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Abstract

Existing road flooding systems using a single sensor give an alarm when the water level reaches a certain value,
making it difficult to determine road flooding and take first action. Therefore, in this paper, 8 models based on CNN
were implemented to develop a real-time road flooding system using CCTV, and their performance was compared
through learning and verification. Each learning model was trained with a batch size of 16 and 120 epochs, and as a
result of the experiment, the deep learning models showed an average accuracy of 90%. In particular, in terms of
accuracy, the ShuffleNet V1, SqueezeNet, and ResNet-50 models performed best in order. However, for real-time road
flood detection and prediction, an appropriate number of parameters and short inference time are required for each
model. Assuming that each CCTV is analyzed once every 10 seconds, it was analyzed that the ResNet-50 model
could accommodate up to 800 CCTVs.
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Table 1. Learning, validation, and inference results for each deep leaming model
VGG16 | ResNet-50 |ResNet-101| SqueezeNet | SqueezeNext Shu\fjl1e = Shu\f;lzeNet EfficientNet
Training 79.1% 89.1% 92.9% 90.0% 85.8% 94.6% 94.3% 86.1%
Validation 90.8% 9N.7% 83.7% 91.5% 83.8% 91.2% 86.3% 90.2%
Number of parameters| 143M 23M 43M 0.7M 0.8M 34M 1.3M 5.3M
Maximum batch size 32 70 70 0 70 24 40 48
Inference tme per | 4 oy 172 23 .56 1.44 37 24 17
batch(s)
Number of CCTVs | 4 800 700 950 840 30 380 660
available for analysis
< o \ | ‘
.25 "U.\' | \ A
086 [
ka"WJ‘MN\!‘WW A
300 0.2 0 1000 2000 3000 4000
Epochs Epochs
(@) ShuffleNet V1 229l st& 2 HE Z3}
(a) training and validation results of ShuffleNet V1 model
p == val_acc 2 | —=— val_loss
WVV‘NWM\/ train_acc 3 train_loss
A 2.5
0.8
LE w15
5 s
<
0.6 | 03 %«N%W
“3 20 60 80 100 120 ’ 0 20 60 80 100
Epochs Epochs
(b) SqueezeNet 2| st& 3l HZS Az}
(b) training and validation results of SqueezeNet model
a8 6. 53 AT 2ot =2 sHEEHO| accuracy?t loss I =
Fig. 6. Accuracy and loss graphs of learning models with high training and validation results
V. ZE ¥ g7 o &2 batch size 163 120 epochZ FHEHUTE 2
43k, CCTVE 18T AT E2 A5G4S 9
B oERdiE B2 A5 BAE 98 ON 7l @ WY SeRdse WaHom omel HEs
el A SR 8708 Agetn T W B Holw glov], o] FoA md setue &
g9 S B WSS A slolHMERE 240 9 3B A BNS 58 M 489 WYY 8
goloA 853 T2 A4 I, 7\1—2,*/\101]*1 A& F 292 ShuffleNet V13 SqueezeNet EEo] -4
S CCTV FAES Z83ty, gsd AS5e A g AoE BEAH.
e = 47 3857709 6007) 01Tk “éﬂi‘é B




Journal of KIIT. Vol. 21, No. 8, pp. 185-192, Aug. 31, 2023. pISSN 1598-8619, eISSN 2093-7571 191

T3 CCTV hd 1020l 194 BAdga 7}
S u, ResNet-50 ZH= 800th7HA] 88 &
A Ao E FAET A B dAFE Fof A
% ShuffleNet V1, SqueezeNet = ResNet-50 5]
SEEIE AGEE Folu AFIRTH, 71&
FAe ' g A2E FUF AAe 71 HE
A glo] CCTVE ol &ste AN B2 g &

A S A3 4 98 sles Aadn,

Kubernetes, docker 5 PlE9o], =2 4 A
Jazgold d4< ?é—s}z, AN GREER
BER A5 off ad g AAgd 22 2
=]
o

G ES A2He B Aot EF & =
oA ANHR e F7h AR S FEs

References

[11 H S. Noh and C. K. Choi, "A Study on the
development of an Al-based integrated road
inundations management system for real-time
prediction, monitoring and operation of road",
Proc. of 2022 DCS Summer Conference, pp.
180-181, Jul. 2022.

[2] G. H. Kim and H. S. Noh, "Development of deep
Learning model for real-time flood detection using
CCTV", Proc. of 2022 DCS Autumn Conference,
pp. 277-278, Jul. 2022.

[3] L. Lopez-Fuentes, J. Weijer, M. Bolaos, and H.
Skinnemoen, "Multi-modal deep learning approach
for flood detection”, Working Notes Proc. of the
MediaEval 2017 Workshop, pp. 13-15, Sep. 2017.

[4] J. Deng, W. Dong, R. Socher, L.-J. Li, K. Li,
and L. Fei-Fei, '"ImageNet: A large-scale
hierarchical ~ image  database", 2009  IEEE
Conference on Computer Vision and Pattern
Recognition, Miami, FL, USA, pp. 248-255, Jun.
2009. https://doi.org/10.1109/CVPR.2009.5206848.

[5] X. Han, C. Nguyen, S. You, and J. Lu, "Single
Image Water Hazard Detection using FCN with

Reflection Attention Units", Computer Vision -
ECCV 2018, Lecture Notes in Computer Science
(LNCS), Vol. 11210, pp. 105-121, Oct. 2018.
https://doi.org/10.1007/978-3-030-01231-1 7.

[6) M. A Witherow, C. Sazara, [ M.
Winter-Arboleda, M. 1. Elbakary, M. Cetin, and
K. M. Iftekharuddin, "Floodwater detection on
roadways from crowdsourced images",
Methods  in
Engineering: Imaging & Visualization, Vol. 7, No.
5-6, pp. 529-540, Jun. 2019. https://doi.org/10.
1080/21681163.2018.1488223.

[7] S. Sarp, M. Kuzlu, M. Cetin, C. Sazara, and O.
Guler, "Detecting floodwater on roadways from

Mask-R-CNN", 2020

Conference  on
Intelligent SysTems and Applications (INISTA),
Novi Sad, Serbia, pp. 1-6, Aug.  2020.
https://doi.org/10.1109/INISTA49547.2020.9194655.

[8] K. Simonyan and A. Zisserman, "Very deep

Computer

Biomechanics and  Biomedical

image  data  using

International INnovations in

convolutional networks for large-scale image
recognition”, International Conference on Computer
Vision and Pattern Recognition (CVPR), pp. 1-14,
Apr. 2015. https://doi.org/10.48550/arXiv.1409.1556.

[9] K. He, X. Zhang, S. Ren, and J. Sun, "Deep
residual  learning  for  image  recognition",
Proceedings of the IEEE conference on Computer
Vision and Pattern Recognition (CVPR), pp.
770-778, Dec. 2015. https://doi.org/10.48550/arXiv.
1512.03385.

[10] F. N. Iandola, S. Han, M. W. Moskewicz, K.
Ashraf, W. J. Dally, and K. Keutzer, "SqueezeNet:
AlexNet-level accuracy with 50x fewer parameters
and <0.5MB model size",
Conference on Computer Vision and Pattern
Recognition (CVPR), pp. 1-13, Nov. 2016.
https://doi.org/10.48550/arXiv.1602.07360.

[11] K. Alex, S. Ilya, and G. E. Hinton, "Imagenet

classification with deep convolutional neural

Proc. of International

networks", In: Advances in neural information



192 =2 A4 gAE A% dHeid 22 78 2 A

ofr

H]ﬂ

processing systems", Vol. 25, pp. 1097-1105,
2012.

[12] A. Gholami, K. Kwon, B. Wu, Z. Tai, X. Yue, P.
Jin, S. Zhao, and K. Keutzer, "SqueezeNext:
Hardware-Aware Neural Network Design", 2018
IEEE/CVF  Conference on Computer Vision and
Pattern  Recognition Workshops, pp. 1751-1760,
Aug. 2018. https://doi.org/10.48550/arXiv.1803.10615.

[13] N. Ma, X. Zhang, H. T. Zheng, and J. Sun,
"ShuffleNet V2: Practical Guidelines for Efficient
CNN  Architecture Design", Computer Vision -
ECCV, Lecture Notes
Springer International Publishing, Vol. 11218, pp.
122-138, Oct. 2018. https://doi.org/10.1007/978-
3-030-01264-9 8.

[14] M. Tan and Q. Le, "EfficientNet: Rethinking

model scaling for convolutional neural networks",

in Computer Science,

Proc. of the 36th International Conference on
Machine Learning, pp. 6105-6114, May 2019.
https://doi.org/10.48550/arXiv.1905.11946.

\ K REATN

T 3 M (Hui-Seong Noh)

2007 ~ 2008 :
S Ak e
ANARAYEY AT AT

2015 2¢ : sidfsta ojst
A /AP A B (F AR

20159 ~ &A)
A7) Ed 7Y
FAYHATFER /AT G EE FHAFY

[k - A3, Holt @A, HAlEY(HHW),
dlo]efntoly, AbERIEYl

e

]

gk 7| & (Ki-Hong Park)
20104 8¢€ :

Q1T A Mol
20124 3¢ ~ 202241 29€ :
Zddigty AFE e 24
20219 49 ~ 2021 129 : KICT
TERAATEE AAA7LY
202343 49 ~ A : KICT =ERAATEE AYA7Y
202\ 39 ~ dA : AT Y AFEHARAG 21y
FA ok . A, AT, 98d, H26X




	도로 침수 탐지를 위한 딥러닝 모델 구현 및 성능 비교
	요약
	Abstract
	Ⅰ. 서론
	Ⅱ. 관련 선행연구
	Ⅲ. 도로 침수 탐지를 위한 딥러닝 모델 선정
	Ⅳ. 도로 침수 탐지를 위한 딥러닝 모델별 성능 비교 및 평가
	Ⅴ. 결론 및 향후 연구
	References


