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x1 EBEREES
Tab.1 Image dataset

T VAR 15 VEIS
fish category number of pictures
K3 Larimichthys crocea 2054
JIf  Cololabis saira 468
fit  Hypophthalmichthys molitrix 2 106
i Cyprinus carpio 1168
i Aristichthys nobilis 2197
B it total amount 7993

VAT LR A B AR e (B0 L R 90°
BHieRe 1800, Wit £ % 270°) 5507 LB il
AR, TR TR ONN BB 32 fLfE
PARFIRRE ST, FFoRab 2 BB O SR A B IR
BE= .

1.2 El&matE

A 3 ) 246 1€ e T B AR B 30 A £ 28 MG A7 A R
EAR— AN EEE LS, FER TS
BUE AL, R G I Ak 3 A o7 208 B R
B ARG — N jpe i =, ot G E i £
o=, WAk, KR BURIN KNG — 4R R
100x100 14 %, 144 BBt Fp IS0 o A7

2 HGAgEENE

2.1 CNN &%t

CNN BRI 250 FZH DU 4 S35 4 o

B E NEAE, %A CNN 1 A#R
gr. XTRAEIR G HEE), T2 3 MEENHERE,

B2 M ERUE . AR A B N
TR ISR, G EA 5 R IR A I8 A
[ (3 , AT A BUCE MR I RRIE I, X B
RSB ST (FRRSH G R T N
5x5 F13x3, P HAARSZINE 1 Fw .

GRZRE RGOSR A

W —F +2P

N=—— 1 (1)

K, NABBGE BB (WN), i AE R K
INRg wxw, BRI KN FxF, KN S, 5
MBREEH P. TEADFRMER CNNH,
padding X # 4 0.

553 R AR . AR E R A YRR K]
T RRAELLBR, T RRAE T EE /N, T AL T M 2%
S A, IFREUT FZHHE, Wik —MR e
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R 04 WO TR R . BB SR B

IS 95 5 BT SR 43
Fig.1 Convolution calculation

The bold part is the part that participates in the convolutional calculation
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Fig.2 CNN structure

12 BB R 5x5, $idh 16, H
w7 SAME, KA1, UTERAZ
FROIESRE L . & BURFIE IRIBAE S i AT & 3% 21 Ak
Zo Mtk B KN R 2x2, Hit A 50x50%16,

B22 BRI K/NH 5x5, BiEh 32,
AT S5 B AR R RRE SR . B BURAIE R AR Ry
A R R MALZ o AR KN 2x2, i
Hi ok 25x25%32,

32 BRI 33, FEh 64,
W77 SAME, 2Ky 1, st Bl AZE
MR SRIL & BURRAE AR S i A T & 2% 1)t
B2 o WAL RN 2x2, i i Dl 12x12%64,
et AT SR AR AL 2
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ABG AT R

Ueoh, BRI AR SHL: batch_size 1
BN 64, 22254 0.001,

UL IO PRBCA Sigmoid PREL . tanh PR AL
Fl ReLU PRECSE . TEMLAIIX B, Sigmoid pR%R
Fl tanh pRECIEE 0, S5lRBEEEL, JFHS
R ARASE R o B2 R A WS B o Tl ReLU A A

[ 7K 72 5 22 3275 sponsored by China Society of Fisheries

JEAERZRUGOLT W B, A B i B I 2%
RIS, 5 5h, T ReLU e &L AT LASIAT
Mg ik, i TR IRt ], 4
T EARIPERE . NI, SEERIESE ReLU bR
PR PR (151 3)

sz 3

g

2 g 2
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# g 1
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ALK (X)

unit length (X)
B3 ReLU E#
Fig.3 ReLU function
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AR (loss) 283
loss = — Zyiln i) 2
i—1

K, p AREFU L, y; ACERPIZEBI R ZE R

A5 T A4 A 117 CNIN AR Y 16 FH %) £ Tk /2
Adam AL RS, Adam J&—r it ek, TR
BRGNS TR fE . B nl IR T 4%k
Pk H EEHT A IS AGE , R HLINAAEFEE

2.3 Dropout F1IEN{t

Dropout F1 1F W] & & 0 fb B A R )2 450 1
CNN WY HZ 5, JF HAZ ] 2t B4 1 8
BEF-Bro 7E CNN BB 14 TF 1) 444 1S [ 12 49 1) 2
23t #E e, Dropout K B30z A9 43 A Btk 1%
B0, ML T s Z 18] AR AR, B
T 2B R A5 F XS, I B T CNN Y35
A 4), X EMA TEARHE BT FEE AU 20K
GG UL, SRS kA R
IF, 2o I BR T o3 BBUZ Bl 2200, SRS 1 H]
BT SE W M b,

- A

= - B o |

E 4 Dropout 5RHEg
WO A RRERME TS, KO SRRRBEBEIHE T, &
FERARR N LS BRLIE [0 A% 38 1 R R
Fig. 4 Dropout strategy

The blue dot represents active neurons, the gray dot represents inactive
neurons, and the connection line represents the connection relationship

of forward transmission of the network model
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AWFFE R H B R A BRI T2, SEE
H1, Softmax PRECH HAIE/ KA. B &M M £ 57
Hhy 52w . Softmax PR EFR A IH— 1k PR %L,
X EREZ AL B EE DR R AT A
i) 5 B S 2) O~1 PR, I SEI 2 & /25 H
BJ. Softmax PREX (S;) AYE X :
eV
- W
K, Vi B9 FoTiE e, i o REIES],
C R EE . Softmax W Z 2 51| 1) iy H (8 4% ¥

Si (4)

F0~1, Blan, Zet:orIas B i i) i Xm 2
T3 A e
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V= [ 2 ] 5)
-3
2533 Softmax Ab PR, 33X BEAEUKE %6 Sk AH XS
HEZ .
0.0426
S = l(17439 ] ©)
0.2135

Softmax it iy H 2 7R AN [1) 285 1) 22 [ Fi6) 4 X 48R
K, Al LUH A B KAEN 0.743 9, HliZfafp
HIZE B BEEE N 0.743 9, N 259,

3 ik

MR S B 5 19 CNN Z5 # FISE 280,
“jpg A% Y B R BE 4R & % & CNN AL HEF T
i, NGB SMREM LGN 9+ 1, LIk
(SIS L 2,

T2 ) F A KN E S EUR RS (R £2
T, B A I E S 100, 300, 500, 700
11000 ¥k, BRAGT SAEERL, AEASEI I 25
SR S BN L S N ES IR e

#2 SIINE

Tab.2 Experimental environment

Byt PR
types details
TR B85 CPU: AMD Ryzen 5 3600 6-Core
hardware environment RAM: 16.0 GB
GPU: NVIDIA GeForce RTX2060
(6GB)
AR Windows 10
software environment Tensorflow-GPU 1.14.0
WIEES Python 3.6.5
programming
language
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5 EREZURIRKZ
(a)~(b) EARIKEL 100 (c)~(d) EARIKEL 3005 (e)~(f) HEARIKEL 500; (g)~(h) EEALIKEL 700; (1)~(G) EALIKEL 1 000: (a) (c) (e) (2) (i) I L
WML, (b) (d) (O (h) () K 2k
Fig.5 Accuracy curve and loss curve
(a)-(b) iterations 100; (c)-(d) iterations 300; (e)-(f) iterations 500; (g)-(h) iterations 700; (i)-(j) iterations 1 000; (a) (c) (e) (g) (i) training set accuracy, (b)
(d) (f) (h) (§) loss curve
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R [ HE 20 0.9656, HARAR T k™ ik ia
(RS R E D 6 (0.9766), (HINRXHERA R AHZE T L,
It BB T AR R AR A AL, R E
BRPE SR AE . Ak, M A SO
FITFHE 3 A £ SRR R | ASHIFSE b B A
FIRERITR 55 TR Fp 2, RIR R | i 6
R R, BT G £ b R A R AR R R A
WER R BRI, AL 5 R R aE Ry, R 2.
FRBERAK

%3 TR THIRBISE

Tab.3 Recognition accuracy under different iteration

" BB IR
HEf R iterations
accuracy
100 300 500 700 1000
I ZREEAER % 09871 09909 09923 09934 0.9942
train accuracy
MR AR LR 2R 09312 09426 09453 09523 0.9656

test accuracy

4 Ziig

SR FH O 245 T o R0 552 3 3 411 HRCR SR AR 45 65 1
2, A T LR 0 2 A S I S LR B e 4
I3 b PN 7 48 L B IR 72 ok X il 5 4 A A Bk
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SR WB 2% S i pLE 2= 2] )72, ST CNN
BEAI SIS 5 F DLt ey oy 25, b T4
ANFER T IR GIE B 22 52 . B IR BT A A
BERIERRE, 1000 YGERMBARSCER AR e fd:, #
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Recognition model of farmed fish species based on
convolutional neural network

CAI Weiming ', PANG Haitong '?, ZHANG Yitao ?, ZHAO Jian®, YE Zhangying >
(1. School of Information Science and Engineering, NingboTech University, Ningbo 315100, China;
2. College of Control Science and Engineering, Zhejiang University, Hangzhou 310027, China;
3. College of Biosystems Engineering and Food Science, Zhejiang University, Hangzhou 310058, China)

Abstract: With the development of artificial intelligence, big data, machine learning, computer vision and other
technologies, convolutional neural network (CNN) is increasingly used in the field of image recognition, which
greatly improves the efficiency and accuracy of recognition. Machine learning is data-driven and requires large
amounts of data as a basis for experimentation. The richness and diversity of image data sets are crucial to the per-
formance and expressive ability of convolutional neural network models. However, the existing fish image data set
resources are relatively scarce, and the training set and test set samples are severely lacking. This makes it difficult
to train neural network models, and it is difficult to meet the needs of deep convolutional neural network model
optimization and performance improvement. A basic image data set for fish species classification was constructed
by using a combination of web crawlers and manual camera collection in the laboratory. Larimichthys crocea,
Hypophthalmichthys molitrix, Cyprinus carpio, Cololabis saira and Aristichthys nobilis were used as the test
objects in this paper. First, we used web crawlers on the web to obtain pictures of these species of fish, and then, in
a laboratory environment, we used cameras to take a large number of photos of these species of fish. In view of the
problems of different scales and uncertain formats of images, image batch processing, unified data preprocessing
was performed on all the acquired images, and the basic data set was enhanced through content transformation and
scale transformation. The dataset was further enriched through this process and the image collection and induction
of 7 993 samples were completed. On the basis of parameter sharing and local connectivity, a convolutional neural
network model for fish recognition is constructed; the ReLU function was used as the activation function to
improve the performance of the algorithm; the dropout and regularization were used to avoid overfitting. The test
results showed that: the convolutional neural network fish species recognition model constructed in this study have
good recognition accuracy and generalization ability. As the number of iterations increased, the performance of the
convolutional neural network model gradually improved. It reached the best when the number of iterations came to
1 000. The accuracy of the model was 96.56%. The model adopted the machine learning method of supervised
learning. Based on the CNN model, it realized the classification of five common fish species, with high recogni-
tion accuracy and good stability. The model has provided a new theoretical calculation model for the species iden-

tification of farmed fish.

Key words: fish identification; convolutional neural network, CNN; image identification
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