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Abstract: The LiFePO4 (LFP) battery tends to underperform in low temperature: the available energy
drops, while the state of charge (SOC) and residual available energy (RAE) estimation error increase
dramatically compared to the result under room temperature, which causes mileage anxiety for
drivers. This paper introduces an artificial intelligence-based electrical–thermal coupling battery
model, presents an application-oriented procedure to estimate SOC and RAE for a reliable and
effective battery management system, and puts forward a model-based strategy to control the
battery thermal state in low temperature. Firstly, an LFP battery electrical model based on artificial
intelligence is proposed to estimate the terminal voltage, and a thermal resistance model with an EKF
estimation algorithm is established to assess the temperature distribution in the battery pack. Then,
the electrical and thermal models are coupled, a closed-loop EKF algorithm is employed to estimate
the battery SOC, and a fusion method is discussed. The coupled model is simulated under a given
protocol and RAE can be obtained. Finally, based on the electrical–thermal coupling model and RAE
calculation algorithm, a preheating method and constant power condition-based RAE estimation are
discussed, and the thermal management strategy of the battery system under low temperature is
formed. Results show that the estimation error of SOC can be controlled within 2% and RAE can
be controlled within 4%, respectively. The preheating strategy at low temperature and low SOC can
significantly improve the energy output of the battery pack system.

Keywords: LFP battery; SOC; RAE; electrical–thermal coupling; low temperature

1. Introduction
1.1. Backgrounds

Electrification of the automobile is considered the future trend of vehicles in the
environmental corporation community [1,2]. Lithium-ion battery (LIB) has become the
ideal power supply for electric vehicles relying on its high energy density, high security
and long service life [3,4]. Owing to the high stability and low price, LFP is being widely
used as a cathode material [5,6]; according to the official statistics, the installed capacity of
the LiFePO4 battery has accounted for more than half of the total capacity in China by 2021.

Nevertheless, LIB suffer from a serious energy attenuation problem in low temperature,
especially LFP batteries [7,8]. Qin et al. reviewed the performance of batteries at low
temperature and illustrated that the discharge capacity of LFP drops from 134.5 mAh/g
(20 ◦C) to 90 mAh/g (−20 ◦C) [9], which corresponds to the authors’ pre-experiment, as
shown in Supplementary Material Figure S1.

The performance degradation of LIB at low temperature is mainly caused by the
increase in electrolyte viscosity, the decrease in the electrode solid diffusion coefficient and
increase in solid electrolyte interface impedance [9,10]. These physical properties lead to
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the LIB exterior characteristic of resistance increase and make the available energy of the
battery drop significantly.

To relieve the range anxiety of electric vehicle owners at low temperature, the RAE
should be estimated accurately to show the true energy state of the vehicle to the users,
which has been a problem in the industrial and academic community, especially for LFP
batteries at low temperature. Firstly, the SOC of an LFP battery is difficult to accurately
estimate for its voltage characteristics. Secondly, limited temperature measurement points
of the battery module and magnification of the cell-to-cell temperature variation at low
temperature increase the state estimation difficulty. Thirdly, the state of energy (SOE) is
used to represent the energy condition of the battery, which often has a linear mapping
relationship with SOC in practical application, but the mapping becomes inaccurate at low
temperature for the aforementioned reasons.

Indicating to improve the LFP battery module charge state and energy state estimation
accuracy at low temperature, this research breaks the complex problem into three parts:
accurate SOC estimation of LFP battery, simplified battery module thermal model and
estimation of module temperature distribution, and RAE estimation of battery module.
Most remarkably, the method proposed in this research is also applicable to LIBs of other
material systems in the full temperature range.

1.2. Literature Review
1.2.1. State of Charge

The definition of SOC is called the Coulomb counting method, which is described by
Equation (1).

SOC = SOC0 −
1

Cbat

∫ t

t0

η I·dτ (1)

where SOC0 is the initial SOC when the calculation is started, Cbat is the standard capacity
of the battery tested at a C rate of 1/3 and temperature of 25 ◦C, η is the columbic efficiency,
and I is the current.

Hence, SOC reflects the remaining charge of the battery at standard state, which would
not be influenced by temperature, and that is the significant difference between SOC and
SOE/RAE.

To correct the accumulative estimation error brought by sensor error and battery
aging, scientists proposed model-based closed-loop SOC estimation algorithms. The
electrochemical mechanism models can accurately reflect the true internal state and external
characteristics of the battery; however, the computational complexity is too high to be
applied on BMS [11]. Wu et al. proposed a novel improved reduced-order electrochemical
model, which has both high model fidelity and less computational complexity [12]. Liu
et al. introduced a single particle model-based nonlinear observer to monitor SOC [13].
Another most commonly used battery model is the equivalent circuit model (ECM), such
as Rint model (0 order), Thevenin model (1st-order) and double polarization model (2nd-
order) [14]. With the battery model, a closed-loop state estimation algorithm based on
modern control theory are often applied to improve SOC estimation accuracy. Extended
Kalman filtering (EKF) and particle filter (PF) algorithms are the most commonly used
algorithms, which achieve good results in the former studies [15–17].

However, the ECM-based SOC estimation method is not completely suitable for an
LFP battery, since the algorithms require the open circuit voltage (OCV) to SOC curve of
the battery, and the OCV-SOC curve of an LFP battery has three segments that are very flat,
as shown in the Supplementary Figure S2. The platform area of the LFP battery caused a
significant error increase at the posterior estimation process [18–20].

To overcome the poor SOC estimation accuracy problem of an LFP battery, Huria
et al. proposed an ECM with a hysteresis effect, bringing a slope to the actual OCV curve.
This method can alleviate the problem but could not solve the problem fundamentally.
Duong et al. designed an algorithm to restructure the OCV curve of an LFP battery at
varying temperatures [19]. Xiong et al. put forward a theory to update all of the parameters
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including OCV, capacity, resistances and capacitances in ECM for all-climate batteries [21].
These methods can achieve a higher accuracy of the model elements but still cannot
overcome the OCV characteristics problem of LFP.

On the other hand, the NN-based terminal voltage modeling method can totally
avoid the platform problem of an OCV curve, and theoretically, it can achieve higher SOC
estimation accuracy for the LFP battery. Chen et al. built an improved battery model by
introducing an input reflecting the characteristics of polarization [22], and the result shows
that the SOC estimation error of an NCM battery can be stabilized within 2% at different
temperatures. However, the NN-based method has not been applied to the modeling
process of an LFP battery to solve the plateau problem, and the modeling accuracy should
be verified.

1.2.2. Battery Module Thermal Model

The cell-to-cell temperature variations of a power battery in electric vehicles cannot be
ignored; in cold weather, due to the deterioration of heat generation and heat dissipation,
the module temperature inconsistency would be enhanced [4,23–25]. To control the pro-
duction cost, the battery module and electric vehicle manufacturer tend to arrange a few
temperature sensors on the module, which makes the cells without temperature sensors
under monitored. To estimate the energy state of the module accurately, it is necessary to
know the temperature of each cell; thus, the battery module thermal model is studied.

The finite element method or finite volume method-based battery thermal model can
accurately obtain the battery temperature field distribution, and these are widely used in
the battery thermal simulation area, but the calculation amount is too large to be applied
in a BMS [26–28]. On the other hand, the lumped parameter model only takes the average
temperature of the battery into account; thus, it has high computational efficiency and is
applicable to a BMS. The method to avoid oversimplification of the lumped model is to
divide the cell into several parts. Hua et al. delivered a lumped 3D battery thermal model
with a network of electric and thermal sub-models, exchanging the temperature and heat
generated in each of the discretized volumes [29]. Jiang et al. built a two-state lumped
thermal resistance model of the single cell and connected it to a network of the LIB pack;
the prediction of battery core temperature agrees well with the measurement [30]. Cui et al.
proposed and compared two-state, five-state and improved five-state lumped parameter
thermal models of prismatic battery, and they found that the lumped parameter model is
practical for online battery internal temperature estimation [31]. To build a battery system
thermal model with low complexity and high accuracy, the lumped parameter model should
be considered, and the closed-loop temperature estimation method could be applied.

1.2.3. Residual Available Energy

The state of energy is often used to reflect the available energy condition of the battery,
and it is considered better than SOC in this respect [32–34]. Mamadou et al. defined an SOE
for the first time [35], and the commonly used definition of SOE is shown in Equation (2) [36].

SOE =
RAE |I,T,SOC,SOH

MAE |I,T,SOH
× 100% (2)

where MAE is the value of the maximum available energy of the battery, RAE is the value
of the residual available energy of the battery, and SOE is the ratio of RAE to MAE. As can
be seen from the formula, RAE is a function of the battery current, temperature, SOC and
SOH, while MAE is a function of the battery current, temperature, and SOH. Thus, SOE
can be influenced by all these parameters—that is a main difference between SOE and SOC.
As illustrated in Section 1.2.1, SOC would not be influenced by the ambient temperature:
for example, if a battery is simply moved from a high-temperature environment to a
low-temperature environment, the SOC would not change, but the SOE would change
significantly. That can also prove that the SOE has a better ability to reflect the true discharge
capability of the battery.
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The actual energy state estimation of a battery has not been well solved at present.
Some early researchers thought SOE and SOC have a linear relationship [37], which is not
accurate under dynamic load and various temperature and is not suitable for an LFP battery.
Many researchers used closed-loop model-based SOE estimation methods exactly as an SOC
estimation process [33,38–42], but these methods all use an OCV-SOE curve to determine
the battery SOE; thus, they have no difference with the SOC-SOE mapping method. Li et al.
demarcated RAE under various temperature, current and aging conditions [36], and the
mapping method has good performance but needs massive testing experiments. Liu et al.
first proposed an NN-based SOE estimation method [43], but it is more difficult for this
to be accurate than NN-based SOC estimation because of the more complex influencing
factors. Furthermore, fewer researchers have focused on the energy state estimation of the
whole battery module or the electric vehicle.

German et al. proposed a method to directly simulate the remaining driving range
of electric vehicles [44]. However, the characteristics of the battery cannot be reflected
well; thus, the method is unable to maintain accuracy in various conditions. Consequently,
a method to determine the RAE of the battery system should be developed without the
mapping between OCV and SOE to accurately reflect the battery energy state, especially in
low temperature.

1.3. Contributions of this Research

To overcome the existing problems in SOC and SOE estimation of the LFP battery
module especially under low temperature, this research is dedicated to introducing a
high-precision solution to a practical application of BMS, and it has the following three
commendable contributions:

We proposed an NN battery model-based closed-loop SOC estimation method of an
LFP battery, which can avoid the platform problem of an OCV curve. Further, we performed
a fusion method to reduce the computational complexity and increase the robustness.

We built a thermal resistance network of the battery module with a two-state lumped pa-
rameter battery thermal model, and we used the closed-loop method to obtain the temperature
distribution of the battery module based on a limited number of temperature sensors.

We calculated the RAE of the battery module under a given test condition at various
SOCs and temperatures, and we discussed the preheating strategy performance.

1.4. Organization of this Paper

The paper is organized as follows: Section 2 introduces the construction of the electrical
and thermal model of the battery. Section 3 proposes the experiments to identify the
parameters and to verify the models. The electrical and thermal models are combined and
simulated, SOC and RAE are obtained, and then analysis and discussion are provided in
Section 4. Finally, the conclusions are summarized in Section 5.

2. Methodology

This section proposed a novel NN-based LFP battery model. Then, the battery thermal
model is built, and the EKF algorithm is applied.

2.1. Battery Electrical Model

The traditional ECM is a model regarding the battery as a series–parallel combination
of circuit elements including voltage source, resistance, inductance, etc., to simulate the
terminal voltage of the battery. To make a comparison study, a 2nd-order ECM is built in
the study, as shown in Figure 1a.
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Different from electric circuit modeling methods that rely on physical processes,
machine learning does not depend on the understanding of the physics essence, but it can
automatically establish the mathematical relationship between the input and output from
a large amount of data, which is suitable for describing the nonlinear characteristics of
batteries [45]. In this study, the authors proposed a neural network (NN)-based LFP battery
model, which can directly model the terminal voltage of the battery without using OCV.
The authors found that although there are platform areas in the OCV curve of LFP, the
terminal voltage under dynamic condition is not as flat as the OCV curve. As shown in
Figure S3, the voltage range of the OCV curve in the platform area is about 1 mV, while that
of terminal voltage under the FUDS test condition is at 10 mV magnitude, and that range
can be detected by the commercial voltage sensor. The authors conjecture that phenomena
is caused by the polarization of the battery under applied dynamic current. In order to build
an accurate NN battery model suitable for all temperatures, the temperature, SOC, current,
and polarization parameter [22] are used as the input feature vector of the neural network,
and the terminal voltage is set as the output of the NN model. As shown in Figure 1b,
the input s represents the polarization parameter, and a more detailed illustration of that
parameter is shown in the supplementary file. The network is constructed of one input
layer with four input nodes, one hidden layer with six hidden nodes and one output layer
with one output node, which is relatively simple and makes the feedforward calculation
and subsequent closed-loop calculation process easy to be performed.

The formula of the NN model is shown in Equation (3):

y = W2 × tansig(W1 × x + b1) + b2 (3)

where y is the output and x is the input of the NN model, W1 and W2 are the weight
matrixes, b1 and b2 are the bias vectors, and tansig (*) is the nonlinear function in the
hidden layer.

2.2. Battery Thermal Model

The aim of building a battery system thermal model is to estimate the temperature of
batteries without temperature sensors, especially the batteries with the lowest and highest
temperature, which are the limitations of the battery module discharge and charge ability.
In this study, a two-state lumped parameter thermal model is constructed as the single cell
model, the EKF algorithm is introduced as the closed-loop method to estimate the battery
core temperature, and a network of single cells is connected to form the module model. The
modeling is based on the battery pack of Wuling HongGuang Mini EV (SAIC GM Wuling
Automobile Co., Ltd., Liuzhou, China) [8].
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2.2.1. Single Cell Thermal Model and EKF Algorithm

The so-called “two-state” refers to the abstraction of the entire cell into two mass
points of “core” and “shell”, as shown in Figure 2a. The basic thermal parameters of each
part are shown in Table S1.
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The two-state lumped parameter model assumes heat is generated from the core. Then,
the heat transfer from the core to the shell, the shell and environment follow a convection
cooling process.

The heat generation of the core includes reversible heat and irreversible heat, as shown
in Equation (4): 

q = qrev + qirr

qrev = −IT ∂UOCV
∂T

qirr = I2R
(4)

where qrev is the reversible heat. To calculate qrev, the entropy heat coefficient needs to be
identified, which is the calculation by partial derivative OCV with respect to temperature
T, qirr is the irreversible heat and is needed to identify the total resistance R which is
calculated by voltage drop at small C rate divided by the current. The map of heat
production parameters is shown in Figure S4.

The heat transfer equation from the battery core to the shell is shown in Equation (5):
where ccore is the specific heat capacity of the core, q is the heat generation, Tcore is the core
temperature, Ts is the shell temperature, and Rcore2s is the equivalent thermal resistance of
heat transfer from core to shell, in K/W. The calculation method of Rcore2s is to abstract the
heat conduction in three directions inside the battery into three thermal resistances, and the
three thermal resistances are connected in parallel to calculate the total thermal resistance,
as shown in the second formula in Equation (5). The thermal resistance in each direction is
calculated by dividing the thickness by the thermal conductivity in that direction, as shown
in the third formula in Equation (5).

ccore
∆Tcore

∆t = q− Tcore−Ts
Rcore2s

1
Rin2s

= 1
Rxx

+ 1
Ryy

+ 1
Rzz

R = δ
λ

(5)

The process of convection heat dissipation from the shell to the environment is also
abstracted as a thermal resistance model, as shown in Equation (6): where cs is the specific
heat capacity of the shell, Tout is the ambient temperature outside the cell, Rs2out is the
equivalent thermal resistance of heat transfer from the shell to environment, as calculated
in the second formula in Equation (6), in which h is the convective heat transfer coefficient
and A is the heat exchange area.{

cs
∆Ts
∆t = Tcore−Ts

Rcore2s
− Ts−Tout

Rs2out
Rs2out =

1
hA

(6)
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The parameters used in the thermal model calculation formulas are listed in Table S2.
The temperature sensors arranged in the power battery system of the real vehicle can

measure the battery shell temperature. Hence, the deviation between the measurement
shell temperature of the sensors and the estimated shell temperature of the model can be
used to close-loop correct the estimated battery core temperature, so the EKF algorithm is
applied here for closed-loop temperature estimation. The EKF algorithm here is consistent
with that used in the aforementioned SOC estimation; the specific definition and calculation
process are detailed in the supplementary file.

2.2.2. Thermal Resistance Network of Battery System

Based on the single-cell thermal model, the heat transfer and heat dissipation processes
between cells to cells and cells to the environment are abstracted into thermal resistances,
which can be connected into a battery pack thermal model. The lumped parameters
thermal model of the battery module proposed in this study has both high accuracy
and low complexity; thus, it is suitable for estimating the cell temperature in real-time
BMS application.

The structure of the battery pack modeled in this study is shown in Figure 2b. The red
dots represent the temperature sensor placement sites. It can be seen that it is composed of
4 modules in series, each module is in a structure of eight cells in series, showing a high
degree of symmetry as a whole, and there are in total eight temperature sensors in the pack,
which is far less than the number of single cells.

The connection between single shells and between shells and the environment is
modeled by thermal resistance; the expression is shown in Equation (7): where Tb is the
bottom plate temperature, Rs2b is the thermal resistance between the shell and bottom
plate, Ta is the ambient air temperature, Rs2a is the thermal resistance between the shell
and ambient air, Tnext is the adjacent battery shell temperature, and Rnext is the thermal
resistance between the two battery shells.

cs
∆Ts

∆t
=

Tcore − Ts

Rcore2s
− Ts − Tb

Rs2b
− Ts − Ta

Rs2a
− Ts − Tnext

Rnext
(7)

For each single cell, the heat source is the core, and the heat goes to the bottom plate,
the ambient air, and the adjacent cells. According to the symmetry of the pack, the cells in
the battery pack are divided into four groups, as shown in Figure 3. The heat transfer paths
of the cells in the same region are the same, and the heat transfer paths of different regions
are different. To reduce computation, half of the battery pack is modeled in the study, and
another half pack is considered to be completely symmetrical.
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3. Experiments
3.1. Experiment Set-Up and Battery Electrical Model Parameter Identification

The object of this study is an LFP prismatic cell manufactured by Ruipu Energy Co.,
Ltd. of China (Ruipu Energy Co., Ltd., Wenzhou, China). It is the cell assembled on Wuling
HongGuang Mini EV. The standard capacity is 135 Ah, and the cut-off voltage of discharge
and charge process are 2.5 V (above 0 ◦C) /2.0 V (below 0 ◦C) and 3.65 V, respectively. The
configuration of the test bench is shown in Figure 4. A Neware CT-8000 battery test system
(Neware Technology Co., Ltd., Shenzhen, China) is used to control the charge/discharge
process while monitoring the voltage and current, a Bell BE-THK incubator (Guangdong
Bell Experiment Equipment Co., Ltd., Dongguan, China) was used to obtain various test
temperatures, and K-type thermal couples are used in cooperation with a Pico TC-08 data
recorder to monitor the battery temperature.
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To identify the parameters in ECM, an HPPC test is conducted under various temper-
atures [46]. Charge and discharge pulse currents are applied at different SOCs, and the
optimal parameters are obtained by the least squares fitting method of the battery voltage
response. To avoid lithium plating during charging at temperatures below zero, only a
discharge pulse is applied at subzero temperatures. The HPPC test protocol is shown in
Figure 5a,b; the identified parameters of ECM are shown in Figure 5c–h, and the significant
increase in the battery’s resistance at low temperature is indicated.

Training the neural network requires a lot of dynamic data. This study uses NEDC
and FUDS dynamic test conditions, and it selects seven long-term and continuous current
data from the real vehicle data set of a vehicle tested in winter of Beijing at year 2020 [8],
respectively, to form a data set. All the current protocols are shown in Figure 6. In
Figure 6h,i, it can be seen that at subzero temperatures, the battery system no longer
recovers braking energy.
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(f) The identified C1. (g) The identified C2. (h) The identified R2.
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In order to ensure the generalization performance of the training set, two batteries
are used in the testing process, and the above current conditions are randomly combined
for continuous dynamic testing. Tests were carried out at −16 ◦C, −8 ◦C, 0 ◦C, 10 ◦C and
25 ◦C, respectively. During testing, thermocouples were used to measure the temperature
of the battery case, which is one of the neural network inputs. Use the data of battery 1 as
the training set and the data of battery 2 as the validation set to evaluate the accuracy of the
model. The estimated results of the terminal voltage on the training set and the validation
set are shown in Figure S5. The RMSE of the training set is 3.4 mV, while the RMSE of the
validation set is 4.2 mV; these can both reflect the high accuracy of the NN model.

3.2. Experiments to Verify the Battery Thermal Model

Experiments are conducted to verify the thermal model of the cell. To accurately
monitor the core temperature of the battery, this study applied an internal-installed ther-
mocouple [47]; the detailed operating procedures are shown in Figure S6.

Charge and discharge experiments are carried out under 1/3 C at 25 ◦C. The results are
shown in Figure 7a. The blue solid line is the shell temperature, and the blue dotted line is
the core temperature. During the whole measurement process, the maximum temperature
difference between the core and the shell is about 4 ◦C, which confirms that the lumped
thermal model abstracting the cell into a core and a shell is necessary.
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Figure 7. The experiment and simulation results of the thermal model. (a) Temperature measurement
experiment results at 25 ◦C. (b) The validation of a single battery model at 25 ◦C. (c) Simulation
results of the module model. (d) The validation of a single battery model at −20 ◦C.

Experiments at various temperatures are further carried out to validate the battery
thermal model. The validation results are shown in Section 4.

4. Results and Discussion

The thermal state and electrical state of the battery show a strong coupling relationship.
Temperature change will cause change of the parameters in the battery electric model,
which will affect the SOC estimation process. SOC change will cause the change of internal
resistance and entropy thermal coefficient, which will affect the heat production of the
thermal model. Therefore, in the simulation process, the thermal state of the batteries is
co-estimated with SOC.
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4.1. Battery SOC Estimation Results
4.1.1. Battery Thermal State Estimation Results

Using the experimental data at room temperature of 25 ◦C and low temperature of
−20 ◦C, the closed-loop model accuracy is verified, as shown in Figure 7b,d. The RMSE
between the simulated core value and the measured core value, and its proportion of the
whole temperature rise range, are shown in Table 1.

Table 1. The simulation results of the cell thermal model.

Ambient Temperature/◦C RMSE/◦C Proportion of the Whole
Temperature Rise Range/%

25 0.4616 5.13
−20 0.8795 2.67

Then, the battery pack model is simulated, and the results of the 25 ◦C and 1/3 C
simulation are shown in Figure 7c. It can be seen that during cycling, different cells in the
battery module have obvious temperature differences.

4.1.2. Closed-Loop EKF SOC Estimation Algorithm

With the battery model using current, initial parameters and environment parameters
as input, the battery terminal voltage can be calculated. The EKF algorithm is then used
to make a closed-loop estimation of SOC [48]. The algorithm logic diagram is shown in
Figure 8a, and the specific calculation process is shown in Figure 8b, which is also the
integral SOC estimating process of ECM. In the feedforward process, the prior estimated
SOC is obtained with the Coulomb counting method; then, Kalman gain is calculated. In
the feedback process, the deviation between the measured terminal voltage and model
output terminal voltage is obtained to make a modification of the prior estimated SOC and
obtain the posterior estimated SOC.

Batteries 2022, 8, 140  13  of  21 
 

4.1.2. Closed‐Loop EKF SOC Estimation Algorithm 

With the battery model using current, initial parameters and environment parame‐

ters as  input, the battery terminal voltage can be calculated. The EKF algorithm is then 

used to make a closed‐loop estimation of SOC [48]. The algorithm logic diagram is shown 

in Figure 8a, and the specific calculation process is shown in Figure 8b, which is also the 

integral SOC estimating process of ECM. In the feedforward process, the prior estimated 

SOC is obtained with the Coulomb counting method; then, Kalman gain is calculated. In 

the feedback process, the deviation between the measured terminal voltage and model 

output terminal voltage  is obtained to make a modification of the prior estimated SOC 

and obtain the posterior estimated SOC. 

 

Figure 8. The EKF algorithm in estimating battery SOC. (a) The algorithm logic diagram. (b) The 

specific calculation process based on ECM. (c) The specific calculation process based on NN model. 

It is worth illustrating that  in an attempt to  improve the training effect of NN, the 

input data are first normalized, which have an influence on the calculation of Kalman gain 

and posterior estimation. The integral SOC estimating process of NN is shown in Figure 

8c. The main difference between  the EKF algorithm of ECM and  the NN model  is  the 

battery model used in the feedforward process and Kalman gain in the feedback process. 

In the NN‐based algorithm, to obtain the Kalman gain 𝐾௞, the measurement observation 

matrix H is calculated, which is the partial derivative of output z over input x, as shown 

in Equation (8): 

𝐻௞ ൌ
𝜕𝑧௞
𝜕𝑥௞

ൌ 𝑊ଶ ∗ ሺሺ𝑊ଵ ∗ ሾ0,1,0,1ሿ்ሻ.∗ ሺሾ1; … ; 1ሿ଺ൈଵ െ 𝑡𝑎𝑛𝑠𝑖𝑔ሺ𝑏ଵሻ. ^2ሻሻ  (8)

   

Figure 8. The EKF algorithm in estimating battery SOC. (a) The algorithm logic diagram. (b) The
specific calculation process based on ECM. (c) The specific calculation process based on NN model.

It is worth illustrating that in an attempt to improve the training effect of NN, the input
data are first normalized, which have an influence on the calculation of Kalman gain and
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posterior estimation. The integral SOC estimating process of NN is shown in Figure 8c. The
main difference between the EKF algorithm of ECM and the NN model is the battery model
used in the feedforward process and Kalman gain in the feedback process. In the NN-based
algorithm, to obtain the Kalman gain Kk, the measurement observation matrix H is calculated,
which is the partial derivative of output z over input x, as shown in Equation (8):

Hk =
∂zk
∂xk

= W2 ∗
((

W1 ∗ [0, 1, 0, 1]T
)
∗
(
[1; . . . ; 1]6×1 − tansig(b1) ˆ 2

))
(8)

4.1.3. Revisiting the LFP SOC Estimation Task and Fusion Method

We return once more to the LFP SOC estimation task. The NN model is carried out
to avoid the platform problem of the LFP OCV curve, but it also brings a higher amount
of computation and higher potential instability, which is unfriendly to the practical use of
BMS. Since the ECM method is capable of SOC estimation in the non-platform area, this
study designs a fusion method for estimating the SOC in segments by the ECM model and
the NN model. In the platform area, the NN model is used to estimate the SOC, while in
the non-platform area, the ECM model is used to conduct estimation. The combination
method is shown in Figure S7. This method is a tradeoff between the accuracy, complexity
and stability.

4.1.4. Battery SOC Estimation Results and Discussion

The three SOC estimation methods are compared under NEDC test condition. Three
different common error sources [49] are set up to compare the accuracy of the algorithms,
which are: the initial SOC has 5% error, the capacity has 5% error and the current has 5%
error. The results are shown in Figure 9.
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According to the result curves and RMSE of different algorithms, the ECM-based
method has no correction effect in the platform areas and thus has the lowest accuracy,
while the NN-based method can make corrections through the whole process and has the
highest accuracy, and the fusion method has a similar effect to the NN method and has a
high accuracy.

Since it is difficult for the data set used to train the NN model to cover all working
conditions, it is impossible to determine whether it will suddenly fail due to strange
working conditions one day in the future, which will cause very serious consequences.
Therefore, it is not appropriate to apply the pure NN algorithm to the real vehicle BMS
independently. The fusion method proposed in the study has a similar accuracy to the NN
method, and it can ensure that there will be a closed-loop algorithm based on the ECM to
correct the estimated SOC in the non-platform area, thus ensuring its stability in the whole
process, so it is a more applicable SOC estimation method in the authors’ view.

4.2. Operation Condition-Based RAE Calculation Algorithm

The RAE of the battery module is calculated by the integral Equation (9):

ERAE |I,T,SOC,SOH =
∫ tend

t0

Uout·I·dt (9)

where tend is the time when the battery terminal voltage reaches the low limit cut-off voltage.
Ren et al. introduced an approach to estimate the battery remaining discharge en-

ergy by predicting the future operating conditions [50], which has been imitated by the
subsequent studies [51,52], but few researchers have paid attention to the temperature
and SOC difference among batteries in the module, which is a big influence factor of the
battery module RAE especially in low temperatures because of “short board effect”. Taking
advantage of the SOC estimation method and battery module thermal model, this study
conducted an operation condition-based RAE estimation method of the LFP battery mod-
ule; thus, the estimation accuracy is further improved. While this study does not involve
the extraction and prediction of operating conditions, the WLTC test condition is used as
the operation condition in the simulation, according to the Chinese industry test standards.
The operation conditions prediction methods can be equally applied in this model.

The total process of SOC and temperature co-estimation and calculation of RAE is
shown in Figure 10a, and the detailed flow chart of RAE calculation is shown in Figure 10b.
When the temperature of any single cell in the series battery system is lower than 0 ◦C, the
brake energy feedback is turned off and the charge current will be turned to zero; when the
voltage of any cell in the system reaches the cut-off voltage, the whole discharge process is
cut off, and the calculation is stopped. The sum of the discharge energy of the cells is the
RAE of the module under WLTC test condition.

The real vehicle dynamic operating condition data extracted in Section 2 are used
to validate the RAE calculation. The ambient temperature is obtained by checking the
local history of that day. The initial SOC, initial module temperature and actual discharge
energy until cut-off voltage are obtained by the data recorded of BMS. Although the actual
driving condition is not the WLTC condition, the WLTC condition is still representative of
the urban driving protocol. The parameters and results are shown in Table 2. The results
demonstrate the validity of the RAE calculation method and the representativeness of the
operating conditions.
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Table 2. The parameters of the validation condition and results.

Parameter Value

Initial SOC 50%
Ambient temperature −10 ◦C
RAE from simulation 6.606 kWh

Real RAE 6.363 kWh
Estimation error +3.82%

4.3. Energy Recovery Effect under Heating Strategy
4.3.1. Heating Strategy

The battery preheating at low temperature is one way to increase available energy [8].
On the one hand, raising the temperature can lower the battery resistance and obtain energy
recovery; on the other hand, heating the battery consumes the energy contained in the
battery, so there is a trade-off relationship. This study assumes preheating the battery per
1◦C consumes 0.15% SOC [8], and we calculated the RAE with/without heating.

For a better comparison, the SOE of the battery module is obtained by normalizing
the RAE to the total discharge energy from a fully charged state to a completely discharged
state without heating. The SOE values at ambient temperature of −20 ◦C, −15 ◦C, −10 ◦C
and −5 ◦C are calculated, respectively, under the WLTC operating current, and starting
from no preheating, the preheat temperatures are set every 5 ◦C. The results are shown
in Figure 11. It can be seen that the heating strategy has a significant effect on the energy
recovery at low temperatures and low SOC, while at high SOC, heating would lower the
total energy, which is because the battery module has strong self-heating capacity.

4.3.2. RAE Prediction under Constant Power Condition

Expect for the WLTC operating condition, another RAE generation strategy is based
on constant power discharge. Compared with the WLTC condition, this strategy can batter
reflect the drivers’ characteristics and the specific average driving conditions.

Applying the big data, or historical output power, or assisted driving app for calcula-
tion, an average output power can be obtained of the specific driving state, and based on the
look-up table generated in advance, the RAE can be obtained directly without calculation,
which is applicable to BMS.
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The constant power condition-based RAE calculating process is as follows: first, the
optional current is calculated according to the power and the optional voltage, and then,
the voltage at the next time step is calculated according to the optional current. Solve
iteratively until the cut-off voltage is reached, and the total discharge energy is obtained by
the product of power and total time. At ambient temperature of −20 ◦C, RAE calculations
are performed at a constant output power of 1.5, 2.0, 3.0 and 4.0 kW with preheating to
different temperatures. The results are shown in Figure 12.
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It can be seen that with the increase in discharge power, the RAE of the battery
gradually decreases, and this phenomenon is more obvious at low SOC. The conclusion
is: the preheating strategy at low temperature and low SOC can significantly improve the
driving range, and the demand for preheating is greater at higher power output.

5. Conclusions

Aiming at relieving the mileage anxiety of LFP-assembled EVs, this study focuses on
the precise estimation of SOC and RAE for LFP battery, especially in low temperature. An
EKF algorithm is conducted with an NN battery model to calculate the SOC estimation,
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which can avoid the LFP battery voltage plateau problems compared with traditional
methods. Furthermore, the fusion method using the NN model in the voltage plateaus,
and ECM in the non-plateaus area is carried out to increase the robustness of the algorithm.
A thermal resistance network of the battery module is built based on a two-state lumped
parameter battery thermal model, and the temperature distribution of the module can be
closed-loop calculated with limited temperature sensors. The WLTC operating condition is
applied in the simulation of the module model, and RAE is obtained. Finally, the preheating
method and constant power condition-based RAE estimation are discussed to optimize
BMS application. The main conclusions are listed as follows:

(1) The ECM-based LFP battery SOC estimation method has barely any correction effect in
the plateaus areas, while the NN-based method can effectively correct the estimation
result with the highest accuracy, and the fusion method has a similar effect to the NN
method and has a high accuracy. Considering accuracy, complexity and robustness,
the fusion method is preferred in the LFP SOC estimation process, and the SOC
estimation error can be controlled within 2%.

(2) The temperature inconsistency inside the battery system would obviously influence
the battery discharge capability, and the proposed two-state battery thermal model
shows a good performance in estimating the system temperature distribution; thus,
it can improve the RAE estimation accuracy, and the error of the WLTC operating
condition-based RAE prediction method is below 4%.

(3) The preheating strategy at low temperature and low SOC can significantly improve
the driving range, and the required preheating power is greater at a higher power
output demand.

The full set of methods proposed in this study is also applicable to batteries of other
material systems in the full temperature range. In the future, the authors will focus on
introducing other dimensional signals to improve the accuracy and reliability of LFP battery
SOC estimation as well as proposing more effective operating condition prediction methods
to improve the RAE estimation accuracy. In addition, the research did not involve the
degradation of the battery, which should be considered in real BMS application. The
automatic update method of the capacity and resistance is being researched by the authors.
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