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Abstract

:

This study investigates the influence of the considered Electric Equivalent Circuit Model (ECM) parameter dependencies and architectures on the predicted heat generation rate by using the Bernardi equation. For this purpose, the whole workflow, from the cell characterization tests to the cell parameter identification and finally validation studies, is examined on a cylindrical 5 Ah LG217000 Lithium-Ion-Battery (LIB) with a nickel manganese cobalt chemistry. Additionally, different test procedures are compared with respect to their result quality. For the parameter identification, a Matlab tool is developed enabling the user to generate all necessary ECMs in one run. The accuracy of the developed ECMs is evaluated by comparing voltage prediction of the experimental and simulation results for the highly dynamic World harmonized Light vehicle Test Cycle (WLTC) at different states of charges (SOCs) and ambient temperatures. The results show that parameter dependencies such as hysteresis and current are neglectable, if only the voltage results are compared. Considering the heat generation prediction, however, the neglection can result in mispredictions of up to 9% (current) or 22% (hysteresis) and hence should not be neglected. Concluding the voltage and heat generation results, this study recommends using a Dual Polarization (DP) or Thevenin ECM considering all parameter dependencies except for the charge/discharge current dependency for thermal modeling of LIBs.
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1. Introduction


In June 2022, the European Union played a leading role in the fight against climate change by proclaiming the prohibition of the registration of new internal combustion engines from 2035 going forward (except e-fuels) [1]. Battery electric vehicles (BEVs) have already established themselves in the market and are likely to become the main powertrain technology in the near future. Hence, battery power-train applications have become one of the most important topics in engineering research.



Currently, Lithium-Ion-Batteries (LIB) are the main choice for application in BEVs, because of their high power density, energy density, low self-discharge rate and long service life [2]. However, for application in BEVs, thermal safety and degradation of LIBs are two of the most challenging topics [3]. It has been widely studied that capacity, cycle life and safety are highly dependent on the LIB temperature [4,5,6]. According to Pesaran [7], the optimum operating temperature of LIBs is between 25–40 °C. Lower and higher temperatures result in degradation [6]. Operating the LIB at lower temperatures results in capacity reduction due to lithium plating. On the other hand, higher temperatures lead to degradation due to the faster growth of the solid electrolyte interphase (SEI) layer or can even result in a thermal runaway scenario of the LIB.



This leads to the topic of this research paper: the heat generation prediction of cylindrical battery cells for the application in BEVs. For an accurate design of the thermal management, reliable models are necessary to describe the generated heat while operating the LIBs. Hence, models are used to capture the electrical and thermal behavior of LIBs. These models estimate the State of Charge (SOC), State of Health (SOH), heat generation   Q ˙  , available power and available energy of a battery cell [8].



According to Nejad [9], there are three common modeling methodologies for battery cells. Firstly, there are the electrochemical or physic-based models, the Single-Particle Model; Pseudo 2D Model; second, empirical or data driven models [10] and lastly the Equivalent Electrical Circuit Models (Rint-Model and Thevenin-Model). As already indicated by the name, physics-based models are based on the detailed electrochemical understanding of the cell’s operation and dynamic. This behavior is determined by physical equations describing the processes and reactions occurring in the battery cell. Data driven models and Equivalent Circuit Models (ECM) do not need a detailed understanding of the electrochemical processes. Data driven models rely on generated training data and hence need a lot of test time to train the model. ECMs describe the cell behavior through an equivalent circuit based on an analogy to electric circuits.



The most commonly used model methodology to describe the electrical battery behavior of thermal management design processes are ECMs [11]. The benefits are an accurate description of the electrical behavior of LIBs with reasonable computational effort, while providing a prediction for the heat generation out of the electrical behavior through the energy balance (Bernardi equation [12]).



Several studies described the influence of the chosen ECM architecture type for the voltage prediction. Wilfeuer et al. [13] studied the parameter dependencies of SOC, temperature, current and pulse test duration on the cell and module levels, by comparing the resulting inner cell resistances. However, they used a simple Rint Model for studying the influence of the parameters on the resistance   R 0   while ignoring possible influences on the Open Circuit Voltage (OCV) and heat generation   Q ˙  . They have concluded, that the SOC, temperature and pulse test duration need to be considered, while the current dependency should only be included for extreme conditions, e.g., low temperatures.



Regarding LIB thermal management analysis, the chosen ECM architecture and parameter dependencies vary significantly. Current researchers only mention the chosen ECM architecture; Dual Polarization [14] (2021), Thevenin [15] (2021) or Rint [16] (2021) do not give a detailed explanation of the used model [17] (2016). Furthermore, the thermal properties (including the heat transfer coefficient to the environment) are fitted, showing that the model’s predicted temperature agrees well with the experimentally measured temperature. This results in a pretended accuracy of the thermal model, which cannot be achieved alone by the different electrical models used.



The heat generation of LIBs is a topical issue. However, current research focus on machine learning algorithms [18,19], the spatial distribution of heat generation within the cell [20] or on the heat generation rate at the limits of the operating range of LIBs [21]. All these studies have in common the fact that on the modeling side they mostly rely on ECMs to predict the generated heat by using the (simplified) Bernardi equation.



Consequently, the research question has been raised to which extent the choice of the ECM architecture and the ECM parameter dependencies influence the predicted LIB heat generation. The goal of this paper is to better understand the impact of the chosen ECM on the design process of the thermal management systems of LIBs and hence, being able to choose the ECM with the least computational effort while not losing model accuracy.



For this purpose, the cylindrical LIB cell LG INR21700 M50 is studied, which is comparable to the Panasonic 21700 cell used in the Tesla Model 3 Long Range in terms of power, nominal voltage and capacity [22,23].




2. Methodology


The methodology consists of two parts. First of all, the electric behavior of LIBs has to be described, and secondly, the thermal model has to be identified.



2.1. Electric Equivalent Circuit Models for Lithium-Ion-Batteries


Electric equivalent circuits are used to describe the input/output current and voltage behaviors of LIBs. These current and voltage behaviors can be described by using an analogy to electric equivalent circuits. The ECMs mostly consist of a voltage source, an OCV, resistors, capacitors, hysteresis and sometimes a Warburg impedance. While these parameters do not represent real electrochemical LIB characteristics, they are able to describe the electrical behavior well [8].



ECMs can generally be divided into two groups. There are the time and the frequency domain ECMs [11]. The difference between the two domains mainly lies in the conducted experiments to parameterize the ECM. While the time domain models focus on a simple current, voltage and temperature measurement apparatus, the frequency domain models require a more complex test system called Electrical Impedance Spectroscopy (EIS). The EIS methodology uses different frequencies to excite the battery and measure the resulting voltage and current response. These results yield a wide range of LIB battery operating points to parameterize the ECM. However, because of the available laboratory environment, this study uses the time domain approach.



2.1.1. The Rint Model


The simplest ECM architecture is called the Rint model, marked as (a) in Figure 1. It consists of an ideal voltage source, called the OCV   U OCV  , and the internal resistance   R 0  . By using the equation


   U t  =  U OCV  − I   R 0   



(1)




the terminal voltage   U t   can be calculated. However, the Rint model has its disadvantages in describing the dynamic behavior of the LIB.




2.1.2. The Thevenin Model


The Thevenin model, shown in Figure 1b, is an improved version of the Rint model. It connects a parallel Resistance-Capacitance (RC) network in series to the existing model parameters to describe the dynamic behavior of the LIB. The RC network consists of a polarization resistance   R 1   and an equivalent capacitance   C 1   that describe the diffusion voltage drop [8].



The terminal voltage can be determined by


   U t  =  U OCV  −  U 1  − I   R 0   



(2)




whereas,


    U ˙  1  = −   U 1    R 1    C 1    +  I  C 1    



(3)




is defined as the change in polarization voltage    U ˙  1  .




2.1.3. The Dual Polarization Model


The Dual Polarization model (DP) adds a second RC network to the Thevenin model, as shown in Figure 1c. This enables the description of the polarization characteristics more precisely. In the DP model, the polarization is divided into the electrochemical polarization with the first RC network and the concentration polarization with the second RC network. This leads to more accurate model performances [24].



The DP terminal voltage is calculated by


   U t  =  U OCV  −  U 1  −  U 2  − I   R 0   



(4)




hereby


    U ˙  1  = −   U 1    R 1    C 1    +  I  C 1    



(5)




defines the change in electrochemical polarization and


    U ˙  2  = −   U 2    R 2    C 2    +  I  C 2    



(6)




the change in concentration polarization.



In general, the accuracy of ECMs can be improved by using more RC networks in series. However, according to Hu et al. [25], the increased accuracy of more than two RC networks does not overcome the increased computational effort. Since this study tries to find the most accurate ECM for thermal modeling with the least computational effort, two RC networks are the maximum considered.




2.1.4. Dependencies


First, independent of the usage of ECMs, there is the faradic (coulombic) efficiency. This efficiency describes the generated losses while charging a battery. The coulombic efficiency is defined as


   η C  =   Q discharge   Q Charge    



(7)




whereas Q represents the total charge/discharge load. The coulombic efficiency should always be    η C  < 1   [8]. For LIB it is mostly >0.99 and, therefore, is often neglected and used as    η C  = 1  .



The ECM parameter dependencies can be divided into two groups: the OCV and resistance/capacitance dependencies. The OCV can be a function of the SOC, temperature T and hysteresis   h y s t  . The resistances/capacitances can be a function of the SOC, temperature T, charge/discharge pulse   c d c   and current I. Furthermore, both groups can be a function of the SOH. Aging phenomena should play no role in the initial decision of the most suitable ECM model for thermal management simulations. Consequently, LIB aging is not considered in this research.



Furthermore, in this study the C-rate is used. The C-rate can be calculated by dividing the applied current I through the nominal capacity   C N  . It is defined as   I = 1  C   when the current applied fully charges/discharges the LIB in one hour. When the applied current takes two hours to fully charge/discharge the LIB, the C-rate is equal to   I = 0.5  C  .




2.1.5. State of Charge Estimation


The estimation of the SOC is an essential part of LIB modeling. There are several estimation methods available, while Coulomb Counting and an estimation over the SOC–OCV relationship are the most commonly used techniques.



The Coulomb Counting method is straight forward, integrating the current I over a period of time [   t 0  ,  t 1   ] by


  SOC =  SOC 0  −  1  C N    ∫   t 0    t 1   I  ( τ )  d τ  



(8)




whereas, SOC0 describes the SOC at   t 0  . According to Ng et al. [26], the SOC0 can be estimated by measuring the OCV and taking the corresponding SOC value when the LIB cell is rested for a minimum of 120 min before.





2.2. Heat Generation Calculation


The total heat generated in an LIB can be described by the Bernardi equation [12] in the energy balance form as


   Q ˙  =   Q ˙  irr  +   Q ˙  rev  +   Q ˙  reac  +   Q ˙   m i x    



(9)




Here,    Q ˙  irr   describes the Joule heating losses,    Q ˙  rev   describes the electrochemical reaction entropy,    Q ˙  mix   are the mixing enthalpy losses in the electrolyte and    Q ˙  reac   represents the heat generation of the side reactions.



When the LIB is used in normal operating conditions, the side reaction losses    Q ˙  react   ([27]) and the mixing losses in the electrolyte    Q ˙  mix   ([28]) can be neglected. Consequently, the heat generation inside of a LIB can be calculated out of the ECM parameters through the simplified Bernardi equation


    Q ˙  loss  = I   (  U OCV  −  U t  )  − I  T    ∂   U OCV    ∂  T    



(10)




where,   U t   is the cell terminal voltage and    ∂   U OCV    ∂  T    is the LIB entropic coefficient [12]. This is because current sign convection charging the cell is defined as a negative current and discharging is equal to a positive current in this study.




2.3. Thermal Model


Computational Fluid Dynamics software Star CCM+ has been used for all studies conducted in this paper. The ECM has been included by using the Battery Equivalent Circuit Model tool by Star CCM+. A simple cylinder geometry with the battery cell dimensions is used. For solving the thermal model, Star CCM+ uses a finite volume method where the integral form of the energy balance


      ∂  ∂  t    ∫  V    ρ  E  d V +  ∮  A    ρ  H  v  ·  d a = −  ∮  A      q ˙  ″   ·  d a +         ∮  A    T  ·  v  d a +  ∫  V     f b   ·  v  d V +  ∮  A     ∑  i     h i    J i   d a     



(11)




is solved, which is described in more detail in the Simcenter User Guide [29]. The heat generation in Star CCM+ is calculated, as shown in Equation (10), neglecting phase change and mixing losses [29]. For the purpose of this paper, which is to study the influence of ECM parameters and architectures on the predicted voltage and heat generation, the thermal model has a secondary importance. Hence, the established assumptions and boundary conditions for the thermal model are only briefly discussed.



2.3.1. Assumptions


Heat generation has been assumed as uniform throughout the whole battery cell, as previously carried out by many researchers [14,15,16,30]. Furthermore, it has been necessary to set two different types of boundary conditions. First, the coat of the battery cell is taken as adiabatic because the coat has been wrapped around with thermal insulation tape to minimize the environmental influence on the temperature development in the experimental validation runs. Since there are electrical contacts on both collector sides, they could not be isolated. This results in the second boundary condition for both collector sides, which takes the summed up effect of heat convection and heat radiation into account. The simulation time step is set to   Δ t = 1  s   because of the chosen highly dynamic WLTC cycle for the model validation. Two inner iterations per time step have been used to adequately solve the electrical and thermal model. For every time step, the resulting volume averaged battery cell temperature is used as the input temperature for the ECM.




2.3.2. Heat Convection and Heat Radiation


Heat convection is defined as


    Q ˙  conv  =  h conv   A   ( Δ  T )   



(12)




where,   h conv   represents the heat transfer coefficient, A the involved surface in the heat transfer and   Δ T   the temperature difference between the surface and ambient temperatures. For free convection on a cylinder, the Nusselt number   N u   can be calculated according to Klan [31] by the Nusselt correlation


  N u =   0.752 + 0.387    R a   f 3   ( P r )    1 6    2   



(13)




while the Nusselt number   N u   and Rayleigh number   R a   are calculated with the length   L =  π 2   d  . The function    f 3   ( P r )    is defined as


   f 3   ( P r )  =   1 +     0.559   P r     9 16     −  16 9     



(14)




depending only on the Prandtl number   P r  .



Heat radiation can be calculated according to Stephan [32] by


    Q ˙  rad  = ϵ  σ  A   (  T 2 4  −  T 1 4  )   



(15)




whereas,  ϵ  represents the emissivity of the surface material,  σ  is the Stefan–Boltzmann constant, A is the surface involved in the heat radiation and   T  1 , 2    is the temperatures on the ambient and surface.






3. Experimental Setup and Parameter Identification


In this section, firstly the experimental setup and examined test procedures are presented. Secondly, the used parameter identification methodology is introduced.



3.1. Battery Test Bench


To conduct the necessary tests, a battery test bench was used. The battery test bench is composed of a Basytec HPS battery tester system with one channel, a computer on which the Basytec Software is installed and a climate chamber from Weiss Umwelttechnik GmbH. Furthermore, a cylindrical cell holder with integrated voltage and temperature measurement from the company FEINMETALL was used to measure the cell voltage. The experimental platform is shown in Appendix A Figure A1.



The voltage range of the battery tester is 0–6 V and the current range is ±60 A. The maximum error in the voltage detection is at 1 mV and 0.05% Full Scale in the current detection [33]. The workflow for the development of a LIB ECM is well documented in the literature, as, e.g., by Nikolian et al. [34]. It consists of a characterization, parameter identification and validation process. The electrical characterization process can be divided into three different types: capacity test, OCV-SOC-test and High Pulse Power Characterization (HPPC). Furthermore, to capture the reversible heat generation term, an entropic coefficient test is necessary. The individual test procedures are described in the following.



3.1.1. Capacity Test


The capacity test comprises a full charge of the cell and a full discharge afterwards according to the manufacturer’s recommendation. Through the Ampere-Hour integration


   C N  =  ∫   t 0    t end   I  ( τ )  d τ  



(16)




the nominal capacity   C N   of the LIB can be calculated.



According to Belt [35], the procedure should be repeated until the difference in discharge capacity is less than 2% for three consecutive complete discharge cycles. Furthermore, the capacity of a LIB is dependent on the cell temperature   T cell  . Hence, the capacity test needs to be examined at different test temperatures    C N  = f  ( T )   .




3.1.2. OCV-SOC Test


For determining the OCV-SOC curve, there are two different approaches. Firstly, the constant current method (CCM), and secondly, the relaxation method (RM) [36].



The CCM is to perform low constant current charge or discharge processes over the whole LIB SOC range. According to Plett [8], a current of    C N  30   is sufficient to depict a current where neglectable losses and heat generation occur in the LIB. Therefore, the resulting measured voltage over the SOC range of the battery can be taken as the actual OCV.



The RM is to discharge the LIB in sufficient (e.g., 5, 10%) SOC steps while resting the LIB for an adequate time   t rel   after each step for the relaxation process. It is assumed that the voltage measured after the relaxation time   t rel   represents the OCV at the SOC. The procedure needs to be examined for discharge and charge to get the hysteresis behavior of the LIB.




3.1.3. HPPC Test


The last test procedure is the HPPC. It has been defined by Belt [35] to capture the dynamic behavior of a LIB with an ECM. Consistent to the capacity test, the HPPC test procedure needs to be performed for different cell temperatures   T cell   as well. Additionally, varying charging/discharging current pulses should be used. The more data points are available to parameterize the ECM, the more accurate the ECM will be to describe the dynamic behavior of the LIB. However, those tests can take up to one week for one test temperature   T test  . Hence, a good trade-off between accuracy and test time is desirable.




3.1.4. Entropic Coefficient Test


There exist two methods to determine the entropic coefficient. The first option is to use the results of the OCV determination at different test temperatures (OCV method). The second option, which requires an additional test procedure, is the state-of-the-art method for the determination of the entropic coefficient (EC method).



The OCV method utilizes the results of the SOC-OCV tests at different temperatures for the determination of the entropic coefficient [37]. For each SOC point, the gradient of the OCV over the temperature can be calculated, resulting in the entropic coefficient. Geifes et al. [37] have shown the linear behavior of the entropic coefficient over varying temperatures. Therefore, it is already sufficient to use the OCV results of only two different temperature data points.



The EC method as, for example, proposed by Forgez et al. [38], can be divided into several steps. The battery cell is soaked at the test temperature    T  test , 1    , resulting in an OCV    U  OCV , 1    . Afterwards, the test temperature is set to    T  test , 2     and the cell is soaked again. The resulting OCV    U  OCV , 2     enables the calculation of the entropic coefficient term by


    ∂  U OCV    ∂ T    ( SOC )  =    U  OCV , 2    ( SOC )  −  U  OCV , 1    ( SOC )     T  test , 2   −  T  test , 1      



(17)




depending just on the SOC. While the usage of the OCV method saves additional test time, the EC method is more reliable and accurate since it is not dependent on the defined relaxation time of the OCV test.





3.2. ECM Parameter Identification


With the chosen test procedure, the ECM parameters can be identified. Depending on the desired level of detail, different ECMs can be generated. Representing the parameter identification process, the process is explained for a DP model. The parameter identification process is an advanced version of the method proposed by Zhu et al. [39].



In case of the DP model, there are six parameters to be identified: the OCV   U OCV  , the ohmic resistance   R 0  , the electrochemical polarization resistance   R 1  , the electrochemical transient capacitance   C 1  , the concentration polarization   R 2   and the concentration transient capacitance   C 2  . The OCV can be determined separately from the other five parameters.



3.2.1. Open Circuit Voltage


The OCV is identified using the RM or CCM test results. Regarding the RM, the OCV is taken as the measured voltage after the relaxation time   t rel   for every 5% SOC step. Furthermore, the OCV is determined for the SOC steps while charging and while discharging. This enables the possibility to distinguish between charge and discharge OCV in the ECM (hysteresis). When using the CCM method, the measured voltage equals the OCV over the full SOC range. The SOC-OCV results are stored in Look-Up-Tables (LUT).




3.2.2. Resistances and Capacitances


The resistances and capacitances parameter identification process represents an advanced method of the process proposed by Zhu et al. [24]. In the following, the process is explained in detail for one exemplary pulse test result shown in Figure 2. Here,   t a   is the start time of the pulse,   t c   is the end time of the pulse and   t e   is the end time of the relaxation process.



The terminal voltage of a DP model is calculated, as shown in Equation (4). To describe the dynamic LIB behavior, the polarization voltages have to be time dependent and are defined as


   U i   ( t )  =  U  RC , i    exp  ( −   t −  t c    τ i   )   



(18)




whereas,   U  RC , i    represents a calculation variable and   τ i   is equal to    τ i  =  R i    C i   . This results in


      U t   ( t )  =  U OCV  −  U  RC , 1    exp  ( −   t −  t c    τ i   )         −  U  RC , 2    exp  ( −   t −  t c    τ i   )  − I   R 0      



(19)




for the calculation of the terminal voltage   U t  . Since the OCV is already determined in the first parameter identification step, it can be subtracted here, normalizing all measured pulse end voltages to   U (  t e  ) = 0  . This leads to the parameter identification equation


      U model   ( t )  = −  U  RC , 1    exp  ( −   t −  t c    τ i   )         −  U  RC , 2    exp  ( −   t −  t c    τ i   )  − I   R 0      



(20)




whereas,   U model   stands for the predicted voltage by the ECM. This equation is used to optimize the parameters    U  RC , i   ,  τ i    and   R 0   by the Matlab gradient optimization function lsqnonlin on the measured voltage results for time span   t c   to   t e  . Using the optimized parameters, the polarization resistances   R i  


   R i  =   U  RC , i    I   1 − exp ( −    t c  −  t a    τ i   )     



(21)




can be calculated for   i = 1 , 2  . The resulting optimized five dynamic ECM parameters    R i  ,  τ i    are added to the SOC-OCV LUTs. As such, the parameter identification process is finalized.



In this study, a Matlab parameter identification tool has been developed using the described process. This tool enables the user to optimize the ECM parameters on chosen dependencies and ECM architectures. By providing the Matlab tool with the conducted HPPC test results as an input, the user can choose between considering the parameter dependencies of OCV hysteresis   h y s t  , OCV temperature T, resistance/capacitance temperature T, resistance/capacitance charge/discharge pulse   c d c   and resistance/capacitance current I. In Table 1, the parameter identification assumptions for considering or neglecting these dependencies are shown. Furthermore, all dependency studies can be conducted for a DP, Thevenin and Rint ECM architecture.






4. Results and Discussion


In the following, the experimental test results, the validation profile and the comparison of the voltage and heat generation results of the studied ECMs are shown.



4.1. Experimental Results


The experimental results present the capacity, OCV-SOC, HPPC and entropic coefficient results.



4.1.1. Capacity Test Results


Before any battery test procedure is examined, the studied LIB is activated by five full charge/discharge cycles according to the manufacturer’s data sheet [23]. The capacity test procedure is performed as explained in Section 3.1.1. For this study, three different temperatures    T test  = 5 , 25 , 45   °C were selected. The analyzed temperature range is limited at the bottom side to    T test    = 5 °C. If the temperature is T < 5 °C, the battery pack in the BEVs would be preconditioned to avoid degradation of the battery cells. Too high operating temperatures T > 45 °C also result in a degradation of the battery cell or can even lead to thermal runaway events, so the upper limit is set to    T test    = 45 °C. The resulting discharge nominal capacities   C N   are shown in Table 2.




4.1.2. OCV-SOC Test Results


The OCV-SOC relationship results are determined by both test procedures, the CCM and the RM test procedure. For the RM test procedure, a pre-test was examined. At all three test temperatures   T test  , the necessary relaxation time   t rel   for the determination of the OCV was studied at   SOC = 50 %  . The results show that at the test temperature of    T test    = 25 °C, the requirement was fulfilled after    t rel  = 40  min  . However, the required relaxation time increases at low SOCs and low test temperatures   T test  . Therefore, a safety margin was used. The relaxation time was increased to    t rel  = 2  h   for the OCV determination to ensure thermal and chemical equilibrium at all test temperatures and SOCs while still maintaining a reasonable total test time. Furthermore, SOC steps of 5% were taken to accurately determine the OCV–SOC relationship.



Figure 3 shows the OCV–SOC relationship for the CCM   I =   C N  30    and the RM test procedure at test temperature    T test    = 25 °C. As can be seen, the CCM test results show a stronger hysteresis relationship compared to the RM. According to Plett [8], the CCM test procedure assumes that the battery cell is close to electrochemical and thermal equilibrium if the current is small enough. However, the CCM equals a stronger hysteresis compared to the RM because of the non-linear behavior of the LIB polarization processes [36]. Consequently, the RM results are used in this study. This enables the proposed test procedure to be simplified, as can be seen in Figure A2 in the Appendix A. The simplified test procedure combines the OCV-SOC test and the HPPC test. For this purpose, after every 5% SOC step is set, a relaxation time of    t rel  = 2  h   is taken to measure the OCV at the respective SOC. After the relaxation time   t rel  , the HPPC profile is run and the procedure is repeated for every SOC step both for charging and discharging.




4.1.3. HPPC Test Results


The HPPC test was examined, as proposed by Belt [35], with two adjustments employed to achieve better ECM accuracy. Firstly, the rest time after every current pulse was increased from    t  rest , pulse   = 40  s   to    t  rest , pulse   = 600  s   to better capture the dynamic LIB response to the pulse. Furthermore, the recharge pulse was set at the same current as the discharge pulse to not change the SOC of the battery over a HPPC profile. Another benefit of this adjustment is being able to distinguish between charge and discharge pulse responses. The current pulse time was kept at    t pulse  = 10  s  .



The HPPC profile was run at every 5% SOC steps for charging and discharging. The current pulses tested are   I = 0.2 , 0.5 , 1 , 2  C  . However, the maximum possible current pulses vary with different SOC levels and are adapted to the manufacturer’s data sheet [23]. The HPPC procedure is performed at all three test temperatures mentioned in Section 4.1.1. The measured voltage results are used to identify the ECM parameters, as explained in Section 3.2. The test time necessary for a HPPC profile at    T test    = 25 °C, including OCV-SOC determination, is equal to    t HPPC  = 4.5 ×  10 5   s = 125  h   excluding the previous constant-current-constant-voltage-charge and soaking time.




4.1.4. Entropic Coefficient Test Results


Both methods proposed in Section 3.1.4 are studied. First, the results for the OCV method are discussed. The OCV-SOC measurements at different test temperatures    T test  = 5 , 25 , 45   °C were used to evaluate the OCV change    ∂  U OCV    ∂ T    over the temperature. However, the results show that at high and low SOCs the relaxation time   t rel   for    T test    = 5 °C is not sufficient to achieve thermal and chemical equilibrium inside the LIB. Hence, the assumption by Geifes et al. [37] of the linear behavior of the entropic coefficient with the temperature change is taken. This enables the possibility to only use the OCV results of    T test    = 25 °C and    T test    = 45 °C to determine the entropic coefficient. The OCV method results are shown in Figure 4.



The EC method could be examined as explained in Section 3.1.4. The rest time after every temperature change was set to    t rest  = 4  h  . Consistently to the OCV-SOC and HPPC test, 5% SOC steps and the three test temperatures   T test   were taken for the determination. The results are shown in Figure 4. The OCV method and the EC method show no good agreement. Especially in low and high SOC regions, the results between the two methods have large deviations. The reason, therefore, can be identified by analyzing the gradient of the OCV over time    ∂  U OCV    ∂ t    in the last ten minutes before the OCV measurement points for both analyzed methods. Adequate results expect the gradient at the OCV measurement point to be equal to zero     ∂  U OCV    ∂ t   = 0   V h   .



For the OCV method,    ∂  U OCV    ∂ t    is not equal to zero, especially in the high and low SOC regions, where the differences for the two methods can be identified the most. Hence, the thermal and chemical equilibrium have not been achieved. Looking at    ∂  U OCV    ∂ t    of the EC method, the gradients are zero, except for the really low SOC region   SOC < 5 %  . The reason for the difference can be identified in the chosen rest time   t rel  (EC method)   = 2   t rel   (OCV method). Furthermore, the EC results agree well with the results of Geng et al. [40]. Hence, for all simulations the EC method results are used as entropic coefficient LUTs. All examined test procedures are summarized in Appendix A Figure A2.





4.2. Thermal Modeling Results


In the following, the calculated and assumed thermal parameters of the investigated LIB cell are presented. The thermal parameters are the LIB density, specific heat capacity and anisotropic heat conductivities. For the determination of the density, the LIB has been weighed and the volume has been calculated out of the LIB dimensions. This results in the LIB density of   ρ =   m cell   V cell   = 2792.7   kg  m 3    .



The specific heat capacity and the thermal conductivities are taken from Steinhardt et al. [41] and Bui et al. [42] as    c p  = 850   J  kg  K    ,    k r  = 1.4   W  m  K     and    k  ϕ , z   = 30   W  m  K    . The thermal conductivity in tangential direction    k ϕ  =  k z    is assumed to be the same as in the axial direction.



Lastly, for the heat convection and radiation boundary condition, the heat transfer equations for convection (Equation (12)) and radiation (Equation (15)) were solved on the heat transfer coefficient. By adding up both heat transfer coefficient equations, a boundary condition could be set in Star CCM+ for both collector surfaces, which considers the corresponding surface averaged temperature    T avg   ( z )    and the measured ambient temperature   T amb   for the calculation of the transferred heat. The emissivity is assumed to be   ϵ = 0.3  . The boundary condition at the coat surface is adiabatic. Furthermore, a mesh independence study was successfully completed, showing no influence of the chosen mesh base size on the simulation results. Figure 5 shows the mesh and boundary conditions of the thermal model used in this study.




4.3. Validation Profile


First, the current-time WLTC profile for the studied LIB corresponding to the velocity-time WLTC profile has to be evaluated. This is derived from several assumptions taken by the comparison with a Tesla Model 3 Long Range [43]. The resulting cycle is shown in Figure 6, whereas the current is normalized with the nominal capacity   C N   (C-rate). This profile is used in the experimental setup as well as in the numerical simulation.



For the validation of the models, the WLTC profile was examined at three SOC-steps (  25 , 50 , 75 %  ) and three temperatures (   T amb  = 15 , 25 , 35   °C). The SOC steps were chosen to cover the usable battery range for the application in BEVs and the temperatures have been chosen to enable evaluation of the temperature dependency of the ECMs. In total, the studied LIB cell was cycled 23 times to obtain the electrical model before the validation profiles was examined. This corresponds with a   SOH > 99 %   according to the manufacturer’s data sheet [23].




4.4. Voltage Validation and Comparison ECMs


In total, there were eight different ECMs studied, labeled   ECM  1 − 8   . They are shown in Table 3 and can be divided into three groups. First, the ECM parameter dependency group   ECM  1 − 5   , second, the test parameters   ECM 6   and third, the ECM architectures   ECM  7 , 8   .



For the ECM parameter dependency group, the influence of the current, charge/discharge pulses, temperature and hysteresis are studied. Regarding the test parameters, ECMs were parameterized with the test results for every 5% SOC steps and 10% SOC steps. Hindermost, the influence of choosing a Rint, Thevenin and DP model is studied.



The absolute error for the comparison of the ECMs is calculated by


  e r  r U   ( t )  =    U exp   ( t )  −  U ECM   ( t )     U exp   ( t )     



(22)




for every temporal point t. This means that a negative error is an ECM overprediction of the voltage; thus, a positive error is an ECM underprediction of the voltage. The mean WLTC voltage error is calculated by


  e r  r  U , mean   =    ∑  t = 0   t end    | e r  r U   ( t )  |    t end    



(23)




and used for the comparison of the accuracy of the ECM models.



The results of the experiment and the   ECM 1   simulation voltage, as well as the error   e r  r U    for a WLTC at    T amb    = 25 °C and   SOC = 25 , 50 , 75  %   are shown in Figure 7. It can be seen that the simulation underpredicts the LIB resistance for all three SOC starting points resulting in an overprediction of the LIB terminal voltage   U t  . Hence, there is an increasing negative error   e r  r U   . The error can be caused due to not using enough RC networks for the modeling of the dynamic LIB behavior. Furthermore, the validation tests were examined after the characterization cycles. This could lead to LIB aging, which has already increased the battery resistance. However, the mean errors at all three SOCs are still small    | e r   r U   , mean | = 0.254 % − 0.366  %   .



4.4.1. Assumptions


To enable a comparison between the ECMs, several assumptions have to be made. To get an adequate comparability, SOC correction on the measured OCV is assumed to be performed at the beginning of the WLTC   t = 0  . Referring to Section 2.1.5, this assumption is valid since a rest time of    t rest  > 120  min   is fulfilled before every WLTC cycle. Hence, the SOC for every model is adapted so the start OCV    U OCV   ( t = 0 )    is the same for every compared ECM. This results in an error of the test profile of   e r  r U   ( t = 0 )  = 0  %   for all studied ECMs. The start SOC values used in the simulation for all ECMs can be seen in Appendix A Table A1.



The ECM parameter dependency studies were examined with a DP model. In total, nine simulations (three SOC starting points   SOC = 75 , 50 , 25 %   at three different ambient temperatures    T amb  = 15 , 25 , 35   °C) were experimentally tested and simulated for all studied ECMs. The discussion of the results regarding the voltage prediction is carried out by using Figure 8 (left). Since the changing ambient temperature only has an influence on the temperature dependency study (  ECM 4  ), the mean errors are averaged for every SOC starting point over all three temperatures     ∑  i = 1  3  e r  r U  , mean  (  T amb  , i )   3  . Additionally, the mean error over all nine WLTC cycles is shown in Figure 8 (right). The results are mainly discussed in comparison to the   ECM 1  , where all dependencies are considered and a DP model with 5% SOC steps is used.




4.4.2. ECM Parameter Dependencies


First, the accuracy while considering the ECM parameter dependency of the current is analyzed. For this purpose, all other dependencies have been included and just the current dependency is changed. As can be seen in Figure 8 (left), the mean SOC voltage error increased by 0.12 mV (1.4%) compared to the   ECM 1  . The discrepancy is in a reasonable range of the measuring accuracy, so the influence of the current dependency on the voltage prediction is neglectable. This can as well be seen in the LUT results for the different currents applied, as the identified resistances have relatively small deviations. Hence, the results agree well with Wildfeuer et al. [13].



The influence of the charge/discharge pulse dependency on the voltage prediction is even less. The mean SOC voltage error increases by 0.05 mV (0.6%) compared to the   ECM 1  . Consequently, the LIB internal resistance is not dependent on the direction of Lithium-Ion transport inside the cell, but more on the absolute value of the current. This corresponds well with the data in the literature, where the charge pulse usually is used as regeneration pulse to the previously examined discharge pulse.



The temperature dependency has a strong influence on the accuracy of the ECM. This can be seen for all three evaluated SOC points, with a mean SOC voltage error increase up to 21.4% compared to the   ECM 1  . If the results for the temperature of    T amb    = 25 °C were ignored, the mean SOC voltage error increases even more. This is due to the fact that the battery inner resistance and reaction (Arrhenius equation) changes with the temperature. Hence, the lower the temperature the higher the LIB resistance compared to the recommended operating temperature. This leads to underpredicted resistances at lower temperatures. As can be seen in Figure 7, the ECM of all dependencies underpredicts the LIB resistance. Consequently, using the already too low LIB resistances at    T amb    = 25 °C for the voltage prediction at    T amb    = 15 °C, the ECM voltage error further increases. Temperature dependency needs to be considered to achieve better ECM accuracy in the voltage prediction.



The discussion of the hysteresis dependency is strongly related to the SOC correction assumption. The SOC correction is the reason why the model neglecting hysteresis starts at different SOCs than the previously discussed ECMs, as can be seen in Appendix A Table A1. The WLTC cycle starts after a discharge process. Hence, for the ECMs considering hysteresis the measured discharge OCV equals the start OCV for the simulation. When hysteresis is ignored, the OCV at the same SOC point is generally higher. In consequence, for a hysteresis independent ECM with SOC correction, the start SOC will be lower compared to the hysteresis dependent model. Lower SOCs equal higher LIB resistances in the low SOC region   SOC < 25 %  . Since the   ECM 1   with all dependencies underpredicts the resistance, ignoring the hysteresis effect leads to a 14% decreased mean SOC voltage error compared to the   ECM 1  .




4.4.3. ECM Test Parameter


The mean SOC voltage error is 25.5% less with the usage of 10% SOC step data points compared to the 5% SOC step data points used for the   ECM 1  . Expecting more accurate results with more experimental data points, the opposite can be seen here. Especially for the 25% SOC, the   ECM 6   is more accurate. The explanation lies, as for the hysteresis dependency, in the assumed SOC correction. At SOCs lower than 25%, the SOC-OCV gradient starts to increase significantly. For the 10% SOC step model, there are only measured OCVs at 20% and 30% available. As previously explained, the model start SOC is adapted on the start OCV. This results in    T amb    = 25 °C and SOC=25% in a 1.9% lower start SOC (  SOC  (  ECM 1  )  = 24.1 % , SOC  (  ECM 6  )  = 22.2 %  ), as can be seen in Appendix A Table A1. At lower SOCs, the LIB resistance is higher, which leads to more accurate voltage predictions in this case. Compared to the hysteresis dependency, the interpolation between SOC data points further increases the taken resistances by the ECM.




4.4.4. ECM Architecture Influence


For the Thevenin (  ECM 7  ) architecture, the voltage error increases by 6.2% compared to the DP model   ECM 1  . While the tendencies are the same, the missing RC network cannot model the dynamic behavior of the LIB voltage as accurately as the DP model.



The mean SOC voltage error by the Rint model   ECM 8   of 17.29 mV is too high to be shown in Figure 8 (left). However, in Figure 8 (right), it can be seen that the error is almost doubled compared to the DP model   ECM 1  . Hence, the completely missing modeling of the dynamic LIB behavior in the Rint model is not accurate enough to model highly dynamic profiles as the WLTC cycle.





4.5. Heat Generation Comparison ECMs


In this section, the breakdown of the heat generation as well as the comparison of the studied ECMs are described.



4.5.1. Heat Generation Breakdown


Depending on which ECMs are compared regarding their heat generation prediction, the breakdown between irreversible and reversible heat losses is relevant. ECMs using the same SOC-OCV data (   ECM  1 – 4 , 6 – 8    ) are expected to have identical reversible losses (neglecting minor temperature discrepancies). However, compared with different SOC starting points (   ECM  5 , 6    ), reversible heat losses can differ between the models. To capture this influence, firstly a breakdown between irreversible Joule losses   Q irr   and reversible entropic losses   Q rev   for all three studied SOC points at ambient temperature    T amb    = 25 °C is performed.



The total heat generated over a WLTC is defined as


   Q WLTC  =  ∑  t = 0   t end   Q  ( t )   



(24)




which represents the sum of every generated heat per time step. Figure 9 (right) shows that the total generated heat   Q tot   differs significantly between the start SOC points. The reason for that is more on the reversible term than on the irreversible one. While the irreversible heat generation   Q irr   is in a range of 5% at all three SOC points, the reversible heat generation   Q rev   is the main factor for the difference in the total generated heat. The root cause behind this is explained in Figure 4. While the entropic coefficient is negative (exothermic entropy reaction), the reversible heat term is positive. When the entropic coefficient is positive (endothermic entropy reaction) the reversible heat term is negative. Compared to the heat generation at   SOC = 25 %  , the total heat generation over the WLTC cycle at   SOC = 50 %   is 83% less, and at   SOC = 75 %   it is   56 %   less.



With the gained knowledge over the heat generation breakdown, the results regarding the studied ECMs can be analyzed.




4.5.2. ECM Comparison


Since there are no experimentally measured heat generation rates available, the heat generation results of the   ECM 1   model with all dependencies was set as reference. So, the error   e r  r  Q WLTC     is defined as the absolute error value


  e r  r  Q WLTC   =    |   Q WLTC   (  ECM 1  )  −  Q WLTC   (  ECM i  )   |     Q WLTC   (  ECM 1  )     



(25)




whereas    Q WLTC   (  ECM i  )    represents the heat generation of the compared ECM. Using the mean error per time step is not beneficial in this case, since the WLTC profile has time phases with an applied current of zero. This equals to no heat generation of the LIB and hence would distort the discussion. This enables this study to quantitatively analyze the influence of the studied parameter dependencies and architectures on the predicted generated heat. The assumption is valid, since the overall mean voltage error   e r  r U    = 0.241% of the   ECM 1   is accurate to describe the battery voltage in highly dynamic drive cycles. The results are shown in Figure 9 (left).



The influence of the dependencies is discussed from left to right. The current independent   ECM 2   has an mean SOC heat generation error of   e r  r  Q WLTC     = 5.5%. Compared with the voltage difference to the   ECM 1   of 1.2%, the influence on the predicted heat generation is increased by more than four times. The reason for this is the mean voltage error   e r  r  U , mean    . The current dependency mainly has an influence on the voltage prediction at the current peaks. For the studied LIB the WLTC profile has only few high current peaks, as can be seen in Figure 6. However, in terms of the heat generation, the current peaks are responsible for the majority of the generated heat in the WLTC profile. In consequence, the current dependency is more important for the heat generation prediction than for the voltage prediction in highly dynamic drive cycles. For a better visualization of the results, the heat generation absolute error over time is shown in Appendix A Figure A4.



The charge/discharge pulse independent   ECM 3   shows a heat generation average error of   e r  r  Q WLTC     = 1.7%. Since it has no significant influence on neither the voltage nor the heat generation prediction, this dependency can be neglected.



The temperature independent   ECM 4   results in an error of   e r  r  Q WLTC     = 11.8%. While the error for all three SOC points at    T amb    = 25 °C is 0.28% in average, it increases to 5.5% at    T amb    = 35 °C and to 29.5% at    T amb    = 15 °C. Hence, in accordance with the voltage prediction results, temperature should never be neglected either for the voltage or for the heat generation prediction.



The mean SOC heat generation error for the hysteresis independent   ECM 5   is equal to   e r  r  Q WLTC   = 11.1 %  . The main reason can be identified in the assumed SOC-correction, agreeing well with the conclusions of the voltage results. However, there are not only the increased LIB resistances. Regarding the heat generation, different start SOCs result in the usage of different entropic coefficient values. The importance of the entropic coefficient terms can be seen, because the error increases from 0.6% at   SOC = 75 %  , to 10.9% at   SOC = 50 %   and even 21.6% at   SOC = 25 %  . Relating to Figure 4, the gradient of the entropic coefficient can be identified as the main cause for this observation. Hence, when relying on the predicted heat generation, the hysteresis effect has to be taken into account also for nickel manganese cobalt cells. The increasing heat generation error over time can additionally be seen in Appendix A Figure A5.



For the 10% SOC step model (  ECM 6  ), the mean SOC heat generation error is at   e r  r  Q WLTC   = 5.6 %  . This can be attributed to the same reasons as for the previously discussed   ECM 5  . Hence, 5% SOC steps should be used.



Finally, the ECM architecture influence is discussed. The Thevenin architecture has a mean SOC heat generation error of   e r  r  Q WLTC   = 1.4 %  . This is within the limits of the accepted tolerance for the heat generation prediction. Analyzing the Rint architecture   ECM 8  , the error is at   e r  r  Q WLTC   = 15.3 %  . The high discrepancy for the   ECM 8   is explained by the insufficient modeling of the dynamic resistances of the LIB.



Taking the voltage and heat generation results into account, the most suitable ECM for thermal modeling simulations can be identified. Out of all studied parameters and architectures only one has been shown as neglectable in the voltage as well as in the heat generation comparison. The charge/discharge pulse dependency can be neglected in the voltage prediction (error to    ECM 1  = 0.6 %  ) and in the heat generation prediction (error to    ECM 1  = 1.7 %  ). All other dependencies and architectures result in one of the two predictions in mean errors   > 5 %  . However, for thermal simulations the Thevenin ECM architecture has an error in the heat generation prediction of only 1.4% compared to the   ECM 1  . Hence, because of the decreased computational effort the Thevenin model can be used for thermal management simulations, while for electrical simulation a DP model should be preferred.



To show the importance of the influence on heat generation prediction, the BEV of comparison is shortly explained. The chosen LIB for this study is comparable to the LIB cells used in the Tesla Model 3 Long Range. In total, there are 4416 cells in this BEV [43]. So, while the absolute heat generation error in Joule can seem small in the first place, by multiplying it by the total amount of cells, the heat generation prediction error can have a large impact on the design of thermal management systems. Assuming that the   ECM 1   predicts the LIB heat generation perfectly well, for the WLTC cycle at    T amb    = 25 °C and   SOC = 25 %  , a 5.5% misprediction in the heat generation over the whole WLTC cycle would result in a total generated heat misprediction of    Q  err , cell   = 7.42  J   for one cell and    Q  err , Tesla − LIB − Pack   = 32.8  kJ   for 4416 LIB cells.






5. Conclusions


This paper describes a complete workflow for the characterization and parameter identification of ECMs for LIBs. Furthermore, different test procedures for the characterization of the OCV and the entropic coefficient have been studied and compared. Additionally, the developed parameter identification tool enables the user to study the influence of different ECM parameter dependencies and architectures. The LUTs generated by the tool have been used to compare the resulting ECMs regarding the voltage and heat generation prediction. The key results of this paper are summarized in the following.



The relaxation method results in a more accurate description of the OCV than the constant current method. The OCV method for the determination of the entropic coefficient delivers insufficient results. Hence, the RM method with the separate entropic coefficient test procedure should be used and justifies the additional test time. The resulting   ECM 1   model with all dependencies shows good agreement with the validation experiments. The mean accuracy over all validation cycles is at 0.241% (8.77 mV) error in the voltage prediction.



Concluding the voltage and heat generation results, this study recommends using a Thevenin ECM with all parameter dependencies included except for the charge/discharge current dependency for the thermal modeling. Taking into account both the voltage and heat generation prediction changes the best suitable model compared to only considering the voltage prediction, whereas the neglection of hysteresis or current would be acceptable. If LIB parameters such as energy need to be considered as well, this study recommends using a DP model neglecting charge/discharge current dependency. The results help to better understand the influence of the chosen ECM on key parameters as voltage or heat generation and can save valuable computational effort for 1D/3D battery pack simulations for thermal management designers.



Further studies are planned to capture the LIB thermal properties over the studied temperature range and the heat generation over a WLTC and fast charge experimentally by using heat flux sensors. With those results, the models can again be compared regarding their heat generation prediction with the results of experimental data. The developed electro-thermal model will be used for LIB thermal management design studies and optimization.
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Nomenclature








	Latin symbols
	



	A
	Area (  m 2  )



	   c p   
	Specific Heat Capacity (  J  kg  K   )



	   c d c   
	Charge/Discharge Pulse Dependency (−)



	C
	C-Rate Lithium-Ion-Battery (−)



	C
	Capacitance ( F )



	   C N   
	Nominal Capacity (  A  h  )



	d
	Diameter ( m )



	   e r r   
	Error (%)



	h
	Heat Transfer Coefficient (  W   m 2   K   )



	   h y s t   
	Hysteresis Dependency (−)



	I
	Current (A)



	k
	Heat Conductivity (  W  m  K   )



	L
	Length (m)



	m
	Mass (kg)



	   N u   
	Nusselt Number (−)



	   P r   
	Prandtl Number (−)



	Q
	Total Charge (A h)



	Q
	Heat (J)



	   Q ˙   
	Heat Generation Rate (W)



	R
	Electrial Resistance ( Ω )



	   R 0   
	Ohmic Resistance ( Ω )



	   R a   
	Rayleigh Number (−)



	    SOC 0    
	Previous State of Charge (−)



	t
	Time (s)



	T
	Temperature (K)



	U
	Voltage (V)



	V
	Volume (  m 3  )



	Greek Symbols
	



	  ϵ  
	Emissivity (−)



	   η C   
	Coulombic Efficiency (−)



	  ρ  
	Density (  kg   m  − 3    )



	  σ  
	Stefan-Boltzmann-Constant (  W   m 2    K 4    )



	  τ  
	Time Constant (s)



	Subscripts
	



	amb
	Ambient



	cell
	Lithium-Ion-Battery Cell



	conv
	Heat Convection



	exp
	Experimentally



	end
	End Time



	i
	Counting Variable



	indep
	Independent



	irr
	Irreversible Losses



	mean
	Mean Error



	mix
	Mixing Enthalpy Losses



	OCV
	Open Circuit Voltage



	pulse
	Current Pulse



	rad
	Heat Radiation



	reac
	Side Reaction Losses



	rel
	Relaxation Time



	rest
	Rest Time



	rev
	Reversible Losses



	t
	Terminal Voltage



	Abbreviations
	



	BEV
	Battery Electric Vehicle



	CCM
	Constant Current Test Method



	DP
	Dual Polarization Model



	EC
	Entropic Coefficient Test Method



	ECM
	Electrical Equivalent Circuit Model



	EIS
	Electrical Impedance Spectroscopy



	HPPC
	High Pulse Power Characterization



	LIB
	Lithium-Ion-Battery



	LUT
	Look-Up Tables



	OCV
	Open Circuit Voltage



	RC
	Resistance-Capacitance



	RM
	Relaxation Test Method



	SOC
	State Of Charge



	SOH
	State Of Health



	WLTC
	World Harmonized Light Vehicle Test Cycle
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Figure A1. Experimental platform of the Lithium-Ion-Battery (LIB) test bench. 
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Figure A2. Examined test procedure for the the LIB ECM characterization. Tests (1.)–(3.) need to be examined at all test temperatures, test (4.) only needs to be examined once. 
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Table A1. Comparison of experimental start SOC and simulation start SOC with OCV-SOC-correction.






Table A1. Comparison of experimental start SOC and simulation start SOC with OCV-SOC-correction.





	Temperature    T amb    in °C
	Experimental Start SOC
	Start SOC    ECM  1 , 2 , 3 , 7 , 8    
	Start SOC    ECM 4   
	Start SOC    ECM 5   
	Start SOC    ECM 6   





	15
	0.250
	0.239
	0.255
	0.213
	0.225



	15
	0.500
	0.502
	0.508
	0.491
	0.502



	15
	0.750
	0.752
	0.758
	0.745
	0.745



	25
	0.250
	0.241
	0.241
	0.213
	0.222



	25
	0.500
	0.500
	0.500
	0.489
	0.500



	25
	0.750
	0.753
	0.753
	0.746
	0.745



	35
	0.250
	0.245
	0.247
	0.218
	0.227



	35
	0.500
	0.501
	0.505
	0.491
	0.501



	35
	0.750
	0.753
	0.755
	0.747
	0.746
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Figure A3. High Pulse Power Characterization (HPPC) current (top) and voltage (bottom) results using 5% SOC-steps for discharge and charge at    T amb    = 25 °C. 
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Figure A4. Comparison of heat generation prediction over the WLTC cycle at    T amb    = 25 °C and  SOC  = 50%. 
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Figure A5. Comparison of heat generation prediction over the WLTC cycle at    T amb    = 25 °C and  SOC  = 25%. 
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Figure 1. Schematic of (a) Rint, (b) Thevenin and (c) Dual Polarization Equivalent Circuit Model. 
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Figure 2. Measured 0.5 C-Rate current pulse and voltage behavior to identify the parameters for the different ECMs. 
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Figure 3. Comparison of Constant Current Test Method (CCM) and Relaxation Test Method (RM) results for the determination of the OCV–SOC relationship at test temperature    T test    = 25 °C. 
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Figure 4. Entropic coefficient results using the Open Circuit Voltage (OCV) method and the Entropic Coefficient Test (EC) method by comparison. 






Figure 4. Entropic coefficient results using the Open Circuit Voltage (OCV) method and the Entropic Coefficient Test (EC) method by comparison.



[image: Batteries 09 00274 g004]







[image: Batteries 09 00274 g005 550] 





Figure 5. Cut through the   r z  -plane of the used thermal model and boundary conditions in Star-CCM+ for the multi-physics simulation. 
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Figure 6. World Harmonized Light Vehicle Test Cycle (WLTC) for the validation of the studied ECMs. 
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Figure 7. Left: Experimental and   ECM 1   voltage results; Right:   ECM 1   error compared to the experimental results for a WLTC profile at   SOC = 25 , 50 , 75 %   and    T amb    = 25 °C. 
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Figure 8. Comparison of studied ECMs: Left: absolute voltage error in mV; right: voltage error in %. Values at SOC points are averaged over three temperatures. 
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Figure 9. Left: Comparison of studied ECMs (error in reference to   ECM 1  ) for the sum of generated heat over a WLTC cycle; right: total, irreversible and reversible heat generation breakdown at    T amb    = 25 °C and   SOC = 25 , 50 , 75 %   for the   ECM 1  . 
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Table 1. Explanation of the ECM parameter dependencies when including them (dependent) or neglecting them (independent) in the developed Matlab tool.
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	Dependent
	Independent





	I
	LUTs for every tested current pulse value
	LUT for optimized value of all tested current pulses



	   c d c   
	LUTs separately for charge and discharge pulses
	LUT for optimized value of both charge and discharge pulses



	   h y s t   
	LUTs for charge OCV and discharge OCV
	LUT taking the arithmetic middle between charge and discharge OCV



	T
	LUTs for all conducted test temperatures
	LUT only for    T test    = 25 °C
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Table 2. Capacity test results for the studied cell at the selected test temperatures.
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Nominal Capacity    C N    in mA h






	
   T test   

	
5 °C

	
25 °C

	
45 °C




	
LG 21700

	
4590

	
4800

	
4720
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Table 3. Studied ECMs with different parameter dependencies, test parameters and ECM architectures.
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	Open Circuit Voltage    U OCV   
	Ohmic Resistance    R 0   
	Resistance/Capacitance    R 1   /   C 1   
	Resistance/Capacitance    R 2   /   C 2   
	SOC Data Points





	   ECM 1   
	f(SOC,T,  h y s t  )
	f(SOC,T,cdc,I)
	f(SOC,T,cdc,I)
	f(SOC,T,cdc,I)
	5% steps



	   ECM 2   
	f(SOC,T,  h y s t  )
	f(SOC,T,cdc)
	f(SOC,T,cdc)
	f(SOC,T,cdc)
	5% steps



	   ECM 3   
	f(SOC,T,  h y s t  )
	f(SOC,T,I)
	f(SOC,T,I)
	f(SOC,T,I)
	5% steps



	   ECM 4   
	f(SOC,  h y s t  )
	f(SOC,cdc,I)
	f(SOC,cdc,I)
	f(SOC,cdc,I)
	5% steps



	   ECM 5   
	f(SOC,T)
	f(SOC,T,cdc,I)
	f(SOC,T,cdc,I)
	f(SOC,T,cdc,I)
	5% steps



	   ECM 6   
	f(SOC,T,  h y s t  )
	f(SOC,T,cdc,I)
	f(SOC,T,cdc,I)
	f(SOC,T,cdc,I)
	10% steps



	   ECM 7   
	f(SOC,T,  h y s t  )
	f(SOC,T,cdc,I)
	f(SOC,T,cdc,I)
	-
	5% steps



	   ECM 8   
	f(SOC,T,  h y s t  )
	f(SOC,T,cdc,I)
	-
	-
	5% steps
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