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5.Synthetic aperture radar (SAR)

6. Cunjian et al.

7. Csornai et al.

8. European Remote-Sensing Satellite-2

9. Indian Remote Sensing

10. Thematic Mapper

11 . National Oceanic and Atmospheric Administration
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Fig 1. The location of the study area in Iran.
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5. Generalization
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1. Borah et al.

2. Random Forest (RF)

3.K Nearest Neighbors (KNN)
4. Maximum Likelihood
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6. Look Up Table (LUT)

7. Lee

8. Speckle

9. Shuttle Radar Topography Mission
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1. Synthetic Aperture Radar (SAR)

2. Single Look Complex

3. Ground Range Detected

4. Sentinel Application Platform-Version 6
5. Co-polarization (VV)

Ol S 135l (omwsias 9 @ole



sy o) gl Olse a4 B Y s few Gble Ol sea
A5 S s gleicas ande Gl S e k3 S
)l J«él}- @L’b B oslaal ol Q)U&J 6.1.@4.5.‘.14 S ¢4.“:w
s S alie islas K 5, L Lol
Ll e slac= s 5l lacws 0 e (g lLL
S o, S tnaih s el s (ol Sl
gy el Guadl o b b b Sy b e ud) ol
L el ol 55 g0 sllwS IS K ys 35 ol jen LSL“;}.’J
@ o plasl eeal O3 X Ol S 08l s
Ol (OIS 3laws Yl oS 51 S Sy Gl oS gl S
L;T) RS )3 A dgd o FERINLY L;T) @ M Ol s
.,\..SL;G CW‘ u»% Ag_i )b J—“S‘:‘i QJ.:L>=.~§ JJ}A ‘)J b )j}
w%@b Y8 WY M‘K&‘)MM‘L}K& &)}Ql [\-\]
Aas e Golant] wab K ol s gl o5 ie @l
JJZ}}J @ gad 48 gazma Sl D 4w Dy 4 ‘ngsz ol s
o 33 SRl b S DL N LS e s
ol coyy S ui)'jﬂ Sl ol slaesls ae ganms
AL e ol slaesls as gamma j3 Lad g Slua N 353 e
oo S Sl L g Sasped Sl eslid U b
Sl clls walss clls ey Ju)jJ 5> Laesls sliladl
&.}LﬁjJi;?d:j)&bu.[o].uﬁf)\}asm‘))}Av.’.’i)jg\
soen) 3 el edny Sl S sl lads gazme 3550 o
O3 eslinal 55 g (glosl gals (lmosls o 5 455 55 Ll 5 e
Ds,8
ol gl s sy e gble (o g OIS Y 4 SNAP 6
Sl edd ghuatb b e Glaesls Culg 5o Al duaid
k:a?.")i &)}g‘)‘ eJLﬁS.w‘L:ENVIS3 MJJM}‘HJ}J
5 S O s Sdome guail 5 3 S 518 5 e (6 S e
Slp Ko Sas K S e SE 3
S b S pa) o0 il e Gleolsale pslal cuailb
g oo oslizal Cilies gla iy (gsluldr gl k] a5
Lﬂ"\ CM‘f)lsdJ:«SMWS} ko.i':C))Ué.; L;.i}) L&}) w\
s SObe o 5 beesls Jige jsb a4 S8 L s gduaib
S Sy S oRan slaes sazme 5 (S5l i slae S0bs
Conl s 0l lul I 0 S0le G 35 0 Ll soulsS
S5l S 5 S osbl i NS S L s s el

4. Decision Tree
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1. Geographic Information System
2. decibels (dB)
3. Ground control points
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Fig 2. Image pre-processing steps
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Table 1. The accuracy assessment of Thresholding method
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Fig 5. Separating water and non-water areas in the study area before and after the flood (from right to left)
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Table 2. The accuracy assessment of image classification algorithms

&*@@ﬁ)}g\ Lo Loy LS o2
Classification algorithm Accuracy( percent) Kappa coefficient
ol i 95.6 0.92

Random Forest
Gloosr op J 05 S
KNN
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83.7 0.78

Maximum likelihood 92.4 0.89
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Table 3. The area of Flooded regions.
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Fig 6. Flooded areas using Random Forest classification.
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Table 4. Results of flood damage assessment in different land uses.
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Utilizing Sentinel 1 Images for Monitoring Damage of Flood Event in March 2020, the
South of Kerman Province Based on Random Forest Algorithm
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Abstract

Flood damage assessment is often necessary for early flood management. To this end, this paper provides
a framework of rapid estimation of flood damage and identification the flooded areas in March 2020 using
Sentinel-1 satellite data. To this end, in the present study, after applying the necessary pre-processing in
SNAP6 software, the backscattering coefficient, or sigma naught for two images related to before and
after the flood occurrence was extracted. The backscattering coefficient histogram was used to separate
the image into two classes including water and non-water and the threshold of 0.01 was obtained based on
it. Then, by applying mathematical operations on both backscattering images, the binary image of water
and non-water was prepared and the flooded areas were determined based on the difference between the
two images. After detecting the flooded areas, Sentinel images were classified into three classes including
waterbody before flood, flooded area and other lands using supervised classification algorithms. The
results indicated the high accuracy of the Random Forest algorithm with kappa of 0.92 compared to other
algorithms. By overlaying the land use and flooded areas maps, the inundation percentage for each land use
was determined. According to the results, bare lands with 27.9 percent, residential land with 16 percent and

rangelands with 12 percent had the highest inundation percentage, respectively.

Keywords: Radar images, Flood, Damage, Sentinel-1, Random forest algorithm.
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