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Adaptive Multirate Moving Horizon Estimator for Real-Time Battery State and
Parameter Estimation

Tushar Desai , Federico Oliva , Daniele Carnevale , and Riccardo M. G. Ferrari , Senior Member, IEEE

Abstract—Accurate and robust state of charge (SOC) estimation is
vital for reliable and safe battery operations. However, the nonlinear
and time-varying dependence of the model parameters on the battery
states makes the problem challenging. To address this task, we propose a
moving-horizon estimation (MHE)-based robust approach for joint state
and parameter reconstruction. Due to its optimization-based nature, the
computational burden of MHE is a crucial challenge. To overcome this,
we introduce a real-time adaptive sampling method based on wavelet
analysis. The resulting adaptive multirate MHE dynamically selects the
best measurements for solving the estimation problem. Such an approach
reduces the computational burden by focusing on the most informative
data in the measurement buffer. Last, we implement a parallelized
observer structure, combining both multirate and reduced-order MHEs
to further lower the computational burden while maintaining estimation
accuracy. The proposed methods are validated using a first-order equiv-
alent circuit model on real battery datasets, under moderate operating
conditions. The adaptive sampling framework extends naturally to
higher-order models with appropriate recalibration for more demanding
scenarios.

Index Terms—Adaptive sampling, lithium-ion (Li-ion) battery,
moving horizon estimation, parameter-varying systems, wavelet
analysis.

I. INTRODUCTION

L ITHIUM-ION (Li-ion) batteries are seeing a surge in
applications, with a rapidly growing electric vehicle (EV)

market, as well as battery energy storage systems (BESSs). The
high energy density and long cycle life make Li-ion batteries an
attractive choice for such applications. However, to extend battery
life and ensure safe operation, an effective battery management
system (BMS) is essential [1].

Central to the BMS’s functionality is the estimation of the state
of charge (SOC), which represents the remaining battery capacity.
Accurate SOC estimation is vital for range prediction in EVs and
energy management in BESS, yet it cannot be measured directly.
SOC must be inferred from current and voltage measurements, which
is challenging because battery dynamics are nonlinear and vary
with operating conditions. Estimation techniques fall into several
categories. Open-loop methods, such as open-circuit voltage (OCV)
lookup or Coulomb counting, are simple but either require long rest
periods or suffer from cumulative sensor-noise errors [2]. Electro-
chemical (EC) models simulate detailed physicochemical processes
but are too computationally heavy for real-time use [3]. Data-driven
models, including machine learning approaches, learn nonlinear pat-
terns from historical data but may not generalize beyond the training
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scenarios [4]. Finally, equivalent-circuit models (ECMs) approximate
the battery as a network of resistors and capacitors; they offer a practi-
cal settlement between physical fidelity and computational efficiency,
which makes them attractive for real-time BMS implementations [5].

The linear state dynamics and nonlinear output mapping of ECMs
have led to the widespread use of nonlinear Kalman filter tech-
niques for SOC estimation [6]. However, the nonlinear, time-varying
dependence of ECM parameters on SOC, temperature, and battery
health necessitates adaptive SOC estimation techniques to account
for changes in battery dynamics [7]. To address this challenge,
joint or dual Kalman filter-based approaches that simultaneously
estimate both the state and parameters have been proposed [8].
Despite the widespread use of Kalman family algorithms, they have
several limitations: their accuracy depends on the initialization of the
states and, critically, on the tuning of the process and measurement
noise covariance matrices [9]. Furthermore, Kalman filters cannot
incorporate constraints on parameters and states, potentially leading
to physically inconsistent estimates.

To overcome these limitations, alternative nonlinear observer tech-
niques, such as moving horizon estimation (MHE) and high-gain
observers, have been proposed [10]. The MHE, in particular, offers
several advantages by utilizing an optimization framework over a
receding horizon data window, improving resilience to modeling
uncertainties and external disturbances, and producing smoother,
more robust estimates compared to Kalman filters [11]. MHE has
been applied to battery state and parameter estimation using both EC
and ECMs [12], [13].

While MHE provides accurate and robust state and parameter
estimation by optimizing over a receding time horizon, it comes
with increased computational costs [14]. Recent research has explored
integrating machine learning techniques with MHE to address these
computational limitations [15], [16]. However, this hybrid approach
inherits a critical limitation from ML-based methods: the models
remain constrained by their training data, limiting their ability to
generalize to new operating conditions.

The computational demands of MHE can limit its application
to battery state estimation despite its superior constraint-handling
capabilities. To mitigate this, we exploit the multitimescale nature of
battery dynamics [17]. Our method optimizes both the observer hori-
zon and measurement sampling rate by analyzing signal variability, a
metric we developed in [18] and [19] to quantify information content
in measurement sequences. We further implement adaptive sampling
through real-time wavelet analysis. The primary contributions are
given as follows.

1) Adaptive Multirate MHE: Measurement sampling rates are
adjusted dynamically via wavelet decomposition, reducing
computational requirements by concentrating estimation effort
on information-rich portions of the measurement buffer. This
approach enhances our signal richness criterion by incorporat-
ing a more robust frequency-domain analysis.

2) Parallel Multirate MHE: Two MHE instances operate con-
currently: one targeting slow variables (SOC, parameters)
and another tracking fast voltage transients. This dual-layer
structure achieves real-time feasibility while maintaining esti-
mation fidelity and enabling applications such as online model
identification and fault detection.

Building on our prior work [20], which demonstrated fixed-rate
downsampling MHE using simulated data with known ground truth,
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Fig. 1. First-order ECM of battery.

this study makes three key advances: 1) implementation of wavelet-
driven adaptive sampling that responds to signal characteristics in
real time; 2) integration with a parallel estimation framework for
multitimescale dynamics; 3) systematic comparison with EKF under
identical conditions; and 4) validation using experimental battery
cycling data from the CALCE dataset.

The rest of this brief is organized as follows. Section II describes
the SOC-dependent ECM model of the battery. Section III intro-
duces the MHE framework, signal variability analysis, buffer length
selection, wavelet analysis, and adaptive multirate MHE. Section IV
details the validation dataset. Section V presents the results of the
proposed MHE variants. Section VI concludes this brief and suggests
future research directions.

II. DYNAMIC MODELING OF BATTERY

The first-order ECM illustrated in Fig. 1 is selected for this study,
balancing accuracy and computational efficiency for real-time BMS
[21]. While higher-order models capture additional dynamics under
extreme conditions, this model is adequate for moderate operation.
The proposed methodology extends to higher-order structures by
adjusting horizon lengths and sampling rates for the additional RC
pairs. In the ECM, Z represents the SOC, VOCV is the open-circuit
voltage, R0 is the ohmic resistance, and R1 and C1 are the polarization
resistance and capacitance, respectively. The load current I is the
exogenous input, Vb is the measured terminal voltage, and V1 is
the dynamic voltage across the RC pair. The ECM dynamics are
described by the following equation:

Zk+1 = Zk −
ηTsIk

Cn
(1a)

V1,k+1 = V1,ke
−

Ts

τk +

0B@1 − e
−

Ts

τk

1CAR1 (Zk) Ik (1b)

Vb,k = VOCV (Zk) − IkR0 (Zk) − V1,k (1c)

where k ∈ Z is the kth discrete time instant and Ts is the sam-
pling time. Cn indicates the nominal battery capacity and can be
measured through an offline capacity test, and η is the Coulombic
efficiency. The time constant associated with the ECM is given by
τk = R1(Zk)C1(Zk).

The nonlinear dependence of parameters on SOC can be
approximated using higher-order polynomials [22], assuming that
temperature remains constant during operation. Thus, the ECM
parameters are modeled as functions of SOC

p (Z) =

PpX
i=0

αp,i · Zi, for p ∈ {VOCV,R0,R1,C1} (2)

where αp,i are the polynomial coefficients and Pp is the polynomial
order for each parameter p. The order PVOCV is typically higher than
that of other parameters, reflecting the highly nonlinear relationship
between SOC and OCV. This SOC–OCV relationship can be charac-
terized offline through low-current discharge or incremental capacity
[23]. Although battery aging affects both the SOC–OCV relationship
and nominal capacity over long periods, these parameters are assumed

constant over the experimental timeframe due to the study’s relatively
short duration.

Indeed, it is necessary to update the remaining battery model
parameters, i.e., (R0,R1,C1), to address the model discrepancies
arising from time-variant operating conditions. The resulting adap-
tive system consists of a nonlinear model incorporating both state
dynamics and parameter evolution

P :

8̂<̂
:
ξk+1 = f

�
ξk, uk,Θk

�
+ wξ,k

Θk+1 = g
�
ξk, uk,Θk

�
+ wΘ,k

yk = h
�
ξk, uk,Θk

�
+ vk

(3)

where uk = Ik represents the load current and the measured output
yk = Vb,k is the terminal voltage. ξk ∈ R

2 represents the system states
with ξk = [Zk,V1,k]>, and Θk ∈ R

nΘ denotes the parameter vector with
Θ = [αR0 , αR1 ,αC1 ]>.1 Where required, we will also refer to the full
state vector as xk = [ξk,Θk]>. The polynomial coefficient vectors
are defined as αp = [αp,0, . . . , αp,Pp ]> ∈ RPp+1 for p ∈ R0,R1,C1,
where nΘ =

P
p∈R0 ,R1 ,C1

(Pp + 1). The process noise terms wξ,k ∈ R
2

and wΘ,k ∈ R
nΘ account for model uncertainties, while vk ∈ R is the

measurement noise.
First, we formulate the problem of joint state and parameter

estimation as estimating the augmented state vector xk = [ξk,Θk]>
from measurements yk and inputs uk.

III. MOVING-HORIZON ESTIMATOR

This section introduces moving-horizon estimations (MHEs) and
their variants. We first introduce the standard MHE formulation.
Building upon this, we then present a fixed-downsampling-based
single-rate MHE to improve computational efficiency [18], [19].
Next, we use wavelet analysis to develop the adaptive-downsampling
multirate MHE. Last, we introduce a parallel MHE structure to
separate the estimation of fast and slow-evolving states.

A. Standard MHE
Consider the nonlinear system described in (3). The system is

sampled with period Ts. We consider a downsampling of mea-
surements such that samples are collected at time instants tk with
tk − tk−1 = NTs ·Ts where NTs ∈ N≥1 is the downsampling factor. The
standard MHE considers NTs = 1.

To formulate the estimation problem, we first introduce the N-
lifted system Hk(ξ,Θ) concept, which represents a continuous system
through a sequence of a finite number of discrete measurements [24].
Under the assumptions that: 1) the process noise wξ,k is negligible and
2) the parameter vector Θ remains constant over the N-step horizon,
the N-lifted system Hk(ξ,Θ) ∈ RN×1 takes the form2666664

h
�
ξk−N+1, uk−N+1,Θ

�
h
�

f
�
ξk−N+1, uk−N+1,Θ

�
, uk−N+2,Θ

�
h
�

f
�

f
�
ξk−N+1, uk−N+1,Θ

�
, uk−N+2,Θ

�
, uk−N+3,Θ

�
...

h
�

f [N−1]
�
ξk−N+1, uk−N+1:k−1,Θ

�
, uk,Θ

�

3777775 . (4)

The system is also assumed to be (N + 1)-step observable as per
[25]. We recall here the definition for the sake of completeness.

Definition 1 (N-Step Observability): Consider system P with
dynamics from (3) and its N-lifting accordingly to (4). System P
is assumed to be N-step observable if there exist constants rδ, δ > 0
such that

kX
i=k−N

ˇ̌ˇ̌
h
�
ξ(1)

i , ui,Θi
�
−h
�
ξ(2)

i , ui,Θi
�ˇ̌ˇ̌
≥ δ2

ˇ̌ˇ̌
ξ(1)

k−N − ξ
(2)
k−N

ˇ̌ˇ̌
(5)

for each k ≥ N and any trajectories ξ( j) satisfying ||ξ( j)
k−N − ξ

∗
k−N || <

rδ, j = 1, 2.

1A small notation remark: bold lowercase letters refer to vectors.
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The N-step observability relates to system detectability and
requires distinguishable state trajectories as shown in Definition 1.
Satisfaction of inequality (5) depends on sufficient persistent
excitation over horizon N. Rich input–output variations (e.g.,
charge–discharge transitions or dynamic current profiles) ensure
unique identifiability of ξ and Θ. Under persistently low excitation
(constant current or idle conditions), the system may lose observabil-
ity, necessitating an extended horizon N or improved input excitation.

An MHE consists of a nonlinear observer solving the following
optimization problem in the estimated variables (ξ̂k−N+1, Θ̂k−N+1):

min
ξ̂k−N+1
Θ̂k−N+1

J = W1

ˇ̌ˇ̌
Yk − Ĥk

ˇ̌ˇ̌„ ƒ‚ …
output mismatch

+ W2

ˇ̌̌ˇ̌̌
ξ̂k−N+1 − ξ̂

0
ˇ̌̌ˇ̌̌
+ W3

ˇ̌̌ˇ̌̌
Θ̂k−N+1 − Θ̂

0
ˇ̌̌ˇ̌̌

„ ƒ‚ …
arrival cost

s.t. (3) (6)

where Wi are scaling factors designed to normalize all the terms
in the cost function J and (ξ̂

0
, Θ̂

0
) are the estimated values at the

beginning of the optimization. Moreover, the measurement buffer
Yk = [yk−N+1, . . . , yk]T ∈ RN contains N sequential outputs start-
ing from tk−N+1. Since this formulation optimizes only the initial
estimates (ξ̂k−N+1, Θ̂k−N+1), with subsequent trajectory determined
through forward integration, it represents a single-shooting MHE
approach [26]. In this brief, to solve the optimization problem in
(6), we considered the MATLAB built-in simplex-like fminsearch
optimization algorithm, with a fixed number of iterations K = 1. The
number of iterations is usually limited to reduce the computational
time of the estimation process even though this implies a suboptimal
observer. Local and practical stability results have been introduced in
[25], stating the necessity of the arrival cost term in the minimization,
highlighted in (6).

B. Fixed-Downsampling MHE

The main issue with MHEs is the computational cost, which
increases with the buffer length due to the evaluation of
Hk(ξ̂k−N+1, Θ̂k−N+1) in (6), as the plant dynamics in (3) are integrated
for a longer interval.2 We recall that N ≥ n, where n is the model
order, is a necessary condition on the buffer length to obtain a local
convergence of the estimation [26], while [27] proves N ≥ 2n + 1
to be a sufficient condition for the estimation error convergence.
Therefore, computational cost increases with the model dimension.
To increase MHE efficiency, we exploit the signal variability index
δy from [19], which quantifies measurement informativeness relative
to the buffer Yk

δy
�
k, q,NTs

�
=

N−1X
i=1



yk−iNTs
− yk−(i+1)NTs




+


yk+qT s − yk



 (7)

with q ∈ [0,NTs − 1]. Even though δy considers the measurements
already present in the buffer, it is evaluated at each yk. The index δy
quantifies signal variability over the MHE horizon and can be used to
tune NTs for robust estimation [20]. Following the Shannon–Nyquist
theorem, NTs must ensure sufficient samples to reconstruct the
dynamics of interest. Given an estimated bandwidth BHz (e.g., via
tfest in MATLAB), the downsampling factor is selected to satisfy

NTs =

�
1

2 · BHz · Ts

�
. (8)

2LTI systems’ integration can be significantly sped up through closed-form
solutions of the ODEs.

C. Adaptive Multirate MHE
This section introduces our first solution to reduce the computa-

tional burden of the standard MHE observers, which we will call the
adaptive multirate MHE. This solution aims to properly select the
measurement downsampling factor NTs , together with the spectral
analysis of our system, to improve the standard MHE performance.
Specifically, the proposed method selects the best measurements for
estimation by adaptively changing the downsampling factor NTs .

Wavelet analysis is particularly suitable for battery state estimation
due to the multitimescale nature of battery dynamics, and voltage
exhibits fast transients during current switching and slow variations
during steady-state operation [17]. Unlike the signal richness metric
δy from our previous work [18], which depends on the already-
downsampled buffer Yk, wavelets enable localized time–frequency
analysis of the raw measurement buffer independently. This decou-
pling eliminates dependence on previous sample selections and
improves robustness to measurement noise and rapidly vanishing
frequency peaks while enabling adaptive sampling: dense during
transients and sparse during steady states.

1) Wavelets: The signal richness δy from (7) indicates how well
buffer Yk describes system evolution but depends directly on the
downsampled measurements. We instead employ wavelets for local-
ized time–frequency analysis of raw measurements. The continuous
wavelet transform (CWT) is defined as [28]

WΨ f (b, a) =

Z +∞

−∞

f (t) Ψb,a (t) dt (9a)

Ψb,a (t) =
1
√

a
Ψ

�
t − b

a

�
with a > 0 (9b)

where the parameters (a, b) are called dilation and translation. The
choice of the mapping Ψ depends on the wavelet design and plays a
key role in the transform [29].

2) Adaptive Sampling: We now present the adaptive multirate
MHE, exploiting the CWT to autonomously select the downsampling
factor NTs . At every time instant tk, the main idea of the adaptive
multirate MHE consists of applying a CWT to the last NΨ measure-
ments and extracting the main frequency characterizing the output
signal within that time window. For the CWT, we process the output
of the cwt method from the MATLAB wavelet toolbox, returning a
vector of frequencies for each element in the time-series signal. It is
then straightforward to extract the maximum frequency identified in
the provided time window

Fmax = maxcwt (YΨ,Ψ) (10)

where YΨ is the NΨ-long output buffer on which the CWT is computed
and Ψ is the window function. Considering Fmax as the measurement
signal bandwidth estimate, from (8) and (10), we compute our
downsampling as follows:

NTs ,Ψ = max
�

NTs ,min,

�
1

Ts · 2 · Fmax

��
(11a)

where Ts is the sampling time and NTs ,min ∈ N≥1 is the minimum
admissible downsampling (usually NTs ,min = 1).

In the adaptive multirate MHE, at every time instant, the CWT
defines a downsampling factor NTs ,Ψ depending on the current
time–frequency analysis. We remark that NTs ,Ψ changes at every new
measurement. This approach increases robustness against measure-
ment noise and rapidly vanishing frequency peaks.

D. Parallel Multirate MHE
As previously mentioned, the main drawback of the standard MHE

and adaptive multirate MHE lies in the fact that the computational
effort increases with NTs . This computational challenge can be
addressed by leveraging the inherent time-scale separation in battery
dynamics. Since the temperature is held constant and SOC depen-
dence is explicitly modeled through polynomials in (2), parameter
variations are mainly attributed to aging phenomena, which evolve at
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Fig. 2. Parallel MHE scheme.

Fig. 3. SOC–OCV relationship at 25 ◦C, with fifth-order polynomial fit.

a significantly lower rate compared to voltage dynamics. Exploiting
this inherent time-scale separation, we define the augmented state
vector in terms of fast and slow subspaces

xk =
h

x f
k , x

s
k

i>
, where x f

k = V1,k, xs
k = [Zk,Θk]> . (12)

This state separation motivates two parallel estimators, each oper-
ating with distinct buffer lengths and sampling rates.

1) MHE s: Operates with buffer length N s and downsampling
factor N s

Ts
for estimation of xs

k.
2) MHE f : Operates with buffer length N f and downsampling

factor N f
Ts

for estimation of x f
k .

The corresponding optimization problems are formulated as fol-
lows:

MHE f : min
x̂ f

k−N f +1

W f
1




Y f
k − Ĥ f

k




 + W f
2




x̂ f
k−N f +1 − x̂ f ,0





MHEs : min

x̂s
k−Ns+1

W s
1



Yk − Ĥs
k



 + W s
2



x̂s
k−N s+1 − x̂s,0



 (13)

where Ĥ f
k and Ĥs

k denote the N-lifted system outputs corresponding
to fast and slow dynamics, respectively. The two estimators are
interconnected via state feedback: MHE f updates its slow states using
x̂s

k from MHEs, while MHEs utilizes the trajectory of x̂ f
k from MHE f

over its horizon. The observer structure is shown in Fig. 2, where P
represents the plant dynamics in (3).

IV. DATA

We validate our approach using an open-source battery dataset
from the Center for Advanced Life Cycle Engineering (CALCE) at
the University of Maryland [30]. The dataset features a cylindrical
INR 18650-20R LiNiMnCo/Graphite cell with a nominal capacity
of 2 Ah, denoted as Cn. The battery undergoes low-current and
incremental-current OCV tests at three different temperatures. For this
study, we selected the incremental current-based OCV test at 25 ◦C,
as it has been shown to provide more accurate SOC estimation results
compared to the low-current test [23]. The measured SOC–OCV data
are fit with a fifth-order polynomial. Fig. 3 illustrates the SOC–OCV
curve with a polynomial fit. The fit polynomial can be expressed as
follows:

VOCV (Z) = 3.2765 + 2.7349Z − 9.7545Z2

+ 17.7884Z3 − 14.0073Z4 + 4.1434Z5. (14)

To validate the model, we use a dynamic current discharge based
on the dynamic stress test (DST) driving cycle, as illustrated in Fig. 4.

Fig. 4. Current profiles for the DST driving cycle.

The protocol involves discharging the cell from an initial SOC of 80%
to the end of discharge (EOD), with data acquired at a sampling
frequency of 1 Hz.

V. RESULTS AND DISCUSSION

This section evaluates the joint state–parameter estimator from
Section II via the standard MHE and its variants. We first compare
the standard MHE with a joint EKF using root mean square error
(RMSE) and then assess the MHE variants.

A. Standard MHE and EKF Comparison
The standard MHE approach, as defined in (6), is applied to

the joint state and parameter estimation problem. In this formula-
tion, we estimate the variables ξ = (Z,V1) and parameters Θ =
(αR0 ,0−3, αR1 ,0−3, αC1 ,0−3). Following the guideline from [27], we set up
a buffer with (N = 30,NTs = 1), where N ≥ 2(dim(ξ)+dim(Θ)) + 1 =
29.

As pointed out by [13], the estimation of Vb is prone to instabilities.
By inspecting (1), it is evident that such instabilities occur in two
forms: numerical instabilities, as (R0(Z),R1(Z)) approach zero values,
and model instabilities when these parameters become negative.
As demonstrated in [20], the state estimation can diverge when
the optimization process results in negative values for R1. We first
implement a soft constraint to address this limitation by modifying
the cost function in (6). This modification penalizes Θ values resulting
in (R0(Z),R1(Z)) approaching zero

min
ξ̂k−N+1
Θ̂k−N+1

J = W1



Yk − Ĥk



+ W2




ξ̂k−N+1 − ξ̂
0





+ W3




Θ̂k−N+1 − Θ̂
0



+ cR0

�
Θ̂k−N+1

�
+ cR1

�
Θ̂k−N+1

�
(15)

where cR is defined by cR = 0 if R ≥ 0 and cR = M otherwise, with
M chosen sufficiently large, for example, M̄ = 105.

Note that such constraints cannot be directly incorporated into the
EKF framework due to its formulation [11]. While MHE allows
for constraint handling through cost function modification, EKF
relies on covariance matrix tuning. During our extensive grid-based
parameter search for covariance matrices, we observed that certain
combinations of covariance values led to a complete divergence of
the EKF. Through this systematic search, we determined the opti-
mal EKF parameters as P0 = diag(10−2, 10−2, 10−6, . . ., 10−6), Q =
diag(10−4, 10−3, 10−6, . . ., 10−6), and R = 10−6. Here, the first two
scalars always refer to the (Z,V1) estimation while the remaining to
the model parameters. This sensitivity to covariance matrix tuning
aligns with previous findings [9], [31], whereas MHE’s single-
shooting structure demonstrates more robust behavior.

The comparison between MHE and EKF for joint state–parameter
estimation was performed with initial SOC values of Ẑ0 = 0.4 and
0.6, as shown in Fig. 5. The results indicate that MHE achieves
faster convergence than EKF and maintains better tracking throughout
the entire test duration. The initial short delay observed in MHE’s
estimation is due to the requirement of filling the moving horizon
buffer (N = 30). The overall estimation error, quantified by RMSE
and detailed in Table I, shows how the MHE consistently estimates
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Fig. 5. SOC estimation comparison using standard MHE (N = 30) and EKF,
with initial values Ẑ0 = 0.4 and Ẑ0 = 0.6.

TABLE I
SOC ESTIMATION ERROR AND MEAN COMPUTATIONAL TIME PER ITERA-

TION FOR EKF AND Standard MHE (N = 30)

Fig. 6. Signal richness δy, with varying NTs . Values in the logarithmic scale.

SOC with significantly lower errors than the EKF, regardless of
the initial SOC value. Overall, MHE consistently achieves faster
convergence and lower estimation errors than EKF.

However, this improved estimation accuracy comes at a com-
putational cost. As from Table I, MHE requires 0.125−0.138 s
per iteration,3 significantly higher than EKF’s 2.1−2.3 × 10−5 s.
We now discuss the MHE variants’ performance in reducing such
computational costs.

B. Fixed-Downsampling MHE
We compare estimator performance for different downsampling

factors NTs . Because the terminal voltage Vb varies slowly over
roughly 1000 s relative to the sampling period Ts, choosing a small
NTs yields a measurement buffer Yk with little variation in Z. This
small variability makes it difficult to identify higher-order polynomial
parameters (αR0 ,0−3, αR1 ,0−3, αC1 ,0−3), as Yk is insensitive to them over
such a narrow range of Z values [13]. We, therefore, examine
NTs values that maximize signal variability to improve estimation
accuracy.

Indeed, as discussed in [18], selecting the downsampling factor
NTs that best improves the estimation performance coincides with
choosing the one maximizing δy. Fig. 6 plots δy for the DST cycle
over the entire trajectory using (7) and various NTs values (with N =
30).4 Although δy generally increases with NTs , the response indicates
cycle-dependent fluctuations. The averaged curve (see Fig. 7) has
a distinct knee at NTs = 10, so this value is used in subsequent
estimations.

3All computations were performed on a Quad-Core Intel Core i7 processor.
4The period considered begins after the measurement buffers are filled.

Fig. 7. NTs knee-like behavior. Each datapoint averages all the δy’s computed.

TABLE II
COMPARISON OF SOC ESTIMATION ERROR AND COMPUTATIONAL PER-

FORMANCE FOR NTs = 1 AND NTs = 10

Fig. 8. CWT scalogram of battery voltage for the DST cycle.

Fig. 9. Adaptive downsampling using the wavelet analysis.

The MHE with NTs = 10 shows SOC estimation RMSE val-
ues ranging from 0.0078 to 0.0107, as reported in Table II. This
performance is comparable to the standard MHE with NTs = 1.
Importantly, the total number of optimization problems decreased
from approximately 9600 to about 950, reducing the computational
load by a factor of 10. The mean computational time per iteration
decreased with increased standard deviation due to more model
integrations per optimization step. This initial analysis with NTs = 10
indicates that fixed downsampling can reduce the computational costs
while maintaining estimation accuracy. However, as illustrated in
Fig. 6, the signal richness δy varies throughout the driving cycle.
This variability suggests that a fixed downsampling factor may still
not consistently capture the most informative measurements for the
estimation process. To address this issue, we further explore the real-
time adaptive multirate MHE.

C. Adaptive Multirate MHE
We present the results of wavelet-based real-time adaptive MHE.

The CWT computed over the voltage measurements of the current
profile is presented in Fig. 8 and provides insights into the frequency
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Fig. 10. Estimated parameters with standard, fixed-downsampling, and adaptive multirate MHEs. (a) R0. (b) R1. (c) C1.

TABLE III
COMPARISON OF SOC ESTIMATION ERROR AND COMPUTATIONAL PER-

FORMANCE FOR FIXED AND ADAPTIVE MULTIRATE MHE

characteristics of the signals. The DST profile has a dominant carrier
frequency in the range of 0.02–0.04 Hz.

At each instant tk, we consider NΨ = 20 last measurements,
denoted as YΨ, from the N = 30 measurement buffer. The resultant
Fmax obtained through CWT analysis is upscaled by Fnyq = 10 to
satisfy the Nyquist criteria, as mentioned in (11). However, as our
emphasis here is to capture the slower dynamics, we further set the
NTs ,min = 10 in (11) according to the analysis we did in the Section
V-B. This results in a minimum buffer length of NTs ,min ·NΨ = 200 s,
on which wavelet analysis is computed. Adaptive measurements
selected for estimation during the runtime are presented in Fig. 9.

The comparison of SOC estimation error and computational per-
formance among fixed-downsampling MHE (NTs = 10) and adaptive
multirate MHE with (NTs ,min = 10) is shown in Table III. The
comparative analysis shows that SOC estimation accuracy remains
comparable between fixed-down sampling and adaptive multirate
MHE. However, the adaptive approach significantly reduces computa-
tional load, noticeable in the optimization count, which decreased by
54% for DST cycle. Despite the additional wavelet analysis overhead
in adaptive MHE, the total simulation time is still reduced for adaptive
ones.

To further illustrate the performance of the adaptive multirate
MHE, Fig. 10 compares the estimated parameters R0, R1, and C1
across standard, fixed-downsampling, and adaptive multirate MHEs.
All three methods show similar trends in the estimated parameters,
indicating consistency across the approaches. In earlier work [20],
these estimations were validated against known ground truth param-
eters for accuracy. However, in this study, no known ground truth is
available.

Back to the computational performance, increasing NTs ,min in
adaptive multirate can further reduce the computational burden.
However, relying on a single optimization with high NTs to track
both fast and slow dynamics can lead to poor estimation of the
fast voltage dynamics. To address this problem, the parallel MHE
approach leverages separate MHE instances operating at different
timescales to track both the fast voltage dynamics and the slower
SOC and parameter variations.

D. Parallel MHE
The parallel MHE framework involves two MHE instances oper-

ating concurrently, as shown in Fig. 2.
1) MHE s: Adaptive multirate MHE with N s = 30 and N s

Ts
variable with N s

Ts ,min = 30. The optimized variables are
ξs = (Zs,V1,s) and Θs = (αR0 ,0−3, αR1 ,0−3, αC1 ,0−3).

Fig. 11. Voltage’s comparison with adaptive multirate and parallel MHEs.

Fig. 12. Comparison of SOC estimation using multiple MHE variants.

TABLE IV

COMPUTATIONAL TIME COMPARISON FOR FAST AND SLOW MHE VARI-
ANTS PROCESSING 9500 S (2.6 H) OF BATTERY DATA AT 1 HZ

2) MHE f : Adaptive multirate MHE with N f = 5 and N f
Ts

variable
with N f

Ts ,min = 1. The optimized variables are ξ f = V1, f .
Moreover, Θ f is updated to Θs every N s

Ts
s.

The MHE f achieves higher voltage estimation accuracy compared
to the single-instance MHE implementation, as shown in Fig. 11. This
improvement comes from its shorter horizon length and increased
optimization frequency for the V1, f state. The SOC estimation accu-
racy of MHEs remains consistent with other MHE variants (see
Fig. 12) while reducing the optimizations through an increased NTs ,min
value.

The computational analysis in Table IV shows that MHE f has a
mean iteration time of 0.0080 s. The proposed framework’s parallel
architecture leverages the battery system’s inherent multitimescale
nature. By combining the 0.0080-s voltage tracking iterations of
MHE f with the reduced number of optimizations and longer horizon
length for SOC and parameter estimation in MHEs, the parallel MHE
approach provides a computationally efficient solution suitable for
real-time implementation.
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VI. CONCLUSION

In this work, we evaluate a MHE for estimating the SOC and
model parameters of Li-ion batteries. We find that estimation perfor-
mance depends on the window buffer length and the sampling time.
Using a signal variability index, we develop a procedure to select the
MHE window size and (down) sampling factor (NTs ) to improve esti-
mation accuracy. We introduce an adaptive multirate MHE algorithm
that dynamically adjusts the sampling rate using wavelet-based signal
analysis. This algorithm captures dynamics occurring at different time
scales by focusing computational efforts on the most informative data.
We also propose a parallel MHE architecture that estimates slow
and fast system dynamics concurrently through real-time adaptive
sampling. This maintains estimation accuracy while reducing the
computational load to enable real-time implementation. We vali-
date our methods using multiple current profiles from real battery
datasets. Future work will extend the framework to higher-order
equivalent circuit models for more demanding operating conditions
and will incorporate thermal and aging effects by reconstructing
the SOC–OCV mapping and estimating battery capacity within the
parallel MHE framework.
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