7K —E )

A g
P @i £ o BATYER 54

FTFLSSA-XGBOOSTHUEEE s Y 15 A i £ 2844 By B T AR A
FrEME, AR, T R, B, AKBLHT

Body mass of Seriola dumerili prediction model based on LSSA-
XGBOOST improved algorithm
YU Guoyan, ZUO Renyi, YAN Jun, LUO Yingtong, ZHU Qiheng

TEZR ]I View online: https:/doi.org/10.14012/j.cnki.fjsc.2023.05.002

BT R ROGB I AR SR

Articles you may be interested in

BEMURZE AR | R TRE ) SRI B
Relationship between body length and body weight of Schizothorax biddulphi
HOVIFSE. 2021, 43(4): 403 https://doi.org/10.14012/j.cnki fisc.2021.04.007

IS G R alf BN T2 I 28 AR B 5T
Study on using BP artificial neural network model for chlorophyll-a concentration in Pingtan Thirty—six Feet

Lake
HlEWFSE. 2020, 42(1): 1 https://doi.org/10.14012/}.cnki.fjsc.2020.01.001

V] g — 5 925 M L Al A A ) R PRI 5
Study on fishery biological characteristics of Argyrosomus argentatus in Minnan—Taiwan Bank Fishing Ground

HEDLFSE. 2019, 41(1): 34 https://doi.org/10.14012/j.cnki.fjsc.2019.01.005

I PG L1 DX TR GER e P 5
Sexual dimorphism of the frog, Paa spinosa in mountainous areas of the western Fujian

HAFSY. 2019, 41(5): 409  https://doi.org/10.14012/j.cnki.fjsc.2019.05.008

W% R AR AT
Study on the sexual dimorphism in the giant freshwater prawn Macrobrachium rosenbergii cultured in earthen

pond
Ol BF5T. 2020, 42(4): 372 hitps://doi.org/10.14012/j.cnki.fjsc.2020.04.009


http://www.aquaticjournal.com/article/doi/10.14012/j.cnki.fjsc.2023.05.002
http://www.aquaticjournal.com/article/doi/10.14012/j.cnki.fjsc.2021.04.007
http://www.aquaticjournal.com/article/doi/10.14012/j.cnki.fjsc.2020.01.001
http://www.aquaticjournal.com/article/doi/10.14012/j.cnki.fjsc.2020.01.001
http://www.aquaticjournal.com/article/doi/10.14012/j.cnki.fjsc.2019.01.005
http://www.aquaticjournal.com/article/doi/10.14012/j.cnki.fjsc.2019.05.008
http://www.aquaticjournal.com/article/doi/10.14012/j.cnki.fjsc.2020.04.009

ol AF5E 2023 ,45(5) 427 -437
Journal of Fisheries Research

http ://www. hyyysci. com
DOI:10. 14012/j. enki. fjse. 2023. 05. 002

ArENE, AR, ™ R, 5. FET LSSA — XGBOOST WUtk 53k (14 ey (4 £ 2 1A i it BOMABEAY [ ] ¥k AFFSE ,2023 ,45(5) 427 - 437.

EF LSSA - XGBOOST MiHE £ 5 ki £
2 iR = T il 4 BY

ArREe e, AE,

N

R, DM, KRB

(1. MHEERFS TR RELRE, T AR L 524013,
2. RSN S s TR, )R YT 524088)

WE. AMEFHRARRZFI B O ERZRER, FEHEREBEKTERES, AT LSSA -
XGBOOST fLik, @it xF TASFR 78 550 649 24k #F  (Seriola dumerili) W& . K5 KR & 4%
FHATHHM, MBOARK | RE BIRARSHAERIE AN | R AIE A B o) SRR R &
FmAER R ER, HEAFREA A, LSSA - XGBOOST A2 il A 64 48 % M 2 &
R &% 10% ; 5+t % BP 402 M & Fe ks T B4 BP 4836, LSSA - XGBOOST £ Al % £ -F
ZrFe R* 32029 3% , X A M IR TR Z F) B 69 S RSk R AORAL A R A T 2RI,
XK##iE: LSSA - XGBOOST; &k, hK; mAZ; XA

FESES: S917.4 XEHARIZAD: A XEHS: 2096 -9848(2023)05 -0427 - 11

AKFEFRFHIERE T, FRIAS by H B R i 2 ]
BEBA O BEAR TR I AT, 5 4 R A
ML | BREE | flE ADRLE SR AE R
RRIPERERY R Z IR, TR AT
Kl pH SIS N8 TR, R AR AE TR
SEOT IR C 8 e, (HA R A KB B i iR
TRDRERLRS B R BT AR Frdi s, f R
H 5 e R P R o SRR Y e B R
SR FRAE S e PP A AR G R, k4 R A (A
IR EORI NI, BUA 2 TR R AL 2
FARTEAK T 58 B T i RO fE ey
ARMCE A RTE S A R PR 5 £ (B2 i o A e
AR SR IR, 3 AR AR A SRR B AR o B 5 2R
FEA A Bl

MRFASRE (R 1R5E) RS R

WfsEE: 2023 =03 -09
HE&TIH:

HCRE R EENAY 2 SRR, W2
HZRHETEFATIEAT A KRS IR LA S A= 2 R gt
B EERYE S, XA KORAS R A
R 5 R S B0 7E G F R S R AE
(A 1A5E) SHBTEX R, MR
BOR H WU AL RE, 4N Sepa P & l10]
WESE T AR BN IR HEPE K IR 4 R 3 iy
R KB ERR, HEREER (Y =
aX') FEMUAK | IRBTECRME, MR
R? 155 0.940; Najmudeen T M 25" Jy3RHL 3 Fp
L R R OC R R A C R B, TR
P A TR A T 525 B se G, Mk
VERBLR® IAF 0.901 5 WREEAE " 58 U I I K2
H S vr H A R 248 fa Ak | IR BT C R X
e, THEADC R EUR e HA K | MR ¢

MRS TR RELRE (B BHFTE (zjw-2019 -01); | REEHELFLERE (F

WKL) LWE4ETE (GDNRC (2021) 42)
EEEI: AEIE (1970—), &, 292, R, Fhedit S . BRIl 35 5%,

E — mail : yugy@ gdau. edu. cn

BEEE. ™ K (1957—), 5, Wi, R hm. Rl FFH2E 4% . E - mail ; yanj@ zjblab. com



428 # Mk

LU/ $45 %

BAFEW = 2,72 x 10°SL>™ J7#2, MR AL
R iK% 0.972, Bl FE GEBCE R 0 7 vk Al A
kR - R OCRIL, B A RZE AR
55, WM 450 R 22 T SR Bk 58 i b AR 3
KERK | R RN RHERUA %, LAk,
WA REEHER ST IREHETE R, PIAEE
P T ] T v, sl A A ARl R e s
ZEABERY S KA E AT 1T, ST B Ah SE T
(RIFCIEE 77 ) . BUA P AE R A Ri A SR
WA AR E TR BEARE L, (URE
Bl s i LA Sl s
B % ERE SR A S R R, Kl
ARG AR E B R B N ) A 1) NS
TE IR TR Y £ S TT UR PR S AR
1R (Seriola dumerili) X G &L, E—Fd
PRI 20 ~70 m IEVEMS, HARSME
A, JFEARKEEY . SR e, &—f
T2 R E A 1991 4R FF 4 ) (AR Al
FRAEFAR BB FES B A% m AR R A T 355
FARGFTEAAATE 2 2022 426 A, FIT
PR 5 TR S0 2 A U0 UE TSR s AR i i) ]
i, JFRT @ IRMiFRE 5, IR
P ERELSAS T A — il T TR IR A RS 1
PRI | T T 1A 0T a2 R R PR ABE TR 1YY
CHEELR L RUS OB A W R T, T
DA IR IRl e A e BT 4 R S e AR IBOHE R, SR TR
SR AN AT R B A RS RRAE , RGPS T4
TR SRR IE A f0 A T i T ASE AR - B ]
G B R TR o 2 () 245 A TR PR SRR AIE 5 1A
[ AR, HOH AR AR R R R A Y
R, AFSE R A 0 T A% Ge i 28 I 28 1) LSSA
— XGBOOST It A A% A5 78 52 B A Jo o 0, A £
BT ORI (XGBOOST) ik b BR/NRE AR
B RYERERTHE T, oMb TRLRIZE Y, fH
LSSA - XGBOOST #AIFEANA /D s A A B 4l 1 1%
LT A B LGRS R, R E AR R AR
PR E B P,

1 #RE7FE

1.1 SCIe#rsd
2022 4E 6 H 22 H, 55—t m i i i A 33
FHAO, WILE IR & 90 g, 2022 458 H 25

H, FRFEWIN 64 d, JLHU314 S, Wl
HARK | IR T8 AR BT i Ba . 7E A R AR i R
A L RORD L T RE R A T AR A AR |
PRSERAR T R R, IR AR B L RmK
Ay, KREERSHE 1 mm, R o

S b R PG A T T R T XA SR P A
E R R A PR T OK A TR X, SEER
-5 SR AR AR )P A D B R R B B Y
“HRaFE 00397 AU (B, ZAEE
K 48.3 m, 9.5 m, BIK2.9m, &EitnzK
1.4 m, JFECARHLBE, FRGELI AR, S5
PR AR 2R 75 DX [ AT e X, DI PR UE S5 56 4
K R Getn 24 figts WA FE AR Bt K

B 1 SSHAREEKE
Fig.1 Overall diagram of test vessel

PRUEFRFEAC KRBT R, AR P IO £ 43301 15
AHEKE, B S A IE R R, I
Pl A 4K B R AL R . AR b 8 A K
H, SEH KIS PR T, SEfh | BRI FRGE R
LA, R K R s shHE A Ah
1.2 #iE4hiE

TESEg b, AR A/ Ny S i Hl e
R, X RS R 2 R AR B o
TRE, AT B TR A 2 R R
A Xo] 1 28 O 248 B AU 1| i S ), PRt 2 B SR
[23] X5 s Bn AT AL 2
1.2.1 Mm A bw2E (Extreme studentized de-
viate, ESD) Zdg [k

TESL PR BN T AR, 8% A 24 i 4
Piri, ESD J5 iR A 5 0 BRI ( Grubbs
test) JIEYRE, (I RESAT 2 W AT
4 T ¥ Grubbs’ test R k A5 W (HAD, 75
TR A vh 20 I B 5 4 i 28 B KR (E



55 M

ATEMESE . FTF LSSA — XGBOOST Bt Bk il i {4 i £ 1k B B T i A Y 429

(TR R/ IMA) , R EH IRY ¢ 53 A7 s 5
{8, KRB m o, kAT .
5 (L G 5 B 5% 0% R
‘ Yi - Y’ ‘

R, = max, S A <sj<i (1)

X (1) Y S o35 S B A 1 A
i 2.

S A

A = (n-7) X, ol

J

(n-j-1 +tlz}yn+l)(n -j+1) ’
1 <7<k (2)

X (2) W on WEEEE; JON BRI
AT MR
1.2.2 tEgefiespiil

1) Gauss HiZk

Gauss HIZE—FP i F 09L& i LB il, i
P IEZS I3 AT A e 3T R B T

_ 1 (x —p)?

f) = el R )

X 3) e ow AEAIE,; o NERIETS
P W UL BRI AR BT i 5 RS
MERRE, REZEFARKFNA T3 PS4

2) Logistic [k

Logistic HHZkj&—Fh LAY (1) S AU pR %L, N 44
Sigmoid PREL, HH B HRAAR A Py R
PR KR SR IR AHRORN, SEFS
FELT) (Aefrasia), RECEES) Mg, 78H
WK zE-ERRE, BRI REGE K (I 4R
FasE . WA ARE , ARG R
WIPREERE s e HAg I, i 22 s 1Y [
FE A IR N . HBCE TR R

KP,e" (4)
K+ P,(e" - 1)

X (4) e PoRWIRIRES; K WAMEH; =
Bor TS

3) kAL

FERBI L BN R BOR B, B T SE R
—, EHIT R U YR ROIRES ) B A 2R
K PIrs GHR BLICHR R L) T B9 A i e e
TR AT

F(x) = Ke™* + F(0) (5)

K (5) W K, o HEEG FO) AWIERIRES

/I\E;t

pl

P(1) =

HGE R R CRE TN
Von Bertalanffy R,

W = al’ (6)

2 (6) . WERKETE,; L ZREK,
a, bS8, Al SPSS B AR .
1.2.3  LSSA - XGBOOST fsl 445

1) WREHZRE L (Sparrow search algorithm,
SSA) K ik

R R AL R AR R i de ™ F
2020 4R H I — R BURE R RE SR, B
R, R RI BT Z Nk
M, KIE o HALMA R AE L3 E R,
MMAF 5 EME B | HBFRIR, RER
BRI Z R T, B2k th A5 mid
BEREAMA, RVBRLAT S A B L A

WAL EEANATT R .
X X X14

X = Yo X %24 (7)
xnl an o xnd

X (7) W d BT SECE,; o
FREE R BN F(X), A PR 1
S(x) QUSE N AR

f([xll X2 xld)
F(X) = f([xn Xxn erIJ) (8)
£ [xnl X xm])

RIS AR AR T B, A
.
a ><P,,m> R, < ST(9)

X,;+0QxL,R, >ST

K (9) T p ERWRELG i j o BIERR
AMEREFREEC (X, 5§ DFIREES j M)
P RN RIERKEL o 9 (0, 1] XA HY
BEPLEL; R, RonTE(E, JEIE [0, 1]; ST
FoRG A H; WHEE (0.5, 1.0]; Q ABEAL
B, LONYERE 1 xd B4 1 HFE

A @ IR R AN E, TR 58 i
R

Yol X, xexp(-
oo



430 # Mk

LU/ $45 %

Q ( Xwor.s[ B Xi ]) . > /2
X e Y
Xﬁ:l _ exp 2 ,1>n (10)

X2+ X, - X [ X AT i < n/2

X (10) H. X, 2 HET LB B b s 0
s X, N ZENE; A Fn A (AR
ML B -1 B9 1 xd JEfE; A" = A"(AA") '
i >n2 0, B NMIMAFERFEEY, FEH
PR EIE,

WIS EAERARTPRENL A, A E
RRN
X +BX X, =X, [ S; > ),

‘Xt -X | (11)
Gf77;ﬁf =/,

K (1) e X, R YET R R, B
K R 5, HRREIRN (0, 1) RIAIE
Aoy, KREXE [ -1, 1] TR £ %
IRMHTMASE N 5 f, FoREHBENE ; f, Wik
EENE; & NHEHL,

(1) RMfLIE (LSSA)

BRI (SSA) WIHRHHRE ™ A= J7 vk i 1k
FHEEGE (pop) x HARSEL (dim) B9¥2) 5
AR, XA AR R B 22k
RS A — XS i 2 B

Xt+1 _

L

X, + K x(

o  BHEHLEL Random number
1.0 .
L ® L4 R
L ] e ® °
° L4 ° o.
S e o * . .
0.5 R R
° Y [ ] .. ®
® ® ° °
.O ° o. P o ® [ )
¢ . °e %o e
0.0 ® °°
1 1 1
0.0 0.5 1.0

B2 #maBEsm
Fig.2 Initial random distribution

(2) IRMEBEHUREFLIE

R SE NI R REOL AT kA 2R3, 52
56 T PR Tl B ML A A #R 9 T Logistic J7 12, H:
RIIEA N

X(n+1) =pX(n)[1-X(n)] (12)

A (12) . BB u=3.569 946 J5, X i
AT ARG, MEEARMRE .,

TR SSA FE Tz R BREE AL 7= A 1Y FE HLAE 53
A mArEL, WK 3 Fos,

1or * JRUMFEHLEL Chaotic random
hd ° A o0
. ¢ ¢ *
08F s o 3
5 .
.
° [ ]
° L ]
0.6 °® :Q . °
.
. ®
L e
0.4 e o .
S . ° % .. .
[ ]
. I . 1 - L : .
0.2 0.4 0.6 0.8 1.0

3 REKNSHE

Fig.3 Chaotic random distribution
Ve —FI AR ., WIRRhRE M i 1)
MFE R B R B & R R H™ ) Xt
Eb LSSA WIUAFHEEFN SSA W4k FhBE7E 453 FEl N Y
O3A BT (&L 4) WAL, LSSA W1 AG R RETE
[0, 1]DXTaIFE Fl N oA A 80 B8 P 2, 30kt
Wee T A) iy AL PR R PRI s A A0 7 4 v i s

KEERAJLE, St 7k RERE

[0 SSA ¥k i 43 fii SSA initial population distribution
[ LSSA #1ls®h 5045 LSSA initial population distribution

20

¥ Number
=)

[ 1 E

0.2 0.4 0.6 0.8 1.0
76 [l Range
4 LSSA/SSA MBS HEFE
Fig.4 LSSA/SSA initial population
distribution histogram

2) XGBOOST ¥ i B i $2 T+
XGBOOST 75T 2014 4EfH Chen T Q %
P, HEEZ DT TH 2 MRS A e a2



555 1 AT, T LSSA — XGBOOST Bk v A o il £ 25 ok o B T A 2 431

B A E R R BRI, KX ST
AW ZHNRIEAT 5, AT R BUE T
A XGBOOST # #4322 Fil, XGBOOST &7k 7E 4b
PR 2N BT I () @ ) 2 o R AR

XFF XGBOOST 1w, Hfih F2&H 21T
SIS SR, FORITEIT .

i, = B(X,) = ;ﬂf(x,-),ﬂf cF  (13)

X (13) F: F = {f(x) = w,,|(q:R" —
T,w e R") , FFERHEAWIEM2H (CART) ,
Horfr g FRoRW S5, BN ZRAR b i) SR A B8 e S
FIR LR, T FRoRmtgs S, A EIE R
B f S W S5 R DA S AR w, BRILZAN, B
WRETEE E A, BRA W, WL ¢
HRAE S PRZE BB, LUK UL/ INFI T Ry 1)

( x>0?7 )
{ x<1.07 ’

(x:O.SXx:l.l szl'ﬁ )

+1.0 +0.1 -1.0

B 5 XGBOOST #iE4r 773K
Fig.5 XGBOOST tree scoring method

H &5 AT, # Hbr2d 4T [0, 1]
AL, WIBRRE T 2454, AEBR A S T
HHEATAT 4y, MBI 5 (A), Mk A 1.6 I,
AR R R F 1.5 HiEWES N - 1.0,
MiA 0.5 A1 1.1 B, WI4513kE4 1.0 f1o. 1 5
Wy, Az By k2w, DIES A
B, 0.5, 1.1 Fl 1.6 =& s B i A,
A WA 25 A i VP23 23 S ISR AR, 2 P AR
FHAE, W3 DEERAIF 45 2.0, 0.2 Al
-1.9, AT H 0.5 ZEX ] [0, 1] N, 1.1
TEX A%, 1.6 TR ZRIXEZAh, R T
XA EEAR, THETFRA.

L(®) = Xl + X0 (14)

R (14) B0 =T Al L

Ny, 5y 2 (PR RED) 2 AR A R
B, B AR MBS ENT, A7) T AR AR R
AR, e S R
TESiPrisFt, AR Z2C R J0km i fay B 5
NARUEFI, R ERTH R BERE S, T
BT e g, R A IE A

L= il[gm» AR ANIEY

=9,(t - D)I(y,,5"")

b= &= DI )
WEHGFE RS , T 0 5 o AT
i, AN

A (15)

r(Z)
L = +T 16
(9) Z,z yT (16)
=® (16) Hr. ﬁﬁm EMI, b, g M
4%%%&&%@@:M\~M%ﬁi\W%ﬁ
SEAE

BREIE R a5, T A% 45
PR S IR — 2 — R PR, R A 2

AW (R, M), IB2ZIRZ PR
PRI DL R A AR FRIR
1 (zielg <zi51g>
Ly = rul . + £ -
" 2 2 iethi +A 2 ie]Rhi +A
(2 &)’
el B 17
E:E:XJY (17)

A (17) . TRARELAWADLHIEL. I,
MIFFEE

3) LSSA 14k XGBOOST ###!

i PSS TR (XGBOOST) #6747 55
AR AR 285 TR I ) UM 2 — N i ] A A5 A
S RBUER SR, BRI bR B S i
ISR R Z AR o LT 1 R A
2] MﬂMﬂﬁWMﬁM%f%%ﬁﬁW%
%(%kﬁwmﬁﬁ>%MHﬁﬁﬁ(w
BAE) o TR — U RO AR I%ﬂ
W25 5 mmmm&ﬂ%ﬁﬁ BRULR
B, R 15 25 bR OGS T — AR () S0 225 SR R4 T A
A IE, HERATINERBEGEER, &
4t XGBOOST # A e (M IR L | Fe e > R UL K
IR RS 3 T S P BEbLE L, S



432 # Mk

¥

W 545 &

&

FARRRCRTCIEE,, A& XGBOOST 4K
B, (VR SSA BvE X H 3 A EE S HGETT

i 7 T 4R

Program start

v

gt SSA A4~k

Constructing SSA individuals

TR T B AL 7 A4 ) i AL D
i Chaotic random initialization of
populations

!

RS

Group search for excellence

i

No

THF PRI I 1 sl 2k A
UK AR IR B R 2
Is the population fitness or number
of iterations reached
the limit ?

T 4 % A B A 5 8L
Inverse coding for optimas
parameters

T, PBURERIRIE | et R K ik
% (F6) .

¥

¥ # XGBOOST #5571
Building the XGBOOST model

3
o0 2 11 2

Network training

AR EUR A 35 B R 2
Has the number of iterations
reached the limit ?

45 Rk
Result output

!

(RSN
End of program

B 6 SSA-XGBOOST &itimizE
Fig.6 SSA-XGBOOST algorithm flow chart

2 REMISER

2.1 ESD ##EMERER

ESD BdEReng st e 7. K8 fin, KA
ESD Jr kUi 5 WU BdE, IR T 4 R
Bl sl (BPLLeafids f) , ARde TR
KL

FEARICEN Y 314 A o B2 H R - 1R
i RTE - R RS R, B (BT, B
8) WA ALK —hBiR, K9 - (R BT R A
BHIEMHC KR, FEAGATHEK N 219 mm
(*5‘/@% c=2.0mm), e RIEK R 265 mm, I
IIMER R 155 mm; AT R 62 mm (o =0.7
mm) , HARETEH 80 mm, H/MATE 40 mm; F-
AT 199 ¢ (0=59.0 g), AEFE N
370 g, F/AMEBRAL 60 g, FR5H 2 A A 4%
TR VRT3 24 109 g

400 « & JFi & Body mass
i n "
3004 e
g .o .
: quﬁh
dalalyt
2 200/ kil
20 w o JL ' .
I _ﬂﬂ:'
\E . '_l § o
= 100 F 1 - .
0 1 1 1
15 20 25

& /em Body length
B7 #KEREXRERBSE(ESD 5K)
Fig.7 Scatter diagram of body length and
body mass (ESD-excluded)

. SRR E, B8 (A,
Notes: The red dot represented excluded data. The

same as in figure 8.



555 A4S . 3T LSSA — XGBOOST B3 s 1 6 A £ e bk e B TR M A Y 433
40071 R iE Body mass A& it Body mass " .
1 [ 7 Logistic H1Zk Logistic curve L
ol e
% 300( RN g 300
i 1 . - E .
< - Ill | - _E‘
200} o I T &
s Cid )i 2 200
E - i :- " i
= 100} N b . =
: : : 100}
0 - - : 16 18 20 22 24 26
. . &K /em Body length
#5i/em Body width B 10 Logistic &l & # £
B8 fik#E EREXZH = E(ESD HIB) Fig.10 Fitting curve of Logistic function
Fig.8 Scatter diagram of body width and
body mass (ESD-excluded) M5 Body mass
ot N — RN Power function curve,
2.2 HFEHEBPSER cia
221 BHBCEBIIA 25 g 2
1) Gauss 1k ,i
P Gauss LA S RMI K - fhiR X 2 | ,
F, UEHCRWE 9, BAEKEEEEMAXE & .o
5, BRSSPI, sk S g
IRFNE(E, REMTERILIEE Gauss HIZk 100 L
« {AJFi i Body mass " . /
~Gaussll £k Gauss curve —_—
. 16 18 20 22 24 26
300 T MK /em Body length
% - 3 . B 11 FREMEHeE
i Fig.11 Power function fitting curve
3 H
i 200 i 4) Von Bertalanffy 75
U\Bj Von Bertalanffy J5 Ffl& 8RR ANEl 12 FiR
= N SN
® i, RmEm LR W = 0.028077°7
100} R =0.7710 .
; : ' ; ' ' « fRFEHE Body mass
16 8 20 22 24 26 e 11 N
&K /em Body length __ iﬂ?é/% it £& .
H9 Gauss B A L Conventional relation curve e
300 - : .

Fig.9 Gauss function fitting curve
2) Logistic £k
fdiJH Logistic Mk AT o AR Miny A4 | 145

HRAG, WERCRILE 10, AR KB
P, WRERTAAKR, REWE IR S
ﬂ%éﬁo

3) FeREh 2
AR R R, TR R T I 2% 58

R RS R AE SR BT G R S, LAl
EYNERTE

14 5 /g Body mass
o
S
S

100

18 20 22
K /em Body length

E 12 Von Bertalanffy 7572
Fig.12 Von Bertalanffy equation



434 wmo

LU/ $45 %

&

2.2.2 LSSA - XGBOOST HRI A 45

TGS R, ¥ XGBOOST 1Y 3 B HAE N
FRffb & 5 A SSA 7Y, SSA BRI SRk
mr.

fun = @ getObjValue ; % H b5 pREL

dim =3 ;% AL S EA B

Ib= [0.001, 0.001, 0.01];

% RASEHR TR (BRERRE, &’

I, 230%)

ub= [100, 20, 1];

% ALSEHR BRR (RRSER RS, R
PNESES

pop =60 ; % IR B

Max_iteration = 10 ; % fix K EACIREL

params. objective = 'reg; linear’;

VA VEER

PRI IR AL S B E T .

Pop =60 ; % P HE R

Dim =3 ;% AL SH 5K

Seed =0. 5 ;% BIHNE

U=3.8;

% IR FHNZH, u R [3.569 9, 4]

SSA HEMAE N Bl 1% AR vk 2028 1 i £ dn 1
13 itz , B =ATF IR, FEAAR IS A # 7 [,
RIRE Cak B B A& N

0.046 777 64
0.046 777 63
0.046 777 62 -
0.046 777 61 |-

0.046 777 60

FE{H Fitness value

E‘ 0.046 777 59

"7 0.046 777 58

0.046 777 57 a - = ; = o » d
1 2 3 4 5 6 7 8 9 10

AR KB Tterations
B 13 SSABMEEKRERLETH ML
Fig.13 Change curve of SSA group iterative fitness

RS DA | IR TE IS EON Hin A E T
MR, X% i TSR B b & Bl AR
oA L L — S B A T4 S B i, LSSA - XG-
BOOST HBEARILLG B2 7331k 0. 795 56 F11 0. 824 06,
AU T3 A B F AR i (P XS AR

BEABRKET, PIEE R 55 0.944 16, T
MBS B S A B 48L& R X L ULIET 14, 78 100
MEAR SR G IR P EMRY, NERDEH
Frai,

T 45 545 L Comparison of prediction result
R?=0.944 16, RMSE=13.406 9, MSE=179.744 8, RPD=4.232

— Ei fH Trllle valule
B Predicted valug |

350

3000
250 ]
200

150p

H Prediction outcome

+:
=}

100p

2

BRI

500 16 2‘0 36 46 5‘0 66 76 éO 96 100
T AE A Prediction sample
B 14 WNESEZEXE
Fig.14 Comparison between predicted value
and real value

. RMSE M5 MR, MSE ¥ Fik2; RPD
A E A ES
Notes: RMSE is root mean square error; MSE is mean

square error; RPD is the relative percentage difference.

3 SiRSitie

3.1 5#HEzmEER Rtk o
R A R LA AR T, XTIk
e A 7 ST DN e 5 B AR AL L
IR |82 W R i R L B2 R ) il = B A | 29
PERIAL KEEEFRYT, N T2 4 7 4b 3
B UL 1] U5 004 I R A S R Y BB 4
BP thZe W28 4h , Z R ifk BP AR 40 it 1% 5 vk
ik BP (GA - BP) | R FH#EL4k BP (PSO -
BP) ZE#PEALFENHEIA B RE T, XLt
AL L K Z e BP #2225 407 46 1k iR 5
AR AUE . BESEV R SE, N
T A7 202 v BP # 28 R 28 0L &5 K5 . PSO — BP
SRR H UL R SO0 SR, A i e ] ) )
[ BRI 4 % Uk T GA — BP flf& 48 BP'®!, A
YL GE BP #2225 LA K2 PSO — BP 1 22 W 2%
5 LSSA - XGBOOST Bikxf Lk, Z5 R wE 15 pr
N, 1G58 BP WA MEHUEE R 40.8775, KT
#EEAE BP 27 0.910 5, 1A SCHT H LSSA - XG-
BOOST #ERIAHME R EL R 4 0.947 9, LI 15



55 M

ATEMESE . FTF LSSA — XGBOOST Bt Bk il i {4 i £ 1k B B T i A Y 435

R 11 DS BLERCR A1), BP A1 PSO - BP #
LM LA iR 22 B 4 iin Him AR 2, M
LSSA - XGBOOST % £ B #5 %1 1) i I 45 ff FH
shrinkage , Hll 55 0T 45 B A9 52w, DA £
BRIz AR S, MR SR 2R B o 2 12
zsal, AR Ik A BeAk, H WA
D) 2 B 2 T B R A LA S 4 LR R AR ) I
FERYI SR, DTTHE e S B2, T XGBOOST
WA ZER G e R e 4, X i T sk 4
TR A I 25 5 2 v SR e e SO A
S T D DU o CHL T 2% B A A T A B A Ak B
B, BN TRy, HE ) ROR_E 45T
P25 ) 2R AT

400 "350

—*—Eﬁl’g}%ﬂ BP fo
— [ Expec
300 ——PS0-BP orecast ]
250 —#=1.SSA-XGBOOST il i 1.SSA-XGBOOST forecast
\ }
I
|

(98]
W
(=

W
=
(=

Jii H# /g Body mass
. .
S

{ZS

(=
S

0 20 30
FEA T % Sample number
B 15 #EMEEERRITLE
Fig.15 Comparison of neural network
algorithm effects

(=)

3.2 EfkxftE

R AP A RO LN, B iR
7 PIBITURLG B R R A | B, 25Nk
L R WRBCARRMR T B — S 80m A S i
HRHR, WO PR | R A, A
WRR; MM RBIR N DA | K58
WIS E AL G R R, SEE0T A AR 5
PERE R, 455 % BB A 4 28 ) 45 45
RIS ABCF B R (S, Hob i
PRI LSSA — XGBOOST M2tk &2 B =, A%
0.947 9, 5 BP #Z M4 F1 PSO — BP Ak, H
A X% 2% (Mean absolute error, MAE) | 3%
JrRZ (MSE) Fi¥Jraid2s (RMSE) #BA T
REAR, ELRIRZENT AR 2,

F1 7 MMASERIEE RP3TLL

Tab. 1 Comparison of fitting degree R” of 7 fitting models
- AR A . ;
e AR R e 2y
Independent  Dependent 5
Model . . R
variable variable
(LSS LNpigE 0.8225
Gauss
e LNpgss 0.708 5
(ZSS ENpREY 0.7725
Logistic
e LNpigss 0.708 4
AR (LSS UNGiE 0.771 9
Power — exponent 0N . NR Ty 0.709 6
W=al’ (ENIS LNpies 0.771 0
BP R+ Rk5E REE 0.8775
PSO-BP  fRK +#K%  fRFIE 0.910 5
ISSA - XGBOOST &K + &% &KL 0.947 9

#&2 LSSA-XGBOOST &I SHEMEEEETUIRERTLE
Tab.2 Comparison of errors between LSSA -
XGBOOST model and neural network algorithm

A SERMERHEY BITIRE WAL

Model MAE MSE RMSE
BP 13.988 300.1655 17.3253
PSO - BP 13.716 243.0152 16.412 4
LSSA - XGBOOST 9.042 203.533 0 14.266 5

4 Hig

1) ZARSCHE A LSSA — XGBOOST 5 1 ) pe
FARTHR ALY (XGBOOST)  hy L it gk 7 ok F
B 21115 LSSA — XGBOOST AR/ INREA S 45 £
AT H A A G B G e 28 R 4 B B

2) HHEMECEA T L, LSSA - XG-
BOOST BRI A BEAH M REL R (0.947 9) #2
BT 10% ; 5154 BP #i £ M4 Fl PSO - BP
AL, LSSA — XGBOOST H U AH 3¢ 1 B R* 42
T2 3% , H MAE. MSE Fl RMSE =% 22 %
AR AR, ZEARSEINEEARSHRAE g mE LA T
YERF, LSSA — XGBOOST AU F-1% e B 55 7
FHE LR G RRY | BB TR0 = A A i
MR PE AR , 5 SRR R Y
FEAREIEAE , JREE mIRIERENLE R 2Rk RE, K
AR v e A A T A TROORG O iR R R
MR R R B ALY e T S TG R RS



436 A A $45 %
S E LK [13] AR, Fo, mMak. BB A L it
(1] ZRM, SREUN, BB, % SRIRHE RERR T Fe—IL /MUK AR 10 SR - 1k

AP R [J]. ARl TR A4, 2022, 38 HRAR [J]. MR, 1987 (5): 41 -45.
(7): 38 -47. (147 3Ra&A, SR, BN [RLEBORL Y fh 2

[2 ] xIBehs, Yose, 22K, & RT/EYaEy )5k [J]. MzARE, 2010, 35 (S1): 39 -41.
LAY R 2 W B o 450 W A L A O D O R e A [15] il WL FRAH. SE w8 A9 L
[J]. KAZEY)SFAAR, 2021, 45 (2): 237 -249. [J]. A=y, 2021 (12) . 26 -28.

[3 ] whnt, g, U2 EFIRGE B MmmAE (167 sk, HEG, #akld. OPTE AR 65 IR K 48 TR i
AR REROR R GEEE [J]. B AR ™ MR ORI AR GNA [1]. P ERHE
B, 2021 (22): 33 -35. AR, 2020, 21 (19): 49 -51.

[4 ] BRI, W, PMETE, S LT 3 N BOs pf [17] BREE. miEmA T 55, & 8 R A O
LM B S BRI T 058 [J]. hER gi [C] /7 EIgENE Y2, TESY A0
FHE SR, 2020, 22 (2): 91 -100. HKgsrss. HEYAE 0I5 4 2004 AR BE

[5 7 MAEL, WA, BEEAR, . JET Python YA W EI . wP: hEEETEENE (i)
BALBRERTEM IR I g i ()], fm gt Aoy, 2004 77
AHL, 2021 (2): 38 -41. (18] BRB4:, #AEM, mmfs, % SEEA TE

[ 6 ] Mafalda F, Pedro I, Manuel B. Length — weight re- AWFFE [J]. AKF=2E, 1998, 22 (1) 40 -44.
lationships for eight Chondrichthyes from the north — [19] EHES. @i rhG &g B Lms (1]
eastern Atlantic Ocean [ J]. The Egyptian Journal of HEK™, 2001 (3): 59 -60, 53.

Aquatic Research, 2023, 49 (1) 87 -90. [20] BEREoR. WiRERM A SRR AR (1], PEK™,

[ 7 ] Dinh QM, Nguyen T HD, Nguyen — Ngoc L, et al. 2003 (12): 60 -61.

Temporal variation in length — weight relationship, [21] F%, BN, A, 55 R T/EAREEE
growth and condition factor of Acenirogobius viridipunc- BP MMzt [J]. Rl#EARS TR, 2022,
tatus in the Mekong Delta, Viet Nam [J]. Regional 22 (7): 2754 -2760.

Studies in Marine Science, 2022, 55. 102545. [22] ®/RMEE, HAH, kB2, & ETSITTEN

[ 8 ] Shuman L A, Selyukov A G, Nekrasov I S, et al. S R AE R [E)E I ECE LA (1], AR
Data on length — weight and length — length relation- T R2E24R (BB R), 2018, 41 (9):
ships, mean condition factor, and gonadosomatic in- 1284 —1288.
dex of Rutilus rutilus and Perca fluviatilis [ J]. Data [23] Befh, RAGFE, EEF. KEBEHLH R 5 B wiat
in Brief, 2022, 42 108067. BB [T]. W RERIL A

[9 ] Kaka R M, Jung’aJ O, Badamana M, et al. Length #4R, 2018, 30 (4). 137 —143.

— weight relationships of wild penaeid shrimps in Ma- [24] BEEI, WEN. OAMKGKRECRTISTBRHE
lindi — Ungwana Bay: implications to aquaculture de- [J]. KA A, 1999, 23 (4): 330 -336.
velopment in Kenya [J]. The Egyptian Journal of A- [25] Fedgl. — B B A B Re DL AL B R WA 58 5
quatic Research, 2019, 45 (2). 167 -173. M [D]. L. RAEeRE, 2020.

[10] Sepa P, Coello D, Herrera M, et al. Length — [26] B, Hbes, Ky, % RiRERREAR
weight relationship of four deep — sea chondrichthyans LT ]. bR A i R K 2 4 ik, 2021, 47
( Elasmobranchii & Holocephali) in Ecuadorian oce- (8): 1712 -1720.
anic waters [ J]. The Egyptian Journal of Aquatic [27] Chen T Q, Guestrin C. XGBoost: a scalable tree
Research, 2022, 48. 397 —399. boosting system|[ EB/OL]. [2023 =03 —09]. http.://

[11] Najmudeen T M, Zacharia P U, Seetha P K, et al. dl. acm. org/doi/10. 1145/2939672.2939785.

Length — weight relationships of three species of pelagic (28] FHANGE, TREE, XI4RMG, % ETHRAIELMEA
sharks from southeastern Arabian Sea [J]. Regional [l T 22 P 28 AT B A R T [ )], ARABE KR 2F
Studies in Marine Science, 2019, 29. 100647. M CHRBI2ER) , 2022, 48 (3): 93 -100.

[12] e, X, ZRIN, 55, S50 OI0R 2 fafffE [29] XAk, A, HAE. T PSO - BP MZ M 4

iR RECRIR [T]. vEE B, 2020
(10): 11 -12.

IR s SR [J]. 9k TEIR,
2022, 37 (4): 35-41.



555 1 AT, T LSSA — XGBOOST Bk v A o il £ 25 ok o B T A 2 437

Body mass of Seriola dumerili prediction model based on
LSSA - XGBOOST improved algorithm

YU Guoyan'?, ZUO Renyi'”?, YAN Jun'", LUO Yingtong’, ZHU Qiheng’

(1. Guangdong Provincial Laboratory of South Marine Science and Engineering, Zhanjiang 524013, China;
2. School of Mechanical and Power Engineering, Guangdong Ocean University, Zhanjiang 524088, China)

Abstract: In order to build an accurate feeding model using mass judgment and obtain the body mass state of
S. dumerili in real time, this study built a body mass prediction model based on LSSA — XGBOOST algorithm.
Firstly, the data of body length, body width and body mass measured by the culture experiment ship were de-
tected by extreme studentized deviate (ESD) method, and the abnormal points were removed. Secondly, the
chaotic random number generator was used to complete the initial population optimization of the SSA algorithm
to improve its searching ability. The optimized SSA algorithm was used to optimize three parameters of the op-
timal tree depth, the optimal learning rate and the optimal number of iterations of the XGBOOST model. Fi-
nally, the LSSA — XGBOOST model with body length and body width as the input and body mass data as the
output was constructed. The experimental results showed that, compared with the conventional mathematical
model fitting, the LSSA — XGBOOST model fitting correlation coefficient R increased by about 10% . Com-
pared with the traditional BP neural network and PSO particle swarm optimization BP, the error square and R’
were improved by about 3% , and the mean absolute error (MAE) , mean square error (MSE) as well as the
root mean square error ( RMSE) were significantly reduced. It could be seen that LSSA — XGBOOST model
was more accurate for predicting the body mass of small samples of S. dumerili, and the construction of
LSSA - XGBOOST model was greatly significant for users to grasp the growth state of S. dumerili and build ac-
curate feeding model for mass judgment.

Key words: LSSA - XGBOOST; Seriola dumerili; body length; body mass; relationship



