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Simultaneous Cell State Estimation via Dense
Adaptive Extended Kalman Filter
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Abstract—This work addresses the computational intractabil-
ity apropos of extended Kalman filters (EKFs) in the context of
battery cell state estimation under limited voltage measurement.
A novel, compact variation of the Kalman filter, namely the
“dense EKF” (DEKF) is proposed, which leverages unique
information about each of the cell’s inherent physical properties
and net currents at each time step to compress sparsely populated
covariance matrices and state vectors into a dense form whose
size does not vary with the number of cells in the pack.
The computational savings in terms of floating-point operations
(FLOPs) reduction are analytically compared and illustrated
through simulation. More specifically, the DEKF offers significant
resource savings while maintaining estimation accuracy, reducing
the estimation algorithm’s time complexity from O(N?) to O(N),
where N is the number of cells in a serial-connected string.
Furthermore, a special case where all serial-connected cells share
the same discharge current, that is, no balancing or leakage, is
also studied and demonstrated.

Index Terms—Adaptive extended Kalman filter (EKF), battery
cell state estimation, complexity, limited sensor measurement.

NOMENCLATURE
DAEKF Dense adaptive extended Kalman filter.
DEKF Dense extended Kalman filter.
ECM Equivalent circuit model.
EKF Extended Kalman filter.
EV Electric vehicle.
FLOP Floating-point operation.
ocv Open-circuit voltage.
RFF Relative fitness factor.
RMSE Root mean square error.
SOC State of charge.

I. INTRODUCTION

WITH the growing popularity of EVs in recent years,
their superiority to their gasoline-powered counterparts

in areas of reduced carbon emissions and cost efficiency have
rightfully catapulted EVs to the frontier of today’s cutting-
edge, infrastructural technology [1], [2]. At the heart of
EVs lay hundreds of battery cells, typically of the lithium-
ion (Li-ion) variety [3], [4], [5]. Due to the inevitability of
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manufacturing variations, battery cells exhibit voltage and
SOC imbalances with one another which, in turn, curtail
both battery life and performance, ultimately reducing an
EV’s range [6], [7]. To combat this, nondissipative cell-
balancing techniques are frequently employed in conjunction
with advanced control techniques—model predictive control
is among the most commonly explored and appealing control
techniques by virtue of its ability to account for system
constraints [8], [9]. However, the dual-problem of a battery
cell’s harshly nonlinear dynamics and its internally complex,
electrochemical processes renders direct measurement of SOC
a challenging task, if not an impossible one [10], [11]. This
fact necessitates a reliable means of SOC estimation, as an
ill-informed cell-balancing controller is prone to overcharg-
ing/discharging multiple cells at a time, thereby exacerbating
the degradation of the pack.

Despite their computational lightness, traditional Coulomb
counting methods for SOC estimation suffer a great deal from
accumulated, current integration error [12], [13]. On the other
hand, the EKF [14], [15], [16], which unionizes a preconceived
mathematical model of the cell’s internal, nonlinear dynamics
and terminal voltage measurements to accurately estimate cell
SOC while mitigating the drift that plagues the Coulomb
counting method, has been widely researched in literature
[17], [18]. For example, [17] explores the adaptive EKEF,
which employs a covariance matching approach for quick,
yet reliable online estimation, yielding a maximum SOC
estimation error of less than 2%. Sun et al. [19] built upon the
AEKEF, introducing an intelligent AEKF, which monitors the
changes in the fixed-length error innovation sequence’s (EIS)
distribution and updates the innovation covariance matrices
accordingly. In comparison to the AEKF, this method sees the
decrease of the estimator’s root-mean-square error (RMSE)
by 43.34%, while the computational overhead only increases
by 4.59%.

While these improved estimators show promising results,
as soon as the task becomes simultaneous (and with lim-
ited measurement [20]), multicell SOC estimation instead of
single-cell, variants of the EKF suffer immensely from com-
putational latency and hefty memory requirements [21], [22].
For purposes of multicell SOC estimation, this fact renders
traditional Kalman filtering over a large number of cells wholly
impractical for embedded deployment, wherein computing
power and memory resources are tightly constrained. While
there exists some utility in heuristic, data-driven methods of
pack SOC estimation [23], [24], their “closed-box™ nature is
not desirable in the context of deterministic estimation meth-
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ods. While the research on deterministic pack SOC estimation
is scarce at best, [25] exploits the local observability of a
nominal battery model to enable interval estimation of pack
SOC, scalable by virtue of the interval observer’s number of
states being independent of the number of cells. Although this
method realizes cell heterogeneity in the form of different SOC
initialization, electrical parameters, and unevenly distributed
currents, the assignment of an identical OCV-SOC relationship
to each cell is restrictive, despite its favorable CPU time with
respect to cell number.

The work presented in the current manuscript further
explores the EKF as a viable means of estimation, but rather
than dealing explicitly with each cell’s system dynamics in
the form of sparse state vectors/matrices, a novel, dense EKF
(DEKF) is proposed. This method of cell SOC estimation
reimagines the entire pack as a single “average” cell and
performs state estimation over the said average cell, whose
dimensions are constant regardless of the number of cells in
the string. Furthermore, an RFF is uniquely defined for each
cell based on how much its SOC changes with respect to the
average cell—the RFF is largely a function of cell parameters.
As will be shown later, the RFF can be exploited to recover
the changes in every single cell’s state from the average state,
hence reducing the state estimation problem for each single
cell to that of the average cell whose size is constant. Similar
to [25], the state vector’s size is invariable with respect to
the number of cells, but the DEKF’s covariance matrices are
also a fixed size. With this in mind, it was found by way of
numerical simulation that for the 100-cell problem, an adaptive
rendition of the DEKF saved over 16 million FLOPs of
computation in comparison to the sparse EKF while exhibiting
nearly identical performance. The adaptive DEKF’s scalability
in terms of estimation performance is closely examined for
various cell numbers and is shown to grow more accurately
with a larger cell number. This is because the measurement
and, consequently, the measurement noise are being scaled
down by a greater amount for a large cell number N, which
sees the adaptive DEKF relying on the measurements more
to balance the model predictions (see Section VII for more
details).

Note that though [25] considers a similar setting in that
only one voltage sensor is used, only interval estimation is
performed in [25]. The proposed DEKEF in this article, on the
other hand, estimates the state for each cell. The contribution
of this work is summarized as follows.

1) We introduce a notion termed RFF that characterizes
how each cell’s state would change with respect to that
of an average cell.

2) A new variant of EKF, termed DEKEF, is proposed to
simultaneously estimate the SOC of each cell with only
one voltage sensor (measuring the terminal voltage),
which can significantly reduce the computational com-
plexity (from cubic order to linear order).

3) The estimation performance of DEKF is analytically
studied. In particular, it is proved that the measurement
update step will not incur any error, while a theoretical
error bound of time update is provided.
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4) Extensive simulations are conducted to analyze the per-
formance of the proposed DEKF, together with sensitive
analysis to illustrate the robustness of the proposed
approach under cell degradation.

The rest of the article is organized as follows. Section II
contains an explanation of all of the relevant notation and
nomenclature used throughout the article. Section III formu-
lates the problem of cell SOC estimation in a serial-connected
string, while Section IV presents the traditional sparse EKF
for cell SOC estimation. Section V introduces the concept of
RFFs, which forms the basis for the DEKF. Section VI derives
the DEKF and establishes its equivalence to sparse formula-
tion, while Section VII provides the main simulation results.
Section VIII discusses a special case with homogeneous cell
current, and Section IX concludes the article with a summary
of our findings and a discussion of future work. The appendix
contains several lemmas used throughout the article.

II. NOTATION AND NOMENCLATURE

Let R, R", R™>*" and N denote the field of real numbers,
the set of real column vectors of length n, the set of m-by-n
real matrices, and the set of nonnegative integers, respec-
tively. The transpose of a matrix A € R™*" is denoted by
AT. The Moore-Penrose pseudoinverse of A is denoted by
AT := (ATA)7'AT. A symmetric matrix B € R"™" (B = B")
is said to be positive definite if and only if x"Bx > 0 for
all x € R™{0} and is denoted by B > 0. Similarly, B is
said to be positive semidefinite if and only if x"Bx > 0
for all x € R", denoted by > 0. For a vector x € R", the
Euclidean norm ||xll, := (x(1)? + x(2)?> + ... 4+ x(n)*)"/? and
the infinity norm ||x|| := max; |x(i)|. For a matrix A € R™*",
its induced infinity-norm [|Allec = maXi<i<m Z?zl |AG, pl,
following from the standard definition for induced p-norms
lAll, = sup,.o(lAx]l,/llx]l,). Any variable name accompanied
by superscript (-)’ indicates that is of or belongs to the ith cell
in the battery pack. For k € N, any variable name accompanied
by a subscript (-); indicates that it is the variable as it exists
at the kth discrete time step and a subscript (), indicates
that it is a “dense” variable belonging to the DEKF (more
details provided in Section VI). Combinations of subscripts
and superscripts may occur, but this does not impact the
aforementioned meaning of the individual terms that appear.
Unless otherwise specified, vector X with the hat notation
indicates that it is an estimate of x; superscripts £~ and £
indicate prior and posterior estimates, respectively. Unless
specified otherwise, elements of a vector x are indexed via x(j),
where j = 1 points to the first element in x. For convenience,
a tabulated list of the acronyms used throughout this article
can be found in Nomenclature.

III. CELL STATE ESTIMATION PROBLEM
A. Battery Model

Consider a serial-connected battery with N cells, as shown
in Fig. 1. The highly nonlinear chemical processes that occur
within battery cells are difficult to precisely model. Instead,
a first-order ECM is adopted as a suitable representation of
a Li-ion battery’s system dynamics [26], [27] (see Fig. 2),
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Fig. 1. Structure of serial-connected battery cells with balancing currents and
pack terminal voltage measurement (y§ — y,l;).

Fig. 2. ECM of a battery cell.

where the OCV (V,.), open-circuit resistance (R,), terminal
voltage (), total cell current (u), relaxation resistance (R,),
and relaxation capacitance (C,) are all model parameters. The
cell dynamics are specified by

U

P | |

¥ = 7T 3600C (1)
- Vv u

Vis—oro t (1b)
- RG G

y=V.-V -uR, (1e)

where s’ is the ith cell’s SOC, V' is the relaxation voltage, i’ is
the Coulombic efficiency, and C' is the cell capacity with the
unit of Amp-hours (the latter two being constant with respect
to cell states). Additionally, u;( is the ith cell’s total current at
time step k and is the sum of an applied balancing current j3;
and the battery pack current u;. Finally, the convention that
i > 0 signifies discharging and u} < 0 charging is used in
this work.

Forward Euler method can be used to discretize (1) with a
sampling time T, as follows:

St = St~ 3ea00 (2a)

. T, T,
V,§+1=<1— : l.)v,g+—iu’k (2b)
RPCP CP
Ve = Voer = Vi — iR, (20)

Denoting x' := [s' Vi]", (2a) and (2b) can be compactly
represented as follows:

Xy = A'X, + B'ul 3)

Note that the ECM’s electrical parameters typically vary
as a function of SOC [10], [17], [27], making (3) nonlinear.
However, to simplify the notation in this work, we consider
R,, R,, and C,, as constant values that do not vary with SOC,
thus making the state (3) linear. A sensitivity analysis for these
parameters and the accompanying discussion can be found
in Section VII-B. Moreover, the measurement function (2c)
remains nonlinear, since the OCV V. is nonlinear with respect
to SOC. In this work, we follow a common approach in the
literature by approximating the OCV-SOC behavior with a
polynomial [28], [29] (see Section VII-A for details).

Leveraging (4), the collection of state update equations
across all N cells

1 1, 11
L
K1 Ax + Bluy
Xepr:=| . | = : &)
N NN N, N
Xph A% X + BYuy
and define the sparse state vector as X; = [x,l( xi . x,iv ]T,

which is the state vector for the entire battery pack at time
step k. Rewriting (5) gives

Xip1 = AX; + BU; (6)
where
A" 0 0]
0 A2 ... 0
A= . . . @)
0 0 AN |
B' 0 0]
0 B> ... 0
B=| . . : (®)
0 0 ... BY]

are block-diagonal matrices consisting of (4) for each cell,
and cell current matrix Uy is defined as [u} u? ... u}']". The
measurement function, in the case of pack-level dynamics, is
a scalar quantity representative of the pack terminal voltage
defined as follows:
N
ve=Y_ (Viex = Vi — uR}) = h(X;, Uy). 9)
i=1
Example 1: Consider a battery with N = 5 serial-connected
cells, with cell parameters listed in Table I and initial states
listed in Table II. Moreover, T, = 10, and all cell currents
are equal to 4.6 A. Fig. 3 plots the SOC, relaxation voltage,
and terminal voltage for each cell. As can be seen, due to the
heterogeneous cell parameters (see Table I), the cells’ SOC
significantly differ from each other, making cell-level state
estimation a challenging task, especially under limited sensor
capability.
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Fig. 3. Plots of SOC, relaxation voltage, and terminal voltage for five cells.

TABLE I
NOMINAL CIRCUIT PARAMETERS

Parameter Unit | Cell1 | Cell2 | Cell 3 | Cell 4 | Cell 5
C [Ah] | 4.293 5.249 4.717 4.201 4.941
n [-] 0.785 0.839 0.768 0.803 0.900
Rp(-10—2) [€2] 2.072 1.686 1.987 2.086 2.113
C'p(~103) [F] 1.874 1.373 2.148 1.870 2.004
R,(-1072) [€2] 1.718 1.565 1.292 1.344 1.184
TABLE II
INITIAL STATES

State | Unit | Cell 1 | Cell 2 | Cell 3 | Cell 4 | Cell 5

S0 [-] 0.990 0.993 0.994 0.994 0.992

Vo [V] 0.010 0.019 0.017 0.013 0.017

B. Problem Formulation

Given the battery dynamic model (6), the primary objective
of this article is to find a computationally efficient state
estimation algorithm to estimate X;, with only one voltage
sensor to measure the pack terminal voltage. Formally, the
problem being addressed in this article is described below.

Problem 1: Given battery dynamic model (6) and
output (9), find a computationally efficient algorithm for
estimating X; based on U and yy.

Remark 1: Note that Problem 1 restricts the number of
voltage sensors to only 1, that is, only the pack terminal
voltage is measured. This setting is similar to [25], which
also assumes only the pack terminal voltage measurement is
available. However, our work is different from [25] in that only
interval estimation is performed in [25], while the state for all
cells is estimated in our work. Note also that, the assumption
that only terminal voltage is measured can be beneficial in
reducing manufacturing cost while at the same time can be
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restrictive. In the future, we will also consider the scenario in
which multiple cell terminal voltages are also measured and
the corresponding optimal sensor configuration problem.

IV. SPARSE EKF

To solve Problem 1, the EKF can be applied, due to
the nonlinearity of the battery model (particularly the output
equation). This section describes a straightforward application
of EKF—termed as sparse EKF for the remainder of this
article—for estimating over N serial-connected battery cells,
which has a complexity of O(N?®) since the sizes of the
covariance matrices and vectors grow proportionally to N. We
will later show a computationally efficient variant of the EKF
to solve Problem 1 with a complexity of O(N).

A. Sparse Prediction Model and Time Update

Because of the inherent deviations of real-life systems from
mathematical models, (6) and (9) take on the form

Xk+1 = AXk + BUk + Wk
Vi = h(Xy, Up) + vk

where Wy = [wp wi ... wfcv]T, wi (~ N(0,0))) is the
process noise of the ith cell, and v; (~ N(O,Ry)) is the
measurement noise, the latter two satisfying zero-mean Gaus-
sian distributions with covariances Q}; and Ry. Retaining (7)
and (8), the complete time-update for the sparse EKF is the
following:

Xi, = AX! + BU; (10a)
P =APFAT + Ok (10b)

where (10a) is the state update and (10b) is the covariance
update. The initial sparse process covariance Par and sparse
process noise covariance Q; are block-diagonal matrices
defined as follows:

Pyt 0 ... 0
o prt ... 0
Py=| . ) . . Y
0 0 Pyt
[0 0 0
0 o 0
Qk - . . . . (12)
(0o 0 ... OV

where Pf)’Jr and ch are the initial process covariance and
process noise covariance at time step k, respectively, for the
ith cell. Note that (10a) and (10b) rely on real-time compu-
tations over matrices (11) and (12), which grow quadratically
with N. Finally, the predicted output, which is evaluated over

the sparse EKF’s prediction X 41> can be computed as follows:
y=nh (Xk_ﬂ’ Uk)

where £ is defined in (9).

13)
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B. Sparse Kalman Gain and Measurement Update

Recall that the OCV V. is a nonlinear function of the SOC,
making 4 in (9) nonlinear. Therefore, to compute the Kalman
gain, we must obtain Jacobian H by linearizing (13)

(5:0)
a2

i=1

Hys1 = 0xh(X, U)

=z

Vi(X(, 1))

- RLUG) - X(, 2))}

K1 Uo)
(14)

Here, U, (i) is equivalent to u;( and X(i, 1) and X(i,2) are the
SOC and V of the ith cell, respectively. Evaluating (14), we
have

... Ve

Hk+l = (D) (15)

[ - 1]

aX(i,1) (??;+,,Uk) .
where X(i,1) is the ith cell’s SOC. The resulting sparse
Kalman gain matrix and the measurement update can be
calculated

P, H]

Kot = k1 kg1 (162)
! Hip1 Py Hiy g + Re

X5 = Ko + Kt (k1 = 2 (X1, Un)) (16b)

Pl = (I = KiprHirn) Py (16¢)

Recall from Section I'V-A that R; is the measurement noise
covariance such that v, ~ AV(0, R;). Note that for our case, we
are limited to a single-voltage sensor for measurement. Hence,
Ry € R, so the fraction notation for Kalman gain equations akin
to (16a) is used throughout this article.

Remark 2: While the sparse EKF provides a passable
framework for cell state estimation, a notable drawback is the
increasing size of matrices used in calculations as N increases,
making it computationally heavy. In fact, the complexity of
such a naive EKF approach requires O(N?) complexity each
time step. More particularly, the time update requires O(N?)
complexity, even if the sparsity of A and B matrices are
explicitly exploited, and the measurement update requires
O(N?) complexity. The total complexity is 16N> + 32N? +
(4P+14)N+6M, where M is the size of a moving window for
adaptive parameter tuning, and P is related to the resolution
of the OCV-SOC curve (see Sections VI and VII for more
details).

Such a high complexity makes the sparse EKF approach
unsuitable for real-time implementation, especially in embed-
ded environments. To address these concerns, Sections V and
VI, a DEKEF is developed, whose complexity is linear with
respect to N, making it suitable for real-time implementation.
We start by introducing a key element for the proposed
DEKF—namely, the RFFs—in Section V.

V. RELATIVE FITNESS FACTORS

A. Derivation of Individual RFF

The driving paradigm of the DEKF is that estimates
are made about average state vectors and dense covariance

matrices that are invariable in size for all N—it is unique
information about each cell’s system dynamics that provide
insight into how every SOC in the pack changes with respect
to the “average” cell over time. To determine this change,
begin by averaging (2a) and (2b) over all N cells to obtain

I, 1 ;
N;SH‘:_; __236000 k
RN (. T\, L= Ts
N;Vk+1zﬁg(l—€)v +NIZ:1:C—luk

4
where time constant 7, = R/ C',. Denote s, := (1/N) >V st
and Vi = (1/N) >y V] as the average SOC at time
step k and average V at time step k, respectively. From (17),
the changes in s, and V,; are

(17a)

(17b)

N ,
lT i
ASuk = Sukit = Suk =~ Z 260067 (18a)
1\;
AVik = Vgt = Vi = 5 ; ( -z ,;) . (18b)

Without loss of generality, we will now step through how to
quantify the degree to which sf( changes with respect to s,.
Retrieving the control input term from (2a) yields

i 7T U ui
v = Asp _ ~ 36000 & k (19)
s,k A,k _ 1NN AT ul Z
K N Zui=13600C Yk N Zui=1 C,

where Vi,k is the ith cell’s SOC RFF at time step k. From this
methodology, ¥}, naturally follows:

L
. Cz Ti,
Yow = Y (20)
N Zl 1 ( - -r_j))

At any given time step, each cell has a set of two RFFs—one
for each of its states. A cell’s RFFs signify the degree to which
each of its states st and V! evolve with respect to average
states s,.x and V,.x. In other words, we can recover the change
in states as

(21a)
21b)

Sttt = Skt Vs ASuk
Vier = Vi + YAV

The following theorem establishes the utility of the RFFs
in computing each cell’s change in state by proving the
equivalence of (21) to the existing state dynamic (2a) and
(2b). The proof of Theorem 1 is provided in the Appendix.

Theorem 1: The SOC update (21a) is equivalent to (2a), and
the relaxation voltage update (21b) is equivalent to (2b).

Theorem 1 established that the RFF can be used to quan-
tify how the ith state vector x}; changes with respect to
the state vector x,; of an “averaging” model, defined as
Xy = [sﬂ,k V,,,k]T. To express this mathematically, the Jaco-
bian I'}, = 0x}/0x, can be defined as follows:

axi(l)  axi(l)

Fi _ C().Xk — Oy (1) 0x,4(2) — yf?,k 0 (22)
k= oy . Tl @ @ | T | o v |
e k(D) D31 2) &
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TABLE III
INITIAL CONDITIONS

Metric | Unit | Cell 1 | Cell 2 | Cell 3 | Cell 4 | Cell 5
Vi [V] 0.80 0.85 0.90 0.95 1.00
up [A] 1.6 3.6 4.6 5.6 7.6

TABLE IV
RELATIVE FITNESS FACTORS
Wk Tk Tk Wk ’Yir’/ k
0.8664 | 1.4958 | 0.8311 | 0.9370 | 0.8696

Then, (21) can be compactly represented as follows:

X1 = X + TiAx (23)

Example 2: Consider the five-cell serial-connected battery
as discussed in Example 1. Consider 7 = 0.1, the initial cell
currents and relaxation voltages as they appear in Table III,
and cell parameters as they appear in Table I. The denominator
term in (20) can be computed as follows:

1< (uk ’)
s2\e -
i= P
1 1.6 0.8
T 5\ 1.874-10°  (1.874-10%) (2.072 - 10-2)
3.6 0.85
T 1373100 T (1373 10%) (1.686 - 10)
L 46 0.9
2.148-10°  (2.148-10) (1.987 - 102)
L 56 0.95
1.870-10°  (1.870-103) (2.086 - 10-2)

7.6 1
* 2004100 (2.004 - 10%) (2.113 - 102)>
=-2279-1072.

Then, each cell’s voltage RFF is computed as follows:

Yk = % = 0.8664
Yoy = % = 1.4958
You = % =0.8311
Yoy = % =0.9370
You = % = 0.8696.

For easy reference, the computed voltage RFF for each cell is
listed in Table IV. Given u}( for each cell and T, the change in
average relaxation voltage for this time step can be found to
be —2.279-1073. Using the computed RFFs listed in Table IV,
the change in each cell’s relaxation voltage can be calculated

AV =y AV, = -1.975- 107
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AVE =y AV, = =3.410- 107
AV} =y, AV, = —1.895 - 107
AVE =y AV, = =2.136 - 107
AV} =y AV, = —1.982 - 107,

Now, to show that each cell’s change in relaxation voltage
derived from the average indeed matches that which the
individual cell dynamics produce, the same quantities are
computed based on (2b), as follows:

0.1 0.1

AVi=—— 16— 0.8
£ 1874103 (1.874-103) (2.072 - 10-2)
=-1975-107°
0.1 0.1
AV = 3.6 - -0.85
£ 71373103 (1.373-10%) (1.686 - 1072)
=-3410-107°
0.1 0.1
AV@= ———— 46— -0.9
£ 72148103 (2.148 - 10%) (1.987 - 10-2)
=-1.895-107
0.1 0.1
AVE= ———— 56— -0.95
“ 7 1.870- 103 (1.870 - 10%) (2.086 - 10-2)
=-2.136-107°
0.1 0.1
AV = —— .76- 1
£ 72,004 - 103 (2.004 - 10%) (2.113 - 10-2)
=-1.982-107.

To relate the RFF to the Kalman filter algorithm, we recog-
nize (2a) and (2b) as being the time update equations whose
generalization over N cells is expressed as (10a). Writing (2a)
and (2b) as the time update for an individual cell gives

- _ Al+ i TS i
Sk = 57— ggpperth
l T 1,
Vk+1 (1 thz)V++E

Consequently, (19) and (20) are defined as follows:

. ,u
Ppo= —SHE— (24a)
N Zl 1 Cl
) VL*
N C[ - T_’
Yy = — (24b)

i+
uk Vi
N Zl 1 ( - ‘ri )

P

which will be useful later in Section VI and proofs thereof.
Note that (19) and (24a) are identical, as they are both
independent of SOC.

B. Constructing the RFF Matrix

In the context of cell SOC estimation in a battery pack, the
main concern is considering the states of all cells at once, not
individually. For this reason, we recall the sparse state vector
from Section IV and compute the pack-level Jacobian

0Xi

I, =
k axﬂ,k

T

=} T} (25)
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where Iy, (termed as “RFF matrix”) is of size 2N x 2.
Extrapolating (23) to the entire pack

X1 = Xi + TiAxy e (26)

offers a useful method for computing changes to the entire
pack’s states as a function of changes in x4, the size of
which does not change with N. The next section leverages this
core concept into the proposed DEKF by developing an initial
framework and concurrently proving theoretical equivalence
to the sparse method outlined in Section IV. The next two
lemmas concern the left pseudoinverse of I', which will be
utilized in Section VI and whose proofs are provided in the
Appendix.

Lemma 1: The left pseudoinverse I'" exists and is given by

Y5 Y,
0 0
- Zf\;l (7”)2 ) Zfil (st)z N
Yv Yv
Y0 Y02
(27)

Lemma 2: Denote AX; := X1 — X; € R?V*! and AX, :=
ITTAX € R*¥*1 then we have AX; = AX;.
Remark 3: To verify that T'T = I, we have

N i\2
Zi:l (75)
N i 2
FTF = Zi:l ('}/5) N . = |:(1) (l):| .
0 2 is1 (%))
Lo
While Lemma 1 and Remark 3 prove that [T = Ly, ITT
is generally not an identity matrix. Lemma 2 addresses this
concern by proving a useful property of I'T': when being left
multiplied to a change in the sparse state AX, that same change
in the sparse state is the result of the calculation.

VI. DENSE EKF

This section presents the proposed DEKF. The essential idea
is to use EKF to estimate the states of an “averaging model”
and then to distribute the state estimation to each cell using the
RFF matrix. In pursuit of a filtering algorithm that estimates
over the dense state, we write a dense model

(28a)
(28b)

X1 = Apxpp + BuUp +wy
Yk = 1 (X, Up) + vy

where x4 = [sux Vik] > Ay = [JAT e R2*2, B, =B €
RPN, By (Xiey 15 U) = A/NRK 1, Ui waik ~ N0, o),
and v ~ N, (1/N*)Ry). For reasons discussed in Sec-
tion V-A and illustrated by (24), we have

N 0X
= =

k (29)

Hxﬂ X:)?;r
We claim that, for the problem at hand (see Problem 1), a
dense model (28) over x, exists, and it is enough to show that
an alternative Kalman filtering method (the DEKF) capable of
estimating over this model can be derived from the existing

Kalman filter (10) and (16). Sections VI-A and VI-B present
the derivations and, where necessary, establish upper bounds
on the resulting errors.

A. Dense Time Update

Given the dense model (28), its time update equations are
given by

X1 = Aully + BuUs (30a)
Prai1 = APl + Qe (30b)

The estimate over the dense state vector is then ‘“distributed”
to each cell using (26)

X =&+ (f - £5) (31a)
Pior = DePy 7 (31b)

The following theorem derives the above dense time update,
guaranteeing its near-equivalence to the sparse time update.

Theorem ? Under the assumption that T, <« T;, the time
update on Xy as computed by (30a) and (31a) is almost
equivalent to the sparse time update as computed by (10a)
with an error bound listed in (38), and P, as computed
by (30b) and (31b) is equivalent to the sparse time update as
computed by (10b).

Proof: We begin with (10a). First, solve the matrix-
differential (29) for sparse vector X; in terms of x,;:

A

[y
_0Xy
Okl yogr
LY rT
= [ﬂ ox | o ]T
O 0% N I +
7
ox (1 . 0x,(2
= Bx:;f(l)) e ¥, = ax:,f(z)) iwz),ie [1,...,N].
k X
(32)
For i € [1,...,N], we can solve the differential equations

from (32) via separation of variables for the SOC xj{(l)
/xfm ' RGO
 ox(D) =/ Vi x0x,1(1)
() s

i x(1)
xk(l) fci’*(l)

Xk (1)

= P xXur(1)

£h(n)
= H () = 5 (5 (D - £5,(D)

X (1) = P un(D) = 980 (D + 857 (1). (33)

We must be cautious with the integration for x2(2) since 5/", is
not a constant, but dependent on our integration variable. The
steps are the following:

[osue= [ @ (34a)
\4
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- ) (34b)
G
_ (! oxi 34
= N + w ) X (2) (34¢)
C}', T,
1 )
i) —erim| Y _BD| o (34
N C;, T,

where 6 := (1/N) Z’] 1#((uk/C ) (x (2)/7'{,)) and C is the
constant of integration. We consider the first-order approxi-
mation of the result from (34) for small deviations around
nominal points £Z+(2) and fcﬂgk(2)

@ =80+ [+ 2| (- 5 @)
o (35)

Xui(2) ~ £5,2) + y—lv (62 - 1) (35b)

X%2) * Pyxun() = P22 + 57 () (35¢)

where the error in (35¢) is O(A%), A = xi(2) — &7 (2).
Assembling the vector equation from solutions (33) and (35)
for all i € [1,...,N] and simplifying

Xk x Fkx;,,k - kac::k + X/j_
Xi ~ Texgp — T AXE + X,

Xk ~ f‘kxﬂ'k + ([ - ka) )?Ij_ (36)

where A = (1/N) [I I.. ] and is of size 2 x 2N. For the
time update, we have f(k | = Dk + 0 -TMX and
X5 = Ty, + 0 -TX! Substltutmg these instances
of (36) into (10a)

Pt + (1= Tn) X5 = A (Pt + (1= F1a) %)

+ BUy
Disy i = ATRT +(A-D) (I-TWA) XF
+ BU;.

Multiplying the left pseudoinverse lA"Z gives
S = DATES + THA - D (1 -TwA) X+ TBU,

=Aﬂxk—|—F(A D(I-TwA) X + B U (37)

effectively isolating %, k1 Equation (37) can be approximated
as follows:

#k+1~A « T BuUy

with error lA"Z A-DHU —ka)X ,:r . We can derive an upper bound
on this error induced by the infinity norm

I3 A = DU = TeM) X oo (38a)
<o - 1A = Illoo < I = TeAlleo - 11X, Nleo (38b)
o T, . .
ﬂmu<nm %)wunmwwmm (38¢)
i€[l,...,N] ‘1'[7
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N Aj N  Ai
= [ max Yim ¥ 2 (). max | T2
PIANCZA D SAN I iel 1N | T

)

y-X
N

Y

N+

( max ) X o (384d)
i€[l,...2N]
where the upper bound vanishes as the sampling period
decreases (i.e., Ty — 0).

To prove the equivalence of the time update on the covari-
ance matrix, we first have

Pt = B[t = Xy D uist = Xy D) (39)
over the prediction. Multiplying [ to (39), we have
P _k+1rk
=B [(xu,k+1 — 1) (Gukrr — ??;,k+1)T] 7
= B[ (et = F) (ks = Fa) "7
=B (X1 - X)) (Kot - %5)"]
=Py (40)

which works out to be the sparse predicted process covariance
Py, as calculated in (10b). Substituting (10b) into the right-
hand side of (40), we have

BvP I = ALPHITAT + 0.
Multiplying I, we have
£ [fPr 17 ] (r) =1 [Afkpikf;AT n Qk] (f}ﬁ)T.
Utilizing the fact that F,T(Fk =1 (Lemma 1), we have

- tap ) pr (Fiat) o o, (71
Prior = (F{ATY) Pl (FlAfy) + Flox (1)
= AﬂP;ka; + Qi

This completes the proof. [

Remark 4: Though the proposed dense time update (30)
and (31) incurs certain error, as captured by Theorem 2,
it significantly reduces the FLOPs requirement. In fact, the
regular sparse time update requires a theoretical FLOP count
of 3N?+6N, whereas the proposed dense time update requires
only 53N + 26, due largely in part to many of the associated
dense matrices having constant size with respect to cell
number (see Section VII for more details).

B. Dense Measurement Update

Continuing with the dense model (28), its measurement
update equations are given by

P
Kkt = s I:Jr (41a)
Hll,k+lpﬂk+1H#’k+1 +Rﬂ’k
Bt = Fargr + Kurst Ot = e (X1, Us)) - (41b)
X=X +F"( Fuk41 7 ,u,k—H) (41c)
P ;r,kJrl = (I = Kk 1Hypr1) P, k1 (41d)
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where R/l,k = (Rk/Nz), y,u,k-H = (1/N)yk+1, and H;l,k—H € RIXZ
as given by

4 (+h(X, 1))

. (42)

Hypr = :
(XE+1’U/<)
The two next lemmas connect the dense Kalman gain K,
and H, ;. to the sparse Kalman gain K;; and Hj;.
Lemma 3: The dense Jacobian H, x4 as computed by (42)
and the sparse Jacobian H;; as computed by (15) satisfy

1 N
Hjy1 = ﬁHk-&-lrlw

k1

(43)

Proof: For brevity, we opt for short-hand notation h :=
h(X,U) for derivations contained within this section. The
scalar (1/N) can be moved to the front of the expression
in (42) and the Jacobian can be evaluated

1 8}1 i N v
1 N OVi, 10,V
Hyjy1 = Nc’)x [ﬁzi:l () ~ N (9@(12) ]
BER S/ e
N p= 0x,(1) N 0x,(2)

[1( oV V2
- Ax, (1) dx,(1)
() _

N axﬂm) _1]'

Recall from (22) that = %!, therefore

6x [€))]
ool | OV, v VL 1
phrt = 0x1<1> 7 o v (1)
Z_ Vi, .
N axi(1)

_| 1 N 40 9V,
‘[ﬁzi:n’sm —1]-
Now, multiplying (15) by I gives

t o | Ve _q Ve _q ... 9V
H"“r"_[axm) oot~ o,

N ; N
_ ol av(l)c o

Without loss of generality, Zfi , ¥, = N. Hence,

-1|f

N .
1 A 1 A%
_Hk_HFk = — |: E ‘Ska_x(l) —N:|

N N
N i OVi —
- [% Yt Vanin _1] = Hyprr.
This completes the proof. [ ]
Lemma 4: The dense Kalman gain K, ;1 as computed by

(41a) and the sparse Kalman gain K;,; computed by (16a)
satisfy

(44)

Proof: According to (41a) and (43) and the fact that R, ; =
(Ry/N?), we have

1.
K1 = ﬁrka,k-H-

1. 1. P, HT
VLK1 = Nrk ket | Tﬂ'kH i
Hypor1 Py 1 By gy + 5o Ric

1 DeP (3 Hii %)

N (§HiT5) Pgeer (vHiniB) + R
DeP i (Hii )
(Hk+1fk) P;:k—i-l (Hk+1fk)T + Ry
CePpp FTHL

Hk+lrk karlF Hl + R

Z| -
=

Utilizing (40), we have

1. P, H/
LK = 1
N Hy Py HE + Ry

= Kit1-

This completes the proof. [

Now we are ready to present the main result of this section
by introducing the following theorem that guarantees the
equivalence of (41) to the sparse measurement update outlined
in (16).

Theorem 3: The measurement update on 1 and P, 1
as computed by (41) is equivalent to the sparse measurement
update as computed by (16).

Proof: From (41c), we have

X =X +Fk( X1 ;,k+1)

= Koy + DiKupnr Ouirr =y (X1, Un))

= Xio1 + NKirr (Va1 = b (Xiep1s U))

= Xjp1 T Kit (NYM,HI — Nh, (X,:_H, Uk))

= X1 + Kir (ki = 11 (X1, Un))
which establishes the equivalence of the state correction
of (41) with that of (16).

As for the covariance equation, begin with (41d) and

substitute (40) to get
= (Lx2 = Kuky1Huir1) Py
ka:,ka/j = T4 (w2 = Kugr 1 Hup1) Prg 17

Jr
P

Pl =Tu (b2 — Ky Huprt) P I3
Substituting (44) and (43) and simplifying further, we get

A

N 1 A S
)28 =1y (IZXz—NrZKk+1NHk+1Fk) Py,k-i—lrl—cr

k+1 —

= T3 (F{awcanmls = [ K1 Hig ) Py 7
= 03I (Ivxon — Kiy 1 Hit 1) FkP,:,k+1r/-|<—

A A

1 (lvson — Kir1Hi1) Peyy

= rkrTP = Pt

k41 k+1°

Note that Lemma 2 is utilized to arrive at the last equality. m

Remark 5: In addition to the proposed dense measurement
update’s equivalence to the sparse measurement update, as
captured by Theorem 3, it significantly reduces the FLOPs
requirement. In fact, the proposed dense algorithm reduces the
FLOP count from cubic (16N> + 32N? + (4P + 14)N + 6M)
to linear [(6P + 76)N + 6M + 110] complexity. This major
reduction in computation time is owed mostly to the Kalman
gain, measurement Jacobian, and process covariance matrices
all having constant size in the dense measurement update. This

Authorized licensed use limited to: OAKLAND UNIVERSITY. Downloaded on June 05,2025 at 13:42:19 UTC from IEEE Xplore. Restrictions apply.



This article has been accepted for inclusion in a future issue of this journal. Content is final as presented, with the exception of pagination.

fact confers a constant FLOP count on the dense state and
covariance updates.

C. Adaptive DEKF

Recall that Q,; = Qka Therefore, Q,x must also be
computed at each time step since I'; changes with each time
step [recall its dependence on the cell currents as outlined
in (19), (20), and (22)]. While in the context of the regular
DEKEF this would be the case, there are existing methods of
adaptive Kalman filtering [17], [30], [31] in which the dense
noise covariance matrices are not computed as a function
of T, but instead as approximate solutions to the optimization
problem ®* = argming, g [J(O|Yy)] s.t. O > O0,R, > O,
where J(OYy) := Yy [In ] + v 27 vil, © =[Ok Ri),
the prefit residual v, := y; — 9, assumes a Gaussian distri-
bution of A(0,%;), M is an adjustable parameter describing
the size of the window of past measurements, and Y, :=
[Ve-m41 Yeemr --. Yie1 Yk A full derivation of the solution
can be located in [30, Appendix C], where suitable approxi-
mations of the optimal noise covariance matrices that maintain
positive definiteness are found to be

k
. 1
0 = Ki [H > viviT:| K] (45)
i=ig
1 k
ko +
Ri=+ > le€” + HPPH]] (46)

i=ig

where iy = k — M + 1 and postfit residual €, := y; — j},‘(". This
adaptive formulation of the covariance matrices is worked into
the DEKF, which is referred to as the DAEKF and is the
solution that generates the simulation results shown later in
Section VII.

Remark 6: The additional number of FLOPs incurred by
the dense with the adaptive extension is linear [(2P + 6)N +
6M + 21] and occurs in the time update when computing
fZQkfk (recall that T is a function of balancing currents).
The adaptive step is a function of window size M [more terms
to sum together for (45) and (46)] and P [must re-evaluate
polynomials for (48a)].

D. Complete DAEKF Algorithm

The proposed DAEKF algorithm can be divided into two
parts: the time update and the measurement update. The former
is summarized in Algorithm 1, and the latter in Algorithm 2.

First, we describe the time update portion of the DAEKF
algorithm. In particular, Lines 2 and 3 compute [z and lA“}:
given X,:L and Uy, which are then used to calculate A, and
By as shown in Line 4. Lines 5-9 check if this particular
iteration of the DAEKF is the first one, in which case the
program initializes P#O, 0,0, and R, in terms of sparse
covariances, fg, and T T. Line 11 uses the results computed in
Line 4 and the corrected dense state fc:k from the previous
time step to generate the dense prediction %, .,. Line 12
uses the result obtained in Line 11 to predict the sparse state
)A(k’ 1> which is a required computation since there is not yet a
known way to develop a compact V. curve which is strictly a
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Algorithm 1 DAEKF Algorithm: Time Update

procedure TIME( wio P F e Ur, Xk ) k)

; Fk < computing (29), (24a), (24b), (22), (25);
: F <~ computmg 27);

1:

2;

3

4: Aﬂk<—FAFk,B,Lk<—FB
5: 1fk—0then
6.

7

8

<—FTP+( )
Qu <_F Q( T)
9: end 1f
10:
11: A;kJrl <~ A, kxA+k+BM,kUk;

12: X, < X +Fk(x

)
Xk )

wk+1

130 Py < Aﬂqu/,L.kApL,k + 0
14:
15: return £, 1, Py, Xk_+1

16: end procedure

Algorithm 2 DAEKF Algorithm: Measurement Update

ey P/:k+1’ Xiwts Yik+1s k)
H, < evaluates (48a) at X

Kﬂka <« computing (41a);

procedure MEAS (x

k1

X k1 < Xk+1 + Fk(x 1 T u,k+1 5

Pl < (- K1 H,) P,

1:

2

3

4:

S T )E; it T Kkt (Va1 — (48 b));
6 -

7 /L,k+|;
8

9: hy ()A(,:rl) <« computing (48c);

10: GMJH‘I < yu,k-ﬂ—l — hM(XZ_Jrl);
11: if k> M — 1 then

12: Q,, < computing (45);
13: R,, < computing (46);
14:  end if

150 k< k+1

16:

17: return &7, PF X

18: end procedure

function of x, (see a more detailed explanation in Section VII).
Line 12 computes the predicted dense process covariance
P 41- The results obtained from Lines 11-13 are outputs of
the procedure, which are passed onto the measurement update
function.

Starting the measurement update portion of the DAEKF
algorithm, Line 2 evaluates a least-squares fit of each cell’s
differentiated OCV (detailed explanation in Section VII)
as a function of sparse prediction X, to compute H,,.
Line 3 utilizes this result, along with P, ., and R, to compute
the dense Kalman gain K|, ;. Line 5 corrects the prediction,
computing the difference between the measurement y, ;4 and
the predicted measurement and using that to calculate )%;fk Y
Line 6 computes the updated sparse vector )A(,j "1 as a function
of I' + and the differences in the result from Line 5 and the
predicted dense state. Line 7 simply computes the updated
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dense process covariance P;fk 41 as a function of the results
from Lines 2 and 3, and the procedure input P, . Line 9 uses
the results of Line 2 and (48b) to approximate hﬂ(f(,:rl), which
the predicted measurement function evaluated over )A(,:_l. This
result is applied in Line 10, which computes the dense postfit
residual €, 4. Lines 11-14 consist of a conditional statement
that checks at least M — 1 iterations have elapsed. If such is
the case, Lines 12 and 13 will overwrite Q,, and R, with the
result of (45) and (46). Afterward, the updated dense state
%uk+1, updated dense process covariance P, ,, and update
sparse state )A(ktrl are fed back into the time update function
for the following iteration.

VII. SIMULATION RESULTS
A. Implementation Details and Methodology

This section elaborates on environment-specific details for
the DEKF implementation, the target CPU, as well as consid-
erations regarding the direct computation of FLOPs for each
step.

Recall that H, 4 is computed at each time step using (43)
that relies on the computation of sparse Hy,;, which requires
each cell’s OCV-SOC curve be stored in memory and its
derivative evaluated over f(,: ' at each time step. As mentioned
earlier, the OCV-SOC curve for any particular cell is typically
stored in a lookup table—the size of which is directly related
to the desired resolution. For a small number of cells, this may
be a viable method, but large memory requirements—and thus
poor scalability—become problematic as the number of cells
grows. Instead, this work devotes offline computation time to
calculating N least-squares polynomials of degree P

min[IS'p’ = Vi3, 1<i<N (47)
P

each evaluated over high-resolution, OCV-SOC data from its
respective cell. In the case of (47), p' is a (P + 1) x 1 vector
of polynomial coeflicients, S; is an L x (P + 1) design matrix
computed from the SOCs of L samples from the ith cell’s
OCV-SOC curve, and V!_ is the corresponding output vector
of size L x 1. At each time step, the least-squares fit Fi(s) and
its derivative Fi(s) := (dF'/ds') is evaluated to complete the
following steps of the DAEKF algorithm:

oh -
_ o, N -
Hr = a 7 |:N 'Z?’s,kF (x(1) - 1:|.
X=Xy k1 i=1
(48a)
N
hRiey ) ~ Z (Fi(xi(1)) = RUul, — x,(2)) (48b)
i=1
W) = ) + iy (80— %) @480)

where (48a) and (48b) are derived from Fi(s) and Fi(s),
respectively, to compute the first-order Taylor approximation
of the measurement functions in (48c), which is used to
compute the postfit residual €, 1 = Yui+1 —hﬂ()?,;:_l) to update
R, as shown in (46). For this specific implementation, an
8° polynomial is used to approximate the OCV-SOC behavior
of each cell. A polynomial with such degree is common in
literature [28], [29].

Measurement of Average Terminal Voltage

Voltage [V]

0 200 400 600 800 1000 1200 1400 1600 1800
Time [s]

Net Cell Currents
4657 T : T T

T
Cell 1
Cell 2
Cell 3
Cell4
Cell 5 ||

Current [A]

0 200 400 600 800 1000 1200
Time [s]

1400 1600 1800
Fig. 4. Pack characteristics over five cells.

In the context of computing theoretical resource con-
sumption, the considerations being made are the following:
1) structural redundancies of the matrices involved in the
calculation (i.e., full multiplications need not be performed for
matrices A and B as they are block-diagonal); 2) matrix mul-
tiplication of two arbitrary matrices A, x, and B, , requires
mx p x (2n—1) FLOPs, Horner’s rule is the method employed
for evaluating polynomials of degree P, which requires 2P
FLOPs to execute, a matrix’s pseudoinverse is computed
in accordance with its definition; and 3) double-precision
floating-point format is used to represent and store numerical
data in memory.

For each cell involved in the simulation, the following
electrical parameters are selected from Gaussian distributions
ni ~ N(0.9,0.1),C ~ N(5,0.5) as a means of inducing het-
erogeneity unto the pack. For clarity, other circuit parameters
R, =2.2166-10"2, C, = 1.9975-10%, and R, = 1.3435- 1073
are kept constant for all cells. Note that all battery parameters
are derived from [32], [33], and [34], which utilize a battery
model simulation in which each circuit parameter’s value is
determined from experiments and stored as lookup tables of
SOC and temperature. The constant values used are a result of
averaging each parameter’s value over the full range of SOCs
at a temperature of 15 °C. The sampling period used in all
experiments is Ty = 0.1 s. Lastly, the following simulation
results were obtained by running the DAEKF algorithm in
MATLAB on an Intel 17-9750H CPU with six cores, 8 GB of
RAM, and 12 MB of cache running at 2.60 GHz.

B. Results and Discussion

The cell current trajectories are selected to be an exponential
family of functions that are symmetric about a nominal battery
pack current u; := 4.6 A (see Fig. 4). As for the initial states,
the EKF initializes £;7(1) = 1, £1,(2) = 0 for i € [1,...,N],
and the DEKEF initializes with the average values of the EKF’s
initial values: £7,_(1) = 1,%7,_((2) = 0. Furthermore, the
initial sparse process covariance, the standard deviations for
each cell’s process noise w}'( and the pack’s measurement noise
vy are initialized as a block diagonal matrix of 107, 107*, and
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TABLE V

IEEE TRANSACTIONS ON CONTROL SYSTEMS TECHNOLOGY

FLOP COMPARISON FOR DAEKF AND SPARSE ADAPTIVE EKF

Main Step Sub-Step Dense FLOPs Sparse FLOPs
Iy 9N -
i 6N -
Apk Buk 26N — 4 }
Time Update & AN +4 -
X1 8N +2 6N
Py 24 -
Py - 3N?
Total 53N + 26 3N2 + 6N
Hypiq (2P —2)N (2P —2)N
Hy, k1 8N -
Kalman Gain K41 — 17N?
K ki1 35 _
Total (2P + 6)N + 35 17N? + (2P — 2)N
A4 B 3
2 et (2P +3)N +6 -
X 8N +2 AN +1
Measurement Update T
Pl 20 -
Pi - L6N3 + 4N?
Total (2P + 11)N + 28 16N3 +4N2 + 4N +1
Adaptive Steps Total (2P +6)N +6M + 21 8N?2 4 (2P + 6)N +6M — 1
Overall (6P +76)N +6M + 110  16N3 + 32N2 + (4P + 14)N + 6 M
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Fig. 5. Comparison of SOC estimation error and predicted measurement error
between the sparse EKF and the DAEKF over five cells.

1072, respectively, and as a result of (40) and the equations for
O, and R, ; given in Section VI, the initial dense covariance
matrices are P,o = [1.918 - 1077,0;0,1.999 - 10777, 0,0
[9.198 - 107,0;0,9.999 - 10™°], Ryo =4-10° N =5 M =
15, and P = 8. The measured terminal voltage and the cell
currents are shown in Fig. 4. For 1800 s, Fig. 5 illustrates
the results of the simulation, which show that the DAEKF
exhibits good performance in estimating SOC over all five
cells with an average RMSE of 1.08 - 1072, and the maximum
RMSE on predicted average terminal voltage h,(X, ;) being
within 20 mV (= 0.6% of its nominal value). As shown in the
third subplot, the DAEKF, and sparse EKF estimation error
follow closely to one another, exhibiting a similar performance

when estimating the SOC over five cells. However, there is a
minor separation toward the end of the 1800-s run time. This
separation is to be expected as expressed in (38).

In the context of FLOP count, a comprehensive comparison
between the dense and sparse adaptive EKFs is found in
Table V, where M is the size of the measurement window
from the adaptive step, N is the number of cells, and P is
the degree of the polynomials used to approximate OCV-SOC
characteristics. The most laborious step for the sparse AEKF
is the measurement update, where there are no structural
patterns that can be exploited in the computation of (16¢).
Thus, the multiplication of two arbitrary, square matrices of
size 2N x 2N yields an FLOP count proportional to N°. While
the measurement update is also the most laborious step for
the DAEKE, it only grows linearly with N as well as P. The
values of M, N, and P used to obtain the results for the 100-
cell problem in Fig. 6 can be borrowed to get an idea of the
FLOPs count for both estimators. Doing so yields an FLOP
count of 16 324 690 for the sparse and a mere 12 600 for
the dense, reinforcing the perceived intractability of the sparse
formulation of the adaptive EKF.

A simulation with N = 100, that is, with 100 cells,
is also performed. The initial covariance matrices are the
following, P,o = [9.781 - 107,0;0,9.999 - 107'4], Q0,0 =
[9.567 - 107°,0;0,9.999 - 107°], R, = 2.500 - 1077, yielding
the results shown in Fig. 6, where, in comparison to Fig. 5,
the effect of a larger cell number on the measurement noise
can be observed in the RMSE curve of the predicted terminal
voltage. Specifically, the maximum prediction error for the
DEKF’s terminal voltage is around 25 mV, demonstrating a
greater noise attenuation as a result of more cells compared to
the sparse adaptive EKF. In addition to this, the covariance
matrices are intentionally initialized such that the model

Authorized licensed use limited to: OAKLAND UNIVERSITY. Downloaded on June 05,2025 at 13:42:19 UTC from IEEE Xplore. Restrictions apply.



This article has been accepted for inclusion in a future issue of this journal. Content is final as presented, with the exception of pagination.

NUCULAJ AND CHEN: SIMULTANEOUS CELL STATE ESTIMATION VIA DENSE ADAPTIVE EKF

TABLE VI
SENSITIVITY OF DEKF’S AVERAGE RMSE TO ERROR IN ECM PARAMETER VALUES

13

- [ -15% [ —-10% | 5% [ 0% | +5% | +10% [ +15%
Cp [[81-102[80-10°[79-103[78-10°[78-103[79-10° [ 7.9-1073
Ry, || 1.3-107T [ 9.7-1073 | 81-1073 | 7.8-1073 | 9.8-10~2 diverges diverges
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Fig. 6. DAEKF and sparse EKF performance comparison over 100 cells.

predictions are favored greatly over the measurements. As a
result, the cumulative error is exhibited, but the DAEKF and
sparse EKF take on a nearly identical error trajectory. This
observation is reinforced by the plot of the absolute differences
between both filters’ RMSE curves, which exist on the order
of 1074 - 107°.

Keeping the initial covariance matrices, process noise, and
measurement noise the same as in Fig. 6, the next set of results
considers the sensitivity and scalability of the DAEKF in terms
of average error. To begin with, the differences between the
estimated values for the ECM parameters and their actual
values are difficult, if not impossible, to overcome completely
[35]. For this reason, it is worthwhile to investigate the SOC
estimation errors that arise from the DAEKF when these
disparities exist. In the case of N =5, Table VI displays the
average SOC RMSE of the DAEKF as ECM parameters Cp,
R,, and R, deviate by +5%, £10%, and £15% from their
values as listed in Section VII-A. C), is the least sensitive of
the parameters as the largest error incurred by the DAEKF
for Cp is 8.1 - 1073, a 3.85% increase from the baseline error.
As for R, and R,, the error is stable within £5%, though the
9.8 - 1072 error is too large to be useful. However, once R,
and R, deviate beyond £5%, the error grows to be unstable,
even diverging for >+10%. The relative insensitivity of C),
can be explained by recalling the definition of y’{,’k (20) and

i

observing T;(Z R;C »») in the denominator. The parent function

f(x) = (1/x) has the derivative f’(x) = —(1/x*) with respect
to x. Thus, for changes in x > 1 (i.e., C,) that occur, the
derivative function confirms that the added error is “small,”
while for x < 1 (i.e., R,), the added error is “large.”

Fig. 7 plots the estimation error for the different number
of cells, where 20 simulation trials are run for each cell
number. The averages and standard deviations (the error bars)
for both the error of the predicted terminal voltage and the
estimated SOC are shown here. Observing Fig. 7, the average
SOC RMSE increases as more cells are introduced, but levels
off at ~ 7- 1073 as N continues to grow. Meanwhile, the
average predicted measurement RMSE decreases with more
cells, starting at 8 - 1073 and leveling off at about 3 - 1073
For both cases, the standard deviation decreases with more
cells, indicating that the DEKF performs more consistently for
larger N. Because the inclusion of more cells scales down the
measurement by a larger number, measurement noise is more
heavily attenuated, which results in the DAEKF weighing
measurements more favorably in its estimates. As a result,
estimates that rely less on the model are less prone to problems
of accumulated error, ergo smaller average error and smaller.

VIII. SPECIAL CASE WITH HOMOGENEOUS
CELL CURRENT

Up to this point, the calculation of I" has involved dynamic
balancing currents, requiring its computation to occur online.
However, the case of no balancing currents, that is, u,i =

u,% = ... = uf{v , offers the conversion of the calculation
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to an exclusively offline format. Without loss of generality,
recall (19), where the SOC fitness factor is computed to be

ﬂi i L

NZ[IC'uk NZ[IC'

which is now constant with respect to time. Because cell
capacities and efficiencies are quantities known a priori, the
computation of each cell’s SOC RFF in the case of no
balancing currents can be relegated to an offline computation.
However, the same does not hold for the RFF for relaxation
voltage. Recalling how the voltage RFF is defined in (20), a
similar simplification to the one in (49) can be made if (V}/7})
is sufficiently small

Yok = (49)

o %
Yvk ¥ -
N Zz 1 C’

However, computing )A/{, . in this way incurs a certain amount
of error, which is derived in the following theorem.

Theorem 4: The error incurred in the computation of (2b)
over V;, is given by

(50)

(- %)

Vt ,+ _|_ s 1= =1 G i3

T C’ N
r p C_Z

Proof: To assess the error involved in using the offline
approximation of %y,, we consider the difference between
the discrete-time voltage update equation (2b) and the voltage
update as recovered from multiplying %}, to the change in the
average (21b)

T, T
1-=)vr > ul 51
fi ( TP) ¢ +C' el
f= Vit 9, AV, (51b)

For brevity, we denote (51a) and (51b) as f; and f3,
respectively. Substituting the approximation (50) and the actual
value for AV, as defined in (18b) and (51b) is expressed as
follows:

f2—Vl++

(52)

To compute the error, (52) is subtracted from (51a), and the
absolute value of the result is obtained

e=|fi— fa
N (u V[*)
_ _E‘A,H X ﬂui 1 2= (CL %
i ok ci* N
P P Dimi

P

This completes the proof. [ ]

Referring to Fig. 8, the conversion of computations involv-
ing I to an offline format visibly reduces the DAEKF’s FLOPs
required for the time update by ~ 77%. In particular, the
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Fig. 8. Comparison of DAEKF FLOP count between the cases of balancing
currents and no balancing currents.

offline computations remove 41N — 4 FLOPs from the online
computation of the time update, since I, I’ 1, Ay, and B,
no longer change between time steps.

IX. CONCLUSION

In this article, the dense formulation of the EKF was intro-
duced to address the computational overhead and intractable
resource demands that hinder the sparse EKF. The DEKF’s
framework was developed from the theoretical standpoint,
its equivalence to the sparse formulation demonstrated, the
adaptive step appended to the general algorithm (DAEKF),
and its overall performance assessed from the perspective
of resource consumption as well as the ability to estimate
multiple cells’ state simultaneously. Comparing FLOP count,
the sparse method’s FLOP count exhibited poor scalability
insofar as its proportionality to the number of cells N cubed,
whereas the proposed dense method proved its superiority
with an FLOP count growing linearly with N. To this end,
a slight optimization of the DAEKF was introduced in the
scenario of no balancing currents, where the RFF matrix I
and adjacent computations can be performed offline. As for
estimating performance, the DAEKF maintained good SOC
estimation for not only the selected five and hundred-cell
cases but over a plethora of cell numbers, where the average
error in the predicted measurement as well as its standard
deviation gradually decreased for larger cell numbers. Future
work directions include: 1) validate the DAEKF’s estimation
ability through hardware experiments which include—but are
not limited to—degraded conditions of one or more cells
and different cell chemistries; 2) event-triggered methods that
employ streamlined methods for slowly changing balancing
currents; and 3) assessing the feasibility of a “dense” OCV-
SOC curve approximation.

APPENDIX

Proof for Theorem I: First, we prove equivalence for the
SOC update equation. Substituting (18a) and (19) into (21a)

T i 1 N i,
s+ 3600C7 'k __Z Ui i
S NI P 3600C "
N Zui=1 3600C7 “k

5 _ TliTs U
k= 3600Ct *

i
Sk+1
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which reproduces (2a). As for the relaxation voltage update
equation, a similar substitution can be made by substituting
(18b) and (20) into (21b), where we get

4 Vi & T
, . Ci 7 , .
i _ /i P P = S TSy
e = Vet T Nu_i_ﬁNZ ci T i Tk
N sty T w0 =l P p
Ty . Ty . T Y
=V S Syl = _ s i s
_Vk+Ci u;, TiV ={l-=|V Ci uy,
P P P p
which reproduces (2b). This completes the proof. [ |

Proof for Lemma I: Writing out the full form of I' as
defined in (25) gives

o0 2 0 ..oy 0]
=10 4 0 42 0 Y| -
'yV )/V 'yV

Observing the full form of I', for each nonzero element in a
given column, its corresponding element in the other column
is zero, and vice versa. For this reason, it is clear that the
column vectors of I' are linearly independent as there is no
nontrivial linear combination of these vectors which equals
the zero vector. Such linear independence of the columns of
I' guarantees the existence of a left pseudoinverse [36]. Next

s 0

] 0

I'T = )’i 0 Vs O:| : :
0y 0 Wl

s 0

0

0 S

which is symmetric positive definite. Therefore,

- -1

(F-rr)—l _ Zfil (72)2 v 0

0 —
L Zfil (Vlv)

Next, multiplying ('"T)~! by I'" from the right gives

rt
1
0
N i 2
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0 N oiy2
2 y)
" [7 0 vy 0}
0 0
1
Vs Vs
: 0 0
2 2
N DY) 1 LW
Yv Yv
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This completes the proof. [ |

Proof for Lemma 2: Retaining the definition of I'" from
Lemma 1, the following is computed:

[ 0 A

> () > ()

ITh = ;

) (rs)

=0 o
()

) o) N
> ()

> ()

(53)

Note that ITT e R?V*2N_ For brevity’s sake, we prove
the equivalence of the first element of AX;. Performing the
computation with the result in (53) gives the following:

X ()
A (D =Y ——ZA
‘ ]Z:I: Zi\il (72)2 j=1

\2
N
12:/':1 (7/4)
TV e

>ici (72)2

Following the same argument, it can be shown that
AXy =TT AX,. n
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