
Sensitivity Analysis of Kalman Filter Based 
Capacity Estimation for Electric Vehicles 

Weizhong Wang*, Jin Ye*, Pawel Malysz+, Hong Yang+, Ali Emadi* 
*Electrical and Computer Engineering Department, McMaster University 

McMaster Institute for Automotive Research and Technology (MacAUTO) 
Hamilton, Ontario, Canada 

+Fiat Chrysler Automobiles, Auburn Hills, Michigan, USA 
E-mail: pawel.malysz@fcagroup.com 

Abstract-In this paper, a sensitivity analysis of Kalman Filter 
based capacity estimation for electric vehicle batteries is per
formed. In order to represent different user driving behaviours 
a random drive cycle data generator is introduced and used 
in the analysis. An asymmetric equivalent circuit is used for 
both data generation and estimation. Different aspects and 
sources of measurement and modeling error are introduced to 
investigate their impact on accuracy. It is demonstrated the non
linear nature of the open circuit voltage and modeling errors 
of its curvature are among the greatest sources of estimation 
error. Additional analysis to study effects of error resulting 
from measurement error, discretization, and smoothing are also 
presented. 

I. INTRODUCT ION 

The transformation to more electrified vehicles are leading 
to transportation systems being more dependent on batteries 
and their associated electronics [1], [2]. As a result battery 
capacity estimation plays an increasingly important role in a 
battery management system (BMS), particularly for state-of
health and all-electric range estimation [3]. 

Many approaches of capacity estimation have been studied 
in the literature. Kalman Filter (KF) based approaches are 
among the most popular. Due to model nonlinearity Kalman 
filter based derivatives such as the extended Kalman filter 
(EKF) [4], [5], unscented Kalman filter (UKF) [6], and sigma
point Kalman filter (SPKF) [7] has been employed for battery 
state and parameter estimation. Dual estimation strategies have 
been applied by Kim et al. [8] as a means to decrease com
putational complexity. The use of multiple time-scales in dual 
filter strategies for capacity estimation has been demonstrated 
by Hu et al. [9] to compensate for fast and slowly varying 
model parameters. Online battery state estimation approaches 
using equivalent circuit modeling with algorithms based on 
recursive least squares (RLS) have also been applied [10], [11]. 
Recently a so-called geometric approach has been proposed by 
Lu et al. for capacity estimation [12]. 

Most of the relevant literature are mostly performed in 
one test condition such as one specific driving cycle or 
temperature where satisfactory results are generally reported. 
Modeling/measurement errors and its resulting bias in estima
tion are generally not systematically investigated. 

In this paper a random drive cycle data generator is 
presented to emulate different driving behaviours over the 
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course of longer time intervals that are applicable to the time
scale required for capacity estimation to assess battery aging 
and state-of-health. The battery is modeled via an equivalent 
circuit model whose parameters are functions of state-of
charge (SOC), temperature, and charge/discharge condition. 
Parameters for the model are based on experimental character
ization test data of a lithium ion cell. An asymmetric model is 
also used in a linearized Kalman filter structure used to jointly 
estimate SOC, circuit parameters, and capacity. A sensitivity 
analysis of the proposed capacity estimation is tested by 
simulations in different cases including different temperatures, 
modeling errors of circuit parameters, nonlinearity of the open
circuit-voltage (OCV), current/voltage sensor errors, and errors 
from up/down-sampling the SOC-OCV curves look-up-table 
data. 

The rest of the paper is structured as follows. Section II 
describes the proposed random drive cycle data generation pro
cedure. Section III presents the Kalman filter based capacity 
estimation algorithm. Section IV discusses and presents the 
capacity estimation sensitivity study. Section V concludes the 
paper. 

II. RANDOM DRIVE CY CLE DATA GENERATION 

In this section, a random drive cycle data generation method 
is described. A Matlab-PLECS based equivalent circuit model 
of the battery is used to generate data for subsequent anal
ysis. The battery model is excited with either a controllable 
current source or a constant voltage source. Battery models 
based on one/two resistor-capacitor pair(s) in the equivalent 
circuit model structure have been employed where asymmetry 
is used such that the parameters can have different values 
depending whether the battery is charging or discharging. 
These parameters have been obtained from experimental pa
rameterization data of a lithium-ion cell at three different 
temperatures: -20°C, O°C and 25°C. The random drive cycle 
generator is used to generate longer term data sets, such as 
one week of user driving/parking, to be used to assess capacity 
estimation convergence and bias. The random drive cycle has 
three driving states corresponding to UDDS, US06, HWY 
standard drive cycles and three parking states corresponding 
to constant current plug-in charge (PIC-CC), followed by 
possibly constant voltage plugin-charge (PIC-CV) mode and 



a park rest mode when the BMS typically sleeps. A state 
flowchart of the random drive cycle generator is depicted in 
Fig. 1, example outputs of SOC and current over one week 
are shown in Fig. 2. 

The main logic rules for state transitions in the random 
drive cycle generator are described as follows. Upon transition 
to a driving mode, the type of driving profile is chosen 
randomly with equal probability. The chosen driving profile is 
repeated if the duration of driving is longer than the selected 
profile. The selected driving behaviour lasts until one of the 
two following conditions is reached: I) a maximum of three 
hours has elapsed or 2) until a randomly chosen lower SOC 
threshold is reached; this threshold is between the starting 
SOCnow and 2.5%. If one of these two conditions occurs, 
parking mode is initiated where either plug-in-charge mode or 
parking rest mode occurs. Each has an equally probability of 
occurring if the SOC is greater than 10%; otherwise plug
in charge mode is forced to occur. During plug-in charge 
mode the battery is charged in constant current mode of 25 
A until the voltage reaches the maximum voltage cell voltage 
Vmax. Then constant voltage charging mode is performed up 
to a SOC of 97.5%, this mimics an end-of-charge condition 
corresponding to a small current threshold to signify end of 
plugin charging. Parking mode lasts for a random time interval 
up to a maximum of six hours. 

III. KALMAN FILTER BASED CA PACITY E STIMATION 

The Kalman Filter algorithm [13] summarized in Table I is 
employed for joint state-parameter estimation. It assumes the 
following discrete-time state-space dynamics 

Yk 
Ak-IXk-I + Bk-I Uk-I + Wk-I 
CkXk + DkUk + Vk 

(I) 
(2) 

where Xk E Rn is a state vector which is estimated at time k, 
Uk E Rn is a known input vector, Yk E Rm a measurement 
vector, Wk E Rn and Vk E Rm represent the process noise 
and measurement noise, respectively. 

An equivalent circuit model employing one resistor capac
itor pair is used to build the structure of the Kalman Filter. 
The continuous time dynamics are 

V -_�+..L a - RoCo Co 
V = Voc - Va - I Ro 

(3) 

(4) 

where va 
is voltage across the resistor capacitor pair, VOC 

is open circuit voltage that is a function of SOC, Ro is 
ohmic resistance, Ra is dynamic resistance, Ca capacitance, 
V terminal voltage, and I terminal current. 

A model structure is used to estimate so called delta
parameters for capacity and asymmetric resistances such that 

-c - d -d -d R� = Ro + R�, Ro = Ro + Ro (5) 
-c - d -d -d �=�+�,�=�+� � 

TABLE I: Kalman Filter Algorithm 

A priori covariance update 
Pk1k-1 = Ak-lPk-llk lA[ 1 + Qk 1 

A priori estimate prediction 

xklk-l = Ak-1Xk-llk-lA[ 1 +Bk-lUk-l 
KaIman gain matrix calculation 

Kk = Pklk_lCT(CkPklk 1 CT + Rk)-l 
A posteriori covariance update 

Pk1k = (I - KkCk)Pklk 1 
A posteriori estimate correction 

xklk = xklk-l + KdYk - CkXklk 1 - DkUk) 

where quantIties with the overhead bar are nominal values 
obtained from look-up-tables. Quantities with the overhead 
tilde are estimated. Superscripts c and d indicate charge and 
discharge respectively. It is noted an delta inverse-capacity 
quantities is estimated. Moreover, the time-constant is assumed 
to behave symmetrically and is assumed to be known to 
sufficient accuracy. These latter two assumptions enable a KF 
structure instead of an EKF structure. Compared with the 
actual resistances, the delta resistance parameters can be a 
more reliable estimate of impedance growth since their values 
should vary less due to their reduced dependence on operating 
conditions, e.g. SOC and temperature. 

A Kalman filter model structure is used to estimate the 
following state/parameter vector 

Xk = [ Va Voc fig R� fi� R� .icAP] T (9) 

The measurement and input vectors to the Kalman filter are 

(10) 

(11) 

where I; =rnin(O, h) and I: =rnax(O, h) correspond 
to charging and discharging respectively; h is battery current. 
The state-space matrices Ak, Bk, Ck, Dk used for the Kalman 
Filter are as follows [e 00 0 ('-8l'� (l-e)It o 1 Ak= 

o 1 0 0 0 
o 0 1 0 0 
o 00 1 0 
o 000 1 
o 000 0 
o 000 0 

0 
0 
0 
0 
1 

0 

Bk = d\!;" . � 
[ 11:(1 - 8: 

dSOC CAP 
OSxI 

Ck = [ -1 1 -I; 

Dk= [ -R� 

dVoc - + 

-=T"+") 
-d Ra(1 - 8) 
dVoc • � dSOC CAP 

OSxI 

-1+ k 0 0 

-d -Ro 

1 
° 1 

(12) 

(13) 

(14) 

(15) 

CAP = -----===--:0-1 
__ _ 

(iCAP+ 1 ) CAP 
T = R�C� = R�C� 

(7) where 8 = e- �t is inputted to the KF, R�, R�, R� and R� 
are nominal resistance values that can be stored in look-up 

(8) tables. The term CAP is a nominal capacity that is constant. 
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Fig. 2: Example week long output of random drive cycle generator a) current b) SOc. 

The SOC-OCY derivative dVac/ dSOC is assumed to come 

from a look-up-table whose values are calculated using 

dVac I Vac k - Vac k-I 
dSOC k = SOCk - SO'Ck_I 

(16) 

and the midpoint rule for the the corresponding SOC value in 
the table, i.e .. 

dVoc I SOCdSOC Ik = "2(SOCk + SOCk-I) (17) 

A flowchart of the Kalman Filter capacity estimation algo

rithm is depicted in Fig. 3. 

IV. CAPACITY ESTIMATION BIAS SENSITIVITY ANALYSIS 
The random drive cycle generator described in Section II 

above is used to generate voltage, cUITent, state and parameter 

profiles at three temperatures, -20 oe, ooe and 25 °e. Dif

ferent SOC-OCY relationships are used in the analysis, these 

include four artificial curves (1 linear, 3 nonlinear) and a SOC

OCY curve based on experimental cell testing pelformed at 25 
degrees Celsius. The nonlinear artificial curves are generated 
using the equation [1 4] 

a2 al - SOCk 
+ a3S0Ck + a4ln(SOCk) 

-a5ln ( 1 - SOCk) (1 8) 

where the parameters shown in Table II were employed. The 

different SOC-OCY curves tested are depicted in Fig. 5. 
Zero mean random Gaussian noise is added to the voltage 

measurement in all cases with 2 mY standard deviation unless 
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Fig. 3: Flowchart of joint Kalman Filter based state-parameter-capacity estimation. 

TABLE II: Artificial nonlinear SOC-OCV curve parameters. 

Non-linear 
SOC-OCY curve al a2 a3 a4 a5 

No.1 3.5 0 0 0.1 0.1 
No.2 3.15 0 0 0.05 0.0.075 
No.3 3.15 0 0.7 0.05 0.05 

otherwise stated. Zero mean random Gaussian noise also 
modeled current sensor noise with standard deviations of either 
0, 1, or 5 A. The initial capacity estimate is set to ± 10% of the 
true value and each test case is repeated with + 1 0% and -10% 
initial capacity estimates. In all cases it was found that the 
estimated capacity converged to the same value irrespective 
of whether the initial estimate is under or over 10%. 

Additional test cases using ± 1 0% errors in nominal resis
tance, resistor-capacitor time-constant, and derivative of SOC
OCV curve gain error were also added to assess model uncer
tainty effects in the Kalman Filter estimation performance. A 
test case involving model-order mismatch was also performed, 
this involved generating data using a 2RC equivalent circuit 
model with linear SOC-OCV curve and estimating using the 
lRC based KF described in the paper. . 

A systematic binary test for estimation bias presence was 
made by reporting whether the final capacity estimate and its 
± 3-sigma error bounds contained the true capacity value. 
These sigma values are obtained by taking the square-root of 
the relevant diagonal parameter in the estimated covariance 
matrix [13]. Fig. 4 illustrates example 3-sigma bounds, each 
test case reports whether the final capacity estimate value was 
within the bounds or not. The bounds were calculated using 

1 
CAPzower = ----==---::0-------

(icAP + c�p + 30") 
1 CAPupper = 

----:�=----::o------(iCAP + c�p - 30") 

where, 0" = �. 

(19) 

(20) 

Convergence time is also reported by finding the time when 
the estimated capacity converged to within 1 % of its final 
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Fig. 4: Example estimation profiles with 3-sigma bounds a) 7 
days b) first 24h hours showing convergence time within 1 % 
final value. 

value. The ±1 % values are the two blue straight lines shown in 
Fig. 4. The methodology for the KF based capacity estimation 
study is shown in Fig. 6. The results over all the different test 
cases are summarized in Table III. 

The benchmarking results in Table III indicate convergence 
time is typically within 6 hours (0.25 days), except when 
model order mismatch occurs. Errors of capacity estimation 
in different conditions are mostly below 2.5%. The only 
exception is when 10% gain errors in the derivative of SOC
OCV were introduced, this resulted in estimate errors of 10%. 

In practice the SOC-OCV curve and its derivative are 
subject to systematic errors that arise during its parameteri
zation from experimental data. One of these effects is from 
discretization errors that arise from how many points are used 
to construct the SOC-OCV and its derivative look-up-tables. 
The other is voltage measurement error of the OCV point. 
These two practical aspects are further explored below. 

A. Discretization Effects: down/up-sampling SOC-OCV curve 

The measurement procedure for characterizing the SOC
OCV relationship is time consuming and a limited number 
of points are used in practice to construct the look-up table. 
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Fig. 6: Benchmarking methodology of capacity estimation using KF. 

The sensitivity of this discretization is investigated here. The 
realistic SOC-OCV comprised of 101 points was used for data 
generation. Down-sampled versions of these, e.g. 51 points, 26 
points, 21 points, and 11 points, were used in the estimation 
filter. They are shown in Fig. 7; their derivatives are also 
depicted. With fewer points the error in the derivative increases 
as shown in Fig 7. 

The effect of downsampling on KF capacity estimation error 
is shown in Fig. 8. It is observed errors increase significantly 
with reduced size of the SOC-OCV look-up-table. These 
errors indicate one source of practical error in the SOC-OCV 
derivative is a result of discretization and down-sampling. 

Two up-sampling methods, linear and cubic interpolation, 
are tested to assess their ability to mitigate the discretization 
errors from downsampling. The matlab commands pchip and 
interpl were used to up-sample from a reduced number of 
data points back up to 101 data points. 

The estimation errors of these two interpolation based up
sampling methods are illustrated in Fig. 9. It can be seen that 
errors reduce, especially for cubic interpolation. The reason for 
this can be attributed to increased accuracy in the SOC-OCV 
derivative. This is shown in Fig 10 for the case of SOC-OCV 
data coming from 11 points. Compared with Fig 7j) the up-

sampled derivatives are more accurate. The cubic interpolation 
method has a smoothing effect on the curve and results in a 
smoother derivative. 

B. Effect of uncertainty in SOC-OCV data points 
In practice measurement error in the OCV measurement is 

unavoidable even during careful characterization of the SOC
OCV curve due to voltage measurement error. The impact on 
capacity estimation by introducing voltage measurement errors 
on the OCV data points are assessed here. A 34 point SOC
OCV look-up-table curve is used here where Guassian voltage 
noise was added to each point of standard deviations ranging 
from 1 to 3 m V on the OCV data points in the SOC-OCV look
up-table. Results are depicted in Fig. 11. The results indicate 
the error increases sub-linearly, e.g. a three-fold increase in 
OCV voltage point error results in capacity estimate error 
increase of less than three-fold. 

V. CONCLUDING REMARKS 

By using the proposed random drive cycle generator, data 
generated based on more realistic longer term driving/parking 
conditions has been used to assess capacity estimation sensi
tivity to different sources of modeling and measurement noise 



TABLE III: Sensitivity Analysis 

Estimate Error % Within 3 Sigma Bounds Convergence Time( days) 
Condition -20C OC 25C -20C OC 25C -20C OC 25C 

Ideal 0.14 0.005 0.01 Yes Yes Yes 0.25 0.25 0.1 
+10% dVoc/dSOC 10 10 10 No No No 0.25 0.25 0.1 
-10% dVoc/dSOC -10 -10 -10 No No No 0.25 0.25 0.1 
+ 1 0% Resistance 0.25 0.1 0.025 No No Yes 0.1 0.1 0.1 
-10% Resistance -0.5 -0.1 -0.005 No No Yes 0.1 0.1 0.1 

+1O%time constant 0.13 0.06 0.04 No Yes Yes 0.25 0.25 0.1 
-10%time constant -0.13 -0.06 -0.04 No Yes Yes 0.25 0.25 0.1 

1 A Current Sensor Noise 0.06 0.05 0.05 Yes Yes Yes 0.25 0.25 0.1 
SA Current Sensor Noise 0.12 0.25 0.25 No No No 0.25 0.25 0.1 

10mv Voltage Sensor Noise -0.18 -0.1 0.18 No Yes No 0.25 0.25 0.1 
20mv Voltage Sensor Noise -0.25 -0.2 -0.38 No No No 0.25 0.25 0.1 

Nonlinear SOC-OCV#l 0.25 0.5 0.5 No No No 0.5 0.25 0.1 
Nonlinear SOC-OCV#2 -0.125 -0.38 0.5 No No No 1 0.25 0.1 
Nonlinear SOC-OCV#3 0.5 0.3 0.3 No No No 1 0.25 0.1 

Real SOC-OCV 1 0.35 -0.115 No No Yes 0.29 0.24 0.027 
2RC Linear SOC-OCV -2.5 -0.7 -0.33 No No No 2.3 0.3 0.024 
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errors. An asymmetric parameter equivalent circuit model and 
Kalman filter have been used in the simulation study. Accord
ing to the sensitivity analysis, capacity estimation shows rela
tively fast time convergence when compared to actual capacity 

fade of batteries. Errors in the derivative of the SOC-OCV 
curve have the greatest impact on capacity estimation accuracy. 
By analyzing the results of down-sampling, up-sampling, 
and smoothing of the SOC-OCV curve look-up-table, it is 
demonstrated that cubic interpolation has the potential to 
improve capacity estimation. Future work will consider HEV 
and PHEV random drive cycle profiles, usage statistics based 
on real-world collected data on driving/charging behaviours, 
alternative capacity estimation filter structures, and robustness 
test cases based on realistic initialization and sensor error 
conditions. 
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