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Abstract: Accurate prediction of electric vehicle charging demand is crucial for alleviating pressure on the power grid. To
address the issues of slow convergence and vulnerability to unreliable nodes in existing prediction methods when process-
ing non-independently and identically distributed (non-IID) data, this paper proposes a Double-Layer Credible Federated
Learning (DCFL) strategy for energy demand prediction. The proposed method employs heuristic association rules to au-
tomatically mine charging information without requiring additional data collection. It selects benign local updates based
on weight loss variation to accelerate convergence and resist interference from unreliable nodes. Furthermore, a multi-
channel attention mechanism is introduced to design the loss function and the weighted aggregation scheme of federated
learning. Experimental results demonstrate that, compared with traditional federated learning methods, the proposed
method reduces training time by 71% and increases convergence speed by 17.6%, showing significant advantages in both
prediction accuracy and convergence efficiency.
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TABLE 2 Software environment

Qs fRA Bpr flA
Python 3.7.11 JDK 1.8.0
Pytorch 1.4.0 Spark 3.1.2
PySyft 0.2.9 Hadoop 3.2.0
VSCode 3.1.2 CUDA 11.5

6.2 KIS

NT IR G SRR — g BRI, AR ST T
%% (Root Mean Squared Error, RMSE), JL%{
FIRHAR

. .
Ay; = ;z,-:l‘yf'yj 2

(D BRARBREE. N 7 RIEAR SISt
JA R ORI A Ve AT IE WP, A SOR AR T4
RAFANTE H 3k 1) P B2 78 LR K RMSE JF HoXHX
Sl 25 R 2 ) A R B E R, S5 R 9
B

(3.1D

.5 L] UCL=17.8%

AL {H (kW)

15 :;cl
TS

K9 RMSE fJ5 &% 1 70 i
Fig.9 Quality control analysis of RMSE
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Fig.10 DCFL credible evaluation
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Fig.11 Predictive capability in charging station
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TABLE 4 Training time and convergence

Method FedAvg DFLAvg p? DCFL
Duration(hour) 27.2 9.6 8.1 7.9
Reduction Training Time 0% 64.7% 70.2% 71.0%
Iteration Number 500 446 418 412
Reduction Iteration 0% 10.8% 16.4% 17.6%
@) ZPTEREETE. N T 50Tk 100
XE, ASCHREEUEE R IMER, Mk 00 | pereme e e
575 R R 2 IR 922 ST BL . R ECCHRT L9 DU 5 i oo s S
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Fig.12  Accuracy comparing with different algorithms

0 20 40 i 100 120

60
&
K13 e A e st

Fig.13 Comparing convergence with multiple algorithms

e LEE K HEINERLEIE T T RES
Mr, B FR A R R AR s HIRTESE — 2
IS 2 2 w4 A AT AT S R, S AR AL
SAH & AN Non-11D £ 4 (1 b B Ge 1, 7E28 — B 5l
NBCEFZ K, SRR (i B2 . i SRR
B, ARSCOTVEA EL B AL Ge A B 2% 3T, ISR [a]
WD T1%, WSCSIGH B 36 I 17.6%; MR O 7
1, SR TR T R AE IS SO B ARG FE 7 T B A B R



o ]2

(/IR

2

i/ XX &

5ETt.

g (1995-11-06), 5, T A2, 7

TP ARG, Y, AR, T
Jitl: Ml 5 N TR G

EEPEE

(1]

(2]

(3]

[4]

(5]

(6]

(7]

(8]

(%]

[10]

Hinov N, Vacheva G, Giles B. Mathematical Model for Determina-
tion of Energy Cycles in EVs[C]. 2020 24th International Confer-
ence Electronics, 2020:1-5.

Li G, Gorges D. Ecological Adaptive Cruise Control and Energy
Management Strategy for Hybrid Electric Vehicles Based on Heu-
ristic Dynamic Programming[J]. IEEE Transactions on Intelligent
Transportation Systems, 2018, PP:1-10.

Elmi S, Tan K L. DeepFEC: Energy Consumption Prediction un-
der Real-World Driving Conditions for Smart Cities[C]. The Web
Conference 2021. 2021:1880--1890.

Majidpour M, Qiu C, Chu P, et al. Fast Prediction for Sparse Time
Series: Demand Forecast of EV Charging Stations for Cell Phone
Applications[J]. IEEE Transactions on Industrial Informatics,
2015, 11(1):242-250.

Wang Y, Bennani I L, Liu X, et al. Electricity Consumer Charac-
teristics Identification: A Federated Learning Approach[J]. IEEE
Transactions on Smart Grid, 2021, 12(4): 3637-3647

Fuli Qiao, Shan Lin. Data-driven prediction of fine-grained EV
charging behaviors in public charging stations: Poster[C]. Proceed-
ings of the Twelfth ACM International Conference on Future En-
ergy Systems (e-Energy 21). 2021, 276 - 277.

Zhong D, Sun P, Boukerche A. Empirical Study and Analysis of
the Impact of Traffic Flow Control at Road Intersections on Ve-
hicle Energy Consumption[C]. Proceedings of the 18th ACM Sym-
posium on Mobility Management and Wireless Access. 2020: 21
- 28.

Chis A, Lunde N J, Koivunen V. Reinforcement Learning-Based
Plug-in Electric Vehicle Charging with Forecasted Price[J]. IEEE
Transactions on Vehicular Technology, 2016, 66(99):1-1.

Banda P, Bhuiyan M A, Hasan K N, et al. Timeseries Based Deep
Hybrid Transfer Learning Frameworks: A Case Study of Electric
Vehicle Energy Prediction[C]. ICCS2021-21st International Con-
ference, 2021:259-272.

Afiya Ayman, Amutheezan Sivagnanam, Michael Wilbur, Philip
Pugliese, Abhishek Dubey, and Aron Laszka. Data-Driven Predic-
tion and Optimization of Energy Use for Transit FIeEVs of Elec-
tric and ICE Vehicles[J]. ACM Transactions on Internet Technol-

[11]

[12]

[13]

[14]

[15]

[16]

[17]

(18]

(19]

(20]

(21]

[22]

(23]

[24]

[25]

ogy, 2022, 22(01):1-29.

Naoya Yoshida, Takayuki Nishio, Masahiro Morikura, Koji Yama-
moto and Ryo Yonetani. Hybrid-FL for Wireless Networks: Coop-
erative Learning Mechanism Using Non-IID Data[C]. 2020 IEEE
International Conference on Communications (ICC), 2020:1-7.
Grubwinkler S, Lienkamp M. Energy Prediction for EVs Using
Support Vector Regression Methods[J]. Springer International
Publishing, 2015(323):769--780.

Zhou J Xiang Y ,Zhang X, et al. Optimal self-consumption sched-
uling of highway electric vehicle charging station based on multi-
agent deep reinforcement learning[J]. Renewable Energy, 2025,
238121982-121982.

Yadav K ,Singh M .A novel energy management of public charg-
ing stations using attention-based deep learning model[J]. Electric
Power Systems Research,2025,238111090-111090.

McMahan B, Moore E, Ramage D, et al. Communication-efficient
learning of deep networks from decentralized data[C]. Artificial in-
telligence and statistics. PMLR, 2017: 1273-1282.

Chen N, Li M, Wang M, et al. Compensation of Charging Station
Overload via On-road Mobile Energy Storage Scheduling
[C].2019:1-6.

He C, Annavaram M, Avestimehr S. Group Knowledge Transfer:
Federated Learning of Large CNNs at the Edge[J]. 2020, 33:
14068-14080.

Wang X H, Zheng X K, Liang X. Charging Station Recommenda-
tion for Electric Vehicle Based on Federated Learning[J]. Journal
of Physics: Conference Series, 2021,1792:12055.

Saputra Y M, Hoang D T, Nguyen D N, et al. Energy Demand Pre-
diction with Federated Learning for Electric Vehicle Networks[C].
IEEE Global Communications Conference (2019). 2019: 1-6.

Tun Y L, Thar K, Thwal C M, and Hong C S. Federated learning-
based energy demand prediction with clustered aggregation[C].
IEEE International Conference on Big Data and Smart Computing
(Big Comp)(2021). 2021:164 - 167.

Christopher Briggs, Zhong Fan, and Peter Andras. Federated
Learning for Short-term Residential Energy Demand Forecasting
[C]. 2021: 2105.

Li T, Sahu A K, Zaheer M, et al. Federated Optimization in Het-
erogeneous Networks[C]. Proceedings of Machine Learning and
Systems, 2020, 2: 429-450.

Karimireddy S P, Kale S, Mohri M, et al. SCAFFOLD: Stochas-
tic Controlled Averaging for Federated Learning[C]. International
Conference on Machine Learning. PMLR, 2020: 5132-5143.
Sattler F, Miiller K R, Samek W. Clustered Federated Learning:
Model-Agnostic Distributed Multi-Task Optimization under Pri-
vacy Constraints[J]. IEEE Transactions on Neural Networks and
Learning Systems, 2020, 32(8): 3710-3722.

Zhu Y, Luo H, Chen R, et al. DenseNetX and GRU for the Sussex-
Huawei Locomotion-transportation Recognition Challenge[C].
UbiComp/ISWC 20, 2020:373-377.



% XX

EE IR JETXUR AE R A2 2] 1) F3hi U RE R R R T <13

[26]

[27]

(28]

[29]

[30]

Mills, Jed and Hu, Jia and Min, Geyong. Multi-Task Federated
Learning for Personalized Deep Neural Networks in Edge Com-
puting[J]. IEEE Transactions on Parallel and Distributed Systems,
2022,33(3):630-641.

Bonawitz Keith, Ivanov Vladimir, Kreuter Ben, et al. Practical Se-
cure Aggregation for Privacy-Preserving Machine Learning[J]. As-
sociation for Computing Machinery. 2017, 17:1175-1191.

Luo Y, Liu X, Xiu J. Energy-efficient Clustering to Address Data
Heterogeneity in Federated Learning[C]. IEEE International Con-
ference on Communications (2021). 2021:1-6.

Li A, Zhang L, Tan J, Qin Y, Wang J, et al. Sample-1ETel Data Se-
lection for Federated Learning[C]. IEEE Conference on Computer
Communications (2021). 2021:1-10.

Jonatan Reyes, Lisa DiJorio, Low Kam, Marta Kersten. Precision-
Weighted Federated Learning[C]. 2021: 2107.09627.

[31] Beibei Li, Yuqing Guo, Qingyun Du, Ziqing Zhu, Xiaohui Li,

Rongxing Lu. P3: Privacy-Preserving Prediction of Real-time En-
ergy Demands in EV Charging Networks[J]. IEEE Transactions
on Industrial Informatics, 2023, 19(3):029-3038.

EiE (2000-06-30), Zr, LEEMid2240,

a PRI RR B, BhE, LARHUN,

FHEBFI A DAL RGEE

Br=2 (1995-04-26), *, L2t
£, PER R AR B, YRIT, BAT
HOm, FEHFFTH: KB BER,



