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Lithium-ion battery remaining useful life prediction via physics-driven prior and
heteroscedastic Gaussian process regression

Wang Jianqiu  He Yongtai  Pu Dongling  Wang Xiaodan
( Chuxiong Normal University, Chuxiong 675000, China)

Abstract: To address the overfitting and unreliable uncertainty estimation of purely data-driven approaches, this paper proposes a hybrid
physics-data framework ( Phys + GPR) for battery prognostics. First, a three-segment empirical model, derived from the early,
accelerated, and linear degradation stages of lithium-ion batteries, is employed to extract a physics-based capacity prior. The residuals
between measured capacity and the prior are then modelled by a two-stage heteroscedastic Gaussian process regression (GPR) , Stage 1
estimates the residual mean, Stage 2 estimates the input-dependent variance. A TreeBagger random-forest regressor further refines the
mean prediction, and B-calibration is applied on the training set to scale the predictive intervals, ensuring a reliable 90% coverage
throughout the battery lifetime. Leave-one-battery-out (LOBO) cross-validation on NASA cells BO005, B0006, BO007 and BO018 shows
that Phys + GPR achieves R*>0. 93 for all cells, with a 90% prediction-interval coverage probability (PICP) of 70% ~92% and a mean
prediction-interval width ( MPIW ) of 0.085 ~ 0. 10 Ah—significantly outperforming pure GPR, single-exponential + GPR and SVR
baselines. The results demonstrate superior cross-battery generalisation, interpretable physics priors and robust uncertainty
quantification, providing high-confidence support for battery health management and online RUL prediction.

Keywords : three-segment physics prior model; heteroscedastic Gaussian process regression; uncertainty quantification; [-calibration
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ZER A Jrid R? PICP/% MPIW/ Ah
B0005 Phys + GPR 0.974 89.3 0. 095
B0005  GPR-only 0.915 - -
B0005  Exp + GPR 0. 832 - -
B0005 SVR 0.93 - -
B0006 Phys + GPR 0.977 76.2 0. 086
B0006  GPR-only 0.912 - -
B0006  Exp + GPR 0.786 - -
B0006 SVR 0. 826 - -
B0007 Phys + GPR 0. 960 9.3 0. 101
B0007  GPR-only 0. 599 - -
B0007  Exp + GPR 0. 506 - -
B0007 SVR 0.423 - -
B0018  Phys + GPR 0.932 72.0 0. 092
B0018  GPR-only 0. 820 - -
B0018  Exp + GPR 0.034 - -
B0018 SVR 0. 749 - -

=B -5 )5 7 GPR(Phys + GPR) 7£ 4 415¢
P 0.93~0.98 7Y R®SEXIE M 0.961, HES
Tty 22 35/, B IR A BB 6% 76 R [ 1R 1L 403 [R] FR A
EHB I EASE . Phys+GPR 1 4 Ber it b3 4k48
S B RE R, I HE s, A Phys+GPR i
T REEXIE, 7E90% B {H/KT T, HE %R PICP
BT 72% ~92% 2 0], IR B T A bR 90% , %W B4
HEREWS A RUBIE S5 2 GPR WIMERf 2, FHEHX
6] 5& BF MPIW & 0.085 ~ 0.101 Ah, 7r #t % %% &
(=1.4 Ah) B 7% /A7, FEN T X [A) B8 B0vE: #0878 91
£, 1T GPR-only .Exp+GPR F1 SVR A% % 1 I A
FE BE AT HAR A SORXT H 25 ) PICP/MPIW 45

WAL, RGeS LT IR A AR SO AT IR 2 2]
R4 LSTM) S H 08T, i T it R AR £ s A A
PR LA 7] b i T G A 2 22 R 40K, LSTM. 7E LOBO Pp
BUF 55 MBI GRA T e 5 85 v it 12 AL RE 7 AS 2 17 ] f8E
AR BME DL 1% G2 1 2 B0R A 5 ) B il 5 A5
B, MHZT, Phys+GPR WRIEY B 50 29 R 5 57 07 22
BB, BESTE N A BRI IS IE T R4 & iz
ffasE MR EUI PTHEME L X 18 B AR /IR AR 77 i T 4 55
o TR BRI R — A DL B T A B 5 7R
RSB A E
3.2 RGCEERE

4 FhITIEAE 4 Bl 10 RSP M bR 22 A

VTR, T A R O i YN 4 Y R
R

10
0.961

2
Exp + GPR SVR
ik

1 4 Fhrkde LOBO BIE R HFH) R?
Fig. 1 Average R® of the four methods under LOBO validation

GPR-only  Phys+ GPR

M 1 ATRAE Y, Phys+GPR LISEH R* =0. 96 i 5
T4 Herth by 2288 0. 02, (REL T ZE A AR
A — 5 B AR 4 B LA E 11, Phys+GPR A{LFH R
e, T ELBR o 22 Je /0, BEBH “ W 3856 56 + 5 7 2% GPR+
Stacking” HEHELE #5 FL T2 Ak 5 25 e Ao My T 4 HL &
WL
3.3 HEBHMWNMESERET

4 e rf i A7E DU B Be Y 25 R At 20 e an i 2 ~

&5 s
221
—Actual
: ——Phys + GPR
20F --=-GPR-Only

i -~ -SVR
el Exp +GPR

Capacity/Ah
P

—
S

10 L 1 1 1 1 1 1 1 1
0 20 40 60 80 100 120 140 160 180

Cycle number

B2 47 7E BOOOS |28 i 0%t LE
Fig.2 Comparison of capacity prediction for

different methods on BO0OS

ME 2~5 AT LIFE H, Phys+GPR 7E 4 Heriith |34k
S LS 2, LA A PR 2 B B TR
TRIE A 2 B BT PR, B S X M 6 T
72% ~92% IR L, 5% 1 19 PICP —%(, Phys+GPR



- 106 - G R - C I T 5 40 %
24 221
) ——Actual —Actual
ha L k ——Phys + GPR ——Phys+GPR
. _v_..g\ljg_omy - G\I;E -Only

2.0 Exp + GPR Exp + GPR
1.8 =

E: E:

& 2

5 1.6 3

® <

g &

O 14 @)
12
10 12
O 8 1 1 1 1 1 1 1 1 1 10 1 | 1 1 1 1 1 1 |

0 20 40 60 80 100 120 140 160 180
Cycle number

3 & J77E BOO06 ity Z8 it W %t 1L
Fig.3 Comparison of capacity prediction for
different methods on B0006

221

—— Actual

—— Phys + GPR
20F --=--GPR-Only
- " ---SVR

- Exp+GPR

Capacity/Ah
=

S Ty
YW\ e vl )
by ka “‘.N;\m

12F 1

]

10 L 1 1 1 L 1 1 1 |
"0 20 40 60 8 100 120 140 160 180

Cycle number

B4 & 057546 BO00T b7 ik % L
Fig.4 Comparison of capacity prediction for
different methods on BO00O7

AMAEZW R T feflt, T L REAIRLIE b IR 25 45 B Bt iR 1k
JEZS; BAR X ) S G A sh 08, 3% % 5 PICP 48
Th— 55 2B IK SRR I S DA B 1R 25 0 K
HAR B AN B D IR Z B BBk, S8 Exp +
GPR RO 2E , XL AL 2SR BB AL UE T3 1 /Y

R AU RS Y C R 5 R0 2 GPR IIHE
aﬂf/’ﬁ@%rx“ﬁlﬁﬁiéﬁé% EXIIE
3.4 TAREEFMEEDH

1) SERTE 3% PICP (k)

SRR 56 A DX [ 7 H b 4 75 JEL U0 D9 B 0k
4 Yl e Y 90% AR DX M) 3 55 R AR I i 5 kb B8
2T, A5 Rt s R i g

PICP(k)z—Zl{yi e [L,U]} (6)

X [L,,U,] } Phys + GPR [ E(E LR 5, y, sem

20 40 60 8 100 120 140 160 180
Cycle number

Bl'5 4778 BOOI8 iy Z8 i F0 %t Lt
Fig.5 Comparison of capacity prediction for
different methods on B0018

ZhE 4 iR seaE R E 6 FR,

100 -
O\\a 95 [
S ;
S 90 f—+
>
g
5 85F
>
8
0 — B0005
‘= 80 F ----B0006
_g ....... B0007
£ —--B0018
O 75k Target90%
& !
it
. l‘ [ -
70 1 Il.'J" L v 4N cuy 1 |
0 20 40 60 80 100 120 140 160
Cycle index

Bl 6 Phys + GPR 7£ 4 Huraih I SCH 7 o6 3
Fig. 6 Real-time coverage of Phys + GPR on four batteries

6 4 4 Bedire LOBO BT st B A s %
PICP (k) <k, Horp il e hrn T 11119 90% H 45 55 /K
S, FTLAUE Y, BO00S ()78 55 A% R 5 - Fa b a4 B
LREAEL 90% IHE , LW 7 7 22 it 25 B R iEEk
G Ja , Rets iz it A T A HLR 25 3R UG Y B X ]
B0007 12w = T 90% , 55 55 R o H AR K -, Ud B il
DX TR s PR | 3K 7R X 28 A VEZR A 1Y 3 e T R T 4%
ZI%, FEHZ T, B0006 Al BOO18 )% 55 R Ak % H
FrokF-, B sh B R, BO006 i PICP (k) R EUE E 18
80% ~ 85% Z 8] , fE 1 — 5 I K 35 4 ; BOO18 1Y 7 i
RIS B KL T 70% ~ 80% X J8], LK T H br
2, XYL X FIR AR el — Stk 2 n Lt PR
— 4 JRy B ACHETT REARAS T AN e, (A5 F00) X ) i 2
B0006 5 B0O018 Hi Y 90% & 15 X a5 56 XM B K T H
FrAKSE , BT BA— 4y B A MEAE A [R]B AL B B AT fiE To vk



513

Rl BI85 5207 22 e i ) R T o SR A A i T - 107 -

F03 I WLBR 22 4345 [ AR AR REAE, (545 T30 [X [ 76 5 43 0
B B 78 W R B S NG . e R AN BE A T AR
SEPERE R, v AR 3 it — Ak,

(D) ZrBr B B M, AR r yth 53 o o 0 5 46
PEED, 3 BB NS A T B A, (A i AR Al
BEAS R B B 3% 22 7 25 1 i 0 22 55, DT 48 T 2 (A3 35 R
ARk

(2) AU B AR, RIS J7 25 GPR HUl Y
SR T 250 o, RAGE N B AT IS N RS 75 S AN
E P DX B)AE 24 R T X [, 717 7 AR AS i A X R PR
S, B X R B ) — Bk

(3) M5y 22 A A 1 P, SR T EL Uk A % R
Ok 25 5 22 AT AL, LR T AL 7R IR AL A 2 25 AR
KA HLh (4 BO018) H i L& B8 11, 28 it Jm 5 K
Bi/E 38

DA A S I T i AR Xof A [ 3R A AR X ) 3 7 R
J1, Rtk — B3R TE Phys+GPR HE 28 4 700 78 25 R AN
P AT SRR A RO 1

2) B DX R] B BE 5 058 22 14 Ok

HE— A PPAL X ] B B %o 15 22 B 46 7 P 65 B A 3k
FEARM IR SE MPIW, = (U, — L) /2 5 X1 48 %) 15 22
|y, =y | VERCS B G — B Il U5 A5 3] DX R S 246 %
WREMRRWE T Fis,

012

o

oo

o

0.10f

<
b3
=)
O GED@DO0000
o® 00 0O
DO O OO0 BOOOO
oo

Prediction Error/Ah
=) =]
<o [
E= [}
T

<

<

0
T

g o

g o o

0.00 L . . L L ;
0.040 0.045 0.050 0.055 0.060 0.065 0.070 0.075
CIHalf-Width/Ah

F7 DXIE]E S8 S 248 0 1R 22 1 &

Fig. 7 Relationship between interval

half-width and absolute error

T X ]2 55 ( C1 Half-Width ) 5 %5 1% 48 % 751 0 15 2%
( I Prediction Error| ) 2 [A] i 3¢ 22 #5ss &] S HL 4 R4 &5 &5
SO 7 R, W 2 TR S I A G (R A
XEE 0.67,p<0.001p<0.001), 4 X ] 2 55 /N T
0.05 Ah I}, 4% 1% 2 KZ L PTE 0.02 Ah LA ; 5 X [H]
Y FEHIT 0. 08 Ah B, 1222 FFREEZ 3% K, i35 0. 10 Ah
PLE, M7 ATLAE Y, HOs S BUR A B bk iRk R
FEIU A G IE AR S B RS B A O R BN

-0. 12, BB BN FOMSC, X R, BARA T AR
TRITZEEEE IR TIA B Rk IMGE e R R R, (H
7 Jry S J2 T L T DX 8] F) 58 52 R 5 B0 R 2 TR/
o B — 2, R AR S 7 ZE T RE S AE AN

ARSCHR T — Rl & — B B :  507 25w i
FE[F S | TreeBagger Stacking L f B-A5% i B AK€ & Ak
HEZE (Phys+GPR) | & 7E & L 35 4 Fl il BE 7= e X
B RUL 0N A9 = 5 5 e nl SE PR oK . =B
PR TRUA R 4 1 R — s —Ze v = B BaB A 3,
TreeBagger WXT GPR SEFAT 1 /MEAEIE, #E— 2D 4
THT BRIz ALRE s o BRI (-G 50 iy T REAC
A FR A AR TR B AR B BT 5T 25 SR R W ME SR A m]
FRETE RRE VE RN Pt AL 5 T B B L8 Je 2k
AR 5 22 T 00 At Wl K O Do Ak sh A e, A AE
SEORMUSEN FH v S S S AR i) RUL 5
5 %30
[1] 0, 228008, BRARK, 45 JET IMM-PFF (YRR T
LR AR A A BN ()] T eE R, 2025,53 (5):
1520-1532.
WANG SH, LI Y T, CHEN L F, et al. Remaining
useful life prediction of lithium-ion batteries based on
IMM-PFF [J]. Acta Electronica Sinica, 2025,53 (5):
1520-1532.

[2] Hif, Bk, EEN, % BT LightGBM (UH
IR RI AR G TER T[], BT H A
2, 2022, 37(17) ; 4517-4527.
XIAO Q, MU Y F, JIAO ZH P, et al. Online remaining
useful life prediction of electric vehicle batteries based on
improved LightGBM [ J ].
Electrotechnical Society, 2022, 37(17) ; 4517-45217.

[ 3] wmftk, e, FHA, 55 JETRAE RS ot
POA HDGIRFESN B2 T [ )], 704 5 A o
#, 2025, 39(4) ; 258-269.
HAN M L, YANG CH, NIU F ], et al. Fault diagnosis

Transactions of China

of photovoltaic arrays based on feature extraction and
improved POA []J]. Journal of Electronic Measurement
and Instrumentation, 2025, 39(4) . 258-269.

[ 4] k&, ®iE, #EH0K, . S THRE R AR pg i
FHMAEMITTS RUL N[ ]]. WEZL5TES
iz, 2022, 13(1); 194-201.
LAl X, MENG ZH, HAN X B, et al. Capacity

estimation and RUL prediction of lithium-ion batteries

=

based on characteristic voltage model [ J]. Journal of

Automotive Safety and Energy, 2022, 13(1): 194-201.



108 - O R % 40 %
[5] 4, #EfE T80 0K S Y4 g 7 o v g R Al [12] ks8R, XIRTF, 406, T A E-m g & I m
TR HERLRIR )], AR ER =M, 2024, 45(3) - PR HMFE RN B[], RETRSHT
45-59. AR, 2023, 45(8) ; 2623-2633.
JIN SH, DONG J. Review of data-driven state of health ZHANG R, LIU T Y, JIN G. Remaining useful life
estimation methods for lithium-ion batteries [ J]. Chinese prediction of lithium-ion batteries based on kernel self-
Journal of Scientific Instrument, 2024, 45(3) . 45-59. constructing Gaussian process regression [ J]. Systems
[ 6] ZEghle, Rk, ZOME, 54 FT 2458 EA 1CS-Elman Engineering and Electronics, 2023, 45(8) : 2623-2633.
P R B F TR AR R P A3 A T 7 i [0 ). K [13] skitA, w@#. 5T DAE-BLS 1988 B+ i b ) %
FHAE“Z4I, 2023, 44(12) ; 433-443. A [ J]. HEPLE SIS RS, 2025,
LI L B, ZHU L, LI S J, et al. Remaining useful life 31(3) . 1038-1047.
prediction of lithium-ion batteries based on differential ZHANG H SH, SHANG X L. Remaining useful life
voltage and ICS-Elman neural network [ J]. Acta prediction method of lithium-ion batteries based on DAE-
Energiae Solaris Sinica, 2023, 44(12) . 433-443. BLS [J]. Computer Integrated Manufacturing Systems,
(7] &, B HETEBENT RIS Bi-LSTM-NAR £ 2025, 31(3): 1038-1047.
RUA S B T L R A A A TN [ ] b AL TR (147 iR, XRAEAE, Bk, 4. B eg 7 i b R BE LB g
2024, 35(5) : 851-859. B SRS T o BN AT SE S (U], WL TR
XIA R, SU CH. Remaining useful life prediction of R, 2022, 58(22): 19-36.
lithium-ion batteries based on health indicators and XU L, DENG ZH W, XIE Y, et al. Review on high-
hybrid Bi-LSTM-NAR model [ J]. China Mechanical precision mechanism modeling, parameter identification
Engineering, 2024, 35(5) : 851-859. and life prediction of lithium-ion batteries [ J]. Journal of
[ 8] ARLrik, SEZENE, HERAR, &, ETIES ISSA-LSTM Mechanical Engineering, 2022, 58(22) : 19-36.
R T AL AR AR M A A B [T ). ) RGP [15] k&ZE 24F, fHAG85. 3EF PCHIP-VMD %045 5 #r
L, 2023, 51(19) : 21-31. 55 SSA-LSTM Y fy 4 J UL DR B [ ], AL -0
ZOU H B, CHAI Y H, YANG Q H, et al. Remaining B5ERFER, 2025, 39(5) ; 251-261.
useful life prediction of lithium-ion batteries based on ZHANG D P, LAN ZH, DU Y H. Short-term wind power
hybrid ISSA-LSTM [ ]J]. Power System Protection and forecasting based on PCHIP-VMD data analysis and SSA-
Control, 2023, 51(19): 21-31. LSTM model [J]. Journal of Electronic Measurement and
(9] FA, X, FhELE, & FLT TR~ ) MM ) 4 Instrumentation, 2025, 39(5) : 251-261.
KA AL T A BN 1], [16] M, A, TR, % ki A A
L TR SAA], 2024,39 (1) 289-302. PSR T FEAT TS (1] T I S AR 2 4l
YIN J, LIU B, SUN G B, et al. Remaining useful life 2025, 39(3) . 13-20.
prediction of lithium-ion batteries based on transfer ZHENG W P, ZHOU SH J, WANG Y J, et al. Research
learning and DAE-LSTM [ J]. Transactions of China on ensemble learning algorithm for remaining useful life
Electrotechnical Society, 2024,39 (1) . 289-302. prediction of electric submersible pumps [ J]. Journal of
[10] Xx, &5, kA, L TR ERSEIFERE Electronic Measurement and Instrumentation, 2025,
W4tz SRR 2 [T ], I 5 R 39(3): 13-20.
#z, 2025, 39(1): 70-79. [17] PEREIRA T, RAMALHO A M, SA COUTO P, et al.
MO Y, LI Y, ZHANG B X, et al. Motor imagery EEG Exploring the effectiveness of the pragmatic intervention
classification based on weighted feature recalibration programme ( PICP) with children with autism spectrum
network [ J]. Journal of Electronic Measurement and disorder and developmental language disorder: A non-
Instrumentation, 2025, 39(1) . 70-79. randomised controlled trial[ J]. Autism, 2025, 29(3) .
[11] KG9, BAIG, T, 45 WA TALACF 4 726-739.
BT AaIB AL TI LT, AR SRR, [18] NICOLAIDOU P, STAVRINADIS I, LOUKOU I, et al.
2023, 12(7) . 2238-2245. The effect of vitamin K supplementation on biochemical
ZHANG Y B, WANG Y Y, HUANG D N, et al. markers of bone formation in children and adolescents
Degradation prediction method of lithium-ion battery life with cystic fibrosis[ J ]. European Journal of Pediatrics,
under variable operating conditions [ J]. Energy Storage 2006, 165(8) : 540-545.
Science and Technology, 2023, 12(7) . 2238-2245. [19] KRZYSTOLIK M G, STRAUBER S F, AIELLO L P, et



513

Rl BI85 5207 22 e i ) R T o SR A A i T - 109 -

al. Reproducibility of macular thickness and volume

using Zeiss optical coherence tomography in patients with

diabetic macular edema [ J]. Ophthalmology, 2007,
114(8) : 1520-1525.

[20] ERAZO I, GOLDSMAN D, MEI Y. Cost-efficient fixed-

width confidence intervals for the difference of two

Bernoulli proportions[ J]. Journal of Simulation, 2024,
18(5) : 726-744.

EE &I

F #2014 4T = p I K2 3R15
(R RS A SR S IVEE-P o N LS R
A RE BRI 27 e DR, S S5 T ) D HL
WA A Bl
E-mail; wjq01@ cxte. edu. cn

Wang Jiangiu received her M. Sc. degree

from Yunnan Normal University in 2014. She is now a Ph. D.
candidate at Udon Thani Rajabhat University and a lecturer at
Chuxiong Normal University. Her main research interests include
battery life prediction and machine learning.

Ak 2= GEFIEH) 2011 4E T ALt T
KPR 2L, B ARE RN i 25 g 2043
ERWITT ) R AL R RE IR B N R
WA B LR/ PR BHBE R GERHIEAR
E-mail: hyt@ cxtc. edu. cn

He Yongtai ( Corresponding author )
received his Ph. D. degree from Beijing Institute of Technology in
2011. He is now a professor at Chuxiong Normal University. His
main research interests include optoelectronic micro-energy design
and applications, battery life prediction, as well as photovoltaic

and solar thermal energy system application technologies.



