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Fig 7. Image classification with firefly algorithm for
a. Artificial neural network b. Support vector machine
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SAS o oS 2b e oslr b faw g gooe
Y

G AV . Y \ay A Vo¥A
A iy \Y 1avo . . 0 1984
o o . aq ¥ A avs

b sl s A ¥ . FAY . fry
osl v . £ . Yoy *ry

o 05 gocms a 1av4 a0 VY ™ Va5

Sz, S S bzt s oeble iy suail glas e le . # I
Table 6. Classification error matrix Support Vector Machine method with Firefly algorithm

SAS o o 2l o) sl b o g goom0
P

S AYO . A \¥e \e Vour
P e o 140 . . Y VIAY
ofS "™ . ars . % vy

b s oo g ¥ . ory . ow
oslx Y . . . YoA \id

s &gt g gone 4 Vava a0\ W ™ favs

ol sl QLI YV Jgdr s il sla WS (ol Ol f)sp-:i)ji“ Jlasl 5 ey sdiSags Cds 5 )8 S35 o Mqﬁ

KRGS

bz b wllS (gl ouiiS and €88 g p)l5 Cds awylio Jgual ¥ Jous |

Table 7. Comparison table of user accuracy and manufacturer accuracy for different classes
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Use of firefly meta-heuristic algorithm in improving the accuracy of satellite
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Abstract

Today, one of the methods of preparing land use and land cover is the use of satellite information and Geographic
information systems methods. Also, satellite data is very important in preparing land use maps due to providing up-to-
date and digital information and the possibility of image processing. On the other hand, in recent years, advanced
classification methods such as artificial neural networks, fuzzy sets and intelligent networks have been widely used to
classify satellite images. The aim of this study is to improve the classification accuracy of satellite imagery using a
meta-heuristic algorithm. In this research, a new supervised learning classification method was introduced based on the
firefly algorithm. For that purpose, two neural network classification algorithms and the support vector machines were
used for land use map classification. Then the overall and kappa coefficient values for these two algorithms were
calculated. Finally, the firefly algorithm was programmed in Python software, and after entering the images into the
Python program, it was found that the parameters of the core function of the support vector method and the number of
neurons in the neural network method were improved. The classification accuracy for the ASTER sensor with this
algorithm increased by 1.6% in the neural network classification and by 3.8% in the support vector machine
classification. Finally, the results showed that the firefly algorithm is a suitable classifier and can compete with other
methods.

Keywords: Classification , Firefly , Artificial neural network, Support Vector Machine
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3.Redundancy: The phrase "use of satellite information and
Geographic Information Systems" could be made clearer by
removing "methods" at the end.

4.Grammar: The phrase "two neural network classification
algorithms and the support vector machines were used for land use
map classification" could be clearer if "the" before "support vector
machines" is removed. It would be "two neural network
classification algorithms and support vector machines were used
for land use map classification."

5.Consistency in tense: The methodology section starts with past
tense ("Then the overall and kappa coefficient values for these two
algorithms were calculated."), while later in the same section,
present tense is used ("Finally, the firefly algorithm was
programmed..."). It's better to maintain consistency in tense usage.

6.Conciseness: Some sentences are long and could be broken
down into smaller, clearer sentences for better readability.

7.Keywords: The keywords "Artificial neural network" should be
consistent in capitalization throughout the text.
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Use of firefly meta-heuristic algorithm in improving the accuracy of satellite
image classification, Case study: Rafsanjan

Abstract |

Statement of the Problem

Data extraction from satellite images has grown significantly in recent decades, and in this regard, various algorithms
for data extraction from satellite images have been introduced, each of which has advantages and disadvantages. One of
the most important methods in interpreting remote sensing images is image classification, which has many applications
in studying earth changes. Classification and preparation of land cover map is one of the most widely used cases in the
use of remote sensing data. Classification can be used to determine the membership of a pixel in a class. An important
issue is to determine an accurate classification method for satellite images with high spatial resolution.

Purpose

The aim of this study is to improve the classification accuracy of satellite imagery using a meta-heuristic algorithm. In
this research, a new classification method based on firefly algorithm is introduced as a supervised learning algorithm.
For this purpose, first, using two neural network classification algorithms and vector support machines, the desired
image, classification and land use map were prepared. Then the accuracy and kappa coefficient values for these two
algorithms were calculated. Firefly algorithm, as one of the recently proposed meta-heuristic search algorithms, has a
unique feature of automatic segmentation compared to other search algorithms. In this research, a combination of firefly
optimization algorithm with neural network method and support vector machine has been used to improve classification
accuracy.

Methodology

Due to the fact that the ASTER images of the TERRA satellite are designed based on geological needs and have a good
spectral resolution in the infrared range, the image of this sensor was used for research. In this study, ENVI 5.3 software
and Google Earth software were used to perform pre-processing and classification to identify educational examples. The

Aster sensor image of the 2015 Terra satellite, which has 14 spectral bands, was also used. Finally, using the Python
programming language, the firefly algorithm was written and the image classification accuracy was improved.

Results and discussion

After obtaining classification images for two methods of artificial neural network and support vector machine using
firefly algorithm, for ASTER image and related classification matrix tables, finally tables related to total accuracy and
kappa coefficient for two The classification method is presented with and without firefly algorithm. The classification
accuracy in the image for the two methods of artificial neural network and support vector machine was 91.81 and 94.33,
respectively, which shows the superiority of the support vector machine method over the artificial neural network
method. In the neural network method, the overall classification accuracy and kappa coefficient increased from 91.81%
and 0.8878 in the classification without firefly algorithm to 95.61% and 0.9193 in the classification by applying the
algorithm, and in the car classification. The support vector increased from 94.33% and 0.9223 to 95.93% and 0.9343,
which means that the firefly algorithm has improved the classification accuracy in both methods.

Comparing this research with other researches that have been done in this field, it shows that metaheuristic algorithms
such as genetics, ant colony, particle swarm, etc. have the ability to increase the overall accuracy and kappa coefficient
in satellite images. have. This increase depends on the type of initial classification method and the type of satellite
image.

Conclusion

By comparing the classification accuracy of the methods based on artificial neural network and support vector machine,
it was found that the support vector machine method with kappa coefficient of 0.9223 is more accurate than the
artificial neural network method with kappa coefficient of 0.8788. In this study, after reviewing the results related to
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Commented [225]: Here are some proofreading issues in the
text:
l.c pitalization i i 'y: The text inconsi ly
capitalizes "TERRA" satellite as "TERRA" in one instance and
"Terra" in another. It's better to maintain consistency.

2.Hyphenati0n: "Firefly algorithm" is hyphenated in one
instance but not in others. It's better to maintain consistency, either
always hyphenate or never hyphenate.

3 Punctuation: In some instances, there's a space before
punctuation marks like commas and periods, while in others, there
isn't. Consistency in spacing around punctuation marks should be
maintained.

4. Abbreviations: The abbreviation "etc." should be followed bya
period, which is missing in the sentence "Comparing this research
with other researches that have been done in this field, it shows
that metaheuristic algorithms such as genetics, ant colony, particle
swarm, etc have the ability to increase the overall accuracy..."

S‘Spelling: "Support Vector Machine" should be consistent in
capitalization throughout the text.

6.Grammar: In the sentence "The aim of this study is to improve
the classification accuracy of satellite imagery using a meta-
heuristic algorithm," "meta-heuristic algorithm" should be plural
to agree with "satellite imagery." It should be "meta-heuristic
algorithms."

7.Redundancy: In the sentence "Finally, using the Python
programming language, the firefly algorithm was written and the
image classification accuracy was improved," it's redundant to
mention "the firefly algorithm was written." It can be rephrased as
"Finally, using the Python programming language, the image
classification accuracy was improved through the implementation
of the firefly algorithm."

8.Clarity: The sentence "The Aster sensor image of the 2015
Terra satellite, which has 14 spectral bands, was also used" could
be clearer if it specifies what "ASTER" stands for or gives a brief
explanation of what it is.

9.Consistency in tense: The methodology section starts with past
tense ("Due to the fact that the ASTER images..."), while later in
the same section, present tense is used ("Finally, using the Python
programming language..."). It's better to maintain consistency in
tense usage.

10.Conciseness: Some sentences are long and could be broken

down into smaller, clearer sentences for better readability.
These revisions should improve the clarity, consistency, and
professionalism of the text.




the classifications, it was concluded that for the desired image, the classification accuracy of the support vector machine
is 2.52% better than the classification of the artificial neural network. After executing the firefly algorithm on the
image, it was observed that the classification accuracy of the support vector machine method has been improved by

about 3.8% and the classification accuracy of the artificial neural network for this image has been improved by about
1.6%.

Keywords: Classification , Firefly , Neural network , Support Vector Machine
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