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Abstract: To achieve accurate state-of-charge (SoC) estimation for LiFePO4 (lithium iron phosphate)
batteries under harsh conditions, this paper resorts to the Peukert’s law to accommodate different
temperatures and load excitations. By analyzing battery heat generation and dissipation, a thermal
evolution model (TEM) is elaborated and exploited for on-line parameter identification of the
equivalent circuit model (ECM). Then, a SoC estimation framework is proposed based on the
Adaptive Extended Kalman Filter (AEKF) algorithm. Experimental results on a LiFePO4 pack
subject to the Federal Urban Driving Schedule (FUDS) profile under different temperatures and
initial states suggest that the proposed SoC estimator provides good robustness and accuracy against
changing temperature and highly dynamic loads.

Keywords: state-of-charge; thermal evolution model; Peukert equation; adaptive extended
Kalman filter

1. Introduction

Since lithium-ion batteries are extensively utilized in electric vehicles (EVs) [1], battery
state-of-charge (SoC) is indispensable as the indicator of residual mileage. Importantly, accurate
SoC can prevent these batteries from over-charge and over-discharge, which may lead to irreversible
damage to battery internal structures [2].

Generally, the SoC can be inferred by the real-time open-circuit voltage (OCV) from off-line
calibrated OCV–SoC correlations. However, the flatness of the OCV plateau and the hysteresis gap,
especially pronounced for LiFePO4 batteries (LFPBs) [3], makes OCV-based methods unsuitable
for the pursuit of SoC [4]. Though battery internal resistance manifests some relevance with the
SoC, their irregular relationship is unreliable for SoC estimation [5]. Suffering from the incapability
of initial SoC determination and increasingly accumulated error, the coulomb counting method
cannot give accurate results without auxiliary correction techniques [5]. Based on machine learning
techniques, such as artificial neural networks [6], fuzzy logic [7], and support vector machines [8],
battery nonlinear characteristics can be reconstructed. However, these methods are heavily reliant
on abundant high-quality training data and the performance is sensitive to external disturbances.
Accounting for a large proportion of documented methods, equivalent battery models (ECMs) with
explicit physical meanings have been validated for SoC estimation [9]. ECMs emulate the battery
through an assembly of electrical components [10]. The relationships between battery internal states
and external quantities can be conveniently translated to mathematical expressions and combined
with algorithms, such as Kalman filters [11–14].
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In EV applications, the battery usually experiences wide ranges of temperature and is driven
by dynamic load currents. Since temperature and discharge rate characterize remarkable impacts on
battery available capacity, they are non-negligible considerations for accurate SoC estimation.

To capture the rate-dependence of capacity, the Peukert’s law is introduced to formulate the
discharge capacity as a function of current density

Cp = Ipct (1)

where Cp is the Peukert capacity (constant for a given battery and temperature), I is the constant
discharge current, t is the available discharge time, and pc is the Peukert coefficient [15–17].
Through only two discharge tests, the coefficients of Cp and pc can be identified. Note that, since Cp

and pc exhibit significant differences at different temperatures, the correlations of Cp–T (temperature)
and pc–T need to be calibrated by a series of tests before being employed for practical applications.

From Equation (1), the actual capacity at a specified rate can be transformed as:

Cn = Cp·I1−pc, (2)

where Cn = It. Accordingly, the SoC variation can be governed by

SoCk+1 = SoCk −
ηiL∆t

Cn
, (3)

where ∆t is the sampling interval, k is the step index, iL is the instantaneous current during ∆t (>0 for
discharge and <0 for charge), and Cn is the real-time capacity from Equation (2). Through the above
transformation, both the factors of temperature and current rate have been taken into account.

This paper is arranged as follows. Section 2 introduces the testing equipment, investigated
battery, and characteristic tests. In Section 3, we present the employed ECM, fit the OCV–SoC–T
correlation, and elucidate the formulation of the thermal evolution model (TEM). Section 4 designs
an online ECM parameterization approach using the simulated battery terminal voltage and battery
temperature. Subsequently, the Adaptive Extended Kalman Filter (AEKF)-based SoC estimation
scheme is constructed. In contrast to the coulomb counting method, experimental verifications of
the proposed estimator under complex conditions are demonstrated in Section 5. Finally, Section 6
summarizes this paper.

2. Equipment and Tests

As Figure 1 shows, the test bench consists of a battery cycler BT-ML (Arbin, College Station, TA,
USA, 40V/20A, 0.02% FS), a thermal chamber, a multimeter 8846A (Fluke, Everett, Washington,
DC, USA, 6.5-digit resolution), and an estimation algorithm run on a personal computer (PC).
The ECM-based estimation algorithm can be easily realized in the Matlab environment using the
Simulink function blocks. The accompanying software MITS Pro 4.0 and FLUKE View v4.5.2 are also
installed on the PC. Table 1 lists the specifications of the investigated cell. Ten cells are connected in
series as a pack, which is studied as a whole and referred to as the ‘battery’ below.

A temperature-sensing device was elaborated using 20 series-connected Nickel-film resistors
(Ni-1000SOTs, Measurement Specialties, Schaffhausen, Switzerland), which have a sensitive
Temperature Coefficient of Resistance (nominal 6178 ppm/K). The plastic coats of the cells were
stripped, and every cell has two Ni-1000SOTs adhered on the surface. The total resistance was
measured by the multimeter and decoded as temperature with a resolution of 0.01 ◦C.
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Figure 1. Experimental setup.

Table 1. Specifications of the investigated 26650 LiFePO4 cell.

Parameters Value

Chemistry LiFePO4/graphite
Rated capacity (CN) 3.3 Ah@1C 27 ◦C

Nominal voltage 3.2 V
Upper cut-off voltage 3.65 V
Lower cut-off voltage 2.0 V

Operation temperature −10–55 ◦C

Prior to every test, the battery was soaked in the thermal chamber at the specified temperature for
2 h to reach the stable thermal state. During the tests, battery temperature was held within the range
of ±2 ◦C deviated from the specified one, and once the deviation exceeded 2 ◦C, the procedure was
suspended for 20 min before proceeding with further testing. The test procedure was terminated when
prescribed operational limitations were exceeded; for example, the voltage and temperature limits
listed in Table 1. The sampling interval is ∆t = 1 s. Aging is outside the scope of this paper, and all
tests were conducted at a specific aging level.

2.1. OCV–SoC Correlation Test

A sequence of consecutive (dis)charge pulses were performed to draw the respective OCV–SoC
curves in monotonic charge and discharge processes [18]. To explore the dependence of OCV–SoC on
temperature, the calibration tests were carried out at six temperatures of 0, 10, 20, 30, 40, and 50 ◦C,
respectively. As a result, six pairs of OCV–SoC curves were attained. Then, the actual OCV–SoC
correlation is approximated as the average between the charge curve and discharge curve [13] as
Equation (4) defines.

Uoc(z, T) =
(

Uch
oc (z, T) + Udc

oc (z, T)
)

/2, (4)

where z is shorthand for SoC, T is the battery temperature, and Uch
oc (SoC, T) and Udc

oc (SoC, T) are the
OCV–SoC curves in charge and discharge processes, respectively. The resultant correlations can be
found in Figure 2.
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Figure 2. The average open-circuit voltage–state of charge (OCV–SoC) correlations acquired at
different temperatures.

2.2. Peukert Coefficient Identification Test

After being fully charged then soaked in the thermal chamber at 0 ◦C for 2 h, the battery is
discharged at a 1C rate and a C/3 rate until it is exhausted. Then, the Cp and pc can be solved from{

Cp = IC
pctC

Cp = IC/3
pctC/3

, (5)

where tC and tC/3 are the corresponding discharge times at the 1C and C/3 rates, respectively.
Repeating the above operation at the other five temperatures of 10, 20, 30, 40, and 50 ◦C, we acquire
six pairs of

(
Cp, pc

)
. Then, the correlations of Cp–T and pc–T can be approximated by polynomials as{

Cp(T) = ∑2
i=0 αi·Ti

pc(T) = ∑2
i=0 βi·Ti , (6)

where α0, α1, and α2 are fitted as 2.482, 0.0373, and −1.65 × 10−4, and β0, β1, and β2 are fitted as 1.027,
−0.001122, and 1.586 × 10−5, respectively, for the investigated battery as outlined in Figure 3.
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2.3. Method Validation Test

The Federal Urban Driving Schedule (FUDS) includes various current rates, durations,
and alternations, and therefore is generally used to emulate the dynamic demands of Hybrid EVs.
In this work, a starting segment of a 360 s, 0.5 A discharge pulse is expanded on the FUDS, as Figure 4
shows, to traverse a wide SoC range faster. Multiple cycles of scaled FUDS were performed to evaluate
the adaptability and effectiveness of the proposed SoC estimation method.
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3. Battery Modeling

3.1. ECM

As Figure 5 depicts, a second-order ECM is utilized in this work to capture battery electrical
characteristics. The ECM comprises the voltage source (Uoc), the hysteresis potential (Uh),
the internal resistor (RΩ), the activation polarization RC (resistor-capacitor) pair (Rpc//Cpc), and the
concentration polarization RC pair (Rpd//Cpd) [19]. Then, the electrical relationships can be written as
Equation (7) [11,13]:

Upc,k+1 = EpcUpc,k +
(
1−Epc

)
iL,kRpc

Upd,k+1 = EpdUpd,k +
(

1−Epd

)
iL,kRpd

Ut,k+1 = Uoc,k+1 + Uh,k+1 −Upc,k+1 −Upd,k+1 − iL,k+1RΩ,

(7)

where Epc = exp
(
−∆t/

(
RpcCpc

))
, Epd = exp

(
−∆t/

(
RpdCpd

))
, and the Uh is governed by the

one-state hysteresis model [14] as

Uh,k+1 = EhUh,k − sign(iL,k)(1−Eh)Hk, (8)

where Eh = exp
(
−
∣∣iL,k∆t/κh

∣∣), κh is a decaying factor, and Hk is half of the hysteresis between
charging and discharging. In this work, κh andHk are identified as 822.4 and 0.167, respectively, for the
investigated battery referring to the method specified in [4].
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3.2. OCV–SoC–T Correlation

From the OCV–SoC correlations acquired at different temperatures in Figure 2, we find that these
curves have similar shapes except for upward shifts of the voltage plateau when the temperature
increases from 0 ◦C. Then, adapted from the Uoc(z) form in [13], the OCV can be fitted as a function of
SoC and temperature as

Uoc(z, T) = K0 + K1z + K2/z + K3 ln z + K4 ln(1− z) + K5 exp(z) + K6T + K7T2, (9)

where K6 and K7 are used to model the temperature effect, and the coefficients Kξ(ξ = 0, . . . , 7) are
listed in Table 2.

Table 2. The fitted coefficients of Equation (9).

K0 K1 K2 K3 K4 K5 K6 K7

29.10 −23.97 0.347 4.448 1.166 11.55 4.656 × 10−3 −4.392 × 10−5

3.3. Thermal Effect Modeling

During the test, a portion of the generated heat dissipates to the environment convectively and
the remaining portion is absorbed by the battery itself, based on which a thermal evolution equation
can be formulated. Assuming that the temperature gradient across the battery is uniform, the thermal
balance [20] can be expressed as

mcp
dTs

dt︸ ︷︷ ︸
Battery heat variation

= iL
2RΩ +

Upc
2

Rpc
+

Upd
2

Rpd︸ ︷︷ ︸
Heat generation

− hc A(Ts − Ta)︸ ︷︷ ︸
Heat dissipation

, (10)

where Ts is the battery surface temperature, Ta is the ambient temperature, and the other involved
symbols are listed in Table 3. Since Cpc//Rpc governs short-time behavior and Upc characterizes a
rapid convergence to the steady state of iLRpc after power bursts, an approximation of Upc ≈ iLRpc

can be used. Then, Equation (10) can be rewritten as

mcp
dTs

dt
= iL

2RΩpc +

(
Uoc − Ut − iLRΩpc

)2

Rpd
− hc A(Ts − Ta), (11)
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where RΩpc = RΩ + Rpc. For brevity, Equation (11) is expressed as

κ1
.

Ts = iL
2RΩpc +

(
Uoc − Ut − iLRΩpc

)2

Rpd
− κ2Ts + κ2Ta, (12)

where κ1 = mcp, κ2 = hc A. After a further transformation on Equation (12), we obtain

.
Ts = −

κ2

κ1
Ts +

κ2

κ1

(
iL

2RΩpc

κ2
+

(
Uoc − Ut − iL(t)RΩpc

)2

Rpdκ2
+ Ta

)
. (13)

Table 3. The meanings and values of the symbols in Equation (10).

Symbol Meaning Value

cp Heat capacity 1015 J·Kg−1·K−1

hc Convective heat transfer coefficient 6.32 W·m−2·K−1

A Effective surface area (10 cells) 5.61 × 10−2 m2

m Mass (10 cells) 0.89 Kg

A is measured avoiding the area covered by the Ni1000SOTs.

Then, a more concise expression of Equation (13) is

.
Ts = −

κ2

κ1
Ts +

κ2

κ1
M, (14)

where M = iL
2RΩpc/κ2 + (Uoc − σE)

2/
(

Rpdκ2

)
+ Ta and σE = Ut + iLRΩpc.

Converting the first-order differential Equation (14) to a discrete-time form, the battery
temperature evolves as

Ts,k+1 = ETTs,k + (1−ET)M, (15)

where ET = exp(−κ2∆t/κ1).

4. Parameter Identification and SoC Estimation

Time-invariant ECMs cannot reproduce battery behaviors with high fidelity due to the
uncertainties from various loads, temperatures, and SoCs. This section first illustrates an on-line
approach to updating the ECM parameters. Then, based on the regulated ECM, the AEKF algorithm is
implemented for SoC estimation.

4.1. On-Line Parameter Identification

Many on-line approaches have been reported to identify ECM parameters [21–24]. However,
these approaches either require considerable computational overhead or incur significant cross
interference between the states and parameters [21]. This section designs a lightweight parameter
identifier which can effectively address these deficiencies. Compared with Cpd and Cpc, which are
mainly dependent on battery state-of-health [25,26], RΩ, Rpc, and Rpd have closer relevance to
the excitation, SoC, and temperature. Here, the parameters to be identified are determined as

θLMS =
[

RΩ Rpc Rpd

]T
with Cpd and Cpc held fixed. Referring to [27], a Least-Mean-Square

(LMS) filter is employed to track θLMS with the objective function of

min
θLMS

[
eU

k

(
eU

k

)T
]

, (16)
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where eU
k = Ut,k − Ut,k(θLMS,k), Ut,k and Ut,k are the measured and simulated terminal voltage,

respectively. The impedance gain vector γ =
[

γΩ γpc γpd

]T
is used to update θLMS by


RΩ,k+1 = γΩ,kRΩ,k
Rpc,k+1 = γpc,kRpc,k
Rpd,k+1 = γpd,kRpd,k

. (17)

In an attempt to reduce eU , γ is real-time regulated by
γΩ,k+1 = γΩ,k + µU

ΩiL,keU
k

γpc,k+1 = γpc,k + µU
pciL,keU

k
γpd,k+1 = γpd,k + µU

pdiL,keU
k

, (18)

where µU
Ω, µU

pc, and µU
pd are small step gains to guarantee the robustness of the filter. Then, a pseudo

state-space expression can be extracted from Equations (17) and (18) as{
γk+1 = Aγγk + Bγuγ,k
θLMS,k+1 = CγθLMS,k

, (19)

where Aγ = I(3), Bγ =
[

µU
Ω µU

pc µU
pd

]T
, Cγ = diag(γ), and uγ =

[
iLeU].

Integrating the established TEM, another correction term can be added to reform Equation (18) as
γΩ,k+1 = γΩ,k + µU

ΩiL,keU
k + µH

ΩeH
k

γpc,k+1 = γpc,k + µU
pciL,keU

k + µH
pceH

k
γpd,k+1 = γpd,k + µU

pdiL,keU
k + µH

pdeH
k

, (20)

where eH
k = Ts,k − Ts,k(θLMS,k), Ts,k, and Ts,k are the measured and predicted battery

surface temperature, respectively. Accordingly, Bγ =
[

µU
Ω µU

pc µU
pd ; µH

Ω µH
pc µH

pd

]T
,

uγ =
[

iLeU eH
]T

, and the new objective function is

min
θLMS

[
eU

k

(
eU

k

)T
+ eH

k

(
eH

k

)T
]

. (21)

Compared with tracking the absolute values [28,29], this approach updates the parameters using
relative changes, whereby drastic oscillations can be avoided.

4.2. SoC Estimation Based on AEKF

Extended Kalman Filter (EKF) is the most frequently utilized algorithm to deal with battery
nonlinear characteristics. However, EKF holds the initially guessed system and measurement
noise covariances unchanged, which may lead to large errors and even divergence. In [30], Mehra
introduces four adaptive EKFs, among which the covariance-matching variation is utilized in this
work. Combining Equations (3), (6) and (7), we can obtain the state-space expression as{

Xk+1 = AkXk + Bkuk + ωk
Yk = h(Xk, uk) + νk

, (22)
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where 

Xk =
[

zk Upc,k Upd,k Uh,k

]T

uk =
[

iL,k sign(iL,k)Hk

]T
, Yk = Ut,k

Ak = diag




1
Epc

Epd
Eh


T
, Bk =


−η∆t/Cn 0

Rpc
(
1−Epc

)
0

Rpd
(
1−Epc

)
0

0 −(1−Eh)


,

and ωk and υk are independent zero-mean Gaussian noises of the covariance matrices Qk and Rk,
respectively. Then, the AEKF, as detailed in Figure 6, can be operated to estimate Xk.
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estimation scheme, where Λ is the width of the moving average window, K is the Kalman gain, and P
is the error covariance matrix. ECM = equivalent battery model; LMS = Least-Mean-Square.

Figure 6 outlines the entire estimation framework. The ECM parameters (θLMS) are tuned on-line
with voltage and temperature prediction errors referring to Section 4.1. Enhanced by the Peukert
equation and the Uoc(z, T) correlation, an AEKF-based SoC estimator is built up to accommodate
different temperatures, discharge rates, and other model uncertainties.

5. Results and Discussion

To verify the constructed SoC estimation scheme, experiments with erroneous initial states under
different temperatures were arranged. The FUDS profile scaled by 6 was applied to the battery.
The reference SoC was obtained by post-processing the recorded current from the end moment
backwards to the start moment.

5.1. TEM Impact on On-Line Parameter Update

The LMS-based on-line update of ECM parameters described in Section 4.1 takes advantage of
both the electrical behavior and the thermal behavior of the battery. Nevertheless, the identifier can
still work with just one of these two behaviors, i.e., either the voltage prediction error (eU) or the
temperature prediction error (eH) is available.
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In this section, the parameterization results at 35 ◦C subject to consecutive FUDS cycles are
outlined to analyze the parameter identifier. The impact of eH is examined by decomposing the
identifier, i.e., switching off and switching on the eH signal. In Figure 7, we can see that the parameter
trajectories extracted from eU deliver obvious oscillations because the battery terminal voltage involves
more transient dynamics which are not completely modeled. Then, through the inclusion of eH ,
the change trajectories of the resistors are apparently affected such that the oscillations are suppressed
and the overall evolution trends are changed as well. This phenomenon proves that the introduction
of thermal behavior imposes a considerable impact on the performance of the parameter identifier.
Since most of the electrochemical reactions inside batteries are sluggish ion migrations, a gradual
variation of the parameters is more reasonable. Therefore, the experimental results on parameter
identification justify the effectiveness of the TEM.
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5.2. SoC Estimation Under Constant Temperatures

To perform a primary verification on the SoC estimator, an experiment was first carried out under
35 ◦C with a correct initial SoC. As Figure 8 presents, the estimated SoC characterizes a close track
along with the reference until t = 2200 s, after which a gradient climb occurs and the oscillations become
obviously drastic. This is mainly ascribed to that the construction of Uoc(z, T) inevitably involves
some distortions during the plateau range, and when it comes to the flat stage, a slight derivation of
OCV will incur a significant SoC error. As the discharge proceeds, the maximum error is reached at
around t = 3000 s, and then the error progresses downhill. The overall trend of the error is shaped like
a roller coaster. Approaching the terminal phase, the error goes across the zero-axis and terminates
with a slight negative value. From a global view, the proposed estimator gives accurate results with a
maximum error smaller than 1% under highly dynamic excitations. This implies that the utilization of
Peukert equation can effectively tackle the rate-dependence of battery capacity.
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Figure 8. SoC estimation result with a correct initial value under 35 ◦C.

Then, to achieve a deeper insight into the correction mechanism of the estimator against erroneous
initials, another two experiments were launched with an error magnitude of 20% under constant
temperatures of 35 ◦C and 15 ◦C, respectively. As Figures 9 and 10 present, the estimator emphasizes a
rapid convergence (steep error rise/drop) and achieves a primarily stable track in 50–100 s, which is
ascribed to the progressive essence of AEKF. Although Figure 9 shows a positive error, it fluctuates
along with a horizontal baseline without an obvious increase. The overall trend of Figure 10 manifests
a wider error fluctuation from positive to negative. The statistical properties of the SoC errors indicate
that the proposed estimator can accommodate different temperatures and initial errors with high
reliability and robustness.
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5.3. SoC Estimation under Varying Temperatures

Finally, tests under a varying temperature from 15 to 40 ◦C were conducted. Both the estimators
(a) with Peukert adaption and (b) without Peukert adaption were operated. Note that estimator (b)uses
the rated capacity (CN) for the SoC calculation. As Figure 11 delineates, the errors of (a) and (b)
characterize immediate drops during the initial period promoted by the steep OCV–SoC appearance.
Thereafter, the errors progress downhill and touch the bottom (min error) at about t = 2300 s. After this,
(a) climbs back to the zero-axis gradually, whereas (b) is stuck around the level of −5.5% because (b)
has no coping mechanism against the capacity variation from the varying temperature. The constant
CN in (b) leads to a conservative SoC variation at low temperature and an overestimated SoC variation
at high temperature. Consequently, (b) exhibits a considerable deviation from (a).
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As for (a), there are two reasons contributing to the error evolution trend. First, as discussed
above, the medium range of the OCV–SoC curve is sensitive and the actual OCV–SoC correlation
under dynamic loads may suffer some bias compared with the curve acquired by static tests. Second,
the varying temperature may lead to distortions to the employed capacity in the SoC governing
equation (Equation (3)). Although the temperature effect has been modeled based on the Peukert
equation, there still exist some inevitable inaccuracies. Nevertheless, the SoC error is acceptable with a
maximum of 2.85% (absolute) under such a harsh condition.

In summary, the AEKF-based SoC estimator adapted by Peukert’s law can give consistent SoC
tracking performance with robustness, accuracy, and reliability against various uncertainties under
complex conditions.

6. Conclusions

To reproduce the behaviors of LiFePO4 batteries, this paper constructs a comprehensive battery
ECM factoring in the effects of hysteresis potential, current rate, and temperature. The acting load
current and capacity are adapted from an experimentally identified Peukert equation to consider
the rate-dependence and temperature-dependence of battery capacity. Besides this, by analyzing
the balance of heat generation and dissipation, we establish a battery TEM, which is exploited to
identify ECM parameters. To cope with the uncertainties from model inaccuracies and complex
conditions, a LMS-based on-line parameterization approach is designed, wherein both battery electrical
behavior and thermal behavior are involved. Thereby, ECM parameters can be accurately tracked,
and additionally, the parameter oscillations can be alleviated. Integrating the above achievements,
an AEKF-based SoC estimator is constructed. Experiments under different conditions suggest that
the proposed estimator can provide favorable SoC tracking performance. By covariance matching
and on-line tuned ECM parameters, the AEKF estimator delivers the merits of rapid convergence
and stable tracking under different conditions. The elaborate battery model not only contributes to
the accuracy of SoC estimation, but also promotes the improvement of estimator reliability against
harsh conditions.
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