





































































































techniques [222]. A publicly available data set not from laboratory battery operation, but from real-
world vehicle operation would enable benchmarking of SOH forecasting models applicable in real-
world vehicle operation. Thus, it would accelerate progress in the research field.
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Capacity-based State of Health

Further Definition
Less common than the definition of SOH in Eq. (2) is the following definition [25,71]:

C(t)—C
SOHc(t) = £ = Ceor. (14)
Cnom - CEOL

with Cgqy, as required capacity at EOL.
Capacity-based State of Health of Series Connection
The SOH( of cells in s connection is stated in Eq. (5) based on [46,48]. With the general definition of

SOH:(t) from Eq. (2) applied to cells in a series connection and the definition of Cg in a series
connection from Eqg. (3) it holds true that:

Cs(t) min C;(¢)

SOH¢(t) = =— (15)
Cs Cnom,s ml.ln Cnom,i
withi = 1,2, ...,ns. Assuming Cyom,; = Chom, We Obtain:
minC;(t) minC;(t) (16)
i _ 1

ml.ln Cnom,i Cnom

Because of its physical meaning C,,or, > 0, We get:
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min C;(t) C;(t) @n
— = mijn = minSOH;(t).
L

! Cnom

Cnom

Capacity-based State of Health of Parallel Connection

The SOH_ of cells in p connection is stated in Eq. (6) based on [46]. With the general definition of
SOHc(t) from Eq. (2) applied to cells in a parallel connection and the definition of Cs in a parallel
connection from Eqg. (4) it holds true that:

6®  I2,G®

SOH¢,(t) = 7 (18)
Cnom,p ijl Cnom,j
with j = 1,2,...,n,. Assuming Cpom j = Crom, WE Obtain:
55G0O _Tho® koo an it an SOH. (¢ L0
Z?fl Cnom,) - Z] P Chom  MpCnom - J=1Chom j=1 C,j( ). (19)

Capacity-based State of Health of Parallel-Series Connections

The SOH_ of cells in ps connection based on [46] is stated in Eq. (7). With the general definition of
SOH(t) from Eq. (2) applied to cells in a ps connection and the definition of C,, in a parallel connection
from Eq. (4) we obtain:

n
Cps(t) B Zj=pl Cj,S(t)
—an
Cnom,ps ijpl Cnom,j,s

with j = 1,2,...,n,, C; 5(t) as capacity of the j-th series connection, and Cy,om j s @ Nominal capacity
of the j-th series connection. Using the definition of Cs in a series connection from Eq. (3), we substitute
Cis(t) and Crom,jis:

SOHgps(t) = (20)

2 Cs() 2’?2 min Cj;(t)

e = (21)
p
Zj:l Cnom,j,s j= 1 mln Chom Ji
withi = 1,2,...,ns. Again assuming Cnom,ﬁ = Chom results in:
] 1mlnC ® _ ] 1m1n Cji (t) ie 1mln Cii(t) -
je 1mln Cnomﬂ j= 1mln Cnom Ny * Chom
Because of its phyS|caI meaning Cpom > 0 and W|th Eq. (2), we get:
n n
j= 11’rllrl Cﬂ(t) 1 E Cji(t) 1 4
—-+ ) min —=—-" Z min SOH j; (t). (23)
np - Crom np < i Chom M od 1

Jj=1
Capacity-based State of Health of Series-Parallel Connections
The SOH_ of cells in sp connection based on [46] is stated in Eq. (8). With the general definition of
SOH:(t) from Eq. (2) applied to cells in a sp connection and the definition of C in a series connection
from Eq. (3) we obtain:

Csp(t min C; , (¢)
SOHc () = s® _ TR e (24)

Cnom,sp ml.ln Cnom,i,p

withi =1,2,...,n, C; ,(t) as capacity of the i-th parallel connection, and Cp,om;p @s Nominal capacity
of the i-th parallel connection. Using the definition of C;, in a parallel connection from Eq. (2), we
substitute C; ,(¢) and Cyom,ip:
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. . n
min Cip(t) _ min Zj:1 Cij(®)

. C - . np (25)
min Cpom,i,p mimZF1 Chom,ij
with j = 1,2,...,n,. Again assuming Cpom,ij = Cnom results in:
. n . n . n . n
min ijl Cij (1) ~ mimzjil Cij(®) _ min Z].:l Cij(®) ~ mimzj21 Cij(®) o6
. n - . n - 1 . - . )
miln ijl Cnom,ij mim ijl Cnom ml.ln np Cnom np Cnom
Because of its physical meaning C,,or, > 0 and with Eq. (2), we get:
. n n n
m.1n2j=pl Cl](t) 1 £ Cl](t) 1 -
-+ = min ——=—-" Z min SOHc;;(t). (27)
ny: Chom ny = i Chom Ny = L

Relation of Capacity-based State of Health of Series-Parallel and Parallel-Series Connections
The SOH_ of cells in sp connection is greater than or equal to the SOH of cells in ps connection as
stated in Eq. (9). With the definition of SOH 5 in a series connection from Eq. (5) it holds true that:

SOHC'S (t) = mjn SOHC,i(t) < SOHC,i(t) (28)
l

with Vi = 1,2,...,ng, €.9. the SOH ;(t) of each cell i in a series connection is at least the minimum
SOH¢s(t) of the series connection. Considering n, parallel connections of such a single series
connection results in:

Mp "p
E mjn SOHC,l](t) < E SOHC,U(t) (29)
14
j:l ]=1

with j = 1,2,...,n,. Using the same argument as in Eq. (28) we obtain:
Mp P P
z m_in SOHC'U(t) < mlnz SOHC,L](t) < ZSOHC:U(t) (30)
L l
j=1 =1 =1

] J ]
As by definition n, > 0, it follows:

n n

np Np
1 . 1 .
n— ' z miln SOHC,U(t) < n_ ' milnz SOHC,U(t) (31)
p ]=1 P ]=1
which concludes our claim from Eq. (9):
SOHc,ps(t) < SOHc g (8). (32)
Resistance-based State of Health
Further Definitions

Other, less common definitions compared to Eq. (1) include the relative change of the internal ohmic
resistance compared to a new battery [29,223]:

R(t)—R
SOHR(t) = R(®) = Rnom (33)
Rnom
Also, the SOHR may refer to Rgoy, as maximum R at EOL [8,35,224]:
Rpor — R(t
SOHR(t) = EOL—(). (34)

REOL - Rnom
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As the last definition in Eq. (34), also for this definition SOHy decreases when R(t) increases [225,226]:

SOHg(t) = 1 + Room=R®) _ 5 RO (35)

nom Rnom

Analogous to SOH in Eq. (2), with the last two SOHR definitions in Egs. (34) and (35) increasing
ageing leads to a decreasing SOH.

Resistance of Series and Parallel Connections
According to Kirchhoff's junction law, the resistance of cells in series connection Rg(t) is the sum of
the single cell’s resistance R;(¢):

Rs(t) = X2, Ri() withi = 1,2,...,n,. (36)

The resistance of cells in parallel connection R,(t) depends on the single cell’s resistance R;(t):

R =(y"r -1\ with f = 37
p(t) = (Z]-=1Rj(t) ) with j = 1,2,...,np. (37)

Resistance-based State of Health of Series Connections
The SOHR s of cells in series connection depends on the cells” average SOHg ;(t) for the two applied
definition of the SOHg.

R (t)

a) With the SOHR definition from Eq. (1) SOHR(t) = |t follows for a series connection:

Ry(t) X5 Ri(D)
RnomS Zns Rnom,i

withi =1,2,...,ng, and Eq. (36) for the resistance of cells in series connection. Assuming Ryom,; =
Rpom results in:

SOHRs(t) = (38)

Ns
S R® _XE RO IS RO 1 N Ri(©) )
Zns Ruom,i Z?:Sl Rhom Ms Rnom 7 = Riom’
Finally, with the SOHpg definition from Eq. (1) we conclude that in series connection the SOHg (t) is

the cells’ average SOHR ;(t):

i R, (t) ZSOHRz(t) (40)

Ns ¢=] "‘nom

b) With the SOHR definition from Footnote 1 SOHR(t) = R(t}zﬂ it follows for a series connection:

nom

Rs(t) - Rnom,s _ Z R (t) Zns Rnom,i
Rnom,s Zns Rnom,i

withi =1,2,...,ns, and Eq. (36) for the resistance of cells in series connection. Assuming Ryom; =
Rpyom results in:

SOHR,S (t) =

(41)

(42)

Zns Rnom,i Ns * Rpom Ng =
Finally, with the SOHR definition from Footnote 1 we conclude that in series connection the SOHR (t)
is the cells” average SOHR ;(t), for both SOHR definitions:

502, Ri(t) = 511 Ruomi _ Z2a(Ri(t) = Ruom) _ 1 im(t) ~ Ruom

Rnom
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ng Ns
1 R;(t) — R 1
_.ZM:_.ZSOHRJ(Q. (43)
s =

Ng o Rnom
i=1

Resistance-based State of Health of Parallel Connections
The SOHy , of cells in parallel connection depends on the definition of the SOH.

R (t)

a) With the SOHy definition from Eq. (1) SOHR(t) = it follows for a parallel connection:

om

-1
T'lp R' - P Rnom -
SOHg(t) = Bp®) _ (Z80 ) = 2j=1 Foom, (44)

R . 1
nom,p (an Rnom] 1) ZjZIR] (t)
with j = 1,2,...,n,. Assuming Ryom j = Rnom results in:
an Rnom np 1 np np
ijle(t) 1 Rnom 23.121 Rj(t)_1 Z"_p Rnom np Rj(t) -1 (45)
nom

Finally, with the SOHy definition from Eg. (1) we conclude that in parallel connection the SOHg ,,(t)
is inversely dependent on the sum of the inverse s cells” SOHg ;(¢):

"p _ "p
RO\ gw» 1 (46)
Mp J 2
Zj:l (Rnom) ]—ISOHR'j(t)
b) With the SOHy definition from Footnote 1 SOHg(£) = “2=Foem it follows:
nom
-1
sot (o) < Fo® = Ruomp _ Ry® | _ (Z72, Ri(©) )
RpAI= R R T np 1—1_
n
Z P Rnom] -
S R
with j = 1,2,...,n,. Assuming Ry,om j = Rpom results in:
an Rnom] - 1= np 1 {= np {= np 1
TP R Rnom 372, R; (1)1 27311;{158 5o (R,m)‘l
J J=1\Ryom (48)
"p "p
- R;(t) T R:(t) — R oL
"o (U] mp (%) T tnom
Zj:l (Rnom 1 + 1) Zj:l ( Rnom + 1)
Finally, with the SOHR definition from Footnote 1 we conclude that:
n n
R;(©) pR S 3P T -t (49)
np j — R'pom b
Z]-:l (W-'_ 1) J=1SOHg ;(t) +1
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