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Abstract. This work presents a Mamdani Fuzzy Logic model capable
of classifying solar cells according to their energetic performance. The
model has 3 different inputs: The proportion of black pixels, gray pix-
els, and white pixels. One additional output for informing of possible
bad inputs is also provided. The three values are obtained from an Elec-
troluminescence image of the cell. The model has been developed using
cells whose performance has been obtained by measuring the Intensity-
Voltage Curves of the cells. The performance of the model has been
shown by testing it with a validation set, obtaining a 99.0% of accuracy,
when other methods such as Ensemble Classifiers and Decision Trees ob-
tain a 97.7%. This shows that the presented model is capable of solving
the problem better than traditional Machine Learning methods.

Keywords: Fuzzy Logic · Photovoltaic · Electroluminescence · Machine
Learning.

1 Introduction

A number of different issues (energy crisis, climate change, wars, etc.) are reduc-
ing the use of traditional energies in favor of more clean and accessible sources
such as renewable energies [1]. This change is also important in Smart Cities
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since it provides cheaper and cleaner energy. Among the different types of re-
newable energy, solar energy is one of the most important ones for its facility to
be installed in the urban area.

Photovoltaic (PV) modules are composed of a high amount PV cells. These
small units can suffer from different problems (mechanical, thermal, or artificial)
which can reduce their performance, the amount of energy provided. It is ex-
tremely important to verify the conditions of the solar cells in order to optimize
production and avoid possible security threats.

Traditionally, the maintenance of PV installations was made by human labor
but this is not the best alternative in urban areas or in big installations. To
solve this issue, Artificial Intelligence (AI) techniques are being used, helping to
optimize the production and to monitor the conditions of the modules [2, 3].

Checking the production of the PV modules is one of the most frequently
addressed problems. Different works [4, 5] propose systems to detect defects in
the surface of the PV modules. The majority of these methods use a technique
known as Electroluminescence (EL) [6] to capture the light emitted by the PV
cells/modules when they are injected with electric current, this technique makes
visible more kinds of defects than direct visual inspection. These images are used
in different AI methods, being Convolutional Neural Networks (CNNs) [7] the
method that produces the best results. However, CNN-based methods have some
limitations: they need a large amount of data to find patterns, they are highly
computer-demanding and their training can be slow.

Other articles have tackled the idea of using fuzzy logic-based models to
classify PV cells. The work presented in [8] is applied to detect microcracks in
Electroluminescence images, obtaining an efficient system. Another proposal [9]
combines fuzzy logic with mathematical morphology to classify the defects from
PV cells using photography of the PV. Another work presented in [10] tackles
this issue at plant level, comparing the performance of Neural Networks with the
performance of Fuzzy Logic Models. Fuzzy logic has been also used in other PV
problems such as Max Power Point Tracking [11] or Modelling of PV systems
[12]. More works can be found in reviews about the topic [13, 14] but any of
them tackles the issue of classifying the PV cells using their EL image in terms
of their performance.

This paper presents a new way of analyzing the state of photovoltaic cells,
using not only the information about the surface of the cell with the EL images
but also the information about the energetic production of the cell, obtained by
measuring the Intensity-Voltage (IV) Curve. Another innovation of this paper
is that it proposes a Fuzzy Logic (FL) [15] algorithm for solving this problem
by analyzing the histogram of the EL images. The advantages that FL provides
are that is a not computer-demanding algorithm and it can produce knowledge
comprehensible to humans, which is extremely important to understand the
effects of the defects in the performance of the cell.

The rest of the paper is organized as follows: Section 2 explains the basis
of fuzzy logic, Section 3 explains the methodology used, Section 4 shows the
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results and findings that can be observed from them, finally Section 5 presents
the conclusions of the paper.

2 Introduction to Fuzzy Logic

The term fuzzy represents values that are not clear. Fuzzy Logic [16] is an ex-
tension of the traditional logic [17] where the truth value of a variable is a real
number between 0 and 1, instead of the traditional values of true or false. It
can be applied to models that use imprecise information and for dealing with
uncertainty in decision-making.

The most important concept of Fuzzy Logic is the membership function,
which defines the degree of membership of the variable to a certain set or cate-
gory. The membership is a function that can provide any value between 0 and
1, being 0 non-membership and 1 full-membership. FL systems are tolerable to
errors or noise in the input data.

Among the different kinds of fuzzy logic systems, the Mandami systems are
the most used FL Inference Systems [18], their most important features are to
following:

– They are more intuitive and have easier-to-understand rules.

– Each Output has a corresponding membership function

– The surface of the output is discontinuous

– High Expressive Power and Interpretable

– Less Flexibility in the system design

3 Methodology

This section will explain the different processes followed in the creation of the
models which include the gathering, preprocessing, and labeling of the data, the
creation of the rules of the fuzzy model, and its optimization.

3.1 Data gathering

Image acquisition was not a trivial process, since it was necessary to obtain
two different things: The Electroluminescence (EL) image of each cell using a
EL camera and the Intensity-Voltage Curve (IV) using an IV-tracer [19] which
will provide the information about the energetic performance of the cells; more
details about the processes of gathering can be found in [20].

The dataset is composed of the original measurements presented in [20] with
some additional data that was obtained exclusively for this work, resulting in
666 different images and their IV curve.
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3.2 Image Preprocessing

The preprocessing of the images was performed using the same procedure as
in other works: Removal of dead pixels and luminous noise, fixing the scale of
lighting of the images, removing the black surrounding contours of the images,
and fixing the perspective. Fig 1 shows an example of an image after each of
the processes. More information can be found in [20] and was performed using
Python.

(a) Original Image. This image needs
to be preprocessed.

(b) Image after the prepro-
cessing

Fig. 1: A sample image before and after preprocessing.

3.3 Maximum Power Normalization

As explained before, the IV curve of each PV cell provides information about
the energetic production of the cell, but it is necessary to perform certain steps
to make the data useful for a model. Two different techniques (Z-score normal-
ization and Min-Max normalization) are used together to obtain a normalized
variable with values between 0 and 1. The following process is used:

1. Computation of the Power-Voltage curve of each cell using the information
about the IV curve.

2. Calculation of the maximum value of power (Maximum Power Point) for
each of the curves.

3. The cells are divided into six different groups, depending on the irradiance
that was used to obtain the measures. For each group:
(a) The mean value and the standard deviation of maximum power are com-

puted.
(b) A Z-score normalization is performed, using the computed values of mean

and standard deviation, this results in a variable with a mean of 0 and
std of 1, with values between -2 and 2.

(c) The maximum value and minimum value of the obtained variable are
computed for each group.
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(d) A Min-max normalization is performed on each group, using the com-
puted values of the maximum and the minimum. This results in a variable
with values between 0 and 1, a mean of 0.5, and std of 0.2.

4. This value measures the relative performance of a cell, high values correspond
with cells that have high energy production, and low values with cells that
are not producing as much as they should.

5. After that, the data was divided into 3 groups, according to their value:
(a) Class 0 (0.81 <= X) represents the cells that are in good condition since

their performance is near the expected value.
(b) Class 1 (0.572 <= X < 0.81) represents the cells whose performance is

enough but not as high as it should be.
(c) Class 2 (X < 0.572) represents the cells that do not have enough per-

formance, due to their defects or other problems.

3.4 Feature Extraction

Traditional AI methods can not deal directly with images, so it is necessary to
obtain manageable characteristics from the images for these methods.

Fig. 2 presents an image and its intensity histogram. It can be seen how
the histogram has three different regions: The area of the first peak corresponds
with pixels with low-intensity values (Black or dark), and these pixels correspond
with zones where the cell is not emitting light in response to the electric current.
The second peak corresponds with the zones where the cell is active since it is
producing light in response to the electric current. The area after the second
peak corresponds with areas where energy production is extremely high.

Fig. 2: Sample of Image and its histogram

After analyzing all the images, it can be seen that these aspects appear in
most of the images of the dataset, the number of dark areas is directly connected
with the performance of the cells (more dark areas imply less production).
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Taking these facts into consideration, the final features selected were the
proportion of dark pixels, the proportion of gray pixels, and the proportion of
white pixels. The following process was used:

– The data is divided into two different sets: Training (80%, 532 samples) and
Validation (20%, 134 samples). The training set is composed of 92 images of
Class 0, 228 of Class 1, and 212 of Class 2. The validation set is composed
of 22 images of Class 0, 53 of Class 1, and 58 of Class 2. The following steps
are repeated for each set.

– For each image, the intensity histogram is computed and all the histograms
are accumulated into a summary histogram, normalized between 0 and 1.

– The separation intensity value between the black and the gray zone is calcu-
lated using the intensity at the minimum between the two first peaks. The
resulting value after rounding was 0.35.

– The point to divide the gray area and the white area is calculated using the
minimum point between the two peaks. The resulting value after rounding
was 0.70.

– For each image, the amount of pixels for each group is computed and divided
by the number of total pixels of the image to get the ratio of black, gray,
and white pixels which provide the features to characterize the image.

3.5 Model

As it has been discussed before, the main objective of this article is to create a
mode capable of classifying PV cells in terms of their performance. Fuzzy Logic
models have some great benefits, that are extremely interesting for this problem:
FL is a symbolic method, which means that the knowledge that provides can be
easily understood by humans. This is an extremely important quality since it can
help to find new patterns that are not visible to the human mind. Moreover, FL
algorithms are not computer-demanding and they can be run on almost every
kind of device nowadays, which makes them extremely useful in a lot of different
areas.

The presented model is a Fuzzy Logic Model based on the Mandami In-
ference System, which provides more intuitive and easier-to-understand rules
and other Inference Systems, it has been implemented using Matlab with the
application of Fuzzy Logic Designer. The design parameters of the proposed
membership functions for each input were set according to the expert’s expe-
rience and based on the behavior of the model’s input variables at each actual
classification level. Moreover, other design parameters such as the shape of the
membership functions, the degree of membership, and the range of the output
membership functions were set based on the statistical error between true and
predicted classification.
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Fig. 3: Structure of the FL model: 3 inputs and 2 outputs

The model (see Fig. 3) has been designed with 3 different inputs: The pro-
portion of dark pixels, the proportion of gray pixels, and the proportion of white
pixels in the image. It also has two different outputs: The condition of the cell
and a warning that indicates inputs that should be checked due to a possible
problem in the image (proportions not summing up 100% or extreme values such
as black 100%).

E

(a) Blacks

(b) Grays

(c) Whites

Fig. 4: Membership functions of the inputs
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Membership Functions The inputs (see Fig. 4) have three different member-
ship functions each one: Low, Medium, and High which corresponded directly
with the proportion of pixels of that particular input.

The output of the classification (see Fig. 5) has also three different member-
ship functions which correspond with each class: High Performance (0), Medium
Performance (1), and Low Performance (2).

Fig. 5: Membership function of the classification output

The warning has two different membership functions: Negative and Positive
(Fig. 6).

Fig. 6: Membership function of the warning

Rules The final rules of the models can be seen in Table 1. These rules were ob-
tained using the knowledge of experts of the domain. Their knowledge about the
effects of defects in the performance of cells combined with information about
the output power obtained from the IV curve was used to create rules that clas-
sified the images in their corresponding class, trying to maximize the accuracy
of the classification output in the training set. The output of the warning is not
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taken into account, as it is only used to detect when the inputs are not valid
in order to warn the users that they should check that input. This process of
parameter fitting is completely manual, in contrast with the training phase of
Machine Learning algorithms. The validation test has not been considered in
this modeling process. 27 rules were obtained by combining all of the possible
states of the three inputs (33 = 27).

Rule Black Gray White Classification Output Warning Signal

1 Low Low Low High Positive

2 Low Low Medium Low Negative

3 Low Low High Low Negative

4 Low Medium Low Low Negative

5 Low Medium Medium Low Negative

6 Low Medium High Low Negative

7 Low High Low Medium Negative

8 Low High Medium Low Negative

9 Low High High Low Positive

10 Medium Low Low High Positive

11 Medium Low Medium Medium Negative

12 Medium Low High Medium Negative

13 Medium Medium Low Medium Negative

14 Medium Medium Medium Medium Negative

15 Medium Medium High Medium Positive

16 Medium High Low High Negative

17 Medium High Medium High Positive

18 Medium High High High Positive

19 High Low Low High Negative

20 High Low Medium High Negative

21 High Low High High Negative

22 High Medium Low High Negative

23 High Medium Medium High Negative

24 High Medium High High Negative

25 High High Low High Positive

26 High High Medium High Negative

27 High High High High Positive

Table 1: Fuzzy Rules of the model

Fig. 7 presents the surface 3D diagram of the classification output. The di-
agram represents the knowledge of the model, and how the inputs blacks and
grays modify the output depending on their values. It can be seen how low val-
ues of black implies an output of 0. Class 1 only appears when black is around
20%-30% and grays are less than 60%. Class 2 is selected in the other cases.
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Fig. 7: 3D diagram for the classification output for two inputs: Blacks and Grays

4 Results

This section assesses the quality of the model by showing its performance in
the validation set and compares the performance with other methods. The other
methods have been implemented using the application Classification Learner
from Matlab.

As explained before, the dataset was composed of 666, divided into two sets:
Training (80%, 532 samples) and Validation (20%, 133 samples).

Figs. 8 and 9 present the distribution of the validation dataset, which can
be seen in Fig. 8a how the mean of all of the images of Class 0 represents a cell
in good condition, 8a also show this fact, with the stacking of all of the images
of this class. Similar reasoning can be used with the images of class 1 (Figs. 8b
and 9b), since they present minor defects that do not cover a high amount of
the surface of the cell. Finally, Figs. 8c and 9c show how the images in class 2
have shadows that cover a high amount of the surface of the cell.
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(a) Class 0 (b) Class 1 (c) Class 2

Fig. 8: Image obtained after making the mean of all of the images of each class
from the validation set.

(a) Class 0 (b) Class 1

(c) Class 2

Fig. 9: 3D Diagram obtained after stacking the images of the same class of the
validation set.
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The model obtained a 99% of accuracy in the Validation set . Fig. 10 presents
the results of the classification of this set, with information about the confusion
matrix and the accuracy for each class. It can be seen how the performance in
the three classes is quite similar, with a slight decrease in class 1. It can also be
seen that the incorrect classification appears between adjacent classes, there are
not any mistakes between class 0 and class 2.

Fig. 10: Results of the classification of the proposed fuzzy model on the Validation
Set. TPR: True Positive Rate, FNR: False Negative Rate.

Different methods were chosen for comparison with the presented method,
all of them can be found in the application Classification Learner of Matlab. The
selection of methods was composed of Decision Trees, Discriminant Analysis, Lo-
gistic Regressions Classifiers, Naive Bayes classifiers, Support Vector Machines,
Nearest Neighbor Classifiers, and Ensemble Classifiers. Decision Trees and En-
semble Classifiers obtained the best performance with a 97.7% of accuracy in
both of them.

Fig. 11 presents the classification matrix for both methods, they provide a
good classification but the results are a bit lower than the proposed method,
as can be seen in their accuracy. This is clear evidence of the importance of
applying fuzzy logic to solve this problem.
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(a) Results of Ensemble Classifiers

(b) Results of Decision Trees

Fig. 11: Results of the classification of other models on the Validation Set. TPR:
True Positive Rate, FNR: False Negative Rate

5 Conclusions and future work

The detection of the conditions of the solar cells is a really important problem
since it provides information that is vital in the optimization of photovoltaic
production. The introduction of fuzzy logic to solve this problem is innovative
since few works have tried this approach. The presented model has been tested
with a 99% of accuracy as opposed to the 97.5% that obtains other models such
as Ensemble Classifiers and Decision Trees.

The method has some flaws that need to be addressed to improve it. First of
all, the creation of the rules has been made manually which can produce a certain
bias, even if the knowledge of experts has been used to ensure the quality of the
rules. To solve this different measures would be necessary: The inclusion of a new
dataset of images, completely different from the images of training of validation,



14 Hector Felipe Mateo-Romero et al.

to verify the performance of the model in completely foreign conditions. Another
important improvement would be the automatization of the creation of the rules,
using Machine Learning to optimize this process.
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