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Reinforcement learning-based energy consumption prediction model
with multi-source environmental perception

PENG Zi-ran, YANG Xiao-yang, SHU Zhong-bin'
(School of Transportation and Electrical Engineering, Hunan University of Technology, Zhuzhou 412000, China)

Abstract: To address the limitations of existing real-time energy consumption prediction models for electric
vehicles—particularly their insufficient environmental perception and lack of dynamic calibration mechanisms—this
study proposes an energy consumption prediction model integrating environmental perception with reinforcement
learning. First, to enhance the model’s capability of understanding complex driving conditions, a road-condition
perception algorithm is designed based on contrastive learning and coupled reinforcement learning, together with a
multi-scale image feature fusion mechanism. This design effectively extracts environment features highly correlated
with vehicle energy efficiency, thereby improving perception accuracy under non-stationary operating conditions.
Second, a Markov-based real-time energy efficiency estimation model is constructed and mapped into a reinforcement
learning framework. A temporal consistency regularization term based on discounted future energy consumption
(where the Q-function is used solely as an energy-response evaluator) is introduced to achieve self-calibrated
optimization, significantly enhancing prediction robustness and adaptability in dynamic scenarios (without generating
control outputs). Meanwhile, a scenario-aware prioritized experience replay mechanism is incorporated to strengthen
the model’s ability to recognize and learn from key driving conditions such as slope mutations and rapid
acceleration/deceleration events, further improving feature extraction and generalization in complex environments.
Finally, a scenario-aware prioritized sampling strategy is employed to optimize the distribution of training samples,
improving the convergence rate and efficiency of the reinforcement learning process. Experimental results demonstrate
that the proposed method exhibits excellent robustness and stability across two vehicle types and multiple simulated
driving scenarios, achieving an MAE below 0.2%, an RMSE below 0.3%, and an R’ above 99.5%. Compared with
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xR Ext

existing Transformer, Informer, Mamba, and LSTM models, the proposed approach reduces average prediction error by

approximately 40%-70% and improves convergence speed by about 30%, yielding significantly higher prediction

accuracy under complex driving conditions.

Keywords: real-time energy consumption prediction for electric vehicles;
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5 5B ‘
PSSR 2315 [1e-5, Se-4], batch [64, 256

4.13 BEEEEBURE
T CARLA i H-F 68 = W B REFERTY,
AR I R RE R, TR L A L T B i sh )y 2
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AR E: S D RIFFER LIRS 5] REAL TN AL A 7

JRES R SH, B B T S RERE A R R 4
Wizh 11257 RE, R R A 5| 1 aAE S B Eh
BH 3 3R RH g S hnig BRL ), Feagan=X (17).

Fraction = %pC’dsz—i—

mg cos(0)C,. + mgsin(0) + ma. (17)

Hrh, CoN AR R, ARNEFRHR, v Y
HOE L, m A&, ONEBR LM, C, NED)
PH ) 234

BETT T+ A2 5 IR Procion = Flraction - v, % FE
LR G, BEENBEFEN Prive = Praction/n. TEIRIE T
OUF, SINFEAGISIALE], EIZER Prgen = Neegen”
mav. WAL, HiBh RS ReHE P, AF N EE S BT

AR AN [ REAETH B AN 2X (18).

Frac ion * U
Etotal — J"(% + Paux

ZAEALE T CARLA ) Python API SZH 3R HU 4
RS DN TR R SRS R, LA A AT
NFIRE A NI BRSNS, ST E R AW
Y —H S TS E MY,

4.14 FENMFERE LR EST4HT

Nk — D B AR AN [F BE AL AR A 5% 1F T 1)
Fa e Ve Guih nl S, AR SCEE X EARL-ECP A58
7T 5 R RIBEALFPF T B8 S7 5 2 SE 88, ik E
BV bR I B AR 22 S 95% BLAF X [, 5K
IReE RNk 4 fos.

— Pou)dt. (18)

#4  TEIFEHMT T EARL-ECP R BN FITER

BEHLFF (7 5) MAE (%) RMSE (%) R2 (%)

0 0.172 0.243 99.66

1 0.181 0.256 99.75

2 0.188 0.246 99.73

3 0.171 0.238 99.68

4 0.179 0.257 99.77
Wby 22 0.178+0.006 0.248+0.007 99.72+0.11

95% B 5 X 11 +0.005 +0.006 +0.10

M 2 om0, EARL-ECP £ 54 78 22 Y 57 )|
5 o 35 R R B — SO M RE, H MAE 8 0.178+
0.006%. RMSE 7y 0.248+0.007%. k& Z %t R* A
99.72+0.11%, 95% &1 [X [8] 73 7l 4% 1] 7 £0.005%—
0.01% Y [l 4. 45 R M, 2 AE BNV in Al 2
KRB T LT A2 e m, F i e ke, HA
RISt 5 e vt

St — B IS UE R R U Sl A AR E T, A%
il T AN IR R 2 3T B 2 (DI ZREE TR vs R), 45 SR 40

% 5 fion. R A4, EARL-ECP 7E4) 5000 %8 )l 25
J& BV AT i 1) R*%95.7%, FR7E 10000 #& P IRGE IS 2
R’~99.8%, % Mamba. Informer. Transformer 2% & 7
FEHT 2 30% i5 B SR € B Br; LSTM i S 1% HL
WENEOK. %45 B EK W, EARL-ECP NMYUFERSE E A
AL, RIS AR 2k e 5 A e P J7 T 7R AL T HoAth
TBEAY,

&S TEMERENSE R T R Tt

(F S HUE)

Epoch  EARL-ECP Mamba Informer  Transformer LSTM

0 65.2 60.1 59.8 57.4 50.7
2000 88.5 84.1 80.6 78.9 723
5000 95.7 91.3 88.2 86.9 82.5
10000 98.2 94.8 93.1 91.4 85.9
15000 99.3 96.5 95.4 93.6 87.2
20000 99.8 97.1 96.0 94.1 88.0

Nk — B2 U5, AT EARL-ECP. DQN
5 TD3 7E#) 20000 #¢ I ki £ P (19 °F £51 2 Jih A8 4k,
26347 17 XL A, 5 SR WKl 6 Fros.

1000

ol BT R
RN R
N Jer A
J Al .. -
1000 1y EARL-ECP
f - — DQN
5 ’ TD3
'I:\-zoool
B
3000
-4000
-5000 I L . L
0 5000 10000 15000 20000

[ERE3
El6 #REUIGULTELE

W& 6 fr 7, EARL-ECP 7£ Il 25 47] 3 B Sz 3 5
I PhBETE, H TR A B T AR IS, 2k T R
FEGEUL E FT, AR WA AL T,
DQN 5 TD3 B 7E R MR K, (HE L& TR,
SR F, EARL-ECP A B (1) e SAGE 7 5 8 = 1)
e MR I H AL 5 0 2 21 R ANz AL RE 0, BE T
HAEE 05 5 B b &4 T e fe v 5 5 A
.
4.2 TRIURCR RHRT LR
42.1 FFATHEFEBMRE

DN VEAG AR T FE IR AU A5 A R I B R, AR
FINANF] SOH 7K-F, #4425 32 037 55, i il
AT B A2 T B DRV AR (BAE RSN D) Py 5 18
B Zh 2R P, V5 22575 5 28 B 18] B 9 1) 5 BB FE E,
5 (19).



8 ¥ % 5 & K Fxt
E = J‘(Pbattcry + Pauz)dt (19) ;:z
B, 47 A RE S i A R S R R i 20
SOC (AL RE, BARTHH 15 (20). 2 o
E EEmleo» o
SOC,,, = SOC, — a - 0 -100%. (20) ol ©
nominal 60 +
/H;I:F" aﬁmiﬁ%%ﬁ) }Eﬁﬂ:&f{ﬁﬁgﬁ_%%%%' 30' 122 ‘29500 ‘30000 1(15 JIOPO 3I500‘

BT FiA SOC il St 72, Sy 5 0 Hh i 7 15 7Y
TE HLh 1 BE IR AL 2 A T B Ah T RE 0, AR S — D 4
A AT TN SOC {5 REFEAKCT, Al 4= 40 1 98 4%
AT BE AR Dy, T (21).

K7 fE 8 B R T Ha I {8 BEIR A AR A B, A5
RIEW AR 27 EAG R0, 30 r SL Btk TR
(138 B 1 5 N .

Do = M
P [V
HA, Qe BB E M SR T A &, PN
PRI FE, v, N TG,

a7 5K 8 A AR fE SOH=100% #I
SOH=80% 2kt~ FI TN 25 S v LUE H, 7E AT AL
R ML R (B 4R 5 SUV) Hh, RIEAE AR TE
SOH IR T, BRI M 267 51 S 5 IR ¥
TR B, R IR AT RAR KT IR R AR
TERTIAR 1 2 28 TSRS T R & RIF 1R 2
St RSB NE, LB R F1éE

(21)

51 74
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E7 ZEA A FRBREGEITHZ
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0 7000 14000 21000 28000 35000 42000 49000
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E8 ZE B RAEREM T

FA AT 75 3t — A Bk

R A THTPFAT B 42 D % XA TF e e, A1 0 FLAE
AFZER 5 A [F] SOH 264 T 1) MAE. RMSE Hl it
SRR R BT T Gt ar, AR IE 6 s,
T, W AE S 00 R B ORFR AR Al 1% 22 A
B 10 RS, PRBLHE R IOORS . Bk 521k RE
71— G IR R 45 e WL, AR AN R
SOH Z& 1 T X 9 i 2 28 4) 3R T HH A i 1) — 35 k- 7
SOH A 100% F1 90% I}, P 4 44 £ MAE #il RMSE
EZEREIREZE (p>0.05), B TR 7 7E 5 e 5
R T AF R Re R FF AR E B — BNl fg;
1L AE SOH 9 90% 1) R® bt 9 5 3 22 5 sk 7 /D>
R A R B P AR R R

#*6 AN[E SOH Ff4 TRAUYLITMHEREEZMEST

SOH kit A% B% t1H p i B
MAE%  0.173  0.170 0847  0.401 —

100% RMSE% 0239 0248 -1.789  0.079 —
R% 9977 9981 -1936  0.058 —
MAE%  0.171 0178 -1942  0.057

90%  RMSE% 0252 0253 —0.192  0.849 —
R®% 9975 99.69 2905  0.005 o
MAE%  0.184 0.167 4684  L7x10° %+

80% RMSE% 0255 0243 2332 0023 *
R%  99.63 99.83 —9.682 1.0x10™  *x

24 SOH P& & 80% I, =I5 bRl B9 5 & M
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AR F: LS RIS MR F 2 Re AT AL A 9

ZE 5 (p<0.05 B p<0.01), 7% BH HL it IR AL Ji5 AN [F] 4 7Y
V) PR I A AL TE I B (R R AR MRS T, B AR
ZEATI AL T3S, 158 B BT 4 5 28 7 ST 6 1 2 7Y
RN F LIRS T ARAR B A B4 s k.
422 ZIERBFERAS TN RS LN R W
pagiin

N HE— 25 B AIE 22 Y N KT B FE TIUIIAR 2L 7E 1 R
L S 5 TR R MR, AR SCU T B S S, 43 1R
£ 45 BMS I 7 3088 5 fil & A% Sk BHZ 0 2 PR 5000
TEREN, LEH A 77 sUAEAS TR SOH. 444 T 11 Tl
K SR LR ) 2 55 seie g5 IRk 7 fr
N NEERGERORE, 2N (B{Z+BMS) 7£ %
SOH R#& N ¥ B 43 K MAE. RMSE PL K& 5 5
(¥ R, A LAL Gt AR BLEA, BT 5N G155 B AE
iyl 85 2 4 R ALY [ R AE SR SN R 0 S A TR RE. BT o
IR el B, Z B e bRk B W ol m W R 1
SOH 4 100% 5 80% %14 T, MAE. RMSE 1 R® 4
5L T R BT (p<0.01), 22 W T5 1 s Ak T
FREBGR AR A, 2 U4 N5 fE B 242 TR FE ; 7E
SOH A 90% I}, B4R MAE £ % A& 3%, {H RMSE
5 R AR B3 2 7, U UGS B Rl A e th
SHERURAS TIRAE B T AR E MR AU A e
J1. JCHAE R #6545 b, ZUIAAE & SOH [X /]33
FRE 3, HAGAE SOH=80% K5 T ik 99.88%, i
SRR B ALRFAE 4 B2 B8 ) .

xR1 ZRESRRMAERRMER G BRI
SOH iz g ZUWMA il pli  REME

MAE% 0202  0.176  6.644 12x10°  **

100% RMSE% 0284 0239 8300 1.9x10" *

R2% 97.81  99.59 -86.174 <le-12  **
HEFRRTAl(ms) 46 69 -

MAE% 0.188  0.185 0779 0439  —

RMSE% 0271 0257 2566 0.013 *

90% R2% 9758  99.54 —94.888 <le-12  **
HEFERfAl(ms) 41 66 -

MAE% 0.195 0173 5778 32x107  **

RMSE% 0268 0238 5731 3.8x107  *

80% R2% 98.05  99.88 —88.594 <le-12  **
HEFERS (Bl (ms) 44 69 _
ZHEM) 2.5 3.7 -

EMERRTIFE, ZIBERNSHER
FH 2.5M 3 % 3.7M, {HHE B B LR FFTE 70 ms BAPY,
HANIE SOH 414 T Fy S Ak w17 2736 2 82 FH 7 3R
LT )T, fo SRS P AIANZESE D [0 R
RN R R, Wk (22).

Tier X -P+3-D+e (22)

H, o SNSRI E L, N RIME I %
ST AT CAE— 25 A F BT 4 75 30370 A6 R TR0 55 1) 1)
B, ATD 2% R AT PR AR A0 R RN S e 1 R B
423 AEEIEMTBERN

4 TH VAl AR ST HY ) EARL-ECP #5228 (1) %
R, AR 9 H TR AT B TR 5 ¥ ——LSTM.
XGBoost. Informer I Mamba #3£47 %} L.

BRI N T ENR A R RE S IR S
TR, e85 AR A S A R 70 B 7 458, JEZR Pk
FIE J B A T H0E BV 7 1 RE . HAEARTF
SOH 2k {1~ [ B PE BE 4B 45 W3R 8. N ME T H W&
AN RYTE SEBR 00T B4k T8 77, AT H sz T
A ETIAE SOH=90% 2% T, 2 5032 1) el s HLAE il
M2 (B 9). 1% SOH 7KF 5% JB7 Fi vty P8 B2 ek o B,
AL S S A TR SR A T R iz A e 5 &
Bk A 9 BT L, & 75 VETE SOH=90% B [ TR0 s
P 22 SO 8. LSTM Bh 2R 9% s K, £ Ak HH B4R U6 A
Tt J5 ; XGBoost fie PR B A8 4, (H7E =38 X [ A7 7E
¥r 524l % ; Informer 5 Mamba il & 8 8V Fa, H
Mamba 7E % ] 7 i RO E . L2 T, A
EARL-ECP £ 46 24 5 3 Sl = FE B A, B AT 7E
KX TR TR B e /MR 22, 8 B o 5 F) B B3 B R g
15 I R e .

=8  ATRIEZEXFEMEREER
i} A B
P HEFR  MAE% RMSE% R2% MAE% RMSE% R2%
SOH 100% 0.694 1.138 90.72 0.684 1.091 91.03
SOH90% 0.739 1.204 85.02 0.744 1.121 8451
SOH 80% 0.781 1309 76.02 0.778 1321 77.44
SOH 100% 0.258 0339 96.72 0271 0.351 96.41
XGBoost SOH90% 0.332  0.401 90.84 0318 0.389 91.02
SOH 80% 0362 0453 8321 0347 0.449 83.55
SOH 100% 0249 0332 98.10 0.245 0329 98.16

LSTM

Informer SOH90% 0.279 0366 9221 0.273 0359 92.74
SOH 80% 0.349 0.395 8837 0.336 0.381 88.62
SOH 100% 0.238  0.311 98.72 0.239 0.314 98.65
Mamba SOH 90% 0261 0.346 9832 0.264 0.352 98.04

SOH 80%  0.272 0352 97.63 0.283 0.382 96.98
SOH 100% 0.173  0.239 99.77 0.170  0.248 99.81
EARL-ECP SOH 90% 0.171  0.252 99.75 0.178 0.253 99.69
SOH 80%  0.184  0.255 99.63 0.167 0.243 99.83

SERTMMERERE—PRIET LR4g®
LSTM Pl SOH F#{K iR 2 .3 K (MAE M 0.694 Ft
2 0.781, R* & 14.7%), FaE %2, XGBoost £ =
it SOH T #4413 7 i iy, JLHAE SOH=80% K} MAE
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Informer
XGBoost

LSTM

e W\ N

F104 A \
1000010500, 11000 , 11500, )

0 3500 7000 10500 14000 17500 21000

I 8] (s)
TERIE AR & B2 ik
FEIT 0.36%, At DLALHE A 4% 45 28 P4 521 ; Informer 55
Mamba 15 {5 5 4 0L A fig 71, Hoif Mamba 76 4%
G5 7V I R Fa s (SOH=90% i R 5 #8 it 98%).
FHEEZ T, EARL-ECP fEAN[A] SOH 2% 11 T ¥ AU 15 i
L5, A &5 SOH=90% K MAE 174 0.171%, R® ik

=3

&9

99.75%, H.BH SOH & il 1 Ge AR A Al /)N, J B0 H 5R
Pz S AR iHERE

R b, WA RIS B 4 T 0L AF
TEAN[RIFE BE IRt RE T B, T AR SCRE AL AE T 003 5 Mg
TP B B A R 5 B2 M AT R R P T,
FEAPIGAE T TR H RS R R Ak 2 STHE SR )45 kb
4.3 JERLSZE

DB IE Rl G PR R AL 2 ) B FLBVR R R
i (EARL-ECP) SHy233E 4T SZA g FE Al 1 i G B A
B sk, AR TIH R SR LS. DR SR
Transformer >y, 18 i 5 46 B 0 A1 B, it
AR ERFEAFE T MERefe . 3£ 9 5 R EIR,
AT BEFE U ) DT MR FE A AE 22 . T i DAE A
A SRR AT AR BT

9 HELSLMEER
ik
X 2% ER A B
DQN ERL SAPSM —

CRAEELN MAE% RMSE% R%  MAE% RMSE% R%
SOH 100% 0.271 0.341 96.02 0276 0344  95.98
D v SOH 90% 0.285 0.343 9549  0.262 0326  96.61
SOH 80% 0.266 0.326 9672 0281 0.321 96.09
SOH 100% 0.259 0.316 97.10 0279 0319 9632
E-T w/ SOH 90% 0.295 0.344 9321 0294 0346  93.02
SOH 80% 0.309 0.371 91.62 0320 038  91.09
SOH 100% 0.252 0.306 97.88  0.263 0310 9755
S-T \ SOH 90% 0.288 0.334 93.93 0.283 0.333 93.63
SOH 80% 0.304 0.378 9172  0.293 0.368 91.97
SOH 100% 0.259 0.317 97.68 0220 0254  98.16
DE \ x/ SOH 90% 0.269 0.320 97.05 0.271 0.318 97.52
SOH 80% 0.239 0.300 97.70 0210  0.247 98.24
SOH 100% 0.254 0.314 97.15 0.256 0.315 97.33
DS x/ v SOH 90% 0.259 0.300 97.74 0231 0.267 97.95
SOH 80% 0.258 0.322 97.19 0259 0.305 97.39
SOH 100% 0.173 0.239 99.77  0.170  0.248 99.81
EARL-ECP(4 ) N N N SOH 90% 0.171 0.252 99.75 0.178 0.253 99.69
SOH 80% 0.184 0.255 99.63 0.167 0.243 99.83

TEHEAT SO LA R B0 UE 2 /T, SR &
Eb /0 2% (1 2H g AT 369 : D FonAW#E ] DQN; E-T %
TN 5N SCHE H ) 3% 450 3% RN B (H R A5 DQN(LA
Transformer 1E A& A 45 #)); S-T Fa~Ad AL 56 R AE
ML A A DQN 55 ¢ v 18 Jn A5 e (7] 4 2 T
Transformer); DE Fl DS 73 7| % 7~ DQN 55 % 5 J8k 1
Bibk, DQN 5 S RAEHLEI AL &, 1% B B 1T
AT VP Aot AN RS Tt 44 B R S 55 K DT k.

ERAIE S O AR E I BOR, X EH# 9 7 DL E-T
5 S-T (45 B aT W D M4 7E AR SOH 41 F 424k
/N, 10 A ZE R 96.02% 142 T+ 2 96.72%(34 i

#)0.7%), MAE 5 RMSE [ sl 7RMREFTE 3% LAWY,
T E-T A1 S-T fii SOH F#AK4 H I 6%-10% [ 1% %
R S 4%—6% (11 R® T B, 5o Fo 280 T 00 5 A
fHUE. Ui DQN BB 20k s F A 0 285 () ) e — Sk
5 EhAE M.

H—Z BN ERL 1 DE 50\ SAPSM [
DS, Al WLELEI W5 1) LT D %%, DE £ SOH=
100% I R® # Lk D 32 T+ 249 1.7%, #£ SOH=80% It
MAE 5 RMSE 43 51| B 8%—12%; DS #£ SOH=90%
if A % MAE ‘5 RMSE 73 %1l B 1% 29 9% 1 11%, R?
PETFZ) 2.3%. iIX % W] ERL w8538 55800 5 B3 AR ik
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AR E: S D RIFFER LIRS 5] REAL TN AL A 11

877, 1M SAPSM REAT RUBRAL B 52 2]

274 K%, EARL-ECP 7EFif5 SOH 251+ F ¥ HL
1A 5. nfE SOH=100% I, A % R” 3% 99.77%,
¥ DE 5 DS 73l — B 4T+ 2.1% 5 2.4%, MAE
5 RMSE B#ig )it 25%. 7€ SOH=80% I}, EARL-
ECP 1355 R’~99.6%, LI AL 0.2%, &340
T H AR 45 1K DQN+ERL+SAPSM B &
MUHITE S A BORS | R M AN Es Tz Ak se S 7
T LA B S i ) 4 2
5 i5RYE

ARSCHEH T i 1) FELBh R 4R 1) RERE T AR A,
T I T A AR BERE R A T BTN I — S T
O (i AR 4 ) (1] B R AR Ak B AR, R4S A 2 ISR
JBAS TD 22 3], SEHL T % BEFE/ L A HL R 10 v kG
AT S 5 00 R HEBE 7. BT R R Rl A 85 K
AN SR ST I TN SR, 78 2 REMBERAE. 2has
PR A B ORI I Bl b, SNSRI R
ML DA TR AE 52 U SR 25 > (R W [R) 30 1% 07
TRBEE A RN KT R A TR B REFE T Bk ik, JETE
Bk 25 2 5 Tl v B R Bt R 4 i A 1 e
(2 LR T HE— B IAE). SLUe4h R, iz
1E 2 F L0 T35 T A TORG FE 3508 T I =72,
NHA AR Re i R T TS W 2
RS RRAIE (VR E Rl B, AL 7R A 008 2 250 B AN () 1 i
SIRBE AT, 3 DR T TR B S AR . Aok,
GEARTINEE F - R B 5, R
B e R e SRS RS R, R RRIRVA
R AP B REAE B AT R R R AL,
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