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BACKGROUND \\ " RESULTS BN

. Battery SOH assessment is an important task as SOH BATTERY IDENTIFICATION
controls the cell’s energy and power performance

, AS (OCV)
. Accurate determination of SOH enables efficient usage of
batteries extending life and enhancing safety
1
I
. Because of versality of LIB chemistries there is no =
universal online SOH assessment method over the =
lifespan =~
g
. Current SOH assessment methods are mostly based on Y
full discharge performance, which iIs inconvenient and time =
consuming <
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/ THIS STUDY \ o
* An important number of AS profiles have L s
« Lithium-ion cells have been cycled and entropy has been measured for six battery references.
been measured for different SOH. Entropy (AS) profiles SO”(‘je of the references have been also
aged.

have been measured thanks to the following equation:

« A classification algorithm have been applied
d OCV to the profiles. It has been found that by
oT learning, some algorithms are able to

X

OCYV (open-circuit voltage), T (temperature), x (state of charge) COWEC“_Y identify the .battery refer?nce from
AS profile as shown in the confusion matrix.

« Then the SOH has been modeled as functions of the R
\ entropy using machine learning techniques / SOH ANALYSIS

AS (OCV) for A2

AS=nF(

AS (OCV) for A1 AS (OCV) for A3 AS (OCV) for A4

o0 - —8— cycled 0 times |} a0t —8— cycled 0 times (] a0 —8— cycled 0 times || a0 - —8— cycled 0 times (]

cycled 50 times cycled 50 times cycled 50 times cycled 50 times

18 L cycled 100 times | | ITY B cycled 100 times || L cycled 100 times | | 18k cycled 100 times ||

I=:__rl\\ —®— cycled 150 tim l:..:.___‘__‘_:.\ —®— cycled 150 tim - —®— cycled 150 tim _—_—_—lla&m —&— cycled 150 tim
N S cycled 200 times || 6 cycled 200 times | | e\ cycled 200 times | | 15!_—— N cycled 200 times ||

. — 88— cycled 250 tim ~— =i — 88— cycled 250 tim \5}2;:,‘ —8— gycled 250 tim e \“-\,_\"“‘m, —8— cycled 250 tim

< AN | —®— cycled 300 tim < — —=— cycled 300 tim < NSim| —®— cycled 300 tim < ~. RN | cycled 300 tim
g 4 j cycled 350 times |] 4T ) —®— cycled 350 times |] g M 3| —®— cycled 350 times || 14 . NN . cycled 350 times ||

w L
n

£ .
e 12
/ /DATABASE AND MODEL MANAGEMENT \ \ : “D:

ERERE B
ERERE B
BRBR B
BREREB

Battery Add new reference to Update classification Upéate. ° :;—:%S;; ° _jk_f; °
Thermodynamic the database and and regression ARSI i I 4 A T 4
: update classification dels models for 2 - 2 - 2
prOflles measured models (HOSE identification 37 3.75 38 3.85 39 37 3.75 38 3.85 39 37 3.75 38 3.85 39 37 3.75 38 3.85 39
(OCV, AS, AH) t OCV (Vol) OCV (Vol) OCV (Volt) OCV (Volt)
ISDH [:I:'grl::lesjlfnr 'M. . . ISDH [:I:yclesjlfur Azl . . ISDH [:I:yclesjlfur A3I . . ISDH [tI:ycIesjlfur Ad.
Is the battery Is the Is there a SOH :s:i;::: model 12: I;\l\:-\ :E:EIBT#:: model 12: I \\\ :E:E:f::: model :E:ZIE?:: model
reference or battery SOH model MAX ERROR = 3.77 % "n\ MAX ERROR = 153 % x'\\ MAX ERROR = 2.99 % MAX ERROR = 2.26 %
chemistry known? associated to RMSE = 1.99 % - = \ RMSE = 1.03 % - el \'\‘\ RMSE = 1.66 % RMSE = 1.45 %
known? ' the battery? i N | %4 . | % W\ 1 i 1
S ) : S o : £ o2t = - £ et O .
T N . z LN 5 \ 5 "\:
Q o0 L 1 O w7 g 1 S %0 \ . S w0 N .
88 T AN N ' 88 [ 1$ ' 88 | 1 8 1 \%\l 1
Estimate battery . | N o | S | ~a | N SN ]
SOH with a \\“\\ N \
|dentify battery regression model il . o _ “l ] - NN
reference or chemistry Battery 1 ' = _ . ﬁ .
with pattern identified? EDD 5Iu ‘1EIID 1;0 ztlru 2El.u EEIID 350 EDD 5ID ‘IEIPD 1é.u ZEIID 2El.u 3EI+D 350 BDD 5Iu ‘1EIID 1El.u 2tlm 2é.u EEIID 350 EDD SID ‘IEIFD ‘IL;.D 2tlm 250 Z‘.EllD 350
recognition models SOH estimated Wlth cycles number cycles number cycles number cycles number
Thermodynamic data
d hi . .
T ——— » Graphs in the first row represent AS data between 3.7 and 3.9 volts of the OCV at
different ageing. Each graph of this row corresponds to a given battery.
This diagram explains the process in order to estimate battery SOH from . » In the second row , the graphs represent SOH evolution with ageing . The
thermodynamic data. The process is based on two main tasks: learning and estimating. measured one are compared with the one predicted with multiole linear rearession
« To learn, a database is filled and updated, then models are generated. This happens ) P _ P P _ 9
when thermodynamics data and information on the battery is already known , such as model from AS profiles. Each graph of this row corresponds to a given battery.
reference, chemistry or SOH.

« To estimate SOH from thermodynamic data, we will first identify the battery type if not
known already. This is done thanks to the database and machine learning models.
Once known, SOH is estimated with previously found machine learning models.

* |t has been found that it is possible to predict SOH from AS at some specific SOC.
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