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Abstract— This paper presents an efficient fault detection
approach to monitor the direct current (DC) side of photovoltaic
(PV) systems. The key contribution of this work is combining
both single diode model (SDM) flexibility and the cumulative sum
(CUSUM) chart efficiency to detect incipient faults. In fact,
unknown electrical parameters of SDM are firstly identified
using an efficient heuristic algorithm, named Artificial Bee
Colony algorithm. Then, based on the identified parameters, a
simulation model is built and validated using a co-simulation
between Matlab/Simulink and PSIM. Next, the peak power
(Pmpp) residuals of the entire PV array are generated based on
both real measured and simulated Pmpp values. Residuals are
used as the input for the CUSUM scheme to detect potential
faults. We validate the effectiveness of this approach using
practical data from an actual 20 MWp grid-connected PV system
located in the province of Adrar, Algeria.
Keywords- Monitoring; single diode model; artificial bee colony;
CUSUM; PV systems.

I.

INTRODUCTION

Photovoltaic (PV) systems are continuously exposed to many
potential external interferences or faults that can cause
signiﬁcant loss of the power production. Faults in DC side of
PV systems are often diﬃcult to avoid and can result in energy
loss, system shutdown or even in serious safety concerns [1].
For example, two PV facilities in the US (a 383 KWp PV
array in Bakersﬁeld, CA and a 1.208 MWp power plant in
Mount Holly, NC) burned in 2009 and 2011, respectively [2].
The source for these accidents was a fault on the DC side that
was not identiﬁed early [2, 3]. Therefore, an efficient real time
monitoring and fault detection strategy is very important, not
only to reduce time and cost of maintenance, but also to avoid
any kind of energy loss, equipment damages and disastrous
accidents [4]. Several monitoring strategies have been
proposed in the literature. These strategies could be
categorized into two groups: model-based methods and
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history-based methods. In model-based methods, real
measured outputs are compared analytically with computed
outputs, a fault is flagged a large difference is detected [5].
Model-based fault detection methods include, single-diodebased fault detection approaches [6-8], Kalman ﬁlter [9], and
Fourier series [10]. In single diode model (SDM) based
methods, the unknown electrical parameters of the employed
PV module are firstly identified using an efficient strategy [1,
6], following with maximum power point (MPP) prediction
approach based on real onsite climate data measurements.
Other methods use sophisticated tools, such as time domain
reflectometry (TDR) [11] and thermo-reflectance imaging
(TR) [12] based methods have been used in several research
studies due to their independency to weather conditions.
Speciﬁcally, TDR has been used to detect both system
degradation and PV string disconnection failures. While TR
based method has been used to discover hotspot occurrence in
PV systems. However, the TDR based method is limited by its
technical requirements to turn oﬀ the entire PV system, which
leads in reducing the system’s energetic performances. In
addition, this method requires expensive and sophisticated
tools since it needs to analyze input and output reﬂected
signals. Of course, the effectiveness of model-based faultdetection approaches relies on the accuracy of the used
models.
On other hand, history-based methods analyze a set of
available data collected from the PV system under operation in
order to derive an empirical model that will be used for fault
detection. Methods in this group use both machine learning
and computational intelligent procedures [13-17]. Mekki et al.
(2016) proposed an approach using an artificial neural
network to evaluate the performances of PV plant under the
occurrence of partial shading [13]. Tadj et al. (2014) presented
a fuzzy logic based approach has to detect the occurrence of
short-circuit failures in PV systems [14]. Pavan et al. (2013)
developed an efficient strategy that combines both polynomial

regression and Bayesian neural network to predict the soiling
effect in PV system of large scale [15]. Although both modelbased methods and history-based methods give good results in
term of monitoring and fault detection, they still have major
limitations in practical viewpoint. In fact the efficiency of
model-based methods depends deeply on the accuracy of the
used model which could not been always guaranteed under
practical operation. In other side, the main issue of historybased method is that they require the availability of a relevant
database that describes the system performances under healthy
and faulty operation cases [1].
To detect incipient faults in PV system, CUSUM chart would
be more eﬀective [16]. In this work, we propose a practical
and simple scheme to monitor the DC side of PV system,
which merges the ﬂexibility of single-diode model and the
sensitivity of the CUSUM control charts to detect insidious
changes [16]. Speciﬁcally, the residuals, which are the
diﬀerences between the measured and predicted MPP for the
power, obtained from the simulated model are used as the
input data of the CUSUM chart to reveal abnormalities. We
validate our fault detection strategy using measurements from
actual operating 20 MWp grid connected PV system located at
the province of Adrar, Algeria.
The remaining of this paper is summarized in the following
manner: Section II is allocated to PV model modeling under
single diode model presentation; Section III describes briefly
CUSUM monitoring chart. In Section IV, the proposed
strategy of monitoring and fault detection is described in
details. Model validation and faults detection results are
summarized in Section V. Finally, Section VI is reserved to
the drawn conclusions.
II.

III.

Cumulative sum (CUSUM) chart is an efficient statistical
method commonly applied in process monitoring and
anomalies detection [16, 18, 19]. This scheme sums both past
and currents samples in order to make the decision. This chart
describes its statistic (St) by Equation 2 [16].
st    x j  0 
n

(1)

where: Kb is Boltzmann constant (Kb=1.3806503x 10-23 j/k), n
is the diode ideality factor, I0 denotes the dark saturation
current and q is the electronic charge (q=1.60217646 x 10-19
C). It can be noticeably stated from Equation 1 that the
efficiency of this model to accurately mimic solar cells/PV
modules behaviors depends intensely on the values of its five
electrical parameters: Iph, I0, n, Rs and Rsh.
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(2)

j 1

Where: St denotes the cumulative sum of the entire samples,
comprising the latest samples. µ0 is the targeted mean of the
process. In addition, the statistics of this chart can be
computed recursively using Equation 3 [16]:
s t  (x t  0 )  s t 1

(3)

While the one sided version of CUSUM statistics can be
computed using Equation 4:
t

s t    x j    0  k  

SINGLE-DIODE MODEL
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  1 

R sh
 nK BT  


CUSUM MONITORING SCHEME

(4)

j 1

The single diode model (SDM) is the most commonly utilized
model that mimics accurately solar cells and PV modules
behaviors in energy generation [17]. In this model, solar
cells/PV modules are modeled based on a parallel connection
of a light generated current source and a diode, additionally
with series and shunt resistances which are accounting to
model the resistive losses. The electrical circuit that describes
SDM is depicted in Figure 1, while its mathematical
description that determines solar cell /PV modules output
generated currents and voltages is denoted by Equation (1).
.

Figure 1. Single Diode Model representation of solar cells/PV modules.

where k is a reference parameter commonly used to detect
insipient changes in the process mean. At the t-th time point, if
the CUSUM statistic is beyond the decision threshold, i.e.,

St  H,

(5)

Value of 4σ or 5σ is always suggested by Montgomery in [16]
for the parameter H.
IV.

THE PROPOSED FAULT DETECTION APPROACH

This method consists fundamentally on three mains steps: (i)
single diode model parameters identification, (ii) the entire PV
array simulation model built and experimental validation, and
finally (iii) The applying of CUSUM chart on the peak power
(Pmpp) residuals, as follows:
1) Step 1: single diode model parameters identification.
During this stage, the five unknown electrical parameters that
define the single diode model parameters are accurately
identified using an efficient heuristic algorithm and a set of
outdoor (I-V) curve measurements. In fact, SDM parameters

identification step can be defined as an optimization problem
in which the the cost criteria to be minimized is the Root
Mean Square Error (RMSE) between real measured (I-V)
curve and the estimated one based on the heuristic algorithm
as follow:

faulty operation if the CUSUM monitoring statistics (St)
exceed the healthy system allowed decision interval H.
otherwise, the system will be considered as under healthy
operation.
t

RMSE 

s t    Pt   0  k  

L

2
I
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 is a vector contains the five unknown electrical parameters

(Iph, I0, n, Rs and Rsh) , L is the number of the used
experimental (I-V) curve data during the parameters extraction
process. In this work, Artificial Bee Colony (ABC) algorithm
[20-23] has been used to identify accurately the single diode
model five unknown parameters.

2)

Step 2: PV Array modeling and experimental
validation.

The aim of this stage is to build a simulation model that
mimics accurately the real PV array behavior under both
healthy and faulty operations. Toward this end, a co-simulation
between Matlab/Simulink and PSIM is established in order to
simulate the entire PV array using the SDM identified
parameters obtained from step 1. Once the model of simulation
is built, its accuracy to mimic correctly the physical behavior
should be tested by introducing a set of real climate data
measurement to the model of simulation, and compare the
simulated peak of power Pmpp_sim with the real measured one
Pmpp_meas.
3) Step 3: Application of CUSUM monitoring Chart.
During this phase, the PV array under study is simulated using
real climate data measurements of temperature (T) and
irradiances (G) for both healthy and faulty operating cases.
The aim of this simulation is to extract the peak power (P mpp)
values for each operating cases and under several
meteorological conditions. Then, based on these P mpp values,
the residuals Pt  P1,...,Pt ,...,Pn  which are defined as the
difference between real measured and simulated peak power
are computed as follow:
Pt  Pt  Pˆ t

t  1, n 

(6)

where Pt and P̂t denote respectively real measured and
estimated power at MPP (peak power). Then, based on these
residuals the CUSUM monitoring statistics are computed
using Equation 8. Finally, the system will be considered under
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(7)

j 1

(5)

RESULTS

The efficiency of this method has been evaluated and tested in
this section using real experimental measurements
collected
(6)
from an actual 20 MWp grid connected PV system located at
the province of Adrar. This system is composed of 44 YINGLI
(YL245P-29b) PV modules connected as two parallel PV
strings of 22 PV modules in series each. Results of SDM
parameters identification that concern YINGLI PV module are
summarized in Table 1.
TABLE. 1. THE ESTIMATED SDM IDENTIFIED PARAMETERS OF ADRAR PV
MODULE.
Parameters
Identified
values

Iph [A]

I0 [A]

n

Rs [Ω]

8.63

1.19e-07

1.23

0.0075

Rsh
[Ω]
1000

RMSE
0.044

It can be seen clearly from the smaller value of RMSE metric
the great efficiency of ABC algorithm to identify with high
accuracy the optimal SDM parameters. Moreover, once these
parameters are identified, their corresponding values are then
used to build the PV array simulation model based on a cosimulation between Matlab/Simulink and PSIM. This model
of simulation has been then experimentally validated by
introducing five real climate day profiles of temperature (T)
and irradiances (G) into the model, and then compare their
corresponding peak power measurement (Pmpp_meas) with
the simulated one (Pmpp_sim). Results of the experimental
model validation for the five days are depicted in Figure 2. In
addition, simulation model validation results have been also
evaluated based on computing both RMSE and r² performance
evaluation metrics as follow:
RMSE 



r²  1 





m
t 1

ˆ 2
(P  P)
m

m
t 1

m
t 1

ˆ 2
(P  P)

(P  mean(P)) 2

(8)

(9)

where P and P̂ are real measured and simulated peak power
respectively and m is the samples number. Scatter plot of real
measured and simulated peak power is depicted in Figure 3.
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Figure 2. Model validation results of Adrar PV module.

Figure 4. Monitoring results of CUSUM chart for DC power in the presence
of an open-circuit fault.

Figure 3. Scatter plot of the measured and predicted peak power.
Once the PV model is validated, the last step consists in
testing the efficiency of CUSUM based method to monitor PV
system performances. Toward this end, three faulty cases have
been tested under Adrar PV system: (1) first string completely
disconnected operating case, (2) the presence of eight shortcircuited PV modules in the array operating case and (3) the
presence of fourteen short-circuited PV modules in the PV
array. Monitoring results of CUSUM chart are shown for the
three cases in Figures 4 and 5. The shaded areas in these
figures represent the zone for which faults were introduced.
CUSUM chart monitoring results show clearly the ability of
this method to detect the three faults. In fact, when the system
is under normal operation (non-shaded area) CUSUM statistics
are below the decision threshold. Then, once a fault is
occurred, the values of this statistics exceed the decision
threshold. Thus the high efficiency of this method to monitor
system performances and detect DC side faults occurrences.
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Figure 5. Monitoring results of CUSUM chart for DC power in the presence
of (a) eight short-circuited modules and (b) fourteen short-circuited modules
in the PV array.

VI.

CONCLUSION

In this paper, a novel fault detection strategy for PV
systems monitoring is developed. This strategy allows faults
detection and monitoring using an efficient statistical
procedure, named CUSUM monitoring chart. The main
advantage of this strategy is that it combines both single diode
model flexibility and CUSUM scheme efficiency to detect
incipient changes. Three main steps are necessary to
summarize the proposed method are: (i) identify the SDM
parameters, (ii) simulate the entire PV array and validate it
experimentally, and finally (iii) apply CUSUM chart to the
peak power residuals that are derived from both real measured
and simulated DC power. The efficiency of this method has
been evaluated and tested experimentally on an actual 20 MWp
grid-connected PV system located in the province of Adrar.

Results show clearly the high efficiency of our method in
detecting DC side faults.
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