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Deep Neural Network-based Jellyfish Distribution
Recognition System Using a UAV

TAR.Y A
Jungmo Koo', Hyun Myung '

Abstract: In this paper, we propose a jellyfish distribution recognition and monitoring system using a
UAYV (unmanned aerial vehicle). The UAV was designed to satisfy the requirements for flight in ocean
environment. The target jellyfish, Aurelia aurita, is recognized through convolutional neural network
and its distribution is calculated. The modified deep neural network architecture has been developed to
have reliable recognition accuracy and fast operation speed. Recognition speed is about 400 times
faster than GoogLeNet by using a lightweight network architecture. We also introduce the method for
selecting candidates to be used as inputs to the proposed network. The recognition accuracy of the
jellyfish is improved by removing the probability value of the meaningless class among the probability
vectors of the evaluated input image and re-evaluating it by normalization. The jellyfish distribution is
calculated based on the unit jellyfish image recognized. The distribution level is defined by using the

novelty concept of the distribution map buffer.

Keuwords: Convolutional Neural Network, Monitoring System, Unmanned Aerial Vehicle, Jellyfish
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[Fig. 1] Image of jellyfish group on sea surface captured by a
unmanned aerial vehicle

JEROS (jellyfish removal robot system)''2}2] 3-8 &3l ¢
< g A o] sl uke] AfA P Alage g qdvh

Frolli= 51 vRA7E S HA FeAlE E%}
A 124 e dks] Jes o ik Liths
Z5H o)A S o} 5132 1M (Hough transforrn)% “1-8-f
Aok A5 s3Ik 3 Souzal’
oA ARE o] &ste] th A1
A s At skl o]
A& Pk d a8l &
04 B2 opel 71945 shar slek
Abelorslr] wol 23t

=S f“l

o Borlr > oo
ol Y

jusd

ol

o,

==
., o2

2
tlo
T
n

b
O

>
=

i

z ol Y oY
=
1o

e
S
KT

2
o
k1
ge o

lﬂ JZ ool 1%
é

PR

flo

o Mo

> 4o
o o

(o, ¥

i
Mo
u}

kel
=

i rle 24 o o i

ot
Y o
18
ol

)

, T
g
*
o

3R
)

SE

[ o
N e
=
o2
2

5
<

Sk
o Rif

A ofe] 150 A} )
<=7 (remotely operated vehicle)
) A& 72l “(autonomous underwater vehicle)= ©]-8
&l Zg gk el A G ol A sliutel & % %OF dare]EE AT
sl o] =io] darelEe @ Lﬁ‘rfl} Hﬂﬁu o]
£ o] &l slute]E FA g 91e A

A AR A7 Al 71
allate e} o] 5o B
o} =l A ol gk IS €
=837 sk

B =l Q)

R

¢

o 2
;13_12
N o
nfﬂF

rj(g
R
N
ofN ©]

w2l
o% &

2} S 90% o/} dlj vz 3
oka12]Fo] CPURHO.® 6.3 Hz o4 246h= A<
o}, & =Bl A= A3 sl|ake] A1) Q14o) o

ol FlulE] BT =4S 2 o 2 AA5S7)
90% =o' FH-slr}ar Jlru}o}owr 3l Lol 7]_5 Jol
A A= 4m U9, 2 misE 555 v dshy A JhlEt
o] AJoFZKFOV, field of view) S 124 S o R=RS AT P!
1gFoll A A A| 5o ek sl uke] 7 Alofell A Akt w7hA]
ey 1()1:H o]/\L O]NE]L PAESS Eﬁi gic) o)e)3k 1L wk=E

iz
i
i o,

o 2ok 1>

Y

3

2

2
ro
> 1

o
O:

d= U=

%@@a~w§%1ﬂg
2. 25 A|AH|
& ol Sllvke] 2 HUE ol AR 23 AVE“
ol tislo] A gk, 717] Fefe] wite 3] AAE T
s7lell g afolrk. whiell theket ZHA] Al 91715
h-g-a 31 9101 ZRA ek ofu 2 Tk Q18 el 3

gl vlsf e o nlo] A =
o M7t 7hs e 4 A7k Solst
F7H o2 By} Aa A7}
78] o] 53714 ;H“ AT 3 =l FU71E &
& g oi gk el sjuie] Rxs
ofef g 2R AXRLE F5l] 913 8t
%101011 EHSHH *7H ek wgh sfule] W Q1A Al E
A B3 Aggo] of |l AAA A ATk

2.1 SHE o] 74

o
>
[
fai}
o
Ho
=
-d
-0,
N
]
-
oX,
o
o,
~N

rﬂ L

o

=

>

[e]

o
Mr X

1 v gjo] 7hssfof gt 3f< Eﬁ‘rﬁ"ﬂfﬂL Hlgho] ZdaA
7] wjiz-ell n] YA o] ZpA] Ao 7} of gk, wliol] At 5l
o] & @ 3}a1 IS (IMU, inertial measurement unit) -5
o] A& o83k ApAl| A|of7} 7hssljof ghrk 712491 AhA
Ao|7} b ElA] 9 7 -golli= o] 25 Bl v|g)o] E7ls3t
o} 3 5H°k§1r7ﬂ°ﬂ/\1b o|g] gk F-io] ng3t A9 Al
2 o]0} 5 91| wHel F2.3 2710lch A, vk 9lo)
BAIAE 7298 tlsto] Wk TFs ol gk A 5 &
7RI g7k Vi e wfej)e) 2] ek 4] gisk
& s bS] AA0F ek oJ242 25l 9754
or chl WE A G5 AT SEsh Sa Aot
o] Bgbofiz} W £ W7} 5. gl Ik ).
A, 155 o)) W AIE Shuslof Sk S} 73 e
e AGS gAY A S WAl Basht
slvhe] WA vhohs Q13 U L Hﬁxlﬁ% 2708kl
TA] Fote 7] 918l oF 154 o) ] vl AT
ARE-3R= F-¢17] 2Elo] HexH20 [Fig. 2] DII AF] NAZA
V2 Ao]7]1E o]-&3F EAo| F2]A-FRP, fiber reinforced
plastics) = ©]-8-at] W A4S vhxl Fefjolrk. F FAI=
1.4 kgol™ A7]= 3 740 x 9] 240 x 4 9] 650 mmE- 714 2L
Ak viE 2= 270714 4 7hseh % sk 2 kgol vk B



434 =55t3) =24 4129 A4E (2017, 12)

3} LiPo 6S 1400 mAh<] viE|2] 880 & 255714 v 8)o] 7}
=51 67l19] Z2HHE o]-83517] W&ol 25 mphe] gl
Loy o7 njggst 4= it g 5 38 7|50l A

S =GPS BEo| M AR O 0.8 m 0] FHOE 2.5 mO|
th wmEF 2F 7= 24 Hz2 S48 0Z% kA B4
7Vs A== 1,000 mol Tk

ol9} & FRI7|7} i =toll A HA o2 = V)E

A7) A= A7 B sty T} b S

2 o
f2oof >

@icﬂ i7-5557U =2 ﬂ 17}%21301 O‘D} iﬁH HexHZO°ﬂ

1— = XH:HO] )\4;(];401

A7} oAk %o
1O

A 11

A= A
E7bssl7] wjitol] 7]1&e) gt of 7
ol Logitech C920 webcam=- A3 %] =
1-50] Q7] wiell A& AR wol sl= T4 ¢kl 4A]
70 [Fig. 313 o] 37-217] Sk Zol] 7hH|e}E A=) oF
ek el A 2183171l '”/\Zﬁ‘ﬂ As XE B 750
Fulo] 733l Jo|L} 538 ol :

AR

(RO

, 1o

of

[Fig. 2] Waterproof type drone HexH2O. It is manufactured by
QuadH20 company and uses handmade frame. The maximum
speed is 56 km/h

[Fig. 3] C920 mounted on HexH20
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[Fig. 7] Distribution of training data using t-SNE visualization
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Layer Input channels & size Filter size Stride Type Output channels & size
Convolution 1(32%x32) 5%x5 1 Leaky ReLU 6 (28 x 28)
Convolution 6 (28 x 28) 5%x5 1 Leaky ReLU 12 (24 x 24)

Pooling 12 (24 x 24) 2x2 2 Max 12 (12 x 12)

Convolution 12 (12 x 12) 3x3 1 Leaky ReLU 20 (10 x 10)
Pooling 20 (10 x 10) 2%x2 2 Max 20(5x%5)
Convolution 20 (5 x5) 5x35 1 Leaky ReLU 160 (1 x 1)
Fully connected 160 (1 x 1) - - Softmax 10(1x1)
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(Right) Result images of jellyfish distribution recognition
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[Table 2] Comparison of recognition accuracy and recognition
speed by networks

Proposed | LeNet-5 | AlexNet | GooglLeNet
Accuracy (%) | 94.06 93.57 95.60 98.37
Frame rate (Hz) | 8.23 3.01 0.01 0.02
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