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Abstract—Photovoltaic systems’ faults can cause a power
reduction, the decrease in the useful life and irreversible damages
on the photovoltaic cells. This paper presents a strategy able
to diagnosticate the photovoltaic array fault according to the
Brazilian regulatory standard NBR 16274. Therefore, the fault
diagnostic is based on the PV array I-V curve which is used to
calculate the inputs of a multilayer perceptron artificial neural
network (ANN). The results shown in this paper demonstrate the
ANN with a compact structure and good accuracy. Moreover, it
shows the ANN can classify all faults of the NBR 16274 with
99.3% of accuracy.

Index Terms—Artificial Neural Network; Classification; De-
fects; I-V Curve; Multilayer Perceptron.

I. INTRODUCTION

The photovoltaic (PV) systems has grown on Brazil since
the government regulation and incentives accomplished in
2012 [1]. Beyond that, other facts contribute for the growth,
such as, the PV system price decrease and the concern about
the environment [2].

As the number of PV installations has increased in recent
years, the maintenance will increase as well [3]. Thus, there
is a equipment necessity to assist the preventive maintenance
and commissioning of PV arrays [4].

There are main types of problems that occur in continuous
current: constant energy lost (degradation and defects), vari-
able energy lost (shading) and obstruction [5]. Each one of
these situations can generate irreversible damage in PV cells
and significantly power lost.

The main methods to diagnose in PV array faults according
with [5] are: climatic data methods, current analyses method,
current and voltage derivative method, maximum power points
method and artificial neural network method.

The artificial neural network (ANN) method presents good
accuracy, fast processing, and better fault diagnostic accuracy,
when ANN is compared with other methods. Despite, the other
method afore mentioned are easier to implement, because do
not need the ANN training, but they have lower identification
and classification capacity then ANN technique [4].

The method implemented in the paper has the objective to
diagnosticate PV array faults to assist the preventive main-
tenance and commissioning of PV array. Its differences and
advantages are: the multilayer perceptron ANN has a simple
structure, the faults classification are based on the Brazilian

regulatory standard NBR 16274 [6], and the inputs on the
ANN are an array data based on the I-V curve and the local
measurement of the temperature and the irrandiance.

The current per voltage curve (I-V curve) defines and
characterizes the photovoltaic modules behavior. Therefore,
when the I-V curve its correctly analyzed can be established
the arrays conditions [7], and, consequently, faults and defects
can be identify by the I-V curve [8].

In this paper, a novel strategy using multilayer perceptron
ANN is proposed to diagnose PV array faults through the I-
V curve according to the faults described by the Brazilian
regulatory standard NBR 16274. For that, it is was developed
an algorithm to simulate mathematically the I-V curve, training
the ANN and identify possible defects and its causes.

II. CHARACTERISTIC CURVE OF A PHOTOVOLTAIC ARRAY

The PV cell has a non-linear behavior between the current
and voltage, and as a consequence, its understanding become
complex [9]. According with the literature, a simple and
faithful way to represent the current of the PV cells it is
through one diode model, represented in (1).

Ipv = Iph − I0 × e

(
q×Vpv+Ipv×Rs

a×k×T

)
− Vpv + Ipv ×Rs

Rsh
(1)

Where, Ipv: output current (A); Iph: photo-generated current
by the cell (A); I0: reverse saturation current (A); q: electron
charge (1.62 × 10−19 C); a: ideality factor; k: Boltzmann
constant (1.381×10−23m2×kg/s2×K); T : cell temperature
(K); Rsh: shunt resistance (Ω); Rs: series resistance (Ω) [10].
Notices that (1) is a transcendental equation, however it is
possible to trace the photovoltaic cell’s I-V curve, shown on
Fig. 1.

The main points of the I-V curve are: the short-circuit
current (Isc) that represent the current when the PV terminals
are in short-circuit [11], the open circuit voltage (Voc) is the
voltage measurement without any charge in the PV terminals,
and the most important point in the I-V curve is the maximum
power point, composed by the current at maximum power
(Impp) and the voltage at maximum power (Vmpp).

On the photovoltaic generation occurs climatic variations,
such, irradiance, temperature and shading. Each one of this



Fig. 1. Photovoltaic cell’s generic I-V curve.

C
ur

re
nt

 (
A

)

Voltage (V) Voc

Isc

 (Vmpp,Impp)

I-V Curve

factors decrease the power generate by the PV cell and changes
the I-V curve [11].

On a PV cell, as much the irradiance increase, the photo-
generate current will increase as well, represented in (2).
The Voc grows logarithmically with the irradiance due to
dependence between the current and voltage shown on (1).

Isc = Istcsc × G

1000
(2)

Where, G: irradiance in the PV cell (W/m²); Istcsc : short-
circuit current at standard test conditions (A). The Fig. 2 shows
the current behavior depending of the irradiance.

The PV cell has a different behavior when the temperature
change, as high is the temperature, lower is the voltage and the
power, however the current increase [11]. The voltage changes
according with (3) and the current with (4).

Voc = V stc
oc × (1− β ×∆T ) (3)

Isc = Istcsc × (1 + α×∆T ) (4)

V stc
oc : open circuit voltage at standard test conditions (V); β:

Voc temperature coefficient; ∆T : temperature variation (°C);
α: Isc temperature coefficient. This feature can be seen on
Fig. 2.

Fig. 2. Irradiance and temperature effect on I-V curve.
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Furthermore, some inner PV cells features can change the
I-V curve, such as, series resistance and the shunt resistance.
The series resistance represents the lost duo to semiconductor
material resistance and the cells’ metallic contacts, its value is
ideally 0 Ω. Beyond that, the shunt resistance represents the
leakage current, material impurities and cells’ imperfections,
its ideally value is ∞ Ω. The Fig. 3 shows the effects of those
resistances in the I-V curve.

Fig. 3. Rs and Rsh alteration on the I-V curve.
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Others situations that change the I-V curve are shade, there
are three types of them, such, soft shade, hard shade and par-
tially shaded, and each has a different impact on the I-V curve
[12]. The soft shading is caused by the uniformly sediment
accumulation in the module surface, and as a consequence
there is a reduction in the irradiance that reaches the PV cell
[13]. Hard shading is provoked by a total covered cell, when
this occurs there is a open circuit voltage reduction [14], as
seen in Fig. 4.

Fig. 4. Soft shading and hard shading in the I-V curve.
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The partially shading distort the I-V curve, creating inflec-
tion points (Vinf ), an example of partially shading can be seen
in the Fig. 5.

Fig. 5. Partially shading in the I-V curve.
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A. Brazilian regulatory standard NBR 16274

According with the standard NBR 16274, there are five main
faults that can occur in a PV array, also determine their linked
with the variation in the I-V curve. The Fig. 6 shows each one
of this differences mentioned on NBR 16274.

Fig. 6. Main defects that occurs in a PV array.
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• Rs increase: caused by conductors’ damage, modules
degradation or cell manufacture’s problems [15].

• Voltage decrease: caused by hard shading or short circuit
at bypass diode.

• Current decrease: happens when are dust accumulation
on module surface, cells degradation or current sensors
calibration’s problems.

• Inflection points: caused by partially shading, cells dam-
age or improperly bypass diode operation [15].

• Rsh decrease: caused by PV cells damage or partially
shading.

III. PROPOSED PV FAULT DIAGNOSIS STRATEGY

The proposed strategy presented in this section uses an
multilayer ANN to classify the faults in PV arrays. The ANN
and the system are described below.

A. Artificial neural network

Artificial neural networks are systems based on biologic
neuron capable of solving problems, such: classification, cat-
egorization, approximation, prediction and optimization [16].
The ANN needs training to define the synaptic weights aiming
to achieve suitable output for specific input signals [17].

The main classification ANN types are: perceptron, adaline
and multilayer perceptron. Duo this research’s characteristics
will be used a multilayer perceptron because its solve non-
linear problems [18]. The multilayer perceptron (MLP) neural
network is composed by the input, one or two hidden layers
and the output [19]. The Fig. 7 shows a MLP with two hidden
layers.

Fig. 7. Multilayer Perceptron Artificial Neural Network.

The MLP that has one hidden layer can approach any
linearly separable function, on the other hand, a MLP that has
two hidden layers can approach any function, such non-linear,
separable and transcendental functions.

B. System for faults diagnosis in PV arrays

The proposed system is seen on Fig. 8, and the inputs are:
I-V curve, the module irradiance and the PV module data.
The information are passed on the ANN and the output are
the array conditions according with NBR 16274.

The database is created for the purpose of training the neural
network. This database is construct from a mathematics model
of the PV cell. Its flowchart is shown on Fig. 9. The database
has the same proposed system inputs, and aims to provide
the arrays’ I-V curve [6]. Firstly, it is calculated the series
resistance, shunt resistance e the reverse saturation current

Fig. 8. System for faults diagnosis in PV arrays.
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(intrinsic parameters [20]). Then, from the chosen fault and
the parameters on Table I is created the I-V curve.

Fig. 9. Algorithm to generate the database.
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TABLE I
RANGE OF ASSIGNED VALUES

Description Assigned range
Irradiance 400 to 1000 W/m²

Temperature 10 to 60 °C
Number of series modules 1 to 10

Number of parallel modules 1 to 10

The database has two outputs in matrix form, the X matrix
represented in (5) owns the I-V curve characteristics, and M
is the output current average. Furthermore, it is essential that
the matrix values are normalized [21].

X =


G1 Voc,1 Isc,1 Rsh,1 M1 D1

· · ·
· · ·

Gm Voc,m Isc,m Rsh,m Mm Dm


T

(5)

The matrix Y , shown in (6), represents the arrays conditions
according with NBR 16274. In addition, each output matrix
represents a defect, presented in Table II.

Y =


y11 y12 y13 y14 y15 y16
· · ·
· · ·

ym1 ym2 ym3 ym4 ym5 ym6


T

(6)



TABLE II
DATABASE OUTPUT MATRIX

Defect type ANN predict output
Normal operation conditions 1 0 0 0 0 0

Rsh decrease 0 1 0 0 0 0
Inflection points 0 0 1 0 0 0
Isc decrease 0 0 0 1 0 0
Voc decrease 0 0 0 0 1 0
Rs increase 0 0 0 0 0 1

To create a multilayer perceptron ANN was used the
Matlab software [22]. In a supervised learning the output
vector is compared with the target vector, generating an error.
Given this error the weights are adjusted until the output match
with the desired output, the creating process is given by Fig.
10.

Fig. 10. ANN creation and training.
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The proposed system to diagnose the faults in a PV arrays
can be seen in Fig 11. Its inputs are the I-V curve, PV
arrays data, and local irradiance. The algorithm associates the
specified defect in NBR 16274 and its probably causes.

Fig. 11. Data treatment flowchart.

Start

Inputs:
I-V curve

PV array data
Local irradiance

oc sc sh

stc

sh, 

End

IV. RESULTS

The following results correspond to the ANN learning and
the data treatment algorithm.

A. Multilayer perceptron ANN learning

The neural network is given by the database created to
emulate the real PV modules functioning conditions. The
modules Kyocera KD210GX-LP composes the array used to
generate the samples, the module parameters are presented in
Table III.

For the database was generated 750 samples with rand
values of irradiance, temperature, series and parallel module
numbers. The MLP neural network was configured using the

TABLE III
MODULE KD210GX-LP PARAMETERS

Description Value
Maximum Power Pmax = 210W

Maximum Power Voltage Vmpp = 26.6V
Maximum Power Current Impp = 7.9A

Open circuit voltage Voc = 33.2V
Short circuit current Isc = 8.58A

Cells number N = 54
Ideality factor a = 1.3

Voc temperature coefficient β = -1,2×10−1V/°C
Isc temperature coefficient α = 5,15×10−3A/°C

TABLE IV
ANN TRAINING CRITERIA

Description Value
Learning rate 0.01
Momentum 0.9

Stopping criteria 1×10−6

Epoch limits 3000

Table IV criteria. Also, it was used 70 % of the samples for
training, 20 % for testing and 10 % for validation.

Moreover, using the Matlab software was created the ANN
with the following characteristics: hyperbolic tangent activa-
tion function and levenberg-marquardt training algorithm. The
number of hidden layers and the number of neurons was
defined empirically. However, a several tests were made using
the criteria of mean square error (MSE) and the test and
training hit ratio. The best results are shown on Table V.

TABLE V
MSE AND TEST AND TRAINING HIT RATIO FOR DIFFERENT TOPOLOGIES

First layer MSE % Training hit ratio % Test hit ratio %
5 5.1×10−2 99.73 98.67
6 2.7×10−2 99.82 98.6
7 2.3×10−2 99.86 98.99
8 1.9×10−2 99.87 98.74
9 2.22×10−2 99.89 98.79

10 4.44×10−2 99.76 98.93

Based on the Table V results, it was chosen the ANN with
eight neurons in the hidden layer, the MLP topology is shown
on Fig. 12.

Fig. 12. Multilayer perceptron network.

The ANN error performance is seen on Fig. 13, and the
error of 0.003845 was reached on epoch 16.

Beyond, on the test step was used 150 samples to generate
the confusion matrix, on Fig. 14. This matrix shows the
amount of samples that were correctly classified, and also,
informs the network accuracy, in this case was 99.3 %.



Fig. 13. ANN error performance during the training.
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Fig. 14. Confusion matrix.

B. Treatment data algorithm

To verify the generalization capacity of the ANN and the
functioning of the proposed system it was used a different
module to compose the array, and generated another randomly
operation conditions. The module used was the Kyocera
KC40T and its parameters are represented on Table VI. In
the algorithm are tested the conditions specify on the NBR
16274.

TABLE VI
MODULE KC40T PARAMETERS

Description Value
Maximum Power Pmax = 43W

Maximum Power Voltage Vmpp = 17.4V
Maximum Power Current Impp = 2.48A

Open circuit voltage Voc = 21.7V
Short circuit current Isc = 2.65A

Cells number N = 36
Ideality factor a = 1.3

Voc temperature coefficient β = -8.21×10−2V/°C
Isc temperature coefficient α = 1.06×10−3A/°C

The standard I-V curve for normal operational conditions,
according with Fig. 15, the array is composed with eight
modules in series and seven in parallel, and irradiance of 846
W/m². The algorithm detects that active neuron and prints the
message: “The array is in normal operational conditions”.

On the Fig. 16, to compose the array was used seven
modules in series and seven in parallel, and irradiance of 853
W/m², also it can be seen the consequences of the defect. The
algorithm detects that the last neuron is active, and prints the

Fig. 15. Results for normal operational conditions.
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following message: “Damage or wiring failure, PV modules
connections failure and it is recommended to check the quality
of the system wires”.

Fig. 16. Results for Rs increase.
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On Fig. 17 the array has 8 modules in series and 8 in
parallel, and irradiance of 512 W/m², it is presented the open
circuit voltage decrease. The algorithm prints the message:
“Number of series modules incorrect, hard shading and bypass
diode operating incorrectly”.

Fig. 17. Results for Voc decrease.
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The array on Fig. 18 is composed with nine modules in
series and eight in parallel, and irradiance of 420 W/m². The
report present for the defect “Isc decrease” is: “The array is
dirty or obstructed, the modules are degraded, modules data
incorrect or calibration problems in the current meter”.

Fig. 18. Results for Isc decrease.
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The defect presented on Fig. 19 generates several maximum
power points decreasing the power, the system is composed
with three modules in series. The possible causes are: partially
shading, damage cells and short circuited bypass diode.

The defect shunt resistance decrease is represented in Fig.
20, the PV array is composed with seven series modules and
nine in parallel and an irradiance of 422 W/m². The possible
cause are: PV cells or interconnections defects, modules short
circuit current divergence.



Fig. 19. Results for inflection points.
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Fig. 20. Results for Rsh decrease.
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The Table VII compare the proposed system with others
methods for defects classification in the literature.

TABLE VII
COMPARISON BETWEEN LITERATURE METHODS.

Parameter Proposed system [23] [24]

System input
I-V curve,
irradiance and
array data

Thermal images Aerea images

Defects

Rsh decrease,
inflection point,
Isc decrease,
Voc decrease,
and Rs increase

Broken edge,
dusty, cracks,
hotspots and de-
fects in big areas

dust shading,
delamination,
grid corrosion,
snail trails, and
degradation

Algorithm Multilayer
perceptron

Convolutional
neural network

Convolutional
neural network

Accuracy 99.3% 97.2% 98.5%

V. CONCLUSION

The paper presented a system that using a multilayer
perceptron ANN able to detect and classify according with
the standard NBR 16274. The inputs’ system are PV modules
parameters available on datasheet, the I-V curve, irradiance.

The results showed that the system was classified correctly
the faults: normal operational conditions, Rsh increase, in-
flection points, Isc decrease, Voc decrease and Rs increase,
presenting an accuracy of 99.3 %.

The main advantages of the system is not to be necessary
technical knowledge of the I-V curve to identify and classify
faults. Furthermore, the ANN used to classify has a simple ar-
chitecture, demanding a lower processing power. The system’s
disadvantage is a necessity to mathematical modeling of the
PV module for the ANN training.

The PV array fault has consequences, such as, generated
power reduction, irreversible cells damage and cells burning,
the proposed system assists in the PV array maintenance,
besides to have a bigger agility to correct the faults.
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