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Development of a Flooding Detection Learning Model Using
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Abstract This paper developed a training model to classify normal roads and flooded roads using

artificial intelligence technology. We expanded the diversity of learning data using various data
augmentation techniques and implemented a model that shows good performance in various
environments. Transfer learning was performed using the CNN-based Resnetl52v2 model as a

pre-learning model. During the model learning process, the performance of the final model was
improved through various parameter tuning and optimization processes. Learning was implemented in
Python using Google Colab NVIDIA Tesla T4 GPU, and the test results showed that flooding situations

were detected with very high accuracy in the test dataset.

Key Words : Flooded Road, Deep Learning, Image Classification, CNN

.M 2 o AYAE W 0 A= A4 AT E T ALY
EAsle} 1% WSl Qs gHAYe B9k Ew
ook 22 BAE WYA7IL k. AR A% £A

= A3, AE s wddt &4g x5t S A

I 7142 gasor Wit ol
el e WAl Wl Aslo] Aol BE Rof
T 9k H @ Ee ok

i

5ale Z7ksta Qlok 20234, H|E3 tlgog 149

S AT 2okl A RIBAE2] A8 ARI7E =0l 9A 5

Y, TR ARETER(LAIARD
", @
A 202349 1092 3¢,

AMA LA 202349 129 8Y

YR 202349 11€ 13¥

Received: 3 October, 2023 / Revised: 13 November, 2023 /
Accepted: 8 December, 2023

"Corresponding Author: jmlee@hansung.ac.kr

Dept. of Computer Engineering, Hansung University, Korea

-1-



Development of a Flooding Detection Learning Model Using CNN Technology

7kekal glom, E5] | 2 7|¥t] oju]x] 914] 7]&
ThoFgt HopollA] =2 52 HolFal Qlth

o] 71&& HigoR, E AFoA= CNN 7[5k
Resnet152v2 2dS &8slo] ‘Y4etx] | 2jg &

@S ettt Ed2 oux] £7 7]&(Image
Classification)” *& Ed] Qs £29} 4= E& o]u]

A9 W shrsted, choke Bl AR A
& A% A Eg

2l B AT A7, 3 B4R
299 7HIHEL A A 4oL o
3} 4% 34, T3 1 Aske BAek, mpEe 5
Aol B A7) AT 5 A7 Pl The) =i

1. 23 g

1. CNN 7|=
CNN(Convolutional Neural Network)2 d &4

HopollA] oju]z] Q1] 9 HRo] & AMEE= i
Folth. &, AFE HHoA g oR AMgEE= o ¥
g A of7E At & 4= Qlek. CNN2 thefet ZH
B3 olw|R Y] XA EAS FE514, ol#3t EA
g 7Rk 2 14=29] sjelS g3ttt 19804 &
& AL 4ok AAE LeNet-58 71302
CNN9J 7]& 7igo] =€ on, 201090 o8 7|9
AEFA Foloiet 2 A2 Floloi7t A8 AlexNeto]
ILSVRC (ImageNet Large Scale Visual Recognition
Challenge)olA 93519 CNNoj T3t A0l A
7F ARESQIT @Al o] £, olmlA] B4, AA
HE 5 TRt HopolA A 7R AMGET 1 WY

£ "7k ok

o

|

i

i

2. Resnet152v2 24!

Resnet152v2"= Residual Networke] HEo=,
glojoj7}F WolA Zlojzl Al AT = = A
AL A FAE Sfdsty] sl QtEgick 152709
ojoj& FAdEo] Qlof, E3%t s 9] shgoll /-85,
712 Resnet152074 Y& Flojo1Y] &Ajet &3} o<
9 AE HHSI des= AT HE HHolh
Resnet152v2+& 23] AZ(skip connection)S &3]
o] I HAES] 552 /|Ad5H, ol Bl o H2 Ml
ERQFoAME ARl ko] 7hssith 2 HELA

FEE 8] B ofulx] WMEAAE He Herw
qlalo] Fpssted, ofulx] Tl HokolH g2 AH8E T

T LEEL JFo] AlFok= STF-E 715t Jupyter
ER AuASoltt o] MulAk thEko] Holg 7]ut
2o &2 A 58S Ad GPUSH TPUE FEZ A|
S, | & 9 dlolg AFAEelA 1717F B
4 B =79t 291 At Pl golst
o, Hz9] glo]HE e} wf7]x] HX] glo] thFet mAl
2y ZHAYAE AT S Atk AT HraEE
NVIDIAS] Tesla T4 & A1002} V100 GPU"'7F 910
o, | &y FgollA Fa3gt g 2 PP A4lo] E3}
= TPU7} Yot T3h Googled] SRt 7]ut 0} A
& A 2"l 3+F =2to|B(Google Drive)2t A3l
2 BHgoflA AYAGE dlolEet A B 2 &
£48 Bt | o] 2HskE Aieg AlE, ok
g GPU a2t AlE, 2829 Fd3 AsS 59

ML, B9 ATAE AololA Yl A8E T gt

Il ELET a2y 23

olu|x] B& 7|&(Image classification)y 0%
olm|X 9] FHE I IS FAI5te, ofd |0 &
Sk=A] Tt S Al 7ol & Atolsde o]
HjZ] £57 71eE oldste, 4yt £ & EHT ¢ T2

ERE BR Yrud saude TEski.

dlolE NE A 2t E AR BEo sy &Y
2 7= I RERA Jgsltt. GPU= NVIDIA
Tesla T4E AFE3I9oH, =2 787 Qoj=. Python
(3.10.12)& Ar&stich | 2d = U= Pytorch
(2.0.)2 A=5l9t}. Pythond T¥HJo] £, sk
4 22 &ort wEn F59) 5943 3ol FHo
U 2 Aol Agsieiar wsto] PytorchE A ESHA
t}. Ho] sk4g 95t ALH sl EEL Resnet152v2"
£ 7I9to 2 S5 APstgict. vlolE A € ofn|A|
W3 A fof o] 9 golEEEE ARSI

F8 A8 olnge dols #4 U He 9wt




The Journal of The Institute of Internet, Broadcasting and Communication (IIBC)
Vol. 23, No. 6, pp.1-7, Dec. 31, 2023. pISSN 2289-0238, elSSN 2289-0246

Pandas(1.5.3), °]v]x] A2} WIS 93t Torchvision
(0.15.2)3% Pillow(8.4.0), 5=8t4 A4HE 913t Numpy
(1.25.2), 2811 oJu]|A] A2}g 3t opencv(4.8.0.74)
9} Imgaug(0.4.0) 52 =o|B& g ARSI,

2. o5 HO|E Z=H|
Aut =2 B Y4 T8 FHES FLESKE o]
B 2l Qe e, dlolel Alg ZHE Kaggle®

‘Road Classification images'®, ‘Roadway Flooding

Image Dataset’” Hlo|ElS &&3ic} tiEo], 12 ¥
&3l olm|A| ElolEE F7tste] 712 olw]A] ol Al
ES 7530 ool 283t oAl k' ;Tifﬂo]ﬂoﬂ
PhotoScape g olgalo] WAt HHTRS FE3I9Tt
I3 12 29 3F 349 Aot & 23, 725%
o] Il T2 oju]x|e} 18279 FE M5 =& o|u]A],
173789 v FE H5 T2 o|ujAE FH3Ioi M4
= BEH A BE A5 =29 FETT HolA] &
< H BE 5 =2 K] AR 250

42 o]

T YW &

a3 1. E2 B FE oA
Fig. 1. Example of road surface extraction
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import imgaug.augmenters as iaa
import numpy as np

def augment_images(images):
# TE oJu|zE 320x320 I7]|Z WA
resize = iaa.Resize((320, 320))
# 51 537
fliplr = iaa.Fliplr(1.0)
# 52 F37]
flipud = iaa.Flipud(1.0)
# 897 248 (-30% ~ +30%)
multiply = iaa.Multiply((0.7, 1.3))
# Z 24 (-10% ~ +10%)
contrast = iaa.LinearContrast((0.9, 1.1))

augmented = []
for image in images:
image_resized = resize(image=image)
for angle in [0, 90, 180l
rotate = iaa.Rotate(angle)
rotated_image = rotate(image=image_resized)
# 3% 714 A&
augmented.append(fliplr(image=rotated_image))
augmented.append(flipud(image=rotated_image))
augmented.append(multiply(image=rotated_image))
augmented.append(contrast(image=rotated_image))

return np.array(augmented)
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Fig. 3. Data augmentation implementation code
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# Hlojg AE 29
train_loader, val_loader, test_loader =
DataLoader(batch_size)

# ResNet152 2d& APA ks 715219 oA £8]27]
model = resnet152(pretrained=True).to(device=GPU)

for epoch in range(epochs):

model.train() # 29
train_loss = 0.0
for images, labels in train_loader:

train_loss += calculateTrainLoss(model, images, labels)
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avg_train_loss = train_loss / len(train_loader)
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val_loss = 0.0
for images, labels in train_loader:
val_loss += calculateTrainLoss(model, images, labels)
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val_losses.append(avg_val_loss)
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if avg_val_loss < best_val_loss:
best_val_loss = avg_val_loss
torch.save(model.state_dict(), 'best_model_weights.pth')
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Epoch Precision Recall F1 score
1 0.9787 0.9780 0.9783
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20 0.9980 0.9980 0.9980
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