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Abstract: In 2018, the partial revision of the Fishery Act for the first time in 70 years was decided in Japan.
The main purpose of the new Fisheries Act is to ensure sustainable use of fishery resources and to develop
fishery productivity. In order to achieve this objective, it is important to conduct resource surveys using
information on operations and landings, to evaluate resources using objective indicators based on scientific
knowledge, and to manage resources according to the indicators based on the evaluation results. However,
the basic information required for resource evaluation, such as the number of fish caught, fish species, and
fish length, is often measured manually at each fishing ground. In this study, we propose a system that auto-
matically collects basic information of fish catches by image recognition using Mask R-CNN. In particular,
we trained the model using only a small number of labeled data by Copy-Paste Augmentation (CP-Aug)
and adversarial training, and changed the fish species classification head to one class classifier. As a result of
the evaluation experiments, the segmentation accuracy of multiple fishes was greatly improved by CP-Aug.
In addition, the adversarial training resulted in the acquisition of feature representations that are robust to
annotation errors, and the 1-class classification also improved the accuracy for unknown fish.
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Fig. 1 State of resource survey by staffs.
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*2 Deep Vision, https://deepvision.no/deep-vision/deep-vision
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Fig. 2 Our proposed automatic fish caught recognition
method.
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Fig. 3 Model architecture of our proposed automatic fish length recognition method.
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DTF—=FIZT /T—ar$ 5 EIZFEEIKEFMA
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. LIz THMOBRIINET LV E LTS5 2 &
T, fafEOM L AREORIT ZEHT 5.
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AWFETI_RET LY O MAERRHBTFEICEL T, £
BRIC &) RERRRE R 24T 9 . AR C IR O M BNIL AL
BL, AVAY VAT AT —2arLTOYAIHK
HWHEEE L, SRR OHEEREE B L THGEEEZ 1T .
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4.1.1 F-ZI&E

2020 47 6 HIZ/KPEMTTE - 20E Pt & 00 IR B T
Db L, BMHEEOR S BN THRERET S &
TAMETHAT AT -5y FZIEL. ZHTH
X 1Im ICHEL727 Y7 VA A5 (Nikon # COOLPIX
W300) ZHWT, #ITWNICHEFETT v ¥ LA%MiElC
BEL, HEPS79 v ar2E o0l iiro7. N
Vb RTBREABUAICHEB L2 O TH 5720l
WEDLLRLIBEL TWED, ZHOTHIRHE /2
CLREBZTNDELHLBRETHL. M—D1BIIOE
JERE & R A 2R 2 5 A ~20 BUB RS L TV B, gt
RN, A< R, TV, TAT, Avos5HE (K4) T
5. EBCTHOFEMZ BB RIATHIT 5. e
13 4K [ TAT o 72 2SR FEBR CTLEAE 864, 1 1,152 pixel 12
fE/N L CToaHT R AT o 7.

4.1.2 F—%tv bOER

Bt L-WE T — 2 ISk L CFRE e v e v R
FTNNVENGLTF—%ty NRER L. REBRTHEMNT
BF—%ty boOFEMER 1IRT. 3, 1 KOEE
ICEBOMDE - 124 81 MOWE T — % %7 A NHTF—%
() L92 (LF, Drulti LIEs), Dpulti (352 1 o
TENERT, O340 BOMANE - TV 5, HugHOME
ET7 A TOWEOREGE TN TV, RIS, 1HEOEE
21 BOMDE o 2 EED, S A0 BT2% T V5 A
EELT A NAF -5 (R & L7z (B, D v
5. FERIS, 1ROEGTIC 1 ROBAE S 7ZHEIED
b DI BRGNS S KA K B, 5K KE

4 BEMELE L5 MM (BN, ARA, TV, TAT, LY)
Fig. 4 5 fish species of our target photograph (mackerel,
sphyraenidae, horse mackerel, siganus fuscescens,

gnomefish).

x1 7—%+ty ORI (K & shot ZTH VY, 5-shot DAL
25 MOWi%% Dirain £ 5)
Table 1 Detailes of the dataset (K is a number of K-shot.

5-shot means Diyqirn includes 25 pictures).

[LI}ES Ei3 T4

BEC| PN IR 7Y TAT LY
Dirain 5K K K K K K
Diingle | 950 | 50 50 50 50 50
Dyt 81 80 81 116 0 63
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*® 2 MOEEHTIZET % Ablation study OFEH (1 class 5HD mAP)
Table 2 Results of ablation study about fish segmentation (mAP for 1 class detection).

Method Djingle Diulti
Name Copy-paste  Ext-head  Adversarial 1 class 5 class 1 class 5 class
None - - - 0.838 £0.002  0.759+0.005 | 0.380£0.028 0.262+0.014
CP-Aug o - - 0.8414+0.001 0.8154+0.002 | 0.7824+0.004 0.699+0.019
CP-Adv o o o 0.839+0.001  0.8204+0.003 | 0.777+0.004 0.70040.017
CP-Cls o o - 0.822+£0.004  0.761+£0.004 | 0.755£0.005 0.575=+0.006

Ty FMRE LI T — 5 & L7z (BUF, Dypain LW
A DB, BB EN TR WEAIE K =5 T Dirain
A2 MOWETHLSDET 5.

T/ T a VIEFEETEBSIN, TRTOMIZICIE
BREY AT TNVPHGENTWES, 2B, K=50D
Dipoin DT/ T—2 3 VIlBBLF255 %258 =50 5D
BHA2ZELTWS. Dg D7/ T—YavilBBL®
24 x 590 & = 1,180 43 & LT, & 19 IeREAR I DR %
FELTW5, B, FlHRIIIART A MHT =4 Dies
EAE 720, Kl T 5 B2 K-shot 12I U T
0K 5 EDT /7= a v 2 ETHI EXBEL TV,
4.1.3 ETIDOERE CHIHRFETE

EERTHH 3 5 E 7V Pytorch @ torchvision % v
THEF L 7. torchvision Tld Mask R-CNN 25gfit T
Wh 78, ZIUIIHE O CP-Adversarial Head %8015 5
FEL %4772, backbone 13 ResNet50 |2 FPN Zf#:H L 72
E7IVE L, ImageNet DFRFIFIFRIC & 2 EAZFIH L T
%. CP-Aug (Z github OZEZHI*3 % & & 12 CP-Adversarial
Head H D3R 217 - 72.

E TNV OHNFRIZ 400 =K v 747\, Stochastic Gradi-
ent Descent (SGD) # %= = 0.005, momentum = 0.9,
weight decay = 0.0005, learning scheduler THIFED 1/3
TEFEEE 0.1 5T A Theadfl L7z, s LICH
W ERT A= FITEEREWICPE Lz, 7 — & Jakidim
GO T — 29k 7 4 77 V) Alubmentations [19] & 1),
L TVEARER, ETEAYT N, AT VAR, Wi T
YELIEHLTWS, BB, 25 THB E N5 Digin
TRETHEZ 400 =K v 7 OF#EES % 121&, Nvidia RTX
3090 & #5H L 72 EH A & T 1 IR EE 0 BRI R &
g5,

4.1.4 FHEEIE

FEAM 48 B2 X COCO 77— % & v b O Wk B m
Metrics *47%* 5 mAP % #8H L 7z. AP (& Average Preci-
sion T& % . Intersection over Union (IoU) 25— LAk
R & A LT, TS R & RIS R BRI
Recall 28 1.0 & 72 % £ T® Precision *F&5 L72{HTH 5.

*3  conradry/copy-paste-aug, https://github.com/conradry/

copy-paste-aug
*4 COCO Detection Evaluation, https://cocodataset.org/
#detection-eval
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2 mAP 12 0.5 205 0.95 £ T 0.05 & T IoU HHE(E %
FALS B DOFI AP THAH. ZOMOIREL LT AR
(Average Recall) 25% 5 7%%, 40l AR (X AP & [FAROHE]
ERL7-Z LB )FERTHRT .

4.2 €T AT 3 CREEDE
4.2.1 Ablation study

REFLEOHEME L BHIET 5 7289 D Ablation study %
TolefiRER 2 1ITRT. P ORI 5 HAITO mAP
DY) £ BEFRAEZR L TWAD. HEHMIEETIVORESHE
R LTBY, ZNLEN Copy-paste DA, B/ Head
(Ext-Head) DA, HoiFIH (Adversarial) DA
RLTWA. ix FEED Ext-Head & 1) Adversarial 72 L (3,
Ablation D722 L2 E TNV (CP-Cls) TH D, 3
O GRL B B T &L CTH{EEROERE VT ¥ A7
FERITLETNVTH L. BFFITIET A NT— % O
(Dpindte | ppultt) v 2 5 253488 % 1 class & L CRIFRL
727, bclass & LTl L7222 /R L C\Ww5h. 7B 5 class
THIFE L 72356 5 5213 1 class IR & LT mAP =5
HLTWwA,

EFNVOMBEIZEHS 5 &, Diindle pmulti g3,
CP-Aug 7 B, KT CP-Adv &, W{EAHIC X 5 mAP
DI FAHER SNz, HIC, H—REORIERIE Dy
(ZxF L Cld, None & X mAP A%0.003 BEZDZETH > 7>
75, BESEOBEME DYt ¢k mAP 25 0.402 & KIELC
METAERE o7, 1 HOBEIEIZ 1 EPE - 72 H{ED
HROHIHT — 5y brbl, AOELR)SEOFEE LY
TAHLZEDNTELRDP ST ENERNTHLEEZLND.

CP-Aug |2 X ZAFE M L2SHERR S 72— T, CP-Adv
FMALLZE THENLICZESQfEREE 2D, mAP %
DIEPIE T IR LFERE R -7, L2 LADS, CP-Cls
WHEHT AL, CP-Aug 123 LT 2~3% B E D mAP KT
PRI NIz, $bb, WG E N 2 EEHE =
4 % 2 & T CP-Cls (S GRS & 2 ATz #EE 12
e e LThit S S 72 RetEsd 5. 2Tt L, CP-Adv
EmAP M EICEES B -720 00, RRANZL S 2w
FMEHAOEEGNERTE-LEZOLNS.

1 class BHIC L B BE2ELET L L, WTNOLEMI
BWTH Lclass 0L LTIHFL 72ET NV DITH 5 mAP
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£33 VAT INVENH (—10px, —5px), B (+10px, +20px) SELBEOL T A VT —

¥ 3 VIR (1 class 530 mAP; 5 #4T)

Table 3 Segmentation accuracy evaluation (mAP for 1 class detection; 5 trials) when
the mask label is shrinked (—10px, —5px) or is expanded (410 px, 420 px).

Mask transform pixcels of training data
—10 -5 0 +10 +20
None 0.440£0.003  0.738+£0.001  0.838+0.002 0.569+0.006 0.307 +0.007
peingte CP-Aug | 0.639+0.006 0.817+0001 0.84140001 0.54540.001  0.23740.003
fest CP-Adv | 0.633+£0.004 0.8154+0.001  0.839+0.001  0.541£0.002  0.236 %+ 0.003
CP-Cls | 0.519+£0.010 0.7804+0.002  0.822+£0.004  0.552+0.006  0.227 %+ 0.004
None 0.229+£0.004  0.366£0.019  0.380+0.028  0.223+0.008  0.096 & 0.003
D CP-Aug | 05894£0.003  0.764+0.002  0.782:40.004  0.504+0.003  0.20840.001
test CP-Adv | 0.596+0.003 0.7604+0.004  0.777+0.004  0.50040.003  0.211 4 0.008
CP-Cls | 0.454+0.007 0.703+0.006  0.755+0.005 0.468+0.009  0.178+0.007
HEWRERE o7z, Lo, ADGIrEHEET 5 E 0.881
TNE L7722 e T, Il d 2B OB DY 0.86 1
D, kAT a VREENINE L EEL LN, 0.84
4.2.2 T —2DY X INIVHREREERORERE 0.821 ‘_‘_‘._..-.--O-‘-"""_‘.'_' CP-Aug(single)
CP-Aug 3V A7 2DV CT IV —&_— A N 2179 F F —8— CP-Adv(single)
X . _. 0801 R -@ CP-Aug(multi)
ETHLH720, YRAZPIEMIZT /7—v a3 EnTwsb om~kw. -®  CP-Adv(multi)
ZEDHRTH B, —Fi, T/ T— ¥ a VI ABDPTFEHT 5 o 0 3 20 %

19728, YAZIZRZEL0 ) 4 A5 SN 5 REMEAS
HbH., T T, YAZIZ) A XAPFE- SN FAY
CHHE L CEBORE T/, BT/ T7—a v
N AZITH LT, FIVT7 40T =284 X 0 52 Y
fifor BIRSEH I T, BEWIIAERZ~Y R 2 BB
L7z, AT W &5 v 2205 ho>TLEI 2
O, PHEOIEIX —10px & —5px &, BIEOMEIE +10px &
+20px ZERA L 7.
RIIICKETILV 5 MMTLAZBOERE RS, Rho
HiE~ 2 7 % Wi or R S E 2 EAWE, HiEE T Lo
FEHZ R L CTWA, BRAEDE < R 7 QYU or BIEDK
< HBIEE MAP KT 4. DIl 12xb LTz, < &
27 JHERE IS CP-Aug & CP-Adv "B — 5T, <A
7 WEEREE None " ic R & e o 72, Y A7 RGIESETHE
W9 A2 & T, Source MIEHIZEL AL TLEY) 2 &
PRATHL L2 HN5. DPUE IR LT, &fmic
CP-Aug & CP-Adv 28AEEICEV mAP 2/ LTHBD,
R BRI 2 & & (=10 % 4+20) 121X CP-Adv
DFVEHITPITEmMAP & o7, ZOZENHL, M
AR A EAT S 2 LX) WEEHRIC L AAHRFOE
BERRLBATETVWDLI L WAL
4.2.3 KHMOAICKHT 2HERE

1 class HHETNVIZEL A, BRI RAOBIIHT 2
FHIRMR B FE % BE S % 720, $o4 OB TSR [20] TIRE
L7z Blender & H\2727 — Z kT L 0 GG 7 —
v b Dl RTER L7, &0 1O G2 T

train

5L IZECE S N EESR O B E 57— ¥ 3,000 #lE HE)
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5 T — s FEZALIRBEOL s A 0T — 2 3 YHEERL
(1 class 735D mAP)
Fig. 5 Change of segmentation accuracy by the number of

training samples (mAP of 1 class detection).

ERLTWA, 72720, KRF—=72E 74 TngFEhTn
BWHEBOAFRALTCWD, TR LT, B—07 A
TOHREELTAMNIT—-%+1y b D, BEKL, JIH
T=FICEENTRANOMIINT DT AT =23y
R R 24T o 72, M4 RLAZEBY, 74 T34
G 5 fEORTLH, BRI RE CRR DM
HChHorz7zd, Ko e LTHRALE.

MREEDOFER, 5 class 040 & L7284 121, mAP 250.486
Tho727% 1class 7 E L72E12IE mAP 280.854 &,
0.368 D KIE7% mAP M LR o7, o2&t D
1class 08HE L TET N EZIBET 5 2 & ChaefRic s+
LUFEFEIOBR LML, RAMOMITH L THIEMHEICE S
AT =2 a i bh I LR LT.

4.2.4 JETF—2BOTIEDER

I 2 COEBLLINT — 5 Bhs&fafis B9 2 Omig T
HZONAFHRTERML CT& /2. 22T, T — 7 Kzt
WSO mAP OZALER 5 IR, AT —
FE T NS K AREOEEFE (K-shot I2BITAK) TH,
el mAP TH D, B, KOR/MI1 & L7AD, K=5
I LCTF = A XD 15 Lozl nd, K=10
WA ORI AR v 7 8% 400 205 2,000 [ ZZEH L7z,

M5 L0, AT —525HMT 5128 b %> TmAP %
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x5 fAEOHESAE (F¥+S.D.) [mm]
Table 5 Estimation error of fish length (Avg. & S.D.) [mm)].

bbox MaskA MaskB
CP-Aug CP-Adv CP-Aug CP-Adv CP-Aug CP-Adv
WA L £k 12.17£7.72 12.12£791 5.66 +4.72 6.16 +£5.04 5.37+4.22 5.50+4.45
® EAXE | 29.24410.09 29.044+10.35 | 17.034£8.36 16.70+8.76 | 21.06 £7.43 20.91+£7.65
WiEH Y £k 6.95 + 5.60 7.13+5.92 5.60 +4.65 6.10 +£4.89 4.65 + 3.90 4.93+4.12
EXE 8.05+6.09 8.25+6.25 7.17+5.22 7.57+5.39 5.98 +4.46 6.28 +4.48

BT 255, WNEZ2 85 0wFhor—23 K=10
mAP (23 LT, K =150 TO0.030 REDHINE 22> TW5
CENHERRTE D, mAP £ 0.030 O R LIELICE LTI
ROFOBREOHERHEETHERT .

4.3 BBRRMETE DWEEREL
4.3.1 EBRHE

RECIIAREORBHBEICHET 2w E1T) . WiHoO
K=1D%&12B35 2E7) (CP-Aug, CP-Adv) %/
WT, DI B AR EIEE R AT

2T, MARRICIIHERORHI D . REEO
POREOFIIME CORS % [EHRAE], 2271585
ICRIED AT AHREOMA T TOESE [BXE], &
LICREDEmEFCTCORS Y [£F] LR, RBEEXNE
HIZRIET A 2 &R vz, BFRECIIRELE
ERHINT A 22D RTH L. ARETIX, 7F—F Ly b
OFE L [2R] & [RXE] 2X—XIZHERT 5. 40
W L2V A7 TNV TRTBOETTEEATVWAS
O, REFER [&R] P EETES. 4B, YAZIN
V% RBEEA A B IR M A E TIZEMIZHIRS 2
LT, BEFER [BALE] 2HET52LbTES.

WEFHIICH 72> C, EMELARET VL ELE 5.
KIGDOWLEBRTIIMWBOEZ 2 EFE L 2o, EEOD
HHEYOESZFHITAZENTETVR WY, 22T, 4
HIZTXTHOT X MEEETTHTESZEHIIL, pixel 8
Z mm BAICERT A2 ETIERT— % & L7, IEffT
NVB L, HEERHREOKEHE (pixel) 3N 78—/%F
A= ELTH2ZoN7D TOEAY A X (mm) % Hw
72T mm BALICERR S D,

%8, A HOHFE IR I Hee M oA B, EIGE
MBI, I EOMBEYOREIC X o> TdinICEHF - 72if
FEW TR 5mm FEEE ORRAEDSSET AR H S, L
7255 T, EBSOEF 213 TE HINGE O 25T BE 2 A4
V50, o SIREFEAAME CORLIE L L
T, EMPGEOHIEEZIT) S L &2aiits §5.

BETHFEINT T4 7Ry 7 A (bbox) w7 A~
T—va yRAY RWEEWRE RO, It BRI
THLENH L. KaTIRIEHIICER 4 1IIRT 3FET
KINS4E (pixel) S22, BSFEOFEMIEN
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£ 4 FITNDLOMIKERE T
Table 4 Method to calculate fish length from each label.

0
i

.
e

A
L e B

, :

3 : i

Tie £ 5

& e IEE'::_:m X T IEE:'::: SEmErigtal
bbox DX % SR ETE | <RI pOMED
PRH 25 GOERERAET g L —RF
ST DRVE % 27 GEEAT

TS 2HK BER)
FRCEHT 5.

4.3.2 EERER

REFHEICE VT 24T - 72 P85 (MAE) %
£ 5 1RT. MAE & MAE = L 5N Je(@)| THILEN
b, 22T, NEI7—2%, i HFBOT7— 72T 5%
Fe(i) =di(i) —dp(i) THY, TNV dy(i) &HEENE
dp(i) PHEMENS. T L, BILESR MaskB 12 &
LEMIILEFEL D DEDICRAMEANH L Z LMD,
WIEXT X =% ¢ ZHLET MAE, = £ 3N le(d) —¢| T
WIED ) O EiREm B L7z, SRMIENNT X =% cld
BEHITH 2 EMEL c= L SN le(i)| & L7z

F5 %0, WENNT A= RMOBA, CP-Aug &
MaskB (2 & 2 FHECTEEHED MAE 28 5.37mm & 7% >
72. bbox X MaskA |2 & 5 T:1d MaskB IZR°° L L EE &
holz, AMOF—%+ty bTIIRBOETTERET 572
®, BILEHED MAE 13 CP-Adv ® MaskA T 16.70 mm
otz THICH LAIE/ ST 2 — 7 EEMOgE, &F
T MAE = 4.65mm, BY{ET598mm & 7% -7z,
F6IZCP-Aug (K=1) 2L AMMTEDOMIED ) D4
BHEiiA 2 RY. $XTOMMT MaskB |2 & 2 FHE05K
BREELZRY, #EEMEORmVAREL L TLA YD MAE =
3.43mm, WAL LT7 4 T2 MAE = 6.05mm &
oz, BFROFHERELY, W ARLTAITDL) R
BHEEOE WA TIZ MAE 2588004 A A E 5 7.

%8B, FEFBEOEFFFHEHLIZB W TIE 5mm A THRAER
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it
'FisH1:600717
Fish 1.0

6 A YA ART AT —arEEFEH (K =50 O CP-Aug)
Fig. 6 Instance segmentation sample results (CP-Aug with K = 50).

&6 CP-Aug (K=1) 12X 28I OFIED Y OaRiEEifis
(*F¥ £ S.D.) [mm]
Table 6 Corrected estimation error of total length by CP-Aug
(K = 1) for each fish species (Avg. £ S.D.) [mm].

E2 Eeas MaskA MaskB

FN 272.00431.07 | 4.9943.77  4.484+3.56
H<A 304.69+35.50 | 6.74+5.32 5.78+4.05
7Y 188.34+58.74 | 3.97+2.85 3.49+2.64
TA T 270.17+53.06 | 7.50+£5.95 6.05=+5.20
LY 244.33410.96 | 4.77+3.68 3.43+2.65

EOFHNZ4T > TW5AE Z £ S, P2 4.65 mm (&
FEFICMH 2 ) 2RAEHEATH L EEZ TS,

4.4 €T ALT—T 3 OEME

W%, M6 TA VA Y AR T Ay TF— 3 YO
ThEpl & S S pl & E ISR 5. &%~ A 7 IEARER
THRBEWE /R L7 K =500 CP-Aug # W THE L
7z. BEERICIE DY T A S X VT = 3 YRR
Thb. FIZIHOWEBRIZ1ROMIES>TWET —AT
&, FTEREL CAEBOMIEPTETWDL Z EDRGD 5.
B2 () N7V THY, ol K& A1 AHhERL 5
MIEMIHRHTE TV,

KT DRt 235 5 7 Ay T =2 a VERTH
5. 1 BOBGIEHENE D7 — AT, () DL IHITK
HZIEMEICY A7 BB TE 2 =0T, (h) DXk
PEELTCVDBICEEAZ I LOTIREMBLTLE
A=AV DRSNS LeL, () DX icfan
FEICETICER>TLES>TWAT —AZMBTE T
LgELHY, MEFEOMHBIOEEN ) M2 5.

D2 5T 2, @MY 2EE8TH L, SERIMIC
EREICY A PMIBTETWAZ LR TE . 20
) AT, #WEH Y TH 4.65mm OEEHEEEEIIFEL T
Wi, YAZBBBOBUIIZ L~ A 7 b aEE
NOLEFHRIIYEEO R MDD 5 .
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5. BbHWIC

KIF7ETIE, KEFEICBIT 2 EREBROLFEICHITT,
BRI B 5 HEY O L2 A ERRTEORS
AT o7 REFERIANNV POy RT EERBNLEY
% L6 A X7 T L, Mask R-CNN X — 2 O ¥k
FHEICL DV EEYOS A X2 T 5. LEDO T NV
& 57— % %\ 72 Few-shot 7 fl#k Tk % 32 45 UK BE SR
BAT o7z, FEEROFEF, 1 class 575 & L 72 Mask R-CNN
% CP-Aug CTHl#i§ %5 Z & T, 5-way-l-shot DFl#H T —
ZTh, 4.65mm HEOFRETHAREOMILEATITZ S 2
EaWERR L7z, F72, 1 class 403E & L C A S E & B
BETHZETmAP A E$5 2 8%, Hi7zlliRELL
CP-Adversarial Head D32 AIZ & V), HB{EEBIIKE L %
WS RBIOBEIEDITR A 2 L B L. —HT,
FHE I L2208 ) 5 A58 L v & v ) SRE AT S
MmEp ol b0, ARBRIIEELAOBBKEE % E
SELR=ZAETNVOWE R, YA 7 05 BERICEHRT
BB FHOYFE 21T T <L

HEFE ARWFZEIX, JST ACT-X (JPMJAX20AJ) D4
b0 THY, TWBRHFOEEEKT L. B, K
WFFEI3KEERT SR - BOERRBRERA L > & — 017 ) K
EERMESEE (CEM | AER LX) »oE6ni
T=5DO—r Gk, THHxwiziZwiziltr sy -
B, HHEZERHOBERRCEH#OBEEET S, /2, Bl
PAEOBUGHEER, BUGEH O IC T V272w 748
FRIRIKEE SR ER S DR IS OB 2 R T 5.
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A.1 Recall (ZE87 25

TR R P 2ER LA L &, FHETERL LT
Recall # W 7-iEmm s b3 & 22 A . $EIHR I O Recall #5
BEE LT, Average Recall (AR) W) REDH 5. AR
VT BREAS FE % BENE L 3B~ B AL n 7 % $R L 7220 Recall
THA. Alln =10 & L7z AR™=10 %2 flifeiE & L,
Ablation Study Z4T o> 72#i R 2R A1 IIRT. 4B, &
ROMEIE mAP ERILTH 5.

4.4 BIOEMFHIE T, HEROMDT 1 APIIHEEL T
LIS, #EOAEFEDTIREMEEINDS 7F— A8
Hotz. K=10 CP-Aug ® DWW |\ Zxb$ % FHls R %
HELCHERRL72HE, 302D B2 BT D3 M1 RELE
LTRHESINT0D I EE2MERL. £ OHIEIZN 6 ©
(e) % (g) D &) 1Z, MRMICHEDZNTWZz0 ) T LM
HTETW22%, (h) DL Il % CEELTWREAIS
BT, W%  RRREAHERR S 7.

A2 BINILDPLERANDER

FAIFELE3FHEICLE 2K TALALEE (pixel) ~
DEBRTFEIZOW T T 5.

® A1 AOEEBREICET %S Ablation study OFE (1 class 4
Mo ARmMer=10)
Table A-1 Results of ablation study about fish segmentation

(AR™2*=10 for 1 class detection).

Method Diingle Dirulti

None | 0.85740.001  0.528+0.014
CP-Aug | 0.863+£0.001 0.812+0.004
CP-Adv | 0.860+0.001  0.809 - 0.002
CP-Cls | 0.846+£0.003  0.78940.004
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A.2.1 bbox

B &7z A v A% v A% BT bbox DR AHOES %
ERELTHOFATH A, 4 0L ITHEEDH»FOIZ
Bl SN AHBE, IEMEZRTRATREE 2 555, K, MEH
B SN B G, RElRE 5.

A.2.2 MaskA

475D bbox ICHET A HEE 4 HERL, LTEAI
RETDH LD EREATLBRICRE S 2 A0 2 AT
LHRTHAH. £ 4 OBITIEETFZRHERETDIT) 3=
FEW2OINE2RAL WA,

A.2.3 MaskB

A7 PLWRoORLERBL, FL—AT5EFXTH
5. 9, YA LEETHEEDIL AL ERT L.
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