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IriT, HIR BT R R e TSR, SR
Z bR A MR H AR S T SR BRI R AR SR, T AR AR
BHRE .

NT R FiRBk R, AT TR H B 22 R AR T
ATF R MAATe,  $2 H — FhOSUCRAY ik X S, &
BAFERATAES: BT — 5018 8 )5 0 B SRR AS
F Gy AR AW J5 0 RLA R OIRAS . Tl N — 5 e s
XTI R4 MRCIRAS ) H B A A gk = AL, TR MR
BANEIEHRME (stop feeding, SF), B % i & % W &
HFEERNR %o 20 AR IR E 0 B ) RS 1 B
()7 2 b EALH], A BARASN SF, S5 AR
IS A TALS, AR FOR I 7 g A e i N\ JH o) 2% 48
o, DASE G AR ) I B 1) & LA BT RE . HETK
77 AR R T N PR AR U AR v T I AR AR T, TR B AT 9
iR FRIAT 2 2 . CAO PSR 3 F 3 & /ML
[ THE1E¥A ¥ 0 (gated recurrent unit, GRU) iy Fl op
O AREA S E, SEMEREEMNEEE, Wi
T RS-GBRT ¥ 58 & & = 4E TRIWAL Y, A T 0 2
AN A =4 A . GUO 5P S8 1T 3 i 4 4
(principal component analysis, PCA) $& HU 51 K [
i S ) OCHR R 2%, R AR B 3 5075  (pathfinder algori-
thm, PFA) MRALBENT GRU #2480 % 1) e B S K0k AT
Hatk, #) e 3ET PCA-PFA-GRU 1) 20 & Tl A 4,
FHO K 11 R A SR K o B AR . HLES S S AR
RO TH S RE AN BLBR IR 73 RS 0 2, 7215 B2 IR R IR
N RSP R BFRS, O ZRH TR
A FEATIE . XU S A AL A% 5 o) HBOR MBS & b )y
REHE R RAED R F 2B, SR HER 2 80.36%.
JIANG %5261 $5 thy — b 35 1 305 P FEA UL 3 B 4 A5 2 )
/N FE S RS 20 A, HER AR IA 2 88.1%. IXLERL
DGR R 73 K52 it 138 i) SR
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BN (161.47+11.02) . (204.36+£17.09). (220.25+
22.78) g, FREARE AN 224, 301, 294 ). K2
fiys O E Yt 3% P R A R IR 1 AN A, A EE M Z IR
BE N K e H R g, IR A
8:00 Al 17:00, N ARAE K 11 2 6 44 5t & 50408 1) 2 FE 1,
fFSAdAFRE— kMR, KB 1 dRERRE

(body mass, BM), I HF4LE 140 d. 050 45 I =4~

P 77 A T K 1 SR ) AR BTy il A (428.61+15.47) |
(450.71£17.40) . (482.25+20.24 ) g. K At LT
PR A R, DRk, SE SRR IR BRI X B
BEERE (population abundance, PA).
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24 bit) Fl DS-2CD3T47DWD-L &ML (43 #E% N 2 560%
1440 1.3, WiZN 25 Wi/s) [R] 5 3% il 35 £ 5 AR AT o
H oK W 2% 1 /K T 2 ity B Tt 5 B R R AL B, 7
TKELAF 0.3 m, J—dmiliid ML S5 ENLER:, K
A R ZU AT N AT e S IR OK T 28, DRI AE FLANER
GHRT — /MR BT K2R )R 2 J5 3% 3 min
SRR TR B S HE R B R R R AT RO, Tt
SEHLS I BRSO 0 3t H E AK T ek A TR T
R 10 s RS MR, Yok A B AR E HOQ 1 B 15 &
AT NL IR ST R R4 SR, 5 S K T 2%
WK O RS R B B, SBR[
it sk i1 MDS-H11ISHP10-L05 /K i A% B 2% (IR Vu A
0~60 ‘C, ##E N 0.1 °C, FHHEN0.1°C) M ID-GZ
IR AL S (BN 0~157 286 Ix, FEHIFELT 3%)
WM F 7K (water temperature, WT) 56 HE5RE (light
intensity, LI o A SCRF HLEC F M 55 K 11 2R 65 50 o &= (1)
LU A i 44 N FR R R % (per-round feeding rate, PFR) .
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Fig.1 Schematic diagram of fish feeding audio and video
information collection system
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Table 1 Grading of fish feeding intensity
JARAK T SR TN RS
evel of feeding . . .

behavior Fish feeding behavior Dataset category
3% Strong R R HIZ 36 R CF
1 Medium BRI IR E SN2 B3 a

55 Weak 13 U BT AR Js 8 SF

JE None R R R

1.3 SInFatE
13.1 % =
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1) RS 5 y(0) R EEE 5 x(0) FIE S n(n) 4%
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20 I e ELI AR
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B 5> 1

PRI B
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s

A
R
TAAEE
HEZES

RIRBEE A%
[ 17 Ay A% 2 B

TR [A] «
di)>2's
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E=35i B
= D 5 S (1 S )

B : T=300
i 150 E=0

o

R A

i

W T=300 AWIEHBME, @ RRRET BRG], ERRBRm .
Note: 7 = 300 is the initial threshold, and i denotes the index of the extracted
fragment, E denotes the feeding endpoint.

B2 BRFALEANEEAER

Fig.2 Flow chart of feeding audio endpoint detection algorithm

AHIEFEAE I BNAS B 38 S R E 23 B 520 B H S
TG 8% e BUEATRER T, DLSEIL & v ARG
Bk GRS BT R BB R AT R, REZIEE
IOV SR B AE R &G s 7 AR R 2B . BT XY
KR, ARELS IS % LLEPY 1R
HEHL 300 V2 1R A6 7 1 1
15 HEFFEER

PR ATEA SO, T BN (power, PW).
IZR (zero-crossingrate, ZCR). TP (mean spectral
entropy, MSE) 3 MHIESHEEH EMBEHK (P<
0.001) . XLERFERIETRBER A EHE SRR R,
REfs A AR 5 VBRI . PW BRIEEHIE SRR
SHPEE RV INY SERFAE 3 I B U 5 R 1P O BB B
ZCR R FAEEIUE T AR R EERE, WYE Tk
TEAE SALIN () N 2 o 2 P 08 MSE RAIEA {5 5
B RE B O3 AT SI I AR LR B J SR, RAEE S IE
. PW. ZCR. MSE HJit5H a1 (12) ~ (14) Fis:

N-1

D 6w

t=0

N, a2

PW =

FHE T OO 3t ) K 1 B 45 M S e 387
Ni-1
ZCR =5 Z lsgn[x()]—sgn[x(t—1)]]  (13)
N /2
= > P (W)log,[P, (1]
h=0

MSE = a4

N,

b () REHUE SR « MRS N ONEREEG

sgn[x(r>]={ e PR A A

Ay R TR

FHRPE TR B, 3 AN RFAE Z A7 E A 2 35 A
K (P<0.001) (K 2). =AM EHAE A
MANS SR E IR, SR R g
AR E AN ERE, WmEERRZEE . A
fRRIX — ] B, AHF7TRH PCA BHATHERR4E, 53]/
BHAMKR TR E BRI . XA B
BOE R THRMERITUARE B, RN KRR AR B T R
GEEHE (78 SARFAIE, AT B T ASE 2R P R e 0 T 2K e

*=2 BREHEHEXMEST

Table 2 Correlation analysis between feeding features
RHIE S8

Feature Parameter ZCR MSE
r —0.653%** 0.784%**
PW P <0.001 <0.001
r —0.759%***
ZCR P <0.001
T AR REG PR REIN B MK o RIRAE 0.001 KF 1
BEMK.

Note: r is the correlation coefficient and P is the significance probability level of the
correlation coefficient; ***indicate significant at 0.001 level.

TR RN 3 . R 3 W LUE L, 2R
A ERARFEE R T 1, HA R 77 Z DTk Rk B
82.166%, FHAx 3y IFFIEAE IS AN T 56— A R
FROEME, DA, AR¥E Kaiser #ENIEHCEE — A 3 AR S
At IR T ZE SRR G 4R A VP A T
SIREFFE Coverall feeding feature, OFF), Wiz (15)
s o

OFF = 0.82166 % (0.363X, —0.359X, + 0.380X;)  (15)
X, ~ XK PW. ZCR. MSE HIARAESY .
T3 ERSPHER

Table 3  Principal component analysis results

S %ix A R ZE TR RSy BB R
Number of Eiéenva]ue Cumulative variance Component coefficient matrix
components contribution/% X, X, X5

1 2.460 82.166 0.363 —0.359 0.380
2 0.349 93.789 1.125 1.261 0.115
3 0.191 100.000 -1.119 0.829 1.851

E: X,~X; N PW. ZCR. MSE fIArHES .
Note: X,-X; are PW, ZCR, MSE standard scores.

2 EENE

2.1 HIETACIE

TSI 86 W BRI 7 A B H . 3k 1302 A4 .
FHEBIEEET BM. PA. PFR. WT. LI. OFF Fl4m
W& H—A B T o< sk B W SIoE B, By 1k
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ZeE I GRIT R P BRSSO 2R, A
FARAR (160 PV A KR I — LB % [0, 1778
B Y

Xi = Xmin

X = (16>

1

Xmax ~ Xmin

P N RIEEAE X F X0 20 ) N SR 06 B804 TP R B K
EA B /IME, X AE— 2 J5 B .
22 SEEHERFEE

T I R OR O B B EOIR S BUR AR =, A
FU B A HE T+ U S8 (gradient boosting decision tree,
GBDT) FIBEHLARMR (random forest, RF) BEATHFEGHLEL,
KRR B T N IR B 5k, Retp 4 Gy
Yk 72 A s PP R R 2% . Bl ZRid#2 9+, GBDT
Ae H 30T SRR ) BB, AT SEEIG OC B RRAIE 1 0
HECH T 3 G AU — A V2 S U PR R (O B AR
IF) B 6T B AN [R] 5925 4 O 1 B B 55 PR A U RR I 1) &5
B, M RF BEIEGRHEREAT ik . RF @I i) i 2 PRk
FW R LS R, I FRRAEAE A1 R 25 2L (A Al
YD AT AT A 2 B, S ML SR AR AR AR B AL
FERIHLHIE B T PG 0E XURS, I Be A € Hh i/ ik o
BAFE
23 EWIRRESTNEE

AT T Tk T I ) 21 45 MROBR A T A A
FH T8 K 0 B 6 () 4 M b YU T — & 45 B S 6 L )
MERAS o XA AR g U 2 7 F X0 DR 1 2 o 5 R 3
W& 8 — P BB A, AR A Nl R B E AL . A
T 58 53 I — 4G B & N 46 (1D convolutional neural
network, 1D-CNN) . K212 %% (long short-term
memory, LSTM). GRU. Transformer #& %Y i 47 g i3k DA
Fey BSCE T I T8] PP 1 B P MR A FIOI AR A, i a4 Fof
FE T 8] 7 271 1) 45 MEODR 2 TOU DN A M R VR, HX
K B RS 0 S AR TR B A, X SR Y 5 &%
FhEE R R B HLH], AH AT B T2 B3E A AAR
Ttk
2.3.1 AT F 7] e 8RR S TURAR R

FE T B 1) 5 510 15 MRODR T A5 28 4045 1D-CNN-
RC. LSTM-RC. GRU-RC #1 Transformer-RC, iX#&4#i%]
Al T B P RS U Z AT S B AL B 8 5. |
= Fh o RAEAL > HILL ID-CNN. LSTM F1 GRU A5 HE
HU 2, MESCHE £ H 4 BUAH DGR AE . Transformer-RC LA
A AL E 2T B Transformer 2% 23 4F N 4FAE TR B
%%, ML EIDER & TR IR K R ¢ R IV RE ST,
MNTITSEBL T 58 A R I (AR AR R 7 o X AR 2R 388 17 [
HZEMGRZ, EHEERERNELZ, BRI R
Webs 2 H bR 4E R 2 2 KL (multilayer perceptron,
MLP) {E MBI r 282 (B 3D o ARHIFFo 4 A Y
ZRRE A0 3 1 b K (5] U512 0 it RRAE 5 A6 ) R AR AT
BHEE, TE N RZ %N o IX P 2] (1) e 1 X S 2%
FETE T BRI RAR M RE RN SR KR

P I¥) 7 1

Time windows

« & b \,$,
ARFAIE SR A 2%

Feature extraction network

it
Output

,H[l!ﬂ o N

Regression Classification
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B3 AT EFF QBRFRES TR ER
Fig.3 Framework of a time series-based feeding status prediction
model

232 4HFAERIRM %

1D-CNN #2& & ] T b 38— 45 17 ) B0 308 i TR i 2 5
MR, FEABMAEERE .. BORREE. 24
HEREPY (B 4) o AW A B 1D-CNN R 2% i
BB RR R G NEIE N 5, s TE 5 oA 128
256, HBRZIIAN 3, HAEAN D, BEBEBSIKKE
BEHtIA—1k. ReLU Al Dropout (¥ & N 02), PAHEHEL
FE AR AE FE AN H I LA, SR O (8 N 34k

RSN

Convolutional block

Poolingl CNN 2

______________________________________________________

B 4 JF ID-CNN #94AE42 IR 2
Fig4 1D-CNN-based feature extraction network

LSTM & —FREFR PRI 4 N 2% (recurrent neural
network, RNND, B8 &% 2] ¢ 41 £ Hh i) 3 56 1
MR L, S R BRI AT 55 1 2 e 07 0
SEAR o [T AL 4 S B R, RS R B Bl
BIEERE. ZNEMEEHEBEETT. BT ]
WA S, AT T AW 250 820 1 4 2 1 R
HENWAFE T B TR T 2 75 B35t 0 | — 1> B[]
HINAE; S TR TR 1 B 20 B N A AR s g
Ja—AIFEE . LSTM B 45 K4 70 VF B $5I 5 Ak 2E 2
i, IEAEBEAS IS 8] 20 5 N IR A o 1K ML ) A
LSTM RBef% F SR XTI 8] 73 51 £ 4 w1 ek 18] 4936 5% Sk
ITEBL . LSTM B 40 OIRASFAT T4 ML, R VFEE BEAE
K B 20 AR e i, B fE 48 RINN FRB6 B2V S A A

Pooling2 ! FC
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A, LSTM fE/NEHE . S R GE 5537 5tk B A
fH. AHEFAEA B LSTM P25 DL 5 48/ 51 8N, &
HEPJZE 64 HITHT LSTM $2HUN FPRF AL, I [R5 1)
BRI 9 B ZHN o

itz
Memory
Cei

AT

Input gate

fiigicts

Candidate memory

AT
| Forget gate
! F,

il
Output

gate
Bk A

|
!
Hidden -
state .. (

Hyy

Z

W Coy A C, 23 5 b — I [0 A i ()28 (22 40, 6, 2 24 i A
SARIEICIZ AL, o N sigmoid FIE BRAL, tanh XU IEVIBUE BREL H,
A0 H, 5359029 b I 622 A0 2 i )28 (R REGBOIR S, 2, A2 ai a2 RN
F LAV O, 5 9 STTR R BR T BN T IR 1% . TR
Note: C,.; and C, are the memory cells of the previous and current time steps,
respectively; ¢, is the candidate memory cell; o denotes the sigmoid activation
function; tanh denotes the hyperbolic tangent activation function; H,, and H, are
the hidden states of the previous and current time steps, respectively; z, is the
current input; F,, I, and O, are the outputs of the forget gate, input gate, and
output gate at the current time step, respectively. Same below.

A5 AT LSTM #94F BRI 2
Fig.5 LSTM-based feature extraction network

GRU & —# RNN, 5 7£ 43 5 5 54 . GRU 1£
LSTM (¥ 50l it AT 7 ik, i 14 8ua fa ¢
A HOIRS S BREARES, S T EE TSR, AR
B LA PR K R R S . %A A A B B R )
BHME RRRs (B 6). BEETTHE T Wk 5 i
MNE B SR PCIZAHEE A BT T T80 87— Z)
PRESAE BT AN B AR R . BRI T4 ML
] B R T AR50 RNN 1718 [0 86 B V1 2 R 5 428 G 1)
FPY . GRU HIBEE H R AE R SRR F, PG
HErrEee, SH T Z RSB S . AHE S BT AT
F) GRU M2 DL 5 4k 7 58I, 42 64 HIGH]
GRU $EHUET FPHRFAE, B i B )20 (1) BeoRc R A AR S R A 2
HIN o

Zl

e o REEIRL, u RTHTTRRL, A g2 w0 (8] 25 15 2 R
R )
Note: 7, is the output of the reset gate, u, is the output of the update gate, and /i
is the candidate hidden state at the current time step.

B 6 AT GRU #94FFESRIX M 2
Fig.6 GRU-based feature extraction network
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Note: N, represents the stacking depth of the encoder.
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Fig.7 Transformer-based feature extraction network
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ATHEM RN 53 LSRR A2, B BRI TR, RS Ab
PR VERRE, (B S KA G SVM i S T4 i
Mo T T e KA 2 2R AT RG, JUHOE A m 4E AN A E 4
St PR LA A R e, (HItEE R,

RF. adaBoost. GBDT. XGBoost Al LightGBM #f
JBTEEREE 217, A EAT TR O BRI AR AL SR AN 7]
EF AR T Bagging ISRV T Boosting
FIER 7. RF &3ET Bagging HISENE > Jik, @il
Bootstrap L FURHIE T SR IE AL 2 2 AL I SR B &
IR FH 5 52 5T 3 ML kAT A 28 TN, AdaBoost.
GBDT. XGBoost 1 LightGBM & 3£ T Boosting ] £ i
J71%. AdaBoost I8 T H i&E NI HEREARRE SR R EIR K
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Fig.8 Schematic of modelling process
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Fig.9 Results of importance ranking of features using two
algorithms

N T B T BT AR 1) 43 AR B TE B AR R (R,
B Es I RS B2 4, N LU I JR GG RAE 2 ST I
MBS RBA, B BURRFAE (BB PA) &L
GBDT /7 5 [ IGAE SEHERA R . FEHR . HEIRA F1
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RRAE 2 571K RFE 20 8 A8 [ 36 F SR HE B R . KSR . A
[ A F1 805 7 EFHT 04%. 0.5%. 1.6%- 0.5%.
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Transformer- RC. LSTM- RC. 1D-CNN- RC. GRU-RC,
{HiZ A % H K 1D-CNN- RC A1 GRU- RC 7£ SF 285 |-
PIRERAZE. HIEIZA F1 5 BAFEART 0.90 MITEML: 4
BF ) B 10 2 IF, Transformer- RC #8551 22 &P e &

FoAR PP, (HAZB & R 4 FEATE SF 285 B
Rt 26 A0 F1 2 BB A2 /AR T 0.90 I 5L 4 a] &
K3, 4R AR SR G Ve e B RIS HE T
Transformer- RC. GRU- RC. LSTM- RC/1D-CNN-RC.

CF SF CF SF

b. BUBRHE
b. Sensitive features

a. JEIRRFE
a. Original features
B 10 A28 AAF AR A 6 MK 28 RO A 4E 15
Fig.10 Confusion matrix of the test results of feeding status using
two features

®4 KOBRRIRTE S LD TRIMNFERRE S A M EE
e
Table 4 Classification performance of models with different input
features for Micropterus salmoides feeding status classification

R i NRFALE BRRES HERER RTRE GRER F1 8
Model Input features Feeding status Accuracy Precision Recall — F1

- CF 096 098 097
o m”ﬁff SF 09617 996 091 093
GBDT riginal teatures Mean 09617 096 0945 0.95
_ CF 098 098 098

BURRHE 0.969 3
X SF 095 095 0.95
Sensitive features — n\roon 09693 0965 0965  0.97
P CF 097 097 097
o m”ﬁf{f SF 09579 993 092 093
RE riginal features Mean 0.9579 095 0945 0.95
PR CF 098 097 097
FURRSE SF 09617 993 095 094

Sensitive features oo 09617 096 096 0.96

2¢ ETik, Transformer- RC 7E 1~3 W [8] & 1 R [
FKIIIEAR, ATHEJE AN Transformer P #1537 LI
Re A R PEA R B 2 (R B AR OC R, B 47 Hh L i
B N 1 ol = S O O <l O D YA 32 S |
R, AREZEAF1 5805558 094, 0.935. 0.93. 0.935;
2 IF [B) B 6 RSP HERR 2 . KSR EE . H RIEA FL 4
By 0.93. 0.92. 0.94. 0.93; 3 If[a] & 16 B ) F
PR . R, BRERA FL 28050 5108 0.94. 0.94,
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0.94. 0.94. XLMFEFEFR R B, Transformer- RC % 84
A DL RN — 501 B 5 X B PR ROIRES

AN, 4 FHFEFRAE Transformer- RC %Y AN [&] i a] &
FUR M 2i AR IUL BN 2UEHE T e 3 RS 1 >1 B
()% 1 >2 BB & . Rk, FESEBRRA A, 43R
<3 W, KA 1B R E DALEAE 92— B B RR A Tl
DR AL, PR R =3 #0 0, SR 3 I JA) i R AR A
R B B MRRAS TR RS, DAFE TH 35 MELIR 25 TR0 (1)
R SRR e .

x5 AHEEOEEIMRIRRE S LR BRI
Table 5 Impact of time window selection on feeding status
classification models

WA T R

TZEMTT 2, Wt T AT AE S . Bk E, 5
PhEE R IR B I I RE IR T 3 PR A, P38 vER
K,OEWE. BREMFSHEIET 095, Hh
LightGBM )73 S P RS AR T 3L 4 4 FhBE A, P2 HEf
R, ORE#R . A RIEM FLE0 50N 098, 0.965.
0.98 1 0.97.

®o J\FHLERE SRR RE

Table 6 Performance of 8 ML classification models

pam W S e i REE R
Model 1me eeding Accuracy Precision Recall — Fl1
window status
CF 0.93 0.94 0.97 0.95
1 SF ’ 0.93 0.86 0.89
Mean 0.93 0.935 0.915 0.92
CF 0.92 0.96 0.91 0.94
ID-CNN-RC 2 SF ’ 0.85 0.94 0.89
Mean 0.92 0.905 0.925 0915
CF 0.93 0.94 0.94 0.94
3 SF : 0.90 091 091
Mean 0.93 0.92 0.925 0.925
CF 0.93 0.95 0.95 0.95
1 SF : 0.90 0.90 0.90
Mean 0.93 0.925 0.925 0.925
CF 0.92 0.96 0.93 0.94
LSTM-RC 2 SF : 0.87 0.92 0.89
Mean 0.92 0915 0925 0915
CF 0.93 0.94 0.94 0.94
3 SF : 0.90 091 091
Mean 0.93 0.92 0.925 0.925
CF 0.93 0.96 0.94 0.95
1 SF : 0.88 091 0.89
Mean 0.93 0.92 0925 0.92
CF 0.92 0.97 091 0.94
GRU-RC 2 SF : 0.85 0.95 0.90
Mean 0.92 0.91 0.93 0.92
CF 0.93 0.96 0.93 0.94
3 SF ’ 0.90 0.91 091
Mean 0.93 0.93 092  0.925
CF 0.95 0.96 0.96
1 SF 0.94 0.92 0.90 0.91
Mean 0.94 0.935 093  0.935
CF 0.93 0.97 0.93 0.95
Transformer- RC 2 SF : 0.87 0.95 0.91
Mean 0.93 0.92 0.94 0.93
CF 0.94 096 0.94 0.95
3 SF ’ 0.92 0.94 0.93

Mean 0.94 0.94 0.94 0.94

3.3 DEAERIEMERELLE

ARG R MR, AR F1 3504 R
M IRARELEE 8 Fh ML 43 REERI I MERE (R 6) . 8 Ffsi Ay
TEZI) SF LI 4r HKVERE YR T 200 CF, X Fh ke 2 7
AT Be BRI 200 A A AP A DG RIS B AR 25071
SF L4» e 82, KNN 762859 SF b HHS i = A
F1 3 3035/6F 090, DT 7225 SF Lk sR. A%
AFL 5035/ F 0,900 XFFACPE I EIESE, HEi)
BRI S R 3 . R R IR RAE S SF R4y
FMkre 50 CF 2 Ffm i/, H 5 Fhe iy 2 i
TEPFP 28] 18 70 SR PE BE AR BT o X 2 DR D 4R A R I
A Z A GBI TGS B, A RUBRAR T B — AR

Y BIRRZE TR ki ARE R
Model Feeding status ~ Accuracy  Precision  Recall F1
CF 0.93 0.96 0.94 0.95
KNN SF ' 0.86 0.90 0.88
Mean 0.93 0.92 0.92 0.915
CF 0.93 0.95 0.95 0.95
DT SF ' 0.88 0.88 0.88
Mean 0.93 0.92 0.92 0.92
CF 0.95 0.96 0.97 0.96
SVM SF ' 0.92 0.91 0.92
Mean 0.95 0.94 0.94 0.94
CF 0.96 0.98 0.97 0.97
RF SF ' 0.93 0.95 0.94
Mean 0.96 0.955 0.96 0.955
CF 0.97 0.98 0.97 0.98
AdaBoost SF ' 0.94 0.96 0.95
Mean 0.97 0.96 0.965 0.965
CF 0.97 0.98 0.98 0.98
GBDT SF ' 0.95 0.95 0.95
Mean 0.97 0.965 0.965 0.965
CF 0.97 0.99 0.97 0.98
XGBoost SF ' 0.94 0.97 0.96
Mean 0.97 0.965 0.97 0.97
CF 0.98 0.99 0.97 0.98
LightGBM SF ' 0.94 0.99 0.96
Mean 0.98 0.965 0.98 0.97
LhE A FRVFA SRS, ABTFUIEI LightGBM BIALE
DRI R PR PRSI B — B BUR ORI Y

34 KOEBHIVKRTIRALER

At — ¥4l Transformer- RC 1 LightGBM £5 7 ff)
g 7y, fEMIEETR RS R (B 1D IR 78RR,
A 321 HAHE . RIS A 1.1 TR 7 ik
#AT. A RET, FP3RIBM, PFR. WT. LI Al
BAEE . FH BhAES B N R 5 B 5 VE R A I e
AR OR T R A e A, B TR AU B B S AR AR i
AT E R 73 kB OFF

B 11 *EEKEL

Fig.11 Pond-based captive system

mE 7 ron, AW E K Transformer-RC A
LightGBM BEAUFE 321 H A4 BRI R4 1) F i 5
rRVERE. EPIFREEMEIRAS TN, DB 48 bR 1 251


http://www.tcsae.org

12 W

PRV EAE TR R B 2 K DR MR SR 393

BAMET 0.89, R WIPT iy @B BA BRI Z g
SRR, IR h AR f AR VR RIS B T
B, gU LR D AT e 9 S B IR BE A B R AT B 5 1) 2 AR 1k
TR R S IR AT R B A Al LA E R
MR R BE P A T — S8 S
%7 BEERERRDHER
Table 7 Results of the model in the validation experiment

fA] MRS
izl %0 Feeding #ERIZR B

AEE  F1 5%

Model Time status Accuracy Precision Recall Fl
window
CF 0.92 0.91 0.97 0.94
1 SF ’ 0.94 0.81 0.87
Transformer- Mean 0.92 0.925 0.89 0.91
RC CF 0.90 0.92 0.90 0.91
3 SF ’ 0.88 0.90 0.89
Mean 0.90 0.90 0.90 0.90
CF 0.95 0.98 0.94 0.96
LightGBM - SF ’ 0.88 0.96 0.92
Mean 0.95 0.93 0.95 0.94

3.5 iRMRXTEEIREE

AHEFTHE T — PSS R AR SRS, X g
ST B AT, R — B B i T A A ) SRS
FHUMASE R YR A FO0 T — R0 4% 8 5 X MR ROIR A, T
il A IR EE AL B S HENGE BB, i R A 4 2R
BERY SR AN A AR A% 6 5 X N OIRAS, H T & b
BLE, SCEL SRS E A M . FE B BEAL B, OO AL gk X
5 M TR S 5 AN TR R A A S P AL R SR A B B AR 4 s
DLAE g o 28 RO BE MR TR S A Y, A R o £ A R 114 [] i S
Re /IR B 2 . R SRR P s AT IR AR W ] 12 P,
T2 Ry 8 S R GRDRL 5 SRARAL A A A I 4R MR M, B
JE R BN IRTRE . EVIIR IR B, RAL G R
BRSNS RFATLRE IR, 400 2 BB
AR 2R, TS SRR — R R B
IRy “SE” I, #ENRCERRIEHS . 72 )5 22 4%
R B, Radia B E SRS R Rt
CREVLUR, 4 R HIS R B 2 A ECH ) 45 R BoR AR
TS B RAS Y “SE” I & 4R

IS UE PR RS S PR R, A FUAE S AR bR
224 RIS FIPE IR K R G T R T K 1 B ff 5 M6
P o a6 9 ot RS PR K 11 S i T e MR g K
55, BERRURE S B R ARG . WIS iR S AR
IF, B IIBENLHIEL 30% BRI B G5T3EAT L E, JF
THESF M. BRI IR, 100 2H 35 R A SO # R ok 3R
AT, N HRZCR A AR A, B SRS AR AR A
TEWWE. BRIREERAFES, &IFRGEMH % FREE
IR FF—3, N TIZEHR U FREM SRR .

9 VEAG A [\ % M7 xR 1 B ( Micropterus
salmoides) KR BL I 52w, ik BUH B R # (feed
conversion ratio, FCR) . 4 # % ( weight gain ratio,
WGR) FlfFE K% (specific growth rate, SGR) {EH
i B K 1 R A AR KRB E BV EA FR AR . Ho, FCR R
AL BM K FTiE R IR R, T S B DR AL
Rz, HAUEBAS, UiBRRR AR S . WGR &

INAE— B TR P R S R R I K A Lk, TR
B B A0 R B A NS VL. SGRFH T e AE B A7 It ) py 21
KRR ARG, HEEBOS, R0 BALE (A A AMA A K
R, FCR. WGR Al SGR i+ 5 772 43 5 i =X
21) ~ (23) fimw.

F
FCR = QD

M, - M,

M,—M
WGR = —=——1 x100% (22)
1
InM, —InM

SGR = 22~ o 100% (23)

1
Reft F R SRR, ke M, M, 4RI F
KRB0 T B AT SR 1 B B M kes
HIFFH, do

UG ARETY

[ PATEPRF R }

e
m=0.2M,
g !

[ TR ] [ SR TR }
: :

[ e ] [ MMyt

m=0.2M,

[ PRSI K }

[ PEEDIRA T ]

T My AFISHIREL, MOgRIRREE, m AR,
Note: M, represents the theoretical feeding amount, M represents the cumulative
feeding amount, and m represents the per-round feeding amount.
A 12 #RAREFAER
Fig.12 Flow chart of the feeding decision

AN]SR 5T O O R e ) AR K S Nk 8 BT,
SRR, X T/NEIMs L, SXTIRAEEL, IR
WGR Fl SGR 43 | BFAK T 17.84% 1 16.67%, [FI FCR
WL T 41.35%. XA RES UG BM Z 5 H K, (£
HEHFERZ&MHT, EIEREBRA, WGR Fl SGR ik
INo T RS, SxFIRAAMLEL, W40 FCR B



394 flk TR (http:/www.tcsae.org)

2026 F

T 40.42%, [AIF WGR F1 SGR 23 Wl 4% =5 T 28.13% A
26.92%, L LRTIR, A FUAE A A B U S LE A [R) R
K B A SR B o R P A R B B A B ROR, RERSAE
BRI R R B R SR =R A Kt RE, AR
1y SR o F A B S 4T3 T

#z 8 FMIEREATRKOBHHEKSH

Table 8 Performance of fish growth for two feeding model

MR Bl

Size Mode Number//E M,/kg M,/kg F/kg FCR WGR/% SGR/%

AR R 8.16 9.82 3.92 237 2029 1.32
Sm%l;:lze sl 80 051 1226 243 139 1667 110
Kt R 16.58 17.83 2.99 240 7.50  0.52
Larfgul::‘ze Woer % 1733 1899 238 143 961 0.66

VE: MBI REL (feed conversion ratio, FCR) . H{E % (weight gain ratio, WGR)
FlRFE A K% (specific growth rate, SGR), F il 36 Hila] (f i, kg
My T My 53 IR BRI TT 4R A S5 SRR K 1 SR S T S P, kg

Note: F is the total feed amount during the experiment, kg; M, and M, represent the
total mass of the largemouth bass population at the beginning and of the feeding
trial, kg, respectively.

4 ¥ ®

AR CHEH 7 B A SEBELIMOK T IR RGN K
1S PR RS, 12 VR 4 A DR S SR AT AR TR R
BRSNS, SIS RBRRE, ZPELERE
. HEZ T, HENERET RN ETFEE S
%, BAEERRR SRS MA U 521 TFFormer
BRLE B REE EAT A FALSS S T 91.52% [HERG 2
UBINA 25U 5 b 4 28 5 AN IR B AR & 4%, 43 3
F AL RN F 2K A R A, AR R R v A R A B
95%; CAT 2V 32 0 7 50 4825 WA AT NI B BOHE 22,
TER /PR SERIT AR, #EHRISE] T 83.33%:;
ZENG 2522 5@ 3 ot J5 1) ASST P28 523 1 1028 08 B0 47
NI R, ERRIEE] T 96.16%. XS 3E F 1)
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Dual-model progressive feeding strategy for Micropterus salmoides

LI Yaping , TAN Hequn™ , CHEN Yifan , ZHANG Yiren

(1. College of Engineering, Huazhong Agricultural University, Wuhan 430070, China; 2. The Key Laboratory of Aquaculture Facilities
Engineering, Ministry of Agriculture and Rural Affairs, Wuhan 430070, China)

Abstract: Accurately adjusting the feeding intake is often required in pond aquaculture of Micropterus salmoides. In this study,
a dual-model progressive feeding strategy was proposed to accurately forecast the postprandial feeding status of the subsequent
round using a time series model. The decrement mechanism was first triggered. Subsequently, a classification model was
utilized to determine the postprandial feeding status of the current round, enabling the termination of the decrement mechanism.
The experimental system consisted of three pond culture tanks stocked with Micropterus salmoides, with initial body masses of
(161.47£11.02) , (204.36+£17.09) , and (220.25+22.78) g, and the stocking densities of 224, 301, and 294 individuals,
respectively. Feeding experiments were conducted using a multi-round feeding protocol within a single session. Audio data was
collected during feeding using the digital hydrophone, while video data was obtained using a camera. Meanwhile, multimodal
data including light intensity, water temperature, body mass, per-round feeding rate, and population abundance were
synchronously recorded for per-round feeding. The stabilization of the cumulative feeding energy curve was adopted to
determine feeding termination. A dynamic adaptive threshold segmentation was employed to accurately identify the feeding
audio within the collected audio. Principal component analysis was conducted on the feeding features to extract from the
feeding audio. Feature selection was employed to identify sensitive features to feeding status, which served as the inputs for
model training and classification. Four models 1D convolutional neural network, Long short-term memory, gated recurrent
unit, and transformer were improved to construct the feeding prediction models with time series. The optimal model was
selected to predict the postprandial feeding status of the subsequent round, serving as the first-stage model of feeding strategy.
Eight models k-Nearest Neighbors, decision tree, support vector machine, random forests, adaBoost, gradient boosting decision
trees, extreme gradient boosting, and light gradient boosting machine (LightGBM) were employed to construct feeding status
classification models. The best classification performance was selected as the feeding determination model in the second stage.
Results showed that the sensitive features included overall features, light intensity, water temperature, body mass, and per-
round feeding rate. A classification between the original and sensitive features demonstrated the effectiveness of the sensitive
features, according to gradient boosting decision trees and random forests models. Transformer-regression-classification
(transformer-RC) model outperformed the rest of the models across 1 to 3-time windows, with the accuracy from 0.93 to 0.94.
The Transformer-RC model effectively predicted the postprandial feeding status of the subsequent round. All five ensemble
models achieved strong classification, which outperformed the three base models. Among them, the LightGBM model achieved
an accuracy of 0.98 for inputs to the classification model of feeding status in the second stage of the feeding strategy. Both the
Transformer-RC and LightGBM models shared high prediction and classification after validation, with average values of four
evaluation metrics exceeding 0.89 under both feeding states, indicating strong generalization. This finding can provide a strong
reference to develop intelligent feeding.

Keywords: aquaculture; Micropterus salmoides; precision feeding; dual-model; feeding status
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