E33 B3
2000 4£ 5 H

K o= o2 R

JOURNAL OF FISHERIES OF CHINA

Vol.33, No.3
May, 2009

X EHS:1000 —0615(2009)03 —0438 —07

FiFl B M E 2 KA ARTE T 09 #0242 ) 48 T il 4= Bl

xR,

ZRR

?%%27

GHw, EAF

(1. PEBERLHEFPEASTHELLRE, LK FY  266003;
2. PEBHEREBHEEEMEE IR, VR Y  266003)

FEE AR 2002 471 2003 3t I R E R E W AN LR WHRAE KW AR. 3 E pH. A A K
EIHAREEXREEF R N E RPN EERE RESREE D RESREEH ML
Y BENBEE TR ENERENFLRFHERBRA AR INFAE A TR ENHRE,
3B A I M £ B % (artificial neurd network, ANN) iy & 22 112 2 K 48 1£ 4% (back propagetion ,
BP) W %ty 77 ¥, Il MATLAB X ki S B L MW WE FAMMEFA T BP AT HE
MaFMER, FAERAZTE 300 KWFEI W&, REFFMEH67.46 THE0.009 1, LW
MERNHASEEAMBNHEATNNEREERENERN A EE K 87.5%, TR¥
ATHEREEKFHWFREATHRNMEE S BT WTNER LA AR BES A E, T
EREN, TNERERERBRE AXFFRAG Y REATRERTNRE T —AFr ey or

%ﬁ%o

KB MARIGAAEA T, ATHE R FAER

B S %S S 917

FEFLE WL ( Chlamys farreri) 3R E AL 75 % 3%
HRREIR, RA THBEN ETEN RS — BEE
RIS FMHEMESME, ESBH LK
ATHFED ™ EHAERREE T SR
SR R P B 2RI, I _b IR AR K
P Bt A AL S A R IR SE I B R, S 3K
TESR R A, WL T 2 & e TR
BARE B, (L1997 48,1998 4F, I R4 S5 B
T B AR BE T T 45 S 19 EL IR 2 B 2 B 1% 40
fZFEp b ARE I T B N SR R T E K
HZFHREMAEERC ™ . BEEHTLE LKA
HRFET- B B B AHITLE A TR & R
FEFEFE, WA HRIE LI N B R SR
SRR, B ST U 2 U FE T PR
XHFEFLA 0 B 2R B0 T 0 HEAT TR , 00 T LA A
FLUR UL B SR I B T /A5 LA TR T R
FEAFTO T LA B BT R

F 7 BT 6] PR 5 SR i PR B A R

1548 H #A : 2008-04-18

{& 5] 2 #A :2008-10-05

NEKFRIRAD A

SRR, B REMRE, B AR REEE,
BB BMARE TN, ATHZEKE
(artificial neural network , ANN) f¥) H B > T 0] A%
RIS AR AL T BB 09 7 vk, b7 SR AR T AR
YNGR A et 5 B VREOR B BE )
S—ANBWEIBEIE XA, AT R ™,
VAR , IRAE B K A 1R 0L AR F AR 4
FHESERIAES R, A AT M E#E KR
R A SN R K X REE RN A A RO
PR, R 5 T AN B F R VBT
FRRIW_L N B &N, B B R RAT
TR BRI R

AW iE FI N T2 M 48 R B FIIR 22 FOM A%
#& (back propagation, BP ) & Bl ff) 77 ¥k , X £ 32 57
FEAFL RS DL B 2 K HARSE T PR A Y BE 4 74 20 B
5, LD S T MifL A I B AR T R 5 M R
RHEF RSN s Z HERWIELERXR,
S LR LRI B K R SRS SR R AR TR

BB BRN-E=" B R EMPIR A RIRIT E (G1999012012)
BIER  FRFR, Tel: 0532 —82032495; E-mail ; kmai@ ouc. edu. cn



33 RS LS N BB AR IL T B P2 TR U A 439

RET BT
1 BRI

ANN B34 Wi 2 RG W S5 {5 B A3
FRBRETBRI N EBLHALK™, 1987 48,
Kohonen 7£ IEEE 25— J& #f 22 W 4% [ fr & 1 ¥
How SO KRBT, BRTAmM X E E 2
T8 M TG BRI B N 4% s B TR A 5 B4, 3F
54y a R R 555N R XT84
AR P, BRI B BB AR e
Gr TR SR 22 ) FLARR M , ANN i I 3 JE 2 i
F 2 SR T8 4320 1 ik Se R B WA E ™ . &
AMHEME P EENERCSNER, TLUES
e G Y S KR Y Y R NI X2 B
T R

AR BTN & Z M —FF ANN 5
Pe—BP MK IR EEEME, HEE
BRI RS AW LR (1) IEMSRE,
HHmAGE, A ARERBREEZRELHI
THEEA BT LR M E; (2) RS R, &H7E
Wi RS B B M E, & B8 H
Bl SEm M 2 ERZE, IBIA
BE ™, B 1 2ET BP MEH 3 E R4 E
K g EE, B R B B AR ST, X A
TCWAEES,0 MEHES.

- R4 Data feed—in
X1—
X2 —w

01
A
Xn —UK%}—» Om

Error back propagation - is 4L

wMAR BEE @R
Input layer Hidden layer Output layer

E1 BPHEZH3IEMARAEGHERER
Fig.1 The structure of BP neural
network model with 3 layers

H  mARRKGES BREREHALHE
W B et , IR iR SE I H B IE AR K
i, XBRBETHRAR,ESEZRNE
RIESBEER (AT R B R EENE N
w;) o IEMZHEN, RAFS2IREELHE
ek 2, @i 5 565 Binfs S0 LEL TR R
—MRERERB(AX D), MRXIRE R

E(HiRz) RA B EMEEER, A
RERD AR IE, B RERENER,
ERREERMAERZRERE, 5" A5
KT 4 M, N IRB & B4 S S H 1R E B
BRERS, UMENER SRS S EBENENKE,
WEBBALAK 2,

=5 55,1’ (1)
ALY, HEVME, Y, AMEIHERHE, m b
HEMZTE,

wi(p +1) =w; (p) +adw; (p -1) -7
dE(p
awy((P)) 2)
A, o fl n AR R %S R, HE
0.1 Z B, E hifzs et BiT,

&2 &3 )2 BP MK EWmEE, TUE
i, BP 44155 10 1 [0 1648 5 1R 2 130 A5 HB X
£ ENEEFNESEER RN R T,
HAMME S R M4 2= S (SRR 4)
AR, MR — E TR R R B
AR ERE SRR ENEI RO E, L
IER, N TFREERASREELE BRI HESE
—A B2 BP MREE,

2 HRgRE

2.1 #HRAEE

AR REERAFORRIRT 2002
4E1 2003 4E3 1L AR SR 4 B AT AL A DL SR ¥ X Y
AKBEEF (KR BB pH . &R WA BRI
BE) i MG R g i (LT AP B9 8 EROR  BR M
RIS ) R P BRER RS ) B A AL YIS AL S
it EASIHE F) AR IFE B oL A BT E
HaamR. HTFREMNKFETRPTT-9 A,
B BEREPIAE D 6 - 10 B RBE AR, H
L, AR I RASET- R (% ) R B SR . B
Joxt & A8 AR-5 i IR SE T R BT R R AT Al
i X FREE T B B AR S A, HEBR 5 8 DU SE T A
KEBREERS SHEEME, HT&ER LR
1,435 4% SPSS 11.0,

ERUKIR . pH . M3 AL S ) L iE &
R B 7 L4 R O AR R B A

HAE—fea® W TEEREARRRN R
NAEERAME, 52 BP M 4577 SRR



440 Kk B O% R 33 %

&, AAAKG)BRNEAKBIRERS R0, XA, R NEIEIR; Ruin s Rex 70 AN B/ TR

1], 858 n%2M", B S0 508
S;=(R;, -R;,)/ (R —Rin) (3)
bR
SRS

'

BEALE AR« B R A0H I 2 2 A R0 G e R )

>
Y

HEEERE. BilE & AIuHE T

\j
ST H R SR B i

Y YES -
,»“&%%é‘aj K s e T
© Gasr R

l«—NO l

\

HERERRRE o
WA BRI

E2 3EBPNAKBTHKRER
Fig.2 The algorithm flowchart of BP neural network model with 3 layers
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Tab.1 Correlation analysis between the parameters of both seawater

quality and scallop immunology and scallop mortality

TR index correljtﬁi(?r% if%ficient P partial cﬁti?tié(f ﬁefﬁcient P
JKiR temperature 0.646 * 0 0.682* 0
pH -0.733° 0 -0.723* 0
#HEF salinity -0.376 0.064 -0.405 0.5
4 NH;-N 0.305 0.138 0.312 0.138
TFAHE NO,-N 0.06 0.744 0.072 0.74
ALP {& 73 ALP activity 0.317 0.123 0.252 0.235
ACP §% #7 ACP activity 0.055 0.79 0.022 0.917
SOD % #; SOD activity 0.056 0.792 0.092 0.669
CAT ¥ #7 CAT activity -0.601° 0.001 —0.648° 0.001
IM¥EE [ Y E protein content 0.578°* 0.002 0.643 ¢ 0.001

E: + BFEHR(P<0.01)
Notes; * Significant correlation (P <0.01)
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xR2 BFRA—UEHEFEETNE R
Tab.2 Normalized values of factors and predicting results of the BP network model

(G o Kig pH CATEH mEFAWRE R AR - WP T-HR®

sample density  temperature CAT activity protein content factual death level predicted death level
1 0 0.813 0.507 0.212 0. 362 1 1(1.001)
2 0 0.915 0. 366 0.149 1. 000 3 3(2.9949)
3 0 0.160 0.901 0.792 0.083 1 1(1.001)
4 0 0.162 0.549 0.850 0.354 1 1(1.001)
5 0 0.915 0.127 0.116 0. 644 3 3(2.9949)
6 0 1.000 0.507 0.063 0.169 3 3(3.0114)
7 0 0.162 0.493 0.771 0.352 1 1(0.9949)
8 0 0.813 0.268 0.268 0. 362 1 1(0.9949)
9 0 0.915 0.254 0.069 0.689 3 3(2.9949)
10 0 1.000 0.380 0.010 0. 427 3 3(3.0114)
11 0 0.160 1. 000 0.515 0. 056 1 1(0.9495)
12 0.333 0.000 0.648 0.373 0.181 1 1(0.9495)
13 0.333 0.502 0.423 0.220 0. 563 2 2(2.0201)
14 0.333 0.157 0.845 0.231 0. 000 1 1(0.9495)
15 1 0.162 0.521 0. 804 0.068 2 2(3.0114)
16 1 0.915 0. 000 0. 000 0.732 4 4(4.0013)
17 1 1.000 0.493 0.046 0. 448 2 2(2.0201)
18* 0 0.162 0.507 0.688 0.233 1 1(0.9495)
19° 0 1.000 0. 465 0.003 0.536 3 3(2.9949)
20° 0 0.813 0. 465 0.175 0. 446 1 1(1.001)
21° 0 0.160 0.915 0. 364 0. 100 2 2(1.9576)
22° 0.333 0.630 0.39%4 0.129 0.297 3 3(3.0114)
23 * 0.333 0.509 0.507 0.163 0.103 2 3(2.9949)
24* 1 0.813 0. 056 0.139 0.287 1 1(1.001)
25° 1 0.160 0.873 1. 000 0. 100 1 1(1.001)

E: » RESHBMBENESR; a. FEEAPERNENL; b. H5PRERHE

Notes: * Samples not used to create the model; a. Scallop numbers of each layer; b. Values in the bracket represent the output values of
the model
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Prediction model (ANN) for massive death of scallop
Chlamys farreri in summer

DENG Deng', MAI Kang-sen', LI Xiao-ming”, MA Hong-ming', TAN Bei-ping'
(1. Marine Culture Key Laboratory, Ministry of Education, Ocean University of China, Qingdao 266003, China;
2. College of Communication Science and Engineering, Ocean University of China, Qingdao 266003, China)

Abstract ; The mass mortality of cultured scallops Chlamys farreri often occurs in summer and brings huge
loss to farmers. However, the loss could be reduced greatly by transferring and renewing scallop cages or
harvesting scallops before the occurrence of the massive death of scallops. A model for predicting the death
of scallops by using the principle of Artificial Neural Network ( ANN), the method of Back Propagation
(BP) network and MATLAB software has been developed. The data to build the prediction model were
acquired from a two-year (2002 & 2003 ) investigation on temperature, salinity, pH, NH;-N, NO,-N of
seawater and protein concentration, acid phosphatase activity, alkaline phosphatase activity, superioxide
dismutase activity, catalase activity of scallops serum in Sanggou Bay, Rongcheng, Shandong Province.
We debugged the model repeatedly by changing the key parameters, input layer node number, hidden layer
node number, sample number and epoch number. After 300 times of studies and training, the sum-squared
error of the prediction model decreased from 67.46 to 0.009 1. The model was tested, and the prediction
accuracy was 87.5% . It is the first time that ANN was used in the aquaculture disease prediction. This
model has many strong points, such as data adapting well, study momentarily and predicting accurately.
The present study presents a new way for disease prediction and control of aquaculture animals.

Key words ; Chlamys farreri; massive death; artificial neural network; prediction model



