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Abstract

The increasing atmospheric imbalance caused by climate change leads to an elevation in precipitation, resulting in a heightened frequency of
flooding. Consequently, there is a growing need for technology to detect and monitor these occurrences, especially as the frequency of flooding
events rises. To minimize flood damage, continuous monitoring is essential, and flood areas can be detected by the Synthetic Aperture Radar
(SAR) imagery, which is not affected by climate conditions. The observed data undergoes a preprocessing step, utilizing a median filter to reduce
noise. Classification techniques were employed to classify water bodies and non-water bodies, with the aim of evaluating the effectiveness of
each method in flood detection. In this study, the Otsu method and Support Vector Machine (SVM) technique were utilized for the classification
of water bodies and non-water bodies. The overall performance of the models was assessed using a Confusion Matrix. The suitability of flood
detection was evaluated by comparing the Otsu method, an optimal threshold-based classifier, with SVM, a machine learning technique that
minimizes misclassifications through training. The Otsu method demonstrated suitability in delineating boundaries between water and non-
water bodies but exhibited a higher rate of misclassifications due to the influence of mixed substances. Conversely, the use of SVM resulted in
a lower false positive rate and proved less sensitive to mixed substances. Consequently, SVM exhibited higher accuracy under conditions
excluding flooding. While the Otsu method showed slightly higher accuracy in flood conditions compared to SVM, the difference in accuracy
was less than 5% (Otsu: 0.93, SVM: 0.90). However, in pre-flooding and post-flooding conditions, the accuracy difference was more than 15%,
indicating that SVM is more suitable for water body and flood detection (Otsu: 0.77, SVM: 0.92). Based on the findings of this study, it is
anticipated that more accurate detection of water bodies and floods could contribute to minimizing flood-related damages and losses.
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Fig. 1. Location of the hyderabad (Downstream of the Indus river, Pakistan)
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2.2.1 Sentinel-1 SAR

Sentinel-1 SAR $]4-2 C-band (5.405 GHz) tto| =2 1}
glole AAE 7IHte & A& A1 31 91 HH S 4T
(Huang et al., 2018). Z1Z A HOkS L3St Ground Range
Detected (GRD) At&+= SM (Strip Map), IW (Interferometric
Wide swath), EW (Extra Wide swath) 2 A%, 1 5 1IW
HEE= AT SAR HIO[HE Al gsHiA W2 A19e &
A5t 4= Qlth(Bioresita et al., 2018; Wang et al., 2019). IW
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HASHA ¥E-g-5to] A4 R Z-E 2] of] 2 edstth(Bourgeau-
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1} Ao} 5 theFobH, ESC] Feld A= 10 m ~ 60 m=
HZHR), Z5(G), TH(B), TH ANIR)Z 10 m -F7Hal
L& AlS?tTHQing et al., 2021).
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5l.om A2 o] Wh 2 0] 5 2= Fig, 20] EAE 1Tt
8D olm| 2] Hlo|B+= o] 20] kS dhol o] <]
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Fig. 2. Flowchart of methodology detecting the water body by using
Otsu and SVM
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3.2.SVM 7|
SVM 7]#.2 ohlo] Z|SE B BAS Fe AS BE
2 o ol B0 2. sgdeld £eE 5o 225
=0

£ Aol Ao 4
ol E ERd 4 alt}(Shanfzadeh etal.,2020). 71= 4
Z4A AEHH-2 ol g Eizo thet £33 7S Fl ©]
Fo) 2= ¥hdof|, v R4=2] 2RI SVM 7]H-2 Hlo] & of T
271 glolw A7 A Ol 71 717k 1RgE EIE | T
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FAE Gt A S AR ES 7|t e R 4
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oA 712 Foll o] Fol A= 71 HH2 A8 Hlojuh]
TFSVM 7152 o] 27 -2 ol E oA = A7 FAE A
At 4= Qiok whepA, B R W SRR SVM 72
o] e o] Farof tigt 71 o] A 71 ozl an1 19} 72 0]

2ol & vizdetal Hlo| e o] B4t wigl-& okt ol
35 E BolFal Qi) o= 5 o= ]"ﬂ-l'L AR H°]
Blof| &85 = 9lom, SVMI} -2 H| R 4= HitH ol A it}
Z]o|th(Possa and Maillard, 2018). 2 A7Lof| A 2-83FSVM

7IH2 Ag7d 719 o] 8= Mk 9] Hyperparameter
setting= O] F-0] 2] 2] 9k O 1, Loss function-= classification
error2 2-250] SVM HA21d-& 55}t reference=
glo]E Ho|HE &85l Shst|olE & Faf oS3t 2t
£ predictor® |53t} T3, Linear kernel featuresS <
85t dloly ZRJAES] AABAE sk, 247t +
HollA HAsH= v Aol 2-85t] Hlole E4e] w2t
A % HA|

£ EFOIATHEq. (4)).

K(:Ei,xj) = ZEZTIj — ¢(z) ==z 4)
3.3 Confusion Matrix

Confusion Matrix 7|5F0 2 ot =4 €t=] Z21}9] @%kﬂ A
Stz 5710l x|} uletA] Jrg wotei] §)

(Precision; Eq. (5))2 A1 &-&(Recall; Eq. (6))°] &-& Q Atk

Table 1. Confusion matrix

Estimated
Positive Negative
(Water) (Non-Water)
Positive TP FN
True (Water) (Water body) (Undetected)
Negative FP TN
(Non-Water) | (Misclassification) | (Non-Water body)

olQor RHlo] A58 =A35}7] 5] Intersection over

Union (IOU; Eq. (8))°] AFH&-%] 1tt. Confusion Matrix A| &

£ 05E 1742] Zoj=|H, 10 7ph&rs BE o] 5ol 5

h& YEPATH(Table 1). wHebA, 2 Aol A= HUe 2 A

dE2 59l L] 5442 =I5t H, Confusion Matrix

B7F A BE 55l Otsu 7"HIF SVM 71HH 9] 4 9 A+ 4]
Ao ARapa o 2 Hlg Balshect

Precision = % 5)
Recall = % (6)
Accuracy = 75 Jzii ZZ T IN )
10U = s i ®

3.4 Receiver Operating Characteristic Curve

ROC (Receiver Operating Characteristic) 2412 2@ 9]
Q7 (Sensitivity) 2 0] % (Specificity)E 7]HF2. 2 FPR
(False Positive Rate; Eq. (9)) & TPR (True Positive Rate; Eq.
(10))= F&519] AUC (Area Under the Curve) 22 LIERH
. AUCE=ROC =41 ofefi o] |zl L= gho = BHlo]
o BHY S Qe BN ER BE5|3 Ui Table2). 2
@ AUC B Ao ket Otsu 7]k SVM 71]

N EEEER PSR RS

FPR = Sensitivity(SE) )]
_ True Positive (TP)
True Positive + False Negative (FN)

TPR = 1— Specificity(SP) (10)
Fulse Positive (FP)
True Negative (TN) + Fulse Positive (FP)

Table 2. Evaluation metric of AUC

AUC Classification Category
0.90-1.00 Excellent
0.80-0.90 Good
0.70-0.80 Fair
0.60-0.70 Poor
0.50-0.60 Fail
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Label: before flood

Label: during flood
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A A7} b Foll A A8eE 34 oS E Accuracy, Pre-
cision, Recall, IOU 5= 53l Confusion Matrix & LEFHACY.
Figs. 4(a)~4(c)= SVM 7|H 9] &5 712 3 5ol wpat
LR 12, Figs. 4(d)~4(f)= Otsu 7]H o] 7 248 Liephd
t}. Fig. 4(a) 2t THEA] (d)oll A= LA @4Fo] =7 Uerst
om, T S0 HAFRAA FA] ] Bl&o] =A YEt
U= Z& Ad Aol A 2RI 4= A AT (Yuan et al., 2020).
Fig. 4(d)ol4] 282 @442 133} B[4 E0] 23t oaf &
ARt Ao 2 S P A Aol A Z1T 4= AU Th(Jiang er
al.,2014). §FH, Fig. 4(a)2] 2 AT EH SVM 7|HE @
27 A Yehbs A2 21 43Utk Otsu 7Ho] SVM

Label: After flood
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710l v 5} A HEo) A 0.15 B UYehgon, AU
L SVM 7|HHT} 0.22 W 0,188 W Aurt UEepsdth
(Table 3). ©]of| w&} Otsu 715 2] QFA|&o] =2 S 21l
a4 9120tk Figs. 4(b) and 4(e)= A4 AF8HS Hol11.glo
), 52 1%t 24 Alofl= Otsu 7| H1} SVM 71 o] Bt
zpo] 7k A7) -2 Kol Qltt. F4= ©A] = Otsu 7] ©]
SVM 7HHETH e 710.03 =7 YFEREOH, U E+=0.99
2 SVM 7| HH5dt YU =S BT Figs. 4(c) and 4(f)=
AL o] T o BEFH F92 HolFal 9loH, SVM 7o)
Otsu 7| ol H]3l] 2 o2& = Q8] H&710.06 #Fo]
LU= 218 015t 4= o)t} ik 0 2 SVM 7[He] Otsu 719

Table 3. Confusion Matrix for Water body detection shown
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Model State Precision Recall Accuracy 10U
Pre-flood 0.99 0.99 0.99 0.89
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Pre-flood 0.40 0.99 0.92 0.40
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Fig. 5. Comparison between Label Data and NDWI Data for assessing the suitability of NDWI as verification data
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Table 4. Area results according to flood state under the ROC curve

(AUQ)
State Otsu SVM
Pre-flood 0.80 0.87
Flood 0.95 0.94
Post-flood 0.94 0.94
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Fig. 6. Pre-flood results of SVM technique for detecting water body changes
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Table 5. Model accuracy according to flood state

Flood state Date Accuracy
2022-05-23 0.92
Pre-flood
2022-06-04 0.93
2022-09-08 0.90
Flood
2022-09-11 0.81
2022-10-02 0.96
Post-flood
2022-10-17 0.98
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Fig. 7. Flood occurrence results of SVM technigue for detecting water body changes
Table 6. Pixel changes in the confusion matrix
Flood state Date Water body Mis- classification Non-water body Undetected
05-23 58,933 89,011 985,178 318
Pre-flood
06-04 67,427 79,351 981,153 5,509
Flood 09-08 807,226 5,074 215,024 106,116
00
09-11 641,957 2,656 272,352 216,475
10-02 191,166 30,384 897,182 14,708
Post-flood
10-17 136,320 13,063 969,606 14,451
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Fig. 8. Post-flood results of SVM technique for detecting water body changes
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Fig. 10. Detection of flooded and non-flooded areas obtained by Label data, Otsu and SVM methods
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Table 7. Pixel changes in the confusion matrix of Fig. 10

Model
Label
Otsu

SVM

Non-Flood area
279,348
620,744
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Flood area
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