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Abstract—Monitoring the operation condition of photovoltaic
(PV) systems is crucial to improving their efficiency. In this paper,
an effective method to supervise the DC part of PV plants under
noisy environment is provided. In fact, noisy measurements make
the supervision more challenging as the feature extraction of
the fault is more difficult. The designed approach merges the
desirable proprieties of the discrete wavelet transform and the
exponentially weighted moving average scheme to appropriately
detect faults in PV system. Specifically, this approach is employed
to check the residuals generated by a simulation model based on
a single-diode modeling for fault detection. We evaluated the
efficiency of the proposed approach on a real PV system in
Algeria. Results indicated that the proposed approach has good
capacity in supervising the DC part of PV plants.

I. INTRODUCTION

Efficiency and reliability of PV systems are achieved by
optimizing the PV systems performance. However, PV plants
are exposed to numerous circumstances such as shading and
failure that affect their performance. In particular, anomalies
and failures affecting the DC part of PV plants are usually
challenging to avoid and can generate energy loss and even
severe safety concerns [1], [2]. Accordingly, fault detection
in PV plants is an important component to keeping high
efficiency, safety and reducing maintenance costs [3]–[5].

Automatic detection of potential anomalies becomes vital
for supervising the operation of PV systems [6], [7].
The aim of fault detection techniques is identifying the
dissimilarity between the designed and actual performances of
the inspected PV plant. Fault detection mechanisms provide
relevant information by detecting degradation and providing
protection against equipment failure and thus reduce the
maintenance cost. For instance, faults in DC side of PV array
if not detected in time, they can cause to serious problems such
as fire hazards [1], [2]. To bypass the drop of the PV system
yield, numerous detection techniques were developed in the
literature including model-based procedures [4], [8], Kalman
filter [9], and spectral methods [10]. Other methodologies
use machine learning mechanisms [11]–[13], like support
vector machine [14], k-nearest neighbors [15], decision tree
procedure [16], Bayesian neural network [11] and fuzzy
logic [13]. Many other interesting monitoring mechanisms
were discussed in the literature can be found in [17],

[18]. These approaches necessitate the presence of relevant
measurements describing the system performances under
normal and faulty situations [4].

In other studies, statistical monitoring techniques are used
to supervise the operation of PV systems. In [19], a method to
detect faults in a PV plant without a need for meteorological
data is proposed. The detection is conducted by analyzing the
output energy of the PV plant via the analysis of variance
test. In [5], a model-based method to detect faults in PV
system is introduced. This method uses the Multivariate
CUmulative SUM procedure to evaluate the residuals from
the PV simulation model for monitoring the operation of
a PV plant. Braun et al. [20] aimed to monitor PV plants
using multivariate outlier rules. This approach uses current
and voltage measurements of each separate PV panel for
fault detection. Platon et al. [21] presented three-sigma-based
approach for online fault detection in PV plants. It is known
that the three-sigma-based schemes are effective in detecting
large faults, but ineffective in detecting incipient faults. In [4],
[22], a monitoring approach has been presented to detect
temporary shading and faults occurred in the DC side of
PV systems. This technique aims to improve detection of
incipient faults in PV systems based on exponentially weighted
moving average (EWMA) approach. However, EWMA-based
approaches don’t consider the multiresolution nature of
measurements. Furthermore, measurements noise can hide
important features in data or lead to misleading indications by
increasing false alarms and missed detections. Multiresolution
representation of data based on wavelets is an efficient feature
extraction tool that has the ability to feature/noise separation
and decorrelating time series data [23]–[26]. Theretofore,
the aim in this work is to merge the benefits of multiscale
representation based on wavelet and of an EWMA scheme
to deal with the problem of measurement noise in the data
and to improve fault detection in PV plants. The proposed
mechanism will be termed WM-EWMA hereafter. Specifically,
the WM-EWMA approach is employed to check the residuals
generated by the simulated model to detect faults. Performance
of this monitoring mechanism has been evaluated via real data
from a grid-connected plant in Algeria. Results suggest that the



detection performance can be effectively improved by using
the proposed approach compared to the conventional EWMA
chart.

II. PV MODULE MODELING

Solar cell/behavior is commonly modeled by a single diode
model (SDM) as depicted in Figure 1.

Fig. 1. SDM of solar cells and PV modules.

The analytic expression that describes the I-V characteristics
of a PV cell/module based on the model shown in Figure 1
is:

where I0 is the dark saturation current, n is the diode’s
ideality factor, kB is Boltzmann’s constant, and q represents
the electronic charge. The precision of SDM in Equation (1)
is related to the selected values of the unknown parameters
Iph, I0, n, Rs and Rsh.

Generally speaking, the construction of a simulation model
describing the nominal operating conditions of the inspected
PV system conducted in two steps: (a) identify the unknown
parameters of SDM, and (b) construct a model describing the
performances of the real PV plant (see Figure 2).

Firstly, the optimal values of the unknown parameters of
the SDM are determined using a heuristic algorithm and (I-V)
curve measurements. Specifically, the Artificial Bee Colony
(ABC) algorithm selects the optimal values of the SDM
parameters that minimize the difference between the measured
and the estimated I-V curves [4], [27].

ϕ represent the vector of unknown parameters [Iph, I0,
n , Rs and Rsh]. Finally, to simulate the entire PV
array, a co-simulation between Matlab/Simulink and PSIM is
implemented for simulating the inspected PV system by using
the computed SDM parameters.

Fig. 2. Illustration of the PV modeling framework.

III. PROPOSED MW-EWMA MONITORING MECHANISM

For monitoring the DC part of PV plants, residuals
representing the mismatch between the real measurements (It,
Vt and Pt) and estimation of MPP current (Ît), MPP voltage
(V̂t ) and MPP power (P̂t) using the simulation model are fed
to the developed MW-EWMA monitoring scheme for fault
detection.

The MW-EWMA mechanism is used to assess the residuals
to uncover faults.

A. EWMA scheme

EWMA scheme is an important univariate quality control
procedure, which has been used in several disciplines to
online monitor the mean of production processes [28], [29],
[29], [30]. Here, some background information on EWMA is
presented. The EWMA fault decision statistic is computed as
follows [28]:



where xt is the measurement at time instant t, the initial value,
z0 is the fault-free mean of data, µ0, and ν(0 < ν ≤ 1)
is a smoothing parameter. The thresholds of the EWMA are
computed as,

where σ0 represent the standard deviation of the collected data
under nominal conditions. The EWMA mechanism delivers a
signal of a fault if zt overpass the decision thresholds.

B. WM-EWMA approach for PV system monitoring

Multiscale representation of data using wavelet allows
simultaneous time and frequency analysis of data. It has been
used in broad applications due to its decorrelation property
and its capability in separating feature/noise. By applying the
Discrete Wavelet Transform (DWT), a signal, x(t), can be
represented as a combination of approximation, AJ(t) and
detail coefficients, Dj(t) [31].

where the coarsest scale J usually called the decomposition
level.

The proposed WM-EWMA fault detection mechanism
integarates the benefits of multiscale representation with
those of the EWMA approach. Specifically, in WM-EWMA
mechanism, the residuals from the PV simulation model are
decomposed using DWT. In training phase, a fault-free training
data set was utilized to compute the EWMA thresholds at
multiple scales. In the training phase, the EWMA thresholds
computed previously are applie to the detailed signals of
the testing data on multiple scales for fault detection. This
approach is outlined in Algorithm 1.

IV. RESULTS AND DISCUSSION

We evaluate the developed fault detection mechanism usng
real data from a PV system located in Algeria. This sysetm
consists of a PV array of 90 modules type Isofoton I-106/12
providing a total peak power of 9.6 kWp. The PV array is
made up of three identical PV sub-array of 3.2 kWp. Each
sub-array is comprised of 2 branches in parallel of 15 PV
modules in series. The main components of the supervised
PV sub-system are illustrated in Figure 4.

Fig. 4. Schematic representation of the inspected PV subsystem with data
acquisition.

By applying the ABC optimization procedure, we
determined the optimal values of the parameters
[I∗ph, I

∗
0 , n

∗, R∗
s , R

∗
sh], which provide the suitable fitting

measured (I-V) characteristics (Table I). As described above,

TABLE I
COMPUTED MODULE PARAMETERS OF THE SDM VIA THE BEST-SO-FAR

ABC PROCEDURE.

a co-simulation of Matlab/Simulink with PSIM is used to



Fig. 3. Multiscale EWMA monitoring framework.

simulate the inspected PV array based on the determined
SDM parameters. Figure 5) displays the measured and
estimated MPP current measurement using the simulation
model when introducing three real days of temperature and
irradiances into the model. Figure 5 indicates the good
agreement between the actual measurements and the model
output.

Fig. 5. Measurement and MPP current prediction form the simulation model.

Now, we evaluate the the WM-EWMA mechanism in
detecting open-circuit faults in a PV array under noisy
conditions. In this experiment, the first string is disconnected
from the inspected PV array for time instant 300 to 500.
To demonstrate the efficiency of the proposed mechanism, in
this case study, we add random noises with different levels
following the normal distributions to measured data.

Results of EWMA and WM-EWMA procedures are
displayed in Figures 6 and Figures 7 for the cases of
moderate (σ = 0.8) and highly noisy measurements (σ =
1.6), respectively.From this scenario, it can be seen that the
WM-EWMA is more robust to noise measurements than the
EWMA scheme (see Figures 6 and Figures 7).

The performance of both techniques in term of false alarm
rate (FAR) and missed detection rate (MDR) are given in
Table II. Results in Table II confirms the superiority and
robustness to noise measurement of the WM-EWMA approach
compared to conventional EWMA approach. it is worthnoting
that highly noisy measurements have an impact on the
performance of the EWMA chart, and the impact seems less
serious for the proposed MW-EWMA chart.

Fig. 6. (a) EWMA and (b) WM-EWMA mechanisms in the case of an
open-circuit fault, moderate noisy data scenario.

Fig. 7. (a) EWMA and (b) WM-EWMA mechanisms in the case of an
open-circuit fault, highly noisy data scenario.

TABLE II
PERFORMANCES OF THE EWMA AND MW-EWMA MECHANISMS.

V. CONCLUSION

This article has focused on monitoring the DC side of PV
systems under noisy environment. An efficient fault detection



strategy merging the multiresolution representation of data
using wavelets and EWMA scheme is proposed in this study
for monitoring the operating conditions of PV systems. In
particular, the developed approach is conducted in two steps:
(a) construct a simulation model for the inspected PV system
based on single diode PV model, (b) generate residuals from
the simulation model using new test data and (c) apply the fault
detection approach to the uncorrelated residuals to uncover
possible faults. Real data from a 9.54 kWp PV plant in Algeria
has been used for evaluating the performance of the proposed
approach. Results show the efficiency of the proposed scheme
in reliably detecting faults in DC side of PV systems even
under noisy conditions.
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