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Current Status of Automatic Fish Measurement

Myunggi Yi*
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The measurement of morphological features is essential in aquaculture, fish industry and the management of fishery
resources. The measurement of fish requires a large investment of manpower and time. To save time and labor for
fish measurement, automated and reliable measurement methods have been developed. Automation was achieved
by applying computer vision and machine learning techniques. Recently, machine learning methods based on deep
learning have been used for most automatic fish measurement studies. Here, we review the current status of automatic
fish measurement with traditional computer vision methods and deep learning-based methods.
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0.49 mm=& R 1% cH(Lee et al., 2012a). Lee et al. (2012b)
< YA 2R ANAs L |ES Q1A B w7 RS 885t
of YAIZ QLS AFOR WA FAE Bl 2EALTLS
et = skt

Viazzi et al. (2015) 21 BFH] 2 9lof] HAEA GAZIE 4
A el o2 $IXA71T Lol ZAsHE WS AES
o, o] W2 QO WIS Y o] 7Fof 7|2} Afe] &f Az
A7 SpobE of 0] 1718 2% 4= 9l ek vt
ol 222l of 2] 42 ol g3} A uigst o 75 ZMo R
o|XI3} G BIAAA EASHTE o] 2HH AE-E jade
perch Scortum barcoo®] 93-S 27311l segmentation mask
2RE o] 70] S A o] AL ST e
bounding box 255 AALE|GIr} o] &2 E3F Ae|RES A
QIAIAX A, o], o] & o]&sto] F AR S ol FAE
ASskeh do] 2k= 0.4-3.7%% B, A A=
AEHE A2 Hof 22 0 2} 19%9tH(Viazzi et al., 2015).
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Fig. 2. A, An example of the neural network with two hidden layers; B, 2010-2015 ILSVRC (imagenet large scale visual recognition chal-
lenge) results and the best networks or companies. Since 2012 AlexNet, deep learning methods were the best.

PO A4 SHNAE 0AEL 30% FER ST o AYS HaBslel TRUBS AR AL Tk B

7Hr2] Ui e] Aol S fhoba A5t BlalskA] ehoba] AA| g2 71AeE i ol A A7 W (neural network; Fig. 2A)
S oate] Bl gloich §) Wi v A 2 A3t & & o] 8she 7SS W o R o] So] $7h &2 X
g2 ot L sho| A Aol & SAsh= Al o]t whehA 4 off wpet eol e FEE HoAA 3] A= o183t
et SA Hephe A 271288 A ARl A= 2 7AIskES "Eidelzh Ao 22 HEo]E e} GPU (graphic
EfAE 2A3leHHA RUE sl 22 W o8 Helrt processing unit) 5 #E] StEgojo] W R <l & 77
(Yang etal,, 2011). sto] A1 AEE 71 AISE & A9 olv A EFH( B A4k
< 2 Y A g ofFol T AEYAE Hast g2 54 G0l A7 HEEE 57| E Ak (He et
ohll A B Y A 52 HUEEE 5 e Aol A al., 2016; Fig. 2B).
g ASE Bl AR g AP R TRl S s g3 Alzoy
e Areks Fdsort ARg AT ¢ Yol me T 0 T°F
Hg 2719} a7 A3t o] e 24| L35l A= 4 ¢ G A 2orelld Helde 28 7S b2 CNN
o] Zo] 2% 92}o] Azl & solsl 4= Qlrf= th o] Q). (convolutlon neural network) ST AFLE 7|22 3

’ oE e e =" A& A3tk

o= AR BHE AFe R 71AISS(ma- o] o] Wi ol A= A7} O‘O*E} A AARZ 22 =34k

chine learning), 53] g 2]'d(deep learning) 7]5+e] &7 W H ol x| F = o & roba] ofu]z] Xe]§ 4=dYsl=H]| o]=

= AR |eld2 GAorll Al 71 EsA S-8-5 o e Aibol slidstar o] Be FH 9 g2 A stsk= 1

A A= 4 9 Aol A, T 2 oS, Al o] 41740 7125 A3}l 2ol Bgof| sigeitt. B

U5 -2 2ofoll A Hold AdeS ERskaL itk 7IAISE ehol= ofn] x| B Ao =3Ett. 5 d=Y HolHE

o|gk ¢lF ] S(artificial Intelligence, Al)o] TEt5}7] Y3f o] = 2w (feature map)©| 2} e},

of a3 elo|El Q] ojwglt EA(feature)> F=3f & wf QAXF A2 ZE 9l gA 26t
= o= oo ™=
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Fig. 3. A typical CNN architecture for image classification. CNN, Convolution neural network.

QA Q14 Bofe] 58 Fol|l A AHE HE(object detection) T}
G/ S (segmentation)®] Utk AE HES G & A
AL} FFE LT dotdl= A S & of ] Aol AA -9 A
£9] YFE o2 E ebsfjopsf Tt AR ¢4 ET o]
F B R-CNN (region with CNN)ef| 7]&+at 7| H
o8 TH g grohfar, 11 JYof] CNNS 4-8-5t0] A=
< ¢14]3tth Mask R-CNN O 2 = 22| 9 oJ i Balo] 7o
P O oA Eote A2 F 7 FR7F T,
AFEo] A3 7$- semantic segmentation o] A= 5 U3 A7
2] 3t Holl masking2 43§35}, instance segmentationof| A =
F LS AFEE 7 2 maskingS 33 $cH(Fig. 4B).

|
AHE AE 94 BEE AHg Sk A0 SHelEglch Kon-
ovalov et al. (2019) Link-Net34 (Chaurasia and Culurciello,
2017; Shevets et al., 2018)2] GAF E-&-2- 0]-8-3}¢] Asian sea-

bass Lates calcarifercl| B-8319th A1E-L o]F AA|9} A
LS Aojgt BEOF Uhiro] hAAA 1 HHogn
B g, oA | g o9y 24 e e 28

o zahelizn] 2] Avhe ulgs ES GRS ufolw,
M=CS2, ¢=0.170 ++eeeeereerreneeneennns (1)

7 AR o] HAE AMERE B TS BEd At
(mean absolute percentage errors, MAPE)= 4.36%% X 115
SitHKonovalov et al., 2019).

Monkman et al. (2019)2 33 Hithso|(Dicentrarchus
labrax)?] TL-S £43}7] 913l ResNet (He et al., 2015), Mo-
bileNet (Howard et al., 2017) Y NASNet (Zoph and Le, 2017)
O] A17%-& o83t Al7HA] R-CNNZ} OpenCV 2ho| 22| 9]
ArUco marker (Garrido-Jurado et al., 2014) H&23 AR89
t}. ArUco marker= 7]} W&ol Aozl 712 upA =24 7}
w2t} AL o] Ao} FHSHA AHES| 2715 FAe R

B 24 5 Q| st o] A9 7hleke 2 dart gl
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A ARE AAs] A8l 7 ol el 7hletE AH|E 2 7|
o A28 7551 Sfob Bz APde] itk A7 EL vl
£ ol ®Ho| 7L A A=l E At AkE(el®) A=
2 0183 TLE 245158 B HTHEL 93%= Hslg)
TH(Monkman et al., 2019).

Fernandes et al. (2020)-> Nile tilapia Oreochromis niloticus
9] % of| 0] SegNet (Badrinarayanan et al., 2015) 7]5+2] &
A B3 mEg A8t A7E-e SXglo] A o2t
ZHE E5T o F S =, A=en, vl ez st
S48 AT, 15E A=euS A|oE B HEo)

O & o]7Fo] FHE A5ttt wE WA 22}t o'
SAREARE A Ao 7P S e H(R=0.96), T5= oIS
ot A} A 2 4= 11.35%% cH(Fernandes et al., 2020).

Alvarez-Ellacuria et al. (2020)2 $AHE vl glol| 4] 53t
European hake Merluccius merluccius’t @ = o] 0130+

Table 1. A literature review of automated fish measurement

AR} Ak o 2 HE] Mask R-CNN (He et al., 2017) 71519] in-
stance segmentations ©]-8-3f 505 E Hj A =& "] (pelvic
fin)7}x] Zo]2 A 2]%]+= head length (HL)ZFE TLS 9=
SEGITh At dEXl A SRR o Ro 7|5 ART &
Qlo] 7|2 oA 9] g5kS St} Segmentation ™ 2] HE Tk
2§ ¥lo] HLE 214 o|53190, TLE HLO| 21344 ghow
B TLY 23k k& AF HEA R FE53itt o
£ 3R} ol A 0 72 Tre] Fio] AR A A @Adol|lA] Ho
A o= AL 1] W E o &2 BRIk AAto A e i
A2 &k vle2 87%% 1L, TLY &2 A% 20-27.5
cm@] TL £32o]A4 1.7 cm®] HXKroot mean squared devia-
tion, RMSD)E E ¢ tH(Alvarez-Ellacuria et al., 2020).
Palmer et al. (2022)2 Alvarez-Ellacuria et al. (2020)} &
st ui o 7 o35 dolphinfish Coryphaena hippurus *3A;
PO R o} FLS o|53}qlet. ool He| i

Error in the length

Author (year) Method, pros (+) and cons (-) Fish species measurement
Strachan (1993) (Ci(;gvciﬁ;tgx(?;jhcighmggzt computer vision Haddock Melanogrammus aeglefinus 3% error
Strachan (1994) Conveyor, fixed camera, computer vision ~ Whiting Merlangius merlangus, Megrim 1 om error

White et al. (2006)

Viazzi et al. (2015)

Harvey et al. (2003)

Yang et al. (2011)

Konovalov et al. (2019)

Monkman et al. (2019)

Fernandes et al. (2020)

Alvarez-Ellacuria et al.
(2020)

Palmer et al. (2022)

Shin et al. (2021)

(+) accurate (-) high cost

Conveyor, fixed camera, computer vision
(+) accurate (-) high cost

Bounding box, computer vision
(+) low cost, accurate

Under water, stereo camera
(+) real time monitoring (-) high cost,
no comparison with real measurement

Under water, stereo camera
(+) real time monitoring (-) high cost,
no comparison with real measurement

Fixed camera, segmentation (Link-Net34)
(+) low cost, accurate

ArUco marker, object detection
(R-CNN with NASNEet)
(+) low cost (-) less accurate

Fixed camera, segmentation (SegNet)
(+) low cost (-) less accurate

Fish box, object instance segmentation
(Mask R-CNN with ResNet)
(+) low cost (-) less accurate

Fish box, object instance segmentation
(Mask R-CNN with ResNet)
(+) low cost (+) less accurate

Under water, object detection

(YOLO v4 with Darknet-53)

(+) low cost, real time monitoring (-)
no comparison with real measurement

Lepidorhombus whiffiagonis

1.2 mm standard
deviation

Greenland halibut Reinhardtius
hippoglossoides

Jade perch Scortum barcoo 3.7% error

Southern bluefin tuna

Thunnus maccoyii No data

Pacific bluefin tuna Thunnus orientalis  No data

Asian seabass Lates calcarifer 3.6% error
European sea bass Dicentrarchus labrax 93% accuracy

Nile tilapia Oreochromis niloticus 11.35% error!

European hake Merluccius merluccius 1.7 cm RMSD?
Dolphinfish Coryphaena hippurus 2.4 cm RMSD
Not specific No data

'Error in body weight measurement. *Root mean squared deviation.
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o] ofa} of 7 HA| JAS instance segmentation 392
d|=H o]&=F(number of fish in a box) Hat 96.06%2] A
U %= (precision), 90.54%2] A& -E(recall) Y 86.10%2] 2+
(accuracy)E E 1!, FLO 9= 30 cm%-E 60 cme] FL &

EZoA 2.4 cme] RMSDE H ¢t}

= Ujo| A= Shin et al. (2021)0] ATLE QFAS 23] o] FE
AHE 15 ol 8ol 428 FA5hn ol nE St o
£ 435}%It}. Shin et al. (2021)2 Faster R-CNN (Ren et
al. 2015), SSD (Liu et al., 2016), YOLO (Redmon et al., 2015)
T AI7HA S A HEH S o] 88l oF #Y Gl A8t
S, G 7Hlet G ol 85to] o] {7 A= ST 4
AL, A o W] ofAuptt AFH S S ddste] T oF
FA ot S5 AR 4= QIS Al7HA] e o] o] & HE
52 YOLO (version 4)7} AL %=(0.90)2} A 3-8(0.72)2] =
B2l Fl-score7}0.80 0.2 7HAF £k 01 A ]l 2= A& 4
Tk 0.04x2 8 7P W) o] n] xSk W AP S uteti|E
& 9 Fl-scorex= 0.9271A] 7§41 = A th(Shin et al., 2021).
2 7|4ke] S WSS thA| = 7h| 2ot mlApA| o] A 2
g oHA] o2 745 ArUco PHAU AL 5 tHE 71E mHAE
ARgSto] ARl E A4Sk, AarE v AlLglo|u 2H | e
7| eRE 44 5HA] ghof vl-g-o] ARt o] UlE HhH|
ob2] H-eA ¢l HaH Bl WSS AREE B e-E o4t
o] ek 5 2P 9] B 2| L A ek A5t
A oA A E A4S 4 glaL, Y AIE SA| 23514
= F &40l E7Fse T2 ol skl
t}. Table 10]4] $FA] ool WS AT S A 2lskeinth
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