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Abstract: This paper presents an approach to detect faults in Photovoltaic (PV)
systems based on a state estimation and residual analysis. After constructing
the mathematical model of the nonlinear system and the extended state
observer, we establish the fault detection method of the Single-Phase Grid
connected PV system subjected to external disturbances based on estimation
and residual analysis of nominal and extended states. To manage the
uncertainties due to the modeling and external disturbances, an active
disturbance rejection control (ADRC) is used, thanks to its robustness. We
generated residuals by comparing the actual and estimated states with a
threshold set at a tolerance of 5% from the nominal residual value. The external
disturbances, such as PV generator and grid voltage variations, are defined as
the external sources of disturbances. The faults occasioned by these
disturbances are detected by the presence of peaks exceeding the thresholds.
The results obtained by simulation in MATLAB environment demonstrated that
with a threshold set at a tolerance of 5% from the nominal residual value, the
proposed residual analysis method achieves 62.5 % of detection of faults from
the PV source and 100% detection of faults from the grid side. The state
estimation-based approach is verified by a direct visual observation of the
nominal (current and voltage) and extended (disturbances) state estimation
curves. Given the satisfactory results of this work, this diagnosis approach offers
an interesting outlook for ensuring the productivity and lifespan of the PV
system.

Keywords: Photovoltaic systems, fault detection, state estimation, residual

analysis, extended state observer, active disturbance rejection control.

1. Introduction

Due to growing populations, industrial development, and environmental concerns
about global warming, renewable energy sources have emerged as an answer to the high
demand for clean and sustainable energy [1]. Electricity generation from solar
photovoltaic energy has attracted considerable interest worldwide. Due to the huge
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potential for solar irradiation in the world in general and in Africa in particular,
Photovoltaic technology has seen a great deal of installation capacity over the years [2].
The fluctuation of the PV energy source voltage and grid voltage, and the change in
system parameters, lead to the instability of the output voltage [3]. For a dynamic system,
accuracy, speed, and stability are very important parameters. However, disturbances,
non-linearities, and uncertainties are real obstacles in this process [4]. It is essential to
develop effective, accurate, and reliable methods and tools for the rapid detection of
potential faults in order to optimize production and minimize the maintenance costs of
photovoltaic installations [5]. Fault detection consists of making a binary decision
whether or not a fault has occurred, while identification determines the location of the
faulty component [6].

Some authors categorize faults in a PV system as either hard or soft. Blown fuses,
damaged cables, or disconnection causes hard failures from the electrical grid due to
inverter failure. Soft failures are caused by dust and dirt deposits on the panels' surface,
hot spots, or partial shading [5]. Hard failures in the PV system generally lead to a drastic
and rapid variation in electrical variables. Thus, diagnosing these types of faults is almost
trivial. However, soft faults are not easily detectable because they are not only often
confused with the usual fluctuations in system operation, but also have a slow, gradual
impact on the productivity of the photovoltaic installation. Fault diagnosis and condition
monitoring are important to increase the efficiency and reliability of photovoltaic
modules [7]. The fault detection methods are divided into two types: model-based or
model-free [6]. Model-based fault detection originated with Beard in 1971 in order to
replace hardware redundancy with analytical redundancy [8]. It includes signal
techniques, state estimators, parity space methods, and parameter estimation [9]. Based
on the model, fault detection techniques are proposed to observe residual elements
among the measured outputs of the practical systems and the model-estimated outputs
[10], [11].

Fault Detection and Isolation (FDI) has been widely reported in various applications
of power electronic systems, such as electric conversion systems, electric vehicles [1],
[12], [13], [14]. Several nonlinear control approaches have been proposed for grid-tied
power converters, such as nonlinear adaptive control, passivity-based control, model
predictive control, and sliding mode control [15], [16], [17], [18], [19]. There are various
works reported in the literature about the PV fault diagnosis [20], [21].

The observer-based fault diagnosis has been widely reported in various
applications of power electronic systems, such as motor drives, electric conversion
systems, electric vehicles [1], [22], [23], [24], [25]. The choice of diagnosis by the observer
method based on active rejection of disturbances is justified by the fact that, on the one
hand, the active disturbance rejection control considers non-linearities and uncertainties
as disturbances, estimates and compensates for them. On the other hand, the extended-
state-observer (ESO) method was designed for the ADRC to produce a compensation term
in a simple and efficient way [4]. Once, in contrast to many control strategies, linear active
disturbance rejection control (LADRC) is an independent method that does not depend
on the exact mathematical model of the controlled system, which qualifies it for wide use
in many practical applications and theoretical studies [3].

Photovoltaic systems, like other industrial systems, are subject to faults during
operation. Several methods for detecting faults in photovoltaic (PV) systems exist in the
literature. However, the criteria that these methods address, such as accuracy, speed,
reliability, and robustness, are still under investigation. In addition, the applicability of the
algorithms and methods developed varies according to the operating conditions of the
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Figure 1. The system's
electrical equivalent
model.

systems. Each diagnostic method has its own advantages and disadvantages. Because
many uncertainties in photovoltaic systems are unmeasurable, the estimation-based
diagnosis technique is particularly crucial. This paper aims to contribute to photovoltaic
systems' fault diagnosis based on state estimation and residual analysis. This work
contributes to PV diagnosis using state estimation and residual analysis approaches.
Unlike other analytical approaches limited by their complexity and sensitivity to
uncertainties, and considering non-linear systems such as PV systems, the proposed
method not only takes into account the simultaneous detection of DC and AC fault sides,
but also incorporates active disturbance rejection control, which ensures the stability of
the technique.

The following sections explain this paper. The methods in Section 2 consist of the
mathematical model, the proposed fault diagnosis approach, the state estimation, and
residuals analysis approaches used in this study. Section 3 presents the simulation results
before concluding the paper in Section 4.

2. Methods

2.1. Mathematical Model

The literature deals with several typologies of photovoltaic systems. This work is
concerned with a photovoltaic system connected to a single-phase grid, considered as the
load. The description provided by the equivalent electrical model in Figure 1 highlights
the features and illustrates the different phases of system operation.
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The equivalent circuit above consists of a DC side and an AC side. The DC side is
composed of a PV generator, a boost converter, and the DC bus. The AC side consists of
a single-phase inverter, a filter L, and the grid part represented by the voltage V;. Energy
is released from the DC section to the AC section via the DC bus by the power switch S,
(MOSFET, IGBT) coupled to the diode D. The PWM modulator controls both the DC and
AC converters by generating pulses with a frequency of f=1/T and a width of uT, where
UE O, 1] represents the duty cycle of the control pulses.

Two phases illustrate the equivalent electrical model, and each one is described by
two different conduction sequences.

1. The energy accumulation phase: during this phase, energy is accumulated in the
smoothing inductor L, and it is described by the two conduction sequences below:
i Conduction sequence 1: during this sequence, the power switch S, is ON
while diode D is OFF (we consider the converter duty cycle u;=1); and the
inverter switches S;, S; are ON while S,, S3are OFF (we consider the inverter

duty cycle, u,=1).
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ii. Conduction sequence 2: during this sequence, Sy is ON while D is OFF (u;=1);
and S;, S; are OFF while Sy, S; are ON (u>=0).

2. The energy transfer phase: During this phase, the energy stored in the inductance
Ly is released into the load through the DC bus by the two conduction sequences
below:

i Conduction sequence 3: during this sequence, S, is OFF and D is ON
(u1=0);and S;, Sqare ON and S, S; are OFF (uz=1).
ii. Conduction sequence 4: during this sequence Sb is OFF and D is ON
(u1=0);and S;, S, are OFF while S;, S; are ON (u2=0).
The average dynamic model deduced from the four conduction sequences is
written as follows:

(dlyp Rpp (1—u) Vov
L, T TVdc_bus + I,
) dVddc_bus _ (1—py) I, — (2p, — 1) . (1)
t Cdc Cdc
Aliny _ (ZMZ B 1) —MI' _ Vg
\dt Liny de-bus Liny e Liny

where Vpv is the voltage delivered by the PV module; ILb, RLb and Lb, are the current,
the internal resistance, and the boost converter inductance respectively. Vdc_bus is the
DC bus voltage. linv, Rinv, and Linv are the current, resistance, and inductance inverters
respectively. Vg is the grid voltage.

Let's put x; = lip; X2 = Vide_bus; X3 = linv, EQuation (1) becomes:

( Rip 1 2(1:) %
x1(t)—_Ex1(t)__x2(t)+ L, +LL:
1 1 x4 (t) 2x5(t)

X, (t) = — t)+— t) — - 2
X, (t) Cac x,(t) Cac x3(t) Cac 251 Cac Uz (2)

. RLinv sz (t) Vg

x3(t) = — x5 (t) — x3(t) + Uy —
\ 3 Linv 2 Linv 3 Linv 2 Linv

By setting the state, reference, and output variables s rer = X1_ref(t); Ve bus ref =
X2_ref(t); linv_ref = X3_ref(t); X(t) = [116(t) Vaac_bus(t) linu(t)]"; and y(t) = [Ib Viae_bus lin]", Equation (2)
can be rewritten as:

i = —}i—Lbbxl(t) 1b x,(6) + el rLeZ ® 4 %’ + (szit) _—xz_rz;‘ (t)> ﬂl]
. o a0+ w0 - © - 2"35;’“@ w+ [( "gﬁ? ’“C—Lj(’ﬂ) o+ (—i—f+2x3c—df(t)) Mz] 3)
ity = Lmv —x,(6) — LL::’ x5 () + szinz(t)uz + [— L‘ﬁ’w + (ZJLC;(:) - ZXZL:Z (t)>ﬂ2]
From Equation (3), the system operating in healthy mode can be modeled as
follows:

{J'C(t) = Ax(t) + Byuq,(t) + Bou,(t) + Ezd(t, x,u) 4)

y(t) = Cx(t) + Du(t)
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Lp Lp
where A= %‘C 0 Cde is the state matrix of the nominal system;
0 1 _Rim
Liny Liny
1 0 0 0 0 0
Ly 0 -2 0 . .
Bi=log —-L o and B, = Cdc are the control matrix of the nominal
Cac 2
0 0 0 0 0 Liny
system; C = I3x3; Eq = I3x3; D = O3x3
va X2 (t) xz_ref(t)
T+ - i
d( ) Ly Ly Ly
1 x,u,t
x(t) «x (®) 2x3 2Xx (3]
dGout) = | dpeae) | = | (-0 T ®) (26 Zare ) (5)
Cdc Cdc Cdc Cdc
d3(xlul t)
Vg 2x,(t) 2x2_ref(t)
- + - U
Linv Linv Linv

d(x,u,t) is a nonlinear function representing the nonlinearity of the system.

Remark 1. The modelling of our system is divided into two parts. The first is a linear
nominal part, characterised by the three nominal states I,v, Viac_pus and liny. The second is a
non-linear part, characterised by the three extended states di, d> and ds, which are
considered disturbances.

Remark 2. the ADRC command used in this work is intended to eliminate or mitigate the
effects of disturbances.

2.2. Proposed Fault Diagnosis Approach

For the purposes of this work, we assume that the internal parameters Ly, Rip, Cye,
Liny, Riinv do not vary. We are considering the following faults: disturbances at the input of
the Boost converter coming from the photovoltaic panel are PV voltage variation and
modelled as follows:

Voo = Vpwo + AWy (6)

We consider that the fault coming from the grid is the voltage variation. The grid
voltage fault is modelled as follows:

PV voltage and grid voltage variation modify the extended states (disturbances).
The disturbances d; are modified by the variation of the voltage V,, of the PV generator

as follows:
= vaO + A%v xz(t) X2 ref(t) A%v vao X2 (t) X2 ref(t)
= — — = — — 8
d,(x,u,t) L + L, L, U1 L, + L, + L, L, U1 (8)
Equation (8) takes the form:
d,(x,u,t) = dy(x,u,t) + Ad, (x,u, t) (9)

V 4 re .
with d,(x,u,t) = (f—bo+ (sz—it)—sz—bf(t)) ,ul), d: represents disturbances when the

AV,
system is operating faultlessly; and Ad;(x,u,t) = va, Ad; denotes the disturbances
b

variation.
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The d; disturbances are modified by the variation of the network voltage V; as

follows:
_ |74 0 + AV 2x2 (t) ZXZ ref(t) Al{q Vgo 2x2 (t) 2x2 ref(t)
ds(x,u,t) = -2 g+< S y = + + S M (10)
3 Linv Linv Linv 2 Linv Linv Linv Linv 2
ds(x,u,t) = ds(x,u, t) + Ads(x,u, t) (11)

@ + (sz ) _ 2%x3 ref(t)

Liny

with ds(x,u,t) = )Hz; ds; represents disturbances when the

Liny Liny
AV,

system is operating faultlessly; and Ad;(x,u,t) = L_—g, Ads; denotes the disturbances
mv

variation.
Equation (5)-(11) allow us to write the general form of the model of the failed
system as follows:

{x(t) = Ax(t) + Bu(t) + Eqd(t) (12)

y(t) = Cx(t) + Du(t) + Fud(t)
To simplify the modelling of the faulty system, we have made a number of
assumptions, as follows:
e We assume that the measuring sensors and the switch (ST) are faultless.
e The disturbances/defects considered are those that modify the passive chopper
components, and those which modify the PV voltage and the grid voltage.
The disturbed model of the nominal system can be described by equation (13) as

follows:
{x(t) = Ax(t) + Byuq(t) + Byuy(t) + E4d(t) (13)
y(t) = Cx(t)
d,(x,u,t)
with d(t) = d(t) + Ad(t), Eq = I3x3; and dx,u,t) = dy(x,u,t) | =
&3(3{! u, t)
% M x5 (t) _ xz,ref(t)
Lp +(Lb+(Lb Lp )'ul)
_ x1() | X1ref(t) _2x3 2x3 yef(t)
( Cac + Cac )[.11 + ( Cac + Cac ),LLZ
Aﬁ @ 2x5(t) _ 2x27ref(t)
Liny + (Linv + ( Liny Liny ).LLZ)

From the disturbed model, we can define the extended fault state model. The
extended variables of the system are defined as follows:

Xn+1 = @(f)
Xn+2 = da(t) (14)
Xn43 = d3(t)
hy = dy(t)
hs = d3(t)
The extended equation of state is written as:
{xe (t) = Aexo(t) + Bequq (t) + Bepuy () + ER(L)

Ye(t) = Cox(t) (16)
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~ ~ ~ - xz_ref(t) U1
with X, (8) = [I1p(8) Vac pus(®) liny(®) d1(t) do(t) ds(®O)] 5 w1 = | xq yop (&) -1y |;
0
0

Uy = | X3rer(®) " 12 |; h(£) = [Ry(t) hy(t) hs(t)]T. Ae, Be, and Ce are the state matrix,
xz_ref(t) * U2
the control matrix, and the output matrix respectively on the extended system.

RLBo 1
_ZLBo  _ - 1 1
Lpo Lpo 0 0 0 E 0 O\
E 0 0 01 0 0 -1 o
Cdco Cdco
Ae = 0 1t _Buwo g g 1| Ba=| o 0 ol
Linvo Linvo 0 0 0
0 0 0 0 0 0
\ 0 0 0 0 0 0 \0 0 0/
0 0 0O 00 0 o 0 0
0 0 0
2, 10 0 0 0 0
Caco 01 0 0 0 0
2 0 0 1 00 0
B, =|0 0 oo | Ce =[C 03x3]" = 00 olE=l1 o0 o
0 0 0 0 0 0 01 0
0 0 0 00 0 00 1
0 0 0

The proposed GESO aims to estimate both the state variables /;s, Vi pus, lLinv and the
disturbances d;, with I =1, 2, 3;

{»*ce(t) = AeRe () + Berus () + Bz (8) + L(y = Fe) 17)
XORYXNG

: T 2 al . . . 2 2 2 T
with £,©) = |¢©) (A®) | = [16® Tacus® Tnn(® i d©) ds(@)]

the estimated extended state.

2.3. State Estimation and Residual Analysis in PV Diagnostic Case Study

The logic of the diagnosis based on state estimation is as follows: once the nominal
and extended states have been estimated, we can directly determine whether a fault has
occurred or not by checking whether the estimated curve deviates from the actual curve.
The fault detecting based on residuals analysis consist of generating the residuals
between the actual and estimated values of the states when the system is operating in
healthy and faulty conditions. Faults are detected if the residuals exceed the defined limit
values. This section describe diagnosis by residual analysis.

The choice of threshold values is very decisive for fault detection. In general, the
smaller the threshold, the shorter the detection time. However, a very low threshold
value easily causes false alarms [26]. In the context of our work, let us define the threshold
or limit values that allow fault detection as follows:

T = sup||R, (D)l (18)

with R,(t) represents the residual vector when the system is operating faultlessly.
Assuming a tolerance of 5% of the threshold value T, the accepted threshold value is
shown in Equation (19).

T = 1.05 * supl||R, (t) | (19)
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Then, residuals r; is usually defined as the function of output estimation error [27],
as seen in Equation (19).

R(@®) = lle@®l (20)

ip (6) — 1y (2)
17dc_bus(t) - ﬁdc_bus(t)
[y (8) — Ty (£)
with g(t) defined as x, — X, = dlm(;t) al?:) . The threshold values are
1) —aq
dy(t) — dy ()

ds(t) — ds(t)

selected in two stages:

1. Stage 1: Generate the residuals between the actual and estimated values of the
states when the system is in healthy operation. The upper limit values of these
nominal threshold values are the system limit values.

2. Stage 2: Generate the residuals between the actual and estimated values of the
states when the system is faulty. When these residuals exceed the limit values
defined in step 1, faults are detected.

As mentioned in Remark 1, extended states reveal the system's nonlinearity and
faults. These algorithms enable the detection and identification of faults.

1) Disturbance d; residual analysis
The first component of the residual ||R41(t)|| is related to the parameters V,y, Lp,
and Ry, assuming that the voltage V,, is measurable, the parameters L, (nominal
inductance) and R, (nominal resistance) are known. The detection and
identification of faults by analyzing the d; residuals are described by the following
algorithm:

e Measure V.

e Measure d; or determine d;.
e Calculate the voltage variation V,,,: AV, = |Vp,, - Vp,,0|.

e (Calculate the residual |[|R41|| = |d1 — §1|

o If ||[Rg1ll < a; (with a; the threshold value of the disturbance d;
residual, obtained in nominal operation), then the system is not
faulty.

o If||Rz1ll > @4, the system is faulty.
= If AV, = 0, then the system is faulty due to its parameters L

and/or Ry; this is referred to converter fault.
= If AV, #0, then check the quantity ||[Rgq || — AV, /Lp.

- If [[Rg1ll = AV, /Ly, = 0, the fault comes from the PV
generator.

- If IRg1ll = AV, /Ly # O, the fault comes from the PV
generator and the failure of the boost converter
parameters.

The disturbances d; residual analysis allows identifying faults from the PV
generator via the V,, voltage, and faults from the boost converter via the L,
inductance.

2) Disturbance d, residual analysis
The second component of the residual ||R4,(t)|| is related to the DC bus
parameter Cq, assuming that the nominal capacity Cuo is known. The faults
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3.

detection and identification of faults by d, residuals analysis is described as the
following algorithm:

e Measure &2 or determine 072.
e Calculate the residual [|R4,|| = |d2 — Jz|.

o If ||IRg|l < a, (with a; the threshold value of the disturbance d
residual, obtained in nominal operation), then the system is not
faulty.

o If||Rgzll > @y, the system is faulty.
= |If AC4 # 0, then the system is faulty due to its parameters Cq;

this is referred to a DC bus fault.

= |f AC4 =0, then the fault is from the PV generator and from the

other system parameters failure.
The disturbances d, residual analysis can be used to identify DC bus faults
through the capacitance.

3) Disturbance d residual analysis
The third component of the residual ||R3(t)]| is related to the parameters V,,
Liny, and Riiny, assuming that the voltage V, is measurable, the parameters Lin
(nominal inductance) and R.inv (nominal resistance) are known. The detection and
identification of faults by analyzing the d5 residuals are described by the following
algorithm:
e Measure V.

e Measure d3 or determine ds.
e Calculate the voltage variation V;: AV, = |Vg - Vg0|.

e Calculate the residual [|R43]| = |d3 — 6?3|

o If ||Rsll < as (with as the threshold value of the disturbance ds
residual, obtained in nominal operation), then the system is not
faulty.

o If||R43ll > a3, the system is faulty.
= |f AV, =0, then the system is faulty due to its parameters Ljm

and/or Runy; this is referred to filter fault.
* If AV, 20, then check the quantity [[Rysll — AV, /Liny.
- IflIRgzll = AV, /Liny ~ 0 and ALy, ~ 0, the fault comes
from the network.
- IfIRgsll = AVy/Liny # 0and ALy, # 0, the fault comes
from the network and the filter failure.
The disturbances d; residual analysis allows identifying faults from grid via the V,
voltage, and faults from the filter via the L, inductance.

Results and Discussion

3.1. Residual Generation and Threshold Selection

For the purposes of this study, an error of 5% is permitted and we will assume that

the fault detection system is sensitive to estimation errors exceeding 5%. The 5%
threshold was selected according to experimental performed in the literature where a
statistical analysis of noise under nominal operating conditions shows that 95% of errors
remain below 5%. This choice was also motivated by the need to strike an optimal balance

between the detection rate, non-detection rate, and false alarm rate. Furthermore, when
considering the inherent uncertainties associated with variations in irradiance, as well as
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the imperfections of the model and the sensors, a threshold of 5% between normal and
abnormal operation is considered realistic in a PV system.

Assuming a tolerance of 5%, the residuals of the states and disturbances obtained
during normal operation are used to define the residual thresholds according to the
following table.

Table 1. Residual and threshold values, tolerance 5%.

Residual Threshold Value

R1 (Ru) = 49.56 x 10 T1 (Ru) = 52.03 x 10°*
R2 (Rede_bus) = 41 x 1072 T2 (Rede_bus) = 43.05 x 1072
R3 (Rlinv) =6.6 x10% Ts (Rlinv) =6.93x108
Ra (Ra1) = 45.75 T4 (a1) = 48.03
Rs (Re2) = 375.8 Ts () = 394.59
Re (Rda) =5.1x10" Ts ((13) =5.36 x 107

3.2. Faults Diagnosis Due to Photovoltaic Voltage Variation
Assume that the PV generator voltage Vpv changes according to the effects of
shading demonstrated by [28], [29], as seen in Table 2.

Table 2. PV voltage changes due to shading effects.

Time (s) Voltage (V)

0<t<0.2 120
0.2<t<04 53.01
0.4<t<0.6 50.87

06<t=1 53.01

1<t<12 120
12<t<14 53.01
14<t<16 52.60
16<t<18 120

1.8<t<2 50.14

Faults detection when the system is subjected to a voltage variation is shown in
Figure 2 and 3. Despite variations in the V,, voltage, Figure 2(a) shows how the estimated
I» current follows the actual current. However, it is evident that the /I, current varies with
the V,, voltage. Residual analysis of the actual and estimated currents reveals the
presence of peaks of the order of 0.12A with variation times of 0.2s, 1's, 1.2s, 1.6s and
1.8s greater than the T; threshold. As Figure 2(b) clearly shows, the presence of these
peaks is indicative of faults at these times. The lack of fault detection at 0.4s, 0.6s and
1.4s would be due to the low external disturbances, which are of order of 2.14V and
0.41V. Looking closely at the actual and estimated current curves shown in figure 8a, it is
difficult to see any shift in the varying times. Only residual synthesis can be used for fault
detection in this case.

Figure 2(c) shows that the estimated Vi sus curve normally follows the real curve,
even when V,, varies. By simply observing the estimated curve, fault is undetectable.
However, the residuals synthesis in Figure 2(d) shows fault with the presence of a peak of
order 0.437V above the T, threshold at 1.82s. This confirms the assumption that the lower
the threshold, the faster the detection. Figure 2(f) shows that at times 0.24s, 044s, 0.97s
and 1.95s the li» current is affected by the variation of the V,, voltage. Analyzing the
residuals shows that the presence of peaks exceeding Ts; threshold at these times

53



Yaouba et al., Journal of Power, Energy, and Control (2026) vol. 3 no. 1

Figure 2. Faults detection
when the system is
subjected to a PV voltage
variation Vpy:

(a) estimating the current
116, (b) analyzing the
residual Ry, (c) estimating
the Ve bus voltage, (d)
analyzing the residual R,
(e) estimating the current
Iinv, and (f) analyzing the
residual Rs.

indicates the fault. Since the estimated curve follows the actual curve correctly, fault is
undetectable by observing the estimated /i, curve.
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The voltage variation V,, affects the nominal disturbance di. Figure 3(a) gives a
good estimate of d;. But for the 0.2s and 1.8s times, there is some shift between the
actual and estimated d; curves. In this case, the proposed method can detect faults in the
system by estimating the disturbance. There are peaks of about 1400 at times 0.2s, 1s,
1.2s, 1.6s and 1.8s in the residual synthesis curve shown in Figure 3(b). These peaks above
the T4 threshold indicate the presence of faults at these times. The small perturbations at
0.4s, 0.6s and 1.4s of the order of 2.14V and 0.41V are not sufficient for fault detection.
Reducing the threshold by a tolerance of less than 5% applied to the R4 residual would
detect small amplitude faults.

No faults are detected on the nominal disturbance d. estimation curve and the
residual Rs analysis shown in Figure 3(c) and (d). The analysis of these curves indicates
that the system is functioning flawlessly. The 5% residual threshold seems very high for
this scenario.
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Figure 3. Faults detection
when the system is
subjected to a PV voltage
variation Vpy:

(a) estimating disturbance
ds, (b) analyzing the
residual Rs, (c) estimating
disturbance dz, (d)
analyzing the residual Rs,
(e) estimating disturbance
ds, (f) analyzing the
residual Re.

Figure 3(e) shows that at times 0.2s, 0.4s, 0.9s and 1.9s there is a shift between the
actual and estimated curves of the nominal disturbance ds. This shift indicates
disturbances at these times. Thus, when there are faults in the system, it can be observed
by estimating the nominal disturbance ds. In Figure 3(f), we observe peaks of the order of
10.6, 2.34, 13 and 15 at the times 0.2 s, 0.4 s, 0.97 s and 1.95 s above the threshold Te.
The system is faulty at these times of V,, voltage variation, as shown by the d;
disturbances residual synthesis.
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3.3. Faults Diagnosis Due to Grid Voltage Variation
Assume that the V, voltage changes as shown in Table 3.
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Figure 4. Faults detection
when the system is
subjected to a grid voltage
variation V;:

(a) estimating the current
116, (b) analyzing the
residual Ry, (c) estimating
Ve bus voltage, (d)
analyzing the residual R,
(e) estimating /inv current,
(f) analyzing the residual
Rs, (g) estimating

Table 3. Grid voltage changes assumption in this study.

Time (s) Voltage (V)

0<t<0.2 240
0.2<t<04 180
0.4<t<0.6 160

06<t<1 220

1<t<1.2 280
12<t<14 380
14<t<1.6 240
1.6<t<1.8 110

1.8<t<2 380

Figure 8 shows fault detection by estimating the I, current and analyzing its
residual during the V, voltage changing. Figure 8a shows that the estimated curve differs
from the real curve at times 0.25,0.45,0.6s,15s,1.2s,1.45s,1.6 s and 1.8 s during the V,
voltage. As the V; voltage increases, the estimated curve shifts downwards. When the V,
voltage decreases, the estimated curve shifts upwards. From these observations we can
conclude that the proposed method enables fault detection by state estimation. Analysis
of the residuals in Figure 8b shows that faults are detected by the presence of peaks
between 0.01A and 0.17A, above the threshold T;.

Figure 9a shows a good V. »us voltage estimation. The estimated curve follows the
actual curve well. Slight shifts between the actual and estimated curves can be seen by
zooming in at times 0.6s, 1.6s and 1.8s, indicating the presence of an error. The residual
analysis in Figure 9b shows peaks in the order of 0.8V to 7.8V, well above the threshold
T,. This indicates the presence of a fault.

Estimating the state of /i, in Figure 10a reveals the faults at the V; voltage variation
times (0.6s, 1.2s, 1.4s and 1.8s) by the shift between the real and estimated curves. The
residual Rz analysis indicates the presence of faults at the variation times by the peaks
above the threshold Ts.

The estimations of the disturbances di, d2 and ds and the residuals analysis are
shown in figures 11 to 13. Through the estimation of the extended states d, and ds, figures
12a and 13a show the faults detection at the V, voltage variation times of by a shift
between the real estimated and curves. Analyzing the residuals Rs, Rs and Re allows faults
to be detected by the presence of peaks at V; variation times greater than the thresholds
T4, Ts and To.

T T T T T T T T T 0.2 . T ! ' ; ! :
Real ILb
a T T Ibresidual
12 b ( ) i i} b eSt‘mafed 018 (b) — — threshold value T1=5.2¢-3
| '
< 12 12.01 12 e tdetected | 121 [Faut getectea 0.16 \
ﬁ 10 12— 0.14 ,
< 208 1205 ILb residual > T1, fault detected X
o 11.95 11.99
£ 0.12
3 st Fautdetocted | 1198 | Foutdotoced | 12 1 1 ;
(0] —
1.9 11.97
é 02 021 022 04 041 042 12 122 12 122 < 01 f M
= 6 T i
° n
S 0.08 ‘
2 121 Famraseer | 121 Fanaswass | 1271 N [T — I o -4 b
B 4t1205 12.05 1 d II
o 121 I
o 1.9 II
1 12 I 1
2 12 1
1.8 1 1
12 122 12 122 1.6 1.611.62 18 1.85 1
1 1 1,
0 . . . . . . . . .
0 0.2 0.4 0.6 0.8 1 1.2 1.4 1.6 1.8 2 0 0.2 0.4 0.6 0.8 1 1.2 1.4 1.6 1.8 2
Time (s) Time (s)

56



Yaouba et al., Journal of Power, Energy, and Control (2026) vol. 3 no. 1

disturbance ds, (h)
analyzing the residual Rs,
(i) estimating disturbance
dz, (j) analyzing the
residual Rs, (k) estimating
disturbance ds, (1)
analyzing the residual Re.
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3.4. Diagnosis Performance Analysis

We subjected our system PV and grid voltages variation and defined eight
occurrence fault points, assuming that if the system detects faults at all eight disturbance
points, the detection tool is considered 100% sensitive. This study assumed that the
number of undetected disturbance points determines the non-detection rate (NDR) is
defined in equation 21.

NDR 100 (21)

= DFN + UFN *
where UFN is the undetected faults number and DFN the detected faults number.
Another assumption is that the false alarm rate is defined by peaks appearing above the
5% threshold at the undefined occurrence fault points. When the system is subjected to
PV voltage variation, Table 4 describes the diagnostic performance.

Table 4. Diagnosis performance analysis under V,, variation. With a fault detection rate
of 62.5%, the I, current and disturbance d; parameters have the highest sensitivity. Faults
with very low amplitudes are not detected.

Estimated Parameter Detection Rate (%) False Alarm Rate (%)
Iip 62.5 0.00
Vic_bus 12.5 0.00
lin 50.0 0.00
d: 62.5 0.00
d> 0.0 0.00
ds 50.0 0.00

Table 4 shows that state I, and disturbance d; have the same sensitivity and non-
detection rate, as do state /;,, and disturbance ds. This confirms the fact that disturbances
di and ds are strongly influenced by the parameters V,, and V,, respectively; which are
the sources of the faults studied in this work (equation 5). The 0% detection rate in the d;
disturbance analysis can be explained by the fact that, according to equation 5, this
parameter is not significantly affected by variations in the V,, and V, voltages. However,
the d; disturbance is closely linked to the power transfer switch S, which, together with
the transfer diode, ensures the transfer of energy to the load; to the AC-side PWM
modulator, and to the DC bus capacitor. Hence, faults arising from these parameters
could therefore be easily detected by analyzing the spectrum of the d; disturbance. The
low sensitivity of the system in detecting PV source faults using Vg, state residual analysis
could concern the effectiveness of the MPPT algorithm related.

58



Yaouba et al., Journal of Power, Energy, and Control (2026) vol. 3 no. 1

Table 5. Diagnosis performance analysis under V; variation. The estimation of all nominal
and extended parameters is instrumental faults at all points of disturbance.

Estimated Parameter Detection Rate (%) False Alarm Rate (%)
Iip 100 25.0
Vidc_bus 100 25.0
linv 100 25.0
d: 100 25.0
d; 100 25.0
ds 100 25.0

As shown in the table 5, with a threshold of 5%, the diagnostic tool can detect all
faults caused by variations in V;, voltage when estimating all nominal and extended states.
While the tool is sensitive, it should be noted that the false alarm rate of 25% must be
eliminated. Based on the analysis of the diagnoses presented in tables 2 and 3, we can
conclude that the diagnostic tool responds differently to faults originating from the PV
and grid sides. However, to eliminate the observed false alarm rate in table 5, the defined
residue threshold for detecting faults originating from the network must be reviewed by
reassessing the fixed threshold and adjusting it using an adaptive threshold based on the
system’s operating conditions. Furthermore, we propose reducing erroneous fluctuations
by incorporating a signal smoothing system, such as a Kalman filter. Another approach
we propose involves integrating a dual-validation system, whereby an alarm can only be
triggered if two independent conditions are met.

Assuming that sensors and switches are fault-free, and that a single 5% threshold
is applied to the entire fault detection system, the results of this study show that faults
are detected through an analysis of the estimation curves and an analysis of the residuals.
However, the related works in [10], [22], and [26], switches and sensors are the subject
of diagnosis. Within the framework of this work, six parameters (three nominal and three
extended) are analyzed to determine their sensitivity to the presence of faults. This
approach offers a wide range of options for selecting the most suitable parameter to
verify the health of the system. As presented in the related works in [10], [22], and [26],
the residual generation process is derived from the analysis of the system behavior in
healthy and faulty modes of operation. The table 6 presents a brief comparison between
this study and the works of the three authors cited above, emphasizing their main
differences.

Real-world photovoltaic installations are subject to environmental factors, noise,
measurement uncertainties, sensor imperfections and switching faults, which simulations
often fail to reproduce. This is why experimental validation would help to bridge the gap
between simulation assumptions and the system’s actual operating conditions. However,
experimental validation was not performed in this study. In theory, we wanted to validate
our diagnostic model within a system that considers both DCand AC components, thereby
addressing the limitations identified in the literature. Furthermore, the working
conditions under which this study was conducted prevented us from setting up a test
bench for developing an experimental prototype, and accessing field data was not
straightforward. Since the objective of this study is to demonstrate the theoretical
feasibility of the proposed model, subsequent research will be conducted to quantify the
gap between simulation assumptions and real-world deployment conditions and the
simulation results presented in this work point to future experimental work.
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Table 6. Brief comparison contrasting the proposed approach with the three related works.
Fault Detection Residual Type of Fault

(10]

[22]

[26]

Proposed
method

Approach Generation Numbers of Parameter Considered Application
Observers and residual  Under healthy and 2 parameters Catenary current  Electrical railway
generation faulty modes (current sensorand dc  sensor and dc link traction

link voltage sensor) voltage sensor

Nonlinear Luenberger Under healthy and 3 parameters open-switch faults Induction Motor
observers and directional faulty modes (nominal control voltages) Drives
residual evaluation
Luenberger observer Under healthy and 1 parameter Switch fault DC-DC converter for

faulty modes (inductor current) cell application
State estimation-based  Under healthy and 6 parameters PV side faults and  Single-Phase Grid
observer (with Active faulty modes (inductance current, dc  grid side fault connected PV system
Disturbance Rejection link volage, inverter
Control) and residual current, and 3
analysis disturbances parameters

4. Conclusions

This paper highlights a fault diagnosis for a Single-Phase Grid connected PV system
subjected to photovoltaic generator and grid voltage variations. After developing the
system's mathematical model, the Extended State Observer is used to estimate the
system states and uncertainties due to modelling errors modelled as extended states.
Two fault diagnosis approaches are used in this work: the state estimation and the
residual analysis approaches. When the system is subjected to PV voltage variation, faults
are detected by observing two extended states (di and ds) estimation curves. Faults
resulting from variations in the grid voltage can be identified by examining the estimation
curves for the three nominal states /15, Vicous and liny and the two extended states d» and
ds. We applied a tolerance of 5% to the residuals of the nominal and extended states.
Faults are detected by the presence of residual peaks above threshold. Analysis of the
residual curves indicates that 65% of faults from the PV source are detected. The /i
current and disturbance d; parameters have the highest sensitivity. The non-detection
rate varies according to the amplitude of the fault. Faults with very low amplitudes go
undetected. Faults originating from the network are detected 100% of the time by
analysing all nominal and extended states. However, 25% of false alarms are observed.
These results suggest that analysing nominal and extended state estimation curves to
diagnose faults is limited. This is because faults that are detectable by the deviation
between the actual curve and the estimated curve are easily observable for large
amplitude disturbances. Meanwhile, residual analysis provides an excellent fault
diagnosis. However, it is important to be cautious when selecting the threshold value to
avoid an excessive number of false alarms or missed detection.
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