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Optimization of Cross-subject Federal Collaborative Computing
in Grain Supply Chain
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(1. School of Computer and Artificial Intelligence, Beijing Technology and Business University, Beijing 100048 , China
2. Key Laboratory of Industrial Internet and Big Data, China Light Industry, Beijing 100048, China)

Abstract: The food supply chain faces significant challenges such as information silos and data
fragmentation during quality traceability and risk warning processes, leading to resource waste and
decision-making biases. There is an urgent need to establish a multi-agent collaborative information
ecosystem. Aiming to address the issues of data privacy and heterogeneity among multiple agents in the
food supply chain, a cross-subject Federated collaborative optimization computing method was proposed
based on Federated learning. This method integrated Federated learning algorithms with deep learning
frameworks to achieve collaborative optimization across multiple stages of the supply chain. Considering
the heterogeneous data characteristics at different stages, the horizontal federated learning models for the
same-stage different-subjects and vertical Federated learning models for different-stage different-subjects
were constructed. Based on the logistic regression algorithm, the model parameters were rapidly adjusted.
Experimental results indicated that the Federated learning collaborative computing optimization algorithm
shortened the iteration cycle by 18% , reduced the loss function by 23% , and improved the accuracy of
cross-scale data by 7. 2 percentage points. The optimized collaborative computing evaluation achieved an
F1 score of 95.3% , providing technical support for precise demand forecasting, real-time risk warning,
and multi-agent collaborative decision-making in the food supply chain.

Key words; grain supply chain; collaborative computing; Federated learning; hyperparametric

optimization

Wik H . 2025 -06 —23 &R H i, 2025 -07 —05

EEWMAE . BRI LRI H (2022YFF1101103) 65052 AT QA LR RIBH 5T 23100590 H (20240484720 ) Fib 5t 1l
JE AT HAEAA B E 105 H ( BPHR202203043)

1EEBN: ﬁ:g%qZ( 1979—) , 5 | Bl # % ,Wj: s R SR £ 2 4 XU PEAS B 5T ,E-mail; xujp@ th. btbu. edu. cn

BEMESE: ERREHE(1991—) , 2, M#EEZ, 4, 32 NG Tl B K 322 E 5%, E-mail : wangzhaoyang@ btbu. edu. cn



380 P

b Bl R

2026 4F

0 358

FRAL A SN FA Y  A P ReR Tt H
TR ERA AR B, B T R, BRI T
BEREE PR, JC AR B L SRAARI S 5 R ¥
R AT FRAURRAR . P 5 40 S = T i PRI X, 52 e
TR R,

fEsh A B, R & AT T AR AT
TR P2 i 5 B AR HES RO IR AL, 32T B8
WrlEiziRRe ), SCM 2 FAR R R LR gl
B RA B AR B AR 107 61 A5 5 A e AU B SC S )i, X Bk
HERANE R Tr % , A ST BE W R A E AL
Tl 1 (HI A THE Y] R 5RO B R FATR K
FEAEMPSE R AE ORI AR 5 RN AE 7 iR S5 U AR
a5 N RS S ST AR

hy D B R ) A, SCRik [ 2 ] 45 H K Tl B
HR AR P AT 5 7 ] (FL) 258 TE RIERE A
N /1 ) N i 2 O/ = o7 9 D= R
FedAvg"® ™ A73 T Ifi Be RA 1k &8 XUBG: , 2% 45 11oR FH 22 43
NN T oY1 IR 1 7S A 0 o A 5513
ARIATBRAL ORI, (H X 28 7 v 25 38 it 58 AL A5
iR i

BEXE 138 )8, Wang %60 $2 1 (9 FedNova 5
XA M TR S AR A T U — AR AL BT 3 e S A I

_—

HE
iideb=

HE

CERCD TN

FAEERT I h5ERAT N

Q A
B

SRl ST [R5 AR B i B R 24 2 o Sk s AT
RS Z B A M G LR E &S 5 AAE T
ZESEITI LY, PRI, AR SCHE P A A 1) ) 2 28
B S5 R RIS P [ TR 51 A 2 SR e AR AL
fRIA %) FedNova B335 1) 8 S 80 b 47 sh A AL, 44
## MSGWO — FedNova S yE BRI | 4 A3 Be i 1) 5
A s RS D R T H 3204 52 B R 2% ) b
TR A B S R RR AR AR A BEE S A
937 5HRE 76 MSGWO — FedNova 3 i A sh 248
= ) RPRFEHLH , P AL AL 1 S 808 B SRR 25
B,

1 EBBRELTERE

AR PR B TR S PP AR a2 A 6 IR
WG S XU YR RE - 2R PN Aol [ R HA REAS
FRAIE AR (CRRAE AR (1D AR 57 ) e 3 PR o 2B
o 2 R B BT R U S AEAS TD A RIS AE 5744

P i R A I BRI 2 ST AL R 1) A e i 2
PR IR R 500 3R 5 PT S BB 1Y A PO [ 353, (LM LA 5
BRCPRY 1) R BE 42 B X 5000 e AL 1 R S A A ]
R, B R R TR R (I N B B AR B IR 3 SO Ak
AR 1] 5 N Tl BFS 2 ) A HE R, ST R3S 7
SR G I P S A Bt Rl 5 S B e R A AR
BB HE B EARIH 2 I S 1 R

e e

A Hdlnde

i

Q

i)

s & o
ﬁEleﬁ%‘ i

| uieERaE

2 |

—
PR RN BE R RIS > SR A

Fig.1 Cross-subjective Federated learning architecture for food supply chain
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Fig.2 Horizontal Federated learning collaborative computing architecture for grain processing companies
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(Non —IID) ¥l 757 T , A& GEEFL -2 53 A 22 %
A MUY SR 22, S 51 & 4 SR B B Sl i A% )
A, 4 3 5] A FedProx Y 3T ¥ 1F W 4k 24 R 5
FedNova BIFRHEAL SR GALE, a0l 4 FoR |l sh 3
AL 7 i O HRAN R, A RCT A S R A T Y
BEALPEAG I | 8 35 58 T Bl o [R) 1 R 0 B i 1
WS

MR B 2 AR = i rh 2474
RFAE 2 ()0 SRS ML A3 17 P . 2 Pk A
Y o5 R) B 2 Y B 0 A R S AR, LA
PN B AR D 25 73T R RS S o S A
A AR = E AR, IR R A TEAL 3

WS AR IESE HIN, oy DR 2% 7 o 6 32 i 2 3R AR
BOSGR G SRR Il A IR R A
SR RRAE I LB ST S BT BN 3 S T AL
SGH B 5z AT RE AU DL AL HESE
FedNova JEBcIS 24 ) th il — Fh it Bk, B 1E
FRRAEIBEFR 22 > b R v ol AN [ 25 1 S K0 S v 12
7 B AW SEHE AR BEANERUE [ A, B
K Ao
TR T
L o, —5 1 BINGE 2 RS
Ao —55 k DE P URTESS ¢ SR rhit 5
Hh AR SR R

‘ g |
| 5 |
EerrTr—
; IR AL :
‘ TEshke.
} | BB AR,
it -==n | wWERE T R
Il | | . T | | Al |
:ﬁjﬁ&%%l | } i Adamfift | [ | AL 4 380 |
| ! | ! [ ! [
Al || gkon | | TESEC PXTETIN G T || ol
PR R ; ! ltﬁﬁ : ™| FedAvg/FedProwFedNova [ ; DNN || BR A
|
L P ST | | | [ — ,J
! |
|
; BOUEHCEH
Z7 4 I e—— T T T ZER
B = 1% | FIEUER }——— HiH

K4 B R kA

Fig.4 Flowchart of Federated 1

earning aggregation algorithm



5520 1 VRARF 45 bR HERS AR R AL 37 1% 383
K——Z 512 ) 9% P ity i AL ®1 RUSHRER

5 FedAvg Fil FedProx A [f], FedNova i i & F
6 B2 19 #1 1 4K ( Gradient normalization ) 18 5% & F1 %t
AR ST , A5 A4 25 i 7E A5 A8 SR N OIT o A AN
By B i, DT AT A5 5% ik KAl S R R R 1Y T

@[13718,

o

2 ETFZREKIRE LD FedNova B E
B

ER 27 ) v (R AR B s B A T ) i S
E A S BRI AL G0 T h R 8 5 B 30R A, B
DITEZ 5 A B A 85 AR5 2 R s L. Ak,
FIAZ R filA ) AR P (MSGWO) |, 7EHK
IR 38 0 PG A S B S 40, 48 TR AR 7 ik
SEIR]A3A (Non — 11D ) K045 & 5 (4 S SI0GH F A7
KSR, 5 A BB AL 505 A L, MSGWO 254
T &R R MR KRS, MG S A E I AR
SPL BN RORE DA LR B SR 3 S b ARy SR, 3
SR PE RN 4 R WSk . Ak, MSGWO X B¢ I 5+
B 2 5 3 ) o A AR B R RS Nk
B H 5 FedNova RAHLHILE &, LS EC &, 42T+
BRERAE 51T RLE AR A (U 10 5% P ] e A5 4
BET HRRE SRR T S
2.1 FedNova BEEXSHE M

S5 R S B A E: RE A RZ R, X 3 S S
B2 K. % 2] K ( Learning rate, [ ), 3 & [H F
( Momentum , w) FRFB I 5 %L (Local epoch, B)
AT E SR, 2% ) RooE B S e TR
IR SR I SGH SR e R EE RN R o
PR FH T o sk e S50 400+ 6 B 2 5, B T R A
A Ak H 0 2 B 5 SR N e B B K i A
FEAC I AR R AT A M 0 R SR FRS B R
HFR HERR AUC F1 2050 AER R IR 18
bRt 2 Bt A 45 3 R AT VEAN , 5 Rk 1 TR,
i 3 PR A 58 I S HE OB, TR AR LN T 1
SRR (an 0. 1 LRI GEIEER 10% ) ,
BT AE 8 {5 B AS 5 A5 D i B8 XU RS =2 ] B A5 7
i, S5AI bR, % E S 0.001 ~0. 1,3
w5 R AU 2k 4 8o B AE 0.001 ~0.1 K&
0.001 ~0. 1 Z[al#EA7 3K, LLAE 35 5 UL X [E) 9 00
FEIX BRI M R () 52, AT R GE kK5 X
RAWESEAE L H0.01 u~0.01 8K 0.01
TEZ VPN FE b LRI A AR S0 838 91% LA I |
A ERE 93% LU | AUC 35 0. 87 LU F1 5080k
90% LA b MERGFRIL 89% L) b BIE T % 2 5 &
FEAAT 55 v (1038 O PR 5 B ik

Tab.1 Optimized parameters and results
240 Kt AWl c FI HEH
I, m B K% T/ SR FR/ %
0.10 0.10 0.10 75.2 71.3 0.766 71.3 70. 6
0.01 0.01 0.01 91.4 93.7 0.879 90.9 89.1
0.05 0.01 0.10 88.1 88.4 0.872 87.8 86.7
0.01 0.05 0.01 89.9 91.0 0.873 89.2 88.0
0.01 0.01 0.05 90.5 92.1 0.875 90. 1 88.5
0.001 0.001 0.001 71.2 71.0 0.816 70.7 71.3
0.005 0.01 o0.01 70.2 71.8 0.770 79.7 78. 1
0.02 0.02 0.02 81.3 80.4 0.841 80. 1 78. 4

FH 1 AT UL R S B B R B R | R
SPXHPEDR AL, 45 558 2 07 AR RE 3K U ¥ 4 41
B MELLRE NP RS ], DI 2 e ms il A
TSI S T, BRI BT,
RSB AL SRR TR SR 1 e T Bt
2.2 ETFEZRERIREEN FedNova 85534

TEEE B 2% S, & % WK R IE 1k 5 9k
(MSGWO) 1 g — Tl 25 20 10 2 B H AL 5w, vl i T
3 T R R ISR B e B R T
EPERE SRR IRF R (a B .6 w) [ Hh
S 1T, S AR IS R B R e 5 7
o MSGWO 5 AN 7 48 2% 5 5 M S, 30 75
S 4R 5 SRS 2 A, i 3 A A A P R L
VA 3O L S B A SR SR L, ER A 1
SR TR 3 040 A ) a2

TEAZE T X 57 4 2% S W 7 BRI I TE
BE 3 1o 72 A XS A I S BELRI R AL MR A T3S
P E VRO LURRAR . B ikl
X(0) =L, + U, -X(0) (2)
_(X(0)  (IX(0)] </TX(0)])
“x(0) (/1X(0)]=/X(0)])

(3)

Hr Xx(0)

X U,—XM R

L—X W5

X(0) —HI A & ) i

X(0)—J5 A 7 B B BE A% e 565 5% 1k 17 B

If]

SO —3E R PP SRR

M SR 2 A 1o A A )y B AL R SR
&, 51 DP YRR HIWEAR RS 28k, Hoh,DP =
| B, BEREREE 1, FERRIE GWO 535 I, BEMLIE I 1
VEIRAR & 25 R WAL B T 8T, DA 3G 5 42 Jmy 48 R
REST RN

X]
X(t+1) =

+X, +X; +X,
" (4)




384 &k MO ¥ 2026 4F
o %@%ﬁ@ _— Hﬁﬁm@&%?ﬁ%ﬁ %g
3 k SR e > IR PIR (07 '{(mf
W ] pspskeinm || PRI sy spo st et (i
FEEC WO DP=1 DP=3 — - N
g TFE R RIT WAL,
HEFRE (DP) FE R AR
DP=2
i PR 9 =
HEFIKRAE
I
v
s e
AT ST DI
N

K5 T 25 BORG  m I~ ) i e

Fig.5 Federated learning process based on multi-policy gray wolf algorithm

L X+ 1) —F—RIRRNE
X, X, X, X,—a B.6.w RZIET7 [ ]
DP =2 I, SRR 2, i i A K Je 2= > |
FEUHE R R AR R AR T, B 1 RS S KRB X,
A, 5 S0 B S IR, B S [RIVE Ry 483, IR A
HRAAN

o X, +0,X, +w,X; +0,X,

X(t+1) = 1 (5)
Hrp X +X, +X,
X, =———
D.
a) m (6)

"TIX L+ X+ X+ X
At o,—NHEH,m=1,2,3,4
DP =3 B, S PE5RmE 3, I AR mItIbE %, K
FH PR 2] SR ) T3 1 1 5k I -4 Bk 1 Jmy 3 R 4
JISRAE ST, RIS, WA R UL R LA VB[R], 7
A B R XA [R] 3 i 52, R BEHL R &,
A R, 1A > 1A RSB E
AL <1 B R 28 RORA B AT SRR
D78 BEIRAR A, B R, e AR PR A B B A
AT E, Ak
X, =rand(X, -A(X,))
X, =rand(X, -A(X,)) (7)
X, =rand(X; -A(X,))
A A—FRE &
X, X, X, X,—apBdoRYeRZIMHEM
J7 ][] 3

3 RIGIEIE

3.1 RRiEE
DA P 48 KOK AL I i 22 4 U DA A BF 92 3
S, AT 2020—2023 4RIz E R R AR S A

STHEZGGUEAR &R, X BHR a4 3 M T (A B,
C) P2 gt 2 #2410 000 4 I ZREEA R 1 000
HIGUEREAS 75 GEEUHI LA 2 5 ) 52 ), A EEAS
[ MR RCRAE . B ARRAE N T T2 4 9% R EE R
JE RO EE RN K R AR 5 4 o KUK 4
bro Bl S AR oA KU S A B 5 o 1
10 1.5:2:0 4.5, 50 B 5% B T B AH ThinkSystem
ST558 Ml 45 ¢ , A {4 I & A0 45 AUEE Intel Xeon AbF
%.256 GB N ff .4 x 1.92 TB SSD #11 NVIDIA A2
GPU, %K 4 ¥£ 5% & Ubuntu 22.04 LTS, PyTorch
2.0.1 1 CUDA 12.2, i af 45 i 48 m il s iz 11, [
SEBSE( 21 0.01 LR T 64 AR K EL 100,
HIRFER 30 MEER 0.5) , A B EARRE T IE
XTI AL RE T B2

3.2 EXFEINAWIIUE

3.2.1 Yk

Ry B UE RTINSt 2% sR AR S0 HE A
F A b B DI a7 Hp 4805 MR 285 Hh e
i} &Rt e iRy o I E i N A S TR R /A
PR AR R E S A TR R I 25, Fad a3 PR R &
T3 SCHEA T 2 2T W IR) T35, % A [R5 H0 4 1
G IAE IR 6 iR,

Bl 6 v, SEZ 4 % 5 B 78 AS H k37 il o 72
A SR T R R 3, 2 e B A R XT 1 EP AL
T AL B 00 5 R 4 Oy 30 Ao B TS 2R 5 2 I 1) v ol 4
JRBATE R AR AT 5 0 R AR R A2 AL, T RE R R 4
JRi BT 25 B o3 A A N BE T

M 6 Al L, R R H I Gk 45 2 PR B R
R a3 ARAEAE —E FR R I 2y, U AR R i B/ N il
B A S 0 % P s B RO BRI AT,
QIS 2 i IS PN N T I R S W YN e L
FETH AREU B R A R S 2R R



5520 1] VRAR A5 MR 6 B AR DRt vk 385
1 - ﬁF‘yjjﬁo
2 — & Pl
—Frim
1.4+ == Federated
s
o=
12r
1.1
1ok ‘ - ‘ ‘ Lol : : ‘ : 1ok ‘ - - ‘
0 200 400 600 800 0 200 400 600 800 0 200 400 600 800
Il e ZREER I 56278
(a) FedAvg (b) FedProx (¢) FedNova

Pl 6 A [ ARt ) R SHS ~ 1 2 (L i £

Fig.6  Loss curves of horizontal Federated learning under data with the same scale

PRl i 2 7 T AR

Sl 7EVIZRE IR 300 ~ 800 =2 [A] , A Y
P T e R S 2 R, R R G AE 250 15 e i
AERORCBEE  e 3 PR A R s T
— 3 RAPREHRE THEZR L2 DT, 2578
o R 3 TG LB B AP P A st
P Wi — 25 IR T R 2] AR 1 T4 R A I 2k

AR SR B T A R

R S TR O R I A AR T T 2R AL
P, 2R G VP Ah B A R R B HE B T Y R B,
WmE 7 Fios R A2 SRR R P B E & P i
0 FEARH N 1 x 10* & F i | FEARTECH 1 x10°
KB P 2 REARTYH 1 x 107, 43 %E K
FRBELIR AR

17}

16}

1.5}

@ 14f

émf, If

1.2}

L1t

1ot

0 200 400 600 800 0 200 400 600 800 0 200 400 600 800

B B 1 EREEU
(a) FedAvg (b) FedProx (c) FedNova

7 AN RURSE R 88 1 R 2 ) i A 2

Fig.7 Loss curves of horizontal Federated learning with different-scale datasets

TESR TS Z2 Bl USROS 52 B DI ZRAICR I, 5T
SRR A TN A i A IR, DI ZRBCR
B, MT/MUBEESE , b TR R,
Y REH DA R MU, 25 5% e K007 A R U1 2
AR

SR, ThT X R AR S i, A8 Ml 5 B
TR TR K, BB A A R U R A8 UK PR L
FEIPEF ) G EREAE, T ECR OR pRBOICSR BEAR 3R
WA iy i A b 2 B 0 ROR W] REAS Qi) , 6L
TITEAT FRES U N MELL T8 304

48 Fed Avg BB N RL B 2% TR 8
A5 48 R B B P 9 5 S e 25 [ L, i FE K B¢
RPN I — A, 5] A FedNova #2711

3.2.2 YIZRE R

XF G I E T B R R TR AT T R Ge
LSRN 2 R, Al R AR () KA R 405 46 11X 56
SRR ARG ITE R R AR U2k,
Hrp FedAvg 5 FedProx 7£ 2 I GE 45 br L AR H5 A0
WK, B3 2 nfHl, FedNova BS5 HEELEHR T H
RS IR R A [ 28 AUC i 0. 908 FHZE 0. 969, F1
S8 85. 2% W INE 90. 5% , HERIR N 83. 7% HE =
91.7% ,

x2 HREHEAREQRBEIRSGELIIGER
Tab.2 Training results of horizontal Federated learning

aggregation algorithm with the same data size
Tk KWR/% BIER/%  AUC  F1 AU % HEFR/ %

PRI 57 BR 25 A T D Ak AR Ml I 25 2 8008 B ok FedAvg 85.7 8.7 0.908  85.2 83.7
2 — S FedProx 87.5 83.7  0.921 87.4 88. 1
Wit SELATASCHO A PR LB G 7 ., 9 TH I 2 FedNova 90. 6 90. 1 0. 969 90. 5 91.7

Ho FedNova iy fiff p B4 S5 A4 1 ] AL 42 (1 17 37 18
B, o BT R 32 R 26 T Y e RO R AR A TR
ATRE,

AR AR IR AR AE 30 DESIR R &30 R 5k 5h
HI, N 3 Fom R CH R AUC F1 434k,



386

VS A1 R S S ¢

2026 4F

HER R BN 91. 4% FFEZE 73.7% 93.7% K&
% 72.7% .0.879 F [ % 0.758.90.9% F & =
77.2% 89. 1% FFEZE 67. 7% , i A TEREFE b
¥ 90% i, RUMEGN FedAvg Al FedProx -
T AE A BN [ RU AR £ i 1 10 0 2 500 B ) U1 R L
RERFR R /N FAEE A AT LAY 25 30 488 4 1 2%
IR (A RIS B 7 A TR F B AR 45 1 T I 4L
RRAE,

R3 TRBEAEERRBEIREGHEEIIGER
Tab.3 Training results of horizontal Federated learning

aggregation algorithm with different data sizes

. K Al F1 HER
Ik AUC "

/% /% NN F/ %

FedAvg 73.7 72.7 0.758 77.2 67.7

FedProx 76.5 78.7 0.771 84. 4 81.7

FedNova 91.4 93.7 0. 879 90.9 89. 1

FedNova i 13 51 A #L G 1k F 2 06 &, fi ok 1
FedAvg 5 FedProx 7E Al [ £5 48 it 1 25 S5 15F 1Y)
PRIk o 1R A A 28 7 B 14 A b, B 1 A TNAR
AC TR DR A SRR Y 1) B A T S A 5 P i A
HATERE S IEPRTTMR . X — A THER T S
UOB 2 S T 3000 R e m) R foff 4 Jmy A 7R AR Ak T ) '
GG A 75 s ) LS H R R A

FedNova it izf 1 % SF B S 30 1 X H AR pRi

B — B H I8 N LA, B2 T T A AS [R] AR b A
RIS T RS ek, R FedNova 78 Il 2k it [A] I
FHES T FedProx A Bt fin , {H B 4k ~F- 349 5 Wi oy
e BIBAN T B AR T A A A BE T
B FedNova FERUCR SRR Z B EUS T R AP,
3.3 RUHEFELRIIE

INFR IS oR Bl £ Sk B, MSCGWO S 1E T B 5
B A N ERI B W A WSt Bk 18 B A I 2k
BBOEIET R (EAN R S5 A T U siGH
Ao 22 5 10 3, R 24 ) R A SO0 S ik 1k
REZ T, K if A AUC #h< iy 28tk — 0 16
UE T 3% — 5 RSB 2R Zhu Bk 2] 0. 3 N E 4k m L, R
IS BGEBERET A ERESE I B 3

S PA R S O AR A M BE 19 2, 7E MSGWO
HEZRR il Fahid S5 811 9 AL S 5UE NI
LRFPHE , TR 502 AS R A i 27 AR RSB
AT AR R, MSGWO 1 i 5 75 5 B S s 50k
YL R AILH], E AL S B, R s S Az
fkrEds .

1 8 i MSGWO 7 42 Jay 48 & axb A5 rpox i i 245
A IVIGRIEAS , BE 4 2T B — 20 2 800mc &, 1
A B v, MSGWO S it V11 25 26 30 0 56 T1E 48 3 1 3
e L S A A A AE FL 43 80R AUC 45

LS R L L

00, TEFUR0 —E UL —F 2 00 TRFURO —F UL — &2 =& 0 — % Pl — & P2
0.96
85t
80 0.94
; 80+
£ 70 < 092}
S i 5 75
N B o |
- = 2 090
= 60k
& RO 08l
65
501 0.86
60
0.84
40— . ‘ — ; 55 : : ‘ ; : : ‘ : ‘
0 200 400 600 800 0 200 400 600 800 0 200 400 600 800
ZREE TR ZREIR WEREIR
o6 =0 — & il — % 2 1—6@‘4%‘0 =& il — P2 == Federated 50 =& 0 — % il — & 2
| 0.85F
sol 15
0.80
" 14+ . ‘
L 701 b & o075t
ﬁ & 13} &
= 60} 2o £ 070r
12+
0.65
50t i
L1y 0.60f
1
40 L L L 1 1 140 |I 1 1 1 1 1 0.55 L L 1 1 1
0 200 400 600 800 0 5000 10000 15000 20000 25000 0 200 400 600 800

LR 7N

Pl 27N

ELER 2N

K8 FETIRARG A 45
Fig.8 Experimental results based on MSGWO algorithm
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Tab.4 Prediction results of horizontal Federated

R R

learning aggregation algorithm
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b
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Tab.5 Performance test of different methods

. Fh FEN| F1 TET

Ik AUC
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SCAFFOLD 88.2 8.1 0.932 8.9  89.2
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