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Efficient Swimmer Detection Algorithm using CNN-based SVM
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Abstract

In this paper, we propose a CNN-based swimmer detection algorithm. Every year, water safety
accidents have been occurred frequently, and accordingly, intelligent video surveillance systems are
being developed to prevent accidents. Intelligent video surveillance system is a real-time system that
detects objects which users want to do. It classifies or detects objects in real-time using algorithms
such as GMM (Gaussian Mixture Model), HOG (Histogram of Oriented Gradients), and SVM (Support
Vector Machine). However, HOG has a problem that it cannot accurately detect the swimmer in a
complex and dynamic environment such as a beach. In other words, there are many false positives
that detect swimmers as waves and false negatives that detect waves as swimmers. To solve this
problem, in this paper, we propose a swimmer detection algorithm using CNN (Convolutional Neural
Network), specialized for small object sizes, in order to detect dynamic objects and swimmers more
accurately and efficiently in complex environment. The proposed CNN sets the size of the input
image and the size of the filter used in the convolution operation according to the size of objects. In
addition, the aspect ratio of the input is adjusted according to the ratio of detected objects. As a
result, experimental results show that the proposed CNN-based swimmer detection method performs

better than conventional techniques.

» Keyword: Object detection, HOG, SVM, CNN

[. Introduction

a7 WA 7t sfwitt 71l w}a} o] FAALL ] A A Al Z4AE CCTV(Closed-Circuit Television)
TSk vipd RIS EAYSk 9tk [Fig, 112 =B A oA Al ¢} IT(Information Technology) 7145 %3k WP o2 CCTV
sh= 201215 201597H4)9] B0l © ZV\}J— SIFE UeIT ol e S o] 8aie] A5 o R Aoy Al T AAE
[1]. 2¥E B, E5o] Alale #&H oz dhAshy Alae]  xlstar A gt}
g F-io] AFEARIIS] AS & 4 Qi) o]g A i) X&H o= A, A4 51212 GMM(Gaussian Mixture Model)[3],

WHAEhE S0 AlaLE WAE] 8l < B 9] A 189 HOG(Histogram of Oriented Gradients)[4]1, SVM(Support
ASo] o] FUE L Q) Wrk o2}, B0 FHAL  Vector Machine)[5]& AFEdlE -t AE dag]Es A
o] AR oW AAE FHFS] Y8l A58 G A A" eItk Aok dugEe WA GMMOE i At o
(Intelligent Surveillance System)e] &o] 7w a1 glcH2]. #| 3l nayy A4S &l aglm HOGS SVMeR 7HE

off

* First Author: Dasol Hong, Corresponding Author: Yoon Kim
*Dasol Hong (hda8297 @kangwon.ac.kr), Dept. of Computer and Communications Engineering, Kangwon National University
**Yoon Kim (yooni@kangwon.ac.kr), Dept. of Computer and Communications Engineering, Kangwon National University

* Received: 2017. 11. 22, Revised: 2017. 11. 30, Accepted: 2017. 12. 09.

* This work was supported by Institute for Information & communications Technology Promotion(IITP) grant
funded by the Korea government(MSIT) (No: R-20160906-004163, Developing Bigdata Autotagging and
Tag-based DaaS System)

* This study has been worked with the support of a research grant of Kangwon National University in 2017.



80  Journal of The Korea Society of Computer and Information

B Ao 03 54 WEE FEse] Q9AE AEH 19
o), [219] daeZelA AH8e HOGE S5 &%% 7H
AR AEAE THelAT, A A
B A 43k 55 H%‘Eia Pe 5 gl %xav itk u

& qaab 91 o
FaEoto] ARl CNN(Convolutlonal Neural Network)[6]
M AeA AE dueEe xﬂOP‘GPD} Eg, B polA
Ag7b ® el A Yehde AAES 8402 HE] 9
& 22 AA| Apo]zo] 53t CNN ?L% A QY.
—8~the nurmber of accidents(case) —¥—death toll(person)
40
35
4 %0 |
S0 |
15
10
2012 2013 2014 2015
year
Fig. 1. The status of water safety accident
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V. Experiment Results

L =ellalE 71 HOG 719 it 315 darelsat Aljkshe
CNN 719k 5t AE LaE]Fe] s vlal stk Ads
gk 7FE 9] sh=sllo] SEL Intel Core i5 3.3GHz, 16.0GB
RAMO]‘:’%, GPU+= NVIDIA GeForce GTX 1060 6GBZ Al-8-3ic},
wEk AT EY o] ZTeEZL Windows 10 Operate Systemo©]H
visual studio Ultimate 2013%14] opencv 3.2 ARE-3lt) YEY
Fof] Y3k g<5S FC(Fully Connected) layerE A9 3k HIEH A
of 3l ImageNet[20] HloJE|= 8}5S Xt} Shso] ghns
o]0 s HES A 714 ghe 1AHAX F FC layers
HIESIA Eol] o] A4 AddollA 55 Al dlofele} Algte]
obd dlolE 2,50071, & 5,000712] HolH= g5 X 33i)
AF2 1,000719] vlolEj(Akgt dloTe] 5007Y, Akgte] obd Hlo]
Bl 50071 Aol A ) A} w3tk 1,136x408 Z17)
9] g7 37l dial dolo] FRBAME AAskar AAE B
t}h ek, 5ol gk A we] Pl AES A trackerE A9)e
A 2oz S Fast. CNN9| 7712+ softmax
7719} rbf kernel SVMS AHEsle] Adlslal o] & vlul H7)8k
o} npxato & Ao AgEF A 4] (8)9] Accuracy S
AHE-gh

correct answer
Accuracy(%) = Totalno.of data 100 (8)
2] (®)oA] BE= HAES AMEE F dolHe FolH
A BRI euied) BRE HIO1E1° Folck. o}
1008 Fslo] HAER epd °|& o] &3l &/

) zgil_r,:_.g_ ‘i“"é LI EVA 3=

E o ]Ei 1,00070 1l EH'Z?H 71E HOG—SVM W

kemel SVM )% }%?@ 74$-9] zgil_r,:_o] 1S P_‘?i, CNN
S ARgste] B4 ) 2 o] ¢3S u B

o ¢ 6% A=
kernel-SVM& A&t H8 %7} softmax #7715 AH&-¢
¢ w1} 0.4% =

rlo
.
K=
]
[iss
32
O,

Table 1. Accuracy for classifiers
Conventional ConvNet— ConvNet—
method Softmax SVM
Accuracy(%) 93.69 99.1 99.5

G, [ 71

F7] 918l Ag 9] g} WA, 19 [Fig.
6-(@]= 71 HOGE ARS-&H wiie] A3} Qo= oA dudled
FARER Q3 s A A NA Xk 497t
2 AT, A [Fig, 6-(b)](Softmax classifier)$}t [Fig.
6-(c)l(kernel-SVM)E ® 1, 7|& 9hy R} J4A2 Wt 4g
A A&k s & Slth o9 22 ANE 1| Fo] Kol
AoFsl= CNN 719k 5=} A% darg]S 54wl 73<1sh

AL A AU YAl ] 9ol 9] A e
£ e daeFole Aer

(a) Softmax classifier(Left) kernel-SVM(Right)

(b) Softmax classifier(Left), kernel-SVM(Middle),
conventional method(Right)

Fig. 7. The enlarged images of a part of the result image

(a) Conventional method
Fig. 6. Images of experimental result using actual image data

(b) Softmax classifier

(c) Kernel-SVM



84  Journal of The Korea Society of Computer and Information

VI. Conclusions and future work
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