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Tropical Fish Identification Under Unconstrained Environment

Based on Transfer Learning
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Abstract: Aiming at the problems that seabed unconstrained environment video often with complex multi-mode background, complex weather

variation, which leads to difficulty in image recognition, we proposed a tropical fish identification method under unconstrained environment

based on transfer learning. Firstly, we constructed the ResNet deep convolution neural network. And then, we introduced transfer learning for net-

work training, and compared the recognition effect before and after transfer learning. The results show that the indexes of accuracy and loss with

transfer learning are better than those without transfer learning. When the training reaches 150 epochs, each index begins to converge, which can

better complete the task of tropical fish identification under unconstrained environment.

Key words: unconstrained environment, transfer learning, data enhancement, fish identification, tropical sea region

AR X T v o £ 288 B U5 00 i o B 3 R R
PN HARIER . KRN AT, X T AN R AR
FEMAFEARI e Rk . IR EYBEIR . Joik b
AT SE R P 1548 TRl AL B | PR B AN
Tk gEE, AR IR PP AP A RS AL . TC
BAEIHU, K P OUBIR L2~ R 58, KR fE
P e A0 R B U R A R T 1

AL BE AT 70 A £ AR A Dy — Bl AR il IR 1
AR, TEREI AT DLORFREEEAE P IR | Al R b
BB AL, Tz B A Y AT S
MR . S BRI B GO R AL BE5
IEWICHEE AR MBS TR 5Tk, AT
PR BEATIRFE AR D IR — R 8 ARAR . &35
HARET5 %,

BAREET G AR I AR S AR5 3 172
BIBFSE, (ERAE T IEAR 2T PRI R A H An A

FORAIRANIRAR KA PRA . oh T 2R P [ iz
g, KA JEIRSESN R R A H R S BB AR
XFECREAR . SCHANTTRNT, AFI TR R 45 S B 2
FHIE

1 BERERIRBISE

MR EGPUNEEAG RS A ARRG . i
REFAE, AR 28R RINR DT I B
BN TREPRRRE, N CREFERRIE 2 2 L R e
pAIRT A i U N o NI 2 NN R (i T A
P, R SR VE R R SRR AR, xE
DR R B J2 R AR, DTS2 i) 2R TR 25 2R Y
HEdfPE . B N TR BEBORMA R, RIS 5
DAL SURHAT T E RS, LG MLER: Ik IEE
WL TR 2 T BRI RIS ) ] DR HL
Pk A g D RAER R, WL S T BT S



%21 5% 2 41

B S, BT IR AIRIRE T IAH B ILIA 3 - 57 -

B, TR A 22 0 2% R K BT AR R AR
WSR2 MR R, XA B RS IR R Y 42 )R
FRAEAN T SCfF B BA R, b
AT ST A1 (AN PER o BRI O s A I ) e ok
TR

20124 )5, JUHRDIEBMZMZE (convolution-
al neural network, CNN) A {3 A0 25 [0 £ 455 71 75 51]
TR, CNN G2 A2 B FRUZ AT R = 4
A — R A T TR L ST AR R G54, i T B REIE HR I
B, R EURRHE, CaiuEAEF 2 aaL
e AR, G R A 2R B AR
BRER, 2017 4F, 25 HCORI NASA @ 1 CNN $AR7ETF %
-0 RPN T — 1T A Frederic™35 75
5 CNN LT 5k AR AR R 80 T Wi fa Y Flifs
-, Spampinato™SEHE H T —FP7E TG LY IR EE T IR ER
HRAFE:, T E BB ARSI S, A
TSGR ZE R SRR RPN T 225, 8
TR VERCA I, P UHERR 20 80%, A TFik
— PR BT SR, ChuangZEdF— 4 H T
— PR TR AR A% ER RS, A NS
FHERSE MR, AR ZmiEsh, il
FIRER, HSCHIFBCA g H AR INAZE S, 7R
fili b, Jager™ Sl it IR Be KUE VL, RIS (1) CNN 52
PRICL RGN R ERER , FLA R I IR R B Rk
R, HEA 14 ESEOCE A shifEe, MR T
BEAYR P REAME . Wang™ S5 4T XA T Hh 4 45 Y Sk
RG22 il CNN I 7E B R i F2 o6 CNN 2850 7
FIIE N BT, LUE R I e R i sh s AL, i
T3 A UE R BE D A B i RO FIGE BRRCR AR
SHATIR R BRAE K AT PR N o B ™4l o R
Ha 5 FNIT F5 2% 2J 7E FishdKnowledge $0 i 4 b E1 72
PO, UK %1 99.63%, (HABRTFHA~ a2
T, XA ESHER . Pan™ M HE T £
RUE ResNet SEBUK T HARXT G2 7, SEBL T SEHF A
Sl A A T O R AN GO R B U ROR A
Zhao® 5530 15 ML iFF ResNet, SEBUEAR T &K T HEE
AU, (ERZR SRR R R B

2 HEXIR

T H 2 2017 4 A T A — I T R S i S
i, AR A FIRER . RSB AR IR SFEHC T 5
Ab N TREDEAT I PR S SRR AN, Ank 1 Bk, UK
TR ATEAE S DI AL, — RN A B SO

L 30 HB-HM-02 7K T AR LA [R] £ B2 1 47 %8s >R
8o WA 2 BE R 648%480, RV T BE Al g i, ikt
RN 50. HET, HEBRSC R EIETT BRI,
SEBL T A BESCE AK J5R H I R 1) i SE AN [ B SR
ki

frE1 EAS
' * ARELEE

s ST
. HEE BRE 7}5

13
KiF12m a AF13m
Pl gt e
é

T

™

B SRS Bk AR MR A
10 B4 HLEE min 774 150+ MB RO (7%
I 5 B R AR R B AR MLASFASR A ), 7E 12 h MR 4%
T, AR7H100 GB LIRSS, A4 A 35+
TB AR, XA XA = & 1 A e s an
K2 iR .

B2 R3S BIREAS N R E
IR S U 5% 5 2 v 3 BB ) i i) B X 24 A~ FRL AT
A B, 313 100 MR ic BN, o 75% 4 il 2k
R, 25% MBI VR i A A B e R PR A #1 T3
BHLRRE 5N TR AR S50 F 0 & 1) LabelMe VR 2% 2
EIHGFRTE T RIS, W3R 1R,
Be1 W S B R

Kbl A W - FRCH  DNZRAE MRAR

JE# o PR B R FEA

LES R R= 24 640x480 50 3100 2325 775




- 58 - w32 4 6] 42 A,

%21 %% 2 4

3 iFEEY

Bl R RIS 7 M B, A 8 nT A R R 2R
AJE RN L 2 > BERS RIS LF Y 0 2B AR T4 . K
Z A AT VB R BT X R E SR B, TS
FEAEPEMINIST, [ B8 4E ImageNet, [EIRE 3
AR5 COCO 55, X SETF IS AN RE 58 4l /2 At
FEI R 7 A U GREE 25K, PR SR R £
KT NG AN FE . SR T T Shdn i BR AR W #E
IF, FEXTE N2 Bl E 4 4E Cityscapes H BN RHR A K
MR RBAIR T A2 1.5 he EAh, T AR
FWHE R WA S AR . B, WHESIATHE
ke H i H AR ST D i A AR AR A 1
[F)

B2 2] 218 2 N ZRAT B9 R AN [RMEAR DG
U ) U A TSR g ) — BT A BL AR 2 T i, LA
TR H AR U A D B B SR A B R, DA
T, B REAS (] e 400 Ja ) R 5 S R I R TR o ) AR
R, — 7 AT SR SRR B R R S
T, TERMGUNSUS, FEIRIE R ER I, Xt
JEJERFAERLZH B N AN ] 18 5 5 R R i T R O
FP . R, AT LLK e i Hop RIS R I 2R 2
Jei B P ZEASE R O 2 UG AR AE SR A, DT S BRE
3T PR AR IR B2 BRI TR B8 31 AT £ 288 43 26 R 1) 43
B, WD XS AR TE R RO 0 AR DR 2 S A Hd%
TE2016 4ENIPS 2 it : “IER 7 T 2 R Ak i B2
2 ZJG T — D HLas A T R SRSl 17

ImageNet BFUZ B IR T 2000 4F, 2 Harth A -
UG I B 122, 1h 56 BT AR TSR LR
FREWNLRVFON RGN . A5 201500 715K E R,
22 AT, BRIE Rz RS N T SR
M 20105542, FFAEABIE T ImageNet 2504 T 58 AHE
RERLSE IR Pk AL FE (ILSVRC), H 545 i (R i 5% [ A
TE4E MRS EIER RS, JFERE R BIE %5
FrF IR, 2017 485 LR Kaggle #HIX T4
TEEE 525, TmageNet 35 38 2 & 2T R /02
BLFS F T AR UE . Keras /& — > Python i 5
HIFFIR N TR ML 2, AL T IET ImageNet |
Y5 B9 5 FhOJT RS ED M R B9 CNN B 46 ——VGGl6,
VGG19, ResNet50, Xception, 5
AlexNet, OverFeat i VGG iX BeA% 45 i - 754 ] 4% B )
ANJF], ResNet50 (41 28 45 A T WA AL, [
T 2R FEwk, mMAEeEEZE, RE

Inception V3.

ResNet50 . VGG16 £ 5 VGG19 ¥, weights #] 5
INo ARSCAE ] Keras J5 H 4 ResNet50 [ 4%, F| I B
i CUIZRGF Y imagenet VW ALE R UG 4611 25 H AREL
BIZH, SR C 2 MR 2 i, K5
H A BRI 55 R R 2, PR 0 28 UG ARG 1]
W ERAERIIEA TN SR, B i Al Sk ARG B AR, e
LA B PHE A SSSPIBAY , ER A  AE
13 iR

ImageNet | il
yllERIb]
ResNet50 1574

>

HERITRS

RS

>

E3 EBEInEE
4 =B

# A~ ResNet T B2 4 UM 28 9 4% th ®) 4 4
(Conv) 2. # T Residual Block Fli J& A% 4234 4% )2
(fully connected, FC) 4. 55— Conv layer N5 %
HEATIH— A F ReLU JELRMEBOE o 1 Sk BRI E R
HE2, XEURHATIH— AL B, 25 &SR R Rl
SRS E), 5 ReLU JE 2 11 800 5 S s sk B, 1
tanh TG BRBCSCR B AF™, SRJEHFAT5H— IR 3x3 B
BE, XHEFREE LR ##4T batch normalization, ReLU
LM 5 R TEE R 3x3 BRI, T ki
B, B 2RSS SN2 R IR — A
Residual Block. Y &)l 25 YK L (train steps) K
300, KR — R0 3x3 IS as I T RUE S, &
PSP RKEEN 1, H] mini_batch X5 EPEREIEA T
itk ZREANAAR, ZRERMLER batch_size
PIE R 24, padding size A same 7B IH 78 . A5
RS K023 587 7124, [EE S 4053 1201, ATk
24013 534 5924, BIRGEHY RS RO B IR 4 B

5 SCIREERDHT

BTG TR, EBST SR AE F kT T
SR, FERZREER . EIROR | UK KB R AL



%21 5% 2 41

B S, BT IR AIRIRE T IAH B ILIA 3 -+ 59 -

MEOLT , X EL T2 ST Al a5 2E 2D Hahr . 5K
¥ {di T — A Intel(R) Xeon(R) X5675 3.06 GHz i1 Hl

R RIALFE LR, 32 GB N AF A1 NVIDA GeForce GTX
1050 Ti GPU ., S5 FrfS3 /5 an 2 2 i .

BRI ZH [ 2% 25 Residual Block
Y
- * ! o
Conv 1=3x3
. T T padding = same
il ave Residual Block Unfold ReLU
weights imagenet | T
i # Residual Block Batch Normalization
—
. ? T s=1
activation softmax Residual Block 5 -~ [=3x3
4 = T padding = same
Ty sed Residual Block ReLLU
1
metrics aceuracy i Batch Normalization
X
El4 ResNet#iifRiRFIEE 224 E
K2 ATRBE 00 e AS N 2RI BT 08 % i e A
Train loss Validation loss Train accuracy Validation accuracy
Epoch
With TL Without TL With TL Without TL With TL Without TL With TL Without TL
1 1.067 8 1.309 5 0.888 5 1.1297 0.5957 0.5775 0.683 6 0.6719
51 0.270 0 0.3352 0.3349 0.463 0 0.9329 0.889 1 0.907 8 0.859 4
101 0.218 8 0.2727 0.3079 0.399 5 0.956 5 09106 0.9242 0.8750
151 0.191 1 0.238 5 0.3138 0.402 4 0.966 8 0.9220 0.918 8 0.880 2
201 0.178 7 0.225 8 0.278 8 0.3837 0.970 0 0.927 3 0.9516 0.890 6
251 0.170 5 0.218 5 0.2775 0.380 8 0.974 3 0.924 3 0.962 5 0.895 8
300 0.168 8 0.214 4 0.303 8 0.3872 0.9732 0.9235 0.962 5 09115
train loss fCRVIZREHE ERgHig, 138 SURfE ——train_loss ——val_loss
N N N . N N 1.4
MR R, FEARERIIGE G RET
1.2
train loss (A1, UEABCRIAEII R0 bR G g ) ik 1
=0 validation loss fUCEFRIGIESE LR, fi FHAC U 08
VE R R R B, TR A A E AR HEE Y4 06
HRES), BIEIAIRYIZAKAE J), validation loss fELBRAIL, 04
UL 1 AL RE ) R . B S AT, 7ESA ima- 02
N b N ) . 0
genet E Y| 2k I OB RUAE Ry 28 O RT IE AL EE R, train 1 51 101 151 201 251

loss {5 Fll validation loss LV FEAIG, FH H.FEE 2Rk
BRI, train loss {H Al validation loss {E Y4 - 4545 42
TR, 2R3 150 k)5, validation loss {EL1E
0.41 ~0.37 X[AIRE G, BEEIMZRIITRA, loss (HIE—
e M1, BBIA ) R B A BRI Rz AL

ab
He o

5 E#Z3)I%EH) train loss F1 validation loss Z54k
Train accuracy fCE LB s FAHER K, valida-
tion accuracy fCRKESE FAYUERIK, accuracy HY{HEL
e, BRI R PR £ 288 03 U0 A TE B BB R .
Flenl UL, 7E5| A imagenet B2 Y| 2RI A TR Sy ) 2%
I G AL E R, train accuracy {H Fl validation accuracy



- 60 - b, 32 2 9 42 A,

%21 5% 2 41

(R T, I HEEE VI GRS AN, train accura-
cy 1B Fl validation accuracy {E 4] P 5 5 22 58 i A8 fa
ENNZRF) 150 )5, validation accuracy {E.7E 0.85 ~ 0.90
XA 5E, BEENZGRBEA, accuracy (HE— 72
EAT, UEHIAr B HAT B ARG

val _accuracy—— train_accuracy

T 51 101 151 201 251
6 T34 FH train accuracy
F0 validation accuracy 4L
TEPR R W 28 G5 AL FHAW B S BOR R I H LT, A
SCXF E T A A B 2 2T Hij J5 Y train loss Fl validation
loss FEPRAYZAEAL . IR 7 vh AT L, Rl IR 27 > Al
Ji, train loss (L4 B A5 VI ZROCE A 1S T /N 22 0.2 ~
0.3 74 . 1ENIGREIRFIBL, loss A7 — MWL AY
TR, SYNZRFNZ 100 K5, train loss 5 HEAS AT 3
30%LAF, validation loss 7£0.25 ~ 0.45 Z []% % . iEH
%72 Y loss B AR T IE A8~ AT Hif

——train loss with transfer learning —— train loss without transfer learning

1.45
1.25
1.05
0.85
0.65
0.45

0.25

0.05
1 51 101 151 201 251

a train loss XJ Fb 4]

——validation loss with transfer learning ——validation loss without transfer learning

12
1

0.8

0.6 i

0.4

0.2

0
1 51 101 151 201 251

b validation loss % [ &l
7 FBE SIS train loss #A validation loss Xtk

——train accuracy with transfer learning —— train accuracy without transfer learning
1

0.95 o
0.9
0.85
0.8
0.75
0.7
0.65
0.6
0.55

05 1 51 101 151 201 251

Srerna

WAoo,

a train accuracy XJ HL&]

——validation accuracy with transfer learning

——validation accuracy without transfer learning

51 101 151 201 251
b validation accuracy X Fb Il
8 E#FJEIfEH)train accuracy
FAvalidation accuracy 3Lt

TEORAF W 25 S5 AL FI AR S BOR R G LT, A
SCXFEE T A A2 2T 1l J5 Y train accuracy Fll valida-
tion accuracy FEARATAEfL . MK 8 AT UL, FEfd RS2
TG, train accuracy (B3 Fifi 25 Y11 25 U EL B 54 i 38
Iz 0.9 A . fEVGRIGHEL, accuracy A — 1K
BB E BT, MR 50K )5, train accuracy 5i
HATETE0.8 VL b iT#2% 2 J5 1Y accuracy W i = T
TR =TT

6 4 iF

ARSCLAAR L HRAAF N MR 2 bl Ay Rty
HIPBIFERR, W I TR ) B Pl 2R
BB, LA ResNet50 11 ZEAfI 2R R4 . Z5 2R 3EH],
TR 2D XHE RIS N Pl R AR LI By
B WROR, A BT 5 i U R R O 4 R A
8], A JeoRs it — A AR BORE = i LR, RSk,
fige RS S5 RS e DL T AN 2 2 R e P Tt [ P e
HAEOEAAE, PP AL P

SE Rk

(1] 343k, £4F%, 04,5 AR e ok S0
K RJE S A#ER[T). P BKZF5,2011,8(3):619-628
[2]  Hodgson G. Reef Check:The first Step in Communi-



%21 5% 2 41

B OIS, RTFTEEBY IeHAELRIREL T AHr B 247 3 - 61 -

(3]

[4]

(6]

[7]

(8]

(]

[10]

[11]

[12]

[13]

[14]

ty-based Management[J]. Bulletin of Marine Science,2001,
21(9):861-868

L. BB M RIS S ER[M]. LA AL,
2015

Zhang S,Zhu Y P. Research on the Construction of Underwa-
ter Video Surveillance and Water Environment Monitoring
Information System for Marine Ranching[J]. Boletin Técni-
€0,2017,55(17):738-742

Hsiao Y H,Chen C C,Lin S I, et al. Real-world Underwater
Fish Recognition Identification, Using Sparse Representa-
tion[J]. Ecological Informatics,2014,28(23):13-21

R, KT M. T = AL 00 i A KA AR A
15 B[], 3 Fhudy £,2018,35(5):402-406+443

Zhang S,Zhu Y P,Bin Y P. Tropical Coral Reef Fish Identi-
fication Method Based on ResNet in Unconstrained Envi-
ronment of the Seabed[J]. Revista Cientifica,2019,107(10):
1157-1 164

TohY H,Ng T M, Liew B K. Automated Fish Counting Using
Image Processing[C]/International Conference on Compu-
tational Intelligence and Software Engineering,2009,1-5
Zion B, Alchanatis V, Ostrovsky V, et al. Classification of
Guppies Poecilia Reticulata Gender by Computer Vi-
sion[J]. Aquacultural Engineering,2008,38(2):97-104
Alsmadi M K A,Omar K B,Noah S A, et al. Fish Recogni-
tion Based on the Combination Between Robust Features
Selection, Image Segmentation and Geometrical Parame-
ters Techniques Using Artificial Neural Network and Deci-
sion Tree[J]. International Journal of Computer Science
and Information Security,2016,6(2):215-221

I, R &, ETR, S RE S T RER SR A R[]
MRS £ R ,2013,50(9):1 799-1 804

Frederic M, Alvarez L M, Hodgson A. Automating Marine
Mammal Detection in Aerial Images Captured During Wild-
life Surveys:A Deep Learning Approach[C]//Australasian
Joint Conference on Artificial Intelligence,2015,379-385
B AR, T F AT BPA TAPZ M &4 R TIRH
HROR TR, kA R 2015,36(5):31-37
B R BB BRER R TR AR S — B ik
BP AP 22 M 2 e A 50 8T P 64 52 R AR 7 (). A,

[15]

[16]

[17]

[18]

[19]

(20]

(21]

(22]

(23]

[24]

2019,42(9):34-40

Girshick R,Donahue J,Darrell T, et al. Rich Feature Hierar-
chies for Accurate Object Detection and Semantic Segmen-
tation[C]//2014 IEEE Conference on Computer Vision and
Pattern Recognition,2014,580-587

Szegedy C, Toshev A, Erhan D. Deep Neural Networks for
Object Detection[C]//Advances in Neural Information Pro-
cessing Systems,2013:2 553-2 561

Zhou X, Xie L, Zhang P. Online Object Tracking Based on
CNN with Metropolis-hasting Re-sampling[C]//Proceed-
ings of the Acm International Conference on Multimedia,
2015:101-113

Spampinato C, Palazzo S, Giordano D, et al. Covariance
Based Fish Tracking in Real-life Underwater Environ-
ment[C]//International Conference on Computer Vision
Theory and Applications,2012:409-414

Chuang M C,Hwang J N, Williams K, et al. Tracking Live
Fish from Low Contrast and Low-frame-rate Stereo
Ivdeos[J]. IEEE Transactions on Circuits and Systems for
Video Technology,2015,25(1):167-79

Jager J, Wolft V, Fricke N K, et al. Visual Fish Tracking:
Combining a Two-stage GraphApproach with CNN-fea-
tures[C]/IEEE Oceans,2017:41-46

Wang S H, Zhao J W, Chen YQ. Robust Tracking of Fish
Schools Using CNN for Head Identification[J]. Multimedia
Tools and Applications,2017,28(10):86-105

RFE, LG, Huets ATIFWGRAIHFI &
FARA T[T IARAL,2020,47(1):38-46

PanT S,Huang H C,Lee J C,et al. Multi-scale ResNet for Re-
al-time Underwater Object Detection[J]. Signal Image and
Video Processing,2021,15(2):1-9

Zhao Z X,Liu Y, Sun X D, et al. Composited Fish Net:Fish
Detection and Species Recognition from Low-Quality Un-
derwater Videos[J]. IEEE Transactions on Image Process-

ing,2021,30(12):4 719-4 734

FE—EEEN: KM (1981—) WL, BIEER, F5Ermh
B L RAE SR



