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Modeling of LiFePO4 battery open circuit voltage hysteresis based on
recursive discrete Preisach model∗

Wei-Yi Sun(孙维毅)1, Hai-Tao Min(闵海涛)1, Dong-Ni Guo(郭冬妮)2, and Yuan-Bin Yu(于远彬)1,†

1State Key Laboratory of Automotive Simulation and Control, Jilin University, Changchun 130022, China
2China FAW Group Corporation R & D Center, Changchun 130011, China

(Received 18 June 2017; revised manuscript received 4 September 2017; published online 20 November 2017)

This paper focuses on the modeling of LiFePO4 battery open circuit voltage (OCV ) hysteresis. There exists obvious
hysteresis in LiFePO4 battery OCV , which makes it complicated to model the LiFePO4 battery. In this paper, the recursive
discrete Preisach model (RDPM) is applied to the modeling of LiFePO4 battery OCV hysteresis. The theory of RDPM
is illustrated in detail and the RDPM on LiFePO4 battery OCV hysteresis modeling is verified in experiment. The robust
of RDPM under different working conditions are also demonstrated in simulation and experiment. The simulation and
experimental results show that the proposed method can significantly improve the accuracy of LiFePO4 battery OCV
hysteresis modeling when the battery OCV characteristic changes, which conduces to the online state estimation of LiFePO4
battery.
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1. Introduction
In recent years, electric vehicles (EVs) have been more

and more popular due to the advantages of zero pollution
and high energy efficiency.[1–3] Li–ion batteries are consid-
ered to be the most promising energy storage system to meet
the specific energy and power demands of EVs, which has
high energy density, good cycle-life performance, and low
self-discharge rate.[4–10] LiFePO4 battery is one of the most
promising solutions for EV energy storage system with the
benefits of excellent thermal stability and low cost. As a cru-
cial characteristic relationship, the state of charge (SOC)–OCV
relationship plays an important role in EV battery manage sys-
tem (BMS). However, there exhibits a pronounced hysteresis
between the SOC–OCV relationship of LiFePO4 battery.[11]

The existence of hysteresis means that the SOC–OCV curve is
not a one-to-one mapping but the OCV value varies at the same
SOC point between charge and discharge. This special char-
acteristic makes it difficult to accurately model the SOC–OCV
relationship of LiFePO4 battery.

There have been extensive studies dealing with battery
hysteresis modeling.[12–25] The Preisach model (PM) is one
of the most popular methods for battery hysteresis model-
ing. The Preisach model was proposed by Preisach[21] in 1935
and has been used for hysteresis modeling in various kinds of
systems such as magnetics, piezoelectric actuators, batteries,
etc. In Ref. [22], the discrete Preisach model was used to de-
scribe the OCV hysteresis for NiMH battery. In Ref. [23], the
same approach was applied to the OCV hysteresis modeling of
LiFePO4 battery. In Refs. [22] and [23], the discrete Preisach

model worked effectively both for NiMH battery and LiFePO4
battery. In Ref. [24], the Everett function was adopted to dis-
cretize the Preisach model, and the first-order reversal branch
test was used to identify the density function, which simpli-
fies the measurement and reduces the computation resources.
In Ref. [25], an adaptive discrete Preisach model is used to
model the hysteresis of LiFePO4 battery.

It is noticeable that the battery parameters are subjected to
change due to different working and aging conditions, which
means that the SOC–OCV model works in a certain condition
may not work well in another condition. This phenomenon
makes it necessary to build a model that can be adapted to
the change of the hysteresis characteristic of LiFePO4 battery.
However, this problem has rarely been discussed in existing
researches. As a main contribution of this paper, an SOC–
OCV modeling method that can be adapted to the change of
battery OCV characteristic is proposed based on the recursive
discrete Preisach model. The rest of this paper is organized as
follows. In Section 2 the method of the paper is described in-
cluding a detailed introduction to the classical Preisach model
(CPM) and the proposed RDPM algorithm. In Section 3, the
experimental test bench is introduced and the Preisach density
function (PDF) of two different LiFePO4 cells are tested in
experiment. In Section 4 the effectiveness of RDPM is vali-
dated and the performances of RDPM under different working
conditions are validated. Finally, some conclusions are drawn
from the present study in Section 5.
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2. Method
2.1. Classical Preisach model

The classical Preisach model is defined as an infinite col-
lection of ideal relay operators as shown in Fig. 1. The states
of the relay operators are assumed to switch between “‘up”’
(+1) and “‘down”’ (−1) according to the input. The relation-
ship of the input value and the states of relay operators can be
described as

γαβ [u(t)] =

 1, u(t)> α,
remain unchangesd, α ≤ u(t)≤ β ,
−1, u(t)< β ,

(1)

where γαβ [·] is the relay operator, u(t) is the input at time t, α

is the switch-up value, and β is the switch-down value.
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Fig. 1. Ideal relay operator.

And the Preisach model is defined as

y(t) =
∫∫

α≥β

µ (α,β )γαβ [u(t)] dα dβ , (2)

where y(t) denotes the output at time t, and µ (α,β ) is the
density function of the relay operator at the position of (αβ ).

In practical cases, the threshold of α and β is limited by
the value of u(t), so the integration domain can be restricted
to a triangular domain, which is defined as the Preisach tri-
angle. As illustrated in Fig. 2, the horizontal axis represents
the switch-down value and the vertical axis is the switch-up
value. The values of umin and umax are the boundary of the
input value. Then the Preisach model can be rewritten as

y(t) =
∫∫

T
µ (α,β )γαβ [u(t)] dα dβ , (3)

The characteristic of the Preisach operator enables the
Preisach model to memorize the historical paths of the input.
The history of the input can be represented in the Preisach tri-
angle by a staircase line L(t), which is composed of horizontal
and vertical line(s). Each segment corresponds to a rising or
falling part of the input history. For the increasing input, the
memory curve is horizontal and moves up towards the local
maximum value along the vertical axis; for the decreasing in-
put, the memory curve becomes vertical and moves towards
the local minimum value along axis β . With the rising and

falling of the input values, new extrema are produced consis-
tently and old extrema are replaced by the new ones if the input
exceeds the old extrema.[26]
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Fig. 2. Preisach triangle.

As shown in Fig. 3, the memory curve L subdivides the
Preisach plane into two regions i.e., region P+ and region P−.
Region P+ contains the relay operators with the “‘up”’ state,
and region P− contains the relay operators with the “‘down”’
state. According to the definition of relay operator, it is easy
to know that the values of γαβ [u(t)] are −1 in the area P−,
and +1 in the area of P+, respectively so equation (3) can be
rewritten as

y(t) =
∫∫ +

P
µ (α,β ) dα dβ −

∫∫ −
P

µ (α,β ) dα dβ

= 2
∫∫ +

P
µ (α,β ) dα dβ −

∫∫
T

µ (α,β ) dα dβ . (4)

 α

β

P⇁

P↩

L

Fig. 3. Memory curve L subdividing the Preisach plane into regions P+

and P−.

2.2. Recursive discrete Preisach model

To calculate the output of the Preisach function, the
weight function µ (α,β ) must be identified. However, it is
hard to identify the value of the continuously distributed relay
operators. To solve this problem, usually a uniform discretiza-
tion step is involved to discretize the continuous Preisach op-
erator into a finite dimensional model.[22] As shown in Fig. 4,
both legs of the Preisach triangle ranging from umin and umax

are equally divided into N parts (say, N = 4), thus the Preisach
triangle is divided by uniform lattice cells and the weight func-
tion µ (α,β ) is approximated by a piecewise constant function
ω(α,β ). For the convenience of computation and without loss
of generality, the area of each square cell is set as unit one, i.e.
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dα = 1 and dβ = 1. Then the Preisach function of Eq. (4) can
be further written as

y(t) = 2 ∑
P+(t)

ω (α,β )− ε0, (5)

where ε0 =
∫∫

T µ (α,β ) dα dβ and ∑P+(t) represents the sum
of the values of all the cells in the area of P+ at time t.

α

Xmax

Xmax

Xmin

Xmin

β

Fig. 4. Discrete Preisach plain.

As mentioned in the Introduction, the characteristic of the
battery changes under different working and aging conditions.
To solve this problem, an online SOC–OCV modeling algo-
rithm should be adopted. Inspired by the work of Ruderman
M et al.,[27] a recursive discrete Preisach model is adopted in
this paper. The main difference between CPM and RDPM is
that in RDPM the Preisach density function is identified on-
line based on the output increment error As shown in Fig. 5,
assume u(t) and u(t+1) to be two consecutive inputs, the cor-
responding outputs are y(t) and y(t +1) respectively, then the
corresponding output increment will be calculated as

∆y = y(t +1)− y(t)

= 2 ∑
P+(t+1)

ω (α,β )−2 ∑
P+(t)

ω (α,β )

= 2∑
Ω

ω (α,β ) . (6)

P+
  

α

β

ΩP⇁

P↩

U↼t⇁↽

U↼t↽

Fig. 5. (color online) Input and output increases.

From Eq. (6) it can be seen that the increase of the out-
put only relates to the relay operators in polygon Ω , which is
composed of the relay operators that experience a state tran-
sition from the “up” to the “down” state between u(t) and
u(t +1). Assume that the estimated ω̂(αβ ) does not coincide
with the true ω (α,β ) value, then there will exist a deviation

between the real and modeled output increment, which can be
expressed as

e = ∆y−∆ŷ = 2∑
Ω

[ω (α,β )− ω̂ (α,β )] . (7)

It is evident that the error increase relates to the differ-
ence between ωΩ and ω̂Ω and is zero in the case ωΩ = ω̂Ω .
For each ωΩ ∈Ω the update is defined as

ω̂Ω (t +1) = ω̂Ω (t)+
e

AΩ

, (8)

where AΩ is the total area of the switching polygon. Then the
Preisach model can be updated according to Eq. (8). Compar-
ing with the update scheme in ADPM,[25] the key difference in
this work is that only the hysterons contributing directly to the
output deviation is updated, instead of updating every hysteron
in each step.

3. Experiment
3.1. Test bench construction

The experimental setup consists of (i) LiFePO4 test cells,
(ii) chroma 72001 battery test system, (iii) a host computer,
and (iv) a thermal chamber. Two LiFePO4 test cells are used
and the details are given in Table 1. The chroma 72001 battery
test system is used to charge and discharge the battery with a
maximum voltage of 5 V and a maximum current of 20 A at
an accuracy of 1-mV voltage and 10-mA current. The thermal
chamber is used to maintain the environment temperature of
the experiments. The experimental data such as current and
voltage are measured by the Chroma 72001 and recorded by
the host computer.

Table 1. Details of cells used.

Cell A Cell B

Manufacturer LS BAK
Cell name LR18650EC BDL26650
Negative electrode C C
Positive electrode LiFePO4 LiFePO4
Nominal capacity/Ah 1.7 3.0
Nominal voltage/V 3.2 3.2
Charge cutoff voltage/V 3.65 3.65
Discharge cutoff voltage/V 2.0 2.0

3.2. PDF identification

Pulse current tests (PCTs) are carried out to measure the
OCVs of the battery at different SOCs. As shown in Fig. 6,
during each current pulse, the battery is first charged or dis-
charged with 1C (C rate, defined as a charge or discharge rate
equal to the capacity of a battery divided by 1 h) constant cur-
rent for 6 min (10% interval of SOC) and then rested for 3 h.
The battery OCV is measured at the end of the rest period.

To identify the PDF of the battery, the charging first or-
der reversal (FOR) branches are tested and the method of Ev-
erett function is used. In a charging FOR test, the cell is first
charged to 100% SOC and then discharge to the full discharge
state. Then the cell is charged to 100% SOC again and dis-
charge to 10% SOC. The charge-discharge loop repeats until
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the discharge point reaches 90% SOC. The detailed proce-
dure of the charging FOR test is shown in Fig. 7. With the
tested data of the charging FOR test procedure, the PDF can
be identified with the Everett function method, which is very
easy to implement. The detail of this method can be found in
Ref. [21].
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Fig. 6. (color online) Example of pulse current test.
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Fig. 7. (color online) Diagram of the charging FOR branch test.

To verify the PDF identified with the charging FOR
branch test, another hysteresis input beyond the training data

of the FOR branch is designed, which is named loop H2. To
examine the performance of the tested PDF in the whole SOC
range, loop H2 is designed to be comprised of three minor
loops that spread at the high, medium and low location of the
whole SOC range. Figure 8 shows the diagram of loop H2.

minor

loop1

major

loop
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loop2
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loop9

charge: 0-10%-20%...100% SOC

discharge: 90%-80%-70% SOC

charge: 80%-90% SOC

discharge: 80%-70%...40% SOC

charge: 50%-60%-70% SOC

discharge: 60%-50%...20% SOC

charge: 30%-40% SOC

discharge: 30%-20%-...-0% SOC

Fig. 8. (color online) Diagram of loop H2.

3.3. OCVOCVOCV estimation experiment with RDPM

To model the SOC–OCV relationship of LiFePO4 battery
online with RDPM, the battery SOC is chosen as an input vari-
able and OCV is chosen as the output variable. A very im-
portant issue for RDPM is to determine the value of N (the
Preisach plane is divided by N×N parts). A larger value of N
leads to a more accurate modeling result but will increase the
duration time of experiment. In this paper, N is chosen to be
10 with considering the balance of model accuracy and exper-
iment duration time. The flow chart of the RDPM estimation
experiment is schematically illustrated in Fig. 9.
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Fig. 9. Flow chart of the RDPM estimation process.

127503-4



Chin. Phys. B Vol. 26, No. 12 (2017) 127503

4. Effectiveness and performance of RDPM

4.1. Verification of DPM

The PDFs identified in the experiments with the charging
FOR branches are shown in Figs. 10(a) and 10(b). It can be ob-

served from Fig. 10 that the values of the hysterons distributed
near the border of the Preisach triangle are apparently larger
than the ones in the central area. This is possibly caused by
the “flat” shape and small hysteresis value of the SOC–OCV
curve of LiFePO4 battery.

Fig. 10. (color online) Tested PDFs of cell A and cell B. (a) PDF of cell A; (b) PDF of cell B.

Model verification experiments are carried out for both
cell A and cell B to verify the performance of DPM under the
extended input beyond the training data. Loop H2 is used as
the verification hysteresis input and the OCV relative error is
used to judge the accuracy of the estimated PDF. The OCV
relative error is computed from

err = (ÔCV −OCV )/∆OCV, (9)

where ÔCV is the estimated OCV , OCV is the tested OCV ,
and ∆OCV is the difference between the maximum and min-
imum OCV value of each cell. Figure 11(a) and 11(b) com-
pares the estimated OCV curve and the measured OCV curve.
Figure 11(c) and 11(d) show the scatter diagrams of the OCV
estimation error. It can be seen that for both cells, the esti-
mated curve fits the measured curve well.
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Fig. 11. (color online) Experimental SOC–OCV curve versus SOC–OCV curve simulated with DPM. (a) SOC–OCV curve of cell A; (b) SOC–OCV curve of
cell B; (c) OCV estimation error scatter diagram of cell A; (d) OCV estimation error scatter diagram of cell B. The insert show the linear amplification.
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To test the robust of DPM when the PDF of the cell

changes, the PDF of cell A is used to estimate the OCV value

of cell B with loop H2 used as the input to simulate the change

of the cell hysteresis characteristic. The estimated OCV curve

and the measured OCV curve are shown in Fig. 12(a) and the

scatter diagram of the OCV estimation errors are shown in

Fig. 12(b). It can be seen that there is an obvious deviation of

the estimated curve from the measured curve. The root mean

square (RMS) value and peak value of the relative estimation

error are also listed in Table 2, and it can be observed that the
estimation precision decreases obviously as the PDF of the cell
changes.

Table 2. Comparisons between RMS and peak value of the OCV rela-
tive errors estimated with DPM and RDPM.

RMS value Peak value

DPM RDPM DPM RDPM

Cell A 1.8% 1.8% 6.6% 6.6%
Cell B 1.7% 1.7% 6.0% 6.0%
PDF changed 6.5% 1.8% 14.5% 6.6%
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Fig. 12. (color online) DPM modeling results when cell PDF changes. (a) Comparison result of SOC–OCV curve; (b) OCV estimation error scatter diagram.

4.2. Verification of RDPM

The online identification of the PDF is carried out by us-
ing the loop H3 as an input and the PDF of Cell A is used as
a reference PDF to calculate the reference OCV in the RDPM
process. The initial value of the estimated PDF is set to be
zero. The Preisach distributions taken for example at the re-
cursive steps of n = 50, 100, 150, and 1000 in the estimation

process are shown in Fig. 13. It can be seen that as the estima-
tion proceeds, the estimated PDF converges to the reference
PDF of cell A. The cumulative absolute error between the es-
timated PDF and the reference PDF is used to illustrate the
performance of RDPM and calculated from

E =
10

∑
α=1

α

∑
β=1
|ω (α,β )− ω̂(α,β )| . (10)
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Fig. 13. (color online) Estimated PDF at the recursive steps of (a) n = 50; (b) n = 100; (c) n = 150; (d) n = 1000.
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The resulting cumulative absolute error in the RDPM pro-
cess is shown in Fig. 14. As illustrated in Fig. 14, the estimated
PDF converges fast at the early period of the estimation pro-
cess and as the estimated PDF gets very close to the reference
PDF, the convergence speed slows down. The comparison be-
tween the results of the estimated OCV and the reference OCV
in the estimation process as well as the logarithm of the OCV
estimation error are shown in Fig. 15. It can be observed that
the estimated OCV and the reference OCV will be in relatively
high accordance as the estimation process proceeds.
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Fig. 14. (color online) Cumulative absolute error between the estimated
PDF and the reference PDF.
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To further verify the performance of RDPM, the PDF ac-
quired from the RDPM process is used to model the SOC–
OCV relationship under the input of loop H2 and the modeling
result is compared with the result in Subsection 4.1. Figure 16
shows the variation of the RMS relative OCV estimation error
in the estimation process. It can be seen that at the beginning,
the estimation error is very large as the estimated PDF is very
different from the reference PDF, but as the estimation process
proceeds, the estimation error decreases fast and finally keeps
stable around 1.8%. Table 2 shows the comparison between
the RMS and peak value of the OCV relative errors estimated
with DPM and RDPM respectively. The comparison result
shows that compared with the traditional DPM method, the
adopted RDPM method can significantly increase the OCV es-
timation precision as the cell OCV characteristic changes and
the OCV estimation accuracy is almost not influenced by the
change of the cell OCV characteristic when the RDPM method
is used.
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Fig. 16. (color online) Variation of RMS relative OCV estimation error
with recursive step number the RDPM estimation process.

4.3. Influence of initial estimation PDF

The influence of initial PDF on the performance of
RDPM is also studied. In this condition, cell B is used as
a reference cell and the initial PDF is set to be the PDF of
cell A and zero. Loop H3 is still used as the hysteresis input.
The comparison result of the PDF cumulative absolute error is
shown in Fig. 17. It can be seen that at the beginning, the ini-
tial PDF of cell A leads to a smaller estimation error. However,
as the estimation process proceeds, the PDF estimated with the
initial PDF of zero converges faster to the reference PDF, and
when the recursive step number n reaches around 150, the two
curves become almost identical. The estimated OCV absolute
error illustrated in Fig. 18 also indicates the same conclusion.
From the comparison result it is known that the convergence
situation of RDPM depends mainly on the recursive step num-
ber and the initial estimation PDF only affects the early period
of the RDPM estimation process but does not affect the final
estimation result.
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Fig. 17. (color online) Variations of PDF cumulative absolute error with
recursive step number for different initial PDF values. The insert shows
the linear amplification.
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Fig. 18. (color online) Variations of OCV absolute error with recursive
step number for different initial PDF values.
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4.4. Performance of RDPM considering reference OCVOCVOCV
uncertainties

In actual usages, the value of OCV cannot be measured
directly and is usually estimated with battery models. How-
ever, as there exist errors in model parameters, the estimated
OCV usually deviates from the true OCV . To testify the relia-
bility of the proposed RDPM algorithm under the existence of
reference OCV uncertainty, random errors with 5-mV and 10-
mV magnitude (the mean values are both zero) are added to
the reference OCV in the estimation process. Figure 19 shows
the variations of PDF cumulative absolute error with recur-
sive step number for different random OCV errors. It can be
observed that at the beginning of the estimation process, the
influences of different reference OCV are almost negligible.
However, as the step number increases and the estimated PDF
converges, the PDF error estimated with inaccurate OCV stops
decreasing and began to fluctuate. It can be further observed
that the PDF error is bigger in the condition of a larger refer-
ence OCV error. This is caused probably by the direct depen-
dence of the update scheme on the reference OCV . Figure 20
compares the RMS OCV relative error under the input of loop
H2. It can be seen that the estimation result with 5-mV magni-
tude random error is almost the same as the result of accurate
OCV , while the result with 10-mV magnitude random error
has a larger estimation error. However, even in the case of
10-mV reference OCV error, the estimated RMS OCV relative
error stays below 3% for most of the cases. This comparison
result shows that the RDPM algorithm has a good performance
in the case of reference OCV uncertainty.
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Fig. 19. (color online) Variations of estimated PDF cumulative absolute
error for different reference OCV uncertainties.
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Fig. 20. (color online) Variations of RMS OCV relative error with recur-
sive step number for different reference OCV uncertainties. The insert
shows the linear amplification.

5. Conclusions
This paper focuses on the modeling of LiFePO4 battery

OCV hysteresis. The RDPM algorithm which is originally
used in the magnetic material hysteresis characterization is
used for the hysteresis modeling of LiFePO4 battery. The ex-
perimental result shows that the proposed method can signif-
icantly improve the accuracy of LiFePO4 battery OCV hys-
teresis modeling when the battery OCV characteristic changes.
Besides, the influence of initial estimation PDF and reference
OCV uncertainties are also discussed. The simulation and ex-
perimental results show that the proposed method has a stable
working performance under different initial estimation PDFs
and reference OCV uncertainties. By means of this research,
battery parameter and state estimation technologies such as
battery ECM and Kalman filter can further be combined with
to realize a more accurate state estimation of LiFePO4 bat-
tery. The proposed method shows a promising performance
that will benefit the state estimation of LiFePO4 battery.
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