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Abstract
Sustainable Development Goal 7 is dedicated to ensuring access to clean and affordable energy that can be utilized in

various applications. Solar panels (SP) are utilized to convert sunlight into electricity, acting as a renewable energy source.

It is important to keep SP clean to obtain the required performance, as the accumulation of snow and dust on SP greatly

affects the amount of electricity generated. On the other hand, excessive cleaning has some detrimental effects on the SP,

therefore cleaning should only be done when necessary and not on a regular basis. Consequently, it is critical to determine

whether the cleaning procedure is necessary by automatically detecting the presence of dust or snow on the panels while

avoiding inaccurate predictions. Research efforts have been made to detect the presence of dust and snow on SP, but most

of the proposed methods do not guarantee accurate detection results. This paper proposes an accurate, reliable, and

interpretable approach called Solar-OBNet. The proposed Solar-OBNet can detect dusty SP and snow-covered SP very

efficiently and be used in conjunction with the methods used to clean SP. The proposed Solar-OBNet is based on a

Bayesian convolutional neural network, which enables it to express the amount of confidence in its predictions. Two

measurements are used to estimate the uncertainty in the outcomes of the proposed Solar-OBNet, namely predictive

entropy and standard deviation. The proposed Solar-OBNet can express confidence in the correct predictions by showing

low values for predictive entropy and standard deviation. The proposed Solar-OBNet can also give an uncertainty warning

in the case of erroneous predictions by showing high values of predictive entropy and standard deviation. The proposed

Solar-OBNet’s efficacy was verified by interpreting its results using a method called Weighted Gradient-Directed Class

Activation Mapping (Grad-CAM). The proposed Solar-OBNet has achieved a balanced accuracy of 94.07% and an average

specificity 95.83%, outperforming other comparable methods.

Keywords Sustainable development goals � Sustainable energy � Solar panels � Bayesian deep learning � Harris Hawks
optimizer � Interpretable deep learning

1 Introduction

The United Nations adopted the 2030 Agenda to ensure

sustainable development, which includes 17 goals and 169

targets. Goal 7 is focused on producing and dealing with

clean and affordable energy. Due to population expansion

and industrial development, the demand for electrical

energy has significantly expanded. Long ago, traditional

energy sources including coal, natural gas, and crude oil

were regarded as the primary sources of electricity [1, 2].

However, the use of these traditional energy sources has

had a severe impact on the environment, which has sig-

nificantly increased global warming [3]. Accordingly, the

reliance on renewable energy to satisfy global energy
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demands is growing. In 2016, 24% of all electricity was

produced by renewable energy sources, which have been

outpacing natural gas since 2013 [4, 5]. Examples of these

sources include solar, wind, hydro, and biomass. Solar

energy is transformed into electrical energy utilizing SP

[6]. Environmental factors, including operating tempera-

ture, sky condition, snow, leaves, and dust on the PS affect

its performance and efficiency. Dust particles on SP and

those in the atmosphere can reflect, scatter, and absorb

sunlight. As a result of dust particles, less light may be

available for photovoltaic (PV) cells to absorb and convert

into photocurrents. One of the main sources of energy loss

for SP, particularly in dry desert environments, is dust

buildup or soiling on SP [7]. Similarly, accumulating snow

affects the performance of the panels by reducing the

quantity of solar irradiation that reaches the PV cells,

leading to significantly reduced or nonexistent energy

production [4].

Numerous studies looking at the impact of deposited

dust on SP found that soiling rates are highest in tropical

climates, particularly in Asia. Between 20 and 25% of the

power generated by PV cells could be lost during the

process, based on an Indian study on the dust effect [8]. A

study in Saudi Arabia revealed that the yield of SP could

drop by 26–40% due to dusty deposition [9], and other

studies have shown that dust deposition on SP has a sig-

nificant impact on their efficiency [10–17]. On the other

hand, the amount of electricity lost owing to snow cover

has been estimated to reach up to 34% of annual generation

[18] but is usually less than 10% [19–23]. However, due to

the accumulation of snow on SP during the winter,

90–100% of planned generation may be lost, as has been

proven in many studies [23–27].

There are numerous methods that are utilized to clean

SP periodically, including manual, automatic and coating

methods. However, each method has some drawbacks, for

example, the manual cleaning method is slow, labor-in-

tensive, and has risks to human life. The most important

disadvantage of the automatic cleaning method is that its

maintenance costs are high, while the most important dis-

advantage of the coating method is that it may cause a

decrease in electrical efficiency [13, 28]. Hence, detecting

when it is necessary to undergo the cleaning process

automatically rather than cleaning frequently is essential to

mitigate the burden of redundant cleaning processes. There

is a need to rely on accurate methods for detecting dusty SP

and snow-covered SP because any error will result in a

significant loss of energy.

Some of the research efforts have been directed to take

advantage of the significant advances made by artificial

intelligence (AI) methods, especially deep learning (DL)

methods in various fields, in the automatic detection of

dusty SP and snow-covered SP. DL methods have already

achieved effective results in identifying dusty SP and

snow-covered SP [6, 29]. Despite the impressive successes

made by DL methods, these methods do not ensure accu-

rate detection outcomes unless the test data roughly mat-

ches the distribution of the training data. Unfortunately,

practical detection applications where test data frequently

diverges from training data make it challenging to satisfy

this condition. This issue is referred to as the out-of-dis-

tribution (OOD) issue [30]. When working on test data,

traditional DL models have a propensity to be overconfi-

dent when they make incorrect predictions without pro-

viding any kind of warning of uncertainty. The inability of

these models to provide a quantitative estimate of the

predictive uncertainty in their results reveals a lack of

theoretical comprehension of the underlying mechanisms

of DL models. Hence, they are often called ‘‘black boxes’’

[31]. The predictive uncertainty is the sum of the uncer-

tainty in the DL model’s parameters (epistemic uncer-

tainty) and the uncertainty in the data (aleatoric

uncertainty) [32]. The probabilistic version of classical DL

models, known as Bayesian DL models, can offer estimates

of uncertainty because they offer a posterior distribution

across the outputs for a given test sample [33]. Monte Carlo

dropout (MCD) is an effective technique to efficiently

transform any traditional DL model into a Bayesian variant

without increasing the computational time [34]. MCD

technique can be applied to any DL model such as con-

volutional neural network (CNN) by adding a dropout layer

with an appropriate dropout rate, training the model, and

then activating the dropout layer during inference as well.

By activating the dropout during inference and making

multiple forward passes for each test sample, the posterior

distribution is obtained. It has been observed that the

chosen dropout rate significantly influences the obtained

posterior distribution, as choosing a high dropout rate

results in obtaining a highly diverse posterior distribution.

Choosing a low rate will result in very similar posterior

distribution. On the other hand, even using the Bayesian

DL models and improving the reliability and confidence of

the results, there is still a need to use methods to interpret

the results. Several methods can be used to generate visual

interpretations of the results. For example, Grad-CAM [35]

can be used if dealing with image classification tasks. This

paper makes contributions toward maintaining the sus-

tainability and efficiency of SP which can be summarized

as follows:

1. This paper introduces an approach called Solar-OBNet

for the accurate detection of dusty SP and snow-

covered SP by classifying SP into three categories:

clean SP, dusty SP, or snow-covered SP. Clean SP

indicates that no cleaning is required whereas either
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dusty SP or snow-covered SP means that cleaning is

needed.

2. The proposed Solar-OBNet is relying on the use of a

Bayesian CNN model by employing the MCD

technique.

3. The best value for the dropout rate is determined via an

optimization algorithm called Harris Hawks Optimizer

(HHO) due to its significant impact on the posterior

distribution.

4. Two measures of uncertainty, standard deviation, and

predictive entropy, are utilized to assess the predictive

uncertainty over the posterior distribution. These two

measures serve as a warning indicator for uncertainty if

predictions turn out to be incorrect.

5. To interpret the results of the proposed Solar-OBNet to

ensure its efficiency and avoid being a black box,

Grad-CAM is used.

The following are the remaining sections of the paper.

Section 2 highlights related work that provides AI models

for the identification of dusty SP and snow-covered SP.

Section 3 provides the theoretical backgrounds underlying

the proposed Solar-OBNet, and Sect. 4 discusses the

dataset utilized in this study. The proposed Solar-OBNet is

discussed in Sect. 5, while Sect. 6 shows and describes the

proposed Solar-OBNet’s results. Lastly, the conclusions

are presented in Sect. 7.

2 Literature review

There are research efforts that have been made to enhance

the efficiency of SP and mitigate the negative effects of

dust and snow on SP. Researchers have used a variety of

techniques for the classification and detection of dust in

different applications, such as k-nearest neighbors (KNN)

[36], random forest [37] with 90% accuracy. Other

researchers have taken to measuring the dimensions of dust

particles using high-resolution images [38]. A model called

SolNet was proposed in [6] to detect dusty SP. SolNet

achieved an average accuracy of 98.5%, outperforming

VGG-16, AlexNet, and ResNet-50 on a newly proposed

dataset of images of SP collected from Bangladesh.

To improve the efficiency of large-scale industrial

cogeneration facilities, this research [39] offers a novel

image classification technique that simultaneously detects

and categorizes dust and soil on PV arrays. The suggested

method uses high-resolution camera images of PV arrays,

seasonal weather data for the industry, and cogeneration

power plant operational parameters as training data. In

order to perform combined classification and detection

tasks, the training data is then input into the DL framework,

which comprises CNN-based models and long-short-term

memory (LSTM) models. The suggested method got

96.54% accuracy. Both SqueezNet and AlexNet transfer

learning techniques are utilized for image categorization in

[40]. The Fluke TiS60 Thermal Imager is used in this study

to identify hotspots caused by dust buildup and to classify

faulty and healthy photos. AlexNet outperformed Squee-

zeNet with an accuracy of 99.3%. To anticipate the con-

centration of unevenly accumulated dust, a DL network

was employed in combination with image processing [41],

where 3.67% mean absolute error (MAE) is obtained.

Additionally, AI techniques have been used to predict the

performance of the SP. Binary labeling was utilized to

capture 30,000 photos, and the power loss was estimated

while maintaining the same irradiance level using CNN

LeNet model in [42]. This model achieved 80% accuracy

and a mean squared error (MSE) of 0.0122. Similarly, the

AlexNet, LeNet, and VGG-16 models were applied in [43]

to a dataset of 599 images for detecting panels defects, with

AlexNet outperformed the rest with an accuracy of 93.3%.

Researchers have introduced an approach called DeepSo-

larEye based on CNNs to estimate power loss and soiling

localization; they presented bi-directional input-aware

fusion (BiDIAF) block to enhance CNNs localization

abilities [44]. For snow detection, VGG-19, ResNet-50,

and InceptionV3 have been applied on drone, augmented

image dataset of SP with snow layers in [29]. They

reported the f1-score of the three models with 100% for

Inception V3, 99% for VGG-19, and 91% for ResNet-50.

In [45], multiple ML models were utilized to detect the

presence of different sources of pollution on SP surfaces:

dust, branch, leaves, and powder. Each ML model was

trained on a numerical dataset collected by manually pol-

luting SP with these types of pollution. Various parameters

are then measured taking into account weather parameters

including temperature and irradiation. An accuracy of

97.37% and a f1-score of 83.2% were attained by the

suggested ensemble model [45].

Despite the good results of the models proposed in the

literature for detecting fouling of solar panels that affect

their efficiency and discussed above, no reliable model has

been presented that can express the level of confidence in

its predictions [6, 29, 36–45]. In important applications

such as energy-related applications, predictive systems that

are responsible, transparent, and reliable must be relied

upon. Quantifying uncertainty is a critical first step to

delivering transparent, responsible, and reliable systems,

and Bayesian DL is one of the most important ways to

achieve this.
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3 Basics and background

This section discusses the theoretical background on which

the proposed Solar-OBNet is based, namely BCNN and

HHO algorithm.

3.1 Convolutional neural networks

In the fields of image recognition, CNNs are the most

widely applied DL networks. This is a result of its two-part

architecture, the convolutional part dedicated to extracting

the most important features from input images, and the

classification part dedicated to classifying images using the

extracted features. Convolutional layers, activation layers

and pooling layers are the fundamental set of layers that

make up the convolutional part. The core set of layers that

comprise the classification part are flatten layer, dense

layers and activation layers. To enhance generalization,

and prevent overfitting of CNNs, dropout layers can be

added to both the convolutional and classification layers.

To acquire the best outcomes in a fair length of time, CNNs

must be trained on a vast quantity of labeled data and

provide efficient computing resources. However, in many

fields, availability of sufficient quantities of labeled data to

train CNN from scratch is a major challenge. The most

widely used method at the moment to address these flaws is

the transfer learning method. This method is to utilize a

CNN model trained on a dataset for a base task and take

advantage of the features the model has learned on that

dataset to serve as a starting point for customizing that

model for another processing data. In order to customize

the pre-trained CNN model for a different processing data,

the classification part of the pre-trained CNN model must

first be changed to one appropriate for the new processing

data and then trained. To adapt the pre-trained CNN model

more appropriately to the new processing data and improve

performance, the last convolutional layers of the pre-

trained CNN’s convolutional part are unfrozen and

retrained [46–48]. There are many pre-trained CNN models

that can be leveraged and adapted for various other pro-

cessing data such as DenseNet169 [49], MobileNet [50],

and EfficientNetB0 [51].

In CNN models that are employed in classification tasks,

the learning procedure entails iteratively optimizing a loss

function such as the cross-entropy (CE) to find the best

values for weights and biases (parameters) of the model.

The optimization of the CE is based on the use of opti-

mization algorithms such as Adam [52].

3.2 Bayesian convolutional neural networks

In a typical CNN model, the model’s parameters are lim-

ited to a point estimate, producing specific outputs for the

test inputs [53]. In contrast, the parameters of Bayesian

CNN models hð Þ are expressed as probability distributions

and learned utilizing Bayesian inference. Given a dataset

x ¼ fx1; x2; . . .; xng and corresponding labels

y ¼ y1; y2; . . .; ynf g, the posterior distribution which can

help Bayesian CNN models capture uncertainty of the

model’s parameters can be computed utilizing Bayes’ rule

as Eq. 1.

p hjx; yð Þ ¼ p yjx; hð Þp hð Þ
pðyjxÞ ð1Þ

Because of the extreme nonlinear nature of CNN mod-

els, which results from the presence of a large number of

hidden layers and various activation functions, an accurate

calculation of p hjx; yð Þ is not possible. To overcome this,

alternative methods such as MCD can be utilized to

approximate Bayesian inference. In the MCD method, the

posterior distribution can be acquired by activating the

MCD at the test time and each test sample is passed to the

model K times. With MCD activated during the testing

time, a different output is generated with each forward pass

of the same input. The predictive mean (Pm) of the

obtained posterior predictive distribution (PPD) is the basis

for measures that can be used to determine model uncer-

tainty for input samples and can be computed as shown in

Eq. 2 [54]. Predictive entropy (PE) and standard deviation

(SD) which are the measures used to quantify uncertainty

in model predictions are calculated as shown in Eqs. 3 and

4, respectively. PE reflects how a model’s prediction is far

from the actual label, therefore, the lower the PE value, the

more confident the model is in its prediction. SD refers to

the amount of variance in different results obtained by

passing test samples K forward times, and the lower this

variance, the higher the degree of confidence in the results

[55, 56].

Pm ¼ 1

K

X

k

p ŷ ¼ x; ĥk
� �

ð2Þ

PE ¼ �
X

c

Pm logPm ð3Þ

SD ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1

K

X

k

p ŷ ¼ cjx; ĥk
� �

� Pm

� �
Þ2

s
ð4Þ

where K represents the number of forward passes of the

test samples,x is the test sample, bhk is the model’s

parameters on a specific kth forward pass, c is the Softmax
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output, and pðby ¼ cjx; bhkÞ represents the probability that by
belongs to c.

3.3 Harris Hawks optimizer algorithm

Harris Hawks optimizer (HHO) is a mathematical algo-

rithm that simulates the dynamics of Harris hawk predator–

prey relationship [57, 58]. This algorithm is relatively new

and was introduced in [57]. In [57], HHO has achieved the

best global optimum for multi-dimensional problems

compared to eleven optimizers, including the particle

swarm optimization (PSO) [59], the moth flame optimizer

(MFO) [60], and the flower pollination algorithm (FPA)

[61]. In addition, HHO achieved a reasonably fast perfor-

mance in finding the best solutions. This is because HHO

uses a variety of search techniques based on adaptive

parameters to select the optimal movement. Furthermore,

by using time-varying parameters, HHO is able to tackle a

search space’s challenges, such as local optimal solutions,

and misleading optima. Therefore, in the context of DL and

the high-dimensional data it deals with, HHO is well suited

for solving problems related to DL models [62–64].

The HHO algorithm is divided into three phases:

exploring, transition and exploitation. Initially, A popula-

tion of N positions of Harris Hawks are randomly initial-

ized zi; i ¼ 1; . . .;N. In the exploration phase, Hawks use

the following two strategies to locate its prey: they either

move according to the positions of other family members,

this is in order to be close enough to them at the time of

attacking, or according to the rabbit position. The selection

between the two strategies is modeled using random vari-

able st such that if st\0:5, the hawks change their loca-

tions based on the rabbit position, whereas for st� 0:5, they

choose their locations randomly inside the group’s home

range. The positions are updated as follows in Eq. 5:

z t þ 1ð Þ ¼
zrand tð Þ � r1 zrand tð Þ � 2r2z tð Þj j st� 0:5

zrabbit tð Þ � zmean tð Þ � r3 L� r4 U � Lð Þð Þ st\0:5

�

ð5Þ

where z t þ 1ð Þ is the Hawk’s positions vector of the next

iteration and z tð Þ is the current positions vector of the

current iteration. t is the current iteration number. zrand tð Þ is
a random position chosen from the population, and zrabbit tð Þ
is the rabbit. L;U are the corresponding lower and upper

bounds for generating random locations inside the Hawks’

house. All st; r1; r2; r3; and r4 are random numbers between

0 and 1. zmean tð Þ is the mean position of current Hawk’s

individuals in the population, and it is calculated as shown

in Eq. 6.

zmean tð Þ ¼ 1

N

XN

i¼0

zi tð Þ ð6Þ

where zi tð Þ is the position vector of the ith hawk in the

population for the current iteration t. N denotes the number

of Hawks in the population. In the transition phase, the

energy of the escaping rabbit controls whether the Hawks

perform exploration or exploitation. The energy of the

rabbit is given by:

Erabbit ¼ 2E0 1� t

max iter

� �
ð7Þ

where E0 represents the initial energy of the rabbit, and it is

randomly produced between [-1, 1]. max iter denotes the

maximum number of iterations. When Erabbitj j � 1, the

exploration phase continues, whereas the exploitation

phase begins when Erabbitj j\1. In the exploitation phase,

the Hawks attempt to attack the rabbit. At the same time,

the rabbit tries to escape with a 50% chance of success and

failure denoted as c. The escaping rabbit energy specify

how the Hawks will accomplish its goal, such that, if

Erabbitj j � 0:5 and c� 0:5, soft besiege is done. During soft

besiege, the Hawks gently surround the rabbit to tire it out

before launching an unexpected attack. The following is a

mathematical formulation of the soft besiege.

z t þ 1ð Þ ¼ zdiff tð Þ � Erabbit Jzrabbit tð Þ � z tð Þj j ð8Þ

where zdiff tð Þ is the difference between the hawk position

and the rabbit position at the current iteration. J ¼ 2 1�r5ð Þ
stands for the random jump strength of the rabbit during the

escaping process. To replicate the characteristics of rabbit

motions, the J value varies randomly with each iteration. In

case c\0:5 and Erabbitj j � 0:5, the rabbit has enough energy

to successfully escape, soft besiege with progressive rapid

dives is performed. The Hawks are able to select the best

possible dive. Lévy fight is utilized to simulate the zigzag

deceptive movements of the escaping rabbit. To determine

whether the dive is good, the next move of the Hawks is

calculated as follows:

movnxt ¼ zrabbit tð Þ � Erabbit Jzrabbit tð Þ � z tð Þj j ð9Þ

Then, in order to determine whether or not the dive

would be successful, they compare the potential outcome

of such a movement to the prior dive. If the prior dive

proves to be ineffective, the Hawks will dive using Levy

fight L pattern as follows

zlevy ¼ movnxt þ wLevy Dð Þ ð10Þ

where D is the problem dimension, w denotes a random

vector of size D and L is the function representing Levy

flight.
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Levy xð Þ ¼ 0:01
u� r

vj j
1
b

 !
ð11Þ

r ¼
C 1þ bð Þ � sin pb

2

� 	

C 1þb
2

� 	
� b� 2

b�1
2ð Þ

 !1
b

s ð12Þ

where u and v are random numbers from 0 to 1, and b is a

constant equal to 1.5. The final soft besiege progressive

rapid dives are updated utilizing Eq. 13. On the other hand,

when Erabbitj j\0:5 and c� 0:5, the hard besiege is done in

which the rabbit is so tired and has a low escaping energy.

Furthermore, the Harris’ Hawks barely circle the selected

rabbit before making their final unexpected attack. Hard

besiege can be described as Eq. 14. When Erabbitj j\0:5 and

c\0:5, the rabbit lacks the energy to escape and a hard

besiege is organized before the unexpected attack to cap-

ture and murder the rabbit. This is called hard besiege with

progressive rapid dives, in which z(t ? 1) is calculated as

Eq. 13 except that movnxt is calculated as Eq. 15. Algo-

rithm 1 summarizes the HHO algorithm.

z t þ 1ð Þ ¼ movnxt; if Fðmovnxt\z tð ÞÞ
zlevy; if ðzlevy\z tð ÞÞ

�
ð13Þ

z t þ 1ð Þ ¼ z tð Þ � Erabbit Jzdiff tð Þj j ð14Þ
movnxt ¼ zrabbit tð Þ � Erabbit Jzrabbit tð Þ � zmean tð Þj j ð15Þ
Algorithm 1 Pseudocode of HHO algorithm

4 Dataset description

The solar panel soiling (SPS) dataset presented in this

paper is used to detect clean SP, dusty SP, and snow-

covered SP. The dataset includes 725 images; of which 300

are images of clean SP, 300 images of dusty SP, and 125

images of SP completely and partially covered with snow.

The images in the first column in Fig. 1 are some images of

clean SP, the images in the second column are some

images of dusty SP, and the images in the third column are

some images of snow-covered SP. All images in the SPS

dataset were selected from two public datasets. The first

dataset is available on Kaggle [65], it has 1493 images of

clean SP and 1069 images of dusty SP. The second dataset

has been published in [29] and available on [66], it contains

270 images of SP without snow on them, 27 images of SP
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partially covered in snow, and 98 images of SP completely

covered with snow. Images of clean SP and dusty SP in the

SPS dataset were selected from the first dataset, while

images of SP completely and partially covered with snow

were selected from the second dataset.

5 Proposed Solar-OBNet

As depicted in Fig. 2, the proposed Solar-OBNet primarily

includes three phases: data preparation phase, optimization

and training phase, and inference phase. Explanations of

each of these phases can be found in the ensuing

subsections.

5.1 Data preparation phase

The SPS dataset is separated into three sets: training, val-

idation, and test. 70% of each of the clean solar panel

images, dusty solar panel images, and snow-covered solar

panel images were assigned to the training set, at this

phase. 15% of the clean solar panel images, dusty solar

panel images, and snow-covered solar panel images were

assigned to the test set and the same to the validation set. In

other words, there are 507 images in the training set; 210 of

these images are of clean SP, 210 images of dusty SP, and

87 images of snow-covered SP. On the other hand, both the

test and validation sets contain 109 images; 45 of them are

from the clean solar panel category, 45 images are from the

category of dusty SP, and 19 images are from the category

of snow-covered SP, as depicted in Fig. 3. Before starting

the second phase of the proposed approach, all samples in

training, validation, and test sets are normalized and data

augmentation techniques were employed to the training set

to avoid overfitting. This phase is also explained in steps

1–3 in Algorithm 2.

5.2 Optimization and training phase

At this phase, multiple pre-trained CNNs, including

VGGNet, DenseNet169, MobileNet, ResNet101V2 and

EfficientNetB0, were tested in order to determine which

would be the best at detecting solar panel soiling.

According to preliminary results, DenseNet169 was able to

detect soiling of SP with higher accuracy. The pre-trained

DenseNet169 was adapted to the SPS dataset by preserving

its convolutional part and changing the classifier with

another four-layer classifier, as depicted in steps 4–8 in

Algorithm 2. The four layers of the new classifier part are

one flatten layer, two fully connected (FC) layers

Fig. 1 Few samples of clean

SP, dusty SP, and snow-covered

SP in the SPS dataset

Neural Computing and Applications (2024) 36:17145–17163 17151

123



Fig. 2 Structure of the proposed Solar-OBNet. SPS Dataset, solar panel soiling dataset
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interspersed with one MCD layer to make it Bayesian.

Adding one MCD layer is a simple trick, but it has a huge

impact on converting the adapted DenseNet169 to a

Bayesian network. The PPD obtained from the Bayesian

network is significantly affected by the MCD rate. The

PPD will be divergent if the MCD rate is quite high. In

contrast, the PPD will be convergent if the MCD rate is

relatively low. Therefore, MCD rate must be chosen

carefully. In such a situation where there are no theoretical

guidelines to determine the appropriate MCD rate, relying

on an optimization algorithm to determine the MCD rate is

an effective solution instead of the random selection

method [67]. Therefore, in this phase the optimal MCD

rate is determined using HHO algorithm, as depicted in

step 7 in Algorithm 2. The HHO algorithm generates the

MCD rate and feeds it into the adapted DenseNet169. The

training procedure for the adapted DenseNet169 begins as

soon as it receives the generated MCD rate. The MCD’s

optimal rate is established when the HHO algorithm has

completed its maximum number of iterations. The adapted

DenseNet169 is then trained using the MCD value that was

obtained by the HHO algorithm, as shown in step 15 in

Algorithm 2. The adapted DenseNet169 model is trained

by keeping the convolutional part of the adapted Dense-

Net169 frozen, while the new classifier is trained for a

predetermined number of iterations. For best results, the

adapted DenseNet169 was trained again by unblocking the

training of the last four layers of the convolutional part and

training them together with the classifier part for a specified

number of iterations.

5.3 Inference phase

In this phase, the adapted DenseNet169 is evaluated after

being trained in the previous phase using the test set while

keeping the MCD activated. Each test sample is predicted

T times to get the PPD, then Pm is calculated according to

Eq. 2, as shown in steps 19–22 in Algorithm 2. Hence, two

uncertainty metrics are generated to quantify the proposed

Solar-OBNet’s predictions uncertainty, as shown in steps

23 and 24 in Algorithm 2. In addition, the proposed Solar-

OBNet predictions are evaluated using several evaluation

metrics, as shown in step 25 in Algorithm 2.

Fig. 3 Illustrative structure of the data distribution in the training set, validation set, and test set
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Algorithm 2 Pseudocode for the proposed Solar-OBNet

6 Experimental results and discussion

This section shows a detailed presentation of the experi-

mental setup for the three phases of the proposed Solar-

OBNet that were discussed in Sect. 5. The results of all

phases are also presented, and a comparison between the

results of state-of-the-art (SOTA) methods and the pro-

posed Solar-OBNet is made in this section. On a Kaggle

notebook with 16 GB GPU and 14 GB RAM, the proposed

Solar-OBNet phases were executed utilizing Python and

Keras library. Utilizing this specific environment, the

phases of the proposed Solar-OBNet were implemented in

six hours, with most of this time taken up in the opti-

mization and training phase.

6.1 Experimental setup

6.1.1 Data preprocessing

The training set was expanded with more samples by

applying six data augmentation technique before it was

used in the proposed Solar-OBNet’s last two phases.

Augmentation techniques generate many versions of the

images which greatly helps in avoiding overfitting. Rota-

tion augmentation, zoom augmentation, shear augmenta-

tion, height shift augmentation, width shift augmentation,

and horizontal flip augmentation are the data augmentation

techniques employed. The corresponding values of the

augmentation techniques are rotation angle: 10� zoom

range: 0.25, shear range: 0.3, height shift: 0.2, width shift:

0.2, and horizontal flip: True. Figure 4 displays some

samples of the augmented images.
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6.1.2 Optimization and training phase

To find the optimal settings for the hyper-parameters of the

adapted DenseNet169, which vary depending on the

problem to be addressed, several experiments based on

random selection were conducted. The hyper-parame-

ters that significantly influence the performance of the pre-

trained models are the batch size (BS), learning rate (LR),

activation function, optimization function, number of

neurons in the FC layers, and input image size. The

experiments conducted have indicated that the adapted

DenseNet169 begins to achieve good performance when

the hyper-parameter settings are as stated in Table 1. It was

found that the results of the adapted DenseNet169 are

much better when the input size is 280 9 280 pixels. Since

there was no discernible impact on the outcomes when the

number of units or neurons in the first FC layer was more

than 80 units and only the time the model needed to train

increased, the number of units in the first FC layer was set

to 80. For the first FC layer, the RELU activation function

[68] was employed, as depicted in step 6 in Algorithm 2.

The output layer, which is the second FC layer, contains as

many units as there are classes in the SPS dataset. For the

second FC layer, the SoftMax activation function was

employed. With a LR of 2e-5, Nadam [69] was shown to

update model weights and converge more quickly and

effectively than others in this task after trying a variety of

optimization algorithms, including Adam [70], AdaMax

[69], and Nadam. The loss function used in the architecture

of the adapted DenseNet169 is the categorical CE, as

shown in step 9 in Algorithm 2.

After selecting suitable hyper-parameters for the adap-

ted DenseNet169, an MCD layer was added after the first

FC layer and then the adapted DenseNet169 was combined

with the HHO algorithm to determine the ideal MCD rate.

The HHO’s parameter values were chosen randomly, the

max iter and population size of HHO algorithm were set to

5 and 10, respectively. The search range for the MCD

value, whose value will be set by HHO algorithm, is

restricted to [0.1, 0.9]. It was noticed that the optimization

procedure takes exponentially more time when training the

adapted DenseNet169 more than five epochs. Therefore,

the number of training epochs for the adapted Dense-

Net169 model was set to five, as shown in step 10 in

Algorithm 2. The HHO algorithm’s fitness function is to

reduce the validation set’s loss rate as possible, as shown in

step 11 in Algorithm 2. The ideal MCD rate was found by

the HHO algorithm to be 0.37 after the pre-specified

number of iterations of this algorithm were over, as

depicted in Table 1.

After completing the optimization phase, in which the

optimal rate of the MCD is determined, the adapted Den-

seNet169 model is trained with this determined value for

50 epochs while keeping the convolutional part of the

adapted DenseNet169 frozen, as shown in step 18 in

Algorithm 2. The adapted DenseNet169 is trained again by

unblocking the training of the last four layers of the con-

volutional part for 50 epochs to improve the results. The

early stopping technique [71] was utilized to compel the

training to end before the specified number of training

epochs had been completed if no progress was noticed for

10 epochs. The purpose of using this technique is to reduce

the possibility of overfitting. The LR decay [72] is utilized

to improve the model’s performance, as the value of the LR

falls by 0.2 every five epochs in the event that accuracy

does not rise.

Fig. 4 Some images of dusty SP generated from applying various

augmentation techniques. a The original dusty solar panel image, and

b–d are the images that were produced by applying certain data

augmentation techniques

Table 1 Values assigned to the hyper-parameters of the adapted

DenseNet169 model

Hyper-parameter Corresponding setting

Input size 200

Count of units in the first FC layer 80

The first FC layer’s activation function RELU

Count of units in the second FC layer 3

The second FC layer’s activation function Softmax

Loss function Categorical CE

BS 4

Optimization function Nadam

The initial value of the LR 2e-5

MCD rate 0.37
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6.1.3 Inference phase

The PPD is obtained at this phase by making 100 predic-

tions for each test sample, after which the average of those

predictions is then calculated. The PE and SD of the PPD

are calculated as Eqs. 3 and 4, respectively, to assess the

predictive uncertainty of the proposed Solar-OBNet. PE

demonstrates the degree of uncertainty in the forecast,

while SD demonstrates variances in the predictions of the

proposed Solar-OBNet. Six performance metrics are used

to evaluate Solar-OBNet’s results using the average of

those predictions. These performance metrics include the

accuracy, precision, sensitivity, specificity, f1-score, and

balanced accuracy, which are calculated as Eqs. 16–21.

Accuracy =
TP + TN

TP + TN + FP + FN

� �
� 100 ð16Þ

Balanced Accuracy ¼ Sensitivity + Specificity

2

� �
� 100

ð17Þ

Sensitivity or Recall ¼ TP

TP + FN

� �
� 100 ð18Þ

Precision =
TP

TP + FP

� �
� 100 ð19Þ

Specificity =
TN

FP + TN

� �
� 100 ð20Þ

F1 - Score ¼ 2
Sensitivity� Precision

Sensitivity + Precision

� �
� 100 ð21Þ

where TN = True Negative, and TP = True Positive,

FP = False Positive, and FN = False Negative.

6.2 Results of the proposed Solar-OBNet

In this experiment, the test set includes 109 samples, of

which 45 samples out of 109 belong to the clean solar panel

category, 45 samples belong to the dusty solar panel cat-

egory, and 19 samples belong to the snow-covered solar

panel category. As shown in Fig. 5a, which displays the

confusion matrix showing the proposed Solar-OBNet’s

performance in classifying test samples, it misclassified

only eight samples out of the total test samples. By

examining the samples that were misclassified by the

proposed Solar-OBNet, it can be observed that there is an

overlap between the clean solar panel category and the

dusty solar panel category. This is due to the difficulty of

differentiating between these two categories, as some

samples in the category of dusty SP contain a very small

amount of dust, which made the proposed Solar-OBNet

misclassify them.

Although the proposed Solar-OBNet misclassified some

test samples, it is able to show uncertainty in its predictions

for these samples through the high values of PE and SD as

shown in Fig. 6. Figure 6 presents samples mistakenly

classified by the proposed Solar-OBNet, and the top two

samples are from the clean SP class but classified as the

dusty SP class. The last two samples are from the dusty SP

class but were mistakenly classified as the clean SP class.

As shown in Fig. 6, below each misclassified sample is a

detailed list of results obtained from the proposed Solar-

OBNet, where the probability of each category and the PE

and SD values are listed. The ability of the proposed Solar-

OBNet to reflect great uncertainty in the misclassification

is demonstrated by the high values of SD and PE for each

sample.

Fig. 5 Proposed Solar-OBNet’s performance on the test set: a confusion matrix, b ROC-AUC curve, class 0 = clean SP class, class 1 = dusty SP

class, and class 2 = snow-covered SP class

17156 Neural Computing and Applications (2024) 36:17145–17163

123



Fig. 6 Four incorrectly classified test samples by the proposed Solar-OBNet with stating each class’s probability, standard deviation, and

predictive entropy for each sample below it
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Fig. 7 Four correctly classified test samples by the proposed Solar-OBNet with stating each class’s probability, standard deviation, and

predictive entropy of each sample below it
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Given Fig. 7, which presents some samples that were

classified correctly by the proposed Solar-OBNet, it can be

observed that the values of the PE and SD are low. Low

values for PE and SD reflect the confidence of the proposed

Solar-OBNet in its predictions. The first sample in Fig. 7 is

an image of a clean solar panel that was classified correctly

by the proposed Solar-OBNet. The second and third sam-

ples in Fig. 7 are images of dusty SP that were classified

correctly by the proposed Solar-OBNet. The last sample in

Fig. 7 is an image of a snow-covered solar panel that has

been correctly classified by the proposed Solar-OBNet. The

small values of PE and SD for each sample in Fig. 7

demonstrate how well the proposed Solar-OBNet can give

a high degree of confidence in the correct predictions. This

implies that the proposed Solar-OBNet’s predictions with

low PE and SD are substantially accurate, and do not

require human intervention.

As given in Table 2, the proposed Solar-OBNet yielded

an accuracy of 92.66%, a balanced accuracy of 94.07%, an

average f1-score of 94.06%, an average sensitivity of

94.07%, an average precision of 94.29%, and an average

specificity of 95.83%. The balanced accuracy result

demonstrates that the proposed Solar-OBNet can address

the issue of data imbalance. The proposed Solar- OBNet

produced an overall SD of 0.16, showing that its predic-

tions are not very variable. As depicted in Table 2, the

proposed Solar-OBNet yielded an overall PE value of 0.39

indicating high confidence and low uncertainty in its pre-

dictions. Additionally, the proposed Solar-OBNet’s per-

formance was also examined utilizing a receiver operating

characteristic (ROC) curve, with the X and Y axes repre-

senting the false positive rate (FPR) and true positive rate

(TPR) with values between 0 and 1, as shown in Fig. 5b.

The proposed Solar-OBNet’s performance is more suc-

cessful the closer the ROC curve is to the upper left corner.

In addition, the area under the ROC curve (AUC) that is

within the range [0.5, 1.0] can be utilized to verify the

proposed Solar-OBNet’s performance. The higher the AUC

value, the more accurate the proposed Solar-OBNet is in

differentiating between classes. As is well known, the ROC

curve and AUC are typically for binary class classification

tasks. In order to apply it for multiclass tasks, TPR and

FPR are calculated for each class versus all others (as-

sumed as one) and then the TPRs and FPRs of all classes

are averaged to get the micro-average ROC curve and

AUC. As can be observed in Fig. 5b, the ROC curve of the

snow-covered SP class is so close to the upper left corner

that it is not clear, and the AUC value is 1. The AUC of the

ROC curve for the clean SP class, and the dusty SP class

are 0.96, and 0.95, respectively. The micro-average AUC

of the micro-average ROC curve is 0.98, as shown in

Fig. 5b.

To make sure the proposed Solar-OBNet’s robustness

and interpret its predictions, Grad-CAM was employed.

Grad-CAM is an algorithm applied to the last convolu-

tional layer to highlight specific regions in the input image

from which the DL model’s predictions can be interpreted.

This algorithm could be used as a screening method to see

what features DL models use in making their predictions.

In other words, Grad-CAM can act as a utility to see if the

proposed Solar-OBNet is already using detailed and correct

Table 2 Performance results of the proposed Solar-OBNet on the test

set

Performance metric Value

Accuracy 92.66%

Average sensitivity (or recall) 94.07%

Average precision 94.29%

Average f1-score 94.06%

Average specificity 95.83%

Balanced accuracy 94.07%

PE 0.39

SD 0.165

Fig. 8 Grad-CAM visualization of some test samples correctly

classified by the proposed Solar-OBNet. The color indicates the

degree of activation from the most significant feature (red), and

significant feature (yellow), to low importance feature (green) and the

least important feature (blue) (color figure online)
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features and can provide understandable visual information

about the proposed Solar-OBNet’s performance. As illus-

trated in Fig. 8, there are three test samples that have been

identified correctly by the proposed Solar-OBNet and next

to each sample is the Grad-CAM generated for it. The first

sample is a clean solar panel image with the generated

Grad-CAM image next to it, and the second sample is a

dusty solar panel image with the generated Grad-CAM

image next to it. The third sample is a snow-covered solar

panel with the generated Grad-CAM image next to it.

Grad-CAM is used to visualize and highlight significant

regions and features upon which the proposed Solar-OBNet

is based to differentiate between clean SP, dusty SP, and

snow-covered SP. The significant regions highlighted in

red show that the proposed Solar-OBNet can successfully

identify the image’s class using the most useful features.

6.3 Comparison with SOTA methods

The Solar-OBNet’s performance with the use of the opti-

mization phase was compared with the performance with-

out the use of the optimization phase. To evaluate the

optimization phase’s efficiency (the phase in which the

optimal rate of MCD is set by the HHO algorithm) on the

performance of the proposed Solar-OBNet. The MCD rate

in the proposed Solar-OBNet without the optimization

phase was randomly chosen to be 0.8. Looking at the

results obtained from the proposed Solar-OBNet without

the optimization phase in Table 3, the proposed Solar-

OBNet’s performance was severely affected when the

MCD rate was set to this randomly chosen value. The

proposed Solar-OBNet without the optimization phase

obtained a very high PE value of 0.76 in comparison with

the proposed Solar-OBNet, which implies very high levels

of uncertainty in the results. The SD value is greater than

that achieved by the Solar-OBNet with the optimization

phase as shown in Tables 2 and 3. Higher SD indicates

higher variance in predictions of the Solar-OBNet without

the optimization phase. As given in Table 3, the Solar-

OBNet without the optimization phase performed worse

than the proposed Solar-OBNet in terms of all evaluation

measures.

The proposed Solar-OBNet’s results were compared

with the results of the adapted DenseNet169 where no

MCD layer was added. To compare the proposed Solar-

OBNet’s performance with that of the non-Bayesian

approach. As shown in Table 3, the adapted DenseNet169

performed worse than the proposed Solar-OBNet in terms

of all evaluation measures. This is an indication that the

proposed Solar-OBNet is not only useful in providing

uncertainty in predictions, but also achieves a higher level

of accuracy. According to the comparison, it can be con-

cluded that Bayesian inference-based approaches are

superior to approaches that are not based on Bayesian

inference and reveal the degree of confidence in the pre-

dictions. In case of concentrating on approaches that rely

on Bayesian inference, obtaining the best results depends

greatly on choosing an appropriate value for the MCD.

The proposed Solar-OBNet’s performance was com-

pared with that of other SOTA methods introduced in

[6, 45], as shown in Table 4. The SolNet model that was

proposed in [6] is only able to detect the presence of dust

on SP, as it was trained on a dataset containing images of

clean SP and dusty SP. This model achieved accuracy,

average precision, average recall, and average f1-score of

98.2%, 96.6%, 96.69%, and 96.12%, respectively. The

proposed Solar-OBNet is superior to the SolNet model in

its ability to detect the presence of dust and snow on SP and

not just detect dust as is the case in the SolNet model. The

stacked ensemble model proposed in [45] can detect the

presence of four types of pollution on SP: dust, branch,

leaves, and powder. Each model in this ensemble model

was trained on a numerical dataset containing SP-specific

features and weather-specific features. The stacked

ensemble model presented in [45] outperformed the pro-

posed Solar-OBNet in terms of its ability to detect a greater

Table 3 Performance evaluation of the proposed Solar-OBNet in comparison to other approaches

Evaluation metric Proposed Solar-OBNet without optimization phase Adapted DenseNet169 Proposed Solar-OBNet

Accuracy 88.99% 87.15% 92.66%

Average precision 91.33% 89.33% 94.33%

Average recall 91% 89.33% 94.33%

Average f1-score 91% 89.33% 94%

Average specificity 93.75% 92.71% 95.83%

Balanced accuracy 92.38% 91.02% 95.08%

PE 0.76 – 0.39

SD 0.35 – 0.165

Bold indicates the best results
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number of pollutants that could be present on the surface of

SP. However, the stacked ensemble model did not achieve

high performance in terms of average precision, average

recall, and average f1-score, as shown in Table 4.

7 Conclusion and future work

Renewable energy is an important source for meeting

energy needs, in addition to being a clean source of energy

through which the seventh goal of SDGs can be achieved.

Solar energy is the most important source of renewable

energy, and this energy is converted into electrical energy

using SP. In order to obtain the largest amount of electrical

energy from the SP, it must always be ensured that they are

clean. However, environmental factors such as dust and

snow impede the fulfillment of this condition. Therefore,

SP are always cleaned periodically, but most of the

methods used to clean SP at an affordable cost have neg-

ative effects either on human health or on the efficiency of

SP. To lessen the negative effects of frequent cleaning

operations, SP must be automatically cleaned only when

necessary. Additionally, since any inaccurate prediction

would result in a significant loss of energy, reliable

methods must be used to identify dusty SP and snow-

covered SP. This paper presents a reliable approach cap-

able of detecting the presence of dust or snow on SP. The

proposed Solar-OBNet, named Solar-OBNet, is based on a

Bayesian CNN, and the Bayesian approximation was per-

formed using the MCD method. In this method, a dropout

layer is added to the CNN with an appropriate dropout rate,

the network is trained, and then the dropout layer is acti-

vated during testing. To select the appropriate dropout rate,

the HHO algorithm was used. In addition to the high bal-

anced accuracy of the results of the proposed Solar-OBNet,

which reached 94.07%, the proposed Solar-OBNet pro-

vides the quantity of confidence in its predictions. The

proposed Solar-OBNet shows high confidence with correct

predictions and high uncertainty warning with false pre-

dictions, which in this case requires human examination.

The approach proposed in this paper helps to preserve the

efficiency of SP from some effects of environmental fac-

tors: dust and snow, but there are other environmental

factors that can also significantly affect the efficiency of

SP, such as temperature, shade, and leaves. Providing AI-

based approaches to detect exposure of SP to these other

environmental factors with high accuracy is also an

important issue to be addressed in future studies. Future

research directions could involve working on improving

the proposed approach and applying it to real-world

scenarios.
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