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Abstract

Electricity demand forecasting stands as a critical research area within smart grids, requiring accu-
rate modeling of the temporal characteristics and peak variations inherent in consumption patterns.
However, significant disparities exist in electricity data characteristics and demand patterns across
different regions, with consumption data from certain areas constituting sensitive industrial data ne-
cessitating robust privacy protection. Federated learning offers a viable privacy-preserving solution
for electricity demand forecasting tasks. Nevertheless, traditional federated learning approaches en-
counter two primary challenges in this context: 1) local models at clients with insufficient electricity
data are prone to overfitting on noisy peak variations; and 2) substantial heterogeneity in data fea-
tures exists among clients, leading to parameter inconsistency across local models. Consequently, ag-
gregating these divergent models at the server results in an over-smoothed global model that com-
promises its ability to capture peak fluctuations effectively. To overcome these challenges, this paper
proposes a Federated Dual-branch Graph Neural Network with adaptive parameter aggregation
(FDGN) tailored for electricity demand forecasting. Within the local model framework, FDGN first con-
structs a hybrid feature representation capturing both the temporal evolution and numerical volatil-
ity of electricity consumption data. Recognizing that temporal patterns and peak variations possess
distinct characteristics yet are equally crucial for prediction, FDGN employs a dual-branch graph for
parallel modeling: it designs an electricity time-series graph coupled with a corresponding multi-scale
attention network to extract temporal patterns, and constructs a numerical structure graph paired
with a Gaussian autoencoder to represent peak variations as dynamic covariance features within a
parameterized Gaussian distribution, thereby mitigating overfitting. These temporal features and co-
variance features are ultimately fused to generate the final prediction. For global model construction,
FDGN addresses the over-smoothing issue during aggregation by introducing a similarity-based adap-
tive dynamic parameter aggregation mechanism at the server. Experimental results verify that FDGN
outperforms conventional federated learning methods in electricity demand forecasting.
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Figure 1. The model graph of FDGN
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DOI: 10.12677/csa.2025.159241 245 TFEARY 5N H


https://doi.org/10.12677/csa.2025.159241

B A

AP T A BENSECR S A S 2 25 T R TR T i P4/ 48 1% 45
#, FDGN R ZER N 1 fioR o

ARSI T — R T HA HENSHUER G B 3 B R 2 N 25 16 A o 7 SR T g v . Hoidad
RWr.

3.1. AEEFERFNEHEEGE

ARSI BB AN 5T b B A Xy S I A 4 P S ] R RIS RV AR Ak, T R RV I (] 52
HIAAY 5 2 T 248 P e i Y P i e A i 0 - ) (R BB AR S o 2 P St A T st T I P A2 1
YA A AR AL I BE AR OG . BRIk, D 7 @A BB 1 IR S ) ST ik, ASCBETE TR 3L
K.

3.1.1. BIEFAE SN X EE

ERAL B, BEATHRFAERS G 5, (83 & Tt ST RHAE M/ T %) . BT R E A ale
12575 -4 %443 % (Seasonal-Trend Decomposition Using LOESS, STL)K; 54 73 it N = A~ or . [ & T.
ZFNE S, BESER]. AR5, 0 EHE N H A A 515 ES 7 % (Ensemble Empirical Mode Decom-
position, EEMD) RIS AL (IMF) 7> &= . Rk, XHFREAETE ), BdEmE £ #Hidata, T, S, R, Mean,
Variance, IMF, ..., IMF 4R, M5 FH B S 0 R s .

FERR, AR R S B FRATE A () Heks B s R R Xy S

DualG =(V ,E,,,.E,,) (1)

WIS B FFHIR X = {x1, %2, ooy Xn} ER Y, FLHRAEAN 8] £ xR L — AN BT R v 15 RURHIE R 2R £ =[x,
Ti, Si, R, mean,, variance,, IMF, ..., IMFi]. DualG B&PHMEIRIL, —FOHTEENFRR, RN
Etemps R RLIIRIFEFEBE R Arempo 57— P AR B 250008 P O BUE A OGN, IR Egimy X8 LA 4250 P
N Asime BARMEF, HPTHELRMT .

N T A R EHGRE I RVRRE, B e LA ()

Foay ({0 =1~ <15 -1 o

Hrp K Z2BRIE O, fi=[x, Ty Si, Ri, meany, variance, IMFiy..., IMFi]s Egenp &1 fERXMIEGT, BHEF
BIrR 5 YR R ¢ B BT SO B R A, A E R ) SR . 1% 5 P R B 1A AR A (4 A
K X —2h.

R YAE B e R A R D [ B A R IO P R P, FRATI TR A e R A e . BT
XSRS, 8T AT A O BTSRRI Rk, FRATE SURFEAR AL E WA 20(3)

E,, (t,5)={(/.1.)|Cosine(f. £,) > 7} 3)

Horf Cosine RN RIZAMAEE . N T B L g 5 F NG B EEER 0T, AT E RE « RidjE.
BT EAHEESIMENEYE. R, ETIXEEERAH S, @R E P EX R,

R, AT T XD 8RR, FIH X X433 BB F T R 28 R 4% f S A
3.1.2. ATABESRKTNNEHEME

FDGN Wit 7 —Fh % JUE I ElE = Lk @ sy 2 i .

1) Xt B .

DOI: 10.12677/csa.2025.159241 246 TFEARY 5N H


https://doi.org/10.12677/csa.2025.159241

P A

FDGN it 1 2 REZE BERE A ML, SRR AR R IRAE, @A A i 1) Fr 14 2
I PRI BT, FDGN FIF 2 RUEE B ) M2 S e ROBEE ROHFIE, s =ML
(1) EREFET R MRBRIACVE R Q) BEMAXRERYHIEE R ) WEERE
RAEHER IRHE.

PN E) B 2 8] FR AR BLRE T R 24 5K(4)

Sim:'_ = Cosine(A[’;mp xP'x fi, Ap. xP"x [, ) , 4)
Sorfr ! R PIATHEREREN) b RIEARSG,  Sim i R 2 [0 A R EARGUASAE, PP 2 STRUAAGRE,
FT U h RIEAUE BRE,  h RIEE =) RB0E a2 (5)
a:f = softmax(Simj ), ®)

Hrb o) REIEE R % FDGN 5 H AN REERMTER I REG Re3k T H AN FRUZ TR R80T 5E i 10k
ISWALSEIRAIPASN)

feature, = Zfzja: xQ"x [, (©)

Horpr QAT ZRAL

2) X THUEAHRAE:

FDGN ¥t 13 T 2 B Ui e A iddas, AT @A B BB R . Ao T2
BRER I gmAS s 0 3 Bk, 198 S 2l i A o RN RFAE -

> Bk BUEMRE B

LAY R i BRI N B, 8 e R Rl N B BB S I R 1 05, THSRARBIE R IR, AR5
AP L DX

(7

a!.(,.') = softmax{

(Asimf; ) * (Asimjvjr )
7o
Forb, Agn RERBIEFELE, S A REN 1, fHRRIE, TR EERAE.
> BBk MR R
TR BRI R, 2P Frik XN 1) 1454
algz) = lg.l) + softmax ((W oAy ) fix(Wod,,)f! ) (8)
X, W RBEHLATAA A AT 27 ST R
> ke RSP HERLER S Y S A
REZERAER, TEHURA TR I AT RHIE -
Z=N(ZL (T, s, ox T (2, a1, ©)
Horr, w R ws AT IS8, RAES B R m i AT R SSHE AN 7 22 o Al 2 B a5 i 26
RTG53 7E = T IR
3.1.3. BTN TEFER AR ETN
gl BRABER, G RO SCRMETHSR ] BB 1 s AT, A 3 (10) TR
y= SLP-layer(Z ©) feature) . (10)

DOI: 10.12677/csa.2025.159241 247 TFEARY 5N H


https://doi.org/10.12677/csa.2025.159241

B A

X H, SLP-layer s&fi i Fil &5 R M Z, Z O feature Ko Z 5 feature WL R . 1155 H
bR /ML A A D) ARk .
A2, [Cosine(zl” Z ) — Ay, T +

CrossEntropy ( ", label” )

1
Loss =— 11
v 2 (1n)

HH, CrossEntropy KRN, 2 RonPWEEERE, H T PA7 B RAE X0, X BIRATH
0.005,

3.2. ETHRESKENENERRENNSEHES

AT IRV PRBURAE A BRI A b (ORI L, BTV T — PR T B S AL 0 55
BIBHOR AT T RRBE, BB YOE BRI AR R e P ), (RN E R e 5
NAJRTEMMI, 7 1EA MR R — B R SR

TE I 55 233

> SRR TE A AHUR BB S H w5 AT AR BB we LI L2 858 D, =, - w, | -

> BUEE: fH ] softmax BEUTHH R EHE a:

> BEPATIna12)FR

W o = Daw+ EW, (12)

Horp g 7 RS HAR B R AL
FER o, o FH FRUSCI) 4 SR R S A BRI, 5 N2 JR AR R AR T, 453 % R i dn 4 SR (13) s

2
’12,-,1- [cosine(Zi" , Z;’ ) = Ay i l +

CrossEntropy ( ", label” )

(13)

2
+5 "Paremeter,om, , Paremeter,,, ,

1
Loss =—
oss =Y,

X H, parameter 5 T F F) 45 iE %2 SLP-layer FIFEH S 4,
4. SLIG IR

AT SIS FLE T PG = A OGBS 18 (1) FTERH ¥ FDGN FE 0N 5 T £ T 24 7575 (2) B
P XS S EIRR LA G P A S 2 A 3 (3) T ARBLEE (1 & B S UK & e R R 24
AN —F ]

4.1. BiE&E

AL 2 DN HHE R AT SR

1) JET Kaggle I BEI& EFF 22 (1) H WL B B4R 48[ 26] (Data_kaggle)

(https://www.kaggle.com/datasets/fedesoriano/electric-power-consumption)

ZHIEE A 52,416 ZMMICT, [HRSJY 10 708, RFAKICTEA 9 AMRHIE: I EER(10 708 & 1),
INEGIRE . AR . KU A — T O —— ARG R R IGIR R AR HB(<0.2°C £ 100°C), 1EH S
T ANZH T A H FRIEAE K o 28 B A48 = M8 XX 1-3) B F F 48 b, T3R8 20 B Gl 22
MWEE WGl §BOREARHE R & s e . B X 2 A EEAWE 2 P, Hd, X5
PR A SR (I RS, 2B SR AT 10 708 & 1), Y Bion 3 — i s i

DOI: 10.12677/csa.2025.159241 248 TFEARY 5N H


https://doi.org/10.12677/csa.2025.159241
https://www.kaggle.com/datasets/fedesoriano/electric-power-consumption

P A

B i

— HxAEf

40 60 80 100 120

Figure 2. Electricity consumption data in Zone 2
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Figure 3. Consumption data in an area of the China Southern Power Grid
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Figure 4. Test MAE on Data_kaggle dataset
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Figure 5. The forecasted electricity consumption curve in Zone 2
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Table 2. The global MSE of the FDGN model on the China Southern Power Grid dataset
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AvgFL-SVR 0.171 0.193 0.182 0.188 0.229
AvgFL-BILSTM 0.159 0.182 0.171 0.183 0.217
AvgFL-MSattention 0.153 0.179 0.167 0.180 0.212
FedCor-SVR 0.151 0.188 0.175 0.189 0.223
FedCor-BiLSTM 0.143 0.179 0.169 0.181 0.211
FedCor-MSattention 0.141 0.173 0.165 0.179 0.207
CNN-LSTM FED 0.136 0.165 0.160 0.169 0.195
Adaptive Stacked LSTM 0.133 0.159 0.153 0.173 0.197
SparseMoE 0.129 0.156 0.156 0.172 0.194
FDGN 0.122 0.155 0.144 0.164 0.191
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Figure 6. Test MAE of electricity consumption in the China Southern Power Grid dataset
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Figure 7. The forecasted electricity consumption curve in Area 1 of Data_Sourthern
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Table 3. The influence of the global model for clients (Test MSE) on Data_Sourthern
% 3. 2 BRERNE FIHAIENE(Data_Southern L AYMIK MSE)

it FDGN FDGN-local
X4 1 0.122 0.147
X1 2 0.155 0.178
X1 3 0.144 0.171
X1 4 0.164 0.182
X1 5 0.191 0.221

7 3 fr7x, FDGN-local 38 AN 1T4 )R -4 1K) FDGN AHi% R, FDGN LT FDGN-local, iX&iiF T
4 Jry AR PR SR A e AS B 1 2 S A R B .
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Table 4. The ablation MSE of the FDGN on Tetouan-Electricity-Consumption dataset
3% 4. FDGN #ES L R R EXIRE LHIHRL MSE

g%l X35 1 X35 2 X35 3
FDGN-A®AE 0.117 0.197 0.180
FDGN-Avg 0.123 0.201 0.179
FDGN-AE 0.121 0.197 0.179
FDGN-temproal 0.122 0.202 0.180
FDGN 0.115 0.193 0.173

Table 5. The ablation MSE of the FDGN on China Southern Power Grid dataset
Fz 5. FDGN 7£ F [E|Ra 75 B R 2 55 L A9 iHRL MSE

i X35 1 X 15 2 X3 3 X 15 4 X% 5
FDGN-AtAE 0.130 0.161 0.152 0.169 0.194
FDGN-Avg 0.129 0.161 0.153 0.167 0.192
FDGN-AE 0.127 0.159 0.151 0.166 0.191
FDGN-temproal 0.129 0.162 0.150 0.169 0.194
FDGN 0.122 0.155 0.144 0.164 0.191
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