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Nowadays, getting land cover and land use information is crucial
due to the growing number of uses for this data. The primary method for obtaining this
information is considered to be through the utilization of remote sensing images. Image
classification techniques should be employed so as to extract land cover and use from these
images. Deep learning techniques can be utilized effectively to the classification of land cover
and land use simply because of their great potential in image classification. But there are also
challenges when applying these techniques as well. Model overfitting is one of the most
common issues when utilizing deep learning algorithms. Another major issue with these
methods is that they demand a significant amount of data during the training stage.
Additionally, gradient exploding/vanishing and determining the suitable architecture are
further challenges associated with these methods for extracting land cover and use from
remote sensing imagery.

The main objective of this research is to employ different techniques to overcome
the challenges to achieve high classification accuracy. To solve the problem of model
overfitting, dropout and early stopping approaches were utilized to ensure that the accuracy
of the training and test data were close. The data augmentation strategy can prevent model
overfitting in addition to addressing the lack of training data. As a result, this method was
employed to augment training data and also avoiding model overfitting. The gradient clipping
strategy was additionally used in this study to mitigate gradient exploding and vanishings in
deep learning models. This study used the ResNet18 model to classify the EuroSat dataset,
enabling us to obtain highly effective classification accuracy.

m Initially, this architecture was used with with the early stopping strategy, and the
model had an overall accuracy of 91.19 percent and a kappa coefficient of 0.9018. The data
augmentation technique was then applied to the same model, and the model achieved an
overall accuracy of 91.78 percent with a kappa coefficient of 0.9085, surpassing the previous
stage. In the last stage, a dropout method with a rate of 0.5 and a gradient clipping with a
threshold of 0.1 were added to the previous model, and the model achieved an overall
accuracy of 93.11 percent and a kappa coefficient of 0.9233, which was more accurate than
the previous two stages.

These results indicate that the EuroSat's land cover and land use classification
accuracy in the final stage was higher than in prior stages.
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Fig. 10: Images with batch size 32 along with their tags
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Fig. 13: Accuracy and loss graphs for two training and validation data in the third stage
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Fig. 16: The confusion matrices of the second stage
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Table 4: Precision, recall and F1 score for each for the classification models
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' Npams
PP e ) ile Lol
(m;t-rics} (model) o s - {Pi:);c;)us Ml e G £ w5 i S <o sl
(annual crop) (forest) vegetation) (highway)  (industrial]  (pasture)  (permanen  (residential) {river) (sea/lake)
g t crop)
) al> o
(first stage) 94.98 97.18 85.80 7178 95.08 95.36 53.78 97.08 94.55 95.51
[are -} v qb.)_c
(40)2) (secand stage) 88.69 98.53 93.24 97.62 97.92 95.65 84.23 90.80 86.13 89.70
(precision})
¥
(third stage) 86.08 94.63 30.70 94.80 95.62 98.77 51.22 95.57 30.50 95.79
) al> o
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irst stage
gl B
¥l s
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(F1 score)
¥ aloa
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(third stage)
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