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Abstract — The International Maritime Organization (IMO) stipulates that the transportation of ship’s ballast
water among geographically different regions is one of the greatest threats to the marine environment. In the
efforts of international cooperation among IMO member states, the international convention for the control
and management of ship’s ballast water and sediments, 2004(BWM convention 2004) was adapted to prevent
ecological and economical damages caused by ship’s ballast water operation. This study focused on the veri-
fication of a device which can classify and identify the organism bigger than 50 pm (=50 pum) by combining
technologies between image processing(OpenCV) and mechanical training engine (TensorFlow). Image col-
lection was carried out from March 2017 to September 2018. 29,032 images were obtained in the first period
and 86,044 were obtained in the second period, and the accuracy rate for systems with artificial intelligence
was 75.5% and 94.8%, respectively. In the second period, the accuracy rate of all Taxon showed more than
90%. As the overall learned information increased, the recognition rate for zooplankton appeared to be
increasing, but it is necessity that the perceived variables should be controlled in the process of artificial
intelligence application.

Keywords: Ballast water(X1 93 3 57), Zooplankton(& = 2% &), Artificial Intelligence(3! 3 ] 5-), Machine
Learning(”]48}5), International Marltlme Organization(IMO / S ASAL7]7H)

Corresponding author: ghlee@techcross.com

114


https://crossmark.crossref.org/dialog/?doi=10.7846/JKOSMEE.2019.22.2.114&domain=http://www.jkosmee.or.kr/&uri_scheme=http:&cm_version=v1.5

AL W S EEFTE(>50 pm ) S 99 Al A8 115

1. M

ru

N ZAA ] Sl AAAIRN SR E5Ee] Ul o] AR,
AP 25 OS] ERE vlwd AR vjgow 788 5 Sl
o2 Al BE52 80~90%2 Hdskal gick Auke 23 3l
ﬁg A 2ol A = Qi Bt AR TAIE U B

TRl B0 24 sfdslitt, ouf A= B2 Aulkgy
—r(ballast water)2Fal 31, A AAIF O F AT 100045 o] o]
FEE Zlo® 348k lrk(Battle[2009]). AU HE 96}

Al HH & Rk ope} T &l EAfshk= B 579] A& (plankton)
T 3 weke A s, A AR SR vid 7,000% o) de] A
WG FE Tl ohE o R olFahs Ao FHH I Utk
(Battle[2009]). © &gt =52 % o) &tell whet ®A ol A
tfj 5 APESEA U (Drake ef al.[2002]; Gollasch and Leppikoski
[2007]), AR ilE=l= A9 2] =2lsh], AESH $e) 2
S3HA] Fahar A1 ZEfskAl Ftk(Gollasch et al.[2000]; Baek and
Shin[2009]). 12t} - A= A= AER- el 18351 7]
o] AHAE Wkt = Sl 7FsdS sk 3lth(Baek and
Shin[2009]). AEEFA ek o 7Nl AR o] oA u TAlo] =
tie] wet o el f48 AEo] op7|A7]E ek vl
A g Y B ek SH0A 7O R - Foigh AlRle]
t}. ololl FAATH(UN) Abs} FAA ] FAMO)IA & Au3E
TFE AA ARS8k A7 4] 1 S PR sk,
dloF QlelE oz sk AeiA 2 AAA s WHE] $
&l 2004 EREES 9 A=) wiEtAle) Telel det Hobs
Aesto] Wbﬂ@‘# A nlE ARsta, viE7 el HEekes
Q7L IEHIMO[2004)).

Aurg g oish Helo] #E (20174 9¥ e, 7|EAuk 2
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SE
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d relygel wet A2 712 ZpEEnt oy} Aulg e A
e G As e sk, AR g vl 2ol Is

sk AR 3B Ee) glo] 250 um BEGE TEZEIE)S 7]
AR A, HE, T 545 X9 #5730l 7|Wsto] rdsh=
Y (Wright er al[2010])S & = 1.2, 71 1ll| Neutral red(Elliott
and Tang[2009]; Hyun ef al.[2014]), Aniline blue(Bickel et al.[2009];
Back and Shin[2015]) 2] 4] Aleks o] &3 W W S5 413
AT AAJEE QT S >10 um and 50 < um A& (G2 24
=ZFE)9 A% A7 3 3} FDA(Fluorescein Diacetate
Assay), CMFDA(5-Chloromethyfluorescein diacetate) 52| A A
HAo] =2 0]8-5 a1 9ltH(Baek and Shin[2009]). 121} 7} -
el whe} vk 524do] th= a1 (Back and Shin[2015]), ¥4} 7l
Q1] FHARI cto] MY A7 Qlom, Al dAolA vi=
Ag3p7]= ottt wbA SA] A8 7Fsstar, FEEQ1 214 ¢l
o] (Matuszewski[2014])= o] G038t X & 4] 1 2] 7)dto]

FEEFAES PR 918 @A 713 BRHOE o8

sh= - BR8] BAE sA48k, o & E8ete] BRI
Qg ofgt &4 v o] th(Benfield et al.

Ztol 2.8 dela, slid A&l

o] I @ 3}Tk(Sieracki et al.[2010];
t al.[2013]). o]&1gt A

Schulze e AEE B flal HZells 7]
Al AHE o] g3lo] AFF o AES BRI i Ee] AlLs 1
St} o3t A= F dAEA] 7S Hol o] 85 WS T EE

F=e] Feld SAES FEske] WEsks ov|A] 7)ol th(Hu
and Davis[2005]; Sieracki et al.[2010]). Zoolmage(Zoo/Bell and
Hopcrofi[2008]), VPR(Video Plankton Recorder/Hu and Davis[2005];
Leow et al.[2015]), ZOOVIS(ZOOplankton VISualization system/Bi
et al[2012]), & 1% AL FhelekE o] &ato] oA E A k=
A= 718l A, A ol A5 Aol /199 mes
Wolo} itk Bk {2 %Ol EEEEAEe] A B A B2
3 A 58 & —Er 21 © ™ (Hu and Davis[2005] Bi et al.
[2012] Bi et al.[2015]), 53] ;114101]“ gy AYE2] oJu|x|
HEO 7 &= AlE "4?7} uu] gk A7olet, 2 Aol
Al 73 #H2oll Fdskal Q= <l Alsel gt 717 9
= A=ste] e g3l FEES

= rlr
o Nlm
N

(machine learning) & ls =i
£o BRalL S Shlekot) glon, A% HubgEs A
FEHE ERIsk] f1gt A, = M (dE AR 2 olF, AEA, ol

1 EEZT3E 2% 4 x|
1‘1]%1 Ag)of| o] g8 FEZHIE] AR 20174 3~102,
2018 2~9€ el A AA| FE(34°59N, 128°40'E)7} -
(35°4'N, 128°50'E), mAk LH“P(35°12N 128°35'B)ellx] ARSIt A
327] 50 um B} F AES ARs] S8l 9= 32 um 453 o]
E(ST 30cm, Ho] 60 cm)E o]&3to] A ZFelA 2T7HA 574
ool st AHE A FEE= 500 ml T2 A (pet)oll A ©%
i, TEEEIAES TRl 8 A 23 sl 2elEE
skt 2= WgkE FHasleha, AL JIAE Hoisk xsp) 9
&lf ofo] 2 o] | Bkl Yol 41&3] AR o)Fslltt.
TaEgdves sl Sl AR dlrE B as Ak
3l 5 um sieve & ©]-&3to] AL F 500 ml F2H el o] 7t
7} RSt QY TEZHIEL gy o v FAUd 9 rs
71 238 159 phylum T2 25191 07 (Table 1 %), AF
ol ZAE uido® HE A E58ke] sl n 7 (carl
zeiss, stemi 200-c) SFllA] 1 ml AEO| =5 o] £35)] 7} Bft
whe} - (sorting)StATH wFE ZHEe] AMAlE A 29S
I (zooplankton counting chamber)l] HIZ35}31 T}, AJ&-<]
Gt L oA 9] kS

AL Al ﬁl
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#2:3} 8] Slall Avjdg 1%
w2k (medicam-k/60fps, 2 megapixel)& ©]-83I 1L, O]~ E FO
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Table 1. Classification groups used for machine learning

e s - H7 -l - AAE ol

Zooplankton groups

Phylum Subphylum Class Subclass Order
Ciliophora Tintinnida
Cnidaria Hydrozoa
Rotifera
Annelida Polychaeta
Chaetognatha
Braanchiopoda Cladocera
Calanoida
. Copepoda Cyclopoida
Maxillopoda .
Arthropoda Crustacea Harpacticoida
Cirripedia
Malacostraca Amphipoda
Decapoda
Chordata
Echinodermata
Mollusca Gas.tropf)da
Bivalvia
Nematoda
Platyhelminthes
i
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0|3 7|2} #

2.2 7|A| eh50l ol8E =7 A RE|

2 AT TEERIES ] A% V1A g :rLiﬂ%
S8l AA JAFA T AILE FH AT =7t =1, vherst
ol &85 glo] F5-3 A4 B8 T, A& —EO]E)E
R A3-38F3 31 Tensorflow(machine learning engine) 2o] B2 2]
(libraryy= ARESISl o™, 5244 AFE B o|nX] FE5 flal A3F
E] 1] 2lo] 2.2{2] OpenCV(open source computer vision)= A}
g3l

SEEPTES] onA] g5 W FE5 S18) Tensorflow?] Tt
we Fo o12le]] Ad50] 2 3 3+ AZdTHHCNN - convolutional

=20
neural network) Z&-S 28310 23|It o|m|X]ell= A,

oA &

7] & AR 5AE vEhle ikt JRE0] EFh o]
t}. CNN E=9] o]n]z] Q1412 M ¥ (convolution)©. & T4
thre] Folld FE2E ow|A|e] A= o 545 HAIste] 8
FeS qhso] L, AXE o]v] X (test image)oll A 574 %A
EABh= vl el et FEH O oS3t 2 AFelME T
BEHAE onA]E phylum T2 #5731 ¥4 (labeling)
| =85 (supervised learmning)y= E3l] 5 FES AAdsl, ol&
REO 7 AN FEEHAEY] TR IS5 IthFig. 2 #x0).
o] FEEHAE oluAdl gt 5 wEA Y
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Fig. 2. Machine learning and inference concepts for identification objects.
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Fig. 3. Object detection process in image (A: Original image, B: Gray scale, C: Thresholding, D: Dilate, E: Contour, F: Organism detection).
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Fig. 4. Object tracking process in image(A: Previous frame, B: Current frame, C: Object tracking).

OpenCVE &8st 22 138 ZMJslo] S EELAES olnAE el EAlsh= o] 7IA| & shtel 7IIAlE FE3kIth(Fig. 3 3%0).
F=3I3IT}. oA % 3 elA OpenCVE] ofu]#] A4k FH<l T 2 3kl whet et vk=A 1Y 5 Q7] el =
Gray scale, Blur, Thresholding, Contour 7]-5= AME3lo] oF g #¢d 11e] 2jolE AAk(Fig. 4 Fx)sto] W) st 85 7
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Fig. 5. Image taken part of the body.

Akl o] 5 FEdto] AR (TEEZAE)0l thet vhekdt ke

olu|A|E SRl BEgE o]w]A] Shgadelx] v s A
=9 AF-ERE #JF oln|x|= ALl ckFig. 5 FE).
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2 ATE AssiE A x4 n
lom, Aukgsda=o] Ag] ’E}EH% A F Qe A2 75
$3t Q1F A5 ‘7’%01] theksl ok REok, A Eok, E3ol,
ellA A& %7} u9- 32 Tensorflow
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398 ) 1S ofel ALIE) istel BEHOZ o T
s, EF G N B el felek e st gk,
ABSE FPA2UE TAS] A AZ A, ol 2 A
2, 27 5o A90e TPk Youk, B ATl E T Q)
A% Sl 50 um obge] Mokl AT G FEEYTE P
gt 25 2 4% S sklsic

3.1 A'AE‘II()-" I-IREI 0||]|X|

MNAE E7ab] 8l s=Edaee] Jus] SHES 7AERE
AlIA 1, 22tell AAMA QI2E AikE RIS 0H], A|H] AdellA
B e 2] 913 FEEHAES 12 A7 107) gEoR
W8I, 23k A7)0l EE ) ke BRTS ARkl
T 1270 BRTOE s ATk 12l A= 2 &
124~10,257, & 29,0327¢9] o|u|x|& K3} 7|Ag5
27| e 7t BR MR 124~51,719, F 86,04442] 8

A& grste] 7AIERzl 21-853tE R ow|A]= 12k A7l
AAFEMolluscap ] 10,257 712 71 H3kar, B Fg-E-(Chaetognatha)
o] 12472 7 2 cH(Table 2 Fx). 22} Al7]¢]l xRl ou)]
= 2AE5E(Arthropoda)®] 51,7198 0% 713 wekon Iu5E
(Echinodermata)®] 12475“3& 71 Atk Table 3 3%). A4 &
=¥ o] tiekeh & 9l Fo] Fdstal, AlE A7l 8 3 7

2ol A B olulAE g+ Jeles, Ytz 2
WES} ol AE NS Ssh] BE BRES He e of
vl 7} s sk,

32 A|AHI MEE
12F Al7elli= F 29,03270€] o]m|A|E o]gate] 7] AIgkE Al
ou, o]F v oR F 5,007702] ool thgh Q1A E-E Yol
Sxal, AAAA AFES i 75.5%% EStH(Table 233, o=
70~80% A5E HE B V& AT oln]A] AlxEl Ao}

Hlwste] ok WAL AR G55 HItK(Table 4 31%).
7t 3 A ES ST sl dellM & R ER] oS EFaro]
3l 71EK(Others) &57F 557 9l o|wljsl| {7t 28 s
o] Z}7} 40.4%, 67.3%= Kol iAo g AFgEo] Wk, A
%-+(Ciliophora), +-3-5& (Rotifera), 221~ (Chordata) Al
0| B9 2 76.4%, 71.5%, 74.9%2] AHE Hol F A%
E7} AR 3k RoATh ARES-E(Cnidaria), 4] 5-E(Arthropoda),
T ok5-5-(Chaetognatha), 3353 (Annelida) U] 714 72 7+
7t 83.7%, 80.6%, 96.8%, 82.1% & ZAthz o7 AFHo| =git}
(Table 2 3).

22k Al7)ell= 12 A7 9k e Q1

Mo foomo R

A5l 3 A5E ol

Table 2. Number of learning images for each classification group (first period, 2017)

Category Training Images Test Image Accuracy rate (%)
Ciliophora 2,696 368 76.4
Cnidaria 925 338 83.7
Rotifera 1,738 889 77.5
Arthropoda 6,378 401 80.6
Chaetognatha 124 93 96.8
Chordata 1,090 399 74.9
Mollusca 10,257 1,513 67.3
Annelida 1,958 340 82.1
Others 3,866 666 40.4
sum/average 29,032 5,007 75.5
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Table 3. Number of learning images for each classification group (second period, 2018)

Phylum Training Images Test Images Accuracy rate (%)
Annelida 12,654 100 86
Arthropoda 51,719 100 92
Chaetognatha 2,517 100 100
Chordata 2,558 100 92
Ciliophora 2,975 100 95
Cnidaria 6,060 100 99
Echinodermata 124 100 99
Mollusca 3,949 100 84
Nematoda 205 100 100
Platyhelminthes 131 100 100
Rotifera 3,152 100 91
sum/average 86,044 1,200 94.8

Table 4. Results of different(various) image systems

System Classification group Accuracy rate (%) Reference
VPR Hydroida, Copepoda 74.7% Hu and Davis [2005]
Zoolmage 53 categories 81.7% Bell and Hopcroft [2008]
Z00SCAN 20 categories 78.0% Gorsky et al. [2010]
ZooVIS Hydroida, Copepoda, Chaetognatha >80.0% Bi et al. [2015]

Sl ZF R EE VA AXA 9 100719] A A (Test
image)= AA3lo] A3} 3hS EE3IItH(Table 3 %), 221 A7)
ol 84%~100% A5E HAE IR & U3, WA HFES
Bt 94.8%% VFERTE 127 ERT 5 1070 7] 90% de
AZES 1oy 12} A7) nls] AAIF AFE0] w2 o7 &
A=t AATE 9 S FES 717} 84%, 86%°] HeE-S Ko
12} Al7)9F v 2 O e vjs) vl W AF5ES U
R, 78 B2 8y o|w|AE SRst AR SES vt 3
A2 E FHEEL 247 92.0%, 92.0%, 91.0% = Kol AA H¢
B} tha SR AFES Bt Rl s, AdEE, A5 ad
131~2,517708] o|uA| & gtisto] dR54E, 45w 5 e
Faroll vjal] I o R sh5E oju|H= FGl oL, 100%S] AF
o 1T 5 QlItK(Table 3 7).

o 5%
oju]A] AlEle] - 2k5s; Sl ARGE A=) AE SR
T 5 ghe)l gl olele A & JIAIY -
&= AL} Benfield ef al.[2007]), S5 Al
AH o7 ALFTHBI er al[2015]). B3+ Bi et al.[2015F
Aol vla) i o7 2 A5 (Hydroid medusa), B2+
%5 (Chaetognatha)?] 5 @77} 30~40%01 ©]5 5= U2 K
3} U}, & Ao RolEE XES-E-(Hydroid medusa),
=
el
S

w
w
>
|>
m
1o
e
1=
t0
Ju
pL=)
I Hr

S iy
e,
o 12
- e
12
rﬂ
)

A& (Evadne tergestina, Calanus sinicus) ‘5 U= 7)Aol H]
OO 2 A B on|AT Srshe el
G0 QLAEAL, Q14 9] e 8 PEE P Bl
o} - CkFig. 6, 7 3%). e, 2 Aol ROLEE U 4

EFES UE BT vuste] 52 AFES A g
F1Hsea)elA] ol sshs & A2 Q1A st=glofd| 0% W A
oA, o W9e] s A o® duE) wilg B 7S
Z¥(zooplankton counting chamber)® % A|gkslod 7|41
S TSt 938]e SFESo] A (lens) 0= o] Lot
A& Hol7| wlito R Fo|Hr).
HOFEE(700~2500 pm)S Eof whet o

¢
ﬂllo Ol" |

A SR Ba B
ofuf, AAH R 1 ShReFo R nluA YT JEE nelrk

Zhaiks,
12} A7)0l R w4 B (image)©] BA 5ol % 96.8%2] &
FES B, 23 A7)0l 100% Q1450 gHelslo] 1, 23} A
7] B TR e H|sle] 52 AIE HGITE AR Aol
ABLEES AFES 12} 22k A71E T2l A 837, 99.0%%
gRlx]o] A Rt A Vel A EES A Aol
ulz} Fed E3o] thE 1, 45 A (Planula larva)?] ¢ Al
T HEA FARCE QEl] JAIEE, FHFTE 5O0% odshs
A5 Qe 210 % ERYTHTable 5 %).

A2k 50 FQ RO R ERIE Oikopleura spaz A FHA)
(trunk)?} F83FaL 71 22H(notocord and tail) 2.2 A E o] T}
o] wf S OR g whE Ak FAYUS ERIE = glo
o, AAH o2 WMEge Zato] Fa Fejol w) 7|A1H oz <
2 5]7] o 2205 vk Qlth(Fig. 8 Fx0). 3 F-iE T
o] olEo] FaE= A7 wot /Al sk Jeet 54 gRlo]
olEE 7107 oI Tang er al[1998]; Bell and Hoperoft[2008]).
2rks g ASES 12F, 22 A7l 242 74.9%, 92.0%2] 2%
2 QA A A8 Hit FFEol el tha W AukE Btk
AFE 100 um o]3F2] ZNA7F TR AR 13} A7 el AEE,

g,
O,
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Name : chordata | Score : 80% Name

ID : 29 | Name : annelida | Score : 65%

Fig. 6. large objects recognized as part of body (A: Cnidaria, B: Chaetognatha).
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Name :
ID : 29

: 140 arthropoda

: 5 | Name : arthropoda | Score : 98% -
Name : Score :

: 171 | Name : Score : 0%

None |

Fig. 7. Image of object recognized as multiple taxonomic groups (A: single reading, B: multiple reading).

: chordata | Score : 577%

2% AAE=(Oithona sp. &) 2% 23h= HIE0] 20% Wel2  AE 2ol /A A7|e FiA o g vAE Zlow A
UERIL(Table 5, Fig. 9 #=), AF 200 um o732 7MA7F =5 ETk(Table 6 2X).

o 22k Aol B8 F e AT E TOoE A Qe A FEEFIAES AT A5 A AldellA] & dAnA] o=
o7 UeptEY HAEsEs QAEl o] S AFRd o] & ERare] ZEE 12} A171€] 71EKOthers) BE-a A 2I8HH T+ Al
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Table 5. Confusion matrix of dataset system evaluation (first period. 2017)
Confusion group
Ann. Arth. Chae. Chor. Cilio. Cnid. Mollu. Roti. Others
Annelida 82.1 2.1 0.0 0.0 0.6 1.8 5.9 2.9 4.6
Arthropoda 7.7 80.6 1.0 0.5 32 0.0 0.3 32 35
o Chaetognatha 1.1 1.0 96.8 1.1 0.0 0.0 0.0 0.0 0.0
§ Chordata 0.5 13.0 0.8 74.9 6.8 2.5 0.0 1.3 0.2
%D Ciliophora 1.4 0.5 0.3 0.2 76.4 0.3 0.2 20.7 0.0
%” Cnidaria 3.8 0.9 0.0 0.0 2.7 83.7 5.3 2.1 1.5
& Mollusca 5.3 2.9 0.4 1.7 0.9 6.3 67.3 0.7 14.5
Rotifera 1.6 0.9 0.2 0.8 18.7 0.1 0.2 77.5 0.0
Others 6.6 3.5 0.2 0.0 25.7 4.8 33 15.5 40.4
Table 6. Confusion matrix of dataset system evaluation (second period, 2018)
Confusion group
Ann. Arth.  Chae. Chor. Cilio. Cni. Ech. Mollu. Nema. Platy. Roti.
Annelida 86 3 0 0 1 0 0 5 0 0 5
Arthropoda 1 92 0 0 3 0 0 2 0 0 2
Chaetognatha 0 0 100 0 0 0 0 0 0 0 0
. Chordata 4 0 0 92 0 4 0 0 0 0 0
5 Ciliophora 0 1 0 0 95 0 0 0 0 0 4
%D Cnidaria 0 0 0 0 0 99 0 0 0 0 1
%D Echinodermata 0 0 0 0 0 1 99 0 0 0 0
& Mollusca 2 4 0 0 1 0 0 84 0 0 9
Nematoda 0 0 0 0 0 0 0 0 100 0 0
Platyhelminthes 0 0 0 0 0 0 0 0 0 100 0
Rotifera 1 1 0 0 4 0 0 3 0 0 91

Ann: Annelida, Arth: Arthropoda, Chae: Chaetognatha, Chor: Chord

ata, Cilio: Ciliophora, Cni: Cnidaria, Ech: Echinodermata,

Mollu: Mollusca, Nema: Nematoda, Platy: Platyhelminthes, Roti: Rotifera

A

4

B

Fig. 8. Oikopleura sp. images according to the shape of the notocord (A: straight posture, B: bent posture).

71 EE0l el ATE] A7 67.3%, 84.0%2 71 S
© 7 UgrKTable 5, 6 %) QAFES iz} = 27H|=
H3tar olo] AAAR] Fels Lgsht, oM f9shs A
1 #PgelA] Tkt v s B 5= Qi) o]dt EHER Qs
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