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Abstract—Fault detection and repair of the components of pho-
tovoltaic (PV) systems are essential to avoid economic losses and
facility accidents, thereby ensuring reliable and safe systems. This
article presents a method to detect faults in a PV system based on
power ratio (PR), voltage ratio (VR), and current ratio (IR). The
lower control limit (LCL) and upper control limit (UCL) of each
ratio were defined using the data of a test site system under normal
operating conditions. If PR exceeded the set range, the algorithm
considered a fault. Subsequently, PR and IR were examined via the
algorithm to diagnose faults in the system as series, parallel, or total
faults. The results showed that PR exceeded the designated range
between LCL (0.93) and UCL (1.02) by dropping to 0.91–0.68,
0.88–0.62, and 0.66–0.33 for series, total, and parallel faults, re-
spectively. Moreover, VR exceeded the LCL (0.99) and UCL (1.01)
by 0.95–0.69 and 0.91–0.62 for series and total faults, respectively,
but not under parallel faults condition. IR did not change in series
and total faults but exceeded the range of LCL (0.93) and UCL
(1.05) by dropping to 0.66–0.33. Thus, faults in PV systems can be
detected and diagnosed by analyzing quantitative output values.

Index Terms—Correlation coefficient, current ratio, electrical
variables, fault detection algorithm, multivariate analysis, power
ratio, regression analysis, voltage ratio, weather variables.

I. INTRODUCTION

THE significant developments in photovoltaic (PV) systems
in China during the past three years have contributed to

a global increase in the number of PV systems. In 2017, the
top ten countries had an installed PV capacity of 344.5 GW
[1]. However, owing to this increasing use of PV systems, the
importance of system reliability and safety is also expanding [2].
Moreover, additional time and costs are incurred when failures or
faults in the system are failed to be detected in time. Therefore,
to maintain a high-quality system for extended periods, it is
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essential to calculate and analyze quantitative values to promptly
identify the locations and times of faults and failures [3].

Furthermore, PV generation is influenced by various environ-
mental factors, i.e., irradiance, ambient temperature (Ta), rela-
tive humidity (RH), and wind speed (WS) [4]. The relationship
between these factors and the output of the PV system can be
expressed using a correlation coefficient. When the correlation
coefficient is close to the absolute value of 1, it indicates a
strong relationship between the variables, whereas a coefficient
value close to 0 indicates a weak relationship between the two
variables.

The maximum power output of the PV system can be achieved
when incident irradiance enters the surface at a right angle
[5]. Changes in surrounding environmental conditions, such as
shading, are also among the main causes of power drops in PV
systems [6]. When a PV system uses a bifacial PV module, the
shading conditions of the rear side also need to be considered to
avoid undesired power drops [7], [8]. When the global horizontal
irradiance (GHI) and the plane of array (POA) irradiance were
compared, POA showed a stronger correlation with the output
power of the PV module than GHI, as shown in our previous
work [9].

A PV system is greatly influenced by changes in the temper-
ature. As the temperature of the PV module rises, the output
power decreases. Generally, when the temperature of a crys-
talline silicon PV module increases by 1, the output power of
the module decreases by 0.35%–0.4% [10]–[12]. In a floating
PV system, the operating temperature of the PV module is lower
than that of a land-based system; therefore, a floating PV system
can generate 10% more energy [13]. The correlation coefficient
between the output power of the PV module and temperature
is 0.71 for the module temperature and 0.13 for the ambient
temperature. According to theoretical analyses, the coefficient
between the temperature and output power should be negative;
however, according to a correlation analysis, the temperature
rises as irradiance rises, resulting in positive correlation coeffi-
cients, also shown in our previous work [9].

Similarly, the RH affects PV systems in a similar fashion as
dust accumulation affects the output power of the PV system.
Moreover, water vapor particles in the air reduce the amount
of irradiance, and light rays hitting these water droplets are
scattered via refraction, reflection, or diffraction [14]. The cor-
relation coefficient between the output power and RH is −0.46,
which indicates that when irradiance at the installation site
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increases, the RH also decreases, resulting in increased output
power of the system [15].

Finally, the correlation coefficient between the WS and the
output power of the PV system is 0.19, which indicates a weak
relationship. Nevertheless, it is still a positive value because
wind cools the surface of the PV module, leading to an increase
in the output power of the PV system [16].

In this study, a half-cut 36-cell PV module that produces
one-sixth of the value of a 72-cell crystalline silicon PV module
was used to design a PV system. The data of irradiance, module
temperature, ambient temperature, RH, and WS from a test site
were collected to model and estimate the output power, voltage,
and current in the system. Calculations were performed to detect
and diagnose faults in the PV system using the proposed algo-
rithm based on output data under normal operating conditions.
This algorithm can be particularly essential for ground, floating,
and/or marine-based PV systems, where installation conditions
are sensitive to sudden climatic changes.

II. FAULT DETECTION AND DIAGNOSIS OF PV SYSTEM

A. Performance Ratio (PR)

The PR is a general evaluation method for a PV generation
system and calculates the ratio between the theoretical output
and actual output as [17]

PR = Yp/Yr. (1)

The numerator and denominator of the right-hand-side term
of (1) each represent the power rate of the PV system and the
theoretical yield when incident irradiation hits the PV system,
respectively. These are presented as follows:

Yp = EP,d/PA,s (2)

Yr = HA,d/GSTC. (3)

In (1), Yp represents the yield of the PV system, which is
the rate of generated power with units in [kWh · d−1 · (kW)−1]
or [h·d−1]. Ep,d is the total cumulative energy generated by
the PV generation system, and its unit is [kWh/d]. PA,s is the
rated output of the PV system, and its unit is kilowatt [kW].
All variables capable of affecting the output of the PV system,
such as the power loss, from the increasing resistance owing
to multiple connections of modules in PV arrays or changes in
output owing to changes in operating temperature are considered
in the output value that is processed through the inverter, which
is the final stage, and are included in Yp.

The reference yield is expressed as Yr, and its unit is [kWh ·
d−1 · (kW)−1] or [h·d−1]. HA,d is the total cumulative solar
irradiation for a day, and its unit is [kWh/m2]. GSTC is a
day’s worth of solar irradiation according to standard testing
conditions (STC), and its unit is [d × 1 kW/m2]. Thus, Yr is the
ratio of the actual cumulative solar irradiance to the STC solar
irradiance. Since a PV system is installed outdoors, it is affected
by various factors, and the temperature is one of the factors with
the greatest impact. When the temperature rises by 1 °C, the
power decreases by a certain percentage, which is known as the
temperature coefficient. If the power ratio is calculated without
considering the temperature coefficient, errors may arise [18].

Fig. 1. I–V curves under different PV module fault conditions.

B. I–V Curve

The I–V curve of a PV module is represented by a graph
of current and voltage. When the voltage of the PV module
is 0, a short-circuit current (Isc) is generated, owing to the
generation and collection of photogenerated carriers. In an ideal
case where the power loss from the resistance is same as the
ideal calculation, Isc and the light-induced current are identical.
Isc is the maximum current available from the PV module,
and the open-circuit voltage (Voc) is the maximum voltage
available from the PV module. The fill factor (FF) is an element
that determines the maximum power. The I–V curve of a PV
system can be categorized into six types according to each
fault condition. The I–V curve of PV module under the normal
condition is calculated and visualized via a one-diode equation.
The detection and diagnosis of faults in the PV module could
be done by detecting different changes in I–V curve according
to different types of faults. One method of using I–V curve to
detect fault was studied in [19] by applying neurofuzzy fault
detection method. Another method of using I–V curve to detect
faults in the PV module was studied by Tingting and Xiaohong
[20] where they used MATLAB and Simulink to make a hybrid
model with variables, such as the number of PV modules, Voc,
and Isc at maximum power point condition.

1) Mismatch: PV modules in a PV array are connected in
either series or parallel. When a string, which refers to several
PV modules connected in series, is connected to other strings
in series and parallel, multiple dysfunctions can take place. One
possible dysfunction is that the current produced from one of
the strings could be lower than that of the other strings. This
situation can occur when PV modules connected in strings are
not capable of generating electricity in the normal way because
the PV module has been somehow polluted or damaged. When
such mismatching has occurred, the I–V curve of the system has
the shape of curve 1© in Fig. 1.

2) Uniform Soiling: The mismatching of modules in strings
or arrays usually occurs because of differences in generated
electricity. Curve 2© of Fig. 1 is a case where the front surface
of a PV system has been generally contaminated or plenty of time
has passed since installation, resulting in decreasing generation.

3) Bypass Diode: When the surface of the PV module is
soiled or shaded, PV cells in that particular region are unable
to generate the same amount of electricity as normal cells. In
such a fault condition, the voltage generated from other normal
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Fig. 2. General category of machine learning method [24].

cells would be cast to the defected cells, resulting in hotspots or
other malfunctions. A bypass diode is installed in the PV module
to minimize the damage caused in such a situation. When the
bypass diode is functioning, currents generated from normal
cells flow through the bypass diode instead of the defective cells.
When the bypass diode is in operation, the open-circuit voltage
decreases, resulting in an I–V curve in the form of curves 1© and
3© in Fig. 1.

4) Unknown Knee: Curve 4© of Fig. 1 is an I–V curve of
an unknown knee, which is the case where degradation occurs
with no clear reason. Such a case requires significant time and
general inspections throughout the entire PV system.

5) Series Resistance: There are various sources of series re-
sistance in PV cells and modules. The contact resistance between
the metal contact and silicon of a PV cell or mismatch between
the PV modules can increase the series resistance. A major
influence on the series resistance of a PV system is the reduction
of the FF. However, if the series resistance is high enough, it
could also result in a reduction of the short-circuit current. The
series resistance does not affect the PV cell at the open-circuit
voltage because the overall current flows through the PV cell,
resulting in the series resistance of 0. By contrast, around the
open-circuit voltage, the series resistance greatly affects the I–V
curve. The I–V curve of a PV module as the series resistance
increases could be drawn in a similar form as curve 5© in Fig. 1.
The series resistance can be approximated as the slope of the
I–V curve at the open-circuit voltage point.

6) Shunt Resistance: A decline in power generation caused
by a reduction in the shunt resistance generally occurs during
manufacturing. If the shunt resistance is too low, the light-
induced current could flow through undesignated paths, result-
ing in a power reduction. When such an unwanted bypass is
formed, the current generated from the PV module and open-
circuit voltage decreases. A fault caused by the shunt resistance
is even more drastic at low-irradiation conditions because the
light-induced current is lesser in this situation. The I–V curve of
the PV module as the shunt resistance decreases could be drawn
in a similar form as curve 6© in Fig. 1. The parallel resistance can

be approximated as the slope of the I–V curve at the short-circuit
current point.

7) Design Factor: The design factor is an analysis method
that uses the operation time from the time of incident irradiation
at the surface of the PV system to the time of the ac output
generation of the inverter.

This method is similar to the PR method except that the
design factor is capable of detecting faults in each part of the
PV system through the yield. This is represented by quantified
values derived from analyzing each section of the PV system.
The reference yield of solar irradiation (Yr), maximum PV
array yield (Yam), temperature-corrected PV array yield (Yat),
optimized PV array yield (Yao), PV array yield (Ya), and PV
system yield (Yf) are defined as follows:

YrGa,meas./Ga,ref (4)

Yamam · Yr (5)

YaoYam − la/Pas (6)

YatYa/ [1 + at × (Tm − 25)] (7)

YaPa,meas./Pas (8)

YfPf,meas./Pas (9)

where Ga,meas irradiation at a degree of POA ;
Ga,ref 1 [kW/m2];
am maximum efficiency coefficient of PV array;
la dc cable loss of PV array;
Pas total capacity of PV array;
at temperature coefficient of PV array;
Tm module temperature;
Pa,meas output power of PV array [kW];
Pf,meas output power of power conditioning system.

The general loss rate of a PV array is calculated using the
equations presented above. The loss rate caused by a transition of
irradiation, contamination of the surface, aging of PV modules,
and other factors is calculated by comparing Yao with Yat [21],
[22].

C. Exponentially Weighted Moving Average (EWMA)

EWMA is an effective method to detect small changes in
the process mean with no concern for the size of the measured
value. The moving average refers to a method of attaining more
weight to new data, whereas the past data are given less weight
exponentially, and the total sum of the weight is 1. The EWMA
is defined as

SirZi + (1 − r)Si−1 =

i−1∑
j=1

r(1 − r)jZi−j

+ (1 − r)iS0, i = 1, 2, . . . . (10)

In (10), S0 is the initial value, which is set to be the mean of
controlled data μZ0, and r is the weight with a range between
0 and 1. The present and past statistical values were used to
express (10), where r is exponentially weighted. When θ = θ0,
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the mean of Si is derived as follows:

Eθ0

i−1∑
j = 1

r(1 − r)jμZ0 + (1 − r)iμZ0 = μZ0 (11)

Varθ0 (Si) =

i−1∑
j = 1

r2(1 − r)2j Var (Zi−j)

= σ2
Z0

(
r

2 − r

)[
1 − (1 − r)2i

]
. (12)

[1 − (1 − r)2i] in (12) sharply converges to 1 as i increases. The
variance of Si is derived as

lim
i→∞

Varθ0 (Si) = σ2
Z0

(
r

2 − r

)
. (13)

As a result, the upper control limit (UCL) and lower control
limit (LCL) are defined as follows:(

UCL
LCL

)
=

(
μZ0 + kσZ0

(
r

2−r

)
μZ0 − kσZ0

(
r

2−r

) )
. (14)

By determining the upper and lower limits of the control
range, abnormalities can easily be detected. However, since the
control range greatly depends on the weight, determining the
proper weight is crucial [23].

D. Machine Learning Methods

The machine learning method can be classified mainly into
two categories: supervised learning and unsupervised learning.
Supervised learning trains model with a dataset where input
and output are already known so that the future output could be
predicted, whereas the unsupervised learning method focuses on
finding a hidden pattern or intrinsic structure from input data.

The supervised learning method could further be divided into
two groups: classification and regression. Classification predicts
a discrete response, whereas regression predicts a continuous
response. Chen et al. [25] applied a random forest ensemble
learning algorithm to detect and diagnose PV array faults.

Clustering, which in the most common method of unsuper-
vised learning technique, is used to find hidden patterns in a
dataset by exploratory data analysis. Chen et al. [26] merged
one-diode model and MATLAB Simulink to analyze and detect
faults in PV array. Park and Ahn [27] proposed a method to
detect and diagnose faults in the PV system with an RNN-based
deep-learning algorithm.

As shown in Fig. 3, various causes of faults in the PV system
ultimately cause the output power of the PV system to decrease.
The term “fault” in this study refers to a condition where PV
generation does not meet the user’s (owner or administrator,
etc., of PV system) expectation or does not generate electricity
at all. In this study, change in current, voltage, and power of
the PV system under a fault condition is studied to detect and
categorize the faults [28].

Generally, when designing the output model of PV, the one-
diode model is the most used method. Since this method is the
most general one that corresponds to most cases at a certain
degree, this method cannot be the most optimized model for

Fig. 3. Flow of power decrease in the PV system from various faults.

each PV system’s installation conditions. The method proposed
in this study merges the output data with environmental data
of the targeted PV system. The user or operator of the system
would be able to derive the best fit model for a particular system
to analyze and detect possible faults. A simple but effective fault
detection algorithm using the proposed ratio of current, voltage,
and power is presented in Sections III–VI.

III. MATHEMATICAL MODELS OF PV SYSTEM

A. Correlation Analysis Between the PV System and
Environmental Variables

Correlation analysis is a method of elucidating the interrela-
tionship between two variables. Generally, correlation analysis
can be divided into two main groups: Spearman and Pearson.
In a Spearman analysis, the order of strength in the interrela-
tionship between the two variables is analyzed [29]. However,
in a Pearson analysis, the correlation between the variables is
analyzed based on the linear relationship between the two vari-
ables and expressed as a number between −1 and +1. When the
two variables are in a proportional relationship, the coefficients
are positive, where a number closer to 1 indicates a stronger
relationship. By contrast, when two variables are in an inverse
proportional relationship, the coefficients are negative [30].

In this study, a Pearson correlation analysis was chosen to
analyze the interrelationship between the output of the PV sys-
tem (voltage, current, and power at the maximum power point)
and the environmental variables (irradiance, module temperature
Tm, Ta, WS, and RH) [31].

The Pearson correlation coefficient r between two variables
xi and yi is derived as follows:

r =

∑n
i=1(xi − x̄i) (yi − ȳi)√∑n

i=1 (xi − x̄i)
2 ∑n

i=1 (yi − ȳi)
2

(15)

x̄i =
1
N

N∑
i =1

xi, ȳi =
1
N

N∑
i =1

yi (16)
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where x̄i and ȳi are the average values of xi and yi, respectively,
and n is the size of the samples of each variable. In Figs. 1,
3, and 5, the numbers in the upper half refer to the correlation
coefficients between the variables, and the red lines in the lower
half indicate the linearity between the variables [32]. The data
used for the Pearson correlation analysis were collected from
the test site, which is discussed in detail in Section IV.

B. PV Output Prediction Model

In this study, environmental variables to be used to design
PV prediction models were prioritized by evaluating the corre-
lation between the PV generation and environmental variables.
Prediction models for voltage, current, and power were derived
through a correlation analysis.

Coefficients in this study are estimated by the least-square
regression method, which is described in (17), along with the
multiregressive model

y1 = β0 + β1x11 + β2x21 + β3x31 + . . .+ e1

y2 = β0 + β1x12 + β2x22 + β3x32 + . . .+ e2

...

yn = β0 + β1x1n + β2x2n + β3x3n + . . .+ en. (17)

The relationship among the dependent variables (yi), inde-
pendent variables (xi), and the regression coefficient (βn) is
expressed by

yi = β0 + β1x1i + β2x2i + β3x3i + . . .+ ei (18)

where ei is the error term, and its mean value must be minimized
to enhance the accuracy of the correlation analysis. β that makes
the mean value of ei to be 0 is derived by the least-square
regression method and is described as follows:

L = min

[
n∑

i=1

ei
2

]
= min

[
n∑

i=1

(yi − ŷi)
2

]
(19)

=
(
y −Xβ̂

)′ (
y −Xβ̂

)
= Y ′ Y − Y ′Xβ̂ − β′X ′Y + β̂

′
X ′Xβ̂

∂L

∂β̂
= − 2X ′Y ′ + 2X ′X β̂ = 0 (20)

β̂ = (X ′X)
−1

X ′Y. (21)

L is defined as the total sum of squared ei in (19). Then, L is
partially differentiated by β in (20), and its value is set to 0. β
that fits the term is calculated in (21) [33].

The mean absolute percentage error (MAPE) and the root-
mean-square error (RMSE) were calculated for each model
to evaluate their accuracy. The calculation methods of MAPE
and RMSE are presented in (22) and (23). MAPE is generally
expressed as a percentage. A demerit of this method is a lack
of an upper limit for the error rate when the outcome of the
prediction is too great. The result of RMSE corresponds to the

Fig. 4. Pairwise scatter plots and correlation coefficients between Vmp and
environmental variables.

Fig. 5. Process flow of selecting variables for maximum voltage prediction
model through correlation analysis and scatter plot.

square of the error; therefore, it is greatly affected by outliers.

MAPE =
1
n

n∑
i = 1

∣∣∣(yi − ŷi)/yi

∣∣∣× 100% (22)

RMSE = 100%×
√√√√ 1

n

n∑
i = 1

(yi − ŷi)
2
/ 1
n

n∑
i = 1

yi. (23)

1) Maximum Power Point Voltage: Fig. 4 depicts a scatter
plot of the interrelationship between the maximum power point
voltage Vmp and other environmental variables. It is evident that
Vmp decreases as the temperature rises in the actual environment,
which is in agreement with the theoretical analysis. Moreover,
Vmp exhibits a tendency to decrease as the extent of solar
irradiance increases, which contradicts the theoretical analysis
of the PV cell. However, this outcome can be attributed to the
high correlation between the temperature and irradiance.

High irradiance leads to high temperatures, resulting in a
decrease in Vmp. There is a positive correlation between Vmp and
humidity. This is because when RH is high, it indicates a cloudy
day, which limits irradiation and causes low temperatures; hence,
Vmp increases. This analysis was done with the data collected
from a test site in South Korea. If the same analysis is carried out
with data from the PV system in different environmental con-
ditions, slightly different correlation coefficients are attained.
Fig. 5 depicts the process flow of selecting the variables used in
the Vmp prediction model.

The prediction models of Vmp were designed following the
process flow diagram, as shown in Fig. 4. The models and the
error rate of each model are listed in Table I. The models of the
current and power of the PV system are presented as variables
multiplied by POA since the current and power are proportional
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TABLE I
PREDICTION MODELS OF Vmp, Imp, AND Pmp

to POA. On the other hand, voltage is proportional to POA up to
a certain point where it saturates. Hence, the prediction models
of voltage take the form of a natural logarithm function [9].

Other environmental variables except for POA were deployed
in the model either as a product of POA or a natural logarithm
of POA when the correlation coefficient is below 0.5.

It could be seen that the error in the model utilizing only Ta

and POA data is greater than that in the model utilizing only
Tm and POA data. This is because a rise in module temperature
leads to a voltage drop in the PV module. In this study, the model
used to predict Vmp employs POA, Ta, and RH (the fourth model
in Table I). The error rate of the prediction model using Tm is
smaller than the model using Ta; however, from our previous
study [9] that was done with a larger data group proved that
the model using Ta, WS, RH, and POA shows smaller error
compared with the model using Tm, WS, RH, and POA. From
the model that does not utilize the RH and the model that exhibits
an identical error rate, the latter was chosen in this study because
previous studies reported that this model yields a smaller error
rate on cloudy days [9], [34].

2) Maximum Power Point Current: Fig. 6 depicts a scatter
plot of the interrelationship between the maximum power point
current (Imp) and other environmental variables. It could be seen
that Imp increases as the amount of solar irradiation increases,
and it shows a high correlation coefficient POA, which is the
irradiation at an incident angle perpendicular to the plane of
the module. Imp increases according to the temperature. This

Fig. 6. Pairwise scatter plots and correlation coefficients between Imp and
environmental variables.

Fig. 7. Process flow of selecting variables for Imp prediction model through
correlation analysis and scatter plot.

Fig. 8. Pairwise scatter plots and correlation coefficients between Pmp and
environmental variables [33].

outcome can be attributed to the high correlation between the
temperature and irradiance.

Imp indicates a negative correlation with humidity, and it could
be seen that Imp decreases owing to a decrease in the amount of
solar irradiation, which is caused by increasing humidity. Fig. 7
presents the flow of selecting the variables to be used for the Imp

prediction model. Using this flow diagram, Imp is expressed as
a mathematical model in terms of the correlation coefficient, as
listed in Table I. When predicting Imp, it was evident that the
model utilizing Ta, WS, and RH yields fewer errors as compared
with the model that utilizes module temperature data. Therefore,
the fourth Imp prediction equation in Table I was used to predict
Imp in this study.

3) Maximum Power Point Power: Fig. 8 depicts a scatter
plot of the interrelationship between the maximum power point
power (Pmp) and other variables. It is evident that Pmp increases
as the amount of solar irradiation increases. Similar to Imp, Pmp

exhibits a high correlation to POA. Pmp appears to increase as the
temperature increases; however, this is a result of the positive
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Fig. 9. Process flow of selecting variables for maximum power prediction
model through correlation analysis and scatter plot.

correlation between the POA and the temperature. There is a
positive correlation between Pmp and the temperature, which
does not agree with the theoretical and practical analyses. How-
ever, this discordance is because there is a positive correlation
between the POA and the temperature and between Imp and Pmp.

Fig. 9 illustrates the flow of selecting the variables to be
used in the Pmp prediction model. Using this flow diagram, the
mathematical expression for the correlation coefficient for Pmp

is listed in Table I.
Two methods to predict Pmp were considered: multiplying the

prediction of Vmp and Imp obtained from the models, as listed in
Table I, and designing a new prediction model for Pmp using the
cases, as presented in Table I. With an error rate of 2.29 MAPE
(%) and 18.67 RMSE (%), the errors in the prediction obtained
by multiplying the predicted voltage and current were lower than
those of the cases, as listed in Table I. Therefore, in this study,
the former prediction method was used to predict Pmp.

C. Voltage, Current, and Power Ratios

1) Voltage Ratio: To validate the fault detection and diag-
nosis algorithm, changes in voltage, current, and power ratio
according to different configurations were analyzed.

To evaluate the operating conditions of the PV system, the
measured value of Vmp was compared with the predicted value
that was derived from the prediction model, as listed in Table I.
The following equation defines the voltage ratio (VR), where
the numerator is the actual measured value of Vmeas. of the PV
system, and the denominator is the predicted value of Ṽ mp:

VR = Vmeas./Ṽ mp (24)

Using (24), the VR for various cases of defective modules was
calculated and is illustrated in Fig. 10. A comparison was made
for four configurations: 6 (series) by 6 (parallel), 9 by 4, 12 by
3, and 18 by 2.

The faults were categorized as either faults that take place
at PV modules that are connected in series to form string in a
PV system or faults that take place at connecting part between
the strings which form PV array, and they are further referred
to as series faults and parallel faults, respectively. When the
series fault occurs, the faulty module in the string gets short
circuited and the bypass diode is then activated, resulting drop
in the voltage of the array. In a series fault, the number of faulty
modules in the entire system increased one at a time. When
the parallel fault occurs, the faulty string gets open circuited,
resulting decrease in the current of the array. In a parallel fault,
the number of faulty modules increased in the unit of a string.
For instance, in the case of a 6-by-6 configuration, the number
of faulty modules increased by 6.

Fig. 10. Calculation results of VR with different numbers of faulty PV modules
in series and parallel connections.

Fig. 11. Calculation results of IR with different numbers of faulty PV modules.

The calculation results show that VR dropped more sharply
in a series fault than in a parallel fault. In series–parallel con-
nections of PV modules, a series fault causes the total voltage
of the entire system to drop considerably.

2) Current Ratio (IR): The equation representing the current
ratio is expressed in (25), and the prediction of IR obtained by
the equation is illustrated in Fig. 11

IR = Imeas./Ĩmp. (25)

The series and parallel structures of the PV system have the
same characteristics of a regular parallel circuit: the voltage
is a constant value and the current increases proportionally to
the number of parallel connections. In a series connection of
PV modules, the current is insensitive to the number of faulty
modules in a string when the bypass diode is activated. However,
when the entire string becomes faulty, the current of the PV array
decreases, which is the definition of parallel fault. This is shown
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Fig. 12. Calculation results of PR with numbers of faulty PV modules in series
and parallel.

in Fig. 11, as the current of each configuration decreases in a
step-like manner.

3) Power Ratio (PR): The power ratio measured at maximum
power point is calculated by dividing the measured value of
Pmp by the multiplied value of the voltage and current, which
were predicted using the model, as presented in Table I. PR is
calculated using

PR = Pmeas./
(
Ṽ mp× Ĩmp

)
. (26)

Fig. 12 illustrates the change in the calculated PR as the
number of faulty modules changes in the PV system, which
consists of the same number of PV modules but in a different
configuration of series and parallel connections. In a parallel
fault, all three configurations showed a similar reduction rate of
PR. Notably, the reduction rates of PR and VR under the parallel
fault condition were the same. In a series fault, the reduction
rate of PR differed according to the number of PV modules
connected in series.

IV. PV FAULT DETECTION/DIAGNOSIS ALGORITHM

A fault detection and diagnosis algorithm for PV systems
was designed, as shown in Fig. 13. In the first stage of the algo-
rithm, the measured values of the output data and environmental
variables are fed to the PV system. Subsequently, PR, VR, and
IR are calculated using the equations presented in Section II.
These values of PR, VR, and IR are the standard values used to
determine if faults have occurred in the PV system. Thereafter,
the UCL and LCL can be defined using the initial data from the
PV system under the normal operation condition.

In the fault detection stage, the PR of the input data is
evaluated. When the value exceeds the range between the LCL
and UCL, it is identified as a fault, and it proceeds to the fault
diagnosis stage. Otherwise, the input data are identified as a
normal operation condition, and it proceeds to the normal-mode
loop and is fed back to regression analysis for a better prediction
of the PV output.

The next stage is the fault diagnosis stage. If the VR of the input
data lies within the range between VLCL and VUCL, it is identified

Fig. 13. Fault detection/diagnosis algorithm for the PV system.

Fig. 14. Outdoor testing site.

as a parallel fault; otherwise, it proceeds to the next stage. The
IR of the input data is examined to check whether it lies within
the range of ILCL and IUCL. If IR is within this designated range,
then it is identified as a series fault. Otherwise, the input data are
identified as a total fault, which refers to a case where complex
series and parallel faults have occurred simultaneously.

In this study, faults in PV system are defined as a condition
where PV generation does not meet the user’s expectation or
does not generate electricity at all. Therefore, UCL and LCL
would be chosen by the administrator, such as the owner or user
of the PV system, as their expectations.

V. TESTING SITE

An outdoor testing site was designed to verify the fault
detection/diagnosis algorithm, as presented in Section III, and
is shown in Fig. 14. The PV system was composed of 36 PV
modules with the characteristics of 50 W (18 V and 2.77 A).
A total of 12 modules are connected in series forming a string
and three strings are connected in parallel to form an array. The
specifications of the PV modules used in the test are listed in
Table II. The geographical coordinates of the test site location
were 36° 54′ 08.3′′ N and 127° 32′ 26.4′′ E. It was installed
facing south, and the installation orientation was 30°. The data
were collected for a week to determine the coefficients for the PV
output prediction model. To enhance the accuracy of the model,
data with less than 100 W/m2 of irradiation were excluded from
the analysis.
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TABLE II
SPECIFICATIONS FOR PV MODULE

Fig. 15. Types of fault under test conditions (1: Series fault, 2: total fault, and
3: parallel fault).

The UCL and LCL of PR, VR, and IR were defined using
the initial output data of the PV system, which were considered
during the normal operation. Therefore, UCL and LCL would
be defined as different values for different testing sites.

Three types of fault conditions in the PV system were de-
signed: series, parallel, and total. These are shown in Fig. 15. The
series and parallel faults were defined in Section III-C. The total
fault is a case where both voltage and current of PV array have
dropped due to complex reasons, such as open-/short-circuited
problem and shading. In this study, the total fault condition has
been emulated by decreasing the current and voltage of the array.
Current is decreased by covering the surface of the PV module
with mesh, and voltage is decreased by increasing the number
of short-circuited PV modules. The series fault was emulated
by short circuiting a faulty module and then activating a bypass
diode. The parallel fault was emulated by increasing the number
of the open-circuited sting.

VI. TEST RESULT AND VALIDATION OF FAULT

DETECTION/DIAGNOSIS ALGORITHM

The LCL and UCL of Pmp, Vmp, and Imp were defined as
0.93–1.02, 0.99–1.01, and 0.93–1.05, respectively. This was
derived from the output data of the testing site under normal

Fig. 16. Variation of PR according to fault conditions (1: Series fault, 2: total
fault, and 3: parallel fault).

Fig. 17. Variation of VR according to fault conditions (1: Series fault and 2:
total fault).

operation. The validation process for the fault detection algo-
rithm was created by artificially applying a short-circuited and
open-circuited connection between the PV modules.

The change in PR value for each fault situation is shown in
Fig. 16. In the case of a series fault, PR decreased in phase to
0.91, 0.85, 0.76, and 0.68 as the number of faulty modules in-
creased. This result is outside the control range of LCL and UCL,
which is defined as 0.93–1.02. In the case of a total fault, PR

shows a similar tendency as a series fault by decreasing to 0.88,
0.80, 0.71, and 0.62 as the number of faulty modules increased.
Finally, for the case of a parallel fault, the PR decreased sharply
to 0.66 and 0.33 as connections between the array were short
circuited. The result showed that, in general, PR decreases in
phase for all three fault types.

Fig. 17 shows changes in VR of the PV system under each
fault condition. In the case of a series fault, VR dropped to 0.95,
0.87, 0.79, and 0.69 on average, which is below the control range
of LCL and UCL, defined as 0.99–1.01. In the case of a total
fault, the decrease in VR is similar to that of a series fault with the
values of 0.91, 0.82, 0.73, and 0.62. Finally, for a parallel fault,
PR showed no change as the connection between the strings was
open circuited. The voltage of the PV array was not affected by
a change in the number of parallel connections. In conclusion,
VR changes in phase under series and total fault conditions but
not under a parallel fault condition. Therefore, VR can be used
as a criterion to diagnose parallel faults and the other two fault
types: If VR is within a designated range, and yet still there is a
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Fig. 18. Variation of IR according to the fault condition (2: total fault and 3:
parallel fault).

drop in PR, it means that there is a parallel fault in the system;
otherwise, there is either series or total fault.

Fig. 18 shows the change in IR under each fault condition. In
a series connection, the series fault does not affect the current of
the PV array; therefore, there are no changes in IR under series
fault conditions.

The parallel fault and total fault conditions, however, cause a
change in the current flowing through the circuit, which results
in an abnormality of IR. Under a parallel fault condition, for each
open-circuited connection between three strings, IR dropped to
0.66 and then to 0.33, indicating that IR decreases proportionally
to the number of short-circuited strings. Under a total fault
condition, IR dropped in phase to 0.92, 0.91, 0.89, and 0.87.
From the test results, it is seen that each type of fault condition
shows diversity in changes of PR, VR, and IR; therefore, faults
in the PV system can be diagnosed using the proposed method.

VII. CONCLUSION

This study presented a method to predict the output of a PV
system using environmental variables and subsequently detect
and diagnose faults in the system. The normal running condition
of a PV system was defined from a regression model by utilizing
adapted environmental variables.

There are various causes of faults in PV systems; these causes
can be categorized as series, parallel, and total faults that even-
tually lead to a decrease in the electrical output of the system.

An output model was generated using the data of environ-
mental variables collected from a test site. The accuracy of the
Vmp prediction model was 0.81 MAPE (%) and 2.26 RMSE
(%). The accuracy of the Imp prediction model was 2.17 MAPE
(%) and 0.083 RMSE (%). A prediction model of Pmp was
designed by multiplying the predicted value of Vmp and Imp

with the smallest error rate, thus achieving the accuracies of
2.29 MAPE (%) and 18.67 RMSE (%). The modeled output
data of the PV system were compared with the actual output
data of a PV system collected from the same test site. PR was
used as the criterion to detect faults in the PV systems. When a
fault is caused in a parallel connection, the current in the circuit is
affected; however, if the fault is caused in a series connection, the
voltage in the circuit is affected. Based on these characteristics
of the PV system, faults were diagnosed using VR and IR.

Using this research, it is possible to realize a secure power
generation through the integrated management of PV systems.
The proposed system can enable the owners of PV systems
and companies in operations and maintenance to monitor the
operating conditions of a system through quantitative data.
Furthermore, faults in the PV system can be detected and di-
agnosed through basic output data of the PV system without
requiring the installation of additional monitoring systems. The
innovation of this work is that the proposed method is capable of
detecting a fault and diagnosing the adapt maintenance method
of the PV system, especially in cases of floating and marine PV
system, which have a vast deviation in output power because of
their sensitiveness to changes in environmental conditions. This
algorithm can be particularly useful to monitor and maintain
ground, floating, and marine-based PVs, wherein the installation
conditions are sensitive to sudden climatic changes.

For future works, the presented method could be used for
the diagnosis of PV power plants using general PV modules.
In particular, this analysis method is planned to be applied to
develop and diagnose faults in a testbed of PV power plant
composed with a high-density power module, such as bifacial
or shingled PV module, which is capable of generating higher
power under low-temperature condition.
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