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Fig. 1 Dynamic weighing system model

T B AR ER A3 00 T R

(M(t)+mli+ci+kx=[M@)+mlg (1)
A em NI kg M (¢) A ERHTUR  kgs k
HIFRE RGN BE , Nis ;¢ PR RS 5BH 2
G ASHR A A &, m; g N H )N
& m/s?.

1 2 (1) AT, BT ST 5 AR, R
[T B AN D, MR PR R G — AR Y

PN
Xie-1= Xy

Xio1 =%, +|: (”+K)Pk71:|

Xi =%, — [/(n + K)Pk,]:|

FERE B I (EAE W, R Z2BUE W,

0 _ K
T n+k
o_ K 2
W=t s (1+p-a) (1)
W’;:Wj: K 1= 0
2(n + k)

Ak BT F k= (n, + B) — n,a NG
K, o el0, 1], —MBEAR /N IERL, Bla = 1 x
107, B IR G L K+, U 5 78 5 i 8 H A G,
BIEH 0.

http://www.shhydxxb.com

FELMERG ., 2z =x=nx,z=0=0x,, M(1) +

m=a,[M(t)+mlg=u, (1)K HEE
AR RS A T Tk 2

x=Ax+Bu (2)

z=Cx (3)

. 0 0 1
Iﬁ#ﬁx=[?}x=[?}3,={1}Al{_k _c}
a a a
z=[z],C=[1 0]

7 P AU ) AN WE A DL R 00 o R v g e
T, X (2) L (3) Bl Ak A BES H R A 2 (]
TR

= + +
LW
K :A=1-TA,,B=TB, H=C,w o535k
ER e el oo
1.2 #r#ESTUKF &%
— AR RGN
{xk =f(x,_,)+w,_,
z, = h(x,) + v,
Ao, Bz, Ry 53 B A RS 1) i 5 i ) i, ()
FRC) 73 5 A AR LA RS pR AR 2 DU PR, 0, Fil o,
G390 R R GE MR I MRS

W k-1 B Z RS AT E A &, 228
P, R OB R AN 15 3 2n+1 >R AR
R THEAR IR

(5)

i=0
i=1,2,.n (6)

i=n+1,n+2,--,2n

KRG FB B 2Py,

Yioi =f(Xi-1) (8)
2
Kppoo1 = 2W1§)7i;—1 T G- (9)
=0
2 o N ) R T
Py = EW:(’},;;—I = X)) (Vo — o)+
=0
Qi (10)

WA E <, b T &P, |, 456 KFE
WM T3] 20 + 14 Sigma REE S, , 1T
HI%EP,, ATEP.,:

&, =h(8._) (11)



51 SKENES , A « 2T BOHE R R TG R B SR A TR S S PR Rk 969

2n
By = D WIEL, (12)
=0
mo . _ X ,
sz,k:zwtl(a;r—l_xk/k—l)(fllc—l_Zk/k—l) (13)
-0

=
& : T

Pu‘k:zwnl(f;—l_zm—l)(ﬁ—l_zw»—l) +R,
=0

(14)

W mAs B P, P Pl T T IE
PSR

tr[ IV, |

tr[M,]

)\kZmaX(l, (15)

N, =V, _(sz.k)T(Pk/k—1)7le(Pk/k—1)7](sz,/r) -BR

-1

M, =P_, _(Px:.A-)T(Pk/k—1)7IQA»(P1{/1(-1) (sz,k) - R,
(16)

e,.&l k=1
pV,_, +e,e" P> (17)
1+p
KBS HE T, — KB =1, AP =1,u
LRI .V, RERZE R T 2256 B L p Ry it
BT Lp e (0, 1, KW p =097, &, H kI %]
MFR 2. &, =2, — 210
SIAWHHEFIEA 2P, R

2n . . R . R T
Pk/k—l:/\kEWc(’)/ls—l_xl;/k—l)(ﬂ}’kfl_xk/k—l) +
=0

Qi (18)
WRYEAGTHE £, FIEBT5 22 Py, -, $E IR K

PN
Xi-1= Xy

Vk =

)(,fj,,zaék,l+[, (n +A)Uﬁ]
)(;ﬂ,,=92k,1—[ (n +)\)U\/§]

1.3.2 RGMEAS I IT 22 Q AN
— B L RGEME S RN, AT LLAE i Sage-
Husa M A 1185 SCRHMETH R g0 b i s 5 22, O
W H T RGP 1A& TE , AT A 2800 i 08 ik &
B, B2 RGO TS PRI HERfPE
RY it BRI THE Q, A E ¢, -
Q,=(1-d,)0,_, +d|K,e,eKl +P,]

e o N ) N T (27)
—EWZ(YZ-I = X)) (Vi = X))
=0

2n
=1 -d)g_ .+ dk|:92k/k1 - ZWS)VE-{' (28)
=0

( 11)"'( 14)E%ﬁi+%:é\u1‘_ 1 \sz,k \Pzz,k’ _i+%:_,3ﬁ—\»%
B4 45 K, P AT AR AR 5 £, RPN J5 22 PR BE T

K, = szkaz_z}k (19)
%y = Koy + Ki(z, = 24 2) (20)
Py=Py - Kszz,kKkT (21)

1.3 SHFL-ASTUKF &%
1.3.1 #rEHEFEREIA

FrifE STUKF AHXF UKF 248 T —¥K UT 28
o AT I PR 3 R R A 2
W zp, GWIr 2P, AT P REILUT
AR EL, DRIV AR

o n . n T
Pu,k:)ﬁzw;(fllf—l_zk/k—l)(f;s—l_zk/k—l) + R,
=0

(22)
2n ) ) . ) R r
P..= )‘kzwf(a;ff] = G- )(€io = Zuoy) (23)
=0
P,=APy, - Kkpzz,kKkT (24)

1 STUKF 55032 v, 3 4 B 22 6 1 ) ]
Cholesky 73 ift R b = Je HHE B 45 31 Sigma
AU ZEHEAT Cholesky 43 i B, 15 25 U 5 22 56 B
BURIERE , X 2550 STUKF 78 52 BRI o i Fa
P, R i s A () 1, AR B8 SVD 20 fff [ BE X 158 25
Dy 2200 s =R (25) R

JP=UJS (25)
. PR R AERE , U N IESSRE RS, S X
JE
B (25) LA (6)15:
i=0
=120 (26)

i=n+1,n+2,-,2n

Ko, WEBTZIERZE ;d, = (1 - b)/(1 - b 1);
b Rist R BUE R 0.95,
1.3.3 MRS Py 25 R A a0

X T8 4% VR B S R A TR B 0 e R
Z0 25 Ak, 5 X I N PR AT B AR R AR SRR
PRASORYI s th JECBE R, AT 3 I A 22 R

R, = nR, (29)

R FIR, A3 5 A 1 7 e A T T S g e
FH T 2SR m Sy A AR

FHIE SPRI I 222 25 e Fle A fL R e,
YE R RO 4 T 2% A A, 30 0 AR S B

http://www.shhydxxb.com



970 ISR G NI 2%
P i s A A o F1 EREHRN R
—r[C -] ¢ 1 (30) Tab.1 Fuzzy control rule representation
e=tr|C,|—tr|C, -
Srfor [ ABRO B P2 DT A C, e 07
€= EW"[[(&*' _zAk\k—l)(flf’fl _zAk\k—l)li'-i_Rk NS NB NS NS Z
=0 Z NS NS zZ PS PS
(31) PS NS z PS PS PS
FBRERZE U 5 2% PB z z PS PS PB
~ 1 k . R T
€= M{:k-wz[(z" - A 1)}[(4 i ‘)} (32) Sigma SR A L, IR 45 20 (7) THEAUE W, Fw
MR- 0 B M=3, & X s g (8)~(14) BEAT AR GIAMT I 1~ if APk 2
iy NHSERI AR FEB I EEE . P X (15) ~ (17) P50 A

e ={NB, NS, Z, PS, PB}
e.={NB, NS, Z, PS, PB}

i AR 2 -

n ={NB, NS, Z, PS, PB}

ORI D) 6 DL 3 1
1.4 SHFL-ASTUKF &£ Lz
B E SO IR AL, i3 (26) 3RER

?ﬁ%ﬂﬂﬁ'ﬂs io\Po\Oo \Ro\Co

Parameter initialization: X, Py, &R, Co

!

FREXS i gma K i B B AR RIAE T2
Acquisition of Sigma sampling points, and
calculation of the corresponding weights

!

BEATARSIEIE B FRENEF S REHW
Quantitative update and state prediction
without the introduction of fading factors

5, A (27) ~ (32) BEAT ZR Ge M P 5 0 e
P o A R TE  T ELEE A A A AR
b AT T 22 . AR)E X (19)~(21)3t
FARIR SN g, DEAT IR DR . 5 ke i )
RS THEL, B RS A THE S IR 22 D 5 2548
TR PE . HE AR RS

SR A 2 B

Bk YRS
Sampling data for
the kth time

!

TERE &

k=k+1

!

Y

Calculating residuals ¢

1

i

> g MR B R Sage-Husa B IERLIEH
Calculat 11;1I—gﬁ tffeﬁflflilj;k factor A Fuzzy control Sage—Husa a.dapt ive
* adaptive filtering
SINBNEEF, HTERNESSRETN BIEFHGE R, RGBT O,

Introduction of fading factors for
measurement updates and state prediction

Measured noise
covariance R,

System noise covariance @,

!

FIREHEN K REMEHE 2, BHTEPER

5k WCRFES R

Kalman gain K, state estimation %,
covariance P, update

Sampling data for
the kth time

!

Hrd k HRPRSMHIHE 2,

Output k& moment state estimates £,

2 SHFL-STUKF T{EiR#&
Fig.2 SHFL-STUKEF workflow diagram

http://www.shhydxxb.com



51 SKENES , A « 2T BOHE R R TG R B SR A TR S S PR Rk 971

2 S S5 R b

2.1 HEXHISHH
e B SC Rk (23] Fp 5 HY AY 5 Al 2k A

x, = Ayax,_, +A,B 1 P
xZ
zA.=76+vk k=1,--,N

A a By NS E, cos[1.2(k - 1) | K5}
[i1] JG 5 HL [ B ) 25 Ak i) Aef AR e 7S 5 it 9 g
A AR R G5 B R G R AR E , 9)
§ x,=0.1, P,=0.1, Q =0.01, R = 10, N = 50,
a=058=25,y=8,

Shy 56 UE FT$i AR PRDORG T A A, 430l
i UKF STUKF LA K SCHRL 15 BT 4 H A pRsk i
B EE UKF 5 4% SCHR A et 53 ik R A1) B 592 491
IUE . N HR A Bk Z IR B e e S g v g
Ay FIELA, = A, = 1FIA, = 0.7.4, = 0.6 B4 R 55

(Univariate nonstationary growth model, UNGM )/
N LS A

+ ycos[1.2(k— 1)+ w,_,
(33)

PR 5 LSRR — 3, LA K 2R G R 5 L A AR
AN — T R B

P 3 i 7 kg AN [e) Bk 1 D I 405 SR Al sy
RO, B AR bR R SRR B B 3a N RGAALY
LA — B 1 A5 SRR R D 2 AR B U T 2
ST SR T 2%, Wil R F 4 1, STUKF iR 46
UKF 8, ol LR B 3a &, 45 BB D 45 SR L F—
o K 3b o RGBS SRR 25 BRI Y
UE UL ZE AL N H T DL Y, 4% STUKF i T T
LTS, IR IR Y T UKF.

10 ¢ —— Actual —— - UKF — - - STUKF —+— SSTUKF SHFL-ASTUKF
3 8t ‘\ ¥ f‘ X
=t /A | \ A I \
s 60 /0 AV N A
> 4t R | /N U S U . S A N A
= [ | / \
2 2y W / / L
8§ ) L ] | \
o N
£ -t |\ [ B
24l Vo \ U
o / Vox
% M / N ~ \/

-8} v \

-10 L—— : : e : : : :

0 5 10 15 20 25 30 35 40 45 50
fFEHK Simulation step
(a) BARIMERIEIZE R Model-accurate filtering results

10 ¢ —— Actual -—- UKF -~ - STUKF —— SSTUKF SHFL-ASTUKF
& 8r
5 6f
> 4 L
)
S 2y
= y
E
wm
o
=
=

0 5 10 15 20
{iE#+K Simulation step
(b) B IFIEIRLE R Model out—of—-tune filtering results
E3 FEEFREER
Fig. 3 Filter results of different algorithms

Ry HE A BT B s S B SR R e
A LA PR S 25 R 1 4 7 iR 12 22 (RMSE ) 51

25 30 35 40 45 50

P R 25 (MAEE B EAG TR B SR e T
PEMTEFR. MAE Aty S oAt 1R 22 i S2 b

http://www.shhydxxb.com



972 B S (32

PN

324

5L, 1 RMSE BB H S5 B S L (4 s i) 2

24 RMSE, 5 RMSE /0l 378 RG50S .
SRR 3 SRR A T RS | AR — B, A
USRS R B UEIRE AR U B . Y RGeS
VR, UKF JEHRCRBEAG, £ STUKF S I8 B A%
LT UKF, Hird  SHFL-ASTUKF JEBRCR R

R2 EEBITHHRIZEE
Tab.2 The algorithm estimates the root
mean square error

5% Algorithm RMSE, RMSE,
UKF 0.091 2.303
STUKF 0.091 1.720
SSTUKF 0.092 1.672
SHFL-ASTUKF 0.090 1.463

R IE A BT B 38 i MATLAB X 4
AL T SRR IE AT B B M=100, BR 5 H A
£ N=50, & BB T al an e 3 s . R nl %,

....................

REMLRS

Weighing sensors

o

ZHERS LR
Multi—channel
signal processor

SHFL-ASTUKF 7E i+ 5t # v, i T T Sage-
Husa [ 18 W U8 I S5 RORI 1 6 2% | 33k 1 7 il [i] 3
Jin, B84 % /0, 5 STUKF A FE , 32 47 B Ja] 38 i
3.88% , AL AE S PR At B A i

x3 EFIETHE
Tab.3 Running time of the algorithm

23k Algorithm i 16) Time/s
UKF 0.0132
STUKF 0.020 6
SSTUKF 0.0149
SHFL-ASTUKF 0.021 4

2.2 EWWIES5HSH
2.2.1 LR RERE

et P YV 3 R 2 A ) P R S 58 P 227 7 7
SRR E S50, J2 B A iy BHAR B 15 TE A A
R PR E AL R RS A BT AR A
STM32F103ZES FLHLA5 . SEgke B il 4 fs .

FTARIER

Controller

TR

B ]

........................

B4 SRigE
Fig.4 Experimental equipment

AR BV A P BT T KIR S G A5 1, LA R4
TELSHIE B AT B0 AR 00, e KT S5 50N
3ENAGURULT , PEAT 35T I S B0 R 40 52 Pt
P RR RS ol 16 ke, B IR AR 1E
100 g, 8 1 2 2 A AR R 138 1Y) A% I g o R A
PFORL B S B, SRAE IR N 1 s, P 5 4 722
R R R AR, il ad JC Al (e B R

http://www.shhydxxb.com

6 278 L ) ST LR P A T RO R A S AR T
X EAE AT AR B
2.2.2 HILAbEEHA

SRy SR JUT B B AR S BN R R ARG M
S A S vh T FH SR A TR
Bk . AR UE SRR LA B, A Tk R G S
5 S A3 B E N Q, = 0.1 FIR, = 10, Higx



51 SKENES , A « 2T BOHE R R TG R B SR A TR S S PR Rk 973

SRR AL AR FR B R GUREAY

[l 5 Sk >R B 5[] P 1 960 4% AR T £, True
Value N SE BRI 43 TH BT & , Measured Value MR
R Y H 4K 45 09 I & {H , UKF, STUKF,
SSTUKF . SHFL-ASTUKF 43 51| Ay 4% Fh B 325 X6F 230
BRI T U8 PR S 0l A R i R B S AT

18 000 [

Lo
E _ True Value
kS 16 000 [y ——— Measured Value
N —— UKF

Z1a000F Ny —%— STUKF
E 5 SSTUKF
g 12 000 Sy —— - SHFL-ASTUKF
[9) ~
~ ~
o 10000 "
2 8 000 - X10 “ |
g 1. 465 ..

6 000 | L. 460
“}g 1. 455 N
z 00 1.450 W
B 500 1445 - | 9
% 50 51 52 %

0 s L L L
0 100 200 300 400

KAERE] Sampling time/s
(a) 3FRIIIEHER

3-stage wind filtering results

LB, BT A M s 5 R G s 0 o {E
TEAEIR 22, 45 A LD 5 WA T 5 SE PR A7 e
— R, o, i TR S M K UKE
VEPE AR 22 B IS RS E AR =
SHFL-ASTUKF A 1 Fb A% I8 I Ak (8 -5 0 o
(B S 2T S PR AR

. True Value
16 0004*\\\\_ ————— Measured Value
‘\\‘ —— UKF
14 000 ~\\\ —%— STUKF
W\ SSTUKF
12000 Wy —— - SHFL-ASTUKF

FLHEURE Mass of remaining bait/g

39 40 41 h G

0 : . N
0 100 200 300 400
FHERFIE] Sampling time/s
(6) 4BASRRETR

4-stage wind filtering results

B5 iRiEfhitER

Fig.5 Filter estimation results

] 6 Shy KA I5F 1] A 25 53005 68 SR A P i D
P Je BRI 5 S PRy 2 18] B 4 %5 iR 22 , MIAT 6

#aNHRZE Absolute error/g

100 - —o— Actual Error —— UKF

LA, KU S ORI, (RS S B R Y
2 %R 22 HUR, 25 D8 IR RE A AN [ e S5 i 2 ey

STUKF —¥— SSTUKF —— SHFL-ASTUKF

240 245

250 255 260 265

KL R Sampling time/s
(a) 3R SIMEHBELENTIRZ Absolute error of 3-stage wind filter value

#iX[iRE Absolute error/g

—o— Actual Error —— UKF

STUKF —¥— SSTUKF —— SHFL-ASTUKF

5 10 15 20

25 30 35 40 45 50

SERERTIA) Sampling time/s
(b) 4R SIIEPAELEXTIRE Absolute error of 4-stage wind filter value
E6 IRiKEXRRETM

Fig. 6 Error evaluation of filtering algorithm

http://www.shhydxxb.com



974 B S (32

PN

32 %

ARG B AFR Y d 0 e 7 5 KB, UKF 23 1 3R
RACAIE O, S BUGTHE 5 SE PR R 0 22 50K
STUKF . SSTUKF . SHFL-ASTUKF 7F M 75 5 K iy
A6 BB A% 8 0 A 0 Y B D AR L A T T S PR B
iR 2280/ . 5 HA S P4 H , SHFL-ASTUKF
AR THE -5 S PRAE A 1R 25 f /N A RS B o s
2.2.3 5RO

3 4 53 5 7R y UKF . STUKF . SSTUKF 5
SHFL-ASTUKF 4b ¥ FK 5 £ 4% 19 RMSE 5 MAE,
FF 5 1.2 0 R 3 4 BT T A7 IS5 . M
Frp A LA 1, &R STUKF % RMSE 5 MAE 2)/)
F & 4t UKF, 5 UKF # kb , SHFL-ASTUKF
RMSE 73 542 %5 T 23.15%, 30.52% , MAE 43 jji| 42
5 19.81% 55 27.04% , STUKF 5 SSTUKF 22 [f] 14k
RS M 22 8 K, 5 STUKF LA & SSTUKF A Eb
SHFL-ASTUKF i RMSE ¥4 /5 17 15.15% 5
14.50% , MAE 43 51452 55 17.27% 5 15.99% , {45

BEXEIN B
60 1
UKF
50 t —*— STUKF
—— SSTUKF

| —e— SHFL-ASTUKF

BEMAEHHHTRIRE
RMSE in mass estimation

x4 EEMHITEELRBR(RMSE)

Tab.4 Comparison of algorithm estimation
accuracy (RMSE)

5 SHFL-
Serial number UKF STURE SSTUKE -y spykr
1 59.78 52.39 51.67 45.94
2 81.78 69.29 68.54 56.82

x®5 EEMHITHBELRZK(MAE)

Tab.5 Comparison of algorithm estimation
accuracy (MAE)

5 ; . SHFL-
Serial number UKF STUKF SSTUKF ASTUKF
1 45.01 41.54 40.95 36.09
2 58.28 53.19 52.30 41.79

K 7 B 78 i UKF. STUKF 5 SHFL-ASTUKF
TEARTR A T A RAERIBR ) RMSE , SRAEETF IR 1
AT AR TR R TR £ PRI R G2 M
PRSI/ IN 2 DR IEAT THELR RMSE 823, Bl

0 50 100 150

200 250 300 350 400

FFERFE Sampling time/s
(a) 3R SR EAGTHZRMSE 3-stage wind weight estimation real—time RMSE

90
I UKF
_ B e sTue
S 70t —— SSTUKF
= —6— SHFL-ASTUKF
8 60
B
].Q o 50t
xa
+ g 40
&
o -5 30}
[£a]
= ‘% 20 +
10 |
0 I I I I I I I )
0 50 100 150 200 250 300 350 400

SKFERE Sampling time/s
(b) 4R ST EATHSLHIRMSE 4-stage wind mass estimation real-time RMSE
E7 REMHITHEE

Fig.7 Mass estimation accuracy

http://www.shhydxxb.com



51 SKENES , A « 2T BOHE R R TG R B SR A TR S S PR Rk 975

B B AL FR R A 32 RS IS G
FUEWAG A M) RMSE FR4A 38 ¢, Hoh, UKF A1
K 5 Bc 2%, STUKF ¥R 2 , SHFL-ASTUKF J& B A
K B i

3 45t

A BV 78 B ) 72 v A2 AL R B0 5 R
TR | A A I8 2 52 ey, 7 e 0 e AR T M
FERE, WEE S LPMEAERRIRZE . RS
Pl 4y P ORE BT O BROEEORS BE, A SC 42 SHFL-
ASTUKF B 52 s 02 7 92 % 435 S 0 0%, 76 ¥ 7 B
SRy ST NN ¥ (A= R o= s g B o 1 S S D
SVD 53 fifk I B Pp 7 2 00 W A T 93 Mt , ok S R
25 PR AR IE 2 [n) 3, W) B 38 3 5] A Sage-Husa H
T W AR O T A A R R RGeS
S MR P B O 25 HEAT A IS N R R DR Uk
KR

3 sk S48 47 L I AR AR Y M S R TR O
T, A IR I A TR B S e, DL
E SRR Ry N 1 IR o 4o N [ B L ol R e M
WEAHT , 45 R KW . 55 UKF #H [, SHFL-ASTUKF
£ RMSE 43 542 8 7 23.15% 5 30.52% , MAE 43
9 4% B O19.81% 5 27.04%. 5 STUKF LA M
SSTUKF #H [, , SHFL-ASTUKF ) RMSE V- 24 4 &5
T 15.15% 5 14.50%, MAE 43 5] $2 %55 17.27% 5
15.99%, T #2535 vk Re s A7 a5 e i PR RS B, LAY
I A

SE W

[1] WUY H, DUAN Y H, WEL Y G, et al. Application of
intelligent and unmanned equipment in aquaculture: A
review [J]. Computers and Electronics in Agriculture,
2022, 199: 107201.

(2] WHDRAS, HEESR, AR, . WIUKSH IR B S
PSS TR R ()], RO HLAE A, 2019, 50
(11): 121-128.
HU Q S, CAO J R, ZHENG B, et al. Design and
reliability test of paddle wheel drived shrimp pond
autonomous navigation feeding boat[ J]. Transactions of the
Chinese Society for Agricultural Machinery, 2019, 50
(11): 121-128.

(3]  HSCF. FHRERIFIER sl LB R B R 5K (D ].
iy BURIEER, 2017
CHENG W P. Intelligent mobile shrimp pond feeding
equipment development and testing [D]. Shanghai:

Shanghai Ocean University, 2017.

[4]

[8]

[10]

[11]

[12]

TRAES, XISRZE, WRTE T, A% . MR IR GR M OR HEBL 1
Bl it (1] ML 3T S5 AT 58, 2021, 37(5) @ 203-
206, 210.

ZHANG L Z, LIU S H, CHEN L L, et al. Design of
precision feeding machine on board for shrimp pond culture
[J]. Machine Design and Research, 2021, 37(5) : 203-
206, 210.

PN, BRAAE, B, S5 it T SR BORS v
RGBT 5 ] R ALK, 2022, 53(5) -
291-301.

SUN Y P, CHEN Z X, ZHAO D A, et al. Design and
experiment of precise feeding system for pond crab culture
[J]. Transactions of the Chinese Society for Agricultural
Machinery, 2022, 53(5): 291-301.

KM, KR, wERE S, S T HHT ARG Bf B33
PR A5 45 1 B e A B B 52 [0 ). Tt fll R 224k
2019, 42(1): 106-113.

CAL Y S, ZHANG G, HAN X L, et al. De-noising and
pre-judgment of accurate dynamic weighing signal in
automatic feeding based on HHT [J].
Agricultural University of Hebei, 2019, 42(1): 106-113.
X E T, ZEEAk. HHT 763 PR AL A A TR L5
SR L)) A S R S, 2015, 34(7)
158-160.

LIU Y L, LI X L. Application of HHT in dynamic weigh-

Journal  of

in-motion  sensor mnonlinear signal processing [J].
Transducer and Microsystem Technologies, 2015, 34(7) :
158-160.

A RURH , R JER, AL JET /N R T B Eh 3
PR R G0 G RS BRI B 0], W R4k (A
SRRLERR) L 2016, 43(7): 111-119.

ZHAO H, TAN C J, ZHANG L W, et al. Improved
identification of vehicular axles in BWIM system based on
wavelet transform [J]. Journal of Hunan University
(Natural Science Edition), 2016, 43(7): 111-119.
REHMAN T, TAHIR W, LIM W. Kalman filtering for
precise mass flow estimation on a conveyor belt weigh
system [MJ//ZHANG D, WEI B. Mechatronics and
Robotics  Engineering for Advanced and Intelligent
Manufacturing. Cham: Springer, 2017.

ONAT A, KAYAALP B T. A joint unscented Kalman
filter-based dynamic weigh in motion system for railway
vehicles with traction[J]. TEEE Sensors Journal, 2021, 21
(14): 15709-15718.

LIANG T T, WANG M, ZHOU Z H. State estimation for
sampled-data descriptor nonlinear system: A strong

tracking  unscented Kalman filter approach [J].
Mathematical Problems in Engineering, 2017(7): 1-9.

BRIk, KAz, HESCEE . DHUR B UK Bk KR AEAL
AR PR RETRSHETHA, 2018,

40(6): 1189-1196.

http://www.shhydxxb.com



976 Eowom oW R ¥ R 32 &
BAO S D, ZHANG A, BI W H. Speedy strong tracking [18] ZHANG S Z, GUO X, ZHANG X W. An improved
unscented Kalman filter and its application in maneuvering adaptive unscented Kalman filtering for state of charge
target tracking [J]. Systems Engineering and Electronics, online estimation of lithium-ion battery [J]. Journal of
2018, 40(6): 1189-1196. energy storage, 2020, 32: 101980.

(13] E B, XA, BT, 45 J T sk sR BUER UKF A K (191 5kW, tR¥FER, BiASE, 5F. BT [ G SRUKF 5L

wAESEWI] B RGP S, 2017, 45 O RGBS PRSI T]. RGP 5
(19): 109-116. i, 2023, 51(2): 102-111.
WANG Y, LIU H, HOU X Z, et al. Transient voltage ZHANG M, XU S L, LU D L, et al. Dynamic harmonic
disturbance detection based on modified strong tracking state estimation of a power system based on adaptive
UKF[J]. Power System Protection and Control, 2017, 45 SRUKF[J]. Power System Protection and Control, 2023,
(19): 109-116. 51(2): 102-111.

(14]  ZRpEE, FHFE, Pl , & S ok aR R 0l R [20] FAN Y S, QIAO S H, WANG G F, et al. A modified
IR RPN (55 IR P AR R ERSL [T ). e TR adaptive Kalman filtering method for maneuvering target
274, 2021, 36(11): 2255-2264. tracking of unmanned surface vehicles [J]. Ocean
NIU S'S, WANG C X, LIANG Z R, et al. An algorithm for Engineering, 2022, 266: 112890.
tracking synchronous phasor of power signals based on [21] XU C, ZHANG E, JIANG K, et al. Dual fuzzy-based
improved strong tracking unscented Kalman filter [J]. adaptive extended Kalman filter for state of charge
Transactions of China Electrotechnical Society, 2021, 36 estimation of liquid metal battery [J]. Applied Energy,
(11): 2255-2264. 2022, 327: 120091.

[15] CARAPIA G , MARKOVSKY I Input parameters [22] M, T2, Bk, 5. R A SN Gl -R K 2080
estimation  from  time-varying  measurements [ ]]. M TR A 1] St % L, 2021, 29(3) :
Measurement, 2020, 153: 107418. 637-645.

(16]  PEWIB . BT B HE A g — Al ke S 3 ARl s ik XIAO L, WANG S J, CHANG L, et al. Attitude
[J]. KFI2=42, 2007, 38(11): 1358-1363 determination for satellite using adaptive unscented Kalman
PANG M Y. Realtime dynamic simulation of 2-D water filter [J]. Optics and Precision Engineering, 2021, 29
waves based on discrete model [J]. Journal of Hydraulic (3): 637-645.

Engineering, 2007, 38(11): 1358-1363. [23] TONG Y Z, ZHENG Z S, FAN W L, et al. An improved

[17] g2y, skdkl, sk . 3% T S0k Sage-Husa (1 H i 17 unscented Kalman filter for nonlinear systems with one-step
TCIl R R S 8 I AR B T it SOC Ak T[], A To AL randomly delayed measurement and unknown latency
B, 2016, 35(1): 30-35. probability (7. Digital Signal Processing, 2022, 121:
YANG H X, ZHANG J Y, ZHANG H. States of charge 103324.
estimation of lithium-ion battery based on improved Sage- [24] CUIZH, KANG L, LIL W, et al. A combined state-of-

Husa adaptive unscented Kalman filters [J]. Advanced
Technology of Electrical Engineering and Energy, 2016, 35
(1): 30-35.

http://www.shhydxxb.com

charge estimation method for lithium-ion battery using an
improved BGRU network and UKF [J]. Energy, 2022,
259: 124933.



51 SKENES , A « 2T BOHE R R TG R B SR A TR S S PR Rk 977

Dynamic weighing algorithm of bait based on improved strong tracking
unscented Kalman filtering

ZHANG Lizhen'?, LI Qiming"*, WU Di"*, BAO Yejun'?, HE Ruijie"*, LI Zhijian"*’

(1. College of Engineering Science and Technology, Shanghai Ocean University, Shanghai 201306, China; 2. Shanghai
Engineering Research Center of Marine Renewable Energy, Shanghai 201306, China; 3. National Engineering Laboratory for
Robot Visual Perception and Control Technology , Hunan University, Changsha ~ 410082, Hunan, China)

Abstract: Baiting is an important part of shrimp pond culture, and obtaining the weight of the remaining bait
is the key to achieving accurate baiting. In order to solve the problem of inaccurate weighing of the remaining
bait caused by the environment, the system itself and other factors, an adaptive strong-tracking unscented
Kalman filtering algorithm (SHFL-ASTUKF) for the dynamic weighing of the bait on baiting boats is
proposed. Firstly, a second-order model of the weighing system was established and the measurement results
were filtered. Then, based on the fast introduction of the asymptotic cancellation factor, the singular value
decomposition was used to replace the Cholesky decomposition to deal with the error covariance problem.
Meanwhile, the fuzzy control algorithm and Sage-Husa adaptive filtering were combined to adaptively update
the measurement noise covariance and the system noise covariance, so as to suppress the divergence in the
filtering process. Example data simulation and experimental validation of SHFL-ASTUKF show that,
compared with the strong tracking unscented Kalman filter, the RMSE is improved by 14. 9% in the example
data simulation, and the RMSE is improved by an average of 15. 15% in the experiments of the bait weighing
of the remaining bait in the baiting boat and the MAE is improved by 17.27%. The proposed algorithm has
higher dynamic measurement accuracy and better noise reduction effect.

Key words: precision baiting; dynamic weighing; data noise reduction; unscented Kalman filter; fuzzy

controls
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