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Abstract

A robust methodology for parametric fault diagnosis in photovoltaic systems is proposed,
focusing on DC-DC boost converters. The methodology uses Adaptive Sliding Mode
Observers (ASMO) combined with adaptive thresholding. Specifically, an observer-based
scheme detects and isolates faults in passive components of the converter, achieving com-
plete isolation in about 0.05 s, even under varying environmental conditions. In addition,
a dynamic fault discrimination approach is introduced, based on adaptive thresholds
derived from Exponentially Weighted Moving Average (EWMA). This minimizes false
alarms caused by transient conditions. Stability and robustness are guaranteed through
Lyapunov-based conditions. Simulation results under sequential and simultaneous fault
scenarios confirm rapid and precise fault detection, highly specific isolation, and excep-
tional resilience against environmental disturbances.

Keywords: photovoltaic systems; fault detection and isolation; DC-DC boost converter;
adaptive sliding mode observer; Lyapunov stability; adaptive thresholds

1. Introduction
Global energy demand is increasing over time, leading to a rapid transition to renew-

able energy. Among these alternatives, photovoltaic electricity production can stand out as
a clean and sustainable solution [1]. However, the expansion of solar energy on electrical
grids is accompanied by an increased risk of malfunctions [2–4]. In this regard, DC/DC
converters are important components in photovoltaic systems, due to their direct influence
on the efficiency and stability of energy conversion [5,6].

The quick detection of component faults in DC-DC boost converter is essential to
ensure converter protection [5]. These faults fall into three categories: switch failures such
as open- and short-circuit conditions [5,7], passive or active component faults such as
capacitor degradation or inductor variations [5], and sensor failures [5].

To address these issues, Fault Detection and Isolation (FDI) systems are employed [2]:
fault detection involves a binary decision to determine whether a fault has occurred; then,
fault identification follows to pinpoint the faulty component [2]. These systems can be
categorized into model-based and model-free methods [2]. The model-based approaches
use models (mathematical or analytical) to generate residuals that are then used to detect
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and isolate faults [8,9]. In contrast, model-free approaches rely on data-driven techniques
and artificial intelligence, to construct systems that learn a system’s behavior directly from
data [4,10]. Despite their power, AI-based approaches frequently encounter limitations in
these applications due to the need of large amounts of reliable data, and the significant
computational requirements [4,10].

Several methods exist for diagnosing faults in DC-DC converters. Comprehensive
monitoring systems, such as the one described in [11], provide online fault detection for
switches, capacitors, and inductors using minimal sensors. Data driven approaches, like the
Fuzzy Cerebellar Model Neural Network (FCMNN) in [12], employ pattern recognition via
Fast Fourier Transform to identify component degradation. Integrated control-diagnosis
schemes, as explored in [13], combine predictive control and fault detection using shared
sensor measurements. Observer-based techniques include the Luenberger observer in [14],
which isolates faults using specialized filters, and the parameter estimation method in [15],
which analyzes startup data without requiring test signals. Despite these advances, key
limitations persist: observer-based methods often require precise modeling and lack robust-
ness to uncertainties; data-driven approaches depend on extensive training data; and many
existing solutions struggle to adapt to varying environmental conditions a gap our method
specifically addresses.

While existing methods provide valuable solutions, they present specific limitations
that motivate this work. Luenberger observers [16], though effective for fault detection,
are often sensitive to model uncertainties and require precise system modeling, which is
challenging under real-world varying conditions. Similarly, data-driven approaches [4]
demonstrate strong pattern recognition but heavily depend on extensive training datasets
and significant computational resources, limiting their practicality in resource-constrained
PV systems. To bridge this gap, we propose an Adaptive Sliding Mode Observer (ASMO)
combined with an Exponentially Weighted Moving Average (EWMA)-based dynamic
thresholding mechanism. This integrated approach uniquely addresses the shortcomings
of prior methods by: (1) Integrating sliding mode robustness with online parameter adapta-
tion, eliminating the need for large datasets. (2) Providing enhanced disturbance rejection
through sliding mode injection and adaptive parameter estimation for gradual faults.
(3) Employing dynamic thresholding that automatically adjusts to operating conditions,
reducing false alarms under transients.

While this study focuses specifically on parametric faults in passive components such
as inductors and capacitors, it is acknowledged that switching components like IGBTs and
MOSFETs are also critical. Concentrating on passive components enables the development
of a specialized methodology for gradual parametric degradation.

The main contributions of this paper are as follows:

• The development of an ASMO for robust state and parameter estimation in the pres-
ence of model uncertainties and external disturbances.

• The design of an adaptive threshold mechanism that dynamically adjusts to operating
conditions, significantly reducing false alarms, and improving detection reliability.

• A comprehensive stability analysis using Lyapunov theory to guarantee the conver-
gence and performance of the proposed observer.

• The validation under multiple fault scenarios and varying environmental conditions.

This paper is organized as follows. Section 2 presents the modeling of the photovoltaic
system, including the PV generator and the DC-DC boost converter. Section 3 describes the
design of the fault diagnostic scheme and presents the Adaptive Sliding Mode Observer
used for fault detection. Section 4 details the adaptive thresholds proposed. Section 5
provides simulation results and analysis under different fault scenarios. Finally, Section 6
concludes the paper and outlines future work.
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2. System Modeling
The photovoltaic system considered in this study comprises three principal elements:

a photovoltaic generator, a DC-DC boost converter and a resistive load. The complete
system configuration is depicted in Figure 1.

 
Figure 1. Schematic of the photovoltaic system with the designed ASMO-based observer.

2.1. PV Generator Model

The solar cell is represented by an equivalent circuit model including a photocurrent
source Iph proportional to the incident solar irradiance, a rectifying diode D, a shunt
resistance Rsh, and a series resistance Rs. The output current of the PV cell is given by [17]:

Ipv = Iph − ID − Ish (1)

where:
Iph =

[
Irs − ki

(
T − Tre f

)] G
Gre f

(2)

ID = I0

[
e

q×(Vpv+Rs×Ipv)
A×K×T − 1

]
(3)

Ish =
Vpv + Ipv × Rs

Rsh
(4)

In these equations, I0 represents the reverse saturation current of the diode, T is the cell
temperature, A is the diode ideality factor, K is the Boltzmann constant (1.38 × 10−23 J/K),
and q is the elementary charge (1.602 × 10−19 C). As a result, the current-voltage (Ipv-Vpv)
behavior of the solar cell is described by the following equation:

Ipv = Iph − I0

(
e

q(Vpv+Rs×Ipv)
K×T×A − 1

)
−

Vpv + Rs × Ipv

Rsh
(5)

2.2. DC-DC Boost Converter Model
2.2.1. Fault Free Model

In the absence of faults, the dynamics of the DC-DC boost converter are characterized
by the subsequent state-space description obtained by Kirchhoff’s laws [18]:
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
.

Vpv = θ1
(

Ipv − IL
)

.
IL = θ2

(
Vpv − (1 − α)Vout

)
.

Vout = θ3

(
(1 − α)IL − Vout

R

) (6)

where
θ1 =

1
C1

; θ2 =
1
L

; θ3 =
1

C2
(7)

where Ipv and Vpv are the PV current and voltage, respectively. IL is the inductor current;
Vout denotes the output voltage across the load; C1 and C2 corresponds to the input and
output capacitances; L is the inductor; α refers to the duty cycle of the converter’s switch;
and θ1, θ2 and θ3 are the model parameters.

2.2.2. Faulty Model

The methodology proposed focuses on parametric faults in passive components:
capacitance degradation affecting θ1 and θ3 and inductor variation affecting θ2. These faults
lead to gradual parameter degradation, making them well suited for detection through
observer-based techniques. In contrast, switch faults, such as open- and short-circuit
conditions, necessitate complementary detection strategies so they are not considered in
this work.

To address component failures, the nominal model (6) is augmented by incorpo-
rating additive parameter variations denoted ∆θi: In normal operation ∆θi is zero, but
under a fault it is not, changing the dynamic behavior of the system as described by the
following representation:

.
Vpv = (θ1 + ∆θ1)

(
Ipv − IL

)
.
IL = (θ2 + ∆θ2)

(
Vpv − (1 − α)Vout

)
.

Vout = (θ3 + ∆θ3)
(
(1 − α)IL − Vout

R

) (8)

A corresponding formulation of (8) can be expressed as follows:
.

Vpv = θ1
(

Ipv − IL
)
+ ∆θ1

(
Ipv − IL

)
.
IL = θ2

(
Vpv − (1 − α)Vout

)
+ ∆θ2

(
Vpv − (1 − α)Vout

)
.

Vout = θ3

(
(1 − α)IL − Vout

R

)
+ ∆θ3

(
(1 − α)IL − Vout

R

) (9)

Therefore, the faulty model is given by the following matrix formulation:

.
X = f (X, u) + g(X, u)∆θn (10)

where
X =

[
Vpv IL Vout

]T
(11)

u = α (12)

f (X, u) =

 θ1
(

Ipv − IL
)

θ2
(
Vpv − (1 − α)Vout

)
θ3

(
(1 − α)IL − Vout

R

)
 (13)

g(X, u) =


(

Ipv − IL
)

0 0
0

(
Vpv − (1 − α)Vout

)
0

0 0
(
(1 − α)IL − Vout

R

)
 (14)
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and
∆θn =

[
∆θ1 ∆θ2 ∆θ3

]T
(15)

To optimize power transfer to the load, a Maximum Power Point Tracking (MPPT)
controller is assumed. Specifically, a Perturb and Observe (P & O) algorithm adjusts the
duty cycle α of the boost converter, based on the measurements of the photovoltaic current
and voltage to ensure operation at the Maximum Power Point (MPP).

Although the presented models accurately describe the behavior of the PV system
under normal and fault conditions, effective fault detection and isolation requires a robust
diagnostic scheme. The following section presents the design of an adaptive sliding mode
observer specifically developed to meet this requirement.

3. Design of the Fault Diagnostic Scheme
The proposed fault diagnosis scheme, illustrated in Figure 2, employs an Adaptive

Sliding Mode Observer (ASMO) to detect and isolate parametric faults in the DC-DC boost
converter. This architecture follows a conventional observer-based fault detection approach.
The system processes an input signal, while its outputs may be altered in the presence
of a fault. Simultaneously, an observer driven by the same input provides an estimate
of the system’s expected behavior. The difference between the measured outputs and
the observer’s estimated outputs, known as the residual, is compared against adaptive
thresholds. When the residual signal exceeds the upper or the lower thresholds, a fault is
indicated, and an alarm is activated.

Figure 2. General schematic of the developed fault detection system.

3.1. Adaptive Sliding Mode Observer Design

In this section, the ASMO is developed to estimate the system states and parameters in
the presence of faults. The observer includes three sliding surfaces denoted as e1, e2, and e3.
These surfaces respectively represent the error estimation for the PV voltage, the inductor
current and the output voltage.

These sliding surfaces are defined as follows [19]:
e1 = V̂pv − Vpv

e2 = ÎL − IL

e3 = V̂out − Vout

(16)
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The mathematical formulation of the ASMO is expressed by the following equations:
.

X̂ = f
(
X̂, u

)
+ g

(
X̂, u

)
∆θ̂n + Kn sign(en)

∆
.
θ̂ = g

(
X̂, u

)
Γn sign(en)

(17)

where, Kn =
[
K1 K2 K3

]T
denotes the observer gains, Γn =

[
Γ1 Γ2 Γ3

]T
defines the

adaptation gains and en =
[
e1 e2 e3

]T
represents the estimation errors.

The observer equations can be extended as follows:

.
V̂pv = θ1

(
Ipv − ÎL

)
+ ∆θ̂1

(
Ipv − ÎL

)
+ K1 sign(e1).

ÎL = θ2
(
V̂pv − (1 − α)V̂out

)
+ ∆θ̂2

(
V̂pv − (1 − α)V̂out

)
+ K2 sign(e2).

V̂out = θ3

(
(1 − α) ÎL − V̂out

R

)
+ ∆θ̂3

(
(1 − α) ÎL − V̂out

R

)
+ K3 sign(e3)

∆
.
θ̂1 = Γ1

(
Ipv − ÎL

)
sign(e1)

∆
.
θ̂2 = Γ2

(
V̂pv − (1 − α)V̂out

)
sign(e2)

∆
.
θ̂3 = Γ3

(
(1 − α) ÎL − V̂out

R

)
sign(e3)

(18)

3.2. Stability Analysis

Theorem 1. Consider the faulty DC-DC boost converter system defined by Equations (10)–(15),
with the ASMO described by Equation (17). The estimation error is then given by:

en = X̂n − Xn (19)

∆θ̃n = ∆θn − ∆θ̂n (20)

where X is defined by Equation (11), and ∆θn is given by Equation (15). X̂n =
[
V̂pv ÎL V̂out

]
and

∆θ̂n =
[
∆θ̂1 ∆θ̂2 ∆θ̂3

]
are the estimated values of X and ∆θn, respectively. Given that the

functions f (X, u) and g(X, u) are Lipschitz continuous with positive constants Lf and Lg, and

the observer gains Ki are selected to satisfy: Kmin >
(

L f + Lg

∥∥∥∆θn

∥∥∥)∥∥∥en

∥∥∥+ λ, for λ > 0, then

the origin
(

e, ∆θ̃n

)
= (0, 0) of the error dynamics is stable, and the estimation errors converge to

zero asymptotically.

Proof. Consider the following candidate Lyapunov function:

V =
1
2

eT
n en +

1
2

∆θ̃T
n Γ−1

n ∆θ̃n (21)

The time derivative of V is given by:

.
V = eT

n
.
en − ∆θ̃T

n Γ−1
n ∆

.
θ̂n (22)

Substituting
.
en and ∆

.
θ̂n, the following result is obtained:

.
V = eT

n

( .
X − X̂

)
− ∆θ̃T

n .Γ−1
n Γn g

(
X̂, u

)
sign(en) (23)

.
V = eT

n
[

f (X, u)− f
(
X̂, u

)]
+

[
g(X, u)− g

(
X̂, u

)]
∆θn

+g
(
X̂, u

)
∆θ̃n − Kn sign(en)− ∆θ̃T

n g
(
X̂, u

)
sign(en)

(24)
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By applying the Lipschitz properties:∥∥∥ f (X, u)− f
(
X̂, u

)∥∥∥ ≤ L f

∥∥∥en

∥∥∥,
∥∥∥g(X, u)− g

(
X̂, u

)∥∥∥ ≤ Lg

∥∥∥en

∥∥∥
We derive the upper bound:

.
V = L f

∥∥∥en

∥∥∥2
+ Lg

∥∥∥∆θn

∥∥∥∥∥∥en

∥∥∥2
− Kmin

∥∥∥en

∥∥∥ (25)

To ensure
.

V ≤ −λ
∥∥∥en

∥∥∥, the following condition must be satisfied:

Kmin > L f + Lg

∥∥∥∆θn

∥∥∥∥∥∥en

∥∥∥+ λ (26)

Consequently,
.

V is negative definite, which confirms the stability of the observer
error dynamics. □

4. Adaptive Thresholds
To improve the robustness of the proposed fault diagnosis scheme, an adaptive thresh-

old approach based on the Exponentially Weighted Moving Average (EWMA) method is
proposed. Unlike traditional fixed thresholds, this method dynamically adjusts the detec-
tion terminals according to the evolution of operating conditions. This makes it possible to
effectively distinguish parametric faults from transient variations induced by changes in
environmental conditions [20,21].

The principle is based on the recursive estimation of the mean µ and standard deviation
σ of the estimation residuals ri = ∆θ̂i − ∆θi using the following EWMA equations [22]:

Mean update:
µt = (1 − α)µt−1 + αrt , t > 0 (27)

Variance update:
σ2

t = (1 − α)σ2
t−1 + α(rt − µt)

2 (28)

Then, the adaptive thresholds, upper and lower limits, are obtained by the subsequent
equations:

Jupper = µt + λσt and Jlower = µt − λσt (29)

where α is the forgetting factor ( α ∈]0, 1[) and λ denotes the sensitivity coefficient (typically
λ = 3).

Finally, the fault detection is triggered when:

Fdet =

{
1 i f ri < Jlower or ri > Jupper

0 otherwise
(30)

The EWMA threshold parameters were carefully selected based on established statisti-
cal principles and extensive preliminary testing. The sensitivity coefficient λ = 3, providing
approximately 99.7% confidence bounds for normally distributed residuals. The forgetting
factor α = 0.1 was chosen through systematic parameter sweeps to optimally balance noise
rejection with fault sensitivity. Our analysis confirms that these parameters achieve the best
compromise between detection performance and false-alarm prevention, validating our
central claim of reliable fault diagnosis under varying operating conditions.
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5. Simulation Results and Analysis
The fault diagnosis performance of a sliding mode observer was investigated through

MATLAB/Simulink 2020b version. To assess the observer’s robustness, additive Gaussian
noise was injected into the output signals. The noise had zero mean and a variance of
0.000005. The random seed was set to 1 to ensure reproducible results.

The diagnostic framework was evaluated under parametric faults injected into crit-
ical components θ1, θ2 and θ3. These faults were modeled as significant deviations from
nominal values: a 10% decrease for ∆θ1, a 7% decrease for ∆θ2 this fault exhibits a charac-
teristically slow, gradual decrease in parameter value, both at its onset near t = 1.1 s and its
disappearance near t = 1.9 s, and a 10% decrease for ∆θ3. The simulation was performed
with a variable temperature profile. From 0 s to 1 s, the temperature was fixed at 20 ◦C.
Then it was increased to 25 ◦C from 1 s to 2 s. Finally, it was set to 15 ◦C. The irradiation
profile was also dynamic: it changed from 700 W/m2 at t = 1 s to 1000 W/m2, and then
to 600 W/m2 at t = 3 s. These variations were used to evaluate the algorithm’s robustness
under changing operating conditions. The parameters of the studied photovoltaic system
and the synthesis parameters of the ASMO are gathered in Tables 1 and 2, respectively.

Table 1. Parameters of the photovoltaic system used for validation.

Parameters Symbol Value

Voltage at the maximum power point Vmax 27 V
current at the maximum power point Imax 7.6 A

Maximum power Pmax 210 W
Open circuit voltage Voc 32.9 V
Short circuit current Isc 8.21 A

Input capacitor C1 10−3 F
Output capacitor C2 10−3 F

Inductor L 1.21 × 10−3 H
Load R 25 Ω

Table 2. Observer parameters used for validation.

Symbol Value

K1 50 V/s
K2 100 A/s
K3 500 V/s
Γ1 106 1/F.A.s
Γ2 106 1/H.V.s
Γ3 106 1/F.A.s

The evaluation of the proposed scheme is conducted considering two scenarios.
First Scenario: All faults in a given period:
For the first test, three faults are injected independently. A fault is introduced in θ1

during the interval [0.5 s, 0.9 s], followed by a fault in θ2 during [1.2 s, 1.8 s], and finally in
θ3 during [2.1 s, 2.6 s], as shown in Figure 3.

The simulation results for the first operating scenario are presented in Figures 4–9.
Figure 4 illustrates the time profile of ∆θi faults and their estimations ∆θ̂i. The results
demonstrate the remarkable ability of the ASMO to estimate faults. For each parameter,
after a fault, the estimated value converges very quickly to the actual value and maintains
an accurate estimation throughout the fault.
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θ₁
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/C
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θ₃
=1
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=1

/L
 (H

⁻¹
)

Figure 3. Injected faults in the first scenario.

Δθ
₁ (

F⁻
¹)

Δθ
₂  

(H
⁻¹

)
Δθ

₃ (
F⁻

¹)

Figure 4. Comparative evolution of actual and estimated parameters in the first scenario.

Figures 5–7 reveal the dynamic behavior of the residuals ri for each parameter. Under
normal conditions, the residuals fluctuate around zero with minimal amplitude, forming a
narrow noise band. Upon injection of each fault, the corresponding residual undergoes an
immediate and significant discontinuity, clearly exceeding the background noise. Following
this initial jump, the residuals converge to a new steady state value within approximately
0.05 s of fault occurrence, demonstrating the observer’s rapid response. The characteristic
step-like increase in residual amplitude occurs precisely during the injected fault intervals:
for the first fault in θ1 between t = 0.5 s and t = 0.9 s (Figure 5), for the second fault in θ2

between t = 1.2 s and t = 1.8 s (Figure 6), and for the third fault in θ3 between t = 2.1 s and
t = 2.6 s (Figure 7). In contrast, changes in solar irradiance, which are applied at t = 1 s and
t = 2 s, produce only minor, bounded perturbations to the residuals that do not cross the
adaptive detection thresholds. The specificity of the response where only the residual of
the faulty parameter reacts confirms the effective fault isolation.
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Figure 5. Residual signal of ∆θ1 in the first scenario.

 

r₂
 (H

⁻¹
)

Figure 6. Residual signal of ∆θ2 in the first scenario.

Figure 8 translates the residuals into a binary alarm: the alarm is exclusively activated
during fault intervals, with sharp activations and deactivations that are synchronized with
the faults. The complete absence of false alarms during irradiance transitions at t = 1 s
and t = 2 s proves the robustness of the system to external disturbances, thanks to the
integration of adaptive thresholds in the diagnostic mechanism.

https://doi.org/10.3390/electronics15010040
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Figure 7. Residual signal of ∆θ3 in the first scenario.

Figure 8. Fault detection signals in the first scenario.

Figure 9 shows the robustness and efficiency of the system. It can be confirmed that
the control strategy ensures maximum power point operation, rapidly converging and
stabilizing the output power at the optimal panel level, even in the presence of faults
and external disturbances. It is noted that a disturbance occurs specifically at the time of
irradiance variation; however, the resilience of the system is confirmed by its immediate
and accurate return to the MPP.
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Po
w

er
 (W

)
Figure 9. Evolution of PV power and its optimal value in the first scenario.

Scenarios 2: simultaneous multiple faults
The second test scenario involved the simultaneous injection of faults. A fault was

introduced in θ1 during the interval [0.6 s, 1.9 s], in θ2 during [1.2 s, 2.1 s], and in θ3 during
[1.4 s, 2.6 s] as shown in Figure 10. Notably, the triple overlap period between 1.4 s and
1.9 s constitutes the ultimate test for the isolation capability of the algorithm.

0 0.5 1 1.5 2 2.5 3
Time (s)

900

1000

0 0.5 1 1.5 2 2.5 3
Time (s)

1100

1150

1200

0 0.5 1 1.5 2 2.5 3
Time (s)

900

1000

Figure 10. Fault injection profile for the second scenario.

Figures 11–16 show the simulation results corresponding to the second operating
mode. Figure 11 demonstrates the discriminatory power of ASMO. Indeed, the observer
manages to estimate all three parametric variations simultaneously and accurately, even
during the period of complete overlap. The estimated trajectory follows tightly each
individual defect without significant mutual interference.

The residual signals ri, depicted in Figures 12–14, quantify the difference between the
actual and estimated faults. These residuals remain close to zero in the absence of faults but
become significantly disrupted when a fault is injected. Following each fault occurrence,
the residuals converge to a steady state offset within about 0.05 s. The timing of these
disruptions corresponds accurately to the injected fault intervals: for θ1 between t = 0.6 s
and t = 1.9 s (Figure 12), for θ2 between t = 1.2 s and t = 2.1 s (Figure 13), and for θ3 between
t = 1.4 s and t = 2.6 s (Figure 14). Figure 12 confirms that this disruption immediately
breaches the adaptive thresholds, generating a clear alarm signal. Thus, this methodology
exhibits significant robustness against external perturbations. While variations in solar
irradiance, introduced at t = 1 s and t = 2 s, induce oscillations, they are effectively ignored
by the system, thus preventing false alarms. Simultaneously, the algorithm successfully
detects the injected faults, proving its capability to isolate multiple failures.
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Figure 11. Comparison of actual versus estimated parameters in the second scenario.

Figure 12. Residual signal of ∆θ1 in the second scenario.

Figure 15 represents an operational translation of residuals into multiple simultaneous
alerts. The system generates three separate alarms that activate and deactivate according to
the precise fault chronology, demonstrating its ability to provide a complete health map in
real time, even in the face of multiple concurrent failures.

Figure 16 highlights the system’s performance and resilience. The results confirm that
the control strategy effectively maintains operation at the maximum power point (MPP).
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Even in the presence of a fault or change in radiation, the output power recovers quickly
and stabilizes at the optimal power level.

r₂
 (H

⁻¹
)

Figure 13. Residual signal of ∆θ2 in the second scenario.

Figure 14. Residual signal of ∆θ3 in the second scenario.
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Figure 15. Fault detection in the second scenario.
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Figure 16. Evolution of the PV power and its optimal value in the second scenario.

5.1. Comparative Analysis with a Standard Sliding Mode Observer

To assess the advantages of the proposed approach, a direct comparison was made
with a conventional Sliding Mode Observer (SMO) with fixed thresholds. This baseline
SMO shares the same structure and gains as the proposed ASMO. Both observers were as-
sessed under the challenging sequential fault and irradiance variation profile of Scenario 2.
The performance was evaluated in terms of Average Detection Time and Number of
False Alarms.

A comprehensive comparative analysis was conducted to evaluate the proposed
ASMO + EWMA method against established approaches. When compared to a standard
Sliding Mode Observer with fixed thresholds which illustrated in Figure 17, our approach
demonstrated clear performance advantages. The standard SMO produced false alarms
and showed slower detection times. In contrast, our ASMO + EWMA method achieved
perfect isolation accuracy with zero false alarms and reduced detection times, representing
an improvement over the standard SMO. As a conclusion, the results obtained quanti-
tatively validate the advantages of our adaptive thresholding mechanism and enhanced
observer design in handling real-world transient conditions while maintaining reliable
fault detection.
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Figure 17. Residual signals obtained using SMO with fixed threshold.

5.2. Analysis of Observer Gains

To investigate the robustness of the proposed method to gain variations, a sensitivity
analysis was conducted by varying the observer gains during the first fault scenario only
fault in θ1 during [0.5 s, 0.9 s]. The nominal gain configuration in Table 2 was compared
with a reduced gain.

The results of the observer gain sensitivity analysis, demonstrate the impact of gain
settings on detection performance. With the nominal configuration, the average detection
time is 0.05 ± 0.01 s with no false alarms. When the reduced gains show that the detection
time increases by approximately 50% to 0.1 ± 0.02 s, while maintaining zero false alarms as
illustrated in Figure 18.
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Figure 18. Residual signal of ∆θ1 and fault detection with reduced gain.
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6. Conclusions
This work presented a robust methodology for parametric fault diagnosis in photo-

voltaic systems, more specifically in DC-DC boost converters. We developed a unified
diagnostic architecture that synergistically integrates an ASMO with a real-time detection
system. The ASMO design represents a significant advancement over conventional ob-
servers. It combines the intrinsic robustness of the sliding mode against uncertainties with
an online parametric adaptation capability. A notable innovation lies in the implementation
of adaptive thresholds based on the EWMA approach. This approach allows effective
differentiation between true faults and normal transient variations. It significantly reduces
the risk of false alarms while maintaining high detection sensitivity. The dynamic adapta-
tion of thresholds according to the system operational profile ensures optimal diagnostic
performance under various operating conditions. Furthermore, comprehensive validation
scenarios demonstrate the effectiveness of the overall approach. These scenarios include
sequential and simultaneous faults under variable illumination conditions, highlighting
the adaptive thresholding mechanism.

The simulated results confirm rapid detection capability and isolation specificity. This
holds even in critical situations with multiple overlapping faults, where EWMA thresholds
play a crucial role in fault discrimination.

Future research will focus on several promising directions: (1) experimental validation
through hardware implementation and real-time simulation; (2) extending the methodology
to cover switch and sensor faults; (3) integrating machine learning techniques to enhance
fault prediction and classification; (4) applying the approach to complex multi-converter
PV systems; and (5) developing self-tuning observer gains for varying operating conditions;
and (6) developing active fault tolerance strategies to maintain system performance even
under degraded conditions. These steps will further enhance the industrial applicability of
the proposed diagnostic framework.
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