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Abstract—Coastal and offshore oil and gas structures and
operations are subject to continuous exposure to environmental
conditions (ECs) such as varying air and water temperatures,
rough sea conditions, strong winds, high humidity, rain, and
varying cloud cover. To monitor ECs, weather and wave sensors
are installed on these facilities. However, the capital expenditure
(CAPEX) and operational expenses (OPEX) of these sensors are
high, especially for offshore structures. For observable ECs, such
as cloud cover, a cost-effective deep learning (DL) classification
model can be employed as an alternative solution. However, to
train and test a DL model, a cloud cover image dataset is
required. In this paper, we present a novel visual-range cloud
cover image dataset for cloud cover classification using a deep
learning model. Various visual-range sky images are captured on
nine different occasions, covering six cloud cover conditions. For
each cloud cover condition, 100 images are manually classified.
To increase the size and quality of images, multiple label-
preserving data augmentation techniques are applied. As a
result, the dataset is expanded to 9,600 images. Moreover, to
evaluate the usefulness of the proposed dataset, three DL
classification models, i.e., GoogLeNet, ResNet-50, and
EfficientNet-B0, are trained, tested, and their results are
presented. Even though EfficientNet-BO had  better
generalization ability and marginally higher classification
accuracy, it was discovered that ResNet-50 is the best choice for
cloud cover classification due to its lower computational cost and
competitive classification accuracy. Based on these results, it is
concluded that the proposed dataset can be used in further
research in DL-based cloud cover classification model
development.
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ResNet-50; EfficientNet-BO

I.  INTRODUCTION

Cloud cover is an important observation for weather
monitoring. It is classified as a percentage cloud cover of the
visible sky. Changes in cloud cover percentage affect the
global mean surface temperature and pressure systems [1], the
amount of solar UV radiation reaching the earth’s surface [2],
the melting rate of ice shields [3], and the radiation-energy-
carbon balance of tropical rain forests [4]. It also plays a
crucial part in the selection of sites for observational astronomy
[5, 6]. From the clean power generation perspective, cloud
cover percentage has an instantaneous effect on the power
generation capability of solar panels [7]. For safety reasons,
offshore oil and gas excavation and production activities are
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also subject to weather conditions [8], which may be associated
with cloud cover.

Since cloud cover is an important parameter of prevailing
weather conditions, its classification plays an important role in
weather monitoring at offshore oil and gas platforms.
Currently, these platforms rely on various sensors to monitor
weather conditions. The procurement cost of these sensors is
usually high. Additionally, any subsequent maintenance
activity is also costly due to the remoteness of the offshore site.
As a low-cost alternative, deep learning (DL)-based
technologies can be applied to monitor, forecast, and predict
climate and weather conditions [9], and postprocess cloud
cover [10]. A DL-based cloud cover monitoring system
requires the installation of a less expensive visual-range sensor,
a single-board computer, and a pre-trained DL classification
model. This solution can be applied as support to the existing
sensor-based system or deployed as a module for a larger DL-
based weather monitoring system at remote oil and gas
platforms.

The deep learning classification models depend upon a
large collection of images for training and testing purposes.
Publicly available weather image datasets do not distinguish
between different cloud cover conditions [11-13]. As a result,
they are not suitable for a multi-class cloud cover classification
problems. The objective of this study is to fill this gap by
proposing a novel visual-range cloud cover image dataset,
named Manzoor-Umair: Cloud Cover Dataset (MU-CCD), for
deep learning classification models. The proposed study
classifies cloud cover conditions into six classes. For every
cloud cover condition, 100 source images are manually
identified. Various augmentation techniques are applied to the
source images to improve the quality and quantity of each
cloud cover condition. As a result, the dataset consists of 9,600
RGB images at 1920x1080 pixel dimensions.

The dataset is aimed at a DL-based classification module of
cloud cover for a larger DL-based weather classification
system to be deployed at remote oil and gas facility. Thus, to
access its suitability, the MU-CCD is evaluated on three well-
known deep learning image classification models, namely
GoogLeNet, ResNet-50, and EfficientNet-B0. The presented
results indicate that the proposed dataset is well suited for
training and testing of deep learning-based cloud cover
classification models and, as a result, can be used for the
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development of cloud cover classification modules of a larger
DL-based weather monitoring system.

The rest of the paper is divided in the following manner:
The literature review section describes the related literature on
cloud cover classification and publicly available weather image
datasets. The methodology section explains the steps taken to
create MU-CCD. The proposed dataset section discusses the
different features and statistics of MU-CCD. The dataset
effectiveness experiment section presents the classification
performance of well-known DL-based image classification
models on MU-CCD, and finally, the conclusion and future
work section sums up the work and identifies the future
directions.

Il. LITERATURE REVIEW

A. Cloud Cover Classification

The most common way to classify cloud cover is by visual
observation of the sky by an experienced meteorologist [14].
This method divides the sky into eight segments, called octas
(C). For every segment, the percentage presence of cloud cover
is noted. The cumulative percentage cover of clouds then
identifies the present cloud cover conditions. The method has
been used in studies conducted by Robaa [15] and Werkmeister
et al. [16]. Other methods of identifying cloud cover include
the processing of images from all-sky cameras and satellite
data. However, based on its simplicity and practicability,
classifying cloud cover conditions by observing sky images for
cloud cover percentage is found to be more suitable and
relevant for the presented work.

B. Visual-Range Weather Image Datasets

In this section, recently published image weather datasets
are selected to assess their suitability for cloud cover
classification problems. Since the presented study focuses on
visual-range cloud cover image classification, thus the selected
datasets consist of visual-range weather images under various
geographical and weather conditions.

The RFS Weather Dataset is a visual-range image dataset
aimed at computer vision applications [11]. The dataset is a
collection of images acquired from various online resources
such as Creative Commons, Flickr, Pixabay, and Wikimedia
Commons. The images in the data are divided into three
categories, namely, rain, fog, and snow. Additionally, the
dataset borrowed images of sunny and cloudy categories from
a dataset proposed by Lu et al. [17]. For each category, there
are 1,100 images. Thus, in total, the RFS Weather Dataset
consists of 5,500 images. However, the cloudy images in the
dataset are not categorized by the percentage of cloud cover.
Thus, to classify different cloud cover conditions, this dataset
is found to be unsuitable for training and testing of a deep
learning classification model.

The 4Seasons is a multi-weather visual-range video dataset
aimed at autonomous vehicle driving applications [12]. The
dataset covers three weather conditions, namely, sunny,
overcast, and snowy, as well as two illumination conditions,
namely, day and night. Due to its application nature, the dataset
does not further bifurcate the overcast conditions into various
cloud cover classes. The absence of such bifurcation makes it
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unsuitable for cloud cover classification using deep learning
models.

The Image2Weather dataset is a large-scale visual-range
image dataset aimed at weather conditions and temperature
estimations [13]. The dataset consists of 180,000 images and
covers five weather types, namely, sunny, cloudy, foggy, rainy,
and snowy. The dataset was created using existing images from
an online resource. Based on the image metadata, its
geographical location and image capture time were identified.
This information is then used to retrieve corresponding weather
information from an online weather center. However, the
cloudy weather in the presented dataset is not further
categorized into different cloud cover conditions, which makes
it unsuitable for training and testing of deep learning
classification models.

Based on the presented evidence, it is deduced that, at
present stage, the reviewed weather image datasets are
unsuitable for machine classification of cloud cover conditions.
For example, all three datasets, i.e., the RFS Weather Dataset
[11], 4Seasons dataset [12], and Image2Weather dataset [13],
do not categorize cloud cover images as a percentage of sky
cover. Thus, classification of various cloud cover conditions is
not possible using these datasets. Thus, in this paper, to address
the need for training and testing dataset for deep learning cloud
cover classification models, we propose a visual-range cloud
cover image dataset that presents six cloud cover conditions
based on percentage of sky cover.

I1l. METHODOLOGY

This section discusses the optical sensor and methodology
of MU-CCD development.

A. Optical Sensor

In this experiment, a visual-range 24 mega-pixel NIKON
D3400 camera is utilized to capture images in JPEG format at
6000 x 4000 pixels in SRGB color space. The camera was set
to auto mode and various zoom levels were applied throughout
the data collection process.

B. Data Collection and Preprocessing

In the first phase of Manzoor-Umair: Cloud Cover Dataset
(MU-CCD) development, sky images were captured on nine
different occasions across five geographically separated
locations in West Malaysia. The images are taken across the
year to capture different seasonal attributes. In addition to this,
to record varying levels of illumination, the images are taken at
different times of the day. These images are visually analyzed
and sub-images containing sky conditions are extracted at a
resolution of 1920x1080 pixels. Images having undesired
artefacts or sensor noise are then removed. The highest visual
quality images are selected for the second phase.

C. Image Classification

The second phase of MU-CCD creation is the manual
classification of selected images. We have classified cloud
cover conditions into six categories. These classes are clear
sky, few clouds, isolated clouds, scattered clouds, broken
clouds, and overcast. Table | describes the empirical
methodology adopted for CC classification based on cloud
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cover percentage in an image. For each class, 100 images are
manually classified.

D. Data Augmentation
Data augmentation is an effective technique to increase the

and applied to all six source image pools. This results in 1,600
images per class. The flow of IAP is illustrated in Fig. 1.

quality and size of image datasets. It not only provides a

solution for limited data but also addresses the issue of
overfitting in DL models [18]. In the third phase, a data

augmentation policy (DAP) is designed to augment the image

data. The policy makes sure that label-preserving augmentation
techniques such as flipping, down sampling, color space

transformation, noise injection, grid shuffle, weather-related

augmentation, and kernel filtering are applied to images. Based
on the DAP, an image augmentation pipeline (IAP) is

developed using a Python-based library, Albumentations [19],

TABLE I. CLouD COVER CLASSIFICATION
ﬁzl)ass Class Name Visible Cloud Cover (%0)
1 Clear Sky 0
2 Few Clouds 1-10
3 Isolated Clouds 11-25
4 Scattered Clouds 26-50
5 Broken Clouds 51-90
6 Overcast 91-100
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Fig. 1. Image Augmentation Pipeline (IAP).
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E. Image Naming Convention

After each stage of IAP, a suffix is added to the output
image’s file name. The list of used suffixes and their
corresponding augmentation methods is given in Table I1.

Vol. 13, No. 1, 2022

based cloud cover classification problems. The presented
image format is JPG in RGB color space, and the dimensions
are 1920x1080 pixels. By applying nine different augmentation
methods, the number of image instances per class is increased
from 100 to 1,600, resulting in a total of 9,600 images in the
dataset. The images in final dataset are then randomly divided

TABLEIL AUGMENTAT'O%SESX,A;';D CORRESPONDING FILE NAME into training and testing sets at a ratio of 80:20. The summary
of MU-CCD is presented in Table I11.
Serial Augmentation . .
No. Set Augmentation Method Suffix TABLE Ill.  SUMMARY OF MU-CCD
1 Horizontal Flip HF Source : Final Total
Asl - - Images ng&zr;tauon Images | Images | Training | Testing
2 Vertical Flip VF per Applied per in Images | Images
3 AS2 Down Sample DS Class Class Dataset
4 Random Brightness RB 100 9 1,600 9,600 7,680 1,920
AS3
5 Random Contrast RC . .
- - The dataset takes advantage of various data augmentation
6 Gaussian Noise CN techniques to increase its dataspace. As a result of the carefully
7 Random Grid Shuffle GS designed DAP, it represents a balanced proportion of image
AS4 augmentation sets. For example, the dataset can be divided into
Solar Flare SL four image augmentation sets. A tabular description is
9 Blur BL presented in Table I1. The first augmentation set (AS1) consists

A sample file called "DSC_0183 7 VF_RC_BL.JPG"
indicates that the source image is "DSC_0183_7.JPG" and that
it has been vertically flipped (VF), randomly contrasted (RC),
and blurred (BL).

IVV. PROPOSED DATASET

MU-CCD is a visual-range image dataset of six cloud cover
classes. The dataset is designed for training and testing of DL-

Class Original Image AS2

of the original image and its flipped versions. The second set
(AS2) contains down-scaled images. The third augmentation
set (AS3) pool has images with color space variations. Finally,
the fourth augmentation set (AS4) has a mix of noise injection,
grid shuffle, weather-related augmentation, and kernel filtering
applied to the images. Each set has an equal proportion of 25%
in the dataset.

For the interest of the reader, in Fig. 2, class-wise original
and augmented image samples from MU-CCD are presented.

Fig. 2. MU-CCD Class-Wise Original and Augmented Image Samples.
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V. DATASET EFFECTIVENESS EXPERIMENT

To validate the effectiveness of MU-CCD in DL-based
cloud cover classification problems and to provide reference
measures, we have trained and tested three selected DL models
on the proposed dataset. In the following subsections, the
hardware and software setup, selection of deep learning
models, experimental configurations, training and validation
results, and discussion are presented.

A. Hardware and Software Setup

The experiment was conducted on an Intel (R) Core (TM)
i7-9750H CPU running at 2.60GHz. The machine has a 16 GB
main memory and runs the Windows 10 Pro operating system.
An NVIDIA GeForce RTX 2070 with a Max-Q Design GPU is
used for DL model training and testing. The GPU has 8 GB of
memory. All the simulations are conducted on MATLAB
version R2021a.

B. Deep Learning Classification Models’ Selection

For the proposed experiments, three DL models are
selected based on their ability to improve computational
accuracy, ease of training, and effective convolutional neural
networks (CNNSs) network scaling ability. The selected models
are GoogLeNet [20], ResNet-50 [21], and EfficientNet-BO
[22].

The GoogLeNet network was developed by Google [20]. It
is the winner of the ILSVRC 2014 competition. The network is
based on the Inception architecture, and its receptive field size
is 224x224 pixels in RGB color space. GoogLeNet is a 22-
layer deep network that focuses on improving computational
accuracy.

Deep residual nets, or ResNet, was the winner of the
ILSVRC 2015 competition [21]. The plain network
architecture is inspired by the VGG nets. There are different
variants of ResNet based on the depth of its layers. The 50-
layer deep variant is known as ResNet-50. The network has a
receptive field size of 224x224 pixels in RGB color space. The
network is based on a residual learning framework that eases
the training of deeper neural networks.

The EfficientNet-BO model is developed by Google. The
baseline network is built using neural architecture search,
which optimizes the accuracy and efficiency of the network
[22]. The EfficientNet-BO has 290 layers, and its receptive
field size is 224x224 pixels in RGB color space. The model has
various variants and has shown improvement in the top-1
accuracy for ResNet-50 on the ImageNet dataset.

C. Experimental Configurations

Three separate cloud cover classification experiments are
designed and performed on MU-CCD. For all three
experiments, Stochastic Gradient Descent with momentum
(SGDM) was selected as an optimization algorithm as it is
known for its faster convergence. The initial learning rate for
SGDM is set at 0.01. The validation frequency and maximum
epoch number are fixed at 50 and 10, respectively. Due to the
relatively increased layer depth of the ResNet-50 and
EfficientNet-BO models and GPU memory constraints, an
image batch size of 64 is selected for these models. The
GooglLeNet, however, is trained using an image batch size of
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128. For all three experiments, the validation patience is set
atb.

D. Training, Validation Results and Discussion

All three models are trained and validated on a training-
validation set (TVS) of MU-CCD. The TVS has 7,680 images,
which are split into 70% and 30% for training and validation
purposes. The training accuracy and loss graphs for all three
models are presented in Fig. 4, 5, and 6. In each figure, the top
graph depicts training accuracy performance, while the bottom
graph represents the corresponding loss. The legends for Fig. 4,
5, and 6 are presented in Fig. 3.

The GooglLeNet took the least amount of time (i.e., 415
seconds) to train the network, and attained the highest training
accuracy of 98.4%. However, its validation accuracy remains
the lowest in the group. Fig. 4 illustrates the training accuracy
and loss for GoogLeNet.

As depicted in Fig. 5 and 6, the ResNet-50 and
EfficientNet-BO models’ validation accuracies were almost
similar and slightly higher than GoogLeNet. However, when
compared for training time, ResNet-50 was trained 27% faster
than EfficientNet-BO0.

For all three models, overfitting is observed, as their
validation loss remains higher than their training loss.
Moreover, it was observed that the EfficientNet-B0 generalized
well, as it yielded the lowest difference between its training
and validation loss. Table IV presents the training and
validation statistics of the evaluated models.

Accuracy
Training (smoothed)
Training
— -@ — - Validation
Loss
Training (smoothed)
Training
- -4 — - Validation

Fig. 3. Legdens for Fig. 4, 5 and 6.

e e _®Fm

Fig. 4. Training (Top), Validation (Bottom) Graphs for GoogLeNet.
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Fig. 6. Training (Top), Validation (Bottom) Graphs for EfficientNet-BO0.

E. Testing Results and Discussion

All three models are tested on the testing set (TS) of MU-
CCD, which consists of 1,920 images.

During the training-validation phase, it was found that

EfficientNet-BO generalized well as compared to ResNet-50
and GoogLeNet. By analyzing the confusion matrix for
GoogLeNet, ResNet-50, and EfficientNet-BO in Fig. 7, 8, and
9, respectively, a similar observation is made. EfficientNet-

Vol. 13, No. 1, 2022

BO’s overall classification accuracy of 87.2% remains the
highest among all three models. However, it was marginally
higher than ResNet-50’s classification accuracy. For 3 classes
(few clouds, isolated clouds, and overcast), EfficientNet-BO
resulted in the highest classification accuracy. The scaled-up
network dimensions of EfficientNet-BO can be attributed to a
higher processing time per image during the testing phase. It
was 3 times higher than the next best model, i.e., ResNet-50.
The confusion matrix for EfficientNet-BO is presented in
Fig. 7.

The ResNet-50 showed very competitive results among all
the deep learning models in question. The model not only took
less time to process an image, but it also classified the cloud
cover with high accuracy. Despite the poor performance of
GoogLeNet and EfficientNet-B0 for class 4 (Scattered Clouds)
instances’ classification, ResNet-50 yielded relatively better
results. As presented in Table V, across all six classes, the
model’s classification performance remains highly competitive
with the other two models. The confusion matrix for ResNet-
50 is presented in Fig. 8 which shows an overall accuracy of
87.0%.

Due to its simple architecture, the GooglLeNet took the
least amount of time to process an image during the testing
phase. However, this performance is marginally better than
ResNet-50. Similarly, in classifying class 1 and 6 instances, the
model slightly surpassed ResNet-50, but the model’s over-all
classification performance remains the lowest among all
models. The model’s overall accuracy was 83.5%, and it is
illustrated in Fig. 9.

TABLE IV.  TRAINING AND VALIDATION RESULTS OF DEEP LEARNING MODELS
Model Training Time (sec) Training Accuracy Validation Accuracy Training Loss Validation Loss
GoogLeNet 415 98.43% 63.63% 0.06 2.65
ResNet-50 655 95.31% 66.75% 0.10 1.09
EfficientNet-BO 895 96.87% 66.62% 0.04 0.89
TABLE V. CLASSIFICATION RESULTS OF DEEP LEARNING MODELS

Classification Accuracy
Model Per Image Processing Time (sec)

Class 1 Class 2 Class 3 Class 4 Class 5 Class 6 Overall
GoogLeNet 100.0% 85.0% 65.0% 66.9% 85.6% 98.4% 83.5% 0.09
ResNet-50 97.5% 85.9% 77.2% 73.4% 90.9% 97.2% 87.0% 0.11
EfficientNet-BO 98.4% 89.7% 88.1% 69.4% 77.5% 100.0% 87.2% 0.32
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Fig. 9. GoogLeNet Confusion Matrix.

VI. CONCLUSION AND FUTURE WORK

Installation and maintenance of weather sensors at remote
oil and gas platforms entails high CAPEX and OPEX. As an
alternative, a low-cost deep learning-based weather monitoring
system can be used. One of the components of such a system
can be a cloud cover classification model. To train and test this
model, in this paper, we have proposed a novel visual-range
cloud cover image dataset named MU-CCD. Across West
Malaysia, at various occasions and time of the day, sky images
were captured and preprocessed. The images were then
manually classified into six cloud cover classes. Various label-
preserving augmentation techniques were applied on manually
classified images to increase the size and quality of the dataset.

Vol. 13, No. 1, 2022

As a result, the final dataset consists of 9,600 images covering
six cloud cover states. The dataset can be downloaded from
https://www.kaggle.com/datasets/umairatwork/manzoorumair-
cloud-cover-dataset-muccd.

The suitability of the proposed dataset for training and
testing of the DL classification model was evaluated on three
selected DL models. The classification results of these models
were also presented. It was found that the dataset is well suited
for DL-based cloud cover classification model training and
testing. However, it was observed that for clear sky and
overcast conditions, the dataset can be further improved for
more visually distinct features in the source images.
Additionally, it was observed that EfficientNet-b0 generalized
well on the presented dataset and effectively classified the
images. However, because of its increased number of layers,
the model took the longest time to process an image. While
considering the classification accuracy and computational cost
factors in combination, ResNet-50 emerges as an ideal
candidate for the cloud cover classification problem. However,
improvement in its generalization capability and classification
accuracy can be further investigated as a future work.

REFERENCES

[1] M. S. Croke, R. D. Cess, and S. Hameed, "Regional cloud cover change
associated with global climate change: Case studies for three regions of
the United States," Journal of Climate, vol. 12, no. 7, pp. 2128-2134,
1999.

[2] R.H.Grantand G. M. Heisler, "Effect of cloud cover on UVB exposure
under tree canopies: Will climate change affect UVB exposure?,”
Photochemistry and photobiology, vol. 82, no. 2, pp. 487-494, 2006.

[3] S. Hofer, A. J. Tedstone, X. Fettweis, and J. L. Bamber, "Decreasing
cloud cover drives the recent mass loss on the Greenland Ice Sheet,"
Science Advances, vol. 3, no. 6, p. el700584, 2017, doi:
doi:10.1126/sciadv.1700584.

[4] A. Verhoef, M. S. Moura, and R. Nébrega, “The effect of cloud cover on
the radiation-, energy-and carbon balance of a seasonally dry tropical
forest in Brazil (Caatinga),” in EGU General Assembly Conference
Abstracts, 2020, p. 9210.

[5] N. Aksaker et al., "Global Site Selection for Astronomy,” Monthly
Notices of the Royal Astronomical Society, vol. 493, no. 1, pp. 1204-
1216, 2020, doi: 10.1093/mnras/staa201.

[6] X. Li, B. Wang, B. Qiu, and C. Wu, "An all-sky camera images
classification method using cloud cover features,” Atmospheric
Measurement Techniques Discussions, pp. 1-17, 2021.

[7] A. Bonkaney, S. Madougou, and R. Adamou, "Impacts of Cloud Cover
and Dust on the Performance of Photovoltaic Module in Niamey,"
Journal of Renewable Energy, vol. 2017, p. 9107502, 2017/09/07 2017,
doi: 10.1155/2017/9107502.

[8] R.AHalim, M. H. Mhd Yusof, M. H. M Khalid, H. X. Wong, and M. Z.
Sulaiman, "Wait on Weather WOW Impact Trending in Malaysia Water:
Comprehensive Data Analytics Led to Safe and Optimum Well Planning
and Offshore Execution,” in International Petroleum Technology
Conference, 2021, D012S045R138: OnePetro, doi: 10.2523/iptc-21259-
ms.

[9] S. Dewitte, J. P. Cornelis, R. Muller, and A. Munteanu, "Artificial
intelligence revolutionises weather forecast, climate monitoring and
decadal prediction,” Remote Sensing, vol. 13, no. 16, p. 3209, 2021.

[10] F. Dupuy et al., "ARPEGE Cloud Cover Forecast Postprocessing with
Convolutional Neural Network," Weather and Forecasting, vol. 36, no.
2, pp. 567-586, 2021.

[11] J. C. V. Guerra, Z. Khanam, S. Ehsan, R. Stolkin, and K. McDonald-
Maier, "Weather Classification: A new multi-class dataset, data
augmentation approach and comprehensive evaluations of Convolutional
Neural Networks,"” in 2018 NASA/ESA Conference on Adaptive
Hardware and Systems (AHS), 2018: IEEE, pp. 305-310.

540 |Page

www.ijacsa.thesai.org



[12]

[13]

[14]

[15]

[16]

(IJACSA) International Journal of Advanced Computer Science and Applications,

P. Wenzel et al., "4Seasons: A cross-season dataset for multi-weather
SLAM in autonomous driving," in DAGM German Conference on
Pattern Recognition, 2020: Springer, pp. 404-417.

W.-T. Chu, X.-Y. Zheng, and D.-S. Ding, "Image2weather: A large-
scale image dataset for weather property estimation,” in 2016 IEEE
Second International Conference on Multimedia Big Data (BigMM),
2016: IEEE, pp. 137-144.

E. W. Luiz, F. R. Martins, R. S. Costa, and E. B. Pereira, "Comparison
of methodologies for cloud cover estimation in Brazil - A case study,"
Energy for Sustainable Development, vol. 43, pp. 15-22, 2018, doi:
10.1016/j.esd.2017.12.001.

S. Robaa, "Evaluation of sunshine duration from cloud data in Egypt,"
Energy, wvol. 33, no. 5 pp. 785-795, 2008, doi:
10.1016/j.energy.2007.12.001.

A. Werkmeister, M. Lockhoff, M. Schrempf, K. Tohsing, B. Liley, and
G. Seckmeyer, "Comparing satellite- to ground-based automated and
manual cloud coverage observations — a case study," Atmospheric
Measurement Techniques, vol. 8, no. 5, pp. 2001-2015, 2015, doi:
10.5194/amt-8-2001-2015.

[17]

(18]

[19]

[20]

[21]

[22]

Vol. 13, No. 1, 2022

C. Lu, D. Lin, J. Jia, and C. K. Tang, "Two-Class Weather
Classification," IEEE Trans Pattern Anal Mach Intell, vol. 39, no. 12,
pp. 2510-2524, Dec 2017, doi: 10.1109/TPAMI.2016.2640295.

C. Shorten and T. M. Khoshgoftaar, "A survey on Image Data
Augmentation for Deep Learning," Journal of Big Data, vol. 6, no. 1,
2019, doi: 10.1186/s40537-019-0197-0.

A. Buslaev, V. I. Iglovikov, E. Khvedchenya, A. Parinov, M. Druzhinin,
and A. A. Kalinin, "Albumentations: Fast and Flexible Image
Augmentations,”  Information, vol. 11, no. 2, 2020, doi:
10.3390/inf011020125.

C. Szegedy et al., "Going deeper with convolutions," in Proceedings of
the IEEE conference on computer vision and pattern recognition, 2015,
pp. 1-9.

K. He, X. Zhang, S. Ren, and J. Sun, "Deep Residual Learning for
Image Recognition,” presented at the 2016 IEEE Conference on
Computer Vision and Pattern Recognition (CVPR), 2016.

M. Tan and Q. Le, "Efficientnet: Rethinking model scaling for
convolutional neural networks," in International Conference on Machine
Learning, 2019: PMLR, pp. 6105-6114.

541|Page

www.ijacsa.thesai.org



