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Adaptive and trustworthy collaborative decision-making for distributed generator
clusters considering data privacy protection
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(1. State Key Laboratory of Intelligent Power Distribution Equipment and System, Tianjin University, Tianjin 300072, China;
2. China Southern Power Grid Electric Power Research Institute Co., Ltd., Guangzhou 510663, China;
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Abstract: Rapid fluctuations of large-scale distributed generation (DG) can easily cause issues such as voltage violation
in distribution networks, affecting their safe and stable operation. Additionally, distribution clusters may belong to
different stakeholders, making inter-cluster data privacy increasingly important. To address the problem of DG cluster
control under multiple stakeholders, an adaptive and trustworthy collaborative decision-making method that considers
data privacy protection is proposed. First, a multi-cluster trusted collaborative framework for distribution networks is
constructed based on split federated learning approach, and a deep learning model is established for voltage
decision-making. This framework enables data fusion and collaboration among multiple clusters with privacy protection
between stakeholders. Then, a reward mechanism is incorporated into the deep learning model to evaluate the quality of
measurement data, allowing for adaptive model updates. Finally, the feasibility and effectiveness of the proposed method
are verified using a case study of the Jiaomen distribution network in Guangzhou. The results demonstrate that the
proposed method offers strong privacy protection capabilities, improves voltage quality, and effectively mitigates voltage
violation issues in the distribution network.
This work is supported by the National Natural Science Foundation of China (No. U22B20114).

Key words: distribution network; cluster control; distributed generation; adaptive control; privacy protection

EETE: BRAARAFALTE K8 (U22B20114); &7 0 M3 A0 B K85 (ZBKIXM20232291)



-112 - W) 2GR B4

0 38

4347 20 L YR (distributed generator, DG) K FFE A
WA BN, (43R H M s AT S i B
K#klik. DG th 1 B EAH e ERmIIRE S, B5 5]
2 TiC B A R % i) 41, 4 S . e R S 3
W X EA A B EAL R g A - ToTh M s a5l
TS, AR DUE SAC M DG s
KI5, A DG #2876 42 25 5 e H R £
TeINSZH%, DA BEfer PO B, RERE A SR T
LR, IFB O — T 7t #4510,

HHEl, ECHM DG JoIhish| ik 20 A+
Az A RER R R, £54& PR DG
JoIhE T vkiE RS I M T A B, T
A R R G FE AT R R SR, RS SN 4 R B
Lo SCHR[SIHRHE T — b3k 52 1Y P o S5 (B A Y () T
B E VR TE Ak g7k, BRAR T B H AR AR T
SRR, SCEL T IR A AR S R DR S A Y
IR &G s SCHER[91pe T — P T R B3 S AL
HLRR I T775, fIR T M R D) SRR R, B
KIRFE R L & T & A ThIh 2t 7 SCER[101%F
Xt DG 1 N\ D0 EC H ) E R BR R R, R T
— PP IR ) H R A 5, TR 2 AN R L
i DG WAE S AIA 2R 28 . M TG4
s, oA AR R — Flog B4 i 2844
ZEIE WA FEE . SCERNT AR ERE &
W s B KR B s, B T —FhdE T oA U L H Y
MEBA AT E 7% SCHR[12 A 22 i =15 B
I EC MR R ), R T R TIREE
SRS ) (R A FE R s R U, SEIL T F s A R
TN SCER[13)4H T —Fh L T I F L 2 R fe ik
TR P BVA M R PR 5, SEIL T RC N T
AT TG gz . DL ERF RS TF40 DG
POEAH B B, S0UE T oA SNAE R L R 2 1 )
ALAT P e R

SR, BEE 2R a AR, ASFESERE AT g
HJE TAF 2, ZEFREIRRA R TR E KA
PN, B FA LR Pk R A TR AR R B 22 A 1
DU FTHE AR 28 AR “ BRI E 7, 7EORS FRAL
H2EAl_E SR A . RV S A, B
BRI &R, FHorp DUBE R 22 2 (federated
learning, FL) Q58 (1) 5 T- AL 28 2% =) B B AL R 3P HE
TR, 33 Tz MRS M .

FL 7 2017 fE i kA ml iR 5, WMol TARZ
S B ORVE, 7R L) RS 2 AU A
FitRE . SCHR[1S)3EH T — P25 8 2 F 28 AR R AL

R TR =L R B R0, 12 FL HEZESE
Xof 2 ) d 32 A BBURBGR B AR R4 SCHER[16]48
TR TR A 2 3] (1) 2 B Re AR o A X R AR
Wik, 7R R S AR AR 0 & A B ]
SEIL A R SCHR[17148 Y — R AN ER 22 5
Jiik, R H BRI, Z AT R
P E MBS S, o LR PSR
BR[ 18T % FH = i 110 [ AL 75 SR H X 18 A4 1 2 AR
PRI 8, B — R BB ST R A
AT R ZE T3 15, T AR AR R P R R AT R
PEm TR M SR AR AT s SCHR[19) 3 Y — Rl T
3 IR 2 S (R 3 X 3 - B S 5 A IR S Al
Jiik, RPN RGEIERA TR N, SELT
RGHPRAS PR, FE HIGE T iZ kR it s
RSV Z . SCER[20]82 7 —FPH T &
R R YN W RIS I 2473 S 2 s (b i
T R SRRT R AT RS, SR T R SR
REVEE B, JF HESCPradn 4 1 sep it 5 36AE 7
TR RS BERSCR TR FAL G 7

FL W AR A T DG M Sk, AAE IR 2
FEREANID G 0 B A 5 J S B IR 2 ST A TR
Wk, BBt HE BRI ERERE, AFT K
BRI 2R I 206 27 512 (splitfed learning,
SFLY# KAk s MR R T mimillZk, AHEET FL
BEAR T XA ST AR B I I ER, BRI
oA ANLES A S k. FEBAWTT T, SCEk[22]%
ST 3T SFL -l G RERESE, (R R
TRAE BRI fE 3R s b I 2%, 3047 Fuser
T, IR T TR TR RN AT S R R R
1 PRI TN FE

A SCNF SFL HEZE, $RH T —Fh % i Hdm B A
-9 DG R AE P RIS T 07k . B H o 4%
AT G F FH A2 B Y 38 47 s 14T 43 A1 SR 4
%k, mNFET B2 S A 2 AN T (B0 5t
AT EERE IRV ECIE D [, 30 7 SRR TR R PR S B R,
ST 2R RIS . [, AT ARAGIRE
SRS R B R S I S, AERA I &
IO 2 Jh AL %o U AT O 5 R, B TR
R B 2 6 O SR, S T AR R N S T T A

1 BT SFL MBI Z KA A S h RIHESS

SR IR S R 2 1o -2 AL
(R4 ok, BIET SPLRGRERRAL 2 AT (50
R, T | R, S, AR T LRI L
UL FRORA MR, DR &
TEEENTS



G, 55

25 R B DR 7 1 7 A1 SR USRI N AT A5 W [R) R SR T ik - 113 -

T e
P SN ZAEBEURA
b v

2N

N 4 N
AN -~ —_—_

G OT31 bl I I B 2 RO

B 1 EF SFL HIECE M % L8 RISt EIHESR

Fig. 1 A multi-cluster trusted cooperation framework for

distribution networks based on SFL
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