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Table 3. Support vector machine method classification error matrix
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Table 4. Compare user accuracy and manufacturer accuracy for different classes

s i oliSags Cds Al B o liSags B Como b5
(M ) (wéﬁ ) (d% Sl g ug—“’l-‘) (QL;-?MJ Dl g Q—;—ikﬁ)
s oS
AV,0¢ ayyvyv YA qv,0¢ ol
10,0Y MYV ANAY YA oS
VeAy WAL ASVA Voo S 5 5 s
Ao AAY AT Yoo S il

\o




VErE Ol (pa3 o )lodt /o3 L3 o) b galio 53 b MBI Wlal 5 555 51 Showins

Avjtt ALY Va v A4 b sl
40V AO Y Y7+ A ar)\ ol
=5 es =L ol =S s =L ol
4V A % L AVA 4£/¥Y% LAY

S gdoanb gl o Jboa by e 0 5 8 Jslus

Sl oS w5 L Olatdy Sl opdle 5 (2 5me nae

RHINWA 45‘)\ BBl

Jhael 51 g sdiSag 35 5 )8 Sy anslie

] 8 63l olis

5 S G giaal Ok Ul S e Sl o S o Sl
83005 Olpe 4 tuadb gy 53 A nslas OF 5l ds
wliy 4 bl 2555 5 ey A3 edls sl iy aal
Sl bl 8 A asie (s 2 mb salie 5 O3l
SLOs,s sl 5 Olnly Slay oy 550 anes &6
ol 5o el odd ools 35y o san s SGE SR
sl gl b o8 0, S L eld guaib s
el sdS esls QLY IS8 s &S Aol s

1

3365000 3367000

1

3361000

1

1 1 1 1
3363000 3365000 3367000

3361000

3359000
1

T
402000
0 1 2 4 6

T T T
404000 406000 408000

I
3359000

[ e GGG

1



3365000 3367000
1

3363000
1

T T T L)
3363000 3365000 3367000

T

3361000

I

1
3359000

\N%

[ eeee— LG E GRS

1
402000

J T
404000 406000

1
408000

Sl s oS 02, N g ipaieb VIS
Oy Hls g il o s 4SS A

Fig 7. Image classification with firefly algorithm for
a. Artificial neural network b. Support vector machine
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Table 5. Error classification matrix of artificial neural network method with firefly algorithm
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Table 6. Classification error matrix Support Vector Machine method with Firefly algorithm
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Table 7. Comparison table of user accuracy and manufacturer accuracy for different classes
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Table 8. Chi-square test results
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Table 9. Overall accuracy and kappa coefficient of the neural network method, before and after applying the algorithm
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Table 10. Overall accuracy and kappa coefficient of the Support Vector Machine method, before and after applying the
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Abstract

Today, the use of satellite information and
Geographic Information Systems (GIS) plays a
crucial role in preparing land use and land cover
maps. Satellite data provide up-to-date, digital
information and enable advanced image processing
techniques. In recent years, advanced classification
methods such as artificial neural networks, fuzzy
sets, and intelligent algorithms have been widely
applied for satellite image classification. This
study aims to improve the classification accuracy
of satellite imagery wusing a metaheuristic
optimization algorithm. A novel supervised
classification approach based on the firefly
algorithm is proposed. Two neural network
classification algorithms and support vector
machines were used for land use map
classification. Then, the overall accuracy and
kappa coefficient for these classifiers were
calculated. Finally, the firefly algorithm was
implemented in Python to optimize the parameters
of the support vector machine kernel function and
the number of neurons in the neural network.
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The classification accuracy for ASTER sensor
images increased by 1.6% in the neural network
classification and by 3.8% in the support vector
machine classification after applying this
algorithm. The results demonstrate that the firefly
algorithm is an effective optimizer and a
competitive classifier compared to other methods.

Extended Abstract

Problem Statement

In recent decades, the extraction of information
from satellite imagery has experienced significant
advancements. Numerous algorithms have been
developed for this purpose, each offering distinct
advantages and limitations. Among the most
critical approaches in remote sensing image
analysis is classification, which plays a vital role in
land cover and land use change detection.
Classification involves assigning each pixel in a
satellite image to a specific category. A major
challenge in this domain is selecting a
classification method with high accuracy,
especially for high-resolution satellite imagery.

Objective

This study aims to improve the classification
accuracy of satellite imagery using metaheuristic
algorithms. A supervised classification method
enhanced by the Firefly Algorithm was employed.
Initially, classification was performed using two
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established methods: Artificial Neural Networks
(ANN) and Support Vector Machines (SVM).
Land cover maps were generated for both
approaches. To assess performance, overall
accuracy and the Kappa coefficient were
calculated. The  Firefly  Algorithm  was
implemented in Python to optimize the number of
neurons in ANN and kernel parameters in SVM.
As a relatively recent metaheuristic search method,
the Firefly Algorithm demonstrates promising
potential in  automatic = segmentation and
classification performance enhancement compared
to conventional approaches.

Methodology

The satellite image used in this study was acquired
from the ASTER (Advanced Spaceborne Thermal
Emission and Reflection Radiometer) sensor
onboard the Terra satellite, designed primarily for
geological applications with strong spectral
resolution in the infrared range. The 2015 ASTER
image with 14 spectral bands was selected for
analysis. Preprocessing and classification were
conducted using ENVI 5.3 software, and training
samples were collected through Google Earth. The

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 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

classification optimization process using the
Firefly Algorithm was developed in Python.

Results and Discussion

The image was classified using ANN and SVM,
both with and without the integration of the Firefly
Algorithm. The initial ANN classification resulted
in an overall accuracy of 91.81% and a Kappa
coefficient of 0.8878. After applying the Firefly
Algorithm, these values improved to 95.61% and
0.9193, respectively. Similarly, for the SVM
approach, overall accuracy increased from 94.33%
to 95.93%, and the Kappa coefficient improved
from 0.9223 to 0.9343. These outcomes
demonstrate  that the  Firefly  Algorithm
significantly enhances classification accuracy in
both classifiers. When compared with previous
studies involving other metaheuristic algorithms
such as genetic algorithms, ant colony
optimization, and particle swarm optimization, the
Firefly Algorithm shows competitive or superior
performance, although its effectiveness still
depends on the classifier type and image
characteristics.

Conclusion

neural network for this image has been improved
by about 1.6%.

The comparison between ANN and SVM indicates
that SVM performs better with a Kappa coefficient
of 0.9223, compared to 0.8878 for ANN. Applying
the Firefly Algorithm resulted in an improvement
of approximately 3.8% in classification accuracy
for SVM and about 1.6% for ANN. These findings
highlight the potential of the Firefly Algorithm as a
powerful tool for enhancing satellite image
classification.

Keywords: Classification, Firefly Algorithm,
Artificial Neural Network, Support Vector
Machine, Satellite Image
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