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ABSTRACT State of Charge (SOC) is a key parameter for battery management and vehicle energy
management. Recently used SOC estimation methods for lithium-ion battery for vehicles have problems
of too simple a base model for the battery and large sampling noise in both the voltage and current
signals. To improve the accuracy of SOC estimation and consider that the extended Kalman filter algorithm
needs linear approximation of the system equation, the unscented Kalman filter (UKF) algorithm was
used to reduce the influence of sampling noise, and an improved algorithm with better filtering effect and
SOC estimation accuracy was proposed. Based on the SOC estimation and battery model, the peak power
prediction method for the battery is proposed and used in the power distribution strategy for Series HEV.
Considering the frequent changes in load current and sampling noise, an experiment was designed to verify
the effectiveness and robustness of the algorithm. The experimental results show that the UKF algorithm
and the improved UKF algorithm can achieve 6% and 1.5% estimation error. The power distribution strategy
based on battery SOC estimation and peak power prediction is tested and validated.

INDEX TERMS Lithium-ion battery, SOC estimation, unscented Kalman filter, noise suppression, peak
power prediction.

I. INTRODUCTION
Following popular demand, the development of technology
and government support, new energy vehicles have become
more popular. Lithium-ion batteries have the advantage of
large capacity, and high power, and are usually used in
new-energy vehicles [1]. A lithium-ion battery is one of
the core components of an Hybrid Electric Vehicle(HEV),
it is a complex chemical system, and needs BMS for its
precise management [2]. SOC is one of the key links in the
vehicle energy management chain, and provides the basis
for the remaining range forecast [3]. Due to the internal
state of the battery not being measurable, estimation of
battery SOC is a difficult problem. The external voltage
and current can be measured but are always contaminated
by noise, so the Kalman filter method can be used to
iterate from the noise signal to estimate the SOC of the
battery [4], [5].

Common SOC estimation methods usually include
ampere-hour integral method, open circuit voltage method,
neural network intelligent algorithms, and so on [6].

The former two methods, because of the needs of accurate
initial SOC value and high measurement accuracy [7], [8],
could not be applied directly in dynamic conditions. A large
experimental dataset is used to train the neural network
model, and its actual performance is not good. The Kalman
filter method based on the battery state space equation has
strong applicability and versatility [9], which overcomes the
problems of the need of the initial SOC value of the battery,
and the large number of experimental data points for train-
ing [10]. Meanwhile, its filtering principle can significantly
reduce the influence of sampling noise [11]. Due to the non-
linear characteristics of the battery, EKF and UKF algorithms
are used in the battery estimation algorithm. Some studies
have proved that the UKF algorithm has better accuracy. This
is due to the fact that the EKF algorithm takes the first order
approximation of the system equation and only achieves first
order accuracy [12]–[14], but the UKF algorithm uses pre-
determined sampling points to sample the system, and the
theoretical analysis has proved that it can achieve second
order accuracy [11].
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In the UKF algorithm application, there are the following
issues: it can reduce the effect of noise to a certain extent,
but too much measurement noise still has a significant effect
on the implementation of the algorithm, and even causes
divergence. Due to influence of external factors, the sampling
data beyond the normal range in one or several sampling
periods will make the SOC estimation algorithm generate
significant error, and the convergence speed decreases.

One of the bases of HEV power distribution is the detection
and management of the battery: in the hybrid powertrain
system, the engine, the generator and the motor are con-
trolled by the vehicle control unit (VCU) and can actively
self-adjust the power load. The battery which is different to
the other electric power components, delivers passive power
as determined by the power difference of motors. The bat-
tery power is difficult to detect so safe limits are easily
exceeded: this will affect the life and safety of the battery. So,
estimating the battery state parameters especially SOC and
peak power prediction is significant to battery safety opera-
tion and energy management in HEVs. Many authors have
explored SOC estimation and HEV energy management.
He et al. describe a predictive air-conditioner control system
for electric buses which considers passenger amount and its
variation [15]. Cao et al. investigated a plug-in hybrid electric
bus energy management system based on stochastic model
predictive control. Yang et al. [17] proposed a novel method
of estimating the degradation and state of charge of lithium-
ion batteries used for the energy management of electrical
vehicles. Li et al. [18] proposed a novel combinatorial opti-
mization algorithm for the energy management strategy of a
plug-in HEV. Hu et al. [19] proposed condition monitoring
for advanced battery management systems with moving hori-
zon estimation using a reduced electrochemical model, which
could be used in the battery model-based energy management
of HEVs.

A PNGV(Partnership for a New Generation of Vehicles)
battery model is adopted to describe the external non-linear
characteristics. We consider the unscented Kalman filter
method to estimate the battery SOC, and further enhance
the filtering effect by the special methods of noise suppres-
sion algorithm and the invalid value elimination algorithm.
Based on the UKF algorithm, this paper uses the improved
UKF algorithm to estimate the SOC of the battery. Firstly,
the unscented Kalman filter can estimate the battery state
and suppress the influence of sampling noise during state
estimation. In the second part we apply the improved noise
suppression algorithm, where the Kalman filter gain and
the estimated residuals are corrected to enhance the filter-
ing effect. At the same time, the invalid value elimination
algorithm is added to improve the stability of the algorithm
in extreme conditions. Based on the SOC estimation and
battery model, the peak power prediction method of battery
is proposed and used in the power distribution strategy for
Series HEV. The power distribution strategy based on battery
SOC estimation and peak power prediction is tested and
validated.

II. BATTERY MODELLING AND MODEL PARAMETER
IDENTIFICATION
A. BATTERY CELL
A lithium ion battery LiFePO4 has the following advantages:
safe performance, no explosion in puncture testing and short-
circuit testing, a long cycle life (>2,000 cycles), good perfor-
mance at high temperature, wide operating temperature range
and applicable in severe driving environment; large capacity,
which provides a longer driving range; no memory effect,
charging and discharging at any time allows vehicles to work
in complicated driving conditions; light weight, reduces the
weight of energy units in electric vehicles; environmental-
friendly, and is free from heavy metals and rare earth metals
in its production process. However, there are still some prob-
lems in its actual application, such as poor performance of
charge-discharge rate, low tap density and poor performance
at low temperatures.

The research object adopted a high energy 20 Ah pris-
matic battery, which is designed for PHEV (plug-in hybrids
vehicles), EV (electric vehicles) and ReEV (Extended-Range
Electric Vehicles). It behaves better in terms of charge-
discharge rate, and shows improvements in low-temperature
performance to a certain extent. The main performance
parameters are shown in Table 1.

TABLE 1. Main performance parameter of A123 20 Ah lithium-ion battery.

B. BATTERY MODELLING
The commonly used models of battery include electrochem-
ical model, neural network model and lumped-parameter
equivalent circuit model. Among three models the equivalent
circuit model is widely used for its lower computational
burden, easy parameter identification and better reflection
of battery external characteristics. The lumped-parameter
equivalent circuit model includes the Rint model, the first-
order RC model, the high order RC model, the PNGVmodel,
etc. According to the requirements and features of system
dynamic simulation, we selected the first-order RC model,
because it describes battery polarization effects better than
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a Rint model and demands fewer circuit elements parameter
to identify compared with other models. Thus the first-order
RC model can simulate complex battery external characteris-
tics with high precision.

The charge-discharge process of battery is a complicated
electrochemical reaction processes with non-linear and time-
varying properties, hence it is hard to model. The first-order
RC model considers battery as a combination of
a controllable voltage source, a variable resistor, and an
RC structure. In addition, considering battery polarization
effects, the PNGV model is adopted.

Considering the complexity of the algorithm and the accu-
racy of the model, PNGV battery model is adopted and
displayed in Figure 1, which takes into account the charac-
teristics of the non-linearity of the battery system.

FIGURE 1. PNGV battery model.

The capacitor Cb in the PNGV model is used to simulate
the effect of the SOC change caused by the current time
integral on the open circuit voltage of the battery, which
solves the problem whereby the open circuit voltage of the
battery changes with the SOC. Therefore, the PNGV model
can describe the battery voltage at a certain SOC of the
transient response, and also can represent the steady-state
response of the battery voltage.

The ideal voltage source describes the open circuit
voltage of the lithium ion battery UOC, and resistance
Rint describes lithium-ion battery internal resistance. The
PNGV model simulates the polarization of the battery by
a resistor capacitance parallel circuit [20], and the battery
capacity changes by capacitance change. The system
equation for this PNGV battery model is as follows:

UO = UOC − IRint − UP − Ub

U̇P =
1
CP

I −
1

RPCP
UP

U̇b =
1
Cb
I

(1)

The collecting system can acquire data about battery cur-
rent and voltage: the current value is taken as an input to the
system; the voltage value is the measured value thereof. The
battery SOC, the capacity capacitance voltage, and the polar-
isation voltage are the state variables. Using the discretisation
method, the state-space equation of the system can be found.

The definition of the battery SOC, based on current versus
time integration, is ratio of the remaining discharge capacity
and the total discharge capacity [21]. It can be calculated by
the following discrete form:

SOCk = SOCk−1 −
ηTs
Cn

ik (2)

Accordingly, the established state-space discrete equation
of the battery system and measurement discrete equation are
as follows:

 SOCkup,k
ub,k

 =
 1 0 0

0 e
−Ts
τp 0

0 0 1


 SOCk−1up,k−1
ub,k−1



+


−ηTs
Cn

Rp(1− exp(
−Ts
τp

))

Ts
Cb

 ik
zk = g(SOCk )− up,k − ub,k − ikRint

(3)

Where η = 0.98, denotes battery efficiency of charge and
discharge, Cb denotes the battery capacity, g(SOC) denotes
the functional relation between SOC of battery and open
circuit voltage, obtained by the fourth-order fitting of the
experimental data, which can describe the subtle changes of
OCV with SOC.

C. MODEL PARAMETER IDENTIFICATION
The battery used in the experiment was an A123
(capacity 20 Ah) and the material was lithium iron phosphate.
Experimental test equipment comprised a power battery test
system (10 V and 120 A, Figure 2). An HPPC(Hybrid Pulse
Power Characterization) experiment which is the most com-
monly is used to obtain the battery equivalent circuit model
parameters and the dynamic response of the battery was
undertaken: the battery parameters in the battery state space
equation are identified by off-line method. The least squares
algorithm is used to obtain the relationship between RP, Cp,
Cb, UOC, and SOC. Then, the battery model is established in
Simulink and the voltage of the battery model is simulated,
and HPPC experimental data were compared (results shown
below). As shown in Figure 2, the output voltage of the model
deviates 2% at steady state and within about 5% error at
outburst value compared with the experimental results.

Traditional HPPC testing entails 1 C discharge and
0.75 C charge cycling, but actually the high-power battery
used in electric vehicles is supposed to work in high charge-
discharge rate circumstances of up to 5 C in rapid acceleration
and energy recovery working conditions, therefore polarisa-
tion effects would lead to inaccuracy in parameter estimation.
Here, we set the discharge current and charge capacitance to
5 C and 3.75 C respectively, and take 10 points from 100%
to 10% at 10% intervals as test points in this HPPC test.

Before the HPPC test, we emptied the battery until the
battery output voltage is about 2V, which is the lower limit
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FIGURE 2. Battery experiment equipment platform.

available voltage of the battery. Now we considered the
SOC is zero, then charge it to SOC = 1 by standard charging
method. We discharge the battery in 10% power increments,
carry out an HPPC test, and measure 10 points in all. The
test at each point includes three steps: discharge, relaxation,
and current regeneration. First discharge battery for 10 s
at 5 C discharge rate (100 A), then rest for 40 s, charge
battery 10 s with 75 A current. After finishing each point-
test, the battery was rested for one hour before continuing
to avoid battery polarisation effects. The test current at each
SOC point is shown in Figure 3.

FIGURE 3. Hybrid Pulse Power Characterization (HPPC) Current curve in
battery test.

The response data of test current and voltage, battery
parameters in state space equation are identified off-line using
the least squares algorithm, to obtain the relationship between
Rp, P, Rint, and SOC. Then the battery model is built and sim-
ulated in Simulink, and voltage output results are compared
with HPPC test data (result shown below). The output voltage
error of the simulation model is less than 2%.

III. IMPROVED UKF ESTIMATION ALGORITHM
A. UKF ESTIMATION ALGORITHM
The UKF algorithm is a filtering algorithm for non-
linear systems, which is fundamentally different from the
EKF algorithm. It does not need to linearize the sys-
tem equations, and therefore the system equation is

FIGURE 4. Comparison of battery model output with HPPC experimental
data.

more accurate. The state-space equations and the measure-
ment equations of the dynamic system are as follows [22]:{

xk = f (xk−1, uk ,wk )
zk = h(xk , uk , vk )

(4)

The system equations and the measurement equations
established above for our PNGV battery model are both
non-linear and xk denotes the state of the kth sampling
period of the system, and zk denotes the measured value,
calculated by the measured equation of the state of the
kth sampling period of the system. The function f denotes the
state transition function, and h denotes the observation func-
tion. ωk is the system process noise, which can be regarded
as Gaussian white noise with variance Qk, and νk is measure-
ment noise, which can be regarded as Gaussian white noise
with variance Rk.
The unscented Kalman filter algorithm is calculated as

follows:
1) Determine the initial value of the state variable, and the

initial covariance matrix{
x̄0 = E(x0)
P0 = E[(x0 − x̄0)(x0 − x̄0)T ]

(5)

2) Select the sigma point and calculate the mean weight
and covariance weight for each sample point

xk|k (i) =


x̄k , i = 1
x̄k +

√
(n+ λ)Pk|k , i = 2, · · · , n+ 1

x̄k −
√
(n+ λ)Pk|k , i = n+ 2, · · · , 2n+ 1

(6)

Wk (i) =


λ

n+ λ
, i = 1

λ

2(n+ λ)
, i 6= 1

(7)

Wc(i) =


λ

n+ λ
+ (1− α2 + β), i = 1

λ

2(n+ λ)
, i 6= 1

(8)

Where n is the dimension of the state variable.
λ = α2(n+k)−n, α ∈ [0,1] describes the distance between

the sampling point and the mean point. In the normal distri-
bution, β = 2, and k = 0 is the ratio factor.
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3) The first estimate of the system state matrix is:
xk+1|k (i) = f (xk|k (i), uk+1)

x̄k+1|k =
2n+1∑
i=1

Wk (i)xk+1|k (i)
(9)

4) The first estimation of covariance of state variables
matrix is:

Pk+1|k =
2n+1∑
i=1

Wc(i)(xk+1|k (i)−x̄k+1|k )(xk+1|k (i)−x̄k+1|k )T

+Qk+1 (10)

5) The estimation of measured variables is given by:
zk+1|k (i) = h(xk|k (i), uk+1)

z̄k+1|k =
2n+1∑
i=1

Wk (i)zk+1|k (i)
(11)

6) The estimation of the covariance of the measured vari-
ables, the covariance between the measured variables and the
state variables, and the UKF gain is:

Pzz =
2n+1∑
i=1

Wc(i)(zk+1|k (i)− z̄k+1|k )

×(zk+1|k (i)− z̄k+1|k )T + Rk+1

Pxz =
2n+1∑
i=1

Wc(i)(xk+1|k (i)− x̄k+1|k )

× (zk+1|k (i)− z̄k+1|k )T

Kk+1 = PyzP−1zz

(12)

7) The second update of the state matrix and the covariance
of the state variables and return to the next iteration calcula-
tion as follows:{

xk+1|k+1 = x̄k+1|k + Kk+1(zk+1 − z̄k+1|k )
Pk+1|k+1 = Pk+1|k − Kk+1PzzKT

k+1
(13)

B. THE NOISE-SUPPRESSING AND INVALID
VALUE-ELIMINATING ALGORITHM
The output result of our UKF algorithm is the second update
of the state variables. It can be seen that the values of both
real measurement and estimation of the measured variable
affect the output result [23]. Due to complex and changeable
factors, there is always measurement noise in the moving
vehicle environment. Excessive noise can cause the algo-
rithm to produce greater errors [24] and even divergence,
which will significantly affect the accuracy. The improved
estimation algorithm is designed to improve the ability of the
UKF algorithm, and the correction of the measured value and
the UKF gain are added to the UKF algorithm.

We calculate the estimation residuals of the measured vari-
ables and the variance of the measured variables:

1k+1 =
∣∣zk+1 − z̄k+1|k ∣∣

sk+1 =
2n+1∑
i=1

Wi(zk+1|k (i)− z̄k+1|k )

× (zk+1|k (i)− z̄k+1|k )T + Rk+1

(14)

According to the basis for judging: 1k+1 >
√
(sk+1)

and using the information above, it is determined whether
the current and voltage measurement are subject to inter-
ference, or not. When satisfactory, it is considered that the
measured value at this time is invalid interference, and the
UKF gain Kk+1 is corrected. The correction formula is:

K ′k+1 = AKk+1 (15)

A is defined as the correction matrix of the UKF gain.

A =

α1 . . .
αn

, αn ∈ (0, 1)

Especially when measurement value quietly deviates from
the normal range, the filter algorithm does not update and the
correction matrix is A = 0, the judgment basis is:
1k+1 >

√
(sk+1)+ 200 in this condition.

When the above two judgments are not satisfied, it is
considered that the measured value at this time is valid,
and the following judgment is adopted: 1k+1 > ηsk+1,
η ∈ (0,1), γ ∈ (0,1). When the judgment basis is satisfied,
it is considered that the error of the estimation of the mea-
sured variable at this time is large, and the estimation of the
measured variable will be corrected, thus:

z̄k+1|k = z̄k+1|k + β(zk+1 − z̄k+1|k ) (16)

B is defined as the correction coefficient of the estimation
of the measured variable. The values of A and β determine
the filtering effect.

All the above formulae constitute the improved UKF algo-
rithm proposed in this work, which are used to estimate the
SOC of the battery. Figure 5 shows a flow chart through
the battery SOC estimation method based on the improved
unscented Kalman filter algorithm.

FIGURE 5. SOC estimation based on improved UKF.

IV. HEV ENERGY MANAGEMENT STRATEGY BASED
ON PEAK POWER PREDICTION OF BATTERY PACK
A. PEAK POWER PREDICTION ALGORITHM
FOR BATTERY PACK
To make full use of the power of battery pack and pro-
tect battery, further estimation of limit output power abil-
ity, including peak charge-discharge power, according to the
SOC estimated by Battery Management System using the
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UKF algorithmmentioned above, is required. Themain aim is
to estimate the maximum charge-discharge capability in the
next 1t time based on current battery state (such as SOC),
without exceeding the constraints of battery voltage, SOC,
current, and power. Considering these constraints, the peak
power prediction method based on voltage, current, and
SOC constraints is adopted.

For the system equation of the first order RC battery
model established elsewhere, when estimating the voltage in
the long time to come after the input of a certain current,
the amount of iterative calculations is large, and the real-time
performance is poor. To estimate the discharge capacity for
a long time, the transient response can be neglected and the
steady state response is taken into account, now the internal
resistance model can meet the demands of peak power esti-
mation. After removing the capacitance C of the first order
RC model established already, the polarisation resistance and
internal resistance are connected in series to become the new
internal resistance of the internal resistance model, which is
used to calculate the peak power of the battery pack.

For any single cell in battery pack with series ns and
parallel np battery monomers, the constraints that should be
satisfied are as follows:

umin < u(k) < umax

zmin < z(k) < zmax

pmin < p(k) < pmax

imin < i(k) < imax

(17)

Where, k is the kth cell; u(k), z(k), p(k), and i(k) are the
voltage, SOC, power, current of the kth cell; umin, umax,
the minimum and maximum voltage of the cell; zmin, zmax,
the minimum and maximum SOC of the cell. We consid-
ered the charging as negative value and discharging as pos-
itive value, so define pmin is the maximum charging power of
the cell, pmax is the maximum discharging power of the cell,
imin is the maximum charging current of the cell, and imax is
the maximum discharging current of the cell.

Considering a constraint on the voltage, the maximum
discharging and charging current of the kth cell is:

idis,voltmax,k =
OCV(zk (t))− umin

4t
C
∂OCV (z)
∂z

∣∣∣∣
z=zk (t)

+ Rint,dis

ichg,voltmin,k =
OCV(zk (t))− umax

ηAh4t
C

∂OCV (z)
∂z

∣∣∣∣
z=zk (t)

+ Rint,chg

(18)

Considering constraint of SOC, the maximum discharging
and charging currents of the kth cell are:

idis,SOCmax,k =
zk (t)− zmin

t/C

ichg,SOCmin,k =
zk (t)− zmax

ηAht/C

(19)

FIGURE 6. Simulation results of peak power variation with SOC.

The actual discharging and charging current limits of the
kth cell are:{

idismax,k = min(idis,currmax,k , i
dis,SOC
max,k , idis,voltmax,k )

ichgmin,k = min(ichg,currmin,k , ichg,SOCmin,k , ichg,voltmin,k )
(20)

The actual discharging and charging power limits of the kth
cell are:
Pdismax,k = idismax,kuk (t +1t)
≈ idismax,k (OCV(zk (t)-i

dis
max,k1t/C)-Rdis,intidismax,k )

Pchgmin,k = ichgmin,kuk (t +1t)

≈ ichgmin,k (OCV(zk (t)-i
chg
min,kηAh1t/C)-Rchg,inti

chg
min,k )

(21)

For the battery pack with series ns and parallel np battery
monomers, the model of the battery is based on a single
battery cell model, without considering the inequality of cell
group and cell work. So in this paper the peak power pre-
diction of the battery pack is a simple multiplication of peak
power of the cell and the total number of group-cells. The
discharging-charging power limits of battery pack are:P

dis
max = nsnpmin

k
(Pdismax,k )

Pdismax = nsnpmin
k
(Pdismax,k )

(22)

The simulation results showed that the peak charging
power of battery is relatively stable, and decreases rapidly
when SOC nears 100%. Moreover the peak discharging
power is low when SOC is low and increases when the
SOC increases. The dynamic peak power reflects the actual
charge-discharge capacity of battery pack to some extent, and
it is more beneficial to system safety when compared with the
use of fixed calibration parameters.

B. DESIGN OF POWER DISTRIBUTION STRATEGY
BASED ON BATTERY MODEL
The coordinated power distribution of multi power sources is
a core part of the integrated control strategy of hybrid power
systems, and is also the prerequisite and guarantee to improv-
ing the comprehensive performance with regard to vehicle
power and fuel economy. When taking power distribution
strategy for series systems in which the engine-generator set
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totally following the demand power of vehicle, a battery pack
is used to make up for the shortage of instantaneous response
from the engine-generator set, and is not involved in steady
state power distribution, thus the advantages of a battery are
underutilised. The battery pack can provide high discharge
power in a brief time as well as giving a fast response, and
also can absorb electrical power. Therefore, considering the
battery pack involved in the power distribution, we decoupled
the output power of the engine generator set and the power
consumption of the drive motor, so that the optimal control
of the engine and generator is realized. Since the demand of
driving power changes in real-time and covers a wide range,
the electro-mechanical power distribution based on battery
model can either fully exploit the battery pack, optimize vehi-
cle power distribution, or guarantee safety and an improved
cycle life of the battery within its power limit range, also
reduce the running cost of a hybrid vehicle.

The basic principle of battery pack participating in power
distribution in a hybrid power system is: when the battery
SOC is not in an ideal working area (SOClow < SOC <

SOChigh), charge or discharge battery with the expected
power, in order to keep the performance and energy storage
of the battery pack. When battery is in an ideal working area
(SOClow < SOC < SOChigh), arrange power for the battery
pack as calculated from the optimal distribution of driving
power, thus optimizing the working region of the engine for
best fuel economy. When distributing power, the working
ability of the battery pack and the fuel economy of the engine
should be considered, so as to make the battery pack respond
to the dynamic change in demand for electric power as much
as possible, and make the engine work at best fuel economy.

According to the current range of battery SOC and vehicle
power demands, power distribution is carried out according to
the MAP diagram of engine fuel consumption rate, the mini-
mum comprehensive fuel consumption point is selected, and
the electrical power output of engine-generator set at this
working point is Popt. The specific power distribution rules
are shown in Table 2. When the generating power arranged
for engine-generator set is Popt, the engine works at the min-
imum comprehensive fuel consumption point of fixed torque
and fixed speed. When the power arranged for the engine-
generator differs from this, the engine-generator set adopts
the mode of multi-speed switching.

V. EXPERIMENTAL VALIDATION AND RESULT ANALYSIS
A. DESIGN OF EXPERIMENTAL CONDITIONS
According to the characteristics of the change of vehicle
power battery load, the specific simulation conditions are
designed to verify the effectiveness and anti-jamming ability
of the improved UKF algorithm. Figure 7 shows the voltage
signal from an experiment with sample noise.

B. ESTIMATED RESULTS AND ACCURACY ANALYSIS
The voltage and current signals are input to the SOC esti-
mator. The UKF algorithm and the improved UKF algo-
rithm proposed here are used to estimate the battery SOC.

TABLE 2. Distribution rule table for a battery participating in vehicle
power distribution.

FIGURE 7. Voltage from an experiment with sample noise.

FIGURE 8. UKF and improved UKF SOC estimation results compared with
the reference SOC.

The results (Figures 8 and 9) show that the improved
UKF algorithm can significantly reduce the measurement
noise estimation and SOC estimation error. The SOC esti-
mation error is within 6%, indicating that the UKF algo-
rithm imposed a good filtering effect on the noise signal.
After further adopting the improved UKF estimation algo-
rithm, the results show that the SOC estimation accuracy is
improved, in the load conversion and under significant noise
interference, the estimated error is now within 1.5%.

C. TEST RESULTS OF POWER DISTRIBUTION STRATEGY
The test results of the power distribution strategy based on
rules is shown in Figure 10, which including the vehicle
speed, the fuel consumption, the speed and torque of engine
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FIGURE 9. UKF and improved UKF SOC estimation error results.

FIGURE 10. Simulated power distribution strategy with battery use
optimization.

and motors, and so on. According to the peak power predic-
tion of battery, in the range of its output capacity, the battery
pack is involved in power distribution, so that the engine-
generator set works more in high-efficiency areas, and the
fuel economy of the vehicle is improved. The involvement of
the battery in power distribution reduces the fuel consumption
by 5%.

VI. CONCLUSION
An improved Kalman filter algorithm is used to improve the
SOC estimation of the battery. The algorithm has the advan-
tages of moderate complexity and short computation time.

The specific condition dataset verifies that the algorithm
can suppress signal noise, and has an SOC estimation error
within 1.5%. Especially under significant noise interference,
the improvement of the UKF algorithm remains stable, effec-
tive and accurate: the calculations are not complicated, and it
offers good application prospects.

Based on the SOC estimation and battery model,
the peak power prediction method of battery is proposed
and used in the power distribution strategy for a Series
HEV. The power distribution strategy based on battery
SOC estimation and peak power prediction is tested and
validated.

A rule-based power distribution strategy is developed:
according to the peak power prediction of battery, in the range
of its output capacity, the battery pack is involved in power
distribution, so that the engine-generator set works more in
high-efficiency areas, and the fuel economy of the vehicle is
improved. The involvement of battery in power distribution
reduces the fuel consumption by 5%.

The current research of peak power prediction in this
paper focused primarily on single battery, future work will
aim at the estimation considering the effect of inconsistency
between cells.
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