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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 𝑆𝑂𝐻C in Eq. (2) is the following definition [25,71]: 

𝑆𝑂𝐻C(𝑡) =
C(𝑡) − 𝐶EOL
𝐶nom − 𝐶EOL

 (14) 

with 𝐶EOL as required capacity at EOL. 

Capacity-based State of Health of Series Connection 
The 𝑆𝑂𝐻C of cells in s connection is stated in Eq. (5) based on [46,48]. With the general definition of 

𝑆𝑂𝐻C(𝑡) from Eq. (2) applied to cells in a series connection and the definition of 𝐶s  in a series 

connection from Eq. (3) it holds true that: 

𝑆𝑂𝐻C,s(𝑡) =
𝐶s(𝑡)

𝐶nom,s
=

min
𝑖

𝐶𝑖(𝑡)

min
𝑖

𝐶nom,𝑖
 (15) 

with 𝑖 = 1,2, … , 𝑛s. Assuming 𝐶nom,𝑖 = 𝐶nom, we obtain: 

min
𝑖

𝐶𝑖(𝑡)

min
𝑖

𝐶nom,𝑖
=
min
𝑖

𝐶𝑖(𝑡)

𝐶nom
. 

(16) 

Because of its physical meaning 𝐶nom > 0, we get: 
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min
𝑖

𝐶𝑖(𝑡)

𝐶nom
= min

𝑖

𝐶𝑖(𝑡)

𝐶nom
= min

𝑖
𝑆𝑂𝐻C,𝑖(𝑡). 

(17) 

Capacity-based State of Health of Parallel Connection 
The 𝑆𝑂𝐻C 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 Eq. (4) it holds true that: 

𝑆𝑂𝐻C,p(𝑡) =
𝐶p(𝑡)

𝐶nom,p
=

∑ 𝐶𝑗(𝑡)
𝑛p
𝑗=1

∑ 𝐶nom,𝑗
𝑛p
𝑗=1

 (18) 

with 𝑗 = 1,2, . . . , 𝑛p. Assuming 𝐶nom,𝑗 = 𝐶nom, we obtain: 

∑ 𝐶𝑗(𝑡)
𝑛p
𝑗=1

∑ 𝐶nom,𝑗
𝑛p
𝑗=1

=
∑ 𝐶𝑗(𝑡)
𝑛p
𝑗=1

∑ 𝐶nom
𝑛p
𝑗=1

=
∑ 𝐶𝑗(𝑡)
𝑛p
𝑗=1

𝑛p∙𝐶nom
=

1

𝑛p
∑

𝐶𝑗(𝑡)

𝐶nom

𝑛p
𝑗=1

=
1

𝑛p
∑ 𝑆𝑂𝐻C,𝑗(𝑡)
𝑛p
𝑗=1

. (19) 

 

Capacity-based State of Health of Parallel-Series Connections 
The 𝑆𝑂𝐻C of cells in ps connection based on [46] is stated in Eq. (7). With the general definition of 

𝑆𝑂𝐻C(𝑡) from Eq. (2) applied to cells in a ps connection and the definition of 𝐶p in a parallel connection 

from Eq. (4) we obtain: 

𝑆𝑂𝐻C,ps(𝑡) =
𝐶ps(𝑡)

𝐶nom,ps
=

∑ 𝐶𝑗,s(𝑡)
𝑛p
𝑗=1

∑ 𝐶nom,𝑗,s
𝑛p
𝑗=1

 (20) 

with 𝑗 = 1,2, . . . , 𝑛p, 𝐶𝑗,s(𝑡) as capacity of the 𝑗-th series connection, and 𝐶nom,𝑗,s as nominal capacity 

of the 𝑗-th series connection. Using the definition of 𝐶s in a series connection from Eq. (3), we substitute 

𝐶𝑗,s(𝑡) and 𝐶nom,𝑗,s: 

∑ 𝐶𝑗,s(𝑡)
𝑛p
𝑗=1

∑ 𝐶nom,𝑗,s
𝑛p
𝑗=1

=
∑ min

𝑖
𝐶𝑗𝑖(𝑡) ⁡

𝑛p
𝑗=1

∑ min
𝑖

𝐶nom,𝑗𝑖 ⁡
𝑛p
𝑗=1

 (21) 

with 𝑖 = 1,2, . . . , 𝑛s. Again assuming 𝐶nom,𝑗𝑖 = 𝐶nom results in: 

∑ min
𝑖

𝐶𝑗𝑖(𝑡) ⁡
𝑛p
𝑗=1

∑ min
𝑖

𝐶nom,𝑗𝑖 ⁡
𝑛p
𝑗=1

=
∑ min

𝑖
⁡ 𝐶𝑗𝑖(𝑡)

𝑛p
𝑗=1

∑ min
𝑖
⁡ 𝐶nom

𝑛p
𝑗=1

=
∑ min

𝑖
⁡ 𝐶𝑗𝑖(𝑡)

𝑛p
𝑗=1

𝑛p ∙ 𝐶nom
. (22) 

Because of its physical meaning 𝐶nom > 0 and with Eq. (2), we get: 

∑ min
𝑖
⁡ 𝐶𝑗𝑖(𝑡)

𝑛p
𝑗=1

𝑛p ∙ 𝐶nom
=

1

𝑛𝑝
∙∑min

𝑖
⁡
𝐶𝑗𝑖(𝑡)

𝐶nom

𝑛𝑝

𝑗=1

=
1

𝑛p
∙∑min

𝑖
⁡ 𝑆𝑂𝐻C,𝑗𝑖(𝑡)

𝑛𝑝

𝑗=1

. (23) 

Capacity-based State of Health of Series-Parallel Connections 
The 𝑆𝑂𝐻C of cells in sp connection based on [46] is stated in Eq. (8). With the general definition of 

𝑆𝑂𝐻C(𝑡) from Eq. (2) applied to cells in a sp connection and the definition of 𝐶s in a series connection 

from Eq. (3) we obtain: 

𝑆𝑂𝐻C,sp(𝑡) =
𝐶sp(𝑡)

𝐶nom,sp
=

min
𝑖

𝐶𝑖,p(𝑡)

min
𝑖

𝐶nom,𝑖,p
 (24) 

with 𝑖 = 1,2, . . . , 𝑛s, 𝐶𝑖,p(𝑡) as capacity of the 𝑖-th parallel connection, and 𝐶nom,𝑖,p as nominal capacity 

of the 𝑖-th parallel connection. Using the definition of 𝐶p in a parallel connection from Eq. (2), we 

substitute 𝐶𝑖,p(𝑡) and 𝐶nom,𝑖,p: 
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min
𝑖

𝐶𝑖,p(𝑡)

min
𝑖

𝐶nom,𝑖,p
=

min
𝑖

∑ 𝐶𝑖𝑗(𝑡)
𝑛p
𝑗=1

min
𝑖

∑ 𝐶nom,𝑖𝑗
𝑛p
𝑗=1

 (25) 

with 𝑗 = 1,2, . . . , 𝑛p. Again assuming 𝐶nom,𝑖𝑗 = 𝐶nom results in: 

min
𝑖

∑ 𝐶𝑖𝑗(𝑡)
𝑛p
𝑗=1

min
𝑖

∑ 𝐶nom,𝑖𝑗
𝑛p
𝑗=1

=
min
𝑖

∑ 𝐶𝑖𝑗(𝑡)
𝑛p
𝑗=1

min
𝑖

∑ 𝐶nom
𝑛p
𝑗=1

=
min
𝑖

∑ 𝐶𝑖𝑗(𝑡)
𝑛p
𝑗=1

min
𝑖

𝑛p ∙ 𝐶nom
=
min
𝑖

∑ 𝐶𝑖𝑗(𝑡)
𝑛p
𝑗=1

𝑛p ∙ 𝐶nom
. (26) 

Because of its physical meaning 𝐶nom > 0 and with Eq. (2), we get: 

min
𝑖

∑ 𝐶𝑖𝑗(𝑡)
𝑛p
𝑗=1

𝑛p ∙ 𝐶nom
=

1

𝑛𝑝
∙∑min

𝑖
⁡
𝐶𝑖𝑗(𝑡)

𝐶nom

𝑛𝑝

𝑗=1

=
1

𝑛p
∙∑min

𝑖
⁡ 𝑆𝑂𝐻C,𝑖𝑗(𝑡)

𝑛𝑝

𝑗=1

. (27) 

Relation of Capacity-based State of Health of Series-Parallel and Parallel-Series Connections 
The 𝑆𝑂𝐻C 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 𝑆𝑂𝐻C,s in a series connection from Eq. (5) it holds true that:  

𝑆𝑂𝐻C,s(𝑡) = min
𝑖

𝑆𝑂𝐻C,𝑖(𝑡) ≤ 𝑆𝑂𝐻C,𝑖(𝑡) (28) 

with ∀𝑖 = 1,2, . . . , 𝑛s, e.g. the 𝑆𝑂𝐻C,𝑖(𝑡) of each cell 𝑖 in a series connection is at least the minimum 

𝑆𝑂𝐻C,s(𝑡)  of the series connection. Considering 𝑛p  parallel connections of such a single series 

connection results in: 

∑min
𝑖
⁡ 𝑆𝑂𝐻C,𝑖𝑗(𝑡)

𝑛p

𝑗=1

≤∑𝑆𝑂𝐻C,𝑖𝑗(𝑡)

𝑛p

𝑗=1

 (29) 

with 𝑗 = 1,2, . . . , 𝑛p. Using the same argument as in Eq. (28) we obtain: 

∑min
𝑖
⁡ 𝑆𝑂𝐻C,𝑖𝑗(𝑡)

𝑛p

𝑗=1

≤ min
𝑖

∑𝑆𝑂𝐻C,𝑖𝑗(𝑡)

𝑛p

𝑗=1

≤∑𝑆𝑂𝐻C,𝑖𝑗(𝑡)

𝑛p

𝑗=1

. (30) 

As by definition 𝑛p > 0, it follows:  

1

𝑛p
∙∑min

𝑖
𝑆𝑂𝐻C,𝑖𝑗(𝑡)

𝑛p

𝑗=1

≤
1

𝑛p
∙ min

𝑖
∑𝑆𝑂𝐻C,𝑖𝑗(𝑡)

𝑛p

𝑗=1

 (31) 

which concludes our claim from Eq. (9): 

𝑆𝑂𝐻C,ps(𝑡) ≤ 𝑆𝑂𝐻C,sp(𝑡). (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]: 

𝑆𝑂𝐻R(𝑡) =
𝑅(𝑡) − 𝑅nom

𝑅nom
. (33) 

Also, the 𝑆𝑂𝐻R may refer to 𝑅EOL as maximum 𝑅 at EOL [8,35,224]: 

𝑆𝑂𝐻R(𝑡) =
𝑅EOL − 𝑅(t)

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

𝑆𝑂𝐻R(𝑡) = 1 +
𝑅nom−𝑅(𝑡)

𝑅nom
= 2 −

𝑅(𝑡)

𝑅nom
. (35) 

Analogous to 𝑆𝑂𝐻C in Eq. (2), with the last two 𝑆𝑂𝐻𝑅  definitions in Eqs. (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 𝑅s(𝑡) is the sum of 

the single cell’s resistance 𝑅𝑗(𝑡): 

𝑅s(𝑡) = ∑ 𝑅𝑖(𝑡)
𝑛s
𝑖=1  with 𝑖 = 1,2, . . . , 𝑛s. (36) 

The resistance of cells in parallel connection 𝑅p(𝑡) depends on the single cell’s resistance 𝑅𝑗(𝑡): 

𝑅p(𝑡) = (∑ 𝑅𝑗(𝑡)
−1𝑛p

𝑗=1
)
−1

 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 𝑆𝑂𝐻R,𝑖(𝑡) for the two applied 

definition of the 𝑆𝑂𝐻R.  

a) With the 𝑆𝑂𝐻R definition from Eq. (1) 𝑆𝑂𝐻R(𝑡) =
𝑅(𝑡)

𝑅nom
 it follows for a series connection: 

𝑆𝑂𝐻R,s(𝑡) =
𝑅s(𝑡)

𝑅nom,s
=

∑ 𝑅𝑖(𝑡)
𝑛s
𝑖=1

∑ 𝑅nom,𝑖
𝑛s
𝑖=1

 (38) 

with 𝑖 = 1,2, . . . , 𝑛s, and Eq. (36) for the resistance of cells in series connection. Assuming 𝑅nom,𝑖 =
𝑅nom results in:  

∑ 𝑅𝑖(𝑡)
𝑛s
𝑖=1

∑ 𝑅nom,𝑖
𝑛s
𝑖=1

=
∑ 𝑅𝑖(𝑡)
𝑛s
𝑖=1

∑ 𝑅nom
𝑛s
𝑖=1

=
∑ 𝑅𝑖(𝑡)
𝑛s
𝑖=1

𝑛s ∙ 𝑅nom
=

1

𝑛s
∙∑

𝑅𝑖(𝑡)

𝑅nom

𝑛s

𝑖=1

. (39) 

Finally, with the 𝑆𝑂𝐻R definition from Eq. (1) we conclude that in series connection the 𝑆𝑂𝐻R,s(𝑡) is 

the cells’ average 𝑆𝑂𝐻R,𝑖(𝑡): 

1

𝑛s
∙∑

𝑅𝑖(𝑡)

𝑅nom

𝑛s

𝑖=1

=
1

𝑛s
∙∑𝑆𝑂𝐻R,𝑖(𝑡)

𝑛s

𝑖=1

. (40) 

b) With the 𝑆𝑂𝐻R definition from Footnote 1 𝑆𝑂𝐻R(𝑡) =
𝑅(𝑡)−𝑅nom

𝑅nom
 it follows for a series connection: 

𝑆𝑂𝐻R,s(𝑡) =
𝑅s(𝑡) − 𝑅nom,s

𝑅nom,s
=
∑ 𝑅𝑖(𝑡)
𝑛s
𝑖=1 −∑ 𝑅nom,𝑖

𝑛s
𝑖=1

∑ 𝑅nom,𝑖
𝑛s
𝑖=1

 (41) 

with 𝑖 = 1,2, . . . , 𝑛s, and Eq. (36) for the resistance of cells in series connection. Assuming 𝑅nom,𝑖 =
𝑅nom results in:  

∑ 𝑅𝑖(𝑡)
𝑛s
𝑖=1 − ∑ 𝑅nom,𝑖

𝑛s
𝑖=1

∑ 𝑅nom,𝑖
𝑛s
𝑖=1

=
∑ (𝑅𝑖(𝑡) − 𝑅nom)
𝑛s
𝑖=1

𝑛s ∙ 𝑅nom
=

1

𝑛s
∙∑

𝑅𝑖(𝑡) − 𝑅nom
𝑅nom

𝑛s

𝑖=1

. (42) 

Finally, with the 𝑆𝑂𝐻R definition from Footnote 1 we conclude that in series connection the 𝑆𝑂𝐻R,s(𝑡) 
is the cells’ average 𝑆𝑂𝐻R,𝑖(𝑡), for both 𝑆𝑂𝐻R definitions: 
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1

𝑛s
∙∑

𝑅𝑖(𝑡) − 𝑅nom
𝑅nom

𝑛s

𝑖=1

=
1

𝑛s
∙∑𝑆𝑂𝐻R,𝑖(𝑡)

𝑛s

𝑖=1

. (43) 

 

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

a) With the 𝑆𝑂𝐻R definition from Eq. (1) 𝑆𝑂𝐻R(𝑡) =
𝑅(𝑡)

𝑅nom
 it follows for a parallel connection: 

𝑆𝑂𝐻R,p(𝑡) =
𝑅p(𝑡)

𝑅nom,p
=

(∑ 𝑅𝑗(𝑡)
−1𝑛p

𝑗=1
)
−1

(∑ 𝑅nom,𝑗
−1𝑛p

𝑗=1
)
−1 =

∑ 𝑅nom,𝑗
−1𝑛p

𝑗=1

∑ 𝑅𝑗(𝑡)
−1𝑛p

𝑗=1

 (44) 

with 𝑗 = 1,2, . . . , 𝑛p. Assuming 𝑅nom,𝑗 = 𝑅nom results in:  

∑ 𝑅nom
−1𝑛p

𝑗=1

∑ 𝑅𝑗(𝑡)
−1𝑛p

𝑗=1

=
𝑛p

𝑅nom
∙

1

∑ 𝑅𝑗(𝑡)
−1𝑛p

𝑗=1

=
𝑛p

∑
𝑅nom
𝑅𝑗(𝑡)

𝑛p
𝑗=1

=
𝑛p

∑ (
𝑅𝑗(𝑡)

𝑅nom
)
−1

𝑛p
𝑗=1

. 
(45) 

Finally, with the 𝑆𝑂𝐻R definition from Eq. (1) we conclude that in parallel connection the 𝑆𝑂𝐻R,p(𝑡) 

is inversely dependent on the sum of the inverse s cells’ 𝑆𝑂𝐻R,𝑗(𝑡): 

𝑛p

∑ (
𝑅𝑗(𝑡)

𝑅nom
)
−1

𝑛p
𝑗=1

=
𝑛p

∑
1

𝑆𝑂𝐻R,𝑗(𝑡)
𝑛p
𝑗=1

. 
(46) 

b) With the 𝑆𝑂𝐻R definition from Footnote 1 𝑆𝑂𝐻R(𝑡) =
𝑅(𝑡)−𝑅nom

𝑅nom
 it follows: 

𝑆𝑂𝐻R,p(𝑡) =
𝑅p(𝑡) − 𝑅nom,p

𝑅nom,p
=

𝑅p(𝑡)

𝑅nom,p
− 1 =

(∑ 𝑅𝑗(𝑡)
−1𝑛p

𝑗=1
)
−1

(∑ 𝑅nom,𝑗
−1𝑛p

𝑗=1
)
−1 − 1

=
∑ 𝑅nom,𝑗

−1𝑛p
𝑗=1

∑ 𝑅𝑗(𝑡)
−1𝑛p

𝑗=1

− 1 

(47) 

with 𝑗 = 1,2, . . . , 𝑛p. Assuming 𝑅nom,𝑗 = 𝑅nom results in:  

∑ 𝑅nom,𝑗
−1𝑛p

𝑗=1

∑ 𝑅𝑗(𝑡)
−1𝑛p

𝑗=1

− 1 =
𝑛p

𝑅nom
∙

1

∑ 𝑅𝑗(𝑡)
−1𝑛p

𝑗=1

− 1 =
𝑛p

∑
𝑅nom
𝑅𝑗(𝑡)

𝑛p
𝑗=1

− 1 =
𝑛p

∑ (
𝑅𝑗(𝑡)

𝑅nom
)

−1
𝑛p
𝑗=1

− 1

=
𝑛p

∑ (
𝑅𝑗(𝑡)

𝑅nom
− 1 + 1)

−1
𝑛p
𝑗=1

− 1 =
𝑛p

∑ (
𝑅𝑗(𝑡) − 𝑅nom

𝑅nom
+ 1)

−1
𝑛p
𝑗=1

− 1. 

(48) 

Finally, with the 𝑆𝑂𝐻R definition from Footnote 1 we conclude that: 

𝑛p

∑ (
𝑅𝑗(𝑡) − 𝑅nom

𝑅nom
+ 1)

−1
𝑛p
𝑗=1

− 1 =
𝑛p

∑
1

𝑆𝑂𝐻R,𝑗(𝑡) + 1
𝑛p
𝑗=1

− 1. 

 

(49) 

 


