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Classification of Forest Fire Damage Grade
Using Machine Learning and Sentinel-2

S&¥A Youn Hyoungjin**, %A Jeong Jongchul**

Abstract

This study applies machine learning techniques to forest fire damage area. The study area was Sokcho, Gangwon-do,
which occurred forest fire damage on April 4, 2019. We used Sentinel-2 images for detecting forest fire area. We
adjusted four cases for train model based on the dNBR severity level classes. We used 4 SVM kernels, because
the accuracy may vary depending on the structure of the data to learning. The training results showed that in
all four cases, the SVM RBF model showed the highest accuracy. The SVM RBF model with the highest training
accuracy was used in the test area classification process. During the verification process, we created 300 GTP using
KOMPSAT-3 for verification. Verification results show that the test results using the SVM RBF model classified
(82.67%) was more affected than ANBR cdlassification result (80.67%). The results of the study suggested a direction

to incorporate mechanical learning in the analysis process for detecting and classifying forest fire damage areas.

Keywords: Forest Fire, Machine Learning, SVM, Sentinel-2, KOMPSAT-3
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Figure 1_Train and Test Area NIR-Red-Green Combination Images over Sokcho: Sentinel-2 (A, B, C) with dNBR
and KOMSPAT-3 (D)
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Figure 2_ Comparison of Sentinel-2 and KOMPSAT-3 Bands
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Table 1_Burn Severity Levels Obtained
Calculating dNBR

dNBR Burn Severity
<-0.25 High post—fire regrowth

-0.25 to 0.1 Low postfire regrowth

0.1 to 0.1 Unburned

0.1 to 0.27 Low severity

0.27 to 0.44 Moderate-low severity

0.44 to 0.66 Moderate-high severity
>0.66 High severity

Source: Key and Benson 2005.
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Table 2 _SVM Kernel Formula

Function Formula
Linear Kkxix) = xiTxj
Polynomial Kxi,x) = (yxiTxj + nd, v >0
RBF K(xixj) = expv||xi - xj[|2), v >0
Sigmoid K(xi,xj)) = tanh(yxiTxj + 1)

Source: Kang, Go and Jo 2013.

Figure 3 _ Shows the Overall Methodology to Machine Learning of Forest Fire Damage Data
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Table 3 _dNBR Burn Severity Classification Term in This Study

Case 1 Case 2 Case 3 Case 4
dNBR
Class Area (ha) Class Area (ha) Class Area (ha) Class Area (ha)
<0.1 Unburned 410.54 Unburned 410.54 Unburned 410.54 Unburned 410.54
0.1 to 0.27 | Low Severity 240.11 Low Severity 240.11
Moderate Low Severity 387.14
. .44 47.
0.27 to O Low Severity 147.03
Middle Severity | 305.13 Burned 546.28
Mod
044 10 0.66| e 158.10
High Severity High Severity 159.14
0.66> High Severity 1.04 High Severity 1.04
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Table 5_Confusion Matrix between dNBR and SVM RBF Train Classification Results

dNBR(count of pixel)

Case Unburned Low Severity M“;ﬁ“f;yk’w M"‘;Zie“f;tyhigh High Severity
Unburned 35,470 4,626 201 1 0
Low Severity 4,542 13,446 5,071 286 0
1 Moderate low Severity 817 3,993 5879 1,075 0
Moderate high Severity 225 1,946 3,552 14,448 104
High Severity 0 0 0 0 0
Unburned Low Severity Middle Severity High Severity
Unburned 35,468 4,623 2,204 0
, Low Severity 3,905 11,625 3,424 0
Middle Severity 1,681 7,763 26,885 104
High Severity 0 0 0 0
Unburned Low Severity High Severity
Unburned 34,637 4,274 0
3 Low Severity 6,320 30,341 2,207
High Severity 97 4,099 13,707
Unburned Burned
. Unburned 34,615 4251
Burned 6,439 50,377
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Figure 4 _Test Image Results used SYM RBF Train Model Note: (A) Casel, (B) Case2, (C) Case3, (D) Case4
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Table 6 _Confusion Matrix using GTP for comparing
dNBR and SVM RBF Test Results

o Ground Truth
Unburn Burn Total
Unburned 85 43 128
dNBR Burned 15 157 172
Total 100 200 300
Overall Accurcy: 80.67% kappa: 0.593457
Unburned 86 38 124
RBF Burned 14 162 176
Total 100 200 300
Overall Accurcy: 82.67% kappa: 0.632075
Index dNBR SVM RBF
Precision 0.66 0.69
Recall 0.85 0.86
F-score 0.75 0.77
False Positive Rate 0.22 0.19
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