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Feceived 14 October. 2021 124 commercial lithium iron phosphate/graphite cells cycled under fast-charg-

sties':z 15 szznf;er’ 2021 ing conditions, with widely varying cycle lives ranging from 150 to 2,300 cycles

Accepted 14 December, 2021 including in-cycle temperature and per-cycle IR measurements. We worked out
own Python codes which reproduced the various data plots and machine learn-
ing approaches for cycle life prediction using early cycles and more details not
presented in the article and the supplementary information. Particularly, we ap-
plied regularized ridge, lasso and elastic net linear regression models using fea-
tures extracted from capacity fade curves, discharge voltage curves, and other
data such as internal resistance and cell can temperature. We found that due to
the limitation in the quantity and quality of the data from costly and lengthy bat-
tery testing a careful hyperparameter tuning may be required and that model fea-
tures need to be extracted based on the domain knowledge.
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Fig. 1. Example of data available at https://data.matr.io/1. Current, voltage and temperature as a function of time. (a) 2017-05-12, 3.6
C (80%)-3.6 C, (b) 2017-06-30, 1 C (4%)-6 C, (c) 2018-04-12, 4.36 C(80%)-4.36 C
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Fig. 2. Reproduced Fig. 1 in Ref. [3]. (a) MinMaxScaled color of battery cycle life. (b) Reproduced 124 capacity fade curves (c)
Capacity fade curve showing (a) up to 100 cycles (d). Cycle 100:2 capacity ratio (e). Cycle life as a function of discharge capacity at
cycle 2. (f) Cycle life as a function of discharge capacity at cycle 100. (g) Cycle life as a function of the slope of the discharge capacity
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Fig. 4. Linear regression prediction result with Ridge, Lasso, and Elastic Net regularization of ‘Discharge at cycle 100" model of Fig. 3(a)

Vol. 32, No. 6, December 2021

Transactions of the Korean Hydrogen and New Energy Society <<



598 € = wiElEe]
& 2} 27} batch 132} 117)
4 Fo|ng AY 4‘*-‘4 295 aefsor & 4 9l
g o), Fig 35 MRS & A7 &
Lol A train HloJE= 943
o|H &= W, secondary test H|O|El = 302 1)
EfiA Tk

WA mb) el 3709] 8 At dHE
(univariate model)@} 27¢] &8 A3l i
F 9 (multivariate model)= 3] (regression) -
At 3 HA 2hL ‘constant’ = H ] 3
RS ARgste] 3915 X9 o}oﬂk— Hl, “constant’ =
s olm] &ar Al dlo]ef7} E]#E ?%Lg
o] ou)7} glo] + WA E’—“*E!Prﬂ g5 g

Fig. 30 Uz mde) gojHE —%%SPS&EHL
RE featuredl] T3l 33} (standardization, Z-scoring)
o] a3, train Hlo|H 9] 3} FFUAE AR
3lo] F3}sliT) Fig. 3(a)oll YFERH “discharge at
cycle 100 (100917 Mo]&e] Wd&sy o= 94
100 Apo] 2ol A #hd -8-FWt feature = AME-3}o] 3
& %38y, Fig. 3(b)= ‘slope of discharge cycles
91-100’ .= &7 A3} 91-100 Aol SollA Al
3 3"(fitting) F 71271 feature 2 A3 39
Z8), Fig. 3¢ & ‘Multivariate discharge curve model,
cycle 100’ 2= 1) slope of discharge cycles 2-100
(Hel= 29} 100 Ato] A3 F€9] 71€7])), 2) inter-
cept of discharge cycles 2-100 (43), 3) slope of
discharge cycles 91i100 (91-100 A}o]2] 71£7]), 4)
discharge capacity, cycle 2 QA #po]Z2] W &
&), 5) Max discharge capacity - discharge capacity,
cycle 2 (HaL &%} 294 Aol &FHe] Alo)),
6) discharge capacity, cycle 100 (1008 #fo]E2]

, primary test Ol

Table 1. RMSE, MPE result of ‘Discharge at cycle 100" model

122 915 2SR vlols) 4itel AFsl7ILe] g

89, 6719 feature® 3715 . Fig 3(d)+
‘Multivariate discharge curve model, cycle 300’ S.&
1) slope of discharge cycles 2-300 (o] 29} 300 A}
o] X8 1|g)e] 7]87]), 2) intercept of discharge cycles
2-300 (A¥), 3) slope of discharge cycles 291-300
(291-300 Aol
cycles 291-300 (), 5) discharge capacity, cycle 2
QAR MolZe] W &%), 6) max discharge ca-
pacity - discharge capacity, cycle 2 (&1L -85} 211
7 B2 T2l #}ol), 7) discharge capacity, cy-
cle 300 (3007 Mpo|Fe] &), 7709 features=
AE Kt 300 AolF ols} 150%0]F
189 ‘b2cl” HloE= A5kt

BE featureol] thsiA EAAE X F3E Yy &
7t 8Kregularization) 41837 =2 3714 Lasso,
Ridge, Elastic Net2] #42] hyperparameterE 2=
4] 4-7 1A} F5(4-fold cross validation)S 283
2] sk5elt). X138 3] 7= mean square error (MSE)
e FHAaslelhs A o= MSEx v o 1dl
o] o= gkt AA| ge] 2polE Al Bt gk Aolrk

717]), 4) intercept of discharge

n ~

1
MSE =3 (y;-v)*

i=1

los

172

MSEE  H]-8&<%(cost function), fé,
function)2}al F-21 o] gro] A7} E]—L%
S | 2A35 ¥ (ordinary least squares, OLS)©]2}
o} o]EA 42 melo] F#uoly o & gkx|nk
Hdo] Wold off o)A h(overfitting) ¥ SATkaL
gt A A3 S dolE ] wo]|=7F A1
o] Ui B3et uf dojdth. A A3k dAds]

el ZEllel] i Al(penalty)yE 7FsliA 7HEAIE Al

H‘j?
Y

jE
ru

BT

‘Discharge at cycle 100” model RMSE (cycles) Mean percent error
Train Primary test | Secondary test | Train Primary test Secondary test
Ridge 283 351 508 21.8% 23.0% 39.5%
Lasso 276 343 512 21.9% 23.5% 40.5%
Elastic Net 277 343 512 21.9% 23.5% 40.5%

>> PRFAEDAN A 2] =24

#1324 A6 2021 12€



o

sic}, A8 3]9 299l Lasso, Ridge, Elastic Net-2 Lasso=MSE +AY) |3
Agrol] A7 F7hE] o] that o] ST, !

v

¢

Ridge = MSE +A),
i

Ridge 00 Slope of discharge cycles 91-100(Ridge)
0078 4 secondary

m  primary test
e tain

0.076
2000

0074
0072 1500
0.070

0068 1000

coefficient

0.066

Predicted cycle life

0064 500 ad

0.062

0 2 4 6 8 10 N
al pha 500 1000 1500 2000 2500

Observed cycle life

RidgeC¥ alpha: 10.0
RidgeCV coef: [0.06246492]
RidgeCV intercept: 2.793969837643637

Slope of discharge cycles 91-100(Lasso)

4 secondary
m  primary test
e tain

Lasso 200

008

007 2000

006
005 1500
004

003 1000

coefficient

002

Predicted cycle life

001 500 A A

0.00

00 02 04 06 08 10 o
500 1000 1500 2000 2500

alpha Observed cycle life
LassoCV alpha: 0.0038671606887526037
LassoCY coef: [0.07383311]
LassoCV intercept: 2.793969897643637

E|astic Net 2500 Slope of discharge cycles 91-100(Elastic Net)

008 s secondary
®  primary test
e ftain

007
2000

006
0.05
1500
004

003

coefficient

1000
0.02

Predicted cycle life

001 500 at

0.00

00 02 04 06 08 10 A
alpha 500 1000 1500 2000 2500

Observed cycle life

Elastic Net CV alpha: 0.007734321377505193
Elastic Net CV coef: [0.07354868]
Elastic Net CV intercept: 2.793969897643637

Fig. 5. Linear regression prediction result with Ridge, Lasso, and Elastic Net regularization of ‘Slope of discharge cycles 91-100
model of Fig. 3(b)
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Fig. 6. Reproduced Supplementary Fig. 8 in Ref. [3]. Linear regression prediction result with Ridge, Lasso, and Elastic Net regulari-
zation of ‘Multivariate discharge curve model, cycle 100’ model of Fig. 3(c)
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Table 3. RMSE, MPE result of ‘Multivariate discharge curve model, cycle 100’
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Elastic Net 307 373 497 24.8% 25.2% 37.2%
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Fig. 7. Reproduced Supplementary Fig. 9 in Ref. [3]. Linear regression prediction result with Ridge, Lasso, and Elastic Net regulari-
zation of ‘Multivariate discharge curve model, cycle 300’ mode of Fig. 3(d)
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Table 4. RMSE, MPE result of ‘Multivariate discharge curve model, cycle 300’

Multl;:;ﬁ;i ?5211; a;%% curve RMSE (cycles) Mean percent error
Train Primary test | Secondary test | Train Primary test Secondary test
Ridge 266 335 486 19.6% 22.3% 36.0%
Lasso 307 368 460 22.9% 24.2% 32.3%
Elastic Net 266 369 461 23.0% 24.2% 32.4%
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Fig. 8. Reproduced Fig. 2(a) in Ref. [3]. Sample ‘b1c30’ discharge voltage curve for 100th and 10th cycles. (a) Raw data curve. (b)

Spline linear interpolation fitted curve
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Fig. 9. Reproduced Fig. 2(b) in Ref. [3]. Difference of the discharge capacity curves as a function of voltage between the 100th and
10th cycles, A Q- 1,(V), for 124 cells. (a) Full data. (b) Outlier removal data
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Fig. 10. (a) Difference of the discharge voltage curves as a function of voltage between the 100th and 10th cycles, 4Q100-10(V), for
124 cells. (Reproduced Fig. 2[c] in Ref. [3]); (b) ‘variance' model data, supplementary Fig. 5 in Ref. [3]. (c) 6 features of 'Discharge’
model (d) 9 features of 'Full' model data
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Fig. 11. Reproduced Fig. 3(a) in Ref. [3]. Linear regression prediction result with Ridge, Lasso, and Elastic Net regularization of
‘Variance’ model. The inset shows the histogram of residuals (predicted-observed) for the primary and secondary test data
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Table 5. RMSE, MPE result of ‘Variance’ model
‘Variance’ model RMSE (cycles) Mean percent error
Train Primary test Secondary test Train Primary test Secondary test
Ridge 104.7 140.0 172.4 14.2% 14.8% 11.1%
Lasso 103.6 138.0 172.4 14.1% 14.8% 11.1%
Elastic Net 103.6 138.0 170.0 14.1% 14.8% 11.1%
Ridge oo Discharge
secondary "
- W primary test
010 ~ o wain
005 =~ wn .
E— @
‘E 000 =
@ -
] = 1500
g 005 )
©
% =010 1 — Minimum 2
8 vanance % 1000
0151l Gewness / £ .n M »
-0.20 4 = Kutosis
= Cycle2 001 o 10
-0.25 1 — max discharge capacity ¢ 0
T -1000 0 1000
000 002 004 006 008 010 .
al pha 500 1000 1500 2000 2500
Ridge CV alpha: 10.0 Observed cycle life
Ridge CV coefficient: [-0.06193836 -0.06110072 0.01174385 -0.01611264 0.02941053 0.00712269]
Ridge CV intercept: 2.7939698976436373
Lasso o Discharge
Scondary
010 ® prmary test
® main
005 2000
— .
+w 000 =
c 2 1500
:s -0.05 / B ~ s
B o
£ 010 = Minimum £
o \ S 1000
o vanance °
-0.15 _— g
Skewness a
-0.20 — Kutosis
— Cycle2 004 W
-0.25% === mayx diccharga capacity o -
T T T T T T ~1000 0 1000
000 002 004 006 008 010 0
alpha 500 1000 1500 . 2000 2500
Lasso CY alpha: 0.0011054304792167608 Observed cycle life

Lasso CV coefficient: [-0.14025857 -0.
Lasso CV intercept: 2.793969897643637

0.00370369 -0.02792338 0.03660103 0.00182735]

Discharge

ElasticNet
200
0.10
005 L_\ 2000
+w 000 — e
g ~— =
- -0.05 h o5 1500
£ S
8 -0.10 Minimum E
2 1000
S 15 7 variance g
Skewness £
-0.20 — Kutosis
= Cycle2 500
~0.25 = max discharge capacity
000 002 004 006 008 010 ,
alpha

Elastic Net CV alpha: 0.0013565637835357446
Elastic Net CV coef: [-0.14046351 -0.
Elastic Net CV intercept: 2.793969897643637

secondary
m  primary test
e wain

10

0
-1000 0 1000

500 1000 1500 2000 2500

Observed cycle life

0.00391126 -0.02817497 0.03693923 0.00207329]

Fig. 12. Reproduced Fig. 3(b) in Ref. [3]. Linear regression prediction result with Ridge, Lasso, and Elastic Net regularization of

‘Discharge’ model
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Table 6. RMSE, MPE result of ‘Discharge’ model

915 iR dole) Aiieh AP REe] 8

‘Discharge’ model RMSE (cycles) Mean percent error
Train Primary test | Secondary test | Train Primary test Secondary test
Ridge 89.6 99.7 207.9 11.0% 15.7% 12.2%
Lasso 74.5 209.2 207.9 9.8% 17.0% 12.2%
Elastic Net 74.5 214.0 226.0 9.8% 17.0% 11.7%
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Fig. 13. Reproduced Fig. 3(c) in Ref. [3]. Linear regression prediction result with Ridge, Lasso, and Elastic Net regularization of ‘Full
model
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Train Primary test | Secondary test | Train Primary test Secondary test
Ridge 445 162.6 2125 5.4% 13.4% 15.5%
Lasso 51.2 157.7 159.2 5.7% 12.4% 11.9%
Elastic Net 51.2 157.8 159.6 5.7% 12.5% 11.9%
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