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Abstract: The battery internal temperature estimation is important for the thermal safety in 

applications, because the internal temperature is hard to measure directly. In this work,  

an online internal temperature estimation method based on a simplified thermal model using 

a Kalman filter is proposed. As an improvement, the influences of entropy change and 

overpotential on heat generation are analyzed quantitatively. The model parameters are 

identified through a current pulse test. The charge/discharge experiments under different 

current rates are carried out on the same battery to verify the estimation results.  

The internal and surface temperatures are measured with thermocouples for result validation 

and model construction. The accuracy of the estimated result is validated with a maximum 

estimation error of around 1 K. 

Keywords: internal temperature estimation; Kalman filter; thermal model; heat generation; 

entropy change 

 

1. Introduction 

Lithium-ion batteries have been widely used as energy storage devices in the fields of electric vehicles, 

wind power systems and micro-grids, because of their advantages, such as high energy density, high 
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power density and long cycle life [1]. However, thermal issues affecting cells and packs always threaten 

the operational safety. Under typical conditions, the temperature differences between the battery surface 

and core can be 10 K or more [2]. When the surface temperature reaches the upper temperature limit, 

the core temperature is already beyond the limit. High battery temperatures can trigger problems such 

as fires, electrolyte leakage and venting [3]. Thus, surface temperature monitoring is not sufficient to 

ensure the safety [4,5]. Core temperature simultaneous estimation is necessary for battery management 

systems (BMS) to diagnose thermal runaway reactions and protect batteries from potential damage. 

As a complex electrochemical process, heat generation inside batteries requires understanding the 

working principle, especially how the reaction rates change with time and temperature [6]. Formulating 

heat equilibrium equations is the most common way to describe heat generation and dissipation [7–9].  

Heat generation sources are usually analyzed depending on the complexity of the model. To validate the 

model parameters, thermocouples are usually mounted on the surface of cells for temperature 

measurement. However, the measured temperature can only describe the trends of core temperature 

changes rather than the real-time changes, regardless of whether cylindrical or large size pouch cells are 

considered, which means that a thermal runaway cannot be detected in time only with surface 

temperature monitoring, because the heat conduction between the heat source and battery surface takes 

time [10]. 

Some researchers have installed thermocouples insides the battery to measure the cell internal  

temperature [11,12]. It should be noted that thermocouples inserted into cells add manufacturing costs  

and represent a potential safety threat. Hence, the core temperature measurement is not an appropriate 

method for industrial applications. Therefore, constructing a thermal model to predict the internal 

temperature with inputs measured during operation is a promising approach to estimate a battery’s 

thermal state. Lin [5] designed an adaptive observer based on a two-state thermal model to estimate the 

core temperature. However, Lin’s model ignored the effect of heat generation caused by entropy changes 

in cylindrical batteries. Although this contribution is relatively small compared with the overpotential 

heat generation, it influences the thermal model. Forgez’s [3] thermal model took entropy change into 

account, but it lacks a quantitative analysis of the influence of heat generation. 

This work aims at developing a thermal model taking entropy change into consideration, and  

an online battery internal temperature estimation method. A simplified internal temperature estimation 

model is employed to analyze battery internal temperature changes by measurement of surface and 

ambient temperatures combined with knowledge about heat generation. This model provides insight into 

the core temperature estimation with a simplified thermal model. Model parameters such as heat capacity 

and thermal resistance are identified by using current pulses tests. A 40Ah/3.2V large size square 

laminated LiFePO4/graphite battery with thermocouples mounted on the surface and in the core is 

applied for model parameterization as well as the validation of internal temperature prediction. 

Furthermore, a Kalman filter (KF) is utilized to estimate the battery internal temperature in real-time 

during charge and discharge cycles with the process of state and time update. The estimation and 

measured results are compared to validate the model effectiveness. Experimental results show high 

quality estimation accuracy. Thus, the proposed estimation method could be applied to BMS for  

on-board thermal runaway prediction in advance using measureable surface temperatures and  

ambient temperatures. 
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2. Online Internal Temperature Estimation Based on a KF 

2.1. Internal Temperature Estimation Model 

For the battery internal temperature estimation, an accurate thermal state model has to be formulated. 

In our case, an internal temperature estimation model is applied to estimate the temperature changes in 

the battery core. The battery setup is shown in Figure 1. This model is also used in Lin’s [5] and  

Forgez’s [3] research works. What differs is that the entropy change is considered in the heat generation 

analysis for a square laminated LiFePO4/graphite battery in this work. Some assumptions are necessary 

to simplify the model development: (1) surface temperature of the battery is uniform; (2) the heat 

generation is evenly distributed within the battery; (3) heat conduction is the main way for heat exchange. 

 

Figure 1. Experimental setup. 

The governing equations of Tc and Ts are as follows: 
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where cC  (J/K) and sC  (J/K) are the heat capacity for the core and surface, respectively, sT (K) is the 
battery surface temperature, cT  (K) is the core temperature, 

fT  (K) is the temperature of air.  

cR  (K/W) is a lumped parameter aggregating the conduction and contact thermal resistance, used to 

model the heat exchange between the core and the surface. Convective cooling through the battery 
surface is modeled by a convection resistance uR  (K/W) between surface and ambient air. tQ  is the by 

production of chemical reactions during battery operation.  



Energies 2015, 8 4403 

 

An expression for heat sources in a lithium-ion battery was presented by Thomas and Newman [13]. 

In their study, heat sources include the Joule heating, reversible entropic heat from the reaction, the heat 

produced from mixing and the heat from irreversible chemical reactions. In this work, the side reactions 

caused by aging are so slow as to be neglected. In addition, the heat of mixing is due to a non-uniform 

reaction rate. When the current is interrupted, the concentration gradients developed inside the battery 

relax, causing heat to be released or absorbed [6]. A general trend is that for battery design and 

manufacturing processes, the concentration gradients are limited and the heat of mixing can usually be 

ignored. Following the statements above, the simplified heat generation can be expressed as  

Equation (3): 

( ) OCV
t cOCV

c

dV
Q I V V IT

dT
    (3)

Where I  is the charge/discharge current (positive for charge, negative for discharge), OCVV  is the open 

circuit voltage, V  is the cell voltage, OCV

c

dV

dT
 is the entropy coefficient. The first term on the right of 

Equation (3) is the heat generated by overpotential, which is irreversible, and is always positive, whereas, 

the second term is the reversible entropic heat, which is either positive or negative depending on the 

direction of current and also the sign of the entropy coefficient. The entropic heat generation is defined 
as /cIT S nF  , where S  is the entropy change, n is the number of electrons which are transferred in the 

electrochemical reaction during operation, F is the Faraday constant (96486 C·mol−1). Knowing that
OCV

c

dV
S nF

dT
  , the entropic heat generation can be calculated and the result can be expressed as the 

second term on the right of Equation (3). The detailed derivation process is given in [14]. 

It is known that heat generation is the basis of internal temperature estimation, thus an accurate heat 

generation estimation is necessary. The heat generation equation as shown in Equation (3) has been 

applied in many previous studies [3–5]. The irreversible overpotential heat, which represents the 

dominant part in the total heat generation, can be calculated by the product of current and overpotential. 

The cell voltage could be measured directly, while the Open Circuit Voltage-State of Charge  

(OCV-SOC) curve was extracted experimentally [15]. Due to the hysteresis of the LiFePO4 chemistry, 

the average of the charge and discharge voltage curve is taken as the open circuit voltage curve in this 

study. For the reversible entropic heat, the entropy coefficient is based on the function of battery 

temperature at open circuit for different SOCs. In this work, the voltage relaxation method is used.  

The detailed process to obtain the OCV-SOC curve and entropy coefficient is described in Section 2.3. 

The heat generation caused by entropy change was neglected in Williford’s study [16], however, when 

the current rate is high, the Joule heating will be dominant as it is proportional to Current Square. 

Therefore, the effect of entropic heat will be negligible as it is only proportional to current. Entropic heat 

is most significant in the medium current range. Thus, overpotential and entropy change are the two 

origins of heat generation considered in this work. 

2.2. State Space Model 

The battery core and surface temperature are influenced by heat generation and release. For the sake 

of our internal temperature estimation design, it is assumed that the core of battery is taken as a  
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lumped-parameter heat source to exchange heat to the surface, because the complex chemical reactions 

give out heat when the battery is charging or discharging. In addition, the battery surface temperature changes 

slowly during the sampling time (1 second or less), which is also proved in experiments. Therefore, it is 

assumed that the surface temperature does not change in a short sample time. Depending on the 

assumptions above, Equation (1) can be rewritten in discrete-time, as shown in Equations (4) and (5): 
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     (4)
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Inserting Equation (3) into (5), gives Equation (6): 
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According to the assumptions, the surface temperature variation within a short sampling time is 

ignored, thus, the left part of Equation (2) is zero, a consequently Equation (2) can be simplified as 

Equation (7): 
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   (7)

Therefore, the discrete state-space equations can be expressed by Equations (6) and (7). 

2.3. Parameters Identification 

In this section, the thermal (Ru, Rc, Cc, Cs) and electrical (OCV, entropy coefficient) parameters in 

Equations (6) and (7) are identified by experiments: 

2.3.1. Thermal Parameter Identification 

To identify the thermal parameters, the current pulses test [3] was applied to obtain the unmeasured 

heat capacity and heat resistance. In the experiment, symmetrical and periodic current pulses with  

0.2 Hz frequency and two current rates, 40 A and 60 A, were used in the battery to raise the temperature. 

In a cycle of current pulses, the state of charge (SOC) variation is so small as to be neglected. As a result, 

the entropy change heat generation is zero, because in a short time period, the magnitude of entropic 

change heat in the positive pulse is the same as that in a negative pulse, but with opposite sign. Therefore, 

the overpotential heat generation can be seen as a constant heat source, because this part is always 

positive and the magnitude of current pulses is the same. The 50% SOC was chosen since the state of 

heat generation is steady. After the temperature is steady, parameters could be identified according to 

the thermal state equations. The curves of current pulses and the corresponding temperature changes are 

shown in Figure 2. 
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Figure 2. 60 A current pulses test and temperature changes. 

In Figure 2 the black dotted line and blue solid line indicate current and voltage, respectively,  

while the black dotted line and red solid line indicate the surface and internal temperature, respectively. 

Utilizing the results of current pulses test, the heat resistance for the core and surface as well as the 

heat capacity for the core can be calculated according to the following equations: 
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In Equations (8) and (9), ∞ represents the thermal steady state (after an hour under current pulses in 

this study), the average power for overpotential heat generation is 4.759 W in a cycle. The core and 

surface heat capacity can be obtained from the transient part of the experiment. The identification results 

are shown in Table 1. 

Table 1. The thermal parameters identification results. 

Parameters Ru (K/W) Rc (K/W) Cc (J/K) Cs (J/K) 

±40 A current pulse (1.5 h) 0.260 0.864 1067 545.3 
±60 A current pulse (1.5 h) 0.255 0.873 1069 548.1 

2.3.2. Electrical parameters identification 

In order to calculate the heat generation, the relationship between OCV and SOC is required.  

The terminal voltage can achieve the true OCV value after idling for a long time. To acquire the data,  

a test was performed and the procedure is designed as follows: the battery is first discharged by 10% of 

the nominal capacity from fully charged state at 12 A. After 3 h resting, the OCV is considered to reach 

the equilibrium potential. The terminal voltage is measured to be taken as the OCV value at the target 

SOC. The battery is continuously discharged by a further 10% of the nominal capacity at the same current 
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rate. The procedure above is performed repeatedly to obtain the OCV-SOC curve until the cutoff voltage 

is reached. The test is also performed during charging from fully discharged. The charge and discharge 

OCV-SOC curves do not coincide, because of the hysteresis effect. Hence, the average of charging and 

discharging curve is taken as the result. The OCV-SOC curve is shown in Figure 3. 

 

Figure 3. OCV-SOC curve of the battery. 

The voltage relaxation method is used to get the entropy coefficient. The battery is left with an open 

circuit for about 3 h to reach a relatively stable state at a specific SOC and temperature. Then, the cell 

voltage can be measured, which is approximately the open circuit voltage. The voltage variation curves 

under different ambient temperatures are shown in Figure 4. 

 

Figure 4. Voltage variation with the change of ambient temperature. 

Taking 100% SOC for example, the entropy coefficient is obtained from the slope of the curve as  

a function of SOC, as shown in Figure 5. Where, mV means 0.001 V. The same process is carried out at 

other SOCs with an interval of 10%, and the fit curve is shown in Figure 6. 
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Figure 5. Entropy coefficient for SOC = 100%. 

 

Figure 6. Entropy coefficient curve with the change of SOC. 

The identification for both thermal and electrical parameter has been finished. A mathematical method 

is required to achieve battery internal temperature online estimation. The following section introduces 

the KF-based internal temperature estimation method. 

3. KF-Based Internal Temperature Estimation 

As stated in the Introduction section, the battery internal temperature cannot be measured directly. For 

the proposed KF, the battery internal temperature can be estimated by acquired measureable parameters 

and the established model. It can be seen that the state space equations: Equations (6) and (7) are linear. 

KF is a common method used for linear state estimation problems [17,18]. It comprises a set of recursive 

equations that are repeatedly evaluated as the system operates. The unmeasured internal temperature can 

be estimated by Equation (6) and the Kalman gain is utilized to rectify the estimated internal temperature. 
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Assuming the discrete linear system is expressed as follows: 

1 1 1 1t t t t t kx A x B u w       (10)

t t t t t ky C x D u v    (11)

where x is the state vector, u is the input vector, t − 1 and t indicate the past state and the present state, 

kw  and kv  are the process noise and measurement noise respectively, obeying a zero-mean white 

Gaussian stochastic process with covariance matrices of vP  and wQ . The determination of covariance 

matrix of noise vP  and wQ  has a great influence on estimation result. vP  is highly related to the 

temperature measurement error. wQ  is highly related to the system noise, current and voltage 

measurement error. Thus, we set value as: vP  = 1 × 10−4, wQ  = 1 × 10−1. 

The discrete Equations (6) and (7) can be written in the form of Equations (10) and (11), respectively. 
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As the KF is a common method for linear state estimation, the detailed process is not described here. 

The reader is referred to Kalman’s original papers [17,19] for further derivation details. 

4. Experiment Design 

4.1. Battery Charge/Discharge Cycle Test 

The battery cycle test was carried out in the temperature chamber at 298 K. In addition, the battery 

was charged and discharged at constant current rates (1 C, 1.5 C, 2 C) with the same initial state  

SOC = 0%. Before charging or discharging, a period of 6 hours’ relaxation was set to ensure the initial 

thermal state. The Arbin instrument (Arbin Instruments Co. Ltd., College Station, TX, USA) recorded 

the current and voltage and temperatures in real-time to calculate the ampere hour (Ah) consumed and 

monitor the surface and ambient temperatures. The operation information was transferred to a computer 

through a Recommended Standard 232 (RS 232) interface for record and storage. 

4.2. Measurement Equipment 

All tests were performance with a channel of an Arbin Instruments BT2000 test bench (18 V, ±10 A 

for the medium current range and ±100 A for high current range), the voltage and current measurement 
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accuracy are ±0.01% and ±0.02% for full-scale ranges respectively. Additionally, the temperature tests 

were performance in a Testsky GDW-80 (Taisite Experimental Equipment Co. Ltd., Nanjing, China) 

thermal chamber, where the temperature range is 233–423 K and the accuracy is ±2 K. 

4.3. Experiment Object 

The test batteries are LiFePO4/graphite type square laminated batteries, with a capacity of 40 Ah, and 

the upper and lower voltage limits are 3.65 V and 2.5 V, respectively. Moreover, thermocouples are 

installed: one is inserted into the cell and another four are on the surface, just as is shown in  

Figure 1. These thermocouples are used for parameter determination and model validation purposes. 

5. Results and Discussion 

5.1. Heat Generation Analysis 

In order to further evaluate the influence of overpotential and entropy change on heat generation at 

different current rate cycles, three charge and discharge cycles under different current rates were carried 

out. Figure 7 shows the heat generation caused by overpotential and entropy changes during the process 

of constant current charging and discharging. 

(a) 

Figure 7. Cont. 
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(b) 

(c) 

Figure 7. Heat generation for 3 charge/discharge current rates (a) 2 C current rate heat 

generation; (b) 1.5 C current rate heat generation; (c) 1 C current rate heat generation. 
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In Figure 7, the left part of each figure is the result of charging, while the right part is that of 

discharging. And the heat generation caused by entropy change is indicated with black solid lines with 

box markings, the overpotentical heat generation is indicated with blue solid lines with round markings 

and the total of that two parts is indicated with triangle markings. In the charge/discharge curves of  

Figure 7, the black line with solid boxes is the voltage curve and the blue solid line is the current curve. 

As discussed in Section 2.1, overpotential heat generation is always positive in Equation (3) that 

means that the effect of this part is exothermic. For entropy change heat generation, whether it is 

exothermic or endothermic depends on the sign of the current and the entropy coefficient. As is observed 

in Figure 7, the sign of the entropy change heat generation during the charging process at different current 

rates is negative, which indicates that the entropy change generation is endothermic within the SOC 

range between 0% and 37%. However, the amplitude of overpotential heat generation is large, due to 

the large resistance in the low SOC range. As a result, the total heat generation is exothermic. As the 

charging process progresses, the SOC increases when the SOC is within the range between 37% and 

85%, and both parts of heat generation are exothermic. Additionally, the overpotential part accounts for 

the main part of total heat generation, because of the small amplitude of the entropy coefficient. Near 

the end of the charging process, the heat generation increases dramatically, due to the increase of entropy 

coefficient and resistance. 

In the discharging process, the sign of the entropy change heat generation is negative over a large 

SOC range (from the start to 37% SOC discharging), whereas the total heat generation is always 

exothermic because of the large amplitude of the overpotential part. However, near the end of discharge 

(37% SOC–0% SOC), the sign of the entropy change heat generation becomes positive, thus the total 

heat generation increases sharply. It is notable that the total heat generation in this SOC range is 2–3 

times that in the steady state, for example SOC = 50% in discharging mode. 

The analysis above shows that at the end of the charging or discharging process, the total heat 

generation increases greatly. Moreover, the battery generates more heat with the increase of current rate 

in both the charging and discharging processes. In applications such as Electric Vehicle (EV)/Hybrid 

Electric Vehicle (HEV), if the heat could not be released efficiently, the accumulated heat may cause a 

thermal runaway, which threatens the operational safety. For the HEV application, the SOC operation 

range is between 30% and 70%, the heat generation is relatively steady in this range, and the entropy 

change part is so small as to be ignored, while overpotential heat generation is the main part, which 

would be a reference for the determination of a control strategy for a Thermal Management System 

(TMS). As for EV, whose SOC operation range is from 0% SOC to 100% SOC, high rate charging and 

discharging should be avoided, moreover, at the end of charging or discharging, TMS should control the 

actuator to dissipate more heat, considering the observed sudden increase of heat generation. 

5.2. Validation of Battery Internal Temperature Estimation 

To verify the battery internal temperature estimation described in Section 3, the proposed method is 

applied in charge and discharge cycles to estimate the internal temperature with measured cell voltage, 

current, surface temperature and ambient temperature. The identification parameters are obtained 

through previous experiments. The model parameters refer to Table 1. The real values for internal 

temperature are measured by a thermocouple inserted inside the battery, and the estimated values are 
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based on the model and measured inputs. Here, three current rates (2 C, 1.5 C, 1 C) for charge and 

discharge are chosen for validation, and the corresponding current and voltage curves are shown in 

Figure 7. The temperature variations are shown in Figure 8, the left part of each figure is the result of 

charging, while the right part is that of discharging. And the pink dotted line with upside-down triangle 

markings indicates the estimated internal temperature, the black solid line with box markings is the 

measured internal temperature. The red solid line with round markings is the average of four surface 

temperatures measured by surface thermocouples. The blue solid line with regular triangle markings is 

the ambient temperature. 

(a) 

(b) 

Figure 8. Cont. 
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(c) 

Figure 8. Internal temperature estimation for three current rates. (a) Internal temperature 

estimations for 1 C current rate charge/discharge; (b) Internal temperature estimations for 

1.5 C current rate charge/discharge; (c) Internal temperature estimations for 2 C current  

rate charge/discharge. 

As observed in Figure 8, there are significant differences between the surface and core temperatures. 

This demonstrates the statement in the Introduction section that the surface temperature could hardly 

reflect the core temperature change accurately. In the charge and discharge process under the same 

current rate, the temperature rise rate at the end of discharging is higher than that of charging. Under 

different current rates with the same current direction, the internal temperature rises with the increase of 

current rate. Thus, the heat generation analysis mentioned in Section 5.1 is verified. The proposed 

method is implemented on the three current rates for charging and discharging, and the results are shown 

in Figure 8a–c, respectively, which show good curve-fitting effects and accurate prediction results with 

maximum errors within 1 K. Additionally, the RMSE for internal temperature estimation under different 

current rates and directions are detailed in Table 2. 

Table 2. Root Mean Squared Error (RMSE) for estimation on the three current rates. 

Current Current Direction RMSE 

40 A Charge/Discharge 0.287145/0.502787 
60 A Charge/Discharge 0.294537/0.243265 
80 A Charge/Discharge 0.301420/0.362020 

6. Conclusions 

A simplified thermal model was presented to describe the thermal balance in a battery. The heat 

generation was analyzed quatitatively so as to determine the influence of overpotential entropy changes 

on battery heat generation. As a result, at both ends of charging and discharging, the total heat generation 
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increases dramatically, especially for discharging. Thermocouples are installed inside the battery to 

provide real values for parameterization and validation of prediction. Additionally, the battery  

surface temperature and ambient temperature are measured as the inputs for the proposed method.  

A difference between the surface and core is observed during the experiments of constant current 

charging/discharging, which emphasizes the necessity for the estimation of internal temperature. The 

estimation error of the internal temperature with a KF is validated to be less than 1 K. In addition, the 

KF comprises a set of recursive equations that are repeatedly evaluated as the system operates, so during 

the operation only the present data and the last time point data need to be stored. The proposed method 

is efficient and simple to implement on a micro-controller based BMS or TMS for battery internal 

temperature estimation. This is a preliminary study, and our future work will focus on a strategy for low 

temperature thermal management. 
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