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ABSTRACT

This research aimed to construct models with various structures based on the
Transformer module and to perform land cover classification, thereby examining the
applicability of the Transformer module. For the classification of land cover, the Unet
model, which has a CNN structure, was selected as the base model, and a total of four
deep learning models were constructed by combining both the encoder and decoder
parts with the Transformer module. During the training process of the deep learning
models, the training was repeated 10 times under the same conditions to evaluate the
generalization performance. The evaluation of the classification accuracy of the deep
learning models showed that the Model D, which utilized the Transformer module in both
the encoder and decoder structures, achieved the highest overall accuracy with an
average of approximately 89.4% and a Kappa coefficient average of about 73.2%. In
terms of training time, models based on CNN were the most efficient. however, the use
of Transformer—based models resulted in an average improvement of 0.5% in
classification accuracy based on the Kappa coefficient. It is considered necessary to
refine the model by considering various variables such as adjusting hyperparameters and
image patch sizes during the integration process with CNN models. A common issue
identified in all models during the land cover classification process was the difficulty in
detecting small—scale objects. To improve this misclassification phenomenon, it Is
deemed necessary to explore the use of high—resolution input data and integrate
multidimensional data that includes terrain and texture information.

KEYWORDS: Remote Sensing, Deep Learning, Transformer, Unet, Land Cover
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FIGURE 2. Research method for land—cover classification
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FIGURE 4. Architecture of the deep learning model for land cover classification
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TABLE 1. Spectral characteristics of training data for land cover classification

Surface Reflectance

Land Cover Categories Area Distribution Red NR
Forest 64.5% 249+109 8661235
Cropland 7.8% 7941456 1,4341430
Grassland 8.7% 5631315 1,1721328
Wetland 9.4% 2201207 3791343
Settlement 5.9% 1,051 +557 1,422+511

Other Land 1.5% 1,166 622 1,524=604
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TABLE 2. training and validation results of the deep learning model

) ) Training Results Validation Results Training Time
Deep Leamning Model Accuracy Loss Accuracy Loss (Minutes)
A 94.0+0.81 0.33+0.02 88.60.57 0.41£0.03 34.4%0.7
B 93.2+1.02 0.36+0.03 87.511.74 0.41£0.03 46.310.2
C 94.1+0.59 0.33£0.01 88.370.01 0.38£0.02 75.5%0.3
D 95.4+0.54 0.34+0.02 88.60.21 0.43£0.02 157.7£0.5

* The average values of models trained with 10 repetitions at 1,000 epochs.
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TABLE 3. Estimated area by category in land cover maps for each deep learning model

Unit : ha(Model—Label)

Category Label Image Model A Model B Model C Model D

Forest 84,452 86,767(+2,315) 86,884(+2,432) 87,068(+2,616) 86,534(+2,082)
Cropland 6,832 6,425(-406) 4,032(-2,79) 4,446(-2 385) 4,783(=2,048)
Grassland 6,656 6 269( 87) 7,720(+1,063) 7 870( 214) 7,781(+1,124)
Wetland 7,520 15(—405) 7,069(-452) 515(-1 5) 6,784(-736)
Settlement 5,262 3852( 1,411) 4,279(-983) 12(-1,150) 4,816(—446)
Other land 847 1,066(+220) 1,682(+736) 1,479(+663) 789(-58)

Unclassified Area - 73 3 77 82
Total 111,569 111,569 111,569 111,569 111,569
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Thh W2 B35 H O Model A, B, D Hejd 29 EXvE W] ERdiE
o Aok WA AYTh EANE BF 4 BY, 4FFY md B Jue) go] e 4
St 7P e 2de Kappa 715 Model Ae FABH Fohs Eaa ®Helow, HAlx]
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TABLE 4. Evaluation of land cover map accuracy by deep learning model
] D(:r(]ar?] Overal ) F1-Score
[K/?O dlelg Accuracy appa Forest Cropland Grassland Wetland Settlement  Other land
A 89.405% 72.7716% 96.970.4%  60.9F2.5% 1.3728% 90.970.2% 60./70.9% 36.874.6%
B 80.310.2% 72.6%0.9% 97.1£0.3%  54.2%31%  44.6£1.8% 90.540.5% 61.7£0.4% 33.0:2.6%
C 87.9t1.2% 66.6581% 96.0£1.7%  52.9%51%  39.8%0.6% 90.6+0.2% 46.7£17.7% 31.6%1.0%
D 80.4102% 732+08% 97.1£0.2%  59.9+02%  459+09% 909+01% 60.6:22% 31.2+55%

* The average values of models trained with 10 repetitions at 1,000 epochs.
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