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Tablel. The best combination of bands for classification of 8 classes (dense forest, semi-dense forest, open
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Figure 2. Designed statistical network and plots (green color) to collect land uses
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network (b), maximum likelihood (c), Mahalanobis distance (d), minimum distance from the mean
(e), spectral divergence information (f), map Spectral angle vector (g)
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Table 2. Evaluation of accuracy of classification algorithms
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Kappa Coefficient Overal Accuracy (%) Classifier
0.9197 95.54 Support vector machine
0/8997 94.43 Neural network
0.8993 94.34 Maximum likelihood
0.7616 86.29 Mahalanobis distance
0.7271 84.03 Minimum distance from the mean
0.5907 74.4 Spectral divergence information
0.1756 20.06 Map Spectral angle vector
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Figure 5. Classified map with spectral angle mapper algorithm

SVM suS gaiaids o065 sl )5S oo oL, =Y Jgo
Table 3. Evaluation of the accuracy of SVM classification algorithm kernels
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Kappa Coefficient Overal Accuracy (%) SVM Kkernel classifier
0.9226 95.7 Linear
0.9197 95.54 Polynomial with degree2
0.9235 95.75 Polynomial with degree4
0.9278 95.99 Polynomial with degree6
0.9278 95.99 Polynomial with degree?
0.9196 95.53 Radial Basis Function
0.89 93.89 Sigmoid
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Abstract

Introduction: The aim of this study is to investigate the performance of various algorithms in
enhancing the accuracy of land cover maps using Sentinel images.

Material and Methods: The study area is a sheet (1:25000) encompassing an area of 15782.6
hectares. The land cover map was created using a range of algorithms - Mahalanobis distance,
maximum likelihood, minimum distance, neural network, parallelepiped, support vector machine,
spectral angle mapper, spectral information divergence, and binary encoding - applied to the optimal
band composition derived from 12 bands (2, 3, 4, 5, 6, 7, 8, 8a, 11, 12, NDVI, SAVI). The training
area was obtained from field information and satellite images. 70% of the samples were used for
classification and 30% for evaluating the accuracy of the classified maps.

Results: The results indicate that the support vector machine, neural network, and maximum
likelihood classifications have the highest accuracy. The support vector machine classifier is slightly
more accurate than the other two classifiers. To improve the classification, support vector machine
kernels (linear, polynomial, radial basis function, and sigmoid), spectral angle mapper settings (6
modes), and parallelepiped (2 modes) were utilized. The results show that the support vector machine
classifier, using the 6th degree polynomial function method, has the highest accuracy. Following this,
the map was post-processed with the highest accuracy, resulting in an overall accuracy of 96.63 and a
kappa coefficient of 0.9393.

Conclusion: An examination of 21 classification modes on Sentinel images in this study provides a
comprehensive review of classification algorithms compared to previous studies.
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