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Energy consumption prediction model for electric vehicles
based on memory-augmented attention network

Peng Ziran, Yang Xiaoyang, Wu Yuezhong,Pan Changning

(School of Transportation and Electrical Engineering ,Hunan University of Technology, Zhuzhou 412007, China)

Abstract: To address critical challenges in long-sequence energy consumption prediction for electric vehicles (EVs) , including memory
decay, high computational complexity of attention mechanisms, and insufficient adaptability to dynamic driving conditions, this paper
proposes a memory-augmented attention-based prediction model termed deep Q network-adaptive memory augmented gating ( DQN-
AMAG). The model is built upon an adaptive memory-augmented gating (AMAG) network that incorporates a three-level collaborative
memory architecture consisting of short-term memory, long-term neural memory, and persistent memory. A surprise-driven decay
mechanism is introduced to enhance the modeling of battery degradation and abrupt operating condition variations, enabling effective
capture of multi-scale temporal dependencies in long-horizon energy consumption sequences. Furthermore, an adaptive Nystrom attention
(ANSA) mechanism is developed to perform low-rank approximation of the attention matrix via the Nystrom method with adaptive
sampling dimension adjustment. This reduces the computational complexity from O(T*) to O(T-r), significantly improving efficiency
and real-time performance in long-sequence scenarios. An adaptive multi-scale spatiotemporal attention mechanism ( AMSTA )
mechanism and a hypernetwork-based dynamic forward model are additionally introduced to enhance deep cross-modal fusion between
road condition images and battery management system ( BMS) time-series data, strengthening environmental perception capability.
Moreover, the AMAG network is embedded into a reinforcement learning framework, where temporal difference learning provides

temporal-consistency regularization and enables self-calibrated parameter optimization. Experimental results based on five years of real-
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vehicle operational data from two vehicle types demonstrate that the proposed model achieves a mean absolute error ( MAE) below
0.2% , a root mean square error ( RMSE) below 0.3% , and R-squared (R?) above 99.5% under different state-of-health ( SOH)

conditions. The model exhibits superior stability and generalization performance in long-sequence prediction and battery degradation

scenarios, significantly outperforming mainstream models such as Transformer, Informer, Mamba, and LSTM.

Keywords : electric vehicle energy consumption prediction; memory-driven intelligent network; adaptive Nystrom attention; adaptive

multi-scale spatiotemporal attention mechanism; temporal consistency regularization; HyperNetwork
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Fig. 1  Overall network framework
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Fig.4 Model A remaining mileage estimation curve

F2 AEERFME R BEZYTMIER
Table 2 Evaluation metrics for estimating remaining range

across different vehicle models (%)

LR A B
WM IEAR  MAE  RMSE R? MAE  RMSE  R?
SOH=100% 0.191  0.267 99.58 0.187 0.261 99.61
SOH=90% 0.193 0.271 99.54 0.189 0.265 99.57
SOH=80% 0.198 0.279 99.51 0.186 0.264 99.59

22 ME TS R R B AN W] 42 AU RN SOH
SR MAE 24K T 0. 2% .RMSE {X T 0.3% ,R*> ¥
ML 99.5% , {HAFTE R MY JE, SOH M 100% I & 80%
F, A 727 R AN 99. 58% [ & 99. 51% (A fb AN i
0.07 ™NMEZ ) ,B R B 7E SOH = 80% i R® M4
[ 7F(99.59% ) , X435 T AMAG By WIIC 1245 He fig %
A A5CERASE R h RE BR AR, B R B AR
TR FIOIAR A n g€ , T EEAE AR, AR S
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SCHGFE T S 4 BMS ds 17 BOUE, A e 05 2 B 50 A
T Z W 5ORH 2 M, R L 7R MAE Il RMSE B 5
TFICHR[ 28 ] 4 CARLA fli BV 5 458 2 R 552
FEARFFAE 99. 5% LA b, B AIF 7B RLAE B S TR Ay S
P,

2)) Z2 PR A T E -5 SR B S0 B

DR B8 E 22 PR A REAE T A RE - S kM A B2 0
RSB LS, 2 8 A 8 BMS I 208l 55 il 5
FGL B Z B A (32 3) o BT A XTIk
PR AR AMAG 525 3R Al 2R e B

R3 ARABNARNES SOH RS TN RS HIBR R EL

Table 3 Comparison of prediction performance and inference efficiency across different input methods and SOH states

iy A& izt MAE/% RMSE/% R*/% SHE/M HEBRAT [R]/ms
SOH= 100% 0.218 0.301 97. 62 38
15 5 A (BMS) SOH=90% 0.214 0.296 97.71 2.3 36
SOH=380% 0.211 0.292 97. 94 40
SOH=100% 0.187 0.261 99. 61 63

EAI L PN
SOH=90% 0. 189 0. 265 99.57 3.8 65
(& +BMS)

SOH=80% 0.186 0. 264 99.59 62

ZERR , Z U ATEA SOH JK-F- T #1012

JyHE M AE T 256 F ik RE BE AT O A, 35 2 0 A

BMS #i A, JEHAE R® $6h5 BT 2 A E b, RES
BRI (2.3 M—3. 8 M) |, HEHRE [R5 45 il 7F 65 ms PV,
Tl RS

3) ANSA {3 & Sy ALHIRT b S5

HIRUE ANSA HLH 7E K e 51 d A v i A 350, AR 3
TERN A 5 5 K BE R (500, 1 000, 1 200 ) 5 4% #E
Transformer %75 7 AN SCHK [ 3 ] H 8 ol 8 78 25 0 AL 347
T (£ 4),

x4 AEFINKETAREEAYLEBN X EE
Table 4 Comparison of prediction performance of different

attention mechanisms at different sequence lengths

FPAI TR MAE/% RMSE/%

ANSA 0.199 0.315

500 SCifk[ 3] -KAInformer 0.315 0.671
Transformer 0. 442 0.776

ANSA 0. 201 0.318

1000 k[ 3] -KAInformer 0.336 0. 694
Transformer 0. 535 0. 893

ANSA 0.262 0. 385

1200 k[ 3] -KAInformer 0. 437 0.712
Transformer 0.761 1.026

ANSA TEJF 3 500 2548 2 1 200 2 0F MAE XM
0. 199% 14 % 0. 262% (1418 32% ) , 1] Transformer [ MAE
0. 442% 35 28 0. 761% (HETR 72% ) , F2 5 Ui HH ANSA iE
i Nystrom IRERIE U R0 AR T K7 50 1012 3 ek 7] A8
AT SRR T T, ANSA KRGS 1 200x1 200 1942 ey =

0(1200°) &= 0(1200%256)

4) ARV B: T SR [

o4 i WA AMAG B R B A i K 5
Transformer Informer Mamba ¢ LSTM #47%F b, BT A Xt
VARSI SA SR AR TR] 04 20 5 A\ B 5 880 3 43 7 =X i 2
AT MR R I B BRI S, 45Nk 5 o
/No AMAG TEFTA SOH Z R4S T MU el 2k

(B G (1 2 HAE SOH B8 2% 11 F iy Fe e 1« an
K5 OREREAITE A 42 By B th2k, 455 % b8
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Fig.5 Estimated curve at SOH=80%
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Table 5 Key performance indicators of different algorithms (%)
A B
RS e bR
MAE RMSE R2 MAE RMSE R?
SOH=100% 0.723 1. 187 89.73 0.714 1. 136 90. 02
LSTM SOH=90% 0.768 1.248 83.81 0.774 1. 166 83.49
SOH=80% 0.812 1.359 74.58 0. 808 1. 368 76. 45
SOH=100% 0. 327 0. 383 95.92 0.339 0. 386 95.76
Transformer SOH=90% 0.413 0. 441 88.72 0. 403 0.434 89.36
SOH=80% 0. 444 0. 496 81. 06 0. 429 0. 489 81.21
SOH=100% 0.302 0.374 97.51 0.296 0.371 97. 55
Informer SOH=90% 0.317 0. 406 89.78 0.312 0. 391 91.18
SOH=80% 0.393 0. 426 86. 41 0.373 0.411 86.78
SOH=100% 0.289 0.342 98. 04 0.291 0.344 97.95
Mamba SOH=90% 0.298 0.376 97.74 0. 301 0. 383 97. 46
SOH=80% 0. 306 0.379 96.79 0.316 0.414 96. 08
SOH=100% 0.191 0.267 99. 58 0. 187 0.261 99. 61
DOQN-AMAG SOH=90% 0. 193 0.271 99. 54 0.189 0. 265 99.57
SOH=80% 0. 198 0.279 99.51 0. 186 0.264 99. 59
4.3 NEhSSIG AMAG {Xf# Jl DON #£ A AMAG M4 ; S-AMAG X 5] A

SWITE AMAG 4 C BRI H (04 200 M AR T AMSTA JBAIBIHE; A-AMAG {51 A ANSA TER A AL ;
ST (% 6), WK A X L4 BT, D- DS-AMAG 1 DA-AMAG 4M 5Bl & .

R6 HEIKIGHR

Table 6 Results of ablation experiments (%)
A B
[leiATE S DOQN ERL ANSA TN FE bR
MAE RMSE R MAE RMSE ~ R?
SOH=100% 0.283 0.354 95. 87 0.289 0. 361 95.72
D-AMAG Vv SOH=90% 0.298 0. 367 95.24 0.276 0.342 96. 38
SOH=80% 0.278 0. 341 96. 53 0.297 0.348 95. 89
SOH=100% 0.274 0.338 96.71 0.294 0.342 95.98
S-AMAG vV SOH=90% 0. 306 0. 362 93.08 0.311 0. 369 92. 85
SOH=80% 0.328 0. 394 91.17 0.332 0. 401 90. 94
SOH=100% 0.262 0.321 97.68 0.279 0.332 97.19
A-AMAG vV SOH=90% 0. 304 0.357 93.52 0.299 0.354 93.24
SOH=80% 0.316 0. 392 91.59 0.311 0.388 91.62
SOH=100% 0.268 0. 331 97. 48 0.233 0.271 97.94
DS-AMAG 2 v SOH=90% 0.284 0.342 96. 72 0.281 0.334 97.37
SOH=80% 0.249 0.314 97.51 0.222 0.263 98. 04
SOH=100% 0.271 0.336 96.76 0. 267 0.331 97.15
DA-AMAG 2 Vv SOH=90% 0.276 0.322 97.41 0.243 0.283 97.76
SOH=80% 0. 269 0.338 97.01 0.274 0.326 97.05
SOH=100% 0. 191 0.267 99. 58 0. 187 0.261 99. 61
AMAG (A<30) 2 v VvV SOH=90% 0.193 0.271 99. 54 0. 189 0.265 99. 57
SOH=80% 0.198 0.279 99.51 0. 186 0.264 99. 59
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