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Abstract—Soiling is one of the major factors that can affect 

the performance of PV installations in many regions of the world. 

On the other hand, the variety of PV models, types of soiling, and 

climate conditions makes it very difficult to create a universal 

model. To address this problem, this study presents a 

methodology for the identification of soiling on PV panels via 

semantic segmentation, which can support the decision-making 

process in terms of surface cleaning and automation of the 

process. The methodology includes data collection, preparation 

of training and testing data, training of models, and application 

of the optimal one. Next, the methodology is demonstrated using 

a small dataset of clean and dirty PV panels, three neural 

network architectures (DeepLab v3, U-Net, and PSPNet), and 

two backbone models (ResNet34 and ResNet50). The obtained 

results show the feasibility of the methodology and allow 

highlighting the DeepLab v3 model with a ResNet34 backbone as 

the best-performing algorithm for identifying pigeon droppings. 

The second-best combination is the U-Net + ResNet34, which 

showed good efficiency for identifying smaller dirty areas. The 

proposed methodology could be useful for operators of large-

scale photovoltaic installations by supporting the decision-

making process when it comes to the timely cleaning of specific 

areas for performance improvement and lower costs.  

Keywords—PV soiling; semantic segmentation; pixel-based 

classification; neural network; RGB images 

I. INTRODUCTION 

In times of energy crisis and a changing climate, the 
importance of renewable energy sources (RES) increases 
significantly. Out of them, photovoltaic (PV) systems are 
dominating the renewables market due to their versatility and 
low-maintenance requirements. Nevertheless, numerous factors 
exist that influence PV installations’ performance and, as a 
result, open many opportunities for their optimization. Two of 
these factors are soiling and shading of the photovoltaic 
surface, which could have a great impact on a PV installation’s 
performance [1,2]. They are known to lead to various 
consequences, such as reduced energy yield [3-5], increased 
panel degradation [5,6], hotspots [7], fire hazard [8,9], etc. In 
most situations, shading is a factor that can be acknowledged 
during design time, but there are limited options for its 
mitigation.  

Soiling, on the other hand, could be effectively mitigated 
during exploitation; however, there are a number of factors to 
consider. According to [10], soiling accumulation can reduce 
energy production by up to 20%, depending on the 

environmental conditions. In [11] was obtained that 
agricultural soiling could reduce light transmission by up to 
40% and the power output by up to 10%. Similar results about 
bird droppings showed that the power losses could reach a 
maximal value between 10% and 23%, depending on the 
month of the year and the PV installation location [12]. 

To mitigate the impact of soiling, different approaches for 
cleaning the photovoltaic surfaces exist. The most basic one is 
manual cleaning, which is known to be both expensive and 
time-consuming [13]. Furthermore, it requires water that is free 
from minerals to prevent the creation of spots and scale build-
up. Other studies have suggested using the thrust of a drone to 
clean dust from the PV surface [14] or different types of robots 
moving over the PV surface [15,16]. In [17,18], a mechanism 
for self-cleaning panels’ surface by removing dust particles 
using spherical water droplets is proposed, where a sliding or 
rolling motion is imparted. In all cases, the price is a major 
factor, and therefore, it is important to properly schedule the 
cleaning cycles [19]. The importance of properly deciding on 
when to clean the PV surface increases even more for building-
integrated photovoltaics, where conventional cleaning 
approaches are rarely applicable [20]. 

Another problem is the type of soiling. Most of the above-
mentioned studies propose solutions for removing dust. 
However, periodic cleaning, especially if a waterless method is 
used, is not always a suitable solution for bird droppings, 
which are especially common in the urban environment. All of 
this shows that the identification of bird droppings is a major 
factor for the optimization of the PV cleaning process. 

Numerous studies have proposed a wide range of 
approaches for identifying soiling on PV surfaces based on 
image processing and classification [21], RGB image analysis 
[22], and pixel- and object-based identification. In [10], a 
methodology for the classification of RGB images of PV 
surfaces as either clean or dirty was proposed. The images 
were preliminarily processed using red channel doubling and 
conversion to multichannel, which allowed the dirty parts to be 
highlighted. Different machine learning algorithms were tested, 
and the best results were achieved by an artificial neural 
network, reaching an F1 score of 91.3%. In another study [23], 
deep learning was used to classify RGB images of PV modules 
into one of the 5 classes: very unclean, slightly unclean, 
medium clean, slightly clean, and clean. The optimal results 



(IJACSA) International Journal of Advanced Computer Science and Applications,  
Vol. 17, No. 5, 2026 

648 | P a g e  
www.ijacsa.thesai.org 

were achieved by the UTran neural network architecture with a 
ResNet50 backbone, reaching an accuracy of 96.41%. 

In [24], a pixel-based classification approach was used to 
identify hotspots on PV surfaces by classifying the pixels of IR 
images using machine learning algorithms. The output of the 
models is a mask that identifies potential problems. A different 
approach was used in [25] with images in the visible spectrum, 
aimed at teaching a robot to identify and clean soiled surfaces 
automatically. The study proposed a threshold value used on 
the red channel of the RGB image in order to create the 
cleaning masks. In [26], several methods for semantic 
segmentation were used to generate soiling masks on PV 
surfaces. The algorithms used include Random Forest, 
XGBoost, LightGBM, and the U-Net neural network 
architecture. The neural network achieved the highest 
performance, reaching an accuracy and F1 score of 96.82% and 
93.37%, respectively. 

Other studies investigated the object-based approach for 
identifying soiling on PV panels. In [27], RGB images were 
used with the SDS-YOLO v5 architecture. The model achieved 
F1 scores of 0.700 and 0.781 for the bird droppings and dust 
classes, respectively. A similar approach was used in [28], 
where the YOLO v8 model’s soiling identification efficiency 
exceeded 90%. In [29], different classification models were 
compared to identify PV performance degradation caused by 
dust and dirt accumulation. The results demonstrated the 
potential of data-driven approaches to improve the monitoring 
and maintenance of photovoltaic systems and to optimize 
energy efficiency. 

A completely different approach was used in [30], where 
real-world meteorological and production data were used to 
develop and validate a predictive algorithm based on Stacked 
Ensemble Learning (SEL) and Decision Trees (DT). It 
achieved high accuracy in predicting soiling and panel 
performance, which shows that such models can help optimize 
maintenance and improve the energy efficiency of photovoltaic 
systems. 

The performed analysis shows that numerous studies have 
proposed different approaches for the identification of soiling 
on PV surfaces with AI algorithms, with the object-based ones 
commonly having a lower accuracy compared to the pixel- and 
classification-based ones. Some of them achieved quite 
impressive results, yet their accuracy generally becomes lower 
when used on different datasets, which is normal for machine 
learning. The various PV technologies have different 
appearances in terms of color, cell dimensions, etc., which is a 
major limiting factor for the models to be more universal. 
Furthermore, the soiling factors also vary in different 
geographic locations. This means that in order to achieve 
optimal results, the models should be trained with a dataset that 
was obtained for a specific PV facility. Most studies 
concentrate on the modelling part, rather than the 
methodological aspects, which are more important as they 
allow for obtaining improved results for the local specifics. 
Therefore, this could be considered a research gap. 

Considering the above-mentioned, this study aims to 
propose a methodology for assessing the soiling of PV panels, 
which allows for training high-accuracy deep learning models 

capable of supporting the decision-making process in terms of 
organizing the cleaning routines. The feasibility of the 
proposed methodology is demonstrated using a small dataset 
with PV modules under the impact of pigeon droppings, 
obtained from the region of Ruse, Bulgaria. The study also 
evaluates the performance of different deep learning 
architectures and backbone models for identifying bird 
droppings with different impact areas. 

II. MATERIALS AND METHODS 

A. Methodology of the Study 

The proposed methodology for assessing the condition of a 
PV surface is summarized in Fig. 1. It can be described in 4 
steps as follows: 

 
Fig. 1. Мethodology for identification of soiling on a PV surface. 

Step 1. Local data collection 

This step includes the collection of images from the 
specific PV installation that is to be evaluated. The data must 
be obtained for the specific facility for several reasons: 
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• The way the panels look depends on their technology, 
weather conditions, etc., which is always site-specific; 

• The potential soiling is also site-specific as it depends 
on the local soil types, the type of birds, etc. 

Furthermore, when collecting the local dataset, it is 
recommended that the following requirements be met: 

• It should represent all potential types of soiling on the 
PV surface; 

• It should include surfaces of well-cleaned panels; 

• It should include the different background surfaces 
available at the site (grass, concrete, etc.). 

Step 2. Preparation of training and testing data 

Next, training and testing data should be prepared, which is 
implemented in two similar processes. 

1) Training data selection: In this phase, several images 

are selected from the local dataset, which represent all major 

situations, such as clean panels, panels with different types of 

soiling, and images with different types of surrounding 

backgrounds. It is recommended that the different situations 

are more or less equally represented in order to improve the 

performance of the models. According to the proposed 

methodology, the selected images should be merged into a 

single larger image. 

2) Reference data creation: Next, using the compiled 

training image, reference data should be created. In this study, 

the following classes are used: 

• Clean PV surface (“Clean”) – an area of the PV surface, 
which is in good condition and no soiling can be 
observed; 

• Dirty PV surface (“Dirty”) – an area of the PV surface, 
on which soiling can be observed; 

• Background (“Back”) – everything else that is not part 
of the PV surface (whether clean or dirty) is considered 
a surrounding or background area. 

If necessary, the “Dirty PV surface” class could be divided 
into subclasses, representing different types of soiling. 
However, in this study, we have only investigated soiling 
caused by bird droppings. 

In this phase, the pixels of the compiled training image are 
manually classified into one of the selected categories. An 
important recommendation is that if the operator cannot clearly 
identify the class of a certain area of the image, the 
corresponding pixels should remain uncategorized. 

3) Testing data selection: In this phase, other images 

should be selected for testing purposes that are different from 

the training ones. They should also adequately represent all 

common situations. Similarly, the images could be merged 

into a single testing image for easier processing and analysis. 

4) Reference data creation: This phase is similar to 2.2 

and includes classifying the pixels of the testing image into the 

adopted classes. 

Step 3. Model selection 

This step includes two phases – training models and 
evaluating their performance, aimed at identifying the optimal 
ones. 

1) Models’ training: In this study, three deep learning 

architectures are selected: 

• U-Net- is widely used for pixel-based classification and 
has shown good performance for dust detection in 
photovoltaic panels [31]. It is also known for achieving 
high accuracy with fine details, being extremely 
efficient when working with small data sets, and 
typically requires less training time and hardware 
resources [32]. Despite being lighter and faster, it often 
performs relatively well compared to other models [33]; 

• DeepLab v3- is another semantic segmentation model, 
which is known to return good results with the 
identification of photovoltaic installations [34,35], 
surface soiling [36], hot-spot defects [37], etc. It usually 
returns better accuracy at different object scales and 
more complex images, but can be significantly slower 
to train and requires a larger amount of data and 
hardware resources [38]; 

• Pyramid Scene Parsing Network (PSPNet)- has also 
shown good results with PV panel identification [35]. It 
is known for better distinguishing objects based on 
analysis of the surrounding environment, but can be 
significantly slower to train and requires a larger 
amount of data and hardware resources, although some 
works report that it is the most efficient in terms of 
execution time [39]. 

Furthermore, for each one of them, two backbone models 
have been used: ResNet-34 and ResNet-50, thus making a total 
of 6 combinations. The difference between ResNet-34 and 
ResNet-50 lies mainly in their depth and architectural 
complexity. ResNet-34 is a lighter backbone model, requiring 
less training data for simpler tasks, training faster, and taking 
up less memory on the graphics processing unit. ResNet-50, on 
the other hand, is more complex and is better at recognizing 
fine textures and complex objects, but requires more data to 
avoid overfitting. Furthermore, it requires more computing 
power and memory, and training takes longer. 

This phase of the methodology includes training the models 
using the training data, prepared in phases 2.1 and 2.2 of the 
methodology. 

2) Models’ evaluation: Next, each of the trained models is 

applied to the testing data prepared in phases 2.3 and 2.4, and 

a classification image is created. Thereafter, the performance 

of each model is evaluated against the reference data using the 

following metrics: 
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• Accuracy – estimates the proportion of total correct 
predictions: 

 𝐴𝑐𝑐 =
𝑇𝑟𝑢𝑒𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒+𝑇𝑟𝑢𝑒𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒

𝑇𝑟𝑢𝑒𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒+𝑇𝑟𝑢𝑒𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒+𝐹𝑎𝑙𝑠𝑒𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒+𝐹𝑎𝑙𝑠𝑒𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒
 () 

• Precision – estimates the share of true positives out of 
all positively identified pixels: 

 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑟𝑢𝑒𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒

𝑇𝑟𝑢𝑒𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒+𝐹𝑎𝑙𝑠𝑒𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒
 (2); 

• Recall – estimates the share of the correctly identified 
pixels: 

 𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑟𝑢𝑒𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒

𝑇𝑟𝑢𝑒𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒+𝐹𝑎𝑙𝑠𝑒𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒
 (3); 

• F1 score – averages the precision and recall: 

 𝐹1 = 2 ×
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛×𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
 (4); 

• Cohen’s Kappa – evaluates the level of agreement 
between classified and reference data, with 0 
corresponding to no agreement at all (all pixels were 
classified incorrectly) and 1 corresponding to perfect 
agreement (all pixels were classified correctly) [40].  

The above metrics are used to select the best-performing 
model(s). 

Step 4. Large-scale application 

Once the best-performing model is selected, it can be used 
for large-scale identification of soiling at the specific 
photovoltaic facility as an instrument for automating the 
decision-making and cleaning processes. 

B. Means of the Investigation 

In this study, the software ArcGIS Pro v. 3.6.1 is used, 
developed by Esri Inc. Even though this tool was created as a 
GIS analysis instrument, it is also applicable to images that are 
not mapped to a specific coordinate system. 

ArcGIS Pro provides a wide range of object- and pixel-
based machine learning and deep learning algorithms, 
integrated tools for the creation of reference data, comparison 
between the modeled and reference data, generation of 
confusion matrices, estimation of different measures, etc. 
Furthermore, all of the above is implemented in a friendly 

graphical user interface, i.e., no specialized programming 
knowledge and skills are required. This means that with 
appropriate instructions, the ArcGIS Pro tool could be used by 
operators of photovoltaic installations without the need for IT-
specific qualifications. 

C. Organization of the Experiment 

The experiment in this study was performed at the site of 
PV Park Kanev, located in the University of Ruse “Angel 
Kanchev”, Ruse, Bulgaria, geographic coordinates 
43.85344121491259, 25.969174955358763 (Fig. 2). Two 50W 
polycrystalline PV panels with model CL-SM50P were used in 
the experiment. One of the two panels has been placed on the 
floor of a dovecote for two weeks. This allowed its surface to 
be densely covered with pigeon droppings, which are one of 
the main sources of PV soiling in the Bulgarian urban 
landscape. 

 
Fig. 2. Location of the experimental site. 

III. RESULTS AND DISCUSSION 

In this section, the study aims to demonstrate the feasibility 
of the proposed methodology using a limited amount of input 
data. The clean and dirty PV panels were installed at the 
experimental site using a specially created mounting structure, 
and numerous images of them were made from different 
angles. Next, different areas of the soiled PV surface were 
gradually cleaned, and additional photos were made at each 
stage (Fig. 3). The data collection was finalized when both PV 
surfaces were clean. 

 
Fig. 3. Photos of the two PV panels with different levels of dirtiness. 

Next, according to Step 2 of the methodology, four images 
were selected, which represent different aspects of the 
experimental situation, such as: 

• The PV modules are photographed from different 
angles, which represent the surfaces differently affected 
by the solar rays; 
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• The surrounding area is observed from different angles, 
which influences its view, the impact of shadows, etc. 

The four images were merged into a single one using 
Microsoft's MS Paint tool. Thereafter: 

• The prepared training image was imported into ArcGIS 
Pro v. 3.6.1; 

• Reference areas were created for the three classes 
(Clean, Dirty, and Background) with the Image 
Classification tool using polygons (Fig. 4a).  

Finally, the created reference data was exported in the 
“Classified tiles” metadata format with X/Y tile size 256 and 
X/Y Stride 128. Similarly, four testing images were selected, 
merged into a single image, and reference data was created for 
it (Fig. 4b). 

 
(a) 

 
(b) 

Fig. 4. The selected training (a) and testing (b) images with the marked reference polygons. 

Following Step 3 of the methodology, 6 models were 
trained using the three NN architectures and the two backbone 
models on an HP Pavilion laptop with an NVidia GeForce 
MX350 GPU. 20 epochs were used for the training, 10% of the 
input data was used for validation, the optimal learning rate 
was automatically extracted from the learning curve, and all 
other parameters were kept at their default values. The obtained 
accuracies and F1 scores for the six models are summarized in 
Table I. It can be seen that if accuracy and F1 score are used as 
the main indicators, the DeepLabv3+ResNet50 combination is 
the worst-performing model. The differences between the 
measures of the other 5 models are 1-2 thousandths, and 

therefore could be considered insignificant. In general, the U-
Net and PSPNet-based models achieve the highest 
performance. 

On the other hand, when the Kappa coefficient is used, the 
PSPNet-based models have the lowest performance, while the 
U-Net+ResNet34 combination is the second best. The 
DeepLabv3+ResNet34 achieved the best performance, 
reaching a Kappa score of 0.996. It is important to mention that 
Cohen’s Kappa is considered a more stable indicator than 
Accuracy because it excludes the chance of hitting the result 
when some data predominates [41]. 
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TABLE I.  SUMMARY OF THE SIX MODELS' TRAINING SCORES 

№ Model Accuracy F1 Score Kappa 

1 DeepLab v3 + ResNet34 0.982 0.987 0.996 

2 DeepLab v3 + ResNet50 0.975 0.980 0.985 

3 U-Net + ResNet34 0.983 0.987 0.988 

4 U-Net + ResNet50 0.984 0.988 0.980 

5 PSPNet + ResNet34 0.983 0.987 0.954 

6 PSPNet + ResNet50 0.983 0.988 0.962 

The conclusion from the measures analysis is that the 
DeepLab v3+ResNet34 model, even though requiring more 
resources and time, could perform slightly better, especially in 

situations such as the current one, when comparatively little 
data is available. U-Net+ResNet34 is expected to perform 
about the same, but with less required time and resources. 
However, according to [42], DeepLabV3+ outperforms U-Net 
in terms of both speed and accuracy. 

Next, the six models were applied to the testing image, and 
the obtained classification images are presented in Fig. 5. At 
first glance, it can be seen that all models perform very well, 
though some false positives can be observed. Furthermore, it 
can be observed that larger dirty areas are well identified by all 
models, while the results with smaller and thinner ones are 
more variable, and some false positives and false negatives can 
be observed. 

 
a)      b) 

 
c)      d) 

 
e)      f) 

Fig. 5. Classification results for the testing image done with: DeepLab v3 + ResNet34 (a); DeepLab v3 + ResNet50 (b); U-Net + ResNet34 (c); U-Net + 

ResNet50 (d); PSPNet + ResNet34 (e); PSPNet + ResNet50 (f). 

To get a better understanding of the models’ performances, 
they were assessed using the “Accuracy assessment” tool in 
ArcGIS, 10,000 randomly selected pixels, and the Stratified 
random strategy was used on the reference testing data to 
generate the confusion matrices for the six situations. 

The results for the DeepLab v3 + ResNet34 model are 
presented in Table II. It can be seen that the model has almost 
perfect performance, with an average F1 score of 0.999. The 
lowest precision and recall are obtained for the Dirty class, 
reaching values of 0.974 and 0.993, respectively, which 
indicates the classification of some false positives. 
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TABLE II.  CONFUSION MATRIX AND MEASURES FOR THE TESTING DATA 

WITH THE DEEPLAB V3 + RESNET34 MODEL 

 Predicted Metrics 

A
c
tu

a
l 

 Clean Dirty Back Total Prec. Rec. F1 

Clean 1332 4 5 1341 0.999 0.993 0.996 

Dirty 0 149 1 150 0.974 0.993 0.983 

Back 1 0 8508 8509 0.999 1.000 1.000 

Total 1333 153 8514 10000 0.999 0.999 0.999 

Table III presents the performance of the DeepLab v3 + 
ResNet50 model. Its metrics are slightly lower for the clean 
and background classes, as for the dirty class, the precision and 
recall have dropped significantly, reaching values of 0.902 and 
0.890, resulting in an F1 score of 0.896. 

TABLE III.  CONFUSION MATRIX AND MEASURES FOR THE TESTING DATA 

WITH THE DEEPLAB V3 + RESNET50 MODEL 

 Predicted Metrics 

A
c
tu

a
l 

 Clean Dirty Back Total Prec. Rec. F1 

Clean 1330 14 6 1350 0.999 0.985 0.992 

Dirty 0 138 17 155 0.902 0.890 0.896 

Back 1 1 8490 8492 0.997 1.000 0.999 

Total 1331 153 8513 9997 0.996 0.996 0.996 

Next, in Table IV and Table V, the measures for the two U-
Net models are shown. Unlike the DeepLab models, these 
achieved higher precision for the dirty class, reaching up to 
1.000 with the ResNet50 backbone; however, the recall is 
lower, which indicates an increased share of false positives. 
These results confirm the classification images in Fig. 5, which 
also show the identification of many false-positive “dirty” 
pixels. 

TABLE IV.  CONFUSION MATRIX AND MEASURES FOR THE TESTING DATA 

WITH THE U-NET + RESNET34 MODEL 

 Predicted Metrics 

A
c
tu

a
l 

 Clean Dirty Back Total Prec. Rec. F1 

Clean 1320 0 10 1330 0.990 0.992 0.991 

Dirty 13 154 7 174 0.994 0.885 0.936 

Back 0 1 8495 8496 0.998 1.000 0.999 

Total 1333 155 8512 10000 0.997 0.997 0.997 

TABLE V.  CONFUSION MATRIX AND MEASURES FOR THE TESTING DATA 

WITH THE U-NET + RESNET50 MODEL 

 Predicted Metrics 

A
c
tu

a
l 

 Clean Dirty Back Total Prec. Rec. F1 

Clean 1311 0 3 1314 0.986 0.998 0.992 

Dirty 19 153 30 202 1.000 0.757 0.862 

Back 0 0 8481 8481 0.996 1.000 0.998 

Total 1330 153 8514 9997 0.995 0.995 0.994 

Finally, in Table VI and Table VII, the results for the 
PSPNet models are summarized. Similarly to the U-Net 

models, the dirty class precision is 1.000, which indicates that 
all dirty pixels were correctly identified. However, the recall 
decreases even more, reaching 0.748 and 0.698 with the 
ResNet34 and ResNet50 backbones, respectively. Once again, 
this indicates that these models return too many false positives 
when it comes to the dirty areas of the PV panel, which might 
lead to misleading results and have a significant impact on the 
decision-making process. 

TABLE VI.  CONFUSION MATRIX AND MEASURES FOR THE TESTING DATA 

WITH THE PSNET + RESNET34 MODEL 

 Predicted Metrics 

A
c
tu

a
l 

 Clean Dirty Back Total Prec. Rec. F1 

Clean 1325 0 71 1396 0.993 0.949 0.971 

Dirty 9 154 43 206 1.000 0.748 0.856 

Back 0 0 8400 8400 0.987 1.000 0.993 

Total 1334 154 8514 10002 0.988 0.988 0.987 

TABLE VII.  CONFUSION MATRIX AND MEASURES FOR THE TESTING DATA 

WITH THE PSNET + RESNET50 MODEL 

 Predicted Metrics 

A
c
tu

a
l 

 Clean Dirty Back Total Prec. Rec. F1 

Clean 1300 0 33 1333 0.975 0.975 0.975 

Dirty 33 155 34 222 1.000 0.698 0.822 

Back 0 0 8447 8447 0.992 1.000 0.996 

Total 1333 155 8514 10002 0.990 0.990 0.989 

The obtained results show that the DeepLab v3 model with 
a ResNet34 backbone achieved the best performance, followed 
by the U-Net + ResNet34 one, for the following reasons: 

• All models achieved more or less similar performance 
for the clean and background classes, with their 
precisions/recalls varying between 0.975 and 1.000; 

• Most models achieved great precision for the dirty 
class, varying between 0.974 and 1.000 (the only 
exception is the DeepLab v3 + ResNet50 model, which 
achieved a precision of 0.902); 

• The DeepLab v3 + ResNet34 model achieved the 
highest recall for the dirty class, reaching a value of 
0.993, while this measure for all other models is 
significantly lower, ranging between 0.698 and 0.890. 

These results also correspond with those obtained using the 
Kappa coefficient during the training phase. They confirm that 
Cohen’s Kappa is a more reliable measure and could be used as 
the main indicator for selecting the optimal model. 

IV. CONCLUSION 

The current study presents a methodology for the 
identification of soiling on PV panels, which is optimized for 
providing reliable site-specific results. It can be used as a 
supporting instrument in the decision-making process of 
cleaning large photovoltaic installations. The methodology 
includes data collection, preparation of training and testing 
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data, training of models, and identification of the optimal one, 
which can then be applied on a large scale. 

Next, the feasibility of the methodology is demonstrated by 
using limited experimentally obtained data from the PV park 
Kanev, Ruse, Bulgaria. An image dataset was created with 
clean and dirty PV panels under the impact of pigeon 
droppings. Training and testing images were selected, and 
reference data were created for them using three classes: 
“clean”, “dirty”, and “background”. Three deep learning 
architectures were used: DeepLab v3, U-Net, and PSPNet. 
Furthermore, each one of them was trained with the ResNet34 
and ResNet50 backbones. All trained models achieved more or 
less similar metrics and very good performance. 

However, after they were applied to a testing dataset, the 
DeepLab v3 model with a ResNet34 backbone showed the 
highest performance, expressed in the best ratio between 
precision and recall regarding the “dirty” class. The second-
best combination is the U-Net + ResNet34, which proved to be 
extremely efficient when working with small datasets. Both 
models could be applied in practice for the identification of 
soiling areas with relatively small datasets specific to the 
photovoltaic site. The study results also showed that Cohen’s 
Kappa could be used as the main indicator for selecting the 
optimal model of the methodology, which is an important 
observation for the future application of the methodology. 

The methodology proposed in this study could be useful for 
operators of large photovoltaic installations by supporting the 
decision-making process when creating the cleaning schedule. 
Even though the obtained results are quite promising, they 
have some limitations. They were not tested with real data, 
obtained from drones or satellites, which is an important goal 
for future research. Furthermore, it is worth investigating the 
possibility of increasing the performance of all algorithms by 
using a secondary model for limiting the analyzed area only to 
the area of PV modules, thus allowing the removal of the 
“background” class. 
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