signals are computed as the differ-
ences between the system states and the trained ANN outputs.
Finally, by comparing the residual signals as well as their time
derivatives with some predefined thresholds, the FDIM is estab-
lished. It should be noted that the proposed FDIM is also able
to detect the location of the occurred faults. In other words, the
method can isolate the faulty DG. Since the SDRE controllers
have robustness against dPV (t), dB(t), and dSC (t), the effects of
these external disturbances are not directly modeled by the ANN.
Indeed, the ANN-based FDIM is trained in the nominal operation
of the microgrid when there are no disturbances.

4.1. Architecture of MLP ANN

The original structure of a perceptron, which was introduced
in Rosenblatt (1958), is a single layer feed-forward network with
low learning ability. To tackle this problem, adding hidden non-
linear layers between the input and the output is an effective
approach (Yegnanarayana, 2009). By this change, the generalized
perceptron can be used for modeling any nonlinear complex func-
tion. In this paper, a three-layer perceptron is used in which the

Fig. 4. Block diagram of the proposed FDIM for the DC microgrid.

Fig. 5. Architecture of the utilized MLP network.

input and the hidden layers are nonlinear, and the output layer
is linear. It should be noted that the standard sigmoid functions
are used as the activation functions for the hidden layer of the
proposed ANN due to their advantages in identifying nonlinear
systems. Fig. 5 depicts the diagram of a MLP network. While the
MLP networks are typically trained using the back-propagation
algorithm, the following simpler discrete-time formula is utilized
to update the weight between the input layer and the hidden
layer, shown with W1 = [w1(i, j)] (i, j = 1 : 9):

W1(tk + T ) = W1(tk) + ηe(tk)uT (tk), (16)

where η is a positive constant, called the learning rate; e(tk) is
the error signal between the system output (x(tk)) and the ANN
output (x̂(tk)), i.e., e (tk) = x (tk)−x̂(tk). The weight vector between
the output layer and the hidden layer, shown with W2, is used
to achieve a better convergence of the ANN output to the DC
microgrid’s output.

4.2. ANN training

In this subsection, the ANN is trained to identify the DC mi-
crogrid in its nominal condition. To this end, the data for training
the ANN is collected using the input and output signals of the DC
microgrid when it is under the SDRE control law (14). The ANN
training is continued until the error signal is close enough to zero,
i.e., ∥e (tk) ∥ ≤ ϵ, where ϵ is a positive user-defined constant.
Since the microgrid is a nonlinear system, the training process
of the ANN is performed for 20 different initial conditions. Due
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Fig. 6. ANN training: (a) Plots of some entries of W1 , (b) Plots of VC4 (t) and x̂4(t) + V ∗

C4
(t).

to the presence of the SDRE controllers, which are able to restore
the DGs to their nominal conditions in short periods of time, there
is no need to train the ANN for initial conditions far from the
nominal operation of the microgrid. For η = 0.13, Fig. 6(a) shows
the weight W1 for five entries w1(6, 1), w1(6, 2), w1(8, 3), and
w1(8, 1). It can be observed that all of them converge in less than
2 s. For every initial condition, the training process is achieved
for 0.5 s with the sampling rate 0.01 s; and hence, there exist 500
samples per initial conditions. The average of the mean squared
error (MSE) for the training set is 0.631. The final values of W1
and W2 are as follows:

W1 =

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

1.2947 2.8617 5.0134

−2.8547 1.6850 9.1590

0.2608 0.2279 0.0237

−0.0185 1.8654 4.7005

−2.8715 1.6776 9.1418

0.6451 0.6253 0.3461

−1.7306 2.3847 10.2719

0.7990 0.6176 0.1461

−2.0637 1.4870 10.0995

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

,W2 =

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

300

1005

15

405

1005

20

1005

50

1000

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

. (17)

Let us now investigate the ability of the trained ANN to model
the DC microgrid. Towards this objective, the ANN and the DC
microgrid outputs should be compared when their inputs are the
same. For five different initial conditions with the sampling rate
0.01 s, the average of the MSE is 4.018. Fig. 6(b) depicts one of
the ANN/DC microgrid outputs; VC4 (t) and x̂4(t) + V ∗

C4
(t). From

this figure, it can be observed that the trained ANN has enough
accuracy for modeling the studied DC microgrid.

4.3. Residual generation

As shown in Fig. 6(b), the ANN is well-trained and its outputs
converge to the outputs of the DC microgrid in the normal condi-
tion. Hence, the residual signals e (t) = [ei(t)](i = 1 : 9) are zero
in the normal condition. The studied DC microgrid, however, is
affected in a faulty condition, while the ANN is not. Consequently,
the residual signals, which are not zero, can be used to detect
fault occurrences. Nevertheless, since a fault in one DG can affect
and propagate to other DGs, the residual signals cannot perfectly
detect locations of the occurred faults. To cope with this problem,
the time deviations of the residual signals are also used. As
depicted in Fig. 4, by comparing the amplitudes of the residual
signals and their time derivations with some thresholds, the faults
and their locations are detected. The values of the thresholds and
the performance of the proposed intelligent FDIM are presented
in Section 5.2.

Remark 4. Since the DGs’ parameters may be unknown to the
controllers as well as the fault detection/isolation mechanism, it
is crucial to use the feedback in both the system control and fault
detection. Adverse effects of these uncertainties are compensated
by the SDRE controllers due to their intrinsic robustness (Cimen,
2012; Batmani and Khodakaramzadeh, 2020). Moreover, thanks
to using the feedback of the system states in identifying the
microgrid by the ANN, the proposed FDIM achieves acceptable
performance in detecting/isolating the faults.

5. Simulation results

5.1. DC microgrid control

5.1.1. Scenario #1: Nominal performance assessment
In the following simulations, variations of RL(t), VS(t), and

VPV (t) are assumed as time-varying signals. By considering these
variations, the SDRE controllers are applied to the DGs. The
Bryson’s method can be used to select the weighting matrices
Q PV , Q B, and Q SC as diagonal matrices where their non-zero
elements are as follows (Yegnanarayana, 2009):

qi =
1

maximum acceptable value of the ith state
, (i = 1 : 4). (18)

The maximum value of the ith state is the physical constraint
on its amplitude that is imposed on the design procedure. It is
noteworthy that Bryson’s method is a rule of thumb, and the
designer can change the weighing matrices to achieve the desired
performance. In the following, Q PV , Q B, and Q SC are set to I4
and RPV = RB = RSC = 1. Fig. 7(a)–(c) show the waveforms
of VC1 (t), VC4 (t), and VC9 (t), respectively. The corresponding
control inputs are depicted in Fig. 7(d). It can be observed that
while the input constraints are satisfied, the performance of
the overall closed-loop system is acceptable. Since the system
model (1) is nonlinear, applying conventional linear methods
leads to poor performance. For instance, the above scenarios
are simulated again by replacing the designed SDRE controllers
with linear quadratic regulators (LQRs) and PI controllers. For
the same initial conditions and weighing matrices, Fig. 7(a)–
(c) depict VC1 (t), VC4 (t), and VC9 (t) when the DC microgrid is
controlled by the LQRs and PI controllers. It should be noted that
the genetic algorithm is utilized to tune the parameters of the PI
controllers such that JPV , JB, and JSC in (12) are minimized; and
hence, the comparisons are fair. The presented results show that
the proposed SDRE controllers have a much better performance.
This is due to their ability to consider the nonlinear dynamics of
the DC microgrid in their design procedure.

Remark 5. Based on proper Lyapunov functions, the local asymp-
totic stability of the system can be mathematically proved by
following Theorem 6 in Cimen (2012). Although the global sta-
bility of the closed-loop system is not mathematically guarantees,
the above simulation results confirm that the designed SDRE con-
trollers are able to maintain the system stability and performance
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Fig. 7. Results of applying the SDRE, PI, and LQR controllers: (a) Voltage of the capacitor C1; (b) Voltage of the capacitor C4; (c) Voltage of the capacitor C9; (d)
Control inputs obtained by the SDRE controllers.

Table 1
DC microgrid’s parameters.
Parameter Value Parameter Value

C1 0.1 F R7 0.1 �

C2 0.01 F R01 0.01 �

C4 0.1 F R02 0.01 �

C5 0.01 F R04 0.01 �

C7 0.01 F R05 0.01 �

C9 0.0001 F R07 0.01 �

R1 0.1 � R08 0.01 �

R2 0.1 � L3 0.033 H
R4 0.1 � L6 0.033 H
R5 0.01 � L8 0.033 H

in the range of the system operation. In other words, applying the
proposed SDRE controllers leads to acceptable performance even
though the initial condition of the system is far from the desired
values of the system outputs.

5.1.2. Scenario #2: Robust performance assessment
In this scenario, parametric uncertainties and their effects on

the system stability/performance are investigated. To this end,
the continuous load changes are repeated for 40 sets of the DC
microgrid parameters. These parameters randomly vary in ±100%
of their nominal values, reported in Table 1. The designed SDRE
controllers are blind to the actual values of the DC microgrid
parameters. Fig. 8 depicts VC1 (t), VC4 (t), and VC9 (t). The pro-
posed SDRE controllers successfully maintain the stability of the
closed-loop system even in the presence of these parametric
uncertainties and external disturbances.

5.1.3. Scenario #3: Plugged-in or plugged-out
In this scenario, the problem of plug-in/-out operation in the

considered DC microgrid is studied. It is assumed that the first DG
is plugged out at t = 0.3 s; and then, it is plugged into the mi-
crogrid at t = 0.4 s. During the time interval [0.3, 0.4] s, the first
SDRE controller is deactivated. The obtained results presented in
Fig. 9(a) and (b) show that the proposed control structure is able
to maintain the system stability and performance.

Remark 6. In the above simulation, when a DG is plugged in,
its mathematical model is augmented with the microgrid model;
and then, a new SDRE controller is designed for the plugged DG.

5.2. Fault detection and isolation

To show the capabilities of the designed FDIM, three kinds of
faults in the DC microgrid are considered. The simulated faults
are line to ground ones which are assumed to be occurred in the
super-capacitor, the battery, and the PV array during the time
intervals [0.5, 1], [1.5, 2], and [2.5, 3] s, respectively.

To construct the FDIM in the studied DC microgrid, the resid-
ual signals e(t) = x(t) − x̂(t) are utilized. The corresponding
residual signals for the super-capacitor (e1(t)), the battery (e4(t)),
and the PV array (e7(t)) are used, where their waveforms are
depicted in Fig. 10(a). In a normal situation, for example, during
the time interval [0, 5] s, the amplitudes of these residual signals
are small. Nevertheless, in faulty conditions, the amplitudes of the
residual signals increase. While locations of the occurred faults
can be also determined, it is easier to use the time derivations of
these signals to avoid any misleading isolation mainly due to the
observed overlaps among the utilized residual signals. Fig. 10(b)
depicts the waveforms of the time derivations of e1(t), e4(t),
and e7(t). From this figure, it can be found that the locations
of the faults are accurately detected in a short period of time.
For the aim of comparison, another FDIM is also designed us-
ing the nonlinear observer-based technique proposed in Batmani
et al. (2022). Fig. 10(c) shows the residual signals obtained by
this observer-based FDIM. Comparing the results reveals that the
proposed ANN-based method outperforms the observer-based
method since the former is more sensitive to the occurred faults.
Indeed, the thresholds on the residual signals attained by the
proposed ANN-based mechanism are lower than those of the
observer-based method. It is worth noting that the design pro-
cedure of the proposed FDIM is much more straightforward since
it is not a model-based technique.

In realistic system conditions, the measurement signals incor-
porate noise. Although noise have low amplitudes compared with
the original signals, the deviations of these signals might be even
larger than the amplitudes of the original signals. To clarify any
possible adverse effects of this problem (Ge et al., 2022), three
zero-mean normal distributed noises with signal-to-noise ratio
(SNR) 10 : 1 are added to the measured states x1(t), x4(t), and
x7(t). Fig. 11 shows the waveforms of the time derivatives of the
residual signals. It can be seen that the proposed intelligent FDIM
is still effective for the aim of fault detection and isolation in the
DC microgrid.
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Fig. 8. Robust performance assessment: (a) Voltage of the capacitor C1; (b) Voltage of the capacitor C4; (c) Voltage of the capacitor C9 .

Fig. 9. Plug-in/-out scenario: (a) Voltage of the capacitor C4; (b) Voltage of the capacitor C9 .

Fig. 10. Fault detection and isolation results: (a) the residual signals e1(t), e4(t), and e7(t); (b) the time derivatives of ė1(t), ė4(t), and ė7(t), (c) residual signals
obtained by observer-based fault detection/isolation presented in Batmani et al. (2022).

6. Conclusion

In this paper, by considering the nonlinear dynamics of power
converters employed in DC microgrids and their physical input

constraints, a primary control scheme based on the SDRE tech-
nique has been systematically developed to find suboptimal con-
trol laws for satisfying the primary control objectives of DC
microgrids. Unlike conventional inner loops for voltage and
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Fig. 11. Fault detection and isolation results in the presence of noise: the time
derivatives of ė1(t), ė4(t), and ė7(t).

current, the proposed scheme has been developed in a way
that offers suboptimal control laws by considering constraint-
based cost functions. The advantages of the designed nonlinear
controllers have been investigated through simulations and com-
parisons with conventional linear controllers. For the aim of fault
detection and isolation, an ANN-aided fault detection unit has
been firstly trained using collected data from the closed-loop
system in the neighbor of its nominal conditions. Then, an in-
telligent ANN-based fault detection and isolation mechanism has
been designed for the considered DC microgrid. The effectiveness
of the proposed control strategy and fault detection/isolation
mechanism has been revealed by performing simulations which
examine different operating system scenarios.
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