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Abstract: To guarantee maximum performance and reliability of solar plants, the probability of 

occurrence of improper operations should be very low. For that, a fault diagnosis expert system can 
be one of the solutions that can figure out the improper operations very precisely and suggest 
corrective actions. In this study, we will use a hybrid approach for fault detection, i.e., a knowledge-
based and data-driven approach, i.e., fuzzy logic and machine learning. A fuzzy model will sense the 
real-time data and classify it into good or faulty. The fuzzy simulation model, thus, developed, will 
be used to generate a large amount of training data required for machine learning methods. Further 
clustering techniques are applied to the available database to determine which improper operation 
(fault) has the highest probability of occurrence.  

 
Keywords: fuzzy logic; machine learning; clustering; classification. 

 

1. Introduction  
Fault diagnosis is becoming an area of prime focus as it 

can detect early stages of improper operations and prevent 
converting the fault into failure. Technological 
advancements, especially IoT and A.I., have provided a 
much-needed pace. Real-Time monitoring systems are 
being designed to collect real-time data from plants to 
inspect any plant's current state of health. Data collection 
is speedy, making it impossible for any human operator or 
expert to analyze and draw inferences. Plotting graphs to 
study the changes or variations in prime attributes or 
parameters can be one of the options to analyze the 
behavior of solar plants but still, human interpretation and 
continuous monitoring. The only solution can be 
designing a method based on human experience and 
expert knowledge that can use human intelligence and 
make automated and intelligent decisions. Thus, expert 
fault diagnosis has become a hot topic of research.   

Fault diagnosis systems started in the early 1970s, from 
quantitative/qualitative models to today's artificial 
approach (rule base or data-driven). Deyin et al.1) propose 
a Multi backpropagation expert system for fault diagnosis 
in transformers. Results show BPNN is better than BPEG. 
Shin et al.2) focused on the predictive maintenance of wind 
farms with the help of A.I. assistants. Wang et al.3) propose 
an enhanced fault detection technique based on the 
Bayesian network and expectation-maximization 
algorithm. The algorithm imputes missing data with high 
accuracy. Then these imputed data sets are processed to 

get parameters for the Bayesian network. Hocine et al.4) 
propose an Observing Degradation System that 
automatically detects any anomaly based on P-V and I-V 
characteristics. Abu-Rub et al.5) discussed the machine 
learning approach for solving various challenges posed by 
a power electronics-dominated grid. Nan et al.6) developed 
a knowledge-based fault diagnostic system for a micro 
steam plant with two essential elements: process trend 
recognition and a fuzzy logic system. A GDA application 
was constructed utilizing the G2 real-time expert system 
shell to implement both components. Heung et al.7) 
presented an online fuzzy expert system that diagnoses 
faults in substations and transmission networks. Monsef et 
al.8) demonstrated a component-oriented fuzzy fault 
diagnosis expert system for the power system. The expert 
system handles uncertain input data and processes it to 
give information about the faulted component. Honglu et 
al.9). Using the Spatio-Temporal Distribution 
Characteristics of Photovoltaic Array Output, a new fault 
diagnosis method is proposed. Under various fault 
scenarios, features of the temporal fluctuation and spatial 
distribution of P.V. array output are examined. Houssein 
et al.10) proposed software for fault diagnosis, the software 
diagnosis panel faults, and also various zones of failure. 
The fault diagnosis is based on comparing production 
estimated with production measured. Dhimish and 
Holmes11) proposed a t-test statistical technique-based 
fault detection algorithm for grid-connected photovoltaic 
plants. The algorithm could detect various GCPV faults, 
such as faulty maximum power point tracking. Ali et al.12) 
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developed a real-time monitoring and fault diagnosis 
technique. Fault diagnosis is made based on each fault's 
normal and fault threshold values. Chine et al.13) presented 
an artificial neural network approach for fault diagnosis of 
P.V. arrays using various parameters like solar irradiance, 
the P.V. array's current and voltage, and the P.V. module's 
temperature. Furthermore, this fault diagnosis is also 
implemented in Field Programmable Gate Array (FPGA) 
to prove its effectiveness. Silvestre et al.14) presented a 
method for grid-connected P.V. systems to automatically 
monitor and diagnose faults. In the case of free fault 
system operation, the fault detection threshold is 
established based on the discrepancy between the 
simulated and measured capture losses. Berawi et al.15) 
employed Decision Tree and Fuzzy Logic to rank 
earthquake victims based on their needs. Gupta et al.16)  
and Kou et al.28) proposed carbon management techniques 
for low-carbon supply chain management by integrating 
fuzzy DEMATEL and fuzzy TOPSIS techniques. Zohedi 
et al.17) and Mohd et al.29) proposed a fuzzy logic for 
modeling a remotely operated vehicle. According to the 
results, SIFLC is superior to Proportional, Integral, and 
Derivative (PID) controllers. Choirunisa et al.18) modeled 
an M.R. Damper utilizing an Adaptive Neuro-Fuzzy 
Inference System with Gaussian and generalized bell 
membership functions. Results indicate that the Gaussian 
function is more precise than the generalized bell 
membership function. Sagar and Das19) proposed a fuzzy 
expert system for determining the state of solar 
photovoltaic plants based on real-time data. Yang et al.20)  

proposed a novel technique for fault detection in 
components of wind turbines based on a reconstruction 
model using SVR. The results show proposed 
methodology performance is much better than SCADA. 
Bode et al.21) analyzed the working of the heat pump with 
fault laboratory data in real-time conditions. The results 
show that the trained algorithm performs better than real-
time data. Murphey et al.22) proposed a model-based 
diagnostic system for detecting multiple faults in electric 
drive inverters. The approach was very effective and 
detected nine types of faults with an accuracy of 98%. 
Zhao et al.23) proposed a graph-based semi-supervised 
learning method for fault detection in photovoltaic 
systems. The proposed models not only detects faults but 
also suggests fault type. Momeni et al.24) proposed a 
graph-based semi-supervised learning model with 
extended class labels to identify, classify and locate faults 
in solar photovoltaic arrays. The results show that the 
current method is better than the previous GBSSL 
algorithm. Heo and Lee25) used deep neural networks for 
fault classification and detection. The results obtained 
outperform other data-driven methods.  

Many methods are used for fault diagnosis and 
predictive maintenance, which include model-based, 
Knowledge-Based, and data-driven methods26). Liao and 
Felix30) proposed a hybrid framework to improve 
prediction accuracy. The hybrid framework consists of a 

Bayesian model along with two data-driven approaches. 
Shiekh et al.31) used a data-driven approach for monitoring 
batteries' state charge and health. A proposed machine 
learning algorithm extracts feature from the discharge 
curve to estimate SOH and SOC. Hui et al.32) used fuzzy 
and machine learning to improve the classical BN-S 
algorithm to analyze price fluctuations in the stock 
exchange. Results show that the refined BN-S model is 
better than the classical BN-S model in terms of long-term 
dependence. Fan et al.33) proposed a fuzzy-based Gaussian 
Error Relative Support vector machine to predict body fat. 
Experimental results show that FWRESVM outperforms 
other conventional machine-learning algorithms 

This study will focus on a knowledge-based and data-
driven approach for dynamic systems such as solar plants. 
These models can be easily used where explicit 
mathematical models or equations cannot be derived. 
Knowledge-based expert diagnosis analyzes real-time 
data and compares it with predefined rules derived from 
past human experience. The fuzzy logic will deal with 
uncertainty due to stochastic27) behavior of climatic 
conditions and machine learning algorithms will classify 
and cluster the incoming real-time data. In this study, we 
will consider only four types of fault- Grid Outage, 
Excessive Battery charging, Problem with Grid Export 
Settings, and Dusty Panels. All these faults can easily be 
interpreted by analyzing data. 
 
2. Experimental Section 

Smart Micro grid at DEI, Agra forms the basis of this 
study. Inverter data collected through this smart micro grid 
for last 10 years is used as reference. The real time data is 
fed to fuzzy expert system as input variables. For 
simulation, matlab is used. Further for classification and 
clustering, spyder software is used. 

 
3. Proposed System for Fault Diagnosis  

3.1 System Methodology 

 
Fig 1. System Methodology 

 
The suggested methodology is broken down into four 

steps. Real-time data collection comes first in the process. 
The second stage is to integrate a fuzzy model with live-
streaming data. The fuzzy model's output is stored as the 
third stage. The fourth stage is to train the model using 
machine learning techniques on saved data collected from 
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fuzzy diagnosis systems to improve the system's 
intelligence. 

 
3.2 Data Collection  

Data Acquisition Software is specially designed to 
collect data from an inverter connected to a solar panel, 
and it also provides a graphical user interface to monitor 
streaming data. Streaming data comes at 3 secs and is 
stored on a dedicated server through MySQL database. 
The setup has been done at Dayalbagh Educational 
Institute, Agra (India). The streaming data coming from 
Data Acquisition System is fed to the fuzzy model as input 
to the fuzzy system. 

 
3.3 Designing Fuzzy Model 

  
3.4 Input Parameters  

Data acquisition software was used to store historical 
data, which was analyzed to determine the data range for 
each input parameter. The stored data consists of thirty-six 
parameters, but only four, i.e., Src_Kw, solar_irrad, 
battvpc, and load_kW, are considered necessary for fault 
detection. The range for all input parameters is selected 
from the previous ten years' stored data. 

 
Table 1. Various SPV parameters, along with their range 

 
The proposed fuzzy fault diagnosis system consists of 

four linguistic inputs, i.e., Battery_ VPC (voltage per cell), 
"load," "irradiance," and "source." Membership functions 
are used to represent these fuzzy variables described by 
linguistic terms. The membership functions translate the 
fuzziness level between 0 and 1. Triangular-shaped 
membership function has been taken into consideration 
for this study. The range of input variables is taken from 
table 1. 
The four input variables are as follows:  

Battery VPC- The battery voltage per cell (VPC) 
indicates the battery's charging status. The range of 
Battery VPC is between 1.5V to 2.3V. The mathematical 
and graphical representation is shown in fig (4), where 
fl(x) =low, fm(x) =medium, and fh(x) =high. 

𝑓𝑓𝑙𝑙(𝑥𝑥) =

⎩
⎪
⎨

⎪
⎧

0, 𝑥𝑥 ≤ 1.529,𝑥𝑥 ≥ 1.916
(𝑥𝑥 − 1.528)

(1.744− 1.528) , 1.528 < 𝑥𝑥 ≤ 1.744

(1.916− 𝑥𝑥)
(1.916− 1.745) , 1.745 < 𝑥𝑥 < 1.916

 

𝑓𝑓𝑚𝑚(𝑥𝑥) =

⎩
⎪
⎨

⎪
⎧

0, 𝑥𝑥 ≤ 1.837,𝑥𝑥 ≥ 2.095
(𝑥𝑥 − 1.837)

(1.965− 1.837) , 1.837 < 𝑥𝑥 ≤ 1.965

(2.095− 𝑥𝑥)
(2.095− 1.965)

, 1.965 < 𝑥𝑥 < 2.095

 

 𝑓𝑓ℎ(𝑥𝑥) =

⎩
⎨

⎧
0, 𝑥𝑥 ≤ 2.047,𝑥𝑥 ≥ 2.393

(𝑥𝑥−2.047)
(2.21−2.047)

, 2.047 < 𝑥𝑥 ≤ 2.21
(2.393−𝑥𝑥)

(2.393−2.21)
, 2.21 < 𝑥𝑥 < 2.393

 

 

 
Fig 2. M.F.s for Batt_VPC 

 
Source_Kw defines the power import/export from the 

grid. Negative value. i.e., "-ve" power is supplied to the 
grid, and the positive value is "+ve" power is taken from 
the grid. The range of Source_kW is between -28.5 to 36.0 
kW. Mathematical and graphical representations are 
shown in fig (5) where fvn(x) =very negative, fn(x) 
=negative, fz(x) =zero and fp(x) =positive, and fvp(x) =very 
positive 

𝑓𝑓𝑣𝑣𝑣𝑣 =

⎩
⎪
⎨

⎪
⎧

0, 𝑥𝑥 ≤ −40.03,𝑥𝑥 ≥ −15.4
(𝑥𝑥 − −40.03)

(−27.63− −40.03) , 9.51 < 𝑥𝑥 ≤ −27.63

(−15.4 − 𝑥𝑥)
(−15.4− −27.63) ,−27.63 < 𝑥𝑥 < −15.4

 

𝑓𝑓𝑛𝑛(𝑥𝑥) =

⎩
⎪
⎨

⎪
⎧

0, 𝑥𝑥 ≤  −17.39,𝑥𝑥 ≥ −4.254
(𝑥𝑥 −  −17.39)

(−10.02 −  −17.39) ,−17.39 < 𝑥𝑥 ≤ −10.02

(−4.254 − 𝑥𝑥)
(−4.254− −10.02)

,−10.02 < 𝑥𝑥 < −4.254

 

𝑓𝑓𝑧𝑧(𝑥𝑥) =

⎩
⎪
⎨

⎪
⎧

0, 𝑥𝑥 ≤ −5.14,𝑥𝑥 ≥ 5.064
(𝑥𝑥 − −5.14)

(0.757− −5.14) , [−5.14 < 𝑥𝑥 ≤ 0.757

(5.064 − 𝑥𝑥)
(5.064− 0.757)

, 0.757 < 𝑥𝑥 < 5.064

 

𝑓𝑓𝑝𝑝(𝑥𝑥) =

⎩
⎪
⎨

⎪
⎧

0, 𝑥𝑥 ≤ 3.33,𝑥𝑥 ≥ 13.2
(𝑥𝑥 − 3.33)

(8.995− 3.33) , 3.33 < 𝑥𝑥 ≤ 8.995

(13.2− 𝑥𝑥)
(13.2 − 8.995) , 8.995 < 𝑥𝑥 < 13.2

 

PARAMETERS RANGE 

Battery VPC 1.5V-2.3V 

Irradiation 0-1332 W/m2 

Load_kW 1kW-32kW 

Source_kW -28.5kW to + 36kW 
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𝑓𝑓𝑣𝑣𝑣𝑣(𝑥𝑥) =

⎩
⎪
⎨

⎪
⎧

0, 𝑥𝑥 ≤ 11.97,𝑥𝑥 ≥ 34.57
(𝑥𝑥 − 11.97)

(22.17− 11.97)
, 11.97 < 𝑥𝑥 ≤ 22.17

(34.57 − 𝑥𝑥)
(34.57− 22.17)

, 8.995 < 𝑥𝑥 < 34.57

 

 
Fig 3. M.F.s for Input "Source_kW" 

Irradiance is described as how much sunshine hits the 
solar panel. The collected data ranges between 0 and 132 
W/m2, even though the irradiance range is between 0 and 
1300 W/m2 because it has been scaled down by one-tenth 
of its original value. The mathematical and graphical 
representation is shown in fig (3), where fl(x) 
=lowfm(x)=medium, and fh(x) =high. 

𝑓𝑓𝑙𝑙(𝑥𝑥) = �

0, 𝑥𝑥 ≤ 0,
(𝑥𝑥 − 0)

44.5 , 0 < 𝑥𝑥 ≤ 44.5

1,   𝑥𝑥 ≥ 44.5

 

𝑓𝑓𝑚𝑚(𝑥𝑥) =

⎩
⎨

⎧
0, 𝑥𝑥 ≤ 42.3,𝑥𝑥 ≥ 89.6

(𝑥𝑥−42.3)
(65.6−42.3)

, 42.3 < 𝑥𝑥 ≤ 65.6
(89.6−𝑥𝑥)

(89.6−65.6)
, 65.6 < 𝑥𝑥 < 89.6

        

𝑓𝑓ℎ(𝑥𝑥) = �

0, 𝑥𝑥 ≤ 87,
(𝑥𝑥 − 87)
132− 87 , 87 < 𝑥𝑥 ≤ 132

1,𝑥𝑥 ≥ 132

 

 

 
Fig 4. M.F.s for Input "Irradiance" 

 
Load_kW represents load of a building or unit. A high 

load necessitates a high power consumption. The 
Load_kW range was between 1kW and 30kW. The 
mathematical and graphical representation is shown in fig. 
(4) where fl(x)=low, fm(x)=medium, and fh(x)=high. 

𝑓𝑓𝑙𝑙(𝑥𝑥) = �

0, 𝑥𝑥 ≤ 0,
(𝑥𝑥 − 0)

9.9 , 0 < 𝑥𝑥 ≤ 9.9
1,𝑥𝑥 ≥ 9.9

 

𝑓𝑓𝑚𝑚(𝑥𝑥) =

⎩
⎪
⎨

⎪
⎧

0, 𝑥𝑥 ≤ 9.53,𝑥𝑥 ≥ 20.5
(𝑥𝑥 − 9.53)

(14.9 − 9.53)
, 9.53 < 𝑥𝑥 ≤ 14.9

(20.5− 𝑥𝑥)
(20.5 − 14.9)

, 14.9 < 𝑥𝑥 < 20.5

 

𝑓𝑓ℎ(𝑥𝑥) = �
0, 𝑥𝑥 ≤ 19.7,

(𝑥𝑥−19.7)
29.7−19.7

, 19.7 < 𝑥𝑥 ≤ 29.7
1, 𝑥𝑥 ≥ 29.7

         

 

Fig 5. M.F.s for Input "Load_kW" 

 
3.5 Output Parameter 

The output parameters of the fuzzy fault diagnosis 
system are "Faulty Data" or "Good Data," defined over 
universal discourse. In case of faulty data, corrective 
action is also suggested. 

 
3.6. Rule Base 

Decisions are based on knowledge represented by the 
rule base. Simple if-then statements represent the rule base 
in fuzzy systems. The Mamdani model was used to create 
the fuzzy inference system in this study, but only 45 of the 
rules are represented in Table 2. which is faulty.  
 
3.7. Defuzzification 

Because the output of a fuzzy inference system is not a 
crisp value, defuzzification is a technique used to convert 
fuzzy variables into crisp values. There are various 
approaches to defuzzification. The centroid approach was 
employed for defuzzification in this study. Formula to 
defuzzify the output -        

𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 𝑋𝑋� =  
∑ 𝑥𝑥𝑥𝑥(𝑥𝑥)𝑛𝑛
𝑖𝑖

∑ 𝜇𝜇(𝑥𝑥)𝑛𝑛
𝑖𝑖

 

     where 𝑋𝑋� = crisp output 

𝜇𝜇(𝑥𝑥)=aggregated membership function 

            𝑥𝑥=output variable 
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3.8 Faulty Patterns in Data 

Data gathered using data capture software is examined 
to look for patterns that do not match our assumptions. 
These unexpected patterns are then converted into forms 
of rules to design a fuzzy expert system. These faulty 
patterns are based on facts and rules. 

Some of the rules include the following: 
• No electricity can be sent to the grid when the 

battery is low. 
• Power is exported to the grid during periods of 

high irradiation and low load. 
• Load and battery charging needs will be met 

mainly through irradiance (solar) rather than 
the grid. 

This study will focus on the prime attributes important 
in finding faulty patterns. These attributes are 
"battery_vpc," "load," "source," and "irradiance." The 
range of each parameter was calculated from the last ten 
years of collected data. The calculated range is further 
divided into three categories, i.e., "low," "medium," and 
"high" for "battery_vpc," "load," and "irradiance." To get 
more precise results, the "source" range is divided into 
five categories "very negative," "negative, "zero," 
"positive," and "very positive." These parameters will be 
input parameters to fuzzy fault diagnosis expert system 
and the categories "low," "high," "medium" will 
contribute to membership functions of input parameters. 

Based on predefined rules. Some of the faulty patterns 
include: 

1. When the "irradiance" value is medium, the 
value of "load" is low. The battery is fully 
charged, i.e., the value of battery_vpc is "high." 
The value of "source" (i.e., grid) should be 
negative (i.e., electricity is exported), but if the 
value is positive (i.e., electricity is being 
imported) or zero (i.e., electricity is neither 
imported nor exported). In this case, the fault will 
be because "Grid outage/battery charging 
through the grid is disabled, " which must be 
checked. 

2. When the "irradiance" value is high, the value of 
"load" is low. If the battery is fully charged, i.e., 
the value of battery_vpc is "high." The value of 
the "source" (i.e., grid) should be negative or 
very negative (i.e., electricity should be 
exported), but if the value is zero or positive. In 
this case, the fault will be because "Grid 
outage/battery charging through the grid is 
disabled, " which must be checked. 

3. When the "irradiance" value is low, the value of 
"load" is low. The battery is not fully charged, i.e., 
the value of batt_vpc is low. The value of 
"source" (i.e., grid) should be positive (i.e., 
electricity is imported), but if the value is zero, 
then the fault will be because of "Grid 
outage/battery charging through the grid is 
disabled," which has to be checked. 

4. When the "irradiance" value is medium, the " 
load " value is low, and battery_vpc, i.e., is low. 
The value of "source" (i.e., grid) should be 
positive (i.e., electricity is imported), but if the 
value is zero, then the fault will be because of 
"Grid outage/battery charging through the grid is 
disabled," which has to be checked. 

5. When the "irradiance" value is low, the value of 
"load" is low, and battery_vpc is low. The value 
of "source" (i.e., grid) should be positive (i.e., 
electricity is imported), but if the value is zero, 
then the fault will be because of "Grid 
outage/battery charging through the grid is 
disabled," which has to be checked. 

6. When the "irradiance" value is low, the " load " 
value is medium, and battery_vpc, i.e., is 
medium. The value of "source" (i.e., grid) should 
be positive (i.e., electricity is imported), but if the 
value is zero, then the fault will be because of 
"Grid outage/battery charging through the grid is 
disabled," which has to be checked. 

7. When the "battery_vpc" value is high, the value  
of "irradiance" is low, and the "load" value is low 
then the value of "source" (i.e., grid) should be 
zero; if the value is very positive, then the fault 
will be because of "Excessive battery charging 
through grid software," which has to be checked.  

8. When the "battery_vpc" value is high, the value 
of "irradiance" is low, and the "load" value is low. 
The value of "source" (i.e., grid) should be zero; 
if the value is positive, then the fault will be 
because of "Excessive battery charging through 
grid software," which has to be checked. 

9. When the "battery_vpc" value is high, the value 
of "irradiance" is low, and the "load" value is low, 
then the value of "source" (i.e., grid) should be 
zero if the value is very negative or negative then 
the fault will be because of "Problem with grid 
export settings." 

10. When the "battery_vpc" value is low, the value 
of "irradiance" is medium, and the "load" value 
is low, then the value of "source" (i.e., grid) 
should be zero; if the value is very negative or 
negative, then the fault will be because of 
"Problem with grid export settings." 

11. When the "battery_vpc" value is low, the value 
of "irradiance" is medium, and the "load" value 
is low, then the value of "source" (i.e., grid) 
should be zero; if the value is very negative or 
negative, then the fault will be because of 
"Problem with grid export settings." 

12. When the "battery_vpc" value is low, the value 
of "irradiance" is high, and the "load" value is 
low, then the value of "source" (i.e., grid) should 
be negative if the value is positive. The fault will 
be "Dusty panels / faulty connectors/ MPPT 
problem / Shadows." 
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13. When the "battery_vpc" value is low, the value 

of "irradiance" is high, and the "load" value is 
medium. The value of "source" (i.e., grid) should 
be negative; if the value is very positive, then the 
fault will be because of "Dusty panels / faulty 
connectors/ MPPT problem / Shadows." 

14. When the "battery_vpc" value is low, the value 
of "irradiance" is high, and the "load" value is 
medium. The value of "source" (i.e., grid) should 
be negative; if the value is positive, then the fault 
will be because of "Dusty panels / faulty 
connectors/ MPPT problem / Shadows." 

Above are some faulty data patterns obtained from the 
data acquisition system. These faulty patterns are almost 
forty-five, but only a few are listed to show how the data 
is analyzed. The fuzzy expert system will convert these 
faulty conditions into fuzzy rules. 

 
Table 2. Fuzzy Rules for Fault Detection System  

 
 
3. Result of Fuzzy Approach 

The simulation of the fuzzy system is done in MATLAB. 
For this study, the SPV plant of 40 kWp, installed at Dayal 
Bagh Educational Institute, Arts Department, Agra, is 
considered. The Fuzzy Diagnostics system's results (Fig. 
6) are very convincing, according to professionals 

overseeing the power plant's operations for the past ten 
years. 

In Fig.6, n1 is the variable containing the dataset. The 
fuzzy system classifies the real-time streaming data into 
faulty and good data patterns, and in case of faulty data, 
corrective actions are also suggested. 

For Fault_Case1- the data pattern is of a good pattern, 
so no rule fires. 
For Fault_Case2- the data pattern is of faulty pattern, i.e., 
[Low Low Low Zero] as per rule 1 as per table 3. The 
corrective action is- "Grid Outage/ battery charging 
disabled." 
Fault_Case3- the data pattern is faulty, i.e. [Low Low 
Medium Zero] as per rule 3 as per table 3. The corrective 
action is- "Problem with grid export settings." 
Fault_Case4- the data pattern is faulty, i.e. [Medium Low 
Low Zero] as per rule 16 as per table 3. The corrective 
action is-"Grid Outage/ battery charging disabled." 

Fault_Case5- the data pattern is faulty, i.e. [Low High 
Medium Positive] as per rule 12 as per table 3. The 
corrective action is- "Dusty Panels/MPPT/ Shadows/ 
Faulty Connectors."  

 

 
Fig 6. Some test cases and their outputs 

 
The results from the fuzzy diagnosis system will be the 

dataset for training the model using machine learning 
algorithms to make the system more intelligent and faster. 
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Fig 7. Snapshot of the obtained database  

 
4. Training 

4.1 Feature Engineering:  

 
Fig 8. Various phases of Machine Learning 

 
Preprocessing Data. The data in our dataset are on 

different scales. It is essential to scale them, or else the 
attributes with a larger number of digits will dominate the  
algorithm reducing the accuracy of the final output. Data 
Mining performs better and faster when the input 
variables are on a moderately comparative scale. 
For this purpose, we have used the Standard Scaler 

method to scale data on the same scale. It facilitates the 
transformation of data having a zero mean-variance and 
one standard deviation. It does so by subtracting the mean 
from every data and then scaling it by dividing all the 
values by the standard deviation. The standard score is 
found with the help of raw score x, mean, and standard 
deviation: 
 
z = (x - u) / s                   (1) 

Here, 
x = raw score; 
u = mean of the data; 
s = standard deviation of the data 
 
Encoding Categorical Variables. Most of the algorithms 

are unable to handle categorical variables. So we convert 
them to numerical values. Our dataset contains categorical 
Data, i.e., fault. We have used One Hot Encoder, which 
maps each value to a vector 1 or 0, which denotes the 
presence or absence of that feature.  

 

 
Fig 9. Dataset after Encoding 

 
4.2  Classification Models 

Classifying a given collection of data in groups is 
known as classification. It approximates the mapping 
function from input variables to discrete output values. 
Identifying the data category was the key objective. It 
begins by training the classifier. The classifier uses the fit 
method. This type of learning is called supervised learning. 

Decision Tree- a binary tree that recursively separates 
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the data set until we are left with pruned leaf nodes or data 
with only one class type. Decision nodes and leaf nodes 
are the two types of nodes. The decision node contains a 
split decision, and the leaf node assists in determining the 
class of the new data point. A decision tree is a collection 
of if-then rules. These rules can be easily converted from 
decision trees. The model must learn which features to 
take and optimally split the data. The model chooses to 
split, which maximizes information gain.  

𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺 = 𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 − 𝐼𝐼𝐼𝐼𝐼𝐼𝑜𝑜𝐴𝐴         (2) 
Here,                                                                                                                                                                                                                                                    
Info = original information required 
InfoA = new information required after partitioning on A 

Random Forest is a typical ensemble method that 
combines the findings from various predictors. 
Additionally, the random forest uses the bagging 
technique, which enables each tree to be trained on a 
random sample of the initial dataset and obtain the 
consensus of the trees. 

Support Vector Machine- It is a method for dividing 
data into linear and nonlinear categories. It helps solve 
both classification and regression types of problems. In 
classification, SVM separates the classes using a 
hyperplane and marginal distance. The hyperplane divides 
the classes. The larger the marginal space, the more 
generalized the model 

 
𝑀𝑀(𝑥𝑥𝑖𝑖 , 𝑥𝑥𝑗𝑗) = 𝑓𝑓(𝑥𝑥𝑖𝑖)𝑟𝑟𝑔𝑔(𝑥𝑥𝑗𝑗)   (3) 
 
KNN- Classifiers compare a given test tuple to similar 

training tuples, a method known as learning by analogy. 
We have to consider the "k" value. It uses two parameters, 
i.e., Euclidian distance and Manhattan distance.  

 
Euclidean distance = �∑ (𝑝𝑝𝑝𝑝 − 𝑞𝑞𝑞𝑞)2𝑛𝑛

𝑖𝑖=1   (4) 
 
Data sets from the fuzzy fault diagnosis system are used 

to train the system using various classification algorithms, 
and results are compared in Fig 8. 
 

 
Fig 10. Comparison of Accuracy 

 
Furthermore, 297082 faulty data pattern has been 

analyzed by using a k-means clustering algorithm 

 

 
Fig 11. Clustering Diagram 

 
The result of the analyzed data is as follows: 

Fault Type Number of Data 

Patterns 

Grid Outage 238728 

Excessive Charging 16006 

Grid Export Settings 40289 

Dusty Panels/Shadows 35 

 
The results show that in this study, the frequent fault is 

"Grid Outage/ battery charging through the grid is 
disabled." Fault due to "Shadow/Dusty Panels" 
occurrence is very low as most of the P.V. panels are 
rooftop installed. 

 
5. Conclusion 

The proposed hybrid-based approach-based Fault 
Diagnosis System can detect and classify the fault as per 
the framed rules. The Fault Diagnosis System will detect 
faults and suggest corrective actions. The obtained results 
are quite convincing when the fault diagnosis system is 
tested both in "offline" and real-time "online" mode. The 
decision to implement the fault diagnosis system through 
fuzzy logic is also correct, as, for dynamic systems, no 
mathematical model can be framed. Thus, the objective of 
implementing a fuzzy and machine learning approach-
based fault diagnosis system is successful as fuzzy logic 
will deal with uncertainty associated with irradiance. 
Machine learning in a real environment will become faster 
as training data is generated by a fuzzy model where 
uncertainties are taken care of, and data sets are generated. 
In this study, only four-fault are considered, but more 
faults can be incorporated to make the fault diagnosis 
expert system more robust, thus preventing fault from 
failure. The results from the fuzzy system are used to train 
the model to make the system faster. The comparison table 
shows that the results are nearly 99 percent accurate. 
Moreover, using the clustering method, the maximum 

0.986
0.988

0.99
0.992
0.994
0.996
0.998

Random
Forest

K-Neighbor's
Classifier

Decision Tree
Classifier

ACCURACY
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occurrence of any fault can be calculated, thus helping 
administrators focus on that particular fault.  
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