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ABSTRACT 

A scale electro-thermal model has been developed for LiFePO4/graphite lithium-ion battery. Such model is appropriate 

in order to develop a physical emulation of a battery in the context of a hardware in the loop process, especially for 

testing energy management strategies of microgrids under the same conditions (solar irradiation for PV arrays, wind 

speed for wind turbine, state of health for storage device) and potentially by compressing testing time. Classically, 

physical emulation allows achieving laboratory size-scaled analysis but one major originality of the proposed approach 

deals with the “time-compressed experimental analysis”. The electro-thermal model is based on the extended modified 

shepherd model coupled with a 1D thermal model. The model parameters are estimated through a sequential 

characterization approach from several input profiles such as the hybrid pulse power characterization protocol and the 

open circuit voltage measurement. Both the dimensional analysis and the Vaschy-Buckingham theorem are used to 

obtain the scaling factors (voltage, current, “but also” time) which are applied on the original model parameters. The 

accuracy of the scale electro-thermal model is validated on a robustness analysis (the battery current profile is based on 

a specific energy management strategy for a typical microgrid application) with voltage, current and time scaling. The 

simulation results presented in the paper show that the reduction of the time horizon of experimental tests for HIL 

process is possible by means of an appropriate dimensional analysis (scaling) on the model parameters.  
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1 INTRODUCTION 

The integration of a battery energy storage system (BESS) in actual and future electrical applications is 

becoming a solution in order to offer new “services” especially with lower CO2 emissions. In embedded systems, the 
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BESS are widely used. Indeed, in electric vehicle applications, the market growth rate increases: the global electrical 

vehicle stock surpassed 2 million units in 2016 and the battery fed electrical vehicles still account for the majority of 

the electric car stock [1]. In the more-electrical aircraft (MEA) context, the BESS can be used in non propulsive network 

but also more recently in hybrid propulsion system to improve the overall propulsion system efficiency and to reduce 

the fuel burn [2]. For the emergency electrical network in aircraft, the hybridization of the ram air turbine with a BESS, 

associated with an optimized energy management strategy for power sharing has been recognized as an efficient way 

for reducing the mass of the overall system [3].  

For stationary systems and more particularly in large power grids and microgrids, the BESS present also other 

major advantages in terms of grid services. Energy storage devices can harvest energy excess during periods of low 

demand and inject the stored energy in the grid during power peak periods [4–6]. The BESS can also be used to manage 

intermittent renewable energy devices (wind and solar power smoothing) in microgrids and isolated systems [7,8]. This 

storage device can also help for frequency control in power grids [9,10]. 

Hardware in the loop (HIL) process, consisting to replace physical devices by real time simulation, allows 

studying, optimize and verify the effectiveness of the energy management strategies (EMS) implemented in electrical 

systems. HIL process presents several advantages: on the one hand, compared with experiments on real (scale one) 

system, it is a low cost technique allowing multiple real time simulation to test EMS performance. On the other hand, 

this method allows non-destructive and low risk testing even under extreme and fault conditions. HIL process also offers 

strong experimental reproducibility which is convenient to compare several management strategies [11]. 

The HIL tests have been extensively used in the automotive industry for component development [12,13]. For 

instance, to avoid electric and thermal abuse on the BESS used in electrical vehicles (or in other applications), a battery 

management system (BMS) has to be associated with the actual storage device. In an advanced BMS, in order to 

maximize battery capacity and to limit aging effects, there are several functions implemented like active or passive 

balancing, thermal management, charging process and diagnosis (state of charge – SoC and state of health – SoH). To 

develop a sophisticated BMS, manufacturers may require extensive testing of both software and hardware devices. To 

test the diagnosis functions of the BMS, some faults (for instance over-charge and over-discharge) have to be provoked. 

In comparison with tests conducted on a real battery, the HIL tests appear more cost and time effective and more easily 

reproduce the same electrical and thermal environment conditions for BMS tests [14–17]. The HIL simulations are also 

built to test power electronics devices [18] for MEA power supply system and to test the automatic flight control system 
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of aircrafts [19]. Likewise, for microgrids applications, the HIL platforms become essential for testing and validating 

controls and energy management strategies [20]. In [21], some alternative HIL setups are proposed for real-time 

simulation and testing of microgrids. For the development and testing microgrid control and protection functions, a 

microgrid model (including diesel generators, BESS, PV plant and wind turbine) in a HIL environment has been 

developed [22]. 

The real time physical emulation is one method to provide realistic environments [20]. Physical emulation 

involves mimicking the behavior of the subsystems to be represented such as sources (PV system, wind turbine), storage 

(BESS, electrolyzer and fuel cell) and loads (consuming profiles). Hence, to emulate a complete power system 

(microgrid, electrical vehicle) several emulators, each replacing a physical subsystem, are connected together.  

Sometimes, a real subsystem is coupled in the HIL simulator test bench instead of an emulator. This principle 

is often used to design the storage device implemented in an electrical vehicle. For instance, a real fuel cell can be 

connected to the HIL system to evaluate its performance during dynamic operating conditions [23]. To evaluate the 

performance of the battery in a virtual vehicle for different ambient temperatures, a real battery is used in a HIL simulator 

[24]. In this case, the method is called battery in the loop (BIL) or battery HIL [25]. This method can be used if the 

electrical characteristics of the battery are adapted to those of the HIL test bench. Otherwise, a battery emulator (or 

virtual battery) with scaling factors has to be developed [26,27]. To exchange bidirectional power flow between the 

virtual battery and the real electric test bench, the battery emulator is composed of bidirectional power supply operating 

in voltage source. The control signal of the voltage source can be created by the voltage response of a battery model 

[15] or by the voltage measured from a real reduced scale battery (typically the “physical image” for this latter emulator 

can be one a reduced number of test cells) [11]. 

The main contribution of this paper is related to the development of a physical battery emulator which allows 

to accelerate power HIL tests for microgrids applications. Thanks to the similitude process and based on the original 

idea proposed in [28,29], a “time acceleration” by considering a “virtual compressed time” is possible together with the 

reduction of physical scales (power, voltage, current). To study the effectiveness of the EMS according to different 

battery thermal environments, the real time emulated battery is based on a scale electro-thermal battery model. A major 

aspect detailed in the paper deals with a sequential approach for parameter identification: this approach aims at 

extracting, firstly all parameters related to the open circuit voltage (OCV), secondly the parameters linked with the 

voltage drops in the battery and finally other parameters defining the thermal model. The coupling between the electrical 

and thermal model is also detailed and experimentally validated. The paper is organized as follows. In the first part of 
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study, the electro-thermal battery model is presented and the scaling factors (voltage, current, time) are applied to the 

parameters of the model. Section 3 describes the experimental setup and the parameter extraction process. The 

parameters are estimated by minimizing the error between model outputs and experimental data from 18650 format 

LiFePO4/graphite Li-ion cells. Section 4 deals with the robustness analysis of the scale electro-thermal model; tests are 

conducted by using a typical current profile extracted from microgrid application. First, without time accelerating, a 

comparison of the experimentally measured and simulated battery voltage is presented. Then, in addition of both voltage 

and current scaling factors, the time scaling factor is applied to the model in order to reduce the total time of experimental 

test. Finally, section 5 summarizes the main conclusions. 

2 ELECTRO-THERMAL MODEL OF LI-ION BATTERY AND ITS SCALING 

The scale electro-thermal model presented in this paper is used in order to develop a battery emulator in a HIL 

system especially for testing energy management strategies for microgrid applications. This model is implemented in a 

real time simulator and it has to provide for the EMS some macroscopic information of the battery energy storage like 

as the SoC, the voltage and the temperature. Fig. 1 presents the concept of the battery emulator and the test bench used 

for power HIL simulation experiments. The scale electro-thermal model is developed with matlab-simulink while EMS 

are implemented in the dSPACE supervisor in order to manage the HIL simulation experiments. The battery is emulated 

with a bidirectional DC power supply, which is connected to a common DC bus through a DC/DC chopper. From the 

battery power profile (Pbat(ref)), provided by the EMS, the DC/DC chopper controls the emulator’s battery current (Ibat). 

This current is measured and scaled in order to create the scale battery current (Ibat(S)) for the scaled electro-thermal 

model. From Ibat(S) and the thermal environment (Tamb), the real-time behavior of the battery is simulated. The voltage 

reference (Vbat(ref))  for the physical battery emulator is built through the simulated scale battery voltage (Vbat(S)). The 

EMS receives from the scaled electro-thermal model the SoC, Vbat(ref) and the simulated battery temperature (TS). 

According to the evolution of theses quantities, the EMS drives the physical battery emulator for the power HIL 

simulation experiments. In Fig.1, the experimental test bench used for power HIL simulation experiments is presented. 

It is composed with several electrical power cabinet and each cabinet represents a physical emulator (battery storage, 

wind turbine, PV plant and others).  
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Fig. 1 Concept of the battery emulator (left) and test bench for power HIL simulation experiments (right). 

Depending on its complexity, a battery model can affect the computation time, especially for electrical HIL 

systems. Indeed, beyond the accuracy of electrochemical models, their complexities affect computer performance 

(simulation time) during real time simulation [30]. Therefore, complexity of models must be carefully adapted in HIL 

real-time process. Furthermore, the real-time simulation of microgrids require long test time (several hours/days/weeks). 

Hence, a very high accuracy on dynamics response of the battery model is not necessary. In that context, the electro-

thermal model presented in this paper is based on an equivalent circuit model (ECM) coupled with a 1D thermal model. 

These models present lower accuracy compared to electrochemical models but their simplicity are suitable for HIL 

simulation [15]. They present a good compromise between the number parameters to identify and the accuracy needed 

for microgrids applications. Moreover, reducing complexity of the battery emulator model allows decreasing the 

computational power of the computer needed for HIL simulation.  

2.1 ELECTRICAL MODEL 

The electrical model presented in this study is a simple empiric model based on an extended modified shepherd 

model [31] in which several modifications have been made [32]. This model is commonly used in the modeling of multi-

physical energy systems incorporating a battery storage in particular for studying energy management in hybrid systems 

[33–35]. Indeed, by its simplicity, this model is easy to implement in multi-physics and multi-scale systems. In this 

paper, the electrical model is used to develop a physical battery emulator in order to predict, in context of power HIL 

simulation, the performance of battery storage in microgrid applications according to different EMS and environmental 

conditions (battery temperature). Moreover, this model has to be suitable for time-accelerated experiments in a HIL 

process. Hence, as mentioned in previous paragraphs, the model has not to be complex to allow a low computation time 
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of the real time simulator. To reduce the complexity of the model, some electrochemical processes in the battery were 

neglected, which included:   

• The OCV hysteresis phenomenon [36]. For BMS applications, to obtain accurate battery SoC estimation rely on the 

OCV measurement, the battery hysteresis effect can to be take into account [37]. On the contrary, adding the hysteresis 

component to the ECM increase the model computational complexity [38]. However, it is possible to minimize the 

effect of hysteresis on the SoC estimation by using an OCV curve from the average of the discharge OCV and the charge 

OCV [39]. In this paper, the SoC estimation is based on the ampere hour counting and not on the battery OCV. Then, 

the hysteresis phenomenon has been neglected in the electrical model.    

• The OCV is not parameterized as a function of the temperature. In this study, the parameters of the OCV model are 

obtained by an incremental OCV measurement at 20°C.  

• The internal resistances are not varied with the amplitude of the current. However, in our model, the resistances are 

coupled with the battery temperature. This ensures that the simulated battery voltage will depend on temperature.  

  • The aging phenomena are not taken into account. In a future work, both the capacity decrease and internal resistance 

increase with lifetime could be taken into account with an aging model coupled with the electrical model. This aging 

model can be based on a cycle counting or ampere hour throughput lifetime models. 

• The self-discharge of the battery is neglected. This phenomenon occurs when the battery is storage during a long time 

at elevated temperature [40]. In the paper, the electrical model is not subject at these conditions. 

The electrical model is summarized as follow: 

𝑉𝑏𝑎𝑡 = 𝑂𝐶𝑉 − 𝑅1𝐼𝑏𝑎𝑡 − 𝑅2𝐼𝑏𝑎𝑡𝑓 (
𝑏𝑑𝑐ℎ

𝑆𝑜𝐶
+

𝑏𝑐ℎ

1.1 − 𝑆𝑜𝐶
) (1) 

𝑂𝐶𝑉 = 𝐸0 + 𝐴𝑒𝑥𝑝[−𝐵𝑄20°𝐶(1 − 𝑆𝑜𝐶20°𝐶)] − 𝐾𝑄20°𝐶 (
1

𝑆𝑜𝐶20°𝐶
− 1) (2) 

𝑑𝑆𝑜𝐶

𝑑𝑡
= −

1

𝑄
𝐼𝑏𝑎𝑡 (3) 

𝐼𝑏𝑎𝑡 = 𝐼𝑏𝑎𝑡𝑓 + 𝑅2𝐶2

𝑑𝐼𝑏𝑎𝑡𝑓

𝑑𝑡
 (4) 

The battery voltage Vbat is given by Eq. (1) where Ibat is the battery current (defined as positive during discharge 

cycle), Ibatf is the filtered battery current calculated from Eq. (4), R1 is the internal resistance whereas R2 is the polarization 

resistance. These resistances depend on the battery temperature which is estimated from the thermal model. bdch is the 

discharge logic variable (binary digit), equal to 1 in discharging mode whereas in charging mode, it is equal to 0, 

contrarily to the charge logic variable bch. The OCV is governed by Eq. (2), where E0 is the battery constant voltage, A 
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is the exponential zone amplitude, B is the exponential zone inverse capacity, K is the polarization constant and Q20°C is 

the discharge battery capacity measured at 20°C. The SoC has a prime importance in EMS; its estimation must be as 

accurate as possible over a wide range of temperature. According to the state of the art [41], the SoC estimation can be 

improved by taking into account the temperature effects on capacity derivation. Hence, Eq. (3) returns the SoC of the 

battery where parameter Q is the discharge capacity measured for several temperatures (from 0°C to 30°C). The 

parameter SoC20°C used in Eq. (1) and Eq. (2) is obtained from Eq. (3) with Q20°C. In Eq. (4), R2C2 is the current filter 

time constant. In the following, this time constant will be noted Tf. The R2C2 parallel network allows taking into account 

the global dynamic behavior and its influence on the battery voltage response. However, with this single RC parallel 

network, it is not possible to dissociate the activation dynamics (charge transfer process) and the diffusion phenomena 

[42,43]. Fig. 2 shows the ECM diagram resulting from Eq. (1) to Eq. (4).   

 

Fig. 2 Equivalent model circuit (left) and OCV characteristic (right). 

In Fig.2, the total battery voltage drop can be expressed as: 

𝑣1 + 𝑣2 = 𝑅1𝐼𝑏𝑎𝑡 + 𝑅2𝐼𝑏𝑎𝑡𝑓 (
𝑏𝑑𝑐ℎ

𝑆𝑜𝐶
+

𝑏𝑐ℎ

1.1 − 𝑆𝑜𝐶
) (5) 

In Eq. (3), the SoC reflects the residual capacity of the battery. It is calculated by using the common Coulomb 

counting method. Hence, the parameter SoC can be expressed as the following equation which is appropriate with a 

coulombic efficiency equal to 1. Indeed, for Li-ion batteries, this value is close to 1 [44]: 

𝑆𝑜𝐶 = 𝑆𝑜𝐶𝑖𝑛𝑖𝑡 +
∫ 𝐼𝑏𝑎𝑡𝑑𝑡

𝑄
 (6) 

where SoCinit is the initial state of charge of the battery. In our study, the values of the minimum and maximum SoC, 

noted SoCm and SoCM are limited in order to limit the aging effect. Generally, the microgrid EMS limits the battery 

depth of discharge (DoD) at 80% with a SoCM close to 90% [45].  
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The OCV characteristic, obtained by Eq. (2), is shown in Fig.2. An exponential potential drop appears when 

SoC20°C is close to 1 (the battery is full charged). In our case study (battery emulator for HIL microgrid application), 

SoCM has been fixed at 90%. Therefore, in order to limit the parameters of the model, it is possible to remove the 

exponential expression in Eq. (2) thus to simplify both model and parameter identification. For the rest of the study, the 

OCV can be formulated as: 

𝑂𝐶𝑉 = 𝐸0 − 𝐾𝑄20°𝐶 (
1

𝑆𝑜𝐶20°𝐶
− 1) (7) 

The overall parameters of the electrical model are summarized in the Table 1.  

Table 1 

Parameters of the electrical model. 

OCV Total battery voltage drop  SoC  

E0 (V), K (V Ah-1) R1 (), R2 (), Tf (s) Q (Ah) 

 

Electrical parameters are determined from experiments by using a nonlinear least-squares solver. The 

parameters E0 and K are obtained by the measurement of the OCV characteristic for a battery temperature fixed at 20°C. 

R1, R2 and Tf are determined, for different temperatures, from the voltage measurement of the battery when this latter is 

excited with a current profile based on the hybrid pulse power characteristic (HPPC) test. The HPPC profile was 

designed in order to measure the dynamic power capability over a device charge and voltage range [46]. The discharge 

capacity Q is measured for several battery temperatures (0°C, 10°C, 20°C and 30°C). The relationship between Q and 

the battery temperature is obtained by a polynomial curve fitting. 

2.2 THERMAL MODEL 

The goal of the thermal model is to provide an estimation of the battery temperature which is coupled with the 

electrical model by influencing some parameters. Like as the electrical model, the thermal model used in this study has 

to be adapted for time-accelerated experiments in a HIL process. It should not slow down the computation time of the 

real time simulator. Hence, in this study, the thermal model implemented in the real time simulator is a one-dimensional 

(1D) thermal model. Indeed, more complex thermal models could deteriorate the simulation time [47].  

The battery used in this study is composed of 18650 cylindrical format LiFePO4/graphite Li-ion cells (3.2V – 

1.6Ah). As shown in Fig. 3, eight cells are assembled, in parallel, in one compact module (3.2V – 12.8Ah) developed 

by TYVA ENERGY. In the module, there is an air gap between the cylindrical cells and no cooling system is used to 

manage the temperature in the module (no cooling plates, no fans, no phase change materials). Hence, in this study, the 
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heat dissipation in the module is assumed to be governed by a natural convection.  The top and the bottom surfaces of 

the module are not insulated: the heat transfer between cells and the surround air can only occur through the air flow 

tubes located at the top and bottom of the module.  The eight modules are connected in series in order to obtain the 

characteristics of the studied battery (25.6V – 12.8Ah). For each module, a thermocouple is attached at half height on 

the surface of one cell in order to measure the temperature. The battery temperature is obtained from an average of the 

temperature measurements for all modules.  

 

Fig. 3 LiFePO4/graphite Li-ion cell, module and battery developed by TYVA  ENERGY. 

By constructing this thermal model, a series of assumptions were made: 

• The temperature inside the cylindrical cell is uniform. Some studies show that the difference between the internal 

temperature and surface temperature of cylindrical cells can be neglected [48,49]. In [50], it was showed that the internal 

of a cylindrical 18650 Li-ion battery was nearly uniform for several charge and discharge rates when the cell was cooled 

by natural convection. Hence, the surface temperature could represent the battery temperature. For a forced convection, 

this assumption is not valid [51].    

• The surface temperature of the cell is assumed to be uniform [52] (the lateral temperature is closed to the temperature 

of the positive and negative electrodes of the cell).  

• There is no cell-to-cell temperature variance in each battery modules. In this study, parameters of the thermal model 

is obtained during experimental tests. An environmental test chamber is used to control the ambient temperature of the 

battery. The test volume of the test chamber is higher than the volume of the battery (1000L for the test chamber whereas 

5,3L for the battery).  In the test volume, there is no directional air flow to manage the temperature in each modules of 

the battery. Therefore, each modules have the same inlet air temperature. 

• The predominant heat mode transport in the cell is the conduction (in a Li-ion battery, both convection and radiation 

modes inside the cell can be neglected [53]).  

• Parameters of the thermal model are assumed to be independent of the temperature [54] and SoC [55].  
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The thermal model of the cell [52] (as shown in Fig.4) is composed by several parameters : a heat source p 

(W) coupled with battery losses, a specific heat capacity Cp (J K-1), an internal heat transfer resistance Rthc (K W-1) and 

an external heat transfer resistance Rthv (K W-1). Tamb is the ambient temperature of the cell (being also the ambient 

temperature of the battery). 

 

Fig. 4 Simplified thermal model of the cylindrical cell (left) and  𝜕𝑂𝐶𝑉 𝜕𝑇⁄  for LiFePO4/graphite cylindrical cell [52] 

(right). 

The heat source in the cell is governed by the heat generated from resistive dissipation (first term on the right) and 

reversible entropic heat (second term on the left). It can be expressed as [52] : 

Σ𝑝 = [𝑣1𝐼𝑏𝑎𝑡 + 𝑣2𝐼𝑏𝑎𝑡𝑓] − 𝐼𝑏𝑎𝑡𝑇𝑠 [
∆𝑆

𝑛𝐹
] (8) 

The reversible entropic heat is a function of Ibat, the battery temperature Ts, the entropic change S, the number of 

electrons exchanged n and F Faraday’s constant. The entropy change depends on the SoC and the electrode materials 

used in li-ion batteries [56]. In Eq. (8), the term ∆𝑆 𝑛𝐹⁄  can be replaced by the derivative of the OCV with respect to 

the temperature : 

Σ𝑝 = [𝑣1𝐼𝑏𝑎𝑡 + 𝑣2𝐼𝑏𝑎𝑡𝑓] − 𝐼𝑏𝑎𝑡𝑇𝑠 [
𝜕𝑂𝐶𝑉

𝜕𝑇
] (9) 

In Eq. (9), to calculate the reversible entropic heat, the knowledge of 𝜕𝑂𝐶𝑉 𝜕𝑇⁄  is necessary. Thus, as shown in Fig. 4, 

𝜕𝑂𝐶𝑉 𝜕𝑇⁄  values are extracted from the literature for LiFePO4/graphite Li-ion cylindrical cell. In this study, according 

to the SoC calculated with Eq. (6), a linear interpolation method is used to determine 𝜕𝑂𝐶𝑉 𝜕𝑇⁄  values from the plot 

presented in Fig. 4.   

The cell exchanges heat with the surrounding air in the module is governed by convective and radiative heat transfer 

(the conductive heat transfer is neglected because most of the cell’s surface is in contact with the surrounding air). In 

[57], it was shown that, for a natural convection, the heat dissipation is mainly governed by the radiation heat transfer. 
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Hence, in Fig. 4, the external heat transfer resistance Rthv takes into account the convective and radiative heat transfer 

[52].   

The battery temperature can be calculated by: 

𝑑𝑇𝑠

𝑑𝑡
=

Σ𝑝𝑅𝑡ℎ𝑣

𝐶𝑝(𝑅𝑡ℎ𝑐 + 𝑅𝑡ℎ𝑣)
−

𝑇𝑠 − 𝑇𝑎𝑚𝑏

𝐶𝑝(𝑅𝑡ℎ𝑐 + 𝑅𝑡ℎ𝑣)
 (10) 

The parameters of the thermal model  (Cp, Rthc and Rthv) can be extracted from experiments based on battery temperature 

measurements and by using a nonlinear least-squares solver. 

2.3 SCALING OF THE ELECTRO-THERMAL BATTERY MODEL 

Reduce scaled experiments are usually required for HIL real time simulation in order to decrease both cost and 

risks. Indeed, instead of using a real battery for experiments, a physical emulator can be connected to the test bench. 

This battery emulator is based on a scaled model allowing to simulate the real time behavior of the battery.  

The scale model is obtained by applying the dimensional analysis (well established method in fluid and thermal 

systems) and the Vaschy-Buckingham’s Pi theorem which is not detailed in that paper. Readers are invited to consult 

specific literature for more details [58]. This scaling methodology based on a dimensional analysis has been used to 

scale a wind energy conversion system [29].  

The SI units of the variables used in the electro-thermal battery model are summarized in Table 2. Five 

independent fundamental dimensions are found [m], [kg], [s], [A] and [K]. For the dimensional analysis, all variables 

of the model can be scaled according to the number of independent variables (5 in that case).  In this study, three scaling 

factors are used in order to reduce the power of the battery and to compress the experimental time. These scaling factors 

are introduced by the following equations: 

• voltage scaling factor Sv: Vscaled/Voriginal, 

• current scaling factor Si : Iscaled/Ioriginal, 

• time scaling factor St : Tscaled/Toriginal. 

The scale model parameters are calculated by applying the Vaschy-Buckingham theorem. Table 2 presents the scale 

model parameters obtained from the parameters of the original model through the scaling factors.  

Table 2 
Parameters of the scaling electro-thermal battery model. 

Variables Symbol SI Units Scaled model parameters 

Voltage V (Vbat, E0) m2 Kg s-3 A-1 [Sv]·Vbat , [Sv]·E0 

Current I (Ibat, Ibatf) A [Si]·Ibat , [Si]·Ibatf 

Time t (t, Tf) s [St]·t , [St]·Tf 
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Capacity Q A  s [Si·St]·Q 

Polarization constant K m2 Kg s-4 A-2 [Sv·Si-1·St-1]·K 

Resistance R (R1, R2) m2 Kg s-3 A-2 [Sv·Si-1]·R1 , [Sv·Si-1]·R2 

Temperature T (Tamb, TS) K Tamb , TS 

Thermal capacity Cp m2 Kg s-2 K-1 [Sv·Si·St]·Cp 

Heat transfert resistance Rth (Rthc, Rthv) m-2 Kg-1 s3 K [Sv-1·Si-1]·Rthc , [Sv-1·Si-1]·Rthv  

 

In the following section, the scaling factors will be applied to the battery case with 8 cells in series with 8 

branches in parallel. For instance, from the cell model parameters, the module model parameters are simply obtained by 

applying a current scaling factor (here Si = 8). For the battery model parameters, the current and voltage scaling factors 

are Sv=Si=8. The time scaling factor (St) allows compressing time by creating a “virtual compressed time” which can 

be used to accelerate testing for HIL real time simulation. Note that if the scaling factors are quite simple and linear for 

both voltage and current respectively by considering series (Sv) and parallel (Si) associations, the time scaling derivation 

is non trivial because charge and discharge acceleration in electrochemical process is strongly nonlinear. 

3 PARAMETER EXTRACTION 

The nonlinear least-squares solver of the Matlab optimization toolbox is used to identify parameters of the 

electro-thermal model. In this study three objective functions are be minimized: 

(OCV)𝑒𝑟𝑟𝑜𝑟 = ∑((𝑂𝐶𝑉)𝑚𝑜𝑑𝑒𝑙 − (𝑂𝐶𝑉)𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑑)² (11) 

(V𝑏𝑎𝑡)𝑒𝑟𝑟𝑜𝑟 = ∑((V𝑏𝑎𝑡)𝑚𝑜𝑑𝑒𝑙 − (V𝑏𝑎𝑡)𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑑)² (12) 

(T𝑆)𝑒𝑟𝑟𝑜𝑟 = ∑((T𝑆)𝑚𝑜𝑑𝑒𝑙 − (T𝑆)𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑑)² (13) 

The parameter extraction process is sequential: 

Step 1: the relationship between discharge capacity Q and the temperature is determined by using a curve polynomial 

fitting as detailed in section 3.2; 

Step 2: the parameters related to the OCV (see Table 1) are obtained with the minimization of Eq. (11). This estimation 

process is detailed in section 3.3;  

Step 3: the parameters related to the voltage drops are obtained with the minimization of Eq. (12) as detailed in section 

3.4;   
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Step 4: finally, the minimization of Eq. (13) allows determining parameters Cp, Rthc and Rthv as detailed in section 3.5. 

3.1 EXPERIMENTAL SETUP FOR PARAMETER EXTRACTION 

The experimental setup is shown in Fig. 5. It includes a remote controllable bidirectional source of 

voltage/current (including a Power Source PSI 9200-210 and a Controlled Load ELR 9250-210) which allows emulating 

adjust charge and discharge profiles. A computer (with DSPACE supervisor) controls the bidirectional source and 

secures the experimental test bench. A multi-channel recorder (SEFRAM – DAS 240) is used for data acquisition and a 

thermal chamber (CLIMATS) allows controlling the ambient temperature of the battery.   

 

Fig. 5  Battery test bench. 

Batteries used in this study are not equipped neither with a battery management system nor a balancing circuit. 

Hence, for safety consideration in experiments, both voltage and temperature of the cells are measured. The upper and 

lower cut-off voltages are set to 3.65V and 2.5V to fulfill the safe operating area.  

3.2 DISCHARGE BATTERY CAPACITY PARAMETER 

The SoC estimation is based on Eq. (6). In order to take into account the thermal environment and its influence 

on the SoC, the discharge battery capacity Q has to be linked with the battery temperature: Q = f(Ts). Experimental tests 

have been carried out for several ambient temperatures (0°C, 10°C, 20°C, 30°C). The battery (rated characteristic: 25.6V 

– 12.8Ah) being initially fully charged is discharged at constant current (0.5C, where C is the rated capacity of the 

battery) until the voltage measured across a module reaches the low voltage discharge limit (2.5V). This low discharge 

rate allows limiting the gap between Ts and Tamb (low exothermic reactions in cells).  For each test, the discharge 

capacity is calculated from both Ibat and discharge time tdis. Table 3 presents the experimental results.  
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Table 3 

Discharge battery capacity measurements.  

Ts (°C) ibat (A) tdis (h) Q (Ah) 

0 

6.5 

1.48 9.6 

10 1.58 10.3 

20 1.66 10.8 

30 1.67 10.9 

The measured discharge capacity Q is lower than the rated capacity given by the manufacturer (i.e. 12.8Ah). This 

difference is caused by voltage unbalance for one module (the battery is not equipped with a balancing circuit). In the 

following of the paper, the discharge capacity given in Table 3 will be used for SoC estimation. From Table 3, a 

polynomial fitting has been made to obtain the relationship between Q and Ts. Eq. (14) presents this polynomial function, 

which is used to estimate the SoC indicator (Eq. 6).  

𝑄 = 9.24 ∙ 10−6 ∙ 𝑇𝑠4 − 6.15 ∙ 10−4 ∙ 𝑇𝑠3 + 1.15 ∙ 10−2 ∙ 𝑇𝑠2 + 9.62 (14) 

3.3 EXTRACTION OF THE OCV PARAMETERS 

The parameters E0 and K related to the Eq. (7) are obtained from the pulsed current profile presented in Fig. 6. 

This current profile is applied to the Li-ion cell at the ambient temperature of 20°C regulated by the climatic chamber. 

According to the scale model parameters presented in Table 2, the discharge cell capacity Qcell used in this section is 

calculated from battery discharge capacity : [Si]·Q (with Si = 1/8).  Each pulse current allows reducing or increasing the 

SoC by 10% with a constant rate (0.2Ccell, where Cell is the rated capacity of the cell, i.e 1.6Ah). With this low 

discharge/charge rate, the cell temperature shall not deviate from the ambient temperature. Moreover, a rest time (toff) 

of one hour between each pulse is imposed to keep the cell temperature at 20°C for each start pulse and to obtain an 

OCV in equilibrium [59]. 

First of all, the cell is fully charged with a constant current constant voltage profile (CCCV) with a constant 

current charge at 0.2Ccell until the voltage reaches the upper limit of 3.65V; then, a constant voltage of 3.65V charge is 

applied until the current is below 0.02Ccell. Then, the cell is discharged with constant current (0.2Ccell) until reaching the 

desired initial SoC at 90%. The SoC being set at 90%, the current profiles is imposed at the cell to measure the OCV in 

discharging and charging modes. In order to simplify the model, the OCV hysteresis is not taken into account despite 

its importance for the SoC estimation accuracy [60]. Then, the OCV characteristic used to extract parameters is based 

on an average between the two measured OCV curves. This characteristic is reported in dashed line in Fig.6. 
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Fig. 6 Pulse current profile (left) and comparison of OCV obtained by measurement and simulation OCV (right). 

The results of the optimization problem with the objective function of Eq. (11) are presented in Table 4. For 

qualifying the accuracy of the OCV model, a weighted root mean square error (RMSE) is calculated by Eq. (15). A 

comparison of OCV curves, between average measurements (dashed line) and model (solid line) with parameters in 

Table 3, is represented by the black solid line in Fig. 6. As shown in Fig. 6, there is a slight difference between the 

measurement and the simulation. However, in this study, an accuracy simulation on OCV is not necessary because the 

electrical model is not used to estimate the SoC like as in BMS applications [37].  Despite the simplicity of the OCV 

relationship in Eq. (7), the simulation of the OCV presents an RMSE lower than 1%.   

𝑅𝑀𝑆𝐸(%) = 100
√

1

𝑁
∑ (𝑂𝐶𝑉𝑚𝑜𝑑𝑒𝑙(𝑗) − 𝑂𝐶𝑉𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑚𝑒𝑛𝑡(𝑗))²𝑁

𝑗=1

𝑉𝑐𝑒𝑙𝑙𝑛𝑜𝑚
(= 3.2𝑉)

 
(15) 

where N is the number of measurement samples. 

Table 4 

Results of OCV parameters for the Li-ion cell.  

E0 (V) K (V Ah-1) RMSE 

3.32 0.01 0.35% 

Voltage and current scaling factors will be applied on these OCV parameters in order to develop the electrical 

model of the module (Si = 8) and of the battery (Sv = Si = 8).  

3.4 EXTRACTION OF VOLTAGE DROP PARAMETERS  

The identification method for the voltage drop parameters is based on the HPPC battery curent profile which is 

widely used for parameter identification [38,61]. The test procedure is conducted on the Li-ion module with 10% of 

SoC intervals starting from 90% to 10%, each interval being followed by 30min of rest time before applying the next 
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sequence. The HPPC profile (Fig. 7) is composed with symmetrical charge and discharge pulses, which magnitudes are 

inside the range from 0.1C to 2C (1.28A to 25.6A).  

 

Fig. 7 (top) HPPC battery current profiles; (middle and bottom) measured and simulated module voltages for different 

ambient temperatures.  

In order to study the influence of the temperature on parameters R1, R2 and Tf for each HPPC profile, the module 

is placed in the climatic chamber where the ambient temperature is regulated at several levels (0°C, 10°C, 20°C, 30°C). 

Voltage drop parameters are obtained by solving the optimization problem of Eq. (12). The simulation result 

and the voltage measurement is presented in Fig.7 for different ambient temperatures. The parameter values, for different 

ambient temperatures, and the weighted RMSE are reported in Table 5. The model is accurate (RMSE < 1%) inside the 

operating ranges of both battery SoC (90% to 10%) and temperature (0°C to 30°C). As it can be seen in Fig.7, the 

maximal error between the measurement and the simulation is located during the relaxation time. The ECM used in this 

paper is reduced in terms of complexity in order to face the computation time constraints during HIL real time 
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simulation. It is composed with only one RC network which is clearly not sufficient to simulate accurately the relaxation 

behaviour with accuracy. From parameters R2 and Tf, values of C2 are calculated and added in Table 5.      

Table 5 

Results of voltage drop parameters for one module.  

Tamb (°C) R1 (m) R2 (m) Tf (s) C2 (F) RMSE 

0°C 13.4mΩ 4.8mΩ 46s 9583.3 0.84% 

10°C 10.5mΩ 2.9mΩ 47s 16 206.9 0.89% 

20°C 9.1mΩ 1.3mΩ 51s 39 230.8 0.82% 

30°C 7.3mΩ 0.6mΩ 36s 60 000 0.66% 

In table 5, R1 and R2 resistances increase when the ambient temperature decrease which is a classical behavior 

for electrochemical devices. In the model, in order to take into account the influence of the temperature on both 

resistances, the following equations are introduced:   

𝑅1 = 𝐾11𝑒
(

𝐾12
𝑅𝑇𝑠

)
 (16) 

𝑅2 = K21𝑒(−𝐾22𝑇𝑠) (17) 

An Arrhenius law gives the temperature dependence of resistance R1 where R is the gas constant (8.314J mol-

1). For the resistance R2, the temperature dependence is given by an exponential curve fitting. The fitting parameters 

(K11, K12, K21 and K22) of Eq. (16) and Eq. (17) are determined with a nonlinear least-squares solver and presented in 

Table 6. To obtain these parameters, we have assumed that the battery temperature Ts is closed to Tamb. This assumption 

is not exact when the battery current is high (at the end of HPPC sequence). Nevertheless, between each HPPC sequence 

(during the 30 min of rest time), the battery is maintained in standby mode and Ts tends rapidly towards Tamb while the 

battery is placed in the climatic chamber with a forced convection mode. 

Table 6 

Parameters of internal resistances.  

K11 (m) K12 (J mol-1) K21 () K22 (K-1) 

0.26 8600 4033 0.05 

In the electrical model, Tf is considered as constant and is calculated from the average of the values in Table 5 

(i.e. 45s). In this paper, the electrical model is used to develop a physical battery emulator for power HIL simulation in 

order to test several EMS for microgrids applications. The real-time simulation of microgrids require long test time 

(several hours/days/weeks). Hence, a very high accuracy on dynamics response of the battery model is not necessary.  
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3.5 EXTRACTION OF THERMAL MODEL PARAMETERS  

The thermal model is based on cylindrical cells. The parameters Cp, Rthc and Rthv are obtained with the same 

method as for the previous parameter extraction. The data measurements used in the optimization problem presented in 

Eq. (13) are related to Ts. The battery temperature has been measured during the HPPC test detailed in the section 3.4. 

The simulated battery temperature is calculated by Eq. (10). The parameters of the thermal model are shown in Table 7 

for different ambient temperatures. The simulated and measured battery temperature for different ambient temperatures 

are presented in Fig. 8. It can be seen from Fig. 8 that the thermal model represents the battery temperature fairly 

accurately in despite of several assumptions were made to build the 1D thermal model.  

 

Fig. 8 Measured and simulated battery temperatures. 

Table 7 

Parameters of the thermal model.  

Tamb (°C) Cp (J K-1) Rthc (K W-1) Rthv (K W-1) 

0 27 22.6 57.9 

10 26 23.3 54.4 

20 27 21.3 56.7 

30 28 23.5 68.0 

Parameters used for 

the thermal model 
27 22.6 59.2 

In Table 7, the parameters are almost independent with Tamb. Thus, the parameters used in the thermal model 

are considered as independent with the temperature. They are calculated from the average of the four values in Table 7.  

Previous studies have estimated the same parameters to develop a thermal model of Li-ion cylindrical cell with 

other experimental methods. In [54], for 18650 format LiFePO4/graphite Li-ion cell, the specific heat capacity value is 

around 36J K-1. In [45], the ratio Rthc/Rthv is closed to 0.36 for cylindrical LiFePO4/graphite Li-ion cell. From the 

parameters in the last row of Table 7, the calculation of the ratio Rthc/Rthv gives 0.38.  
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In the following section, from the parameters calculated in previous sections, a robustness analysis of the electro-

thermal model is carried out.  

4 ROBUSTNESS ANALYSIS AND TIME SCALING 

4.1 ROBUSTNESS ANALYSIS OF THE ELECTRO-THERMAL MODEL 

In order to assess the robustness of the model with its identification process, a validation profile dissimilar to 

the ones previously used for parameter extraction was used to ensure that the electro-thermal battery model works well 

in realistic operation. The battery current profile (Fig. 9) is based on a typical microgrid application with a specific EMS: 

this microgid involved wind turbine based power sources coupled with a battery bank in order to face a day ahead power 

commitment [62].  The battery current magnitude obtained from this application is adapted for the tested Li-ion battery 

physically tested in the test bench presented in section 3.1. A comparison between the battery voltage measurement and 

the voltage of the battery model is proposed in this section. This comparison is also conducted for the battery 

temperature. Initially, the SoC is set to 80% and the battery was placed in the thermal chamber with a regulated 

temperature. The analysis was conducted with different ambient temperatures from 10°C to 30°C. 

The Parameters R1, R2 and Tf are obtained from the Li-ion module while parameters E0 and K are obtained from 

the Li-ion cell. Hence, to obtain parameters of the scale electro-thermal battery model, voltage and current scaling factors 

have to be applied as mentioned in Table 2. 

A comparison between the simulation and the measurements at 10°C is shown in Fig. 9. The measurement and 

simulation of battery voltage and battery temperature are quite similar.  The performance of the electro-thermal model 

was tested for several ambient temperatures (10°, 20°C and 30°C). Table 8 presents the weighted RMSE of the battery 

voltage and temperature. The weighted RMSE of the battery temperature was calculated by the ratio between the RMSE 

value and the ambient temperature. These results validate the performance of the electro-thermal model for large SoC 

variations with different ambient temperatures and for a battery current profile different against the HPPC profile used 

for parameter identification of the electro-thermal model. 

Table 8 

Parameters of scale electro-thermal battery model.  

Tamb (°C) RMSE (Vbat) RMSE (Ts) RMSE (bat)  

10 0.9% 2.8% 0.4% 

20 0.6% 1.5% 1% 

30 0.5% 3% 1.2% 
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Fig. 9 (top) Battery current profile (left) and the battery voltage (right); (middle) the battery temperature (left) and the 

energy efficiency of the battery (right); (bottom) energy efficiencies of the battery. 

  

It is also possible to analyze the accuracy of the electro-thermal model from the calculation of the battery energy 

efficiency. The battery energy efficiency is defined as the ratio of the discharged (dch) energy to the charged (ch) energy. 

The efficiency can be expressed as:  

𝜂𝑏𝑎𝑡 =
∫(𝑉𝑏𝑎𝑡∙𝐼𝑏𝑎𝑡)𝑑𝑐ℎ 𝑑𝑡

∫(𝑉𝑏𝑎𝑡∙𝐼𝑏𝑎𝑡)𝑐ℎ 𝑑𝑡
  (18) 

To measure this efficiency, the battery is discharged and charged at a constant current in order to restore the initial SoC. 

In this study, the energy efficiency is obtained from the HPPC profile presented in Fig. 7. Indeed, it is composed of 

several sequences each one being defined by symmetrical charge and discharge pulses. Hence, the energy efficiency 

can be obtained according to the magnitude of current (during a sequence) and the evolution of SoC (for each sequence). 

Fig. 9 (middle – right) present the energy efficiency of the battery measured and simulated from the electro-thermal 
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model for 10°C and for a discharge/charge current amplitude equals to 1C. For both the model and the battery, the 

efficiency decreases with the SoC.  Fig. 9 (bottom) show energy efficiencies as a function of current rates. In these 

figures, the energy efficiencies decrease significantly with increasing current rates. This phenomenon has been shown 

and described in [63] for LiFePO4/graphite Li-ion batteries. In Table 8, the RMSE of bat is given for several 

temperatures.  

 Based on the presented results on table 8 and Fig.9, the model used allows obtaining a good accuracy for the 

battery voltage, temperature and energy efficiency. The model presented in this section is convenient in terms of 

complexity to be implemented in a real time simulator in order to develop a physical battery emulator which allows to 

accelerate power HIL tests for microgrids applications. Nevertheless, in order to accelerate the physical emulation of 

the battery and therefore to reduce the development cost and testing efforts, the time scaling is an original concept to 

reduce the testing time. In order to accelerate the testing time with a real battery, the magnitude of the current profile 

would have to be increased. However, the internal voltage drop generated by the increased magnitude of the current 

would cause a capacity reduction and a possible thermal abuse in the battery. So the time scaling is not possible for an 

actual battery or with a physical emulator based on a real battery (see the “copy of image” concept of emulator in [11]). 

Thus, the time scaling can only be done with a scalable battery model as presented in the next section.  

4.2 TIME ACCELERATED WITH THE SCALE ELECTRO-THERMAL BATTERY MODEL.  

The current profile used in the previous section is based on microgrid application and its duration time is equal 

to 2 hours. For instance, to reduce the test time by 60 (i.e, 2 hours at real time equals to 2 minutes in “virtual compressed 

time”), a time axis compression (by 60) is applied on the current profile. For the simulation, this current profile is applied 

to the scale electro-thermal model in which all parameters have to be scaled with a time scaling factor equal to 1/60. 

The results of the scaled electro-thermal battery model (at 10°C) with St=1/60 are shown in Fig.10. The simulated 

response of the battery scale model is very close to the experimental measurements for which the total “real time” is 2h. 

Hence, with the scale electro-thermal model presented in this paper, it is possible to reduce testing times for HIL 

simulation if other real time constraints are fulfilled (see [29] to detail these constraints). Indeed, some limits can appear 

on St values linked the bandwidth of the power supply or of the control loops of power electronic converters which can 

limit the performance of the accelerated tests. 



22 
 

 

Fig. 10 Measured and simulated battery voltage (left) and battery temperature (right). 

The scale electro-thermal model presented in this paper has been used to develop a Li-ion battery emulator for 

HIL simulation experiments [64]. This battery emulator has been hybridized, through DC/DC power converters, with a 

wind turbine emulator for a microgrid application.  Experimental results presented in [64] have shown, for 2 thermal 

conditions (0°C and 20°C), that the emulator battery voltage are perfectly in accordance even if the time is accelerated 

by St=1/10 and St=1/60. Hence, the duration time of experimental tests were able to be reduced at 4min (instead of 4h 

for the original test profile).  

CONCLUSION 

The main contribution of this paper was related to the development of a scale electro-thermal Li-ion battery 

model used to develop a battery physical emulator which allows reducing the HIL experimental time through the 

utilization of a time scaling factor. This model enables rapid testing several EMS for microgrids applications. Based on 

18650 cylindrical format LiFePO4/graphite Li-ion cells, this scale model allows reproducing electrical (voltage, energy 

efficiency) and thermal behaviour of the battery for different current profiles and several environmental temperatures. 

Parameters of the scale model were obtained from several experimental tests through a sequential identification process. 

In order to evaluate the accuracy of the model, a robustness analysis was presented based on a current profile clearly 

dissimilar to the profiles used for parameter estimation and related to a typical application on a microgrid topology. 

Finally, a good accuracy was obtained between simulated and experimental results despite of simplifying assumptions.  
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