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Abstract

To encourage a wild spread of EVs, accurate SoC and SoH estimation under thermally
accelerated aging is critical for advanced BMS systems. This study presents a lifelong
degradation analysis of LiBs cells over a 7700 cycle at 40 ◦C. An adaptive third-order ECM,
coupled with a hybrid polynomial–logarithmic OCV formulation, is continuously identified
via PSO. The experimental data reveals a distinct degradation profile where the cell crosses
the 80% SoH EoL threshold at cycle 5500, steadily declining to a terminal state of 75.7% SoH.
Continuous parameter tracking isolates key electrochemical transitions: an initial kinetic
stabilization phase is followed by a synchronized thermodynamic OCV realignment near
cycle 2000, consistent with increasing LLI. Mid-life aging features a pronounced increase in
the time constants, while a late-life degradation is characterized by increasing transport
limitations, reflected in the evolution of the slow diffusion-related model parameters,
inducing parameter boundary clipping in the slow diffusion branch. Despite these physical
non-linearities, the proposed framework maintains high global fidelity throughout the
7700-cycle lifespan, strictly bounding the SoC RMSE below 2.5%, keeping Voltage RMSE
under 35 mV, and preserving an R2 above 0.970. Comparative evaluations indicate that
the proposed framework achieves a favorable balance between computational efficiency,
tracking accuracy, and long-term diagnostic stability.

Keywords: lithium battery; PSO optimization; aging cell; Oxford Battery Degradation Dataset

1. Introduction
In this ever-evolving world, the EV has gained the most interest among recent tech-

nologies, due to the necessity for reliable, efficient, and safe energy-storage systems [1–3].
Thanks to the reliability, high thermal stability, and long cycle life of LiBs, Lithium became
the default technology for EVs [4,5], especially since ambient temperatures and intensive
duty cycles are common occurrences [6–8]. Even with all the battery advantages, it remains
highly sensitive to operating conditions, such as temperature. The degradation phenomena
such as SEI layer growth, electrolyte decomposition, and structural changes in electrode
materials [9–11] are highly susceptible to high temperature, which is the main cause of
capacity loss and internal resistance increase, affecting both the SoC and SoH [12–15].

To estimate SoC and SoH of a battery, BMS depend on mathematical models to infer
them [16–18]. ECMs are such models used by BMS to represent the non-linearity of a battery
for real-time application [19,20]. The accuracy of ECM is dependent on accurate parameter
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identification, which evolves over time due to aging and is significantly influenced by
temperature variations [21,22]. Capturing this parameter evolution is particularly challeng-
ing under high-temperature conditions, where nonlinearities and accelerated degradation
effects become more pronounced.

In the effort of identifying ECM parameters, a metaheuristic optimization is rec-
ommended. Among them, PSO is an optimization capable of solving nonlinear and
multi-dimensional problems without finding its gradient. It can also help in tracking
ECM parameters throughout the battery aging process, even under severe thermal condi-
tions [23,24]. PSO can additionally be exploited in resolving machine learning and deep
learning challenges [25–27], such as hyperparameter tuning, neural network training, and
model architecture optimization [28,29].

There are various state estimation techniques, one of the most wildly adopted is
KF, a recursive algorithm developed for linear dynamic systems, that combines model
predictions with real-time measurements to minimize estimation errors [30,31], which
provides an accurate system state even with measurement and process noises [32,33]. The
KF is exploited in different fields such as aerospace [34], robotics [35], navigation [36],
and energy systems [37]. However, LiBs exhibit nonlinear behavior due to the complex
electrochemical reactions. To overcome this limitation, the EKF extends the KF framework
by linearizing the nonlinear system around the current operating point through first-
order Taylor series approximations [38,39]. In BMS, the EKF is applied to estimate critical
variables such as the SoC and SoH that cannot be measured directly, and only be indirectly
inferred from measurable current, voltage, and temperature.

Prior work has established the combination of an ECM, PSO for parameter identifica-
tion, and an EKF for state estimation as an effective approach to SoC tracking under fixed
or mildly varying operating conditions. What remains comparatively under-explored is
the behavior of this pipeline under sustained, elevated-temperature cycling, and whether
repeated, cycle-resolved parameter identification can itself serve as a diagnostic signal
for state of health. In this work, we exploit the experimental data from Oxford battery
dataset [40–42], to investigate the ECM-PSO-EKF framework not only for single-cycle SoC
estimation, but also to independently re-identify the full parameter set at every aging cycle
of a cell aged at 40 ◦C for approximately 7700 equivalent cycles using Nernst-like OCV
polynomial equations [43,44] with hysteresis [45]. This allows us to track the evolution of
ohmic resistance, the three RC time constants, and the OCV parameters directly against
capacity fade, providing a physically interpretable, model-based alternative to purely
data-driven SoH indicators.

2. Materials and Methods
To accurately describe the dynamic behavior of the LiBs, a third-order ECM is adopted

(Figure 1). The proposed ECM structure identifies 27 parameters per cycle. While this
represents a high-dimensional search space for a stochastic optimizer, the parameters
correspond to nine physically distinct RC pairs (fast, mid, and slow relaxation branches,
each with separate charge/discharge resistances and shared capacitances) together with
the coefficients of the Nernst-like OCV function, rather than an arbitrary parameter count.
Physically motivated bounds and expert-initialized particles were used to mitigate the
identifiability risk inherent to this dimensionality.
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Figure 1. Equivalent circuit model 3rd degree with hysteresis.

The terminal voltage Vt(t) is expressed as:

Ut(t) = Uocv(SoC)− R0I(t)−U1(t)−U2(t)−U3(t) (1)

where:
I(t) is the applied current (positive during discharge).
U1, U2, U3 are the voltages across the three RC branches.
The dynamics of each RC branch are governed by:

.
U1(t) = −

1
R1C1

U1(t) +
1

C1
I(t) (2)

.
U2(t) = −

1
R2C2

U2(t) +
1

C2
I(t) (3)

.
U3(t) = −

1
R3C3

U3(t) +
1

C3
I(t) (4)

The State of Charge (SoC) evolution is defined by Coulomb counting:
.

SoC(t) =
I(t)

Qnom
(5)

where Qnom is the nominal capacity of the battery.
The behavior of the battery changes between charge and discharge because of hys-

teresis, so to illustrate the battery as accurately as possible, we use two Nernst-like OCV
polynomial equations:{

Uch
ocv(SoC) = bch

0 + bch
1 ·SoC + bch

2 ·SoC2 + bch
3 ·ln(SoC) + bch

4 ·ln(1− SoC), Charge (I < 0)

Udh
ocv(SoC) = bdh

0 + bdh
1 ·SoC + bdh

2 ·SoC2 + bdh
3 ·ln(SoC) + bdh

4 ·ln(1− SoC), Discharge (I > 0)
(6)

To prevent ln(0) explosions during optimization and simulation, the SoC is clipped to
SoCsafe = max(ε, min(1− ε, SoC)) with ε = 10−3.

Discrete equations of ECM can be written as:

Ut(k) = UOCV(k)− R0I(k)−U1(k)−U2(k)−U3(k) (7)

U1(k + 1) = e−
Ts

R1C1 U1(k) + R1

(
1− e−

Ts
R1C1

)
I(k) (8)

U2(k + 1) = e−
Ts

R2C2 U2(k) + R2

(
1− e−

Ts
R2C2

)
I(k) (9)

U3(k + 1) = e−
Ts

R3C3 U3(k) + R3

(
1− e−

Ts
R3C3

)
I(k) (10)

SoC(k + 1) = SoC(k)− Ts

Qn
I(k) (11)

PSO is a population-based metaheuristic optimization algorithm. It is widely used
to solve complex optimization problems where classical methods struggle (nonlinear,
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nonconvex, or noisy systems). PSO maintains a population of N candidate solutions
(“particles”) in the parameter space, each with a position x(t)i and velocity v(t)

i . At each
iteration, particles are attracted toward their personal best position (pbesti) and the global
best position (gbest):

v(t+1)
i = w·v(t)

i + c1r1

(
pbesti − x(t)i

)
+ c2r2

(
gbest− x(t)i

)
(12)

where r1, r2 are numbers between 0 and 1.

x(t+1)
i = x(t)i + v(t+1)

i (13)

The choice between exploration (wmax) and exploitation (wmin) is important, to realize
that an adaptive inertia equation is necessary:

w(t) = wmax − (wmax −wmin)·
t

tmax
(14)

To prevent runaway particle, a velocity and position clamping can be written as:

vmax = 0.15·(ub− lb) (15)

vi ← clip(vi,−vmax,+vmax) (16)

xi ← clip(xi, lb, ub) (17)

The personal best update and global best update are made following:

p(t+1)
i =

x(t+1)
i if J

(
x(t+1)

i

)
< J

(
p(t)

i

)
p(t)

i otherwise
(18)

g(t+1) = arg min
p(t+1)

i

J(p(t+1)
i ) (19)

For each particle (parameter set), the model is simulated forward in time on both
charge and discharge profiles, producing simulated voltages Vch

sim(k) and Vdh
sim(k). The

base error is the weighted RMSE:

ech(k) = Vch
meas(k)−Vch

sim(k) (20)

edh(k) = Vdh
meas(k)−Vdh

sim(k) (21)

RMSEch =

√
∑ kwch (k)·ech(k)2

∑ kwch (k)
(22)

RMSEdh =

√
∑ kwdh (k)·edh(k)2

∑ kwdh (k)
(23)

EKF is a nonlinear version of the KF widely used for SoC and SoH estimation in
batteries because the battery model is nonlinear. To estimate SoC for a third-order ECM,
Equations (8)–(11) are used to find the following state-space equation:


SOC(k + 1)
U1(k + 1)
U2(k + 1)
U3(k + 1)

 =


1 0 0 0

0 e−
∆T
τ1 0 0

0 0 e−
∆T
τ2 0

0 0 0 e−
∆T
τ3




SOC(k)
U1(k)
U2(k)
U3(k)

+


∆T

3600Qrated

(1− e−
∆T
τ1 )R1

(1− e−
∆T
τ2 )R2

(1− e−
∆T
τ3 )R3

I(k) + w(k) (24)
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with X =


SOC(k)
U1(k)
U2(k)
U3(k)

 is the State Vector, Ak =


1 0 0 0

0 e−
∆T
τ1 0 0

0 0 e−
∆T
τ2 0

0 0 0 e−
∆T
τ3

 is State Matrix,

Bk =


∆T

3600Qrated

(1− e−
∆T
τ1 )R1

(1− e−
∆T
τ2 )R2

(1− e−
∆T
τ3 )R3

 is System Control Vector, and w(k) is the System Process Noise

where its covariance is Q.
The measurement equation from Equation (7) is as follows:

Ut,k = UOCV(k)− I(k)R0 −U1(k)−U2(k)−U3(k) + v(k) (25)

where v(k) represents Measurement Noise and R its covariance.
EKFs require a Jacobian Matrix to function because the cell is a non-linear system,

especially the Nernst-like OCV polynomial equations:

Hk =
dx
dh

=
[

dSOC
dOCV −1 −1 −1

]
(26)

From Equation (6):

dSOC
dOCV

= b1 + 2b2 +
b3

(SOC + ε)
− b4

(1− SOC + ε)
(27)

EKF also requires equations to predict the State Vector, covariance matrix and
terminal voltage:

X̂k = Akx̂k−1 + BkIk (28)

P̂k = AkPk−1AT
k + Q (29)

Ût,k = OCV
( ˆSOCk

)
− Û1,k − Û2,k − Û3,k − R0Ik (30)

To determine Kalman Gain Kk, we have to first determine innovation covariance Sk:

Sk = Hk·P̂k·HT
k + R (31)

Kk = P̂k·HT
k ·S
−1
k (32)

Finally, the update to EKF is realized though:

Xk = X̂k + Kk(Ut,k − Ût,k) (33)

Pk = (I−Kk·Hk)·P̂k (34)

We can determine capacity, R0, and the global health (SoH) as the following equations:

SoHcapacity =
Qcycle(n)

Qcycle(0)
·100% (35)

SoHR0 =
R0cycle(0)

R0cycle(n)
·100% (36)

SoHglobal =
SoHcapacity + SOHR0

2
(37)

To study the evolution (from cycle 0 to 7700) of the parameters of a cell with PSO opti-
mization, we use Oxford Data, where the LCO/NCO cell Kokam CO LTD, SLPB533459H4
has a capacity 740 mAh, and applies continuous 1-C current (740 mA) for both charge and
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discharge at 40 ◦C. Figures 2 and 3 illustrate the voltage and current used in those both
phases at the first cycle (cycle 0):

Figure 2. (a) Charge current applied at Cycle 0; (b) charge voltage applied at Cycle 0.

Figure 3. (a) Discharge current applied at Cycle 0; (b) discharge voltage applied at Cycle 0.

The parameters deployed in PSO optimization need bounds to limit the area of search
for cell parameters. Table 1 illustrates these limits:

Table 1. Cell parameters bound.

Parameter Lower Limit Upper Limit Unit

Internal charge resistance R0,ch 0.003 0.04 Ω
Internal discharge resistance R0,dh 0.01 0.06 Ω

Fast charge resistance R1,ch 0.001 0.03 Ω
Fast discharge resistance R1,dh 0.02 0.04 Ω

Fast capacitance C1 50 5000 F
Medium charge resistance R2,ch 0.001 0.025 Ω

Medium discharge resistance R2,dh 0.003 0.035 Ω
Medium capacitance C2 1000 50,000 F

Slow charge resistance R3,ch 0.001 0.02 Ω
Slow discharge resistance R3,dh 0.005 0.04 Ω

Slow capacitance C3 5000 200,000 F
Initial charge voltage across RC1, Uinit

1,ch −0.5 0.5 V
Initial charge voltage across RC2, Uinit

2,ch −0.5 0.5 V
Initial charge voltage across RC3, Uinit

3,ch −0.5 0.5 V
Initial discharge voltage across RC1, Uinit

1,dh −0.5 0.5 V
Initial discharge voltage across RC2, Uinit

2,dh −0.5 0.5 V
Initial discharge voltage across RC3, Uinit

3,dh −0.5 0.5 V
OCV polynomial b0 2.5 4.5 -
OCV polynomial b1 −2 3 -
OCV polynomial b2 −2 2 -
OCV polynomial b3 0 0.5 -
OCV polynomial b4 −1.5 0 -
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The key parameters for PSO optimization, such as the number of particles used in
multiple optimization cycles, are shown in Table 2.

Table 2. Parameters PSO optimization.

Parameter Value

Number of particles N 200
Maximum iterations 300

Inertia wmax 0.9
Inertia wmin 0.4

Cognitive coefficient c1 1.8
Social coefficient c2 2

Velocity limit 0.15 × range
Runtime per cycle ~60 s

3. Results
In this section, we will showcase the evolution of battery parameters from cycle 0 to

7700 including resistances, capacitance, time constants, coefficients for Nernst-like OCV
polynomial (b0, b1, b2, b3, and b4), capacity, and SoC and SoH.

3.1. Resistances Evolution Analysis
3.1.1. Resistance R0

Figure 4 represents the evolution of R0 through 7700 cycles of battery life, in both
charge (blue) and discharge (red) curves. The two curves share a consistent limit value
around 3 and 10 mΩ. This denotes the nominal, uncompromised ohmic resistance of the
cell under high operating temperatures and specific SoC throughout the aging process.

Figure 4. Evolution R0 resistance through 7700 cycles.

There is a clear divergence between the two operating modes. The discharge resistance
experiences vastly more frequent and higher magnitude spikes than the charge resistance
across the entire lifespan.

While the first 5000 cycles show a highly stable baseline for charging and mostly
flat lining near 3 mΩ, the final 2000 cycles show a distinct behavioral shift. The charge
resistance baseline breaks upward, and both curves exhibit massive, concurrent spikes
reaching peaks between 40 and 50 mΩ.

The ohmic resistance R0 shows the most consistent monotonic increase across all cycles.
This trend is consistent with progressive SEI layer growth and gradual electrolyte conduc-
tivity loss, both of which are accelerated under sustained elevated-temperature operation.

https://doi.org/10.3390/wevj17080416
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3.1.2. Resistance R1

Similar to the R0 plot, Figure 5 shows resistance R1 as a very rigid, recurring lower limit
at approximately 1 and 2 mΩ for both charge and discharge lines across the entire lifespan.

Figure 5. Evolution R1 resistance through 7700 cycles.

Up until cycle 4000, the charge and discharge curves share a highly overlapping
operational envelope, generally fluctuating between 1 mΩ and 20 mΩ. However, between
cycles 4000 and 5000, the discharge resistance experiences a massive, sustained surge,
peaking at over 33 mΩ, while charging remains largely bound to 15 mΩ.

In the final 2000 cycles, the charge transfer resistance becomes highly erratic for
both operating modes. Unlike the mid-life phase where discharge dominated, the charge
and discharge curves show massive, alternating spikes that frequently trace each other’s
amplitudes up to 20 and 27 mΩ.

3.1.3. Resistance R2

Across nearly the entire lifespan, the discharge resistance acts as an upper envelope
to the charge resistance. While the charge curve spends significant time oscillating in the
lower 0–15 mΩ zone, the discharge curve frequently shoots upward, maintaining a much
higher mean resistance. At different cycles such as 3600, 3900, 4300, 6000, 6600, 7100, and
7400, the discharge resistance hits the upper limit of 35 mΩ. We can conclude that R2

behavior is highly erratic and that the resistance varies from the lower to the upper limit
from one cycle to another (Figure 6).

Figure 6. Evolution R2 resistance through 7700 cycles.

https://doi.org/10.3390/wevj17080416
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The R2 resistance also increases with aging, though less monotonically than R0. This is
consistent with charge-transfer resistance growth from active material loss and increased
diffusion resistance from electrode microstructural changes.

3.1.4. Resistance R3

In Figure 7, we notice the biggest difference between charge and discharge resistance,
where charge resistance varies between 1 and 20 mΩ through all the cycles. But the
discharge resistance has two main sections, the first one between 0 and 3200 cycles, where
the resistance drops to a lower bound at 5 mΩ a few times, and the second section from
3200 to 7700, where the resistance remains mostly at the upper limit of 40 mΩ.

Figure 7. Evolution R3 resistance through 7700 cycles.

Despite the intense degradation of the cell, the lower bound of the charging diffusion
resistance remains remarkably unaffected, continuously dipping back to 1–3 mΩ even up to
cycle 7700. The corresponding increase in resistance R3 in the slow time constant τ3 = R3C3

indicates measurable slowing of solid-state diffusion over the cell’s aging trajectory.

3.2. Capacitances and Time Constants Evolution Analysis
3.2.1. Capacitance C1 and Time Constant τ1

In Figure 8a, the capacitance C1 is maintained at a relatively stable baseline; C1 swings
violently between nearly 0 F and over 3000 F from cycle to cycle across the battery’s entire
lifecycle. There is no clear single long-term upward or downward trend line. But C1 hits
the upper limit (5000 F) at around 2000 and 4600 cycles.

Figure 8. (a) Evolution C1 resistance through 7700 cycles; (b) evolution τ1 resistance through 7700 cycles.

https://doi.org/10.3390/wevj17080416
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In Figure 8b, the time constant remains tightly compressed below 30 s for both charge
and discharge throughout 7700 cycles. But at 4600 cycles, only the discharge time constant
surges to 165 s, yet the charge time constant during this exact same time remains safely
under 25 s.

3.2.2. Capacitance C2 and Time Constant τ2

Unlike the fast capacitance C1, which peaked at thousands of Farads, in Figure 9a, C2

operates on a much lower physical scale, capped tightly at an upper bound of exactly 5 F.
While highly unstable, there is a visible macro-trend from cycles 2500 to 4800 where the
capacitance baseline and peak frequency migrate upward, hovering consistently between
2 F and 5 F before dropping down sharply post-cycle to 5000.

Figure 9. (a) Evolution C2 resistance through 7700 cycles; (b) evolution τ2 resistance through 7700 cycles.

For the first 2500 cycles, as shown in Figure 9b, the charge and discharge time constants
track each other remarkably closely, staying beneath 10 min. However, past cycle 2500,
the discharge curves begin spiking dramatically higher than the charge transients. The
absolute maximum of the discharge curve occurs near cycle 3700, exploding upward to a
prolonged relaxation phase of 29 min.

3.2.3. Capacitance C3 and Time Constant τ3

C3 operates on a very small numerical scale, strictly constrained to an upper limit
of exactly 2 F. In the first 3000 cycles, the capacitance baseline fluctuates wildly between
0 F and 2 F. However, as the cell progresses past cycle 4000, the data becomes heavily
concentrated near the top ceiling, frequently pinning itself to the 2 F maximum up to the
end of testing (Figure 10a).

The gap between time constant charge and discharge is massive. The charge τ3

fluctuates between 0 and 60 min through the entire aging of the cell, the discharge time
constant oscillates in the same time in much higher values, where it varies between 80 and
133.3 min. This fluctuation hits the upper limit more often at late cell life (after 5700 cycles)
as shown in Figure 10b.

https://doi.org/10.3390/wevj17080416
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Figure 10. (a) Evolution C3 resistance through 7700 cycles; (b) evolution τ3 resistance through
7700 cycles.

3.3. OCV Coefficients and Curves Evolution Analysis
3.3.1. OCV Coefficient b0

Figure 11 tracks the evolution parameter b0 of Nernst-like OCV polynomial equations
and both charge and discharge of the ECM model. Between cycles 0 and 3500, b0 charge
behaves unsteadily, dipping down to 3.95 a few times, before stabilizing to 4.5 past the
3500 cycles.

Figure 11. (a) Evolution coefficient b0 during charge operation through 7700 cycles; (b) evolution
coefficient b0 during discharge operation through 7700 cycles.

Unlike the charge plot, the discharge baseline shows a distinct, progressive evolution.
During the first 1500 cycles, b0 remains relatively low, fluctuating between 3.85 and 4.1.
Between cycles 1500 and 2000, the parameter experiences a dramatic upward shift, perma-
nently changing its operational baseline. Past cycle 2000, it mirrors the charge curve by
frequently clipping against the 4.5 upper optimization ceiling.

3.3.2. OCV Coefficient b1

From cycle 0, b1 exhibits aggressive a high-frequency oscillations spanning almost the
entire optimization window (from −0.2 down to −1.85). Unlike the previous parameters,
b1 during charge never hits a flat, saturated ceiling or floor boundary, indicating that the
search bounds for this specific parameter were sufficiently wide (Figure 12a).

https://doi.org/10.3390/wevj17080416
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Figure 12. (a) Evolution coefficient b1 during charge operation through 7700 cycles; (b) evolution
coefficient b1 during discharge operation through 7700 cycles.

In the first 1500 cycles, the discharge slope coefficient remains tightly bound and
relatively flat, hovering in a shallow region between −0.2 and −0.6. At cycle 2000, the
discharge curve plunges violently to its absolute minimum value of −2.0. Following that
major drop, the discharge curve completely loses its early-life stability. It transitions into a
highly erratic, wider-band oscillation pattern (mostly between −0.5 and −1.5) that closely
mirrors the behavior of the charge curve for the remainder cycles (Figure 12b).

3.3.3. OCV Coefficient b2

From Figure 13a, we notice that the parameter b2 fluctuates between 0.5 and 1.65
intensely without being clipped by the bounds of the optimization to match active charging
dynamics of the cell.

Figure 13. (a) Evolution coefficient b2 during charge operation through 7700 cycles; (b) evolution
coefficient b2 during discharge operation through 7700 cycles.

In Figure 13b, the discharge parameter b2 has completely different behavior, where
in first cycles (up to cycle 2000), the parameter remains between 0.05 and 0.75, then it
shoots upward to a 1.9 value, followed by oscillation between 0.6 and 1.5 through the
remaining cycles.

3.3.4. OCV Coefficient b3

In Figure 14a, the first 2000 cycles show that the charge b3 has a high frequency
variation between 0.16 and 0.35 before reaching 0.42 at cycle 2000; afterward, the charge
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parameter never returns to a low value of 0.16—it remains at slightly higher values (between
0.2 and 0.38) for the following cycles.

Figure 14. (a) Evolution coefficient b3 during charge operation through 7700 cycles; (b) evolution
coefficient b3 during discharge operation through 7700 cycles.

Figure 14b showcases the behavior of b3 discharge in 7700 cycles; the discharge has
the same demeanor as the charge parameter but at different values, it starts at 0.23, then
fluctuate moderately in the 2000 cycles between 0.18 and 0.26. At cycle 2000, b3 discharge
increases to 0.34 and it oscillates mostly between 0.22 and 0.34 with a peak at cycle 3600.

3.3.5. OCV Coefficient b4

In Figure 15a, the b4 charge plot exhibits intense, high frequency throughout the
entire 7700-cycle span. Despite the volatility, the macro-baseline remains relatively flat,
consistently bouncing within a narrow corridor between −0.010 and −0.035 with no clear
upward or downward step changes.

Figure 15. (a) Evolution coefficient b4 during charge operation through 7700 cycles; (b) evolution
coefficient b4 during discharge operation through 7700 cycles.

In the first 1500 cycles, the b4 discharge plot stays very tightly bound in a shallow
region close to zero (between −0.005 and −0.015). At the 2000-cycle threshold, the param-
eter undergoes a dramatic downward plunge, dropping to −0.045. Post cycle 2000, the
discharge parameter completely loses its initial tight containment. The baseline perma-
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nently shifts downward, matching the wide, volatile envelope of the charge curve for the
remaining lifecycle (Figure 15b).

3.3.6. OCV Curves

In Figure 16a, all the OCV charge curves, regardless of the cycle age (from cycle 1
to cycle 7700), successfully converge at the same upper boundary of 4.2 V at 100% SoC.
But between the 10% and 60% SoC window, the curves noticeably shift upward as the
cell ages. At a fixed low SoC (around 20%), an aged cell (red/orange lines) exhibits a
higher open-circuit voltage than a fresh cell (blue/purple lines). The curvature at the lower
boundary (0% to 10% SoC) becomes increasingly steep and sharp as cycling progresses
past 4500 cycles.

Figure 16. (a) Evolution OCV curves during charge operation through 7700 cycles; (b) evolution OCV
curves during discharge operation through 7700 cycles.

In Figure 16b, the fresh-cell OCV discharge curves drop smoothly toward the 3.0 V
cutoff at 0% SoC, while the aged curves (cycles 6000–7700) exhibit a massive, precipitous
cliff. The voltage profile between 0% and 20% SoC completely collapses downward in late
life. The smooth curve deforms into a sharp, rigid “L shape” right before depletion.

At the nominal voltage plateau around 50% SoC, the curves start to be separated as
the cell ages across all 7700 cycles, showing very significant vertical drift.

The gradual evolution of the OCV-SOC relationship may reflect changes in lithium
inventory and electrode stoichiometry during aging. As cyclable lithium is consumed
through parasitic side reactions such as SEI growth, the equilibrium potential profile shifts,
requiring progressive adaptation of the OCV model coefficients.

3.4. State of Charge and Capacity Evolution Analysis
3.4.1. SoC and RMSE Early Life

Figure 17a represents a cell undergoing an Urban Artemis driving profile, with 1C
discharge current stepping down from 100% SoC to 0% SoC over roughly 60 min. At the
early life of a cell, both the EKF-estimated SoC and the reference are indistinguishable
across the entire dynamic profile. As for Figure 17b, the RMSE error remains tightly
compressed beneath a maximum peak of 0.2%. For the vast majority of the test, the error
hovers well below 0.05%. The highest value is achieved upon reaching 10% SoC, where the
error starts fluctuating.
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Figure 17. (a) Comparison of real and modeled SoC at cycle 0; (b) RMSE error of real and modeled
SoC during cycle 0.

3.4.2. SoC and RMSE Mid-Life

Unlike the cycle 0 test which took roughly 60 min to deplete the cell, the cycle 3900
test profile terminates much sooner, ending at approximately 50 min. Even though the
cell is heavily aged, the estimated SoC curve still tracks the experimental measurements
exceptionally well during the discharge phase (Figure 18a). Throughout the nominal
operating window, tracking error stays almost constant as long as SoC is higher than 36%
at around 0.5%. After that, the error goes higher than 0.7%, then at around 17% starts going
down to −0.8% before climbing back up to 0.2% (Figure 18b).

Figure 18. (a) Comparison of real and modeled SoC at cycle 3900; (b) RMSE error of real and modeled
SoC during cycle 3900.

3.4.3. SoC and RMSE End-Life

In this end-of-life cycle, the cell only lasted 46 min, a little less than the 50 min of 3900
of the mid-of-life. Even when the error goes from 0.24% to 0.44%, as in Figure 19b, we
noticed that the tracking of SoC is still functioning, which means that the error is still in
tolerable bounds (Figure 19a).
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Figure 19. (a) Comparison of real and modeled SoC at cycle 7700; (b) RMSE error of real and modeled
SoC during cycle 7700.

3.4.4. Cell Capacity

The capacity curve for both charge and discharge follow the same behavior, so we
will focus on the effective energy which is the discharge curve (Figure 20). The capacity
curve does not follow a linear path. Instead, it exhibits a three-stage battery degradation
trajectory under high thermal stress:

Figure 20. Evolution cell capacity through 7700 cycles.

Stage 1 (Cycles 0 to 1500): A highly stable, linear, and slow aging phase. The capacity
decreases marginally from 740 mAh down to approximately 680 mAh.

Stage 2 (Cycles 1500 to 5500): At cycle 1500, we notice an acceleration in the capacity
fading. The capacity curve knows a change in behavior; a non-linearity is observed and by
the end, the capacity drops from 680 mAh to 600 mAh.

Stage 3 (Cycles 5500 to 7700): Beyond this point, the capacity fade plunges exponen-
tially, collapsing down to an ultimate EoL value of 580 mAh at cycle 7700.

Capacity fade proceeds from 100% to approximately 75.7% SoH over the 7700 cycles
analyzed. The degradation trajectory remains predominantly smooth and monotonic,
without the pronounced knee commonly associated with accelerated degradation regimes
such as severe lithium plating or rapid active-material loss. The observed trend is more
consistent with progressive SEI growth and gradual lithium inventory loss under sustained
elevated-temperature operation. Although the rate of capacity loss increases slightly at
later life stages, no distinct degradation knee is observed before dataset termination.
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3.5. Errors Evolution Analysis
3.5.1. RMSE Error

While validation curves from Figures 17–19 showed detailed, single-cycle snapshots
(cycles 0, 3900, and 7700), Figure 21 shows the continuous metric performance across all
7700 cycles. For the charge curve, RMSE remains extraordinarily low and stable, strictly
confined below 2% and maintaining with a few peaks 4.2%, 6% and 8.1% at 800, 1500,
and 3300 cycles respectively, mostly likely due to a wrong choice in PSO optimization
parameter quickly corrected in the first 5500 cycles. Exactly at the 5500-cycle threshold, the
error experiences an abrupt change in slope and breaks upward, climbing steadily past 2%
and peaking at almost 3% at the late stage of life. As for the discharge curve, it stays mostly
under 1% with a few peaks to 4.2% at the 800 cycle and 2.2% at the 2200 cycle.

Figure 21. Evolution RMSE error through 7700 cycles.

3.5.2. R2 Error

While RMSE quantifies absolute error in volts or percentage points, R2 measure the
relative strength of the model’s explanatory power. The most notable feature of Figure 22 is
that both charge and discharge R2 values remain consistently high throughout the battery
lifetime, generally exceeding 0.98 and frequently approaching 1.

Figure 22. Evolution R2 error through 7700 cycles.

At the beginning of life, the battery exhibits very low internal resistance and rapid
electrochemical dynamics due to the elevated operating temperature of 40 ◦C. Between
approximately 1500 and 5500 cycles, despite these ongoing degradation processes, the
model continues to maintain strong predictive capability. The ability of the PSO algorithm
to continuously adapt the RC parameters allows the equivalent circuit model to accurately
track the evolving electrochemical behavior. Nevertheless, even during these fluctuations,
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the majority of R2 values remain above 0.97, confirming the robustness of the model.
Beyond approximately 5500 cycles, the scatter of both curves increases noticeably. Despite
this increased complexity, the R2 values remain remarkably high. Most values continue to
exceed 0.98, while the lowest observed values remain above approximately 0.94–0.95. This
indicates that the proposed model retains strong predictive capability even near EOL.

3.6. State of Heath Evolution Analysis
3.6.1. Charge SoH

The estimated SoH curve (red) tracks the experimental SoH curve (blue) with near-
perfect overlap across the entire 7700-cycle aging history. The two lines in Figure 23 are
virtually indistinguishable through all macro-phases of degradation. In the early life of
a cell (from cycle 0 to 1500), we notice a slow linear health degradation phase, with SoH
dipping slightly from 100% down to 96%. As for the middle of life of the cell (cycles 1500 to
5500), there is an intermediate linear degradation phase, where the battery health declines
at a faster rate from 96% down to the standard industrial EOL of 80% SoH. Beyond cycle
5500, the cell degrades below the 80% threshold and the SoH drops to almost 47% SoH.

Figure 23. Evolution SoH of charge parameters through 7700 cycles.

3.6.2. Discharge SoH

In Figure 24, we observe exceptional tracking of the experimental discharge SoH
(blue line) by the estimated discharge SoH (red line), where the estimated SoH follows the
experimental one with zero delay across all the cycles. For first 1500 cycles, the SoH changes
steadily from 100% to 96%. After the 1500 cycle, the degradation of SoH is accelerated and
drops below 80% around 5500 cycles. From then onward, the SoH reaches the value of
75.7% by the EOL of the cell.

Figure 24. Evolution SoH of discharge parameters through 7700 cycles.
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3.7. Parameters Sensitivity

A perturbation-based sensitivity analysis was performed, in which each of the
27 parameters was individually shifted by ±5% of its permitted search range around
the PSO-optimized value, and the resulting change in voltage RMSE was recorded. The
open-circuit voltage (OCV) coefficients were found to be the most strongly identified param-
eters, with perturbations producing RMSE changes of 8–77 mV, consistent with the OCV
term dominating the terminal voltage over the full State of Charge trajectory. In contrast, the
ohmic and RC-branch parameters (R0, R1–R3, C1–C3) produced RMSE changes below 1 mV
under equivalent perturbations. We attribute this to the near-constant-current nature of the
characterization segments used for parameter identification, under which the RC branches
are only weakly excited; their voltage contribution approaches a near-constant offset that
is partially absorbed by the OCV baseline term during fitting. This indicates that while
the OCV parameterization is tightly constrained by the available data, the resistance and
capacitance parameters including R0, which was investigated as a resistance-based aging
indicator, are comparatively less identifiable from this excitation profile, and their quantita-
tive values are less strongly constrained than the OCV coefficients and their cycle-to-cycle
fluctuations should therefore be interpreted with greater caution than the corresponding
long-term aging trends, which does not depend on this identification step (Figure 25).

Figure 25. (a) Parameter sensitivity: absolute (range-based) perturbation on a linear scale; (b) parameter
sensitivity: absolute (range-based) perturbation on Log scale.

4. Discussion
The present study is based exclusively on cells aged under a constant 40 ◦C envi-

ronment, as provided by the Oxford Battery Degradation Dataset. While this isolates
the effect of sustained elevated-temperature aging on parameter evolution, it does not
allow us to verify the generalization of the identified parameter trends or the SoC/SoH
estimation accuracy across a wider temperature range. Consequently, the reported pa-
rameter trajectories should be interpreted as specific to the investigated thermal condition
rather than universally representative of LiB aging behavior. Nevertheless, the proposed
PSO-EKF framework itself is independent of the specific temperature used during aging
and could be applied to cells characterized under alternative thermal conditions, provided
that temperature-specific parameter identification is performed.
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R0 plot illustrates the evolution of the ohmic resistance R0, throughout the aging
process at 40 ◦C. During the first 5500 cycles, R0 remains relatively low and stable at
3–5 mΩ, indicating efficient ionic conduction and favorable electrolyte transport conditions
promoted by the elevated operating temperature. The low resistance values suggest that
the electrolyte and current collector interfaces remain largely intact during the early and
middle stages of battery life. As cycles progress beyond 5500, a pronounced increase in R0 is
observed. The sharp spikes represent local minima where the algorithm overcompensated
R0 to fit a highly non-linear voltage curve. This transition marks the onset of severe aging
phenomena, including electrolyte depletion, loss of interfacial contact, and degradation
of electronic conduction pathways. Repeated volume expansion and contraction of the
electrodes contribute to particle cracking and delamination, increasing the effective ohmic
resistance can be potentially associated with continuous operation at 40 ◦C where the
electrolyte evaporates or breaks down via chemical reduction much faster than it would
at a standard room temperature (25 ◦C). The sharp fluctuations observed near end-of-life
indicate increasing heterogeneity within the cell, where localized degradation mechanisms
dominate the overall electrical response. The divergence between charge and discharge val-
ues further highlights the dynamic nature of R0, demonstrating that resistance is influenced
not only by SoH but also by operating direction and electrochemical conditions, because
during discharge, lithium ions are stripped from the anode and forced through the elec-
trolyte to intercalate into the cathode. As the cell empties, the electrolyte near the electrode
surfaces can face localized concentration polarization (ion depletion). This temporarily
starves the conduction path, physically increasing the ohmic bulk resistance. But during
charge, the phase kinetics and internal mechanical pressures within the jelly-roll/pouch
stack often facilitate slightly better contact mechanics and lower initial impedance.

The resistance R1 plot reflects the kinetics of electrochemical reactions occurring at
the electrode–electrolyte interfaces. Throughout the early stages of cycling, R1 remains
relatively low, indicating efficient lithium–ion exchange across the interfaces, proving the
kinetic benefit of an elevated testing temperature of 40 ◦C, where the optimized ion mobil-
ity and interfacial kinetics result in highly stable, low-resistance baselines. A noticeable
increase in discharge R1 appears around cycle 4500, suggesting significant growth and
restructuring of the SEI. As the SEI layer thickens, lithium ions encounter a larger activation
barrier during extraction, resulting in higher resistance during discharge than during charg-
ing. Beyond 5500 cycles, high-amplitude synchronized chaotic behavior mirrors the trend
seen in R0, confirming that the cell has passed its degradation in both charge and discharge
resistances exhibit highly unstable behavior. This instability is attributed to continuous
particle cracking and repeated formation of fresh SEI layers on newly exposed electrode
surfaces most likely due to the high temperature. Consequently, the available reaction area
changes continuously, leading to strong cycle-to-cycle variability in the estimated R1 values.
These results indicate that R1 serves as an effective indicator of interfacial degradation and
electrochemical aging.

The intermediate-frequency resistance R2 and low-frequency diffusion resistance
R3 provide insight into transport limitations within the electrode structure. The frequent
saturation of R2 at its upper optimization bound set to 35 mΩ indicates that the actual
resistance exceeded the predefined search limits during several aging stages. This behavior
highlights the increasing difficulty of lithium–ion transport through the growing SEI/CEI
layers. Elevated temperature accelerates the formation and restructuring of these interfacial
films, producing significant transport bottlenecks, particularly during discharge. Simi-
larly, R3 exhibits progressive growth with aging and eventually reaches its optimization
boundary of 40 mΩ. Unlike R2, which mainly reflects interfacial transport limitations, R3 is
associated with solid-state diffusion within the active materials. The sustained increase
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in R3 suggests severe structural degradation, including particle cracking, loss of active
material, and disruption of lithium diffusion pathways. The persistent saturation of both
parameters during late-life operation is consistent with the transport phenomena as the
battery approaches EoL.

The capacitance C1 exhibits significant variability throughout cycling, reflecting the
well-known difficulty of identifying capacitance values using optimization-based tech-
niques. Since capacitance primarily affects short-duration transients, limited high-frequency
excitation in the experimental current profile (continuous 1C) has reduced parameter iden-
tifiability, where the algorithm is constantly searching across the bounds to minimize error,
frequently hitting the 5000 F boundary limit. Despite the fluctuations in C1, the associ-
ated time constant τ1 provides clearer physical interpretation. A pronounced peak occurs
around cycle 4500, coinciding with the maximum observed R1. Under the influence of
40 ◦C thermal stress, the SEI/CEI reached a temporary point of extreme instability or struc-
tural restructuring. The combination of a high kinetic barrier (R1) and a highly polarized
double-layer capacitive effect (C1) temporarily slowed down the battery’s voltage recovery
dynamics during discharge, stretching its fast relaxation time from a few seconds to nearly
three minutes.

The intermediate time constant τ2 reaches its highest values between approximately
3700 cycles, where both R2 and C2 hit their high-limit bounds (0.035 Ω and 50,000 F
respectively). τ2 hitting nearly 29 min shows the optimizer stretches the time constant
out to nearly half an hour to minimize fitting errors. Between 2500 and 4000 cycles, we
noticed an accelerated SEI/CEI growth, which increases the time required for interfacial
charge redistribution following current perturbations. Following this peak, both C2 and τ2

decrease substantially, indicating that surface-film growth has reached a relatively stable
state. At this stage, degradation mechanisms shift away from interfacial processes toward
bulk structural deterioration.

The diffusion-related branch exhibits the strongest degradation effects. Simultaneous
saturation of R3, C3, and τ3 during late life suggests that the model approaches its identifi-
cation limits (0.04 Ω, 200,000 F, and 133.3 min respectively) when attempting to reproduce
extremely slow diffusion processes. Continuous cycling at 40 ◦C promotes structural dis-
order within the cathode crystal lattice and causes micro-cracking due to repeated phase
transitions. During discharge, when lithium is being forced back into the host material,
these structural defects act as microscopic energy traps and act as dominant kinetic bottle-
neck forcing the macroscopic voltage relaxation tail to drag out for over two hours. During
early-to-mid-life aging (0–4000 cycles), Bulk Structural Degradation is still manageable by
the model, then the late-life degradation past 6000 cycles induces severe LAM and lattice
damage. The battery develops relaxation dynamics so slow (exceeding 133 min) that they
completely outgrow standard metaheuristic search boundaries during discharge.

The evolution of the polynomial–logarithmic OCV coefficients reveals a major thermo-
dynamic transition occurring between approximately 1500 and 2000 cycles.

Initially, all coefficients remain relatively stable, indicating preservation of the original
OCV-SoC relationship. However, a synchronized shift occurs near cycle 2000:

• b0 increases significantly.
• b1 becomes more negative.
• b2 and b3 reach their maximum values.
• b4 exhibits a sharp decrease.

This collective behavior suggests a fundamental modification of the battery’s equi-
librium voltage characteristics. The observed changes are consistent with LLI, electrode
stoichiometric imbalance, and structural transformations within the active materials. The
increasing importance of logarithmic and inverse OCV terms indicates that voltage behav-
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ior near low SoC becomes progressively more nonlinear as aging advances. Consequently,
the OCV model requires stronger correction terms to accurately represent the evolving
electrochemical equilibrium.

The reconstructed OCV curves provide direct evidence of the thermodynamic changes
identified through the parameter analysis. During early life, both charge and discharge OCV
curves exhibit smooth profiles with well-defined voltage plateaus. As aging progresses,
the low-SoC region becomes increasingly distorted, eventually developing a steep voltage
collapse near the depletion boundary. This deformation is characteristic of severe lithium
inventory loss and active material degradation. The pronounced low-SoC voltage drop
indicates increasing difficulty in sustaining electrochemical reactions as available lithium
and active reaction sites decrease. The OCV evolution therefore may indicate that aging
affects not only kinetic parameters but also the fundamental equilibrium behavior of
the cell.

The PSO-identified 3RC model shows an excellent performance throughout the battery
lifetime. At beginning-of-life, voltage tracking errors remain below 20 mV, while SOC
estimation errors remain below 1.25%, confirming accurate representation of the battery
dynamics. At cycle 3900, despite significant aging, the model maintains voltage errors
below 10 mV for most operating conditions. Larger deviations appear only near low-SoC
regions where strong nonlinearities dominate the voltage response. At cycle 7700, voltage
and SoC estimation errors increase to approximately 122 mV and 7.5%, respectively. These
deviations coincide with severe structural degradation and increased internal heterogeneity,
conditions that challenge the assumptions of lumped-parameter equivalent circuit models.
Nevertheless, lifecycle-average performance remains highly satisfactory, with SOC RMSE
generally below 2.5%, voltage RMSE below 35 mV, and R2 values consistently above
0.97. These results demonstrate the robustness of the proposed PSO-based identification
framework even under severe thermal aging conditions.

The capacity degradation profile reveals three distinct aging stages:

• Stage I (0–1500 cycles): Capacity decreases slowly, indicating relatively stable operation
with limited degradation.

• Stage II (1500–5500 cycles): A noticeable increase in degradation rate occurs following
the thermodynamic transition identified in the OCV parameters. Accelerated SEI
growth and continuous lithium consumption become the dominant aging mechanisms.

• Stage III (>5500 cycles): The cell reaches the degradation knee and experiences rapid
capacity collapse. This stage is characterized by severe electrolyte depletion, active
material loss, and diffusion limitations.

The SoH trajectory closely follows this three-stage behavior, confirming the strong
relationship between internal parameter evolution and macroscopic battery health. The
combined analysis reveals a clear degradation sequence under continuous cycling at 40 ◦C:

• Early Life (0–1500 cycles): Stable electrochemical behavior with low resistance and
minimal capacity loss.

• Thermodynamic Transition (1500–2000 cycles): Onset of significant lithium inventory
loss and OCV restructuring.

• Interfacial Degradation (2000–5500 cycles): Accelerated SEI/CEI growth produces
increasing charge-transfer and transport limitations.

• Bulk Structural Failure (>5500 cycles): Active material loss, particle cracking, elec-
trolyte depletion, and diffusion starvation dominate battery behavior.

This progression suggests that elevated-temperature operation initially improves
electrochemical kinetics but ultimately accelerates the degradation mechanisms responsible
for capacity fade, resistance growth, and end-of-life failure.
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While standard combinations of ECMs and optimization algorithms are widely re-
ported in the literature, existing studies rarely evaluate higher-order networks over ex-
tended, multi-thousand-cycle aging horizons. Most reported ECM-based estimation frame-
works are evaluated over substantially shorter aging horizons than the present study and
rarely investigate parameter evolution across the complete degradation trajectory. The
primary novelty of this work lies in the lifelong tracking capability of the proposed adaptive
3-RC framework coupled with a hybrid polynomial-logarithmic OCV formulation.

To demonstrate the competitive advantage and long-term tracking robustness of the
proposed methodology, our results are benchmarked against recent State-of-the-Art frame-
works, including IEKF w/SA-PSO [46], WMISAEKF [47], VFFRLS + EKF-LSBoost [48], a
2nd-order RC comparison study [49], and Bayesian Optimization vs. PSO [50]. As sum-
marized in Table 3, the proposed framework maintains stable tracking across an extensive
7700 cycle horizon at 40 ◦C, accurately mapping internal parameter evolution down to a
terminal state of 75.7% SoH without filter divergence or numerical instability.

Table 3. Performance benchmarking against State-of-the-Art estimation frameworks.

Optimization
Framework

Model & Algorithm
Topology

Evaluation Horizon
& Thermal
Boundaries

Target Error Metrics
(Voltage & SOC)

Goodness
of Fit (R2)

Primary Operational Limitations &
Novelty Contrast

IEKF
w/SA-PSO

Offline Simulated
Annealing PSO +
Adaptive IEKF

Short-term
characterization

(DST, 25 ◦C)

SoC Error:
around 2.94%
Max Voltage

Error: >50 mV

Not
Reported

Combines offline
simulated-annealing-assisted PSO
parameter identification with an
adaptive IEKF for SoC estimation

under dynamic drive-cycle conditions.
Evaluation focuses on short-term

characterization rather than long-term
aging evolution.

WMISAEKF

Weighted
Multi-Innovation

Sage-Husa
Adaptive EKF

Mid-term
characterization,
short-term noise

adaptation.

Voltage Error:
18 mV/SoC
Error: 2.1%

Around
0.982

Employs adaptive noise covariance
estimation through a weighted
multi-innovation Sage–Husa

framework to improve SoC estimation
accuracy under varying

operating conditions.

VFFRLS +
EKF-LSBoost

Variable Forgetting
Factor RLS + Hybrid

Ensemble
Learning Boost

Mid-term lifecycle
evaluation (around

3500 cycles)

Voltage Error:
20 mV/SoC
Error: 2.0%

Around
0.985

Integrates recursive parameter
adaptation with

ensemble-learning-assisted state
estimation, emphasizing online

tracking performance during mid-life
battery operation.

2nd-Order
RC Study

Fixed 2-RC Structure
+ Dual EKF Filter

Mid-term aging
limits (<4000 cycles)

Voltage RMSE:
around 45 mV

SoC RMSE: >4.0%
<0.950

Utilizes a lower-order ECM structure
to balance computational complexity

and estimation accuracy for SoC
estimation and aging assessment.

Bayesian
Optimization

vs. PSO

Gaussian Process BO
vs. Metaheuristic

Swarms

Static parameter
initialization and

dynamic drive cycles

Average Voltage Loss
cut by around 5.8%
over standard PSO

Not
Reported

Compares alternative optimization
strategies for ECM parameter

identification, focusing on parameter
estimation accuracy and
optimization efficiency.

Proposed
Framework
(This Work)

Adaptive 3-RC +
Hybrid OCV
(PSO-EKF)

Lifelong evaluation
(7700 cycles),

continuous 40 ◦C

Voltage RMSE:
<35 mV/SoC
RMSE: <2.5%

>0.970

Performs cycle-by-cycle identification
of a 3-RC ECM with hysteresis-aware
OCV modeling across approximately
7700 cycles of continuous 40 ◦C aging,
enabling simultaneous SoC estimation
and long-term parameter-evolution

analysis for SOH assessment.

Unlike the compared studies, which primarily focus on SoC estimation accuracy, the
proposed framework additionally analyzes the evolution of the identified ECM parameters
over the full aging trajectory and investigates their suitability as physically interpretable
SoH indicators. It should be noted that the studies summarized in Table 3 were conducted

https://doi.org/10.3390/wevj17080416

https://doi.org/10.3390/wevj17080416


World Electr. Veh. J. 2026, 17, 416 24 of 31

using different cells, operating conditions, datasets, and validation protocols. Consequently,
the comparison is intended to provide qualitative positioning relative to the State-of-the-Art
rather than a strict quantitative ranking.

To characterize the run-to-run variability of the PSO identification procedure,
two complementary tests were performed. First, the algorithm was repeated N = 15 times
with independent random seeds on a representative cycle: discharge voltage RMSE ranged
from 15.2 to 37.1 mV (mean 21.4 ± 5.6 mV), and the identified ohmic resistance R0 ranged
from 0.010 to 0.046 Ω. Second, to confirm this variability is not specific to a single cycle,
the identification was independently repeated three times for every cycle in the dataset
(73 datasets (7700 cycles) × 3 = 219 runs total), retaining the lowest-cost result per cycle
(“best-of-three”). Table 4 reports the resulting error statistics.

Table 4. Discharge voltage error statistics across 73 cycles.

Metric Mean Median Min Max 95% CI

RMSE (mV) 20.00 17.11 12.79 37.22 ±1.63
MAE (mV) 14.95 12.86 7.73 30.91 ±1.35

Max error (mV) 187.63 164.09 95.82 403.73 ±16.89
R0 (mΩ) 20.47 - - - ±2.84

Computational cost per cycle (three repetitions combined) averaged 99.7± 17.5 s across
all 73 cycles (equivalent to approximately 33.2 s per individual PSO run). The single outlier
(221 s, the first cycle processed) is attributable to MATLAB R2024a (MathWorks Inc., Natick,
MA, USA) just-in-time compilation overhead on first execution rather than a genuine
per-cycle cost difference; excluding it, computational time was highly consistent across the
remaining 72 cycles (98.0 ± 10.0 s per cycle, range 82–115 s). This indicates that, aside from
a one-time startup cost, the computational burden of per-cycle PSO identification is stable
and predictable across the cell’s aging trajectory, which is relevant to the offline/edge-
deployment feasibility.

To verify the advantage of PSO over a classic alternative optimizer, the identical
27-parameter identification problem (same cost function, bounds, and cycle-0 data) was
solved using a genetic algorithm (GA) with a matched computational budget (population
200 × 300 generations ≈ 60,000 cost evaluations, versus PSO’s 200 particles × 300 itera-
tions = 60,000 evaluations). At comparable wall-clock time (39.2 s for PSO vs. 40.1 s for
GA), PSO achieved substantially lower error (discharge RMSE 21.0 mV, R2 = 0.993) than
GA (discharge RMSE 55.5 mV, R2 = 0.948), a 2.6-fold reduction in RMSE. This supports
the use of PSO over GA for this high-dimensional, continuous parameter identification
problem under an equal evaluation budget. These results indicate that, for the present
high-dimensional nonlinear identification problem, PSO provides a better balance between
convergence quality and computational cost than a conventional GA under an equivalent
evaluation budget (Figure 26).

As a further baseline representative of recursive parameter-estimation methods com-
monly used in battery-management systems, recursive least squares (RLS) was applied to
track a lumped total DC resistance (R0 + R1 + R2 + R3), using each cycle’s PSO-identified
OCV curve as a known input and assuming the RC branches reach steady state within
the 60 min characterization segment, the standard simplifying assumption required to
make RLS applicable to this problem. The dashed diagonal line in Figure 27 represents
the line of perfect agreement (y = x), where both methods would produce identical Ztotal

values. Points lying on this line indicate complete agreement, whereas the distance from
the line reflects the magnitude of the discrepancy between the two methods. The validity
of this comparison was limited for the present dataset: the slowest (diffusion) time constant
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identified by PSO frequently exceeds 100 min, well beyond the segment duration, so the
corresponding RC branch voltage does not settle within the available data window. Under
this violated assumption, RLS resistance estimates differed substantially from the values ob-
tained by the full nonlinear PSO identification (mean absolute discrepancy 156 mΩ against
resistances on the order of 50–100 mΩ) and occasionally produced negative resistance esti-
mates, indicating violation of the assumptions required by the simplified RLS formulation.
These results suggest that simplified recursive linear estimators become difficult to apply
when the dominant diffusion dynamics evolve on timescales longer than the available
characterization segment. Under such conditions, the full nonlinear multi-RC identification
performed by PSO is better able to capture the coupled resistance–capacitance dynamics
without requiring steady-state assumptions.

Figure 26. (a) Comparison between GA and PSO Voltage fit; (b) comparison between GA and
PSO RMSE.

Figure 27. (a) Comparison between RLS and PSO resistances; (b) comparison between RLS resistances
in function of PSO resistances.

To study the cost of the framework PSO-EKF in multicycles, we start with analysis of
PSO in a single cycle where the benchmark indicates that a single cost function evaluation
requires approximately 0.90 ms, corresponding to about 709 kFLOPs (0.71 MFLOP). This
cost is mainly associated with simulating the equivalent circuit model over the entire charge
and discharge datasets, which contain 3492 and 3578 samples, respectively. Therefore, more
than 99% of the computational effort originates from the battery model simulation itself,
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while the optimization constraints have a negligible impact on the overall cost. This is
consistent with the fact that computational complexity scales primarily with the number of
measurement points used during parameter identification.

OCV coefficients (b0–b4) are strongly identified (8–77 mV RMSE change under pertur-
bation), while resistance/capacitance parameters (R0–R3, C1–C3) are comparatively weakly
identified (<1 mV change), because the characterization segments are near-constant-current,
so the RC branches are only weakly excited and their contribution is partly absorbed into
the OCV baseline term during fitting.

Although the identification problem is high-dimensional, convergence difficulties
were mitigated through physically constrained parameter bounds and expert-informed
particle initialization. Furthermore, repeated optimization experiments showed that the
voltage-fitting performance remained consistent across independent runs, indicating that
the PSO algorithm can reliably locate solutions with similar objective-function values
despite the dimensionality of the search space. The newly added sensitivity analysis further
clarifies which parameters are strongly constrained by the available data and which are
comparatively weakly identifiable.

Temporal distribution: Contrary to the intuitive expectation that clipping would
become more frequent near end-of-life, no meaningful correlation was found between
clipping frequency and cycle number for the most-affected parameters (|r| ≤ 0.33 in all
cases). Clipping is a structural property of the identification problem present throughout
the cell’s life, not an aging-specific artifact.

Diffusion branch (R3, C3): Comparing the diffusion time constant τ3 = R3C3 against
each cycle’s actual characterization segment duration, mean τ3 (75.7 min) exceeds the mean
segment duration (51.4 min); in 64.4% of cycles τ3 exceeds the available window entirely,
directly explaining the observed clipping (47.9% of cycles have R3 or C3 at their upper
bound) as a consequence of the characterization protocol. Because the diffusion branch is
not fully observable within the available characterization window, multiple combinations
of R3 and C3 can produce nearly indistinguishable voltage trajectories. Consequently, clip-
ping of these parameters introduces a bias toward saturated diffusion time constants and
may artificially limit the apparent growth of the diffusion-related resistance components.
Therefore, individual per-cycle values of R3 and C3 should not be interpreted as precise
physical measurements; rather, their long-term trends provide a qualitative indication of
degradation progression.

OCV coefficient b4: This coefficient clips at its upper bound (0) in 92–100% of cycles.
To distinguish a genuine optimum from an overly restrictive bound, the identification was
re-run on six cycles spanning the cell’s full life with the b4 upper bound relaxed from 0 to
0.3. In all six cycles, b4 converged back near zero regardless of the available range (mean
b4,ch = 0.006, mean b4,dh = −0.019), confirming a genuine, consistent optimum rather than
a bound artifact. The negligible change in RMSE after relaxing the bound further indicates
that the clipping of b4 does not introduce a meaningful estimation bias and is instead a
consequence of the optimum OCV representation naturally lying near b4 = 0.

For a single aging cycle, the PSO configuration employs 200 particles and 300 iterations
resulting in: 200× 300 = 60, 000 cost-function evaluations.

The total execution time is estimated at 54 s, corresponding to approximately
42.56 GFLOPs. This result indicates that although a single model evaluation is computa-
tionally inexpensive, the repeated evaluations required by the swarm optimization pro-
cess accumulate into a significant computational load. This behavior is characteristic of
population-based metaheuristic algorithms, which sacrifice computational efficiency in
exchange for robust global search capabilities and reduced sensitivity to local minima.
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The computational demand is nevertheless acceptable because parameter identification is
typically performed offline and does not require real-time execution.

As for multicycles, when the optimization is repeated for all 7700 aging cycles, the
total computational effort increases to 70 min (1.17 h) of execution time and 3.32 TFLOPs
of computations. This substantial increase is expected because the optimization process is
independently executed for each cycle to track the evolution of battery parameters during
aging. The resulting computational cost reflects the extensive search performed by PSO
to accurately identify the ECM parameters throughout the battery lifetime. Although the
total processing time appears large, it remains practical for research and offline battery
characterization studies where accuracy is prioritized over execution speed.

The EKF benchmark suggests significantly lower computational requirements for a
complete discharge profile containing 3578 samples, where the execution time is 4.5 ms
and the computational cost is 0.72 MFLOPs. Compared with the PSO optimization stage,
the EKF requires approximately:

42.56× 109

0.72× 106 ≈ 59, 000 (38)

times fewer floating-point operations.
This enormous difference indicates that the EKF is highly suitable for real-time im-

plementation within a BMS. The low computational burden results from the recursive
nature of the EKF, which updates the state estimate sequentially at each sample rather than
performing iterative global optimization.

Applying the EKF over all aging cycles requires only 0.7 s and 111.63 MFLOPs. This
shows that SoC estimation can be performed efficiently even when analyzing large battery-
aging datasets. The computational cost remains negligible compared with the parameter
identification stage. The results therefore support the common strategy of:

• Performing PSO parameter identification offline.
• Using the identified parameters within an EKF for online SoC estimation.

This architecture effectively combines high modeling accuracy with real-time feasibility.
The computational analysis suggests a clear separation between the offline and online

stages of the proposed methodology. The PSO-based parameter identification represents the
dominant computational burden, requiring approximately 3.32 TFLOPs for the complete
aging dataset. However, this cost remains acceptable because parameter identification
is performed offline and benefits greatly from parallel processing where we can reduce
the time from 70 to 7 min for 14 core CPU. In contrast, the EKF exhibits extremely low
computational requirements, requiring only 4.5 ms per cycle and less than 1 s for the entire
dataset. These results confirm the suitability of the proposed PSO-EKF framework for
practical battery management applications, where computationally intensive optimization
can be conducted offline while maintaining real-time SoC estimation capability through
the EKF. The analysis further highlights the scalability of the approach and its potential for
deployment in embedded BMS and large-scale battery aging studies.

A critical consideration for the proposed adaptive updating strategy is its viability
on embedded BMS platforms constrained by sampling frequency and computational la-
tency. Executing the full 27-parameter PSO identification directly at the sampling rate
typically used in battery management systems (10–100 Hz) would exceed the computa-
tional resources of most automotive-grade microcontrollers. Consequently, the proposed
framework is intended for a dual-time-scale architecture. The EKF performs real-time SoC
estimation using the most recently identified parameter set, while the computationally
intensive PSO optimization is executed at a much slower rate using accumulated histor-
ical data. Such updates could be performed offline during charging periods, scheduled
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maintenance events, or through cloud-connected BMS architectures. Because parameter
evolution occurs over hundreds to thousands of cycles rather than seconds, continuous
high-frequency parameter re-identification is unnecessary. This separation allows the
online estimator to maintain low computational requirements while still benefiting from
periodic parameter adaptation as the battery ages.

5. Conclusions
This study analyzed the effect of high temperature (40 ◦C) on an aging cell Kokam

CO LTD, SLPB533459H4 with datasets provided by Oxford. This dataset was used in
conjuncture with third-order ECM, PSO optimization and EKF framework, where through
7700 cycles, we evaluated the parameter behavior, the capacity of the cell, SoC and SoH.
This framework proved to be capable of tracking non-linear performance of lithium cells
(0.74 Ah) in both charge and discharge phases.

The cell model uses Nearst-like OCV equations with hysteresis to determine the
real voltage. These equations possess five coefficients (b0, . . ., and b4), where in the
identification process, we noticed that all the coefficients start to behave abnormally around
1500 to 2000 cycles, and mathematically captured the real-world onset of accelerated LLI
and electrode stoichiometry warping, which are also visible on OCV-SoC curves by an
aggressive, vertical voltage drop at low SoC. The SEI/CEI and high temperature may cause
a lot of resistance and time constant spikes at different cycles. For example, time constant
τ2 reached 29 min at cycle 3700 and τ1 reached 165 s at cycle 4500 produced by kinetic
bottlenecks during mid-life discharge of the cell. As for the resistances R0 and R3, and time
constant τ3 increased to the upper limit of 50 mΩ, 40 mΩ, and 133.3 min respectively, due
to a massive electrolyte dry-out and LAM around cycle 6000.

The results of RMSE and R2 of our optimizations show that our framework was
capable of accurately tracking the SoC and SoH throughout all the aging stages of the cell
even at 40 ◦C. We observed that our model kept RMSE under 35 mV through the lifecycle
of the cell and R2 above 0.97 even when the cell knew a transportation starvation in the late
cycles (after cycle 5500). The degradation of cells hits 80% SoH at the same cycle, and the
capacity fades into a rapid, exponential decline.

The sensitivity analysis indicates that the OCV coefficients are the most strongly
constrained parameters under the adopted identification profile. The resistance and RC-
branch parameters exhibit lower sensitivity, which is expected because the characterization
segments contain limited transient excitation. Nevertheless, the long-term resistance
trajectories remain broadly consistent with the observed capacity fade and degradation pro-
gression. Future work will incorporate pulse-based excitation profiles and complementary
electrochemical diagnostics to further improve parameter identifiability.

In conclusion, this research indicates that while prolonged elevated temperature aging
fundamentally alters both the transient kinetics and the equilibrium parameters of lithium–
ion cells, an adaptive, multi-time-constant circuit network possesses the precision and
resilience required to absorb severe degradation anomalies. This framework provides
an advanced diagnostic blueprint for next-generation, cloud-based online BMS targeting
terminal end-of-life state estimation under demanding thermal constraints.

Future investigations should evaluate identical cells across a wider thermal envelope,
including low-temperature, ambient-temperature, and elevated-temperature conditions
(e.g., 0 ◦C, 10 ◦C, 25 ◦C, and 40 ◦C), to determine how the identified ECM parameters
and degradation trajectories evolve under different dominant aging mechanisms such
as lithium plating, lithium inventory loss, and temperature-accelerated side reactions.
Integrating physical constraints by using a hybrid framework combining the 3-RC ECM
with data-driven neural networks could be explored. We also focus on restructuring the
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PSO execution for real-time Embedded BMS deployment, implementing multi-swarm
techniques, genetic mutation triggers, or co-estimation topologies such as blending Dual
Extended Kalman Filtering with localized micro-swarms to track online SoC and SoH using
standard on-board sensor data rates.
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OCV Open Circuit Voltage
SEI Solid Electrolyte Interphase
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SoH State of Health
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PSO Particle Swarm Optimization
KF Kalman Filter
EKF Extended Kalman Filter
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