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ABSTRACT: This study attempted classification through deep learning-based image training for land cover classification in
river spaces which is one of the important data for efficient river management. For this purpose, land cover classification
analysis with the RGB image of the target section based on the category classification index of major land cover map was
conducted by using the learning outcomes from the result of labeling. In addition, land cover classification of the river spaces
was performed by unsupervised and supervised classification from Sentinel-2 satellite images provided in an open format,
and this was compared with the results of deep learning-based image classification. As a result of the analysis, it showed more
accurate prediction results compared to unsupervised classification results, and it presented significantly improved
classification results in the case of high-resolution images. The result of this study showed the possibility of classifying water
areas and wetlands in the river spaces, and if additional research is performed in the future, the deep learning based image
train method for the land cover classification could be used for river management.
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Fig. 1. Watershed map and detailed image of the target
section of Geumriver Watershed.
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Fig. 2. Study area of (a) satellite image from ESRI 2022; and (b) land cover map.
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Urban | Polygon
Agriculture | Polygon
Forest | Polygon
Pasture | Polygon
Wetland | Polygon
Bareland | Polygon

Water | Polygon 4

Fig. 5. Example of labeling for image training with seven classification schemes of large classification land cover.

Table 1. Classification performance evaluation index for Bayesian deep learning application by each classification land
cover

Class Code Precision Recall
Urban 100 0.1 0.03
Agriculture 200 0.62 0.4
Forest 300 0.32 0.36
Pasture 400 0.23 0.1
Wetland 500 0.05 0.11
Bare land 600 0.19 0.1
Water 700 0.39 0.22
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Fig. 6. Result of land cover classification using land cover map.

Table 2. Comparison of land cover classification results using existing land coverage

Land Cover Map Maximum likelihood classification
Class Code
Area [km?] Percentage [%] Area [km?] Percentage [%]

Urban 100 0.021 243 0.070 8.08
Agriculture 200 0.049 5.67 0.020 2.33
Forest 300 0.008 0.93 0.012 1.44
Pasture 400 0.276 31.94 0.339 39.19
Wetland 500 0.118 13.66 0.086 9.96
Bare land 600 0.011 1.27 0.000 0.00
Water 700 0.382 4421 0.337 38.97

Total 0.865 100 0.865 100

0.4

06 08
Kilometers

Fig. 7. Result of land cover classification using the K-means method.
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Table 3. Accuracy assessment of classification result using the maximum likelihood classification

Training set data (Known cover type, [%])
Code Total
100 200 300 400 500 600 700

100 75.44 12.96 - 0.61 - - 1.32 2.15

200 21.05 68.52 0.28 - - - 1.85 24
300 - - 99.22 - - - - 62.58
Va"?;t]ions 400 - 185 | 05 | 99.39 - - - 6.06
500 3.51 16.67 - - 100 - 0.4 0.7
600 - - - - - 100 - 0.35
700 - - - - - - 96.44 25.76

Total 100 100 100 100 100 100 100 100

Code
B o0
[ J200
I 300
400
500

I o0

.8
Kilometers

Fig. 8. Result of land cover classification using the Maximum likelihood classification.
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Fig. 9. River image of (a) Sentinel-2 and (b) World imagery (ESRI, 2022); and classification result for model prediction
by Bayesian Deep Learning (c) Sentinel-2 and (d) World imagery (ESRI, 2022).

Table 4. Result of comparative analysis between image training method and classification result from the maximum

likelihood classification

Water Wet-land
Total accuracy
Area Percentage Area Percentage [%]
[km?] [%] [km’] [%]
Sentinel-2 0.13 38.58 0.006 6.8 15.72
World imagery 0.12 35.61 0.02 23.26 16.18
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Fig. 10. Satellite images with histogram stretching that improves visibility by adjusting the brightness and contrast of
pixels: (a) Equalization (b) Linear (c) Gaussian (d) Square root.

Fig. 11. Results of image classification with applied with histogram stretching: (a) Equalization (b) Linear (c) Gaussian

(d) Square root.
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Table 5. Result of comparative analysis between image training for histogram stretched and classification result from

the maximum likelihood classification

Water Wet-land
Total accuracy
Area Percentage Area Percentage [%]
[km’] [%] [km?’] [%]
Equalization 0.143 42.43 0.016 18.60 18.38
Linear 0.106 31.45 0.015 17.44 13.99
Gaussian 0.045 13.35 0.018 20.93 7.28
Square root 0.138 40.95 0.113 13.19 17.39
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