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Abstract: Maintaining batteries within a specific temperature range is vital for safety and efficiency,
as extreme temperatures can degrade a battery’s performance and lifespan. In addition, battery
temperature is the key parameter in battery safety regulations. Battery thermal management sys-
tems (BTMSs) are pivotal in regulating battery temperature. While current BTMSs offer real-time
temperature monitoring, their lack of predictive capability poses a limitation. This study introduces a
novel hybrid system that combines a machine learning-based battery temperature prediction model
with an online battery parameter identification unit. The identification unit continuously updates the
battery’s electrical parameters in real time, enhancing the prediction model’s accuracy. The prediction
model employs an Adaptive Neuro-Fuzzy Inference System (ANFIS) and considers various input
parameters, such as ambient temperature, the battery’s current temperature, internal resistance,
and open-circuit voltage. The model accurately predicts the battery’s future temperature in a finite
time horizon by dynamically adjusting thermal and electrical parameters based on real-time data.
Experimental tests are conducted on Li-ion (NCA and LFP) cylindrical cells across a range of am-
bient temperatures to validate the system’s accuracy under varying conditions, including state of
charge and a dynamic load current. The proposed models prioritise simplicity to ensure real-time
industrial applicability.

Keywords: Li-ion battery; temperature prediction; battery thermal management; ANFIS; neural
network; system identification; electric vehicle

1. Introduction

Considering the drastic development of Li-ion battery technology in recent decades,
energy density and safety have been two major topics of Li-ion batteries in various ap-
plications such as electric vehicles, mobile devices, power plants, etc. Batteries generate
massive heat while discharging, particularly under high C-rates. Consequently, the heat
causes the battery temperature to rise. Lithium-ion battery performance is susceptible to
temperature [1,2]. The battery’s electrochemical characteristics dynamically shift following
temperature change [3]. A high-density battery pack consisting of a large number of cells
creates a massive quantity of heat that accumulates inside, which causes the temperature
to rise inside the battery. High temperatures can lead to a decline in battery performance,
shorten the battery life span, and even cause a thermal runaway with critical safety is-
sues [4,5]. Hence, heat generation must not be overlooked [6]. Failure to manage the
battery’s thermal characteristics causes a risk of performing safely as well as adversely
affecting the battery’s lifetime with degradation of power and capacity [7–9]. At low
temperatures, the battery electrochemical characteristics tend to decrease the ionic conduc-
tion rate of the electrolyte and slow the chemical reaction at the anode and cathode [10],
which causes battery capacity loss and efficiency drop in both charge and discharge [11,12].
Therefore, battery thermal management is a crucial issue that requires extensive research
and development.
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Thermal management of batteries is also critical in achieving the desired performance
in a wide range of temperature environments and ensuring the battery’s safe operation,
particularly in high-temperature environments. Due to the physical characteristics of the
conventional lithium-ion battery, heat dissipation starts with internal heat diffusing to the
battery shell surface [13], which means that any temperature data captured by sensors on
the battery surface will have a data lag before the temperature rise or drop is reflected.

As a result, it is essential to predict the temperature change in the battery well in
advance to ensure the efficiency of the cooling/heating system. A battery cooling system is
critical for battery safety, mainly to prevent the battery thermal runaway [14]. In addition,
keeping the battery working under a temperature threshold can prolong its lifetime [12,15].
On the other hand, lithium-ion batteries suffer from capacity loss when they work at low
ambient temperatures. Battery preheating is a common way to help the battery avoid such
capacity loss. Due to the structure of the conventional lithium-ion cells, the difference
between the battery’s inner temperature and its surface temperature could reach around
5 ◦C [16] or even more when the battery experiences over-discharge [17]. By considering
the heat conduction mechanism inside a cylindrical battery, we better understand the time
lag between the heat generation inside the battery and its surface temperature. Hence,
a battery temperature prediction unit can help BTMSs maintain battery safety at high
temperatures by preventing the battery temperature from going beyond the thresholds.
Meanwhile, it can also help improve the preheating process when the battery might face
capacity loss at low temperatures. Machine learning models are a promising solution to
address this problem. The system can predict the battery’s temperature change in a finite
prediction horizon by identifying and using proper input information. This research aims
to design and validate such a system using experimental data.

Surprisingly, there are few studies in the literature in which the problem mentioned
above has been addressed. Feng Fei [18] proposes an electrochemical–thermal neural
network (ETNN) model for battery state estimation. It combines simplified sub-models
for predicting core temperature and approximate terminal voltage with a neural network
to enhance their performance. The ETNN model accurately estimates battery voltage
and core temperature under a wide range of ambient temperatures and discharge rates.
An unscented Kalman filter (UKF) is integrated with the ETNN to achieve reliable co-
estimation of state of charge (SOC) and state of temperature (SOT), and experimental
results demonstrate satisfactory co-estimation performance. Marui Li et al. [19] applied
a sophisticated algorithm involving multi-sequential neural networks and deep learning
for battery state estimation. Andreas et al. [20] adopted a Convolutional Neural Network
(CNN) model for battery temperature prediction, which is trained with cross-domain data
from the simulation, vehicle fleet, and weather stations. They considered the battery cooling
thresholds, practical data, and battery heat generation. Seho Park et al. [21] developed a
technique to predict the battery temperature change trend based on the driving pattern and
adopted the UDDC driving cycle and the cooling effects with empirical function. Mengyi
Wang et al. [22] applied a CNN model for a battery pack’s internal temperature prediction
with good visual analysis and soft sensor technology with big data size that counts the
thermal convection rate and thermal dissipation rate. Kaizheng Fang et al. [23] developed
an ANN model to predict the surface temperature of a Ni-MH battery during charging
under different ambient temperatures. The model was trained using data from charging an
8Ah cylindrical Ni-MH battery under different current rates and ambient temperatures.

Currently, the main function of Battery Thermal Management Systems (BTMSs) is
to monitor the battery state (particularly the temperature) at the present time and take
any necessary action. What the existing BTMSs lack is the ability to predict the battery
temperature in the near future. Such a battery temperature prediction unit can help the
battery cooling system to prepare for the battery temperature rising in the next few minutes,
for instance, due to a high charge/discharge rate at the present time. This research aims to
develop an AI-based battery temperature prediction method to contribute to the robust
and efficient use of battery systems, particularly in an EV application. For that purpose,
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an Adaptive Neuro-Fuzzy Inference System (ANFIS) is trained to predict the battery’s
surface temperature within a finite time horizon using the history data of the battery’s
charge/discharge and the battery’s internal parameters. A system identification technique
is also used along with the ANFIS model to update the battery parameters continuously.
As a result, the proposed hybrid method is able to deal with any sudden changes in the
battery’s state, which distinguishes it from all other existing methods in the literature.

2. An Overview of the Proposed Concept

The primary objective of the proposed model in this study is to accurately forecast
the surface temperature of a battery in a finite time horizon (for example, 30 s ahead) by
using updated values of battery-related parameters in real time. This must be achieved
despite the limitations of measurement tools as well as the uncertainties around the ambient
temperature and fluctuations of the load current over the entire battery lifetime.

To tackle the complexity of the problem mentioned above, it is imperative to incorpo-
rate several critical variables into the problem formulation. However, the parameters that
can be directly measured from a battery during its operation are limited and only include
the load current, terminal voltage, and surface temperature. This is insufficient to gain
a comprehensive understanding of the battery’s performance and its characteristics. For
instance, identifying the surface temperature of a battery solely based on terminal voltage
and current is not feasible. One approach is to create a mathematical representation of
the battery’s electrical and thermal behaviours. Battery modelling enables us to obtain
additional battery parameters beyond the direct measurements, including the SOC, state of
health (SOH), internal resistance, and open-circuit voltage. Adding these factors makes it
possible to predict the battery’s surface temperature using the existing direct measurements.

An analysis of the battery parameters obtained from battery modelling enables us
to find the relationship between the battery’s surface temperature and internal parame-
ters. This opens up new possibilities for understanding the behaviour of batteries and
optimising their performance. However, there is currently no established method that
can directly demonstrate the correlation between the battery parameters and the battery’s
surface temperature. This has posed a significant challenge to researchers seeking to fully
comprehend the underlying physics of battery operation. Fortunately, advances in machine
learning techniques offer a promising avenue for tackling this complex problem. Machine
learning can identify the relationship between various physical parameters by analysing
historical experimental data [24,25]. By training a machine learning model using a dataset
containing both battery parameters and corresponding surface temperature readings, it
will be possible to develop a predictive model that can accurately forecast the battery’s
surface temperature based on its electrical and thermal parameters.

In this study, an innovative and highly effective system is developed for predicting
battery surface temperature based on a hybrid approach. The proposed system, shown
in Figure 1, includes an online identification unit that enables real-time monitoring of
battery internal parameters, allowing for more accurate and precise temperature prediction.
To ensure the system’s effectiveness and reliability, real-world usage simulation test data
are used.

The hybrid approach developed in this study combines analytical and empirical
models, using the strengths of each to provide the most accurate and reliable predictions
possible. The analytical model is based on fundamental principles of battery operation,
such as the electrochemical heat generation equation. In contrast, the empirical model is
developed using historical data and machine learning techniques. This approach allows
for identifying and integrating a wide range of physical and environmental factors that can
impact battery performance and temperature. Using this hybrid battery surface tempera-
ture prediction system, we can understand the complex interplay between the battery’s
electrical and thermal parameters. By accurately predicting battery surface temperature, the
system can support the development of more effective and efficient battery management
strategies, leading to longer battery life and overall performance improvement.
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From Figure 1, the data splits into two groups: directed measured data (i.e. volt-
age, V, current, I, and temperature, T) and the data coming from the battery parameter
identification unit (battery resistance, R, open-circuit-voltage, OCV, state of charge, SoC,
state of health, SoH, and generated heat, Q). The direct measurements are provided by the
battery sensors, which are current, terminal voltage, and surface temperature. The online
identification unit processes the measured data and obtains the required parameters, such
as internal resistance and open-circuit voltage, which are used for the calculation of the
battery heat generation rate, and then estimation of the expected change in the battery
temperature within the prediction horizon.
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Figure 1. The proposed concept of battery temperature prediction using direct measurements and
real-time system identification.

3. Battery Temperature Prediction Methodology

As mentioned earlier, the battery surface temperature prediction system requires
battery test data to build electrical and thermal models and train the ANFIS. So, the
proposed methodology includes (1) the battery experimental setup and test procedures;
(2) the battery modelling; (3) the ANFIS model; and (4) the prediction model performance
evaluation. In the following, these parts are discussed for every detail of the whole concept
shown in Figure 2. Then, the battery temperature prediction results are demonstrated and
discussed.
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3.1. Battery Experimental Setup and Test Procedures
3.1.1. NCA Battery

The first battery used in this study is a Lithium Nickel Cobalt Aluminium Oxide
(LiNiCoAlO2), commonly known as an NCA battery. NCA batteries are known for their
high specific energy and long lifespan, making them an ideal candidate for EV powertrains.
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This commercial product is widely applied in EVs and significantly advances in battery
manufacturing [26]. Figure 2 displays five NCA cells used in the experiments conducted
in this research. Table 1 contains the detailed specification of the NCA cells. The spec-
ifications include critical information such as the battery’s capacity, voltage limits, and
charge/discharge rates. Understanding the cell’s technical specifications is essential to
evaluate its performance and reliability.

Table 1. Specifications of the NCA cell.

Parameter Value

Rated capacity (mAh) 4800 mAh
Nominal voltage (V) 3.62 V

Max charging voltage (V) 4.2 V
Cut-off voltage 2.5 V

Operating temperature (surface) (◦C) Charge: 0 to 45
Discharge: −30 to 60

Standard discharging current 0.2 C
Standard charging current C/3
Maximum discharge rate 2 C

Maximum charge rate 1 C
Peak discharging current (30 s, 10 s) @ SOC 50% 42 A, 54 A

3.1.2. LFP Battery

The Lithium Iron Phosphate (LFP) battery has recently obtained a notable ascendancy
in the EV market [26]. The material of an LFP battery is made of lithium-ion phosphate
(LiFePO4). LFP batteries are also known as lithium ferro-phosphate or phosphate batteries.
Compared with other types of lithium-ion batteries, LFP batteries offer several advantages
including a long cycle life and outstanding thermal stability ensuring excellent safety.
LFP batteries are less likely to experience thermal runaway or catch fire, making them a
popular choice for EVs. Although LFP batteries have a lower potential, electrical, and ionic
conductivity compared with ternary lithium-ion batteries, they have excellent performance
in terms of lifespan and SOH consistency, maintaining their capacity over numerous
charge and discharge cycles. These reliable and cost-effective characteristics make LFP
batteries a widely used option for energy storage systems. In this study, additional tests
are conducted on the RS Pro lithium-ion iron phosphate cells shown in Figure 3. The
cell model is LIFePO4-26650 with a capacity of 3399 mAh, and other specifications are
presented in Table 2.
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Table 2. RS Pro LFP cell specifications.

Item Value Note

Standard capacity 3200 mAh 0.5 C (current value of 3200 mAh at 1 C)
Capacity range 3100~3300 mAh 0.5 C

Standard voltage 3.2 V
Alternating internal resistance ≤30 mΩ With PTC

Charge conditions
Cut-off
voltage 3.65 ± 0.05 V Constant current charge to 3.65 V at 0.5 C

Constant voltage charge to stop until 0.01 C mACut-off current 0.01 C
Discharge cut-off voltage 2.5 V

Cycle characteristic 2000 times 100% DOD, the residual capacity is no less than
80% of rated capacity at 1 C-rate

Max. continuous discharge current 9.6 A
Pulse discharge current 15 A, 10 s

Working temperature Charge: 0~55 ◦C
Discharge: −20~60 ◦C

Storage temperature −20–45 ◦C
Battery weight 86 g (approx.)

3.1.3. Experimental Setup

To meet the demands of our battery testing objectives, we have developed a compre-
hensive battery testing system. Figure 4 shows the configuration of the battery testing
system, which consists of several key components that work together to achieve our exper-
imental goals. The central component of the system is a personal computer (PC), which
serves as the terminal control centre. The PC is equipped with the necessary software, i.e.
MATLAB/Simulink 2020b, and communication cables, which allow it to communicate with
the other components of the system, such as the power supply and the thermocouple data
logger. The PC sends charge/discharge commands to the power supply, which then applies
the required load current to the battery. The battery is inside a thermal chamber to control
the ambient temperature during all tests. The battery fixture is connected to the power
supply via wires and is designed to hold the battery in place during the testing process. To
monitor the battery’s performance during the test, the power supply measures the battery
voltage and current every second. This information is sent back to the terminal control
centre for recording and monitoring purposes, allowing us to track the performance of the
battery over time. In addition to measuring the battery voltage and current, temperature
signals are collected during the testing process. Thermocouples are attached to the surface
of the battery, allowing us to monitor the temperature of the battery during each test. The
thermocouples are connected to a data logger, which sends the temperature signal back
to the PC for recording and analysis. In general, the battery testing system is designed to
collect accurate and reliable data related to the performance of the test batteries during
the experiments.
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3.1.4. Experimental Test Procedures

To successfully apply battery research, it is important to conduct performance tests
and identify the characteristics of the battery being developed. This helps to ensure that the
battery performs as intended and meets the requirements for its intended use. The battery
testing plan is typically divided into four stages mentioned below, each serving a specific
purpose in assessing the battery’s performance and identifying any potential issues.

1. The battery undergoes constant current discharge and mixed pulse discharge tests to
assess its performance.

2. The battery experiences the WLTP test to evaluate its performance under a realistic
driving condition.

The Worldwide Harmonised Light Vehicles Test Procedure (WLTP) [27] is a globally
recognised standard for testing the fuel economy and emissions of light-duty vehicles.
This standard defines a driving cycle that consists of four segments: low-speed urban
driving, medium urban driving, highway cruising, and extra-high speed [28], as illustrated
in Figure 5. The simulated WLTP battery load current profile, shown in Figure 6, is obtained
after the simulation of a typical EV over the driving cycle. In this profile, a negative current
value indicates that battery discharge occurs during vehicle acceleration. The magnitude
of the current value corresponds to the rate of acceleration. Conversely, a positive current
value indicates that battery charging occurs during energy regeneration. This process is
known as regenerative braking, which captures the energy generated during braking and
stores it in the battery for later use.
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Figure 6. Simulated WLTP battery load current profile.

The WLTP test used in this research is intended to provide a more accurate picture
of real-world EV applications and consequently contribute to the development of a more
practical temperature prediction model for such an industrial application. As the tests
were performed on single cells, the current requirement was scaled down to match the
capabilities of each cell. Each WLTP test was conducted for repeated cycles until the battery
was depleted.

To further simulate real-life usage, the tests are carried out at various ambient tem-
peratures ranging from −10 ◦C to 40 ◦C. This helps to identify the impact of the ambient
temperature on battery performance. The results from these tests can be used to optimise
the design and performance of batteries, especially for the EV application.
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As mentioned earlier, the battery test is primarily controlled using a MATLAB code,
which sends the pre-programmed commands to the power supply, monitors the battery
voltage, and controls the charge and discharge current during each test. An example WLTP
test is shown in Figure 7. In that figure, the cell is fully charged before starting the WLTP
discharge profile and the whole charge/discharge cycle is repeated several times in this
case. As mentioned above, the required data for battery temperature prediction consists
of two parts. The first part is provided by direct measurements, the data recorded by the
power supply and the thermocouples. These data include the battery terminal voltage,
the load current, and the battery surface temperature. The thermocouples connect with
the temperature data logger, which converts the voltage signal from the thermocouple to
the digital temperature data and sends it to the PC for recording. All measurements are
recorded in the form of time series with a sampling rate of 1 Hz for both the power supply
and the temperature data logger.
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Figure 7. Battery load current, terminal voltage, and temperature signals recorded during a
WLTP test.

3.2. Battery Modelling for Temperature Prediction
3.2.1. Battery Electrical Modelling

In this study, we focused on battery-equivalent circuit models due to their compatibil-
ity with the online identification process used in this research. An equivalent circuit model
comprises a network of resistors and capacitors that represent the electrical properties
of the battery. By analysing the voltage and current measurements of the battery, the
equivalent circuit model can accurately predict the battery’s performance. Although the
electrochemical models are not used in this study for their complexity, it is important to
acknowledge their accuracy, which makes them more suitable for offline applications. A
battery electrochemical model takes into account the internal chemical processes of the
battery, providing a more detailed analysis of its behaviour. However, due to the need
for light computational effort in the online identification process used in this study, the
equivalent circuit modelling approach sounds like a more practical and effective option.

After a detailed analysis of the battery test data, it was found that there is no direct
correlation between the battery surface temperature and the terminal voltage and/or the
load current signals. The mission of this study is to build a battery electrical model to
obtain additional battery parameters, which can help us to better understand the battery’s
performance and, specifically, the heat generation inside it. According to the literature,
the two primary parameters of interest are the internal resistance and the open-circuit
voltage (OCV). These parameters cannot be measured directly using sensors during the
tests. However, they can be calculated from the measured current (I) and terminal voltage
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(V). The internal resistance represents the battery’s resistance to the flow of current, while
the OCV represents the voltage of the battery when it is not connected to any load. These
parameters are critical in evaluating the battery’s performance and predicting its behaviour
under different conditions.

The Rint model, shown in Figure 8, is a widely used mathematical model for recharge-
able batteries that has proven to be an effective tool for optimising battery performance [29].
The Rint battery model has only two parameters: an ideal voltage to characterise the
open-circuit voltage and one resistance [30], as shown in Figure 8. The variable IL is the
load current, whereas the parameter Vt represents the battery’s terminal voltage.
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Polarisation is a special effect observed in batteries, especially during discharge,
which can affect the accuracy of the battery’s electrical parameters [31]. Adding one RC
model to the Rint model can improve it by considering the effect of polarisation and this
model is called the Thevenin model [29], which is illustrated in Figure 9. In this figure,
Vt is the battery terminal voltage, Voc represents the battery open-circuit voltage, IL is
the charge/discharge load current, Ro is the ohmic resistance, and Rp and Cp stand for
equivalent polarisation resistance and capacitance, respectively [32]. In several studies, the
Thevenin model is used for battery electrical parameter analysis because of its acceptable
level of accuracy [33,34]. In this study, the Thevenin model is only used for offline battery
parameter identification to generate a reference benchmark. The mathematical presentation
of this model is as follows [35]: {

Vt = Voc − Ro IL − Vp
dVp
dt = − 1

RpCp
Vp +

1
Cp

IL
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Figure 9. Thevenin model.

One of the most critical aspects of the Rint model is its ability to predict battery
performance under a dynamic load profile accurately. When a battery is subjected to a
dynamic load, it experiences quick voltage drops and jumps due to its ohmic resistance. The
Rint model can incorporate such voltage drops/jumps into its calculation. By incorporating
the effect of ageing on the Rint model’s internal resistance, it can easily consider the battery
degradation as well.

For the proposed battery temperature prediction methodology, the battery characteris-
tic data are crucial for the heat generation model, where the battery parameter identification
unit plays a key role. In this study, a 90 s time window is considered as battery usage
history to perform the parameter identification process in real time. Longer timeframes
(5 min or more) do not make sense because very old data are almost irrelevant in this case.
On the other hand, very short time windows (a few seconds) might also face some issues
such as not being able to identify the battery model due to lack of information. Therefore,
something in between was needed. Our suggestion is a time window between 1 and
3 min. In a dynamic high C-rate current profile such as the WLTP driving cycle scenario,
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the identification results might show higher errors. However, it is still acceptable after
applying an averaging filter as shown in Figure 10. The figure illustrates identified values
for the NCA cell’s internal resistance during a WLTP test, from a fully charged state until
depletion. The resistance values are averaged over a short time window (i.e., 90 s in this
case). According to the result, the resistance remains almost constant between 30% and
100% SOC and it gradually increases at lower SOCs.
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Figure 10. The internal resistance of the NCA cell identified during the WLTP test.

In the following two subsections, the internal resistance and the open-circuit voltage
are explored with the two different battery electrical models, and then the outcomes are
compared and analysed. While there are some differences between the two models in
terms of their electrical parameters, that difference is not significant enough to affect the
subsequent stages of the battery temperature prediction system. However, given the
complexity of the system and the computational requirements, the algorithm used for
this analysis must be able to perform the necessary calculations quickly and respond
promptly. After careful consideration and online identification, the Rint model was selected
as the primary algorithm for battery electrical parameter analysis. This model satisfies the
criteria of the hybrid battery temperature prediction system by providing fast and accurate
responses to changes in the battery’s electrical parameters. Therefore, the Rint model is
used throughout the remainder of this paper for the online identification unit.

For a dynamic load profile such as the WLTP current profile, the battery OCV is not
easy to identify. Similar to the battery resistance identification, a 90 s historical time window
is considered, and an averaging filter is applied to obtain the OCV in real time during a
dynamic load profile. In the laboratory environment, pulse tests can be applied to identify
the correct values of the battery model’s parameters called offline identification. The
mixed pulse discharge test and constant discharge test are used in the offline identification
process. Then, battery characterisation is performed by analysing the battery data to
determine the internal resistance, polarisation effect, and open-circuit voltage. The offline
identification results can also be used as a reference to validate the online identification
outcomes. It should be noted that the offline identification method is not feasible in
real-time applications.

Figures 11 and 12 show a comparison of the OCV values between the online and offline
identification obtained at three different temperatures. The online identification curves
have more fluctuations due to the variations in the WLTP current profile. Both test data are
collected in the same battery status and the same ambient temperature. Generally speaking,
the two curves have the same trends and the exact start and end values, which can verify
the online identification results to be used later for the battery temperature prediction.
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For battery heat generation calculation, the battery internal resistance is a vital param-
eter to consider in addition to the current and voltage. Also, battery internal resistance
changes with the ambient temperature and charge/discharge current, especially under
the WLTP test. The battery resistance changes as the discharge current fluctuates. In
addition, considering the battery ageing effects, the battery heat generation model cannot
use a fixed resistance value. A fixed internal resistance might work for heat generation
calculation in a standard situation like normal ambient temperature and a non-dynamic
load current profile. However, it cannot handle extreme temperatures as well as dynamic
load current profiles, which have remarkable impacts on battery internal resistance. The
online identification unit can solve that issue by regularly updating the resistance value to
be used more precisely for the heat generation calculation.

The battery’s thermal behaviour varies at different SOC levels impacting the battery’s
surface temperature prediction. It is crucial to highlight that an estimated SOC is not
employed as an input for the battery surface temperature prediction in this study. Although
adding a SOC estimator to the proposed temperature prediction system is possible, it is not
essential because the system can identify the battery model’s parameters automatically. The
proposed system is designed to work in a way that is independent of any state estimator.
This is an advantage because no additional error will be added to the system due to the state
estimation accuracy limitations. It should be noted that despite excluding SOC estimation
from the temperature prediction system, the proposed system considers the impacts of any
changes in the battery’s states by continuously identifying its parameters in real time. This
includes the changes in battery SOC and the battery’s state of health, which are discussed
in the next section.

3.2.2. Battery Thermal Modelling

We should consider the time required for the heat transfer from the battery’s core to its
surface for battery temperature prediction. The heat generation inside a lithium-ion battery
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contains three main parts: (i) reaction heat Qr; (ii) polarisation heat QP; and (iii) Joule heat
QJ [36]. So, there is always a lag in temperature change on the cell’s surface compared
with its core temperature. Considering this potential impact on the battery’s temperature
prediction, we need the battery thermal model to calculate the heat generation to be used
for surface temperature prediction. Two battery heat generation models have been applied
and tested in this research.

Battery heat generation is a complicated process with many discrete phases involving
the battery energy content. The battery heat generation process can be assumed to combine
these processes: chemical reactions, phase changes, mixing processes, electrical work, and
heat transfer with the ambient air.

Bernardi electro-chemical heat generation is a type of heat generation that occurs
in batteries during the charge and discharge processes. This type of heat generation is
down to the internal resistance of the cells and the resistance of the connecting wires, as
well as the chemical reactions that take place during charge and discharge. Bernardi heat
generation depends on the load current through the battery, the battery SOC, and the
power consumption. It can be calculated by measuring the cell’s voltage and current during
both charge and discharge. Regarding the battery heat generation theory, presented in
reference [36], in typical circumstances, the factors influencing thermal generation can be
broken down into four elements:

• Heat value Qr due to entropy changes from electrochemical reactions;
• Polarisation heat value Qp;
• Battery side reactions, self-discharge, and such due to electrolyte decomposition,

which are named Qs;
• Joule heat value Qj, which is caused by the ions shift between the anode and the

cathode through the electrolyte with resistance called battery internal equivalent
resistance, is also overpotential.

Therefore, the total generated heat Q could be written as follows:

Q = Qr + Qp + Qs + Qj = nFT
(

∂Eε

∂T

)
+ Qp + Qs + Qj (2)

In short, in the scenario of a Li-ion battery, the Qs is necessarily zero. During the
charging phase, if the charge current rate is very low, the polarisation heat Qp becomes
relatively small, and the battery is in a heat absorption condition at the beginning of the
charge, which could be kept at a low temperature. But when the charge rate increases,
both the Qp and Qj will elevate at the same time. In the discharge process, the battery
temperature will rise with a non-linear trend.

Generally, the heat generation rate of a single cell during discharge can be divided into
two groups, reversible heat and irreversible heat, as defined by the researcher Bernardi [37]:

QGen = Qirr + Qrev = I·(U − OCV) + I·T·∂OCV
∂T

(3)

where parameter Qirr is the irreversible heat generation caused by the losses, which happen
in the current collectors as well as the active materials. On the other hand, Qrev is the
reversible heat generation, which happens because of a change in entropy during the inter-
calation and deintercalation of the lithium ions. The parameter U is the terminal voltage in
volt (V), T is the core temperature in Kelvin (K), and ∂OCV

∂T is the entropy coefficient (V/K),
which depends on the SOC and has a significant influence on the temperature behaviour of
the model [38].

The entropy coefficient ∂OCV/∂T = −0.14 mV/K was determined by measuring the
open-circuit voltage as a function of temperature at SOC of 20% for the NCA battery [38,39].
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3.3. ANFIS Model

Based on the whole concept presented in Figure 1, the hybrid battery temperature
prediction system needs machine learning techniques to identify the relationship between
the battery’s future temperature and its current state. Figure 13 presents a schematic of
the machine learning model required in the hybrid battery temperature prediction system.
As shown in the figure, three inputs are considered here: (A) the ambient temperature,
(B) battery’s surface temperature at the present time, and (C) the amount of heat generated
inside the battery. The only output is shown by T, which is the battery temperature
predicted within a finite time horizon. This study uses an Adaptive Neuro Fuzzy Inference
System (ANFIS) to achieve this goal.
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ANFIS is a powerful and flexible tool that can be used to model and predict complex
systems with several input and output variables and unknown relationships between them.
It combines the advantages of fuzzy logic and neural networks to build a hybrid system that
can handle crisp and fuzzy data. ANFIS was born in 1993 based on the first-order Takagi–
Sugeno fuzzy model proposed by Jang [40]. After several years of development, ANFIS is
now a well-known artificial intelligence technique used in a wide range of applications [41].
Generally, ANFIS uses either backpropagation or a combination of least-squares estimation
and backpropagation for membership function parameter estimation [42]. Fuzzy logic
is a mathematical technique that deals with uncertainty and imprecision in data. Using
linguistic variables and fuzzy sets allows for approximate reasoning and inference. On the
other hand, the neural network is a machine learning algorithm that can learn complex
patterns and relationships in the data. ANFIS combines these two techniques by using
fuzzy if–then rules to represent the input–output relationships and neural networks to
learn the parameters of the rules. For example:

• Rule 1: if x is A1 and y is B1, then f1 = p1 x + q1 y + r1.
• Rule 2: if x is A2 and y is B2, then f2 = p2 x + q2 y + r2.

Each rule consists of a set of antecedent and consequent parts, where the antecedent
part represents the input variables x and y. The consequent part f represents the output
variable. The antecedent part is usually a fuzzy set, and the consequent part is a linear or
nonlinear function of the input variables.

The learning algorithm ANFIS focuses on adjusting the parameters of the fuzzy if–then
rules to minimise the error between the predicted and the actual outputs. This is carried
out using a combination of gradient descent optimisation and the least-squares method.
The gradient descent algorithm adjusts the parameters of the network in the direction of
the negative gradient of the error function. At the same time, the least-squares method
finds the optimal values of the parameters that minimise the sum of the squared errors [43].

In this study, as shown in Figure 13, three main inputs are used by the ANFIS model.
The first one is the ambient temperature, a directly measurable variable. The second input
is the battery’s temperature at present. This is also directly measurable in real time. The
third input, which is the most complicated one, estimates the heat generated inside the
battery within a predefined historical window. Both the electrical and thermal models,
discussed in the previous section, are used to estimate the heat generation in real time
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according to the state of the battery as well as the history of charge/discharge. Having all
the inputs, the ANFIS model is trained to learn how to predict the temperature change
within the prediction horizon.

For the training of the ANFIS model, it is crucial to separate the data into training
and testing sets to evaluate the algorithm’s performance on new unseen data. Figure 14
shows an example of data division into the following three groups: training, checking, and
testing. Several tests were performed at different ambient temperatures and then a training
dataset was built using all of them. Around 50% of the whole data were used for training
and checking to design and prepare the ANFIS model. As a result, the ANFIS model could
have access to a wide range of test data recorded at various ambient temperatures. For
testing, we used the remaining data case by case as presented in the following sections.
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Figure 14. An example division of the data into the three groups of training, checking, and testing.

Figure 15 demonstrates the training and testing data in one place to highlight their
similarities and differences. All datasets are independent and entirely different from each
other, ensuring that the model is unbiased towards the training data. During the training
phase, ANFIS learns the patterns and relationships in the training data to make the predic-
tions later. However, it is essential to evaluate the model’s performance on new unseen data
to determine its generalisation ability under any unique situation. Performing rigorous
testing and evaluation on this diverse dataset can ensure the accuracy and reliability of the
ANFIS model for predicting the battery temperature, as discussed in Section 4.
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3.4. Model Performance Evaluation, Test Reliability, and Consistency Assessment

The battery temperature prediction topic does not have any standard for accuracy. It is
vital to demonstrate a proper way of processing test data and propose a performance eval-
uation method for the proposed battery temperature prediction system. First, the system’s
performance is evaluated using the test data collected at various ambient temperatures
ranging from 10 ◦C to 30 ◦C for a fresh cell under the WLTP test profile.

Standard statistical measures are used to evaluate the accuracy and reliability of the
proposed battery temperature prediction system, such as mean absolute error (MAE),
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maximum error, and root-mean-square error (RMSE). The MAE provides an average
absolute difference between the predicted and the actual temperature values, which can
be used to determine how well the model performs overall. The maximum error provides
the highest absolute difference between the predicted and the actual temperatures, which
can help to identify any potential outliers or errors in the predictions. In addition, RMSE
provides a more comprehensive picture of the model’s accuracy by taking into account
the squared differences between the predicted and the actual temperature values, which
can help identify any biases in the predictions. The MAE and RMSE formulations are
presented below:

MAE =
1
m

m

∑
i=1

∣∣∣h(xi
)
− yi

∣∣∣ (4)

RMSE(X, h) =

√
1
m

m

∑
i=1

(
h
(
x(i)

)
− y(i)

)2 (5)

By evaluating the performance of the ANFIS model using these statistical methods, it is
possible to identify any areas where the model is underperforming and make improvements
to increase its accuracy and reliability. This can involve adjusting the parameters of the
fuzzy if–then rules, collecting more data to improve the training of the model, or using
different input variables to capture the underlying patterns in the data better.

Test Uncertainty Analysis (TUA) is a crucial process used to estimate and evaluate
any uncertainty’s potential sources and magnitudes in a measurement or testing process.
In this research, the accuracy of the test data is essential, as the data will be used in the
machine learning model for training and testing, which highly depends on the quality of
the data. TUA identifies and qualifies the sources of uncertainty that can arise and affect
the accuracy of the measurements.

In battery testing, potential sources of uncertainty can be attributed to various fac-
tors, including the accuracy of the measurement devices, environmental conditions like
changes in the ambient temperature, sample variability due to the noise, and inevitable
operator errors. Once the uncertainty sources have been identified, the potential impact
on measured data can be estimated and analysed using statistical methods. TUA aims to
provide a comprehensive understanding of the uncertainties associated with the battery
test measurement process and provide a robust characteristic for the battery temperature
prediction model in this research.

This analysis makes every effort to control the sources of uncertainty. The test opera-
tion procedure is refined, and the test rig is calibrated to ensure the accuracy of the mea-
surements. An analysis of all the uncertainty sources and their solutions is provided below:

• Data measurement accuracy: the power supply is calibrated before the test to ensure
it provides accurate power to the battery. Multi-thermocouples are attached to the
battery surface to avoid thermocouple failure or inconsistencies in quality. To minimise
computational effort, the average temperature data value is taken from all thermo-
couples, with a temperature difference threshold of ∆ ≤ 0.2 ◦C between them. This
approach helped to reduce computational complexity while still providing accurate
temperature data. Furthermore, all data acquisition equipment is synchronised at a
1 Hz sampling rate, ensuring that the data collection is consistent and precise.

• Noise reduction: the battery and the rack are kept in the thermal chamber with a metal
shell to reduce electromagnetic interference. To minimise the impact of vibration from
the thermal chamber during testing, fire-resistant foam is added under the battery
rack to absorb any potential vibration. Maintaining a consistent ambient temperature
during testing is essential for obtaining accurate and reliable data. Keeping the battery
in the thermal chamber allows it to control the ambient temperature and minimise the
impact of external factors on the battery’s performance.

• Improved environmental conditions: while the thermal chamber can precisely control
the ambient temperature with a quick response, the battery temperature may not shift
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as efficiently as expected. To ensure accurate temperature measurements, the battery is
left in the thermal chamber for at least two hours before each test to allow the battery
temperature to reach the same level as the ambient temperature. One factor that could
not be controlled is the humidity level inside the chamber. However, the thermal
chamber is equipped with a ventilation system to maintain relatively dry conditions
inside the chamber.

Test repeatability is essential to ensure consistency and reproducibility in the test
results obtained from multiple measurements or trials of the same item or system under
the same test condition. In this research, test repeatability is crucial as the test data are
applied for a machine learning-based model to avoid the model being trained explicitly for
a single cell.

To ensure test repeatability, two identical NCA cells are tested under the same test
conditions, including the same current profile, ambient temperature, and test equipment.
Figure 16 compares the voltage responses between two identical cells under the same test
profile. Figure 17 shows a similar comparison of the two cells’ temperatures under the same
test. According to the results, both figures demonstrate significant overlaps between the
curves. Statistical methods are used for repeatability evaluation, and the comparison results
are presented in Table 3 as a percentage of values. By analysing the repeatability of the test
results, it is possible to ensure the consistency and reliability of the data used in the machine
learning-based models. The test repeatability analysis is not only essential to ensure the
consistency and reproducibility of the test results but also to prove the robustness of the
hybrid battery temperature prediction model. If the prediction result accuracy remains
high level despite various battery characteristics, it indicates that the model is robust and
reliable in real-world applications. As battery cell consistency is a frequent issue in battery
pack applications, it is crucial to have a robust temperature prediction model that can
handle various battery characteristics.
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Table 3. Statistical evaluation of the voltage and temperature signals recorded from two identical
NCA cells under the same test.

Cell Group Current Profile RMSE of Voltage RMSE of Temperature

Cell 1 and Cell 2 WLTP 0.0599 0.2651

4. Battery Temperature Prediction Results

To evaluate the proposed battery temperature prediction system, experimental tests
were conducted at different ambient temperatures. Each test consisted of several cycles
from fully charged to fully discharged states. The WLTP current profile was utilised during
the discharge stage to mimic the battery’s real-world usage. To better see the results
obtained from the tests, only one cycle is shown in each figure. It should be noted that each
discharge cycle might include several repeats of the WLTP profile until the battery is fully
depleted. The following sections present and discuss the prediction results for both cases
of the NCA cells and the LFP cells separately.

An important point here is that the ANFIS model is not retrained each time when
switching between different ambient temperatures. The model is trained once for each cell
chemistry (i.e., NCA and LFP), and then it is validated under different scenarios.

4.1. NCA Battery Temperature Prediction Results

The first set of validation results comprises a comparison between the NCA battery’s
predicted temperature and the reference temperature 30 s ahead at an ambient temperature
of 10 ◦C. As shown in Figure 18, there is a high degree of overlap between the predicted
and the reference temperatures. Furthermore, Table 4 presents statistical measures obtained
in this case. The MAE, which measures the average magnitude of the errors, confirms the
overall accuracy of the prediction model, while the max error and RMSE provide insights
into the degree of deviation between the predicted and actual temperatures. Notably, the
RMSE indicates that the temperature prediction closely follows the real battery surface
change with no significant outliers.
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Figure 18. The NCA battery temperature prediction validation 30 s ahead during the WLTP test
at 10 ◦C.

Table 4. Statistical evaluation of the NCA battery temperature prediction errors 30 s ahead during
the WLTP test at various temperatures.

Test Scenario MAE Maximum Error RMSE

WLTP at 10 ◦C 0.0369 0.7708 0.0655
WLTP at 20 ◦C 0.0374 0.5729 0.0862
WLTP at 30 ◦C 0.0488 0.6390 0.0922

The second validation case contains the same results at 20 ◦C. As depicted in Figure 19,
the predicted and the reference temperatures exhibit a high degree of overlap, indicating
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the accuracy of the prediction model. The statistical measures, presented in Table 4, further
reinforce this finding under this ambient temperature too.
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Figure 19. The NCA battery temperature prediction validation 30 s ahead during the WLTP test
at 20 ◦C.

The third validation case similarly shows the effectiveness of the proposed model at
30 ◦C. The results are demonstrated in Figure 20 and Table 4.
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Figure 20. The NCA battery temperature prediction validation 30 s ahead during the WLTP test
at 30 ◦C.

The prediction results obtained from the three above-mentioned validation cases
demonstrate that the proposed battery surface temperature prediction system is highly
effective for a fresh NCA cell under various ambient temperatures. All the results were
related to a 30 s prediction horizon. Although the 30 s time window is sufficient for the EV
application safety concerns because this study is readily applicable to other applications
such as aerospace, further validation case studies were conducted to challenge the proposed
prediction model with longer prediction horizons. Table 5 includes the prediction errors for
the cases of 60 s and 90 s prediction horizons. Looking at the results, although the errors
are slightly higher than in the case of the 30 s prediction horizon, they are still deficient in
terms of system reliability. The MAE is around 0.12 ◦C even at 90 s ahead.

Table 5. Statistical evaluation of the NCA battery temperature prediction errors 60 and 90 s ahead
during the WLTP test 20 ◦C.

Test Scenario MAE Maximum Error RMSE

20 ◦C, 60 s ahead 0.0765 1.1115 0.1203
20 ◦C, 90 s ahead 0.1275 1.1812 0.1954

4.2. LFP Battery Temperature Prediction Results

To check if the proposed battery temperature system works for any battery, the same
analysis was performed here on the LFP cells introduced in Section 3.1. It should be noted
that the ANFIS model is trained again for the LFP cell; however, it was performed only
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once, which means we did not need to retrain it when switching between different ambient
temperatures or various duty cycles, etc.

The first validation test on the LFP cells was performed at 0 ◦C, where the goal was
to predict the cell’s surface temperature 30 s ahead. According to the results presented in
Figure 21, there is a good agreement between the predicted temperature and the reference
temperature in this case. Some points slightly deviate from the reference value around
the highest temperature area and the outcome is very similar to the previous instances
of the NCA cell temperature prediction. Upon conducting statistical analysis, presented
in Table 6, it was found that both MAE and RMSE measures show an excellent level of
accuracy on average whereas the maximum error reaches 2.47 ◦C in this case. Therefore,
these findings prove that the proposed temperature prediction method is generally reliable
even for other types of cells if it has already been trained with the relevant data.
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Figure 21. The LFP cell’s temperature prediction 30 s ahead during the WLTP test at 0 ◦C.

Table 6. Statistical evaluation of the LFP cell’s temperature prediction errors 30 s ahead during the
WLTP test at various temperatures.

Test Scenario Average Error Maximum Error RMSE

WLTP at 0 ◦C 0.1327 2.4744 0.2947
WLTP at 10 ◦C 0.0686 0.6954 0.1137
WLTP at 20 ◦C 0.0559 0.6266 0.0904

The second and third validation cases of the LFP cell’s surface temperature prediction
under the WLTP test were performed at 10 ◦C and 20 ◦C, respectively. Figures 22 and 23
show the predicted temperature versus the reference temperature values in the two cases,
which again demonstrates an excellent match between the two curves. According to
Table 6, the maximum error is less than 1 ◦C in both cases, which is much better than in the
previous case. These comparative results are also similar to what was already observed for
the NCA cells.
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Figure 22. The LFP cell’s temperature prediction 30 s ahead during the WLTP test at 10 ◦C.
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5. Conclusions

A new battery temperature prediction methodology was developed by combining
an online battery model identification technique with an ANFIS model. Temperature
prediction results were compared against experimental data obtained from the NCA and
LFP cells. The validation tests were repeated at different ambient temperatures to ensure the
system worked under various conditions. In addition, the prediction horizon was changed
from 30 s to 90 s to measure the sensitivity of the method to that factor. As is the case for
all types of predictors, a longer prediction horizon leads to an increase in the prediction
errors; however, according to the results, the prediction accuracy remained relatively low
(i.e., MAE = 0.12 ◦C) even at 90 s ahead. Another observation for both the NCA and LFP
cells was that the prediction errors were higher at lower ambient temperatures. This is a
good result because the risk of high battery temperatures usually becomes more critical
when the ambient temperature is also high. According to the results, the proposed method
showed its best performance at the highest temperatures.

Overall, the proposed battery temperature prediction system has proven to be a highly
practical and versatile tool. It not only performs exceptionally well for a particular cell but
also maintains a consistently high level of accuracy across other battery types. This is a
crucial feature, as batteries come in various shapes and sizes, and their thermal behaviour
can differ significantly depending on their composition and environmental conditions.
Therefore, the proposed system’s potential to significantly improve the performance and
safety of the batteries was demonstrated, making it an up-and-coming tool for future
research and development in the field of energy storage and advanced battery management
systems. Accurate temperature prediction is essential for battery safety and effective battery
operation in various industries, such as electric vehicles, renewable energy storage, and
consumer electronics. The proposed methodology, which includes a combination of battery
model identification and an ANFIS model, provides a robust and efficient way of predicting
battery temperature in real-world applications. Although the effectiveness of the proposed
system was demonstrated for an automotive application, the method is expected to work
in other applications, too. The findings of this study have potential implications in all
industries that rely on battery thermal management systems. By accurately predicting
battery temperature, the proposed system could enhance the safety and functionality of a
battery system, ensuring that it operates within its safe temperature range to reduce the
risk of thermal runaway.
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