
 

 

Framework for Measurement of Battery State-of-Health (Resistance) 

Integrating Overpotential Effects and Entropy Changes Using Energy 

Equilibrium  

Karanjot Singh a, Tegoeh Tjahjowidodo b, Loïc Boulon c, Mir Feroskhan a,*  

a School of Mechanical and Aerospace Engineering, Nanyang Technological University, 50 Nanyang Avenue, Singapore 639798 

b 
Department of Mechanical Engineering Technology, Jan Pieter de Nayerlaan 5, 2860 Sint-Katelijne-Waver, KU Leuven, Belgium 

c Université du Québec à Trois Rivières, Trois Rivières, QC G8Z4M3 Québec, Canada 

* Corresponding author: Tel: +65 67905580; E-mail address: mir.feroskhan@ntu.edu.sg (Mir Feroskhan) 

HIGHLIGHTS 

 Energy equilibrium approach is used to characterize internal resistance in a cell. 

 A new reversible resistance component established based on entropy changes. 

 Degradation factors associated with each resistance component for health analysis. 

 The entropy changes contribute nearly 40% to overall losses at low state-of-charge. 

ABSTRACT 

The internal resistance of a battery represents the losses due to heat generation during energy conversion. The state-of-

health is used to quantify the increase (degradation) of resistance with usage. However, the current state-of-health analysis 

merges the total internal resistance into one component. Consequently, the underlying cause of resistance degradation is 

not understood leading to incorrect estimate of battery health. Therefore, this paper presents a comprehensive framework 

based on energy equilibrium for the categorization and health analysis of total internal resistance. It is divided into 2 

components: one based on irreversible overpotential (includes polarization) effects and a new second resistance 

component originated from reversible entropy changes. For LiFePO4 cells used in this work, it is observed that the 

contribution of entropy changes (hitherto unrecognized) to the overall losses increases from 4 − 10% to more than 40% 

as state-of-charge reduces. State-of-health of each component is obtained by the determination of its associated 

degradation factor to quantify the underlying mechanism of resistance degradation. In conclusion, the increase in 

irreversible resistance is primarily attributed to the permanent loss of active material. Correspondingly, the reversible 

resistance increase is associated to the formation of concentration gradients in the electrodes due to past load profile and 

ambient conditions.  
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1 Introduction

The world is rapidly moving in the direction of the utilization of electric energy as a response to the increasing energy 

demands. Wide variety of electrochemical batteries are used to store the electric energy for efficient usage. For their safer 

and reliable operation, state-of-health (SoH) is used to quantify the degradation of the battery performance with usage 

and prevent sudden failure by estimating the remaining useful life. An increase in internal resistance means the battery 

health has degraded which, in turn, affects its capacity and current (power) limits. There are various methods used in 

literature to define the SoH based on capacity fade as well as increase in internal resistance [1]. This enables the individual 

health analysis of both capacity fade and internal resistance with the latter being the focus of the present work. 

The electric power available at the output of the battery depends on the terminal voltage which is lower than the Open-

Circuit-Voltage (OCV) due to internal energy losses observed in the form of heat generation. The main sources of heat 

generation are the irreversible heat of reaction due to overpotential effects and the reversible heat of entropy [2]. For 

practical purposes, the losses due to heat generation are parameterized by the internal resistance which depends on the 

operating conditions [3]. However, the current methods categorize the steady-state total internal resistance into ohmic and 

polarization resistance considering the overpotential effects only (assuming entropy changes to be low) [4] as depicted in 

Figure 1. Nevertheless, it is shown in [5] that the contribution of the reversible heat of entropy can be comparable or even 

exceed the irreversible heat depending on the cell chemistry. Therefore, it is essential to analyze the impact of both 

irreversible and reversible effects on battery SoH to understand the underlying cause of resistance degradation. The 

present work aims to introduce a framework which includes the reversible entropy changes into the discrete health analysis, 

thus making it useful for dynamic applications. 

 

Figure 1 Categorization of energy losses in the form of internal resistance for degradation analysis. 
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1.1 Empirical and Mechanistic Methods for SoH Analysis 

A model-based approach provides a robust way to evaluate the effect of operating conditions on the battery characteristics 

[6, 7]. Equivalent-circuit based models using a resistor in series with one or more parallel RC circuits (polarization circuit) 

have been used to characterize the dynamics of batteries [8, 9, 10, 11]. In this approach, the entropy changes are merged 

together with the polarization circuit and consequently, excluded in the steady-state analysis as the voltage across the 

capacitor stabilizes. Generally, for modelling purpose, the parameters of the equivalent circuit are identified experimentally 

to attain a best-fitted model. The deteriorating effect of use and ageing can then be observed in the form of capacity fade 

and increase in internal resistance of the cell which can be quantified by the SoH [4]. Hence, continuous parameter 

adaptation is essential for the control of battery operations and determining the SoH. Adaptive online models based on 

different variants of Kalman filter [12, 13, 14, 15], particle filter [16, 17], sliding mode observer [18], least square algorithm 

[19] and extreme learning machine [20] have been proposed to estimate the change in battery parameters and determine 

the SoH. Hence, the adaptive models take battery ageing into account with satisfactory results. However, the accuracy of 

the parameter adaptation is affected by the exclusion of the entropy changes in the steady-state analysis. Due to the 

correlation between entropy changes and state-of-charge (SoC), their effect on the SoH needs to be analysed discretely. 

Similarly, the methods based on the analysis of differential voltage (DV) [21, 22] or incremental capacity (IC) [23, 24] 

curves can be used for analysing the SoH. They are useful in identifying the cause of battery health deterioration based 

on the changes observed in the peaks and slope of the dV/dQ (DV) or dQ/dV (IC) curves. Wang et al. [25] and Weng et 

al. [26] made use of the charging voltage curves to estimate the IC curves for online application. Wang et al. used centre 

least squares method to smoothen the voltage curves and reduce the sensitivity to noise in voltage measurement. Weng 

et al., on the other hand, used Support Vector Regression (SVR) to obtain the IC curves. However, voltage error 

accumulation over time and sensitivity to charging conditions (charging current and temperature) limits the online 

application of this method. The sample entropy of a characteristic associated with the cell performance: discharge voltage 

[27, 28] and charging temperature [29], has also been used for SoH estimation. However, they require a large amount of 

dataset for data fitting and parameter estimation. The accuracy of the method is also dependent on relevant feature 

selection (charging profile, resting time, discharge voltage etc.). Furthermore, the parameters used in the analysis are also 

not physically interpretable to understand the reasons for battery health deterioration. 

1.2 Framework based on Energy Equilibrium for Determining SoH (Resistance) 

As discussed in Section 1.1, the methodology used to predict the battery SoH should be able to address the deteriorating 

effect of the reversible entropy changes in an isolated manner. These reversible effects are a direct result of constantly 

changing operating conditions, dynamic power requirements and past load profile. Therefore, the framework presented in 

this paper aims to quantify the degradation mechanism: irreversible overpotential effects and reversible entropy changes, 

using physically interpretable degradation factors. With the primary focus on the determination of SoH of resistance, the 

contribution of this work is two folds: 



 

 

 Since we are dealing with the energy losses, the resistance degradation is categorized into two components 

derived from the fundamental energy equilibrium approach. This results in the inclusion of the hitherto excluded 

entropy changes in addition to the irreversible overpotential effects (including polarization) during the stead-state 

analysis. The degradation factor associated with each resistance component helps to quantify the SoH of 

resistance and the underlying mechanism of degradation. 

 The dynamic discharge current limits are computed using the measured resistance degradation factors. This 

helps determine the dynamic power limits during battery operation so that it stays within the defined voltage limits. 

The work in this paper is organized as follows. The theoretical foundation for categorizing the total internal resistance into 

irreversible (overpotential effects) and reversible (entropy) components with their respective degradation factors is 

discussed in Section 2. The experimental procedure used to determine the parameters based on temperature, current and 

SoC is described in Section 3. The experimental procedure used to validate the method and determine the degradation 

factors is described in Section 4. The drawn conclusions and future work are discussed in Section 5. 

2 Battery Parameters Derived from Energy Equilibrium Approach 

During the battery operation, the measurement of voltage provides the foundation for most of the methods discussed for 

analyzing the battery health. However, the measurement is generally affected by long-term as well as recent power 

charge/discharge history. The OCV of an electrochemical cell is representative of the maximum electrical energy that can 

be derived from it. The difference between OCV and the measured terminal voltage is representative of the overall energy 

losses. Therefore, at any given instant, a general energy balance [30] can be used to account for the difference between 

the OCV and the measured cell voltage (terminal voltage). The primary forms of energy loss in the cells are irreversible 

resistive dissipation (overpotential voltage drop characterized by ohmic and polarization resistance of the cells) and 

reversible entropy losses; assuming energy losses due to chemical reactions and heat of mixing to be low. The proposed 

methodology uses the energy equilibrium approach to represent the voltage change due to each type of loss by a 

resistance component. Consequently, a new approach is introduced to categorize the internal resistance into two 

components and determine the SoH of resistance using the degradation factors associated with each resistance 

component. Hence, the effect of reversible entropy changes, which is well studied in the thermal analysis of the battery [2, 

31] but ignored in the steady-state battery parameter determination, can be taken into account. 

2.1 Resistance Degradation Analysis using Energy Equilibrium 

The chemical energy stored in the cell is delivered in the form of useful electric work obtained from the terminal voltage 

and discharge current. The heat generated during this conversion accounts for the energy loss. Assuming the heat of 

formation due to chemical reactions to be low and neglecting the effect of heat of mixing [2, 32], the rate of heat generation 

follows the following relationship: 



 

 

𝑑𝑄𝑔𝑒𝑛

𝑑𝑡
= 𝐼 [𝑉𝑡𝑒𝑟𝑚 − 𝑉𝑂𝐶𝑉(𝑆𝑜𝐶, 𝑇𝑐𝑒𝑙𝑙)] = 𝐼 [𝑉𝑐𝑒𝑙𝑙 − 𝑉𝑂𝐶𝑉(𝑆𝑜𝐶, 𝑇𝑐𝑒𝑙𝑙)] +  𝐼 𝑇𝑐𝑒𝑙𝑙  

𝜕𝑉𝑂𝐶𝑉(𝑆𝑜𝐶, 𝑇𝑐𝑒𝑙𝑙)

𝜕𝑇𝑐𝑒𝑙𝑙
 (1) 

where, 𝑉𝑡𝑒𝑟𝑚 is the terminal voltage of the cell, 𝑉𝑂𝐶𝑉 is the open-circuit voltage of the cell, 𝑇𝑐𝑒𝑙𝑙 is the cell temperature, 

𝑉𝑐𝑒𝑙𝑙 = 𝑉𝑡𝑒𝑟𝑚 − 𝑇𝑐𝑒𝑙𝑙
𝜕𝑉𝑂𝐶𝑉

𝜕𝑇𝑐𝑒𝑙𝑙
 is the cell potential specifically accounting for irreversible overpotential effects.  

Hence, the power loss due to heat generation comprises of the loss due to the irreversible overpotential effects (including 

polarization) and the reversible potential change (entropy change). Overpotential effects that originate from the heat 

generated by the irreversible internal resistance is always exothermic leading to a loss of energy. The reversible potential 

change can be either positive or negative based on the entropy change. Using resistance to represent the potential 

changes in equation (1), the total resistance measured at any instant consists of an irreversible and a reversible component: 

𝑅𝑡𝑖(𝐼, 𝑆𝑜𝐶, 𝑇𝑐𝑒𝑙𝑙) = 𝑅𝑖𝑟𝑟(𝐼, 𝑆𝑜𝐶, 𝑇𝑐𝑒𝑙𝑙) −  
𝑇𝑐𝑒𝑙𝑙

𝐼
 
𝜕𝑉𝑂𝐶𝑉(𝑆𝑜𝐶, 𝑇𝑐𝑒𝑙𝑙)

𝜕𝑇𝑐𝑒𝑙𝑙
 (2) 

where, 𝑅𝑖𝑟𝑟 =
(𝑉𝑂𝐶𝑉−𝑉𝑐𝑒𝑙𝑙)

𝐼
 is the irreversible component of internal resistance at a given SoC and 𝑅𝑡𝑖 =

(𝑉𝑂𝐶𝑉−𝑉𝑡𝑒𝑟𝑚)

𝐼
 is the 

total internal resistance. The second component of the resistance, 𝑅𝑒𝑛𝑡 = − 
𝑇𝑐𝑒𝑙𝑙

𝐼
 
𝜕𝑉𝑂𝐶𝑉(𝑆𝑜𝐶,𝑇𝑐𝑒𝑙𝑙)

𝜕𝑇𝑐𝑒𝑙𝑙
 is derived from the entropy 

change.  Considering the degradation of both irreversible and reversible components, actual resistance at any given instant 

is represented as: 

𝑅𝑎𝑐𝑡 𝑡𝑖(𝐼, 𝑆𝑜𝐶, 𝑇𝑐𝑒𝑙𝑙) = 𝜃𝑖𝑟𝑟  𝑅𝑏𝑎𝑠𝑒 𝑖𝑟𝑟(𝐼, 𝑆𝑜𝐶, 𝑇𝑐𝑒𝑙𝑙) + 𝜃𝑟𝑒𝑣 𝑅𝑏𝑎𝑠𝑒 𝑒𝑛𝑡(𝐼, 𝑆𝑜𝐶, 𝑇𝑐𝑒𝑙𝑙);  

𝜃𝑖𝑟𝑟 =
𝑅𝑎𝑐𝑡 𝑖𝑟𝑟

𝑅𝑏𝑎𝑠𝑒 𝑖𝑟𝑟
, 𝜃𝑟𝑒𝑣 =

𝑅𝑎𝑐𝑡 𝑒𝑛𝑡

𝑅𝑏𝑎𝑠𝑒 𝑒𝑛𝑡
 

(3) 

where, 𝑅𝑎𝑐𝑡 𝑡𝑖 , 𝑅𝑎𝑐𝑡 𝑖𝑟𝑟  and 𝑅𝑎𝑐𝑡 𝑒𝑛𝑡  are the actual/present total resistance, irreversible resistance and entropy change 

resistance measured at a given SoC and cell temperature respectively, 𝜃𝑖𝑟𝑟 and 𝜃𝑟𝑒𝑣 are the degradation factors of the 

irreversible and reversible components of internal resistance respectively, 𝑅𝑏𝑎𝑠𝑒 𝑖𝑟𝑟 = 𝑅𝑡𝑖 − 𝑅𝑏𝑎𝑠𝑒 𝑒𝑛𝑡  and 𝑅𝑏𝑎𝑠𝑒 𝑒𝑛𝑡 =

−
𝑇𝑐𝑒𝑙𝑙

𝐼
  

𝜕𝑉𝑂𝐶𝑉

𝜕𝑇𝑐𝑒𝑙𝑙
 are the irreversible and reversible components of resistance respectively used as the baseline values for 

degradation comparison (preferably, measured when the cell is new). 

The normalized degradation factors defined in this work allow the use of energy balance equation for general dynamic 

problems. The factor 𝜃𝑟𝑒𝑣 accounts for the change in entropy due to spatial changes in lithium concentration. Therefore, it 

is representative of the battery conditions at the time of measurement which includes temperature and discharge current 

history.  While 𝜃𝑖𝑟𝑟 accounts for the irreversible increase in resistance due to the formation of side products. Considering 

the normalization, a value greater than 1 means the resistance has increased compared to the reference values which 

depicts resistance degradation. Therefore, the approach enables the identification and quantification of the degradation 

mechanism based on the degradation factors. A higher 𝜃𝑟𝑒𝑣 indicates greater concentration gradients leading to entropy 



 

 

changes while an increase in 𝜃𝑖𝑟𝑟 depicts irreversible increase in the internal resistance due to side reactions. Considering 

the resistance degradation of the battery in steady-state (as irreversible resistance includes both electrical and polarization 

resistance), the equivalent circuit used for battery performance analysis is illustrated in Figure 2. 

 

Figure 2 Steady-state equivalent circuit for resistance degradation analysis. 

2.2 Remodelled SoH of Resistance 

Since the degradation due to entropy changes (concentration gradients) is partially reversible, it is affected by the recent 

current profile and ambient conditions. However, the irreversible component does not vary significantly with changing 

conditions. Therefore, it provides a relevant factor to normalise 𝑅𝑎𝑐𝑡 𝑡𝑖  and determine the actual state-of-health of 

resistance (𝑆𝑜𝐻𝑅
 ). Hence, we remodel the 𝑆𝑜𝐻𝑅

  using equation (3) as follows: 

𝑆𝑜𝐻𝑅
 =

𝑅𝑎𝑐𝑡 𝑡𝑖

𝑅𝑏𝑎𝑠𝑒 𝑖𝑟𝑟
= 𝜃𝑖𝑟𝑟 + 𝜃𝑟𝑒𝑣 𝑟𝑒𝑛𝑡−𝑖𝑟𝑟(𝐼, 𝑆𝑜𝐶, 𝑇𝑐𝑒𝑙𝑙) (4) 

where, 𝑟𝑒𝑛𝑡−𝑖𝑟𝑟 =
𝑅𝑏𝑎𝑠𝑒 𝑒𝑛𝑡 

𝑅𝑏𝑎𝑠𝑒 𝑖𝑟𝑟
 is the ratio of the baseline values of the reversible and irreversible components of resistance. It 

can be observed that 𝑟𝑒𝑛𝑡−𝑖𝑟𝑟 is directly proportional to 
𝜕𝑉𝑂𝐶𝑉(𝑆𝑜𝐶,𝑇𝑐𝑒𝑙𝑙)

𝜕𝑇𝑐𝑒𝑙𝑙
 which is a function of SoC in the given temperature 

range. As 𝑟𝑒𝑛𝑡−𝑖𝑟𝑟 changes sign with 
𝜕𝑉𝑂𝐶𝑉(𝑆𝑜𝐶,𝑇𝑐𝑒𝑙𝑙)

𝜕𝑇𝑐𝑒𝑙𝑙
, the factor 𝜃𝑟𝑒𝑣 may increase or decrease the magnitude of 𝑆𝑜𝐻𝑅

 . This 

remodelled definition of 𝑆𝑜𝐻𝑅
  differs from the existing approach in use where it is defined as the ratio of actual and baseline 

total resistance (
𝑅𝑎𝑐𝑡 𝑡𝑖

𝑅𝑏𝑎𝑠𝑒 𝑡𝑖
). The proposed method helps overcome the limitations of the existing approach (refer Section 4.1 

for details). 

2.3 Discharge Current Limitation 

The resistance degradation directly affects the capacity and power available in a battery as it is a complex electrochemical 

device which is allowed to function within a safe operating area (SOA). SOA of a particular battery is defined based on the 

minimum (cut-off voltage) and maximum voltage limits in order to avoid rapid deterioration and failure. As such, the 

discharge current that can be drawn from the battery is dependent on the instantaneous internal resistance. It is limited 

𝑉𝑡𝑒𝑟𝑚

𝜃𝑖𝑟𝑟  𝑅𝑖𝑟𝑟

𝑉𝑂𝐶𝑉

𝜃𝑟𝑒𝑣 𝑅𝑒𝑛𝑡𝐼

𝑅𝑡𝑖
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Polarization 

resistance 

Entropy 

component 

(new) 



 

 

either by an absolute maximum discharge current (battery parameter based on cell chemistry) or a dynamically decreasing 

discharge limit, whichever is lower, to keep the battery within SOA. Since the terminal voltage should be more than the 

minimum voltage (𝑉𝑐𝑢𝑡−𝑜𝑓𝑓), the dynamic discharge current limit based on voltage limits, 𝐼𝑙𝑖𝑚 𝑣𝑜𝑙𝑡 is obtained by substituting 

𝑅𝑡𝑖 = 𝑉𝑂𝐶𝑉 − 𝑉𝑐𝑢𝑡−𝑜𝑓𝑓 [33], and accounting for 𝜃𝑖𝑟𝑟 and 𝜃𝑟𝑒𝑣 factors into equation (2): 

𝐼𝑙𝑖𝑚 𝑣𝑜𝑙𝑡 =
𝑉𝑂𝐶𝑉 − 𝑉𝑐𝑢𝑡−𝑜𝑓𝑓 + 𝜃𝑟𝑒𝑣 𝑇𝑐𝑒𝑙𝑙  

𝜕𝑉𝑂𝐶𝑉

𝜕𝑇𝑐𝑒𝑙𝑙

𝜃𝑖𝑟𝑟  𝑅𝑖𝑟𝑟
;  

𝑉𝑐𝑢𝑡−𝑜𝑓𝑓 = 2.5 𝑉 for LiFePO4 cells 

(5) 

The absolute discharge current limit and power limit are subsequently defined as follows: 

𝐼𝑙𝑖𝑚 = min[𝐼𝑙𝑖𝑚 𝑐𝑎𝑝, 𝐼𝑙𝑖𝑚 𝑣𝑜𝑙𝑡] ; 𝑃𝑙𝑖𝑚 = 𝑉𝑡𝑒𝑟𝑚 𝐼𝑙𝑖𝑚 (6) 

where, 𝐼𝑙𝑖𝑚 𝑐𝑎𝑝 is the maximum discharge limit suggested by the cell manufacturer as per the cell chemistry. Correlating 

the discharge current limit (𝐼𝑙𝑖𝑚) with SoC estimation provides a measure of the capacity available for that current under 

the given conditions. It can be observed in equation (5) that an increase in the irreversible resistance (higher 𝜃𝑖𝑟𝑟) leads 

to a given discharge limit being attained at higher SoCs and hence, loss of capacity. Therefore, it can be concluded from 

this analysis that the capacity available during the battery operation is affected by a change in the internal resistance. 

3 Baseline Parameter Identification 

The experimental tests for the baseline battery parameter identification have been carried out on modules of commercially 

available LiFePO4 cells with a nominal capacity of 20 Ah. The operating voltage of the cells is between 2.5 V and 3.65 V 

with a maximum pulse discharge current of 200 A (10C). These tests are conducted using Chroma 17020 regenerative 

battery module test system with Wewontech TH-408 environmental chamber (Figure 3) for ambient temperature control. 

Pulse discharge and charge tests as suggested in [9, 34] are applied to identify 𝑅𝑡𝑖, 𝑅𝑒𝑛𝑡 and 𝑅𝑖𝑟𝑟 as functions of the 

temperature, SoC and current. Five battery modules consisting of three cells each are used for the tests. The steady-state 

equivalent circuit parameters (Figure 2) are thus obtained from the average of parameters calculated from the three cells 

of a module, in order to account for manufacturing inconsistencies [35]. Before the actual measurements, each module is 

passed through three cycles of standard charge/discharge as suggested by the manufacturer, to make their behavior 

stable for measurement. 



 

 

   

Figure 3 Test setup for battery parameters identification. 

Furthermore, the tests have been conducted to obtain the baseline parameters covering the complete discharge current 

range (up to 10 𝐶) at the temperatures of 10°C and 25°C. Since the measurement of total internal resistance includes the 

losses due to polarization, the length of the selected discharge pulse should be sufficient to allow the polarization effects 

to stabilize.  Hence, a discharge pulse spanning 2 Ah for approximately 10% SoC discharge (approximately, as the actual 

nominal capacity is found during the tests) is selected for the tests. The ambient temperature and resting period between 

consecutive pulses (as listed in Table 1) are established based on the lumped parameter thermal model. The goal is to 

achieve the end of pulse temperatures of approximately 10°C and 25°C, respectively, during each test for effective 

measurements. Every discharge test is preceded by charging each cell of the battery module independently at the standard 

temperature of 25°C. Constant current charging up to 3.65 V at a constant current of 10 A (~0.5C) is followed by a constant 

voltage charging at 3.65 V until the current dropped to 1 A (~0.05C). This is followed by rest at the required test temperature 

for 2 hours to achieve thermal equilibrium. The test is terminated when one of the cells reaches the cut-off voltage of 2.5 

V as lower voltage levels might lead to irreversible capacity loss (as suggested by the manufacturer). Total discharge 

obtained from the cells until cut-off voltage is used to obtain the capacity available at different currents and temperatures. 

Discharge 
current 

(A) 

Ambient 
temperature (°C) 

Rest period 
between 

consecutive 
pulses (min.) 

10°C 
testing 

25°C 
testing 

2 (0.1𝐶) 10 25 10 

20 (1𝐶) 8 23 10 

60 (3𝐶) 6 22 15 

100 (5𝐶) 5 21 25 

140 (7𝐶) 5 21 35 

200 (10𝐶) 4 20 45 
Table 1 Test conditions used for parameter identification using pulse discharge. 

3.1 OCV and Entropy Change Plots 

Initially, the determination of OCV at the temperatures of 10°C and 25°C is performed by discharging the battery module 

at the nominal current of 20 A (~1C). Discharge pulses spanning 2 Ah are applied to the battery module with each pulse 

followed by a rest period of 2 hours to allow the cells to reach steady-state (stable voltage output). OCV is taken as the 
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measured voltage level at the end of the rest period. Hence, the OCV is determined as a function of SoC at the required 

temperatures. The entropy change (
𝜕𝑉𝑂𝐶𝑉(𝑆𝑜𝐶,𝑇𝑐𝑒𝑙𝑙)

𝜕𝑇𝑐𝑒𝑙𝑙
) is then computed (illustrated in Figure 7a) using the OCV values 

obtained at the temperatures of 10°C and 25°C. 𝜕𝑉𝑂𝐶𝑉  is the difference of OCV values obtained at 25°C and 10°C 

respectively and 𝜕𝑇𝑐𝑒𝑙𝑙 is the temperature difference. 

3.2 Determination of Resistance Components 

The total internal resistance (𝑅𝑡𝑖) is determined as a function of SoC for each of the discharge currents (2 A to 200 A) 

mentioned in Table 1. Essentially, it characterizes the total voltage recovery after the load is removed. Figure 4 illustrates 

an example of the dynamic voltage response of a cell for a discharge pulse of 2 Ah at an applied current of 60 A. The 

terminal voltage measured at the end of a discharge pulse (𝑉𝑡𝑒𝑟𝑚 𝑒𝑛𝑑) represents the total voltage drop at a given SoC. 

While OCV represents the steady-state voltage at the given SoC measured at the instant just before the beginning of the 

discharge pulse. Hence, 𝑅𝑡𝑖 is obtained as a function of SoC using the following equation: 

𝑅𝑡𝑖(𝑆𝑜𝐶) =
𝑉𝑂𝐶𝑉(𝑆𝑜𝐶) − 𝑉𝑡𝑒𝑟𝑚 𝑒𝑛𝑑

𝐼
 

(7) 

𝑅𝑒𝑛𝑡 is also calculated as a function of SoC for different discharge currents and is essentially obtained by scaling the 

entropy change (
𝜕𝑉𝑂𝐶𝑉(𝑆𝑜𝐶,𝑇𝑐𝑒𝑙𝑙)

𝜕𝑇𝑐𝑒𝑙𝑙
) with the term 

𝑇𝑐𝑒𝑙𝑙

𝐼
: 

𝑅𝑒𝑛𝑡(𝑆𝑜𝐶) = − 
𝑇𝑐𝑒𝑙𝑙

𝐼
 
𝜕𝑉𝑂𝐶𝑉(𝑆𝑜𝐶, 𝑇𝑐𝑒𝑙𝑙)

𝜕𝑇𝑐𝑒𝑙𝑙
 

(8) 

Notably 𝑅𝑒𝑛𝑡 changes sign (“crossover” point) as the entropy change becomes negative (Figure 7a). 𝑅𝑖𝑟𝑟 is then evaluated 

by rearranging equation (2) as follows: 

𝑅𝑖𝑟𝑟(𝑆𝑜𝐶) = 𝑅𝑡𝑖(𝑆𝑜𝐶) − [− 
𝑇𝑐𝑒𝑙𝑙

𝐼
 
𝜕𝑉𝑂𝐶𝑉(𝑆𝑜𝐶, 𝑇𝑐𝑒𝑙𝑙)

𝜕𝑇𝑐𝑒𝑙𝑙
] = 𝑅𝑡𝑖(𝑆𝑜𝐶) − 𝑅𝑒𝑛𝑡(𝑆𝑜𝐶) 

(9) 

𝑅𝑡𝑖 , 𝑅𝑒𝑛𝑡  and 𝑅𝑖𝑟𝑟  obtained at 10°C and 25°C are presented in Figure 5. Nominal capacity of 21.11 Ah (obtained by 

discharging the cells at nominal conditions of 2 A current at 25°C) is used to calculate the SoC. Resistances for each 

current value are plotted to the exhaustion of capacity (one of the cells in the module reaching terminal voltage of 2.5 V) 

at that particular discharge current.  



 

 

 

Figure 4 Voltage response at 60 A for a discharge pulse (2 Ah) used for determination of resistance components. 

𝑅𝑒𝑛𝑡 is computed up to the current used to define the nominal capacity (0.1C), 2 A in the present test case, to keep it finite, 

since it is inversely proportional to the current. It is also observed in Figure 5h that 𝑅𝑖𝑟𝑟 becomes negative at smaller values 

of current for a small range of SoC before it turns to positive again. This anomalous behaviour could be explained by the 

additional time available for the polarization at low currents while the entropy of the system is reducing (negative entropy 

change) till the end of the two phase transition. Two phase transition is reported to end near SoC of approximately 0.05 

[36, 37] after which 𝑅𝑡𝑖 and 𝑅𝑖𝑟𝑟 increase rapidly. The MATLAB code for generating the plots can be found at [38]. 

 

 



 

 

 

 

 
Figure 5 Resistance plots as functions of SoC at different values of current at 10°C and 25°C, a) 𝑹𝒕𝒊 at 10°C *, b) 𝑹𝒆𝒏𝒕 at 10°C, c) 𝑹𝒊𝒓𝒓 at 

10°C, d) 𝑹𝒕𝒊 at 25°C *, e) 𝑹𝒆𝒏𝒕 at 25°C, f) 𝑹𝒊𝒓𝒓 at 25°C, g) 𝑹𝒆𝒏𝒕 for nominal capacity discharge current (0.1C), h) 𝑹𝒊𝒓𝒓 for nominal capacity 
discharge current (0.1C). 

*Note- Plots are enlarged to amplify the effect of resistance variation at higher discharge currents. 

3.3 Capacity Determination using Discharge Current Limits 

The capacity available for a specified discharge current under the given ambient conditions is determined by discharging 

the cells at that current up to the cut-off voltage (2.5 V for LiFePO4 cells). Correspondingly, the nominal capacity (indicative 

of total charge available) is taken as the maximum capacity extracted experimentally for a discharge of 0.1C (2 A for our 

case) at 25°C. However, the capacity reduces with resistance degradation as the cut-off voltage is reached earlier due to 



 

 

an increase in resistance. The framework introduced in this work helps in the estimation of the capacity available with 

resistance degradation. 

The SoC at which a given discharge current limit is reached (indicative of capacity available at that current) can be obtained 

by substituting the corresponding 𝑅𝑖𝑟𝑟 (function of temperature and SoC for given current) into equation (5). Figure 6a 

illustrates the evolution of the experimental discharge current limits obtained during the baseline parameter identification 

testing in Section 3.  Subsequently, the plots in Figure 6b and Figure 6c are obtained by plotting the right hand side of 

equation (5) for the baseline 𝑅𝑖𝑟𝑟 values (𝜃𝑖𝑟𝑟 = 𝜃𝑟𝑒𝑣 = 1). They illustrate the advancement of discharge current limits at 

10°C and 25°C respectively. For example, the capacity limit for 200 A discharge is obtained experimentally at the SoC of 

0.6494 at 10°C. Substituting the corresponding values of 𝑅𝑖𝑟𝑟 for 200 A into equation (5), the progression of discharge 

current limit is illustrated in Figure 6b. Eventually, the discharge current limit of approximately 201 A is obtained at the 

experimentally determined SoC limit of 0.6494. Correspondingly, the advancement of current limits for 140A, 100A, 60A, 

20A and 2A is also illustrated in Figure 6b and Figure 6c. The marginal difference in the current limits at the expected 

discharge capacity is obtained due to the test termination criterion used. The criterion resulted in discharge being stopped 

whenever one of the three cells in a module reached the cut-off voltage of 2.5 V. The cells are expected to reach the cut-

off voltage almost simultaneously as they are charged individually. However, as mentioned in Section 3, the average of 

the resistances of the three cells in a module is used for the calculation of discharge current limits to account for cell 

manufacturing inconsistencies. Therefore, it might be a good idea to use the highest cell resistance for this calculation in 

order to ensure safe operation. The application and validation of this method with resistance degradation is demonstrated 

in Section 4.4.

 



 

 

 
Figure 6 Capacity plots at 10°C and 25°C, a) Capacity obtained at different values of current experimentally, b) Discharge current limits 
for obtaining capacity available at 10°C, c) Discharge current limits for obtaining capacity available at 25°C.

4 Experimental Validation Testing and Analysis 

The tests for the validation of the proposed resistance degradation methodology is conducted on two battery modules. 

They are initially discharged for 30 cycles at different currents in order to simulate accelerated battery ageing. 

Subsequently, the battery modules are subjected to customized tests using the same testing equipment as presented in 

Section 3. The testing is conducted at 10°C since higher and distinctive values of resistance are observed at that 

temperature (see Figure 5) which would aid in observing the resistance degradation distinctly for different currents. As 

explained in Section 3, each cell in the two modules is charged independently using the standard procedure of a constant 

current followed by a constant voltage charging at 25°C. This is followed by resting at the test temperature of 10°C for 2 

hours to achieve thermal equilibrium. The discharge cycle sequence consisted of discharge at a given current in pulses of 

2 Ah (repeated until the capacity limit is reached at that current level) under the conditions specified in Table 1. The 

discharge is stopped before 2 Ah pulse ended if one of the cells in the module reached the cut-off voltage (i.e., capacity 

at the given discharge current is exceeded). The discharge procedure started with 200 A (10C) discharge current 

(maximum discharge current suggested by the cell manufacturer), followed successively by decreasing currents of 140 A, 

100 A, 60 A, 20 A and 2 A on both modules. The module is rested for 1 hour after capacity exhaustion at each discharge 

current before moving to the subsequent current level.  

4.1 Limitations of Existing SoH (Resistance) Measurement 

Using the existing approach, the SoH of resistance used for estimating the resistance degradation is expressed as [33, 

39, 1]: 

𝑆𝑜𝐻𝑅
𝑜𝑙𝑑 =

𝑅𝑎𝑐𝑡 𝑡𝑖

𝑅𝑏𝑎𝑠𝑒 𝑡𝑖
 (10) 

However, this approach merges the entropy changes with the overpotential effects and is therefore, not useful for 

determining the contribution of each component to the overall resistance degradation. The entropy change plot based on 



 

 

the measurement of 
𝜕𝑉𝑂𝐶𝑉

𝜕𝑇𝑐𝑒𝑙𝑙
 at the temperatures of 10°C and 25°C is derived as per the procedure discussed in Section 3.1 

and depicted in Figure 7a. It is found to change signs from positive to negative at the SoC of 0.3351 followed by an 

increased in magnitude. This change of sign and magnitude impacts the measurement of the resistance degradation 

significantly as the contribution of the entropy changes to the overall losses increases. It is observed in Figure 7b that the 

SoH of resistance obtained using equation (10) is nearly constant for the SoC ranging from 0.40 to 0.85, while it increases 

below the SoC of 0.3351 (when entropy changes its sign). This observation can be explained by analysing the factors 

affecting the measurement of total internal resistance using equation (2). During the measurement of the actual total 

resistance 𝑅𝑎𝑐𝑡 𝑡𝑖, the actual capacity of the cell is lower than the nominal capacity observed during the measurement of 

base total resistance 𝑅𝑏𝑎𝑠𝑒 𝑡𝑖 due to ageing and usage. However, the nominal capacity is still used for SoC calculation and 

comparison with the baseline resistance values. As a result of the reduced capacity, the actual SoC is lower than the 

calculated SoC. Hence, there is a shift to lower SoC along the entropy change curve (refer Figure 7a) for the measured 

actual reversible resistance component 𝑅𝑎𝑐𝑡 𝑒𝑛𝑡. 

During the testing, the discharge currents for SoC greater than 0.40 ranged from 100 A to 200 A as seen in Figure 8a, 

Figure 8b. The factor 
𝑇𝑐𝑒𝑙𝑙

𝐼
 is relatively low in magnitude for high discharge currents which reduces the contribution of 

𝑅𝑎𝑐𝑡 𝑒𝑛𝑡 in the magnitude of 𝑅𝑎𝑐𝑡 𝑡𝑖 compared to the contribution of the actual irreversible resistance component 𝑅𝑎𝑐𝑡 𝑖𝑟𝑟. It 

is also observed that the entropy changes at a slow rate in the SoC range of approximately 0.40 to 0.98  as illustrated in 

Figure 7a. Consequently, an incremental shift in entropy along the entropy change curve in this SoC range does not have 

a sizeable impact on the value of 𝑅𝑎𝑐𝑡 𝑡𝑖, if the factor 
𝑇𝑐𝑒𝑙𝑙

𝐼
 is comparable for successive measurements. However, it is 

observed that 𝑅𝑎𝑐𝑡 𝑡𝑖  increases rapidly below the SoC at which 𝑅𝑎𝑐𝑡 𝑒𝑛𝑡  becomes positive (i.e., 
𝜕𝑉𝑂𝐶𝑉

𝜕𝑇𝑐𝑒𝑙𝑙
 turns negative) as 

observed in Figure 7b. This results from an increase in the contribution of the reversible component 𝑅𝑎𝑐𝑡 𝑒𝑛𝑡 to the total 

resistance 𝑅𝑎𝑐𝑡 𝑡𝑖, relative to the contribution of the irreversible component 𝑅𝑎𝑐𝑡 𝑖𝑟𝑟. Consequently, 𝑆𝑜𝐻𝑅
𝑜𝑙𝑑 increases at a 

rapid rate below the SoC at which the contribution of reversible entropy changes increases, as per equations (2) and (10). 

Therefore, the existing definition of the SoH of resistance merges together the contribution of the reversible and the 

irreversible components to the overall resistance degradation. Since the irreversible degradation is permanent while the 

reversible degradation is partially or fully reversible, it is essential to separately analyze the contribution of each component 

to the resistance degradation. In the electrochemical cells which demonstrate rapid entropy changes over the entire span 

of the battery charge, the contribution of the reversible component would be significantly higher and clearly observed 

throughout the discharge. Hence, the existing method used to determine the SoH of resistance is not useful for 

understanding the actual cause of degradation. 



 

 

   

Figure 7 a) Entropy change plot and b) 𝑺𝒐𝑯𝑹
𝒐𝒍𝒅 as function of SoC. 

4.2 Measurement of Proposed SoH 

In order to truly analyze the instantaneous effect of resistance degradation, it is imperative that the measured actual total 

resistance is normalized with respect to a component which does not change significantly with SoC. Therefore, the 

proposed definition of SoH (refer Section 2.1) compares the actual total resistance with the baseline irreversible resistance 

instead of the baseline total resistance. Consequently, 𝑆𝑜𝐻𝑅  provides an indication of the overall increase in the 

instantaneous total resistance compared to the irreversible component of resistance. The points of measurement at the 

end of discharge pulse for the validation tests on the two modules are shown on entropy change plots in Figure 8a, Figure 

8b. It can be observed in Figure 8c that the 𝑆𝑜𝐻𝑅 increases at low SoCs as the contribution of the reversible component 

𝑅𝑎𝑐𝑡 𝑒𝑛𝑡 increases. Furthermore, the framework helps quantify the contribution of each resistance component to the overall 

resistance degradation using their associated degradation factors as discussed in Section 4.3. Hence, it overcomes the 

limitations of the existing approach for detecting the degradation mechanism as discussed in Section 4.1. 

4.3 Recommended Method for Determination of Degradation Factors 

After the successful determination of the 𝑆𝑜𝐻𝑅  as discussed in Section 4.2, the factors 𝜃𝑖𝑟𝑟  and 𝜃𝑟𝑒𝑣  can further help 

understand the underlying cause for the resistance degradation. The suggested method to determine the degradation 

factors is discussed as follows: 

I. Determine the 𝑆𝑜𝐻𝑅 while recording the current and SoC at the end of the discharge pulse. 

II. For the two different measurements of 𝑆𝑜𝐻𝑅, determine the factor 𝑟𝑒𝑛𝑡−𝑖𝑟𝑟 for each measurement. 

III. Consequently, the two unknown degradation factors, 𝜃𝑖𝑟𝑟 and 𝜃𝑟𝑒𝑣 are determined using equation (4). 

In the present illustration, the 𝑆𝑜𝐻𝑅 determined for 200 A at SoC of 0.8561 (point 2 in Figure 8a) is taken as the constant 

first measurement. The degradation factors are then determined corresponding to the respective SoC values of the second 

measurement. Therefore, the 𝑆𝑜𝐻𝑅 determined for the corresponding discharge currents at the decreasing SoC values 

are used as the variable second measurement. Similarly, 𝑆𝑜𝐻𝑅 for 200 A at SoC of 0.8553 (point 2 in Figure 8b) is used 



 

 

as the first measurement for calculating 𝜃𝑖𝑟𝑟 of module 2. The degradation factors thus determined are demonstrated in 

Table 2. The results using 𝑆𝑜𝐻𝑅 determined at 140A, 100 A and 60 A as the first measurement points with 𝑆𝑜𝐻𝑅 for 

respective lower discharge currents as the second measurement points demonstrate similar values and trend (for details, 

refer Table 4 in Appendix A). For the present analysis, the focus is kept on the irreversible degradation factor 𝜃𝑖𝑟𝑟 as 

illustrated in Figure 8d. The irreversible degradation, an indicator of a permanent increase in resistance, is observed to 

increase with discharge. This can be attributed to the use of high discharge currents at the beginning of discharge which 

leads to increased electrode stresses. The degradation values are observed to be relatively stable in the SoC range of 

approximately 0.10 to 0.30 which coincides with the discharge currents of 3C (60 A) and 1C (20 A). The irreversible 

resistance degradation then increases marginally at the lower discharge current (2 A) as the lithium ions have more time 

to engage in side reactions leading to increased solid-electrolyte interface (SEI) growth. 

Remark: Entropy (
𝜕𝑉𝑂𝐶𝑉

𝜕𝑇𝑐𝑒𝑙𝑙
) changes at a slow rate in the high SoC range of approximately 0.40 to 0.98 (see Figure 7a), 

demonstrating absolute values of the order of 1e-4. This makes the solution of equation (4) to be sensitive to the precision 

of 𝑟𝑒𝑛𝑡−𝑖𝑟𝑟 and 𝑆𝑜𝐻𝑅. To overcome this limitation, the inherent scaling factor in the entropy change resistance: 
𝑇𝑐𝑒𝑙𝑙

𝐼
 can be 

exploited. By solving equation (4) for 𝑟𝑒𝑛𝑡−𝑖𝑟𝑟  and 𝑆𝑜𝐻𝑅  obtained at different currents, the effect of the factor 
𝑇𝑐𝑒𝑙𝑙

𝐼
 is 

amplified. Additionally, the resistance varies significantly for each discharge current (refer Figure 5). Therefore, higher 

current ratios of the two measurements used for determining the degradation factors lead to more accurate results. The 

precision constraint can also be avoided by utilizing the measurements taken in the SoC range where the entropy is 

changing rapidly (SoC range of approximately 0.05 to 0.40 as seen in Figure 7a). Therefore, this improved approach offers 

an accurate method for estimating the degradation of each resistance component through the entire range of the battery 

operation. 

Current 
span 

Nominal SoC 
𝜃𝑖𝑟𝑟𝑑𝑒𝑔 

Module 1 

𝜃𝑟𝑒𝑣𝑑𝑒𝑔 

Module 1 

200 − 140 0.8561 − 0.7231 1.0762 1.1762 

200 − 140 0.8561 − 0.6294 1.0830 1.2881 

200 − 140 0.8561 − 0.5356 1.0818 1.2679 

200 − 140 0.8561 − 0.4419 1.0867 1.3480 

200 − 140 0.8561 − 0.4081 1.1073 1.6858 

200 − 100 0.8561 − 0.2963 1.0882 1.3722 

200 − 60 0.8561 − 0.2017 1.0990 1.5500 

200 − 20 0.8561 − 0.1015 1.0961 1.5031 

200 − 2 0.8561 − 0.0234 1.0997 1.5621 

Current 
span 

Nominal SoC 
𝜃𝑖𝑟𝑟𝑑𝑒𝑔 

Module 2 

𝜃𝑟𝑒𝑣𝑑𝑒𝑔 

Module 2 

200 − 140 0.8553 − 0.7183 1.0915 1.3347 

200 − 140 0.8553 − 0.6246 1.0831 1.1976 

200 − 140 0.8553 − 0.5308 1.0790 1.1304 

200 − 140 0.8553 − 0.4509 1.0688 0.9627 

200 − 140 0.8553 − 0.4065 1.1071 1.5909 

200 − 100 0.8553 − 0.3119 1.0989 1.4562 

200 − 60 0.8553 − 0.1951 1.1065 1.5817 

200 − 20 0.8553 − 0.1031 1.1008 1.4883 

200 − 2 0.8553 − 0.0282 1.1153 1.7260 

Table 2 Irreversible and reversible degradation factor values for current spans starting from 200 A. 



 

 

4.4 Discharge Current Limits 

Besides explaining the cause of resistance degradation, the degradation factors can further be used for the determination 

of the dynamic discharge current limit as discussed in Section 3.3. Theoretically, it is determined by substituting the 

measured values of the factors 𝜃𝑖𝑟𝑟 and 𝜃𝑟𝑒𝑣 in equation (5) as presented in Table 3. The current limits are depicted as a 

function of SoC for both the tested battery modules in Figure 9a and Figure 9b. Subsequently, by correlating the discharge 

current limit to the SoC, it is observed that about 1.6% and 1.1% nominal capacity reduction is observed in the modules 1 

and 2 respectively owing to the increased IR losses. The accuracy of the discharge current limits is improved by 

considering the highest cell resistance instead of the average of resistance of the cells in a module (as mentioned in 

Section 3.3). Consequently, the maximum error between the theoretical and true (observed) discharge current limits is 

restricted to a maximum of 3.7% as illustrated in Figure 9d. The contribution of entropy changes on the voltage drop in 

equation (5) is expressed as Δ𝑉𝑒𝑛𝑡 = 𝜃𝑟𝑒𝑣 𝑇𝑐𝑒𝑙𝑙  
𝜕𝑉𝑂𝐶𝑉

𝜕𝑇𝑐𝑒𝑙𝑙
. It can be observed in Figure 9c that their contribution increases as 

the dynamic discharge current limit reduces. This trend is correlated to the fact that the magnitude of entropy increases 

with decreasing SoC as observed in Figure 7a.

 
 

Figure 8 Resistance degradation measurement, a) Module 1 measurement points on entropy plot, b) Module 2 measurement points on 
entropy plot, c) SoH of resistance, and d) Irreversible resistance degradation factor as functions of SoC. 



 

 

Remark: LiFePO4 cells used in the current work have a flattened entropy change curve with a low magnitude in the SoC 

range of 40 % to 100 %. Therefore, the contribution of entropy changes to the overall voltage drop is relatively low in this 

range. However, other cell chemistries might have a larger contribution at higher dynamic current limits and SoCs based 

on their entropy change characteristics. This makes the proposed resistance degradation framework universally useful for 

different cell chemistries.  

True discharge 
current limit 
measured 

experimentally 

(𝐼𝑡𝑟𝑢𝑒 𝑙𝑖𝑚) 
(A) 

Theoretical current limits  
(A) 

Module 1 Module 2 

Including 
entropy 
changes 

Excluding 
entropy 
changes 

Including 
entropy 
changes 

Excluding 
entropy 
changes 

20 19.74 28.23 20.59 28.86 

60 61.44 78.98 61.04 77.44 

100 97.84 105.19 101.96 106.35 

140 134.80 120.48 137.46 127.01 

200 195.69 177.18 195.80 183.75 

Table 3 A comparison of the theoretical current limits obtained with experimental observations.  
Note- The limits computed “including entropy changes” are the actual theoretical limits. Meanwhile, the limits calculated 

“excluding entropy changes” are used to determine the contribution of the entropy changes to the overall voltage drop.  
 

    

  
Figure 9 Validation testing: (a) Discharge current limits for Module 1, (b) Discharge current limits for Module 1, (c) percentage contribution 
of the entropy changes to voltage drop at true (observed) current limits, and (d) error analysis between theoretical and true (observed) 
current limits. 



 

 

5 Conclusions and Future Work 

In this study, a new approach to analyze the state-of-health of resistance is introduced. The total internal resistance is 

composed of the reversible resistance due to entropy change and the irreversible resistance due to overpotential effects. 

It is demonstrated that the degradation of both resistance components needs to be evaluated individually to understand 

the underlying cause of overall resistance degradation. It can be inferred from the analysis that the increase in resistance 

originating from the growth of SEI and side products is primarily observed in the irreversible resistance degradation. 

Whereas, the reversible resistance degradation is mainly attributed to the concentration gradients of lithium ions and their 

effect on the entropy. The main outcomes of the proposed resistance degradation method are summarized as follows: 

 Resistance degradation is divided into two types, i.e., irreversible (overpotential effects) and the reversible 

(entropy change) degradation component. 

 A remodeled definition of the SoH of resistance is presented which provides a better measure for analyzing the 

instantaneous increase in resistance making it more suitable for dynamic applications. 

 Irreversible resistance degradation is observed to be independent of SoC. In accordance with the experimental 

results, it is deduced that the degradation factor 𝜃𝑖𝑟𝑟 increases gradually for high discharge currents (additional 

mechanical stress on the electrodes) as well as low discharge currents (increased side reactions). 

 Reversible resistance degradation is shown to be a function of SoC. The degradation factor 𝜃𝑟𝑒𝑣 varies with the 

slope of entropy change. The entropy changes are partially reversible and are able to account for the dynamic 

effects of the recent load profile and ambient conditions on the battery performance. 

Furthermore, the capacity loss covering increased 𝐼𝑅 losses can be predicted with the knowledge of the degradation 

factors. The resistance components with their respective degradation factors are used to find the discharge current limits 

as a function of SoC and therefore, determine the discharge capacity available at the applied current. 

As a future work, it is hypothesized that the reversible degradation might be useful in predicting the capacity fade due to 

the loss of lithium and active material to SEI formation. Since the entropy change is a function of SoC, the reversible 

degradation factor estimates the scale of deviation in the entropy change compared to the base entropy change 

measurement. Accurate determination of the entropy change in the given temperature range would be the foundation for 

this approach. Subsequently, the framework discussed in this paper can be shown capable of estimating the battery 

performance deterioration due to ageing considering both the increased internal resistance and capacity fade. 

  



 

 

Appendix A 

The irreversible and reversible degradation values obtained for different discharge currents. 

Current 
span 

Nominal SoC 
𝜃𝑖𝑟𝑟𝑑𝑒𝑔 

Module 1 

𝜃𝑟𝑒𝑣𝑑𝑒𝑔 

Module 1 

140 − 100 0.4081 − 0.2963 1.0856 1.4197 

    

140 − 60 0.4081 − 0.2017 1.0970 1.5602 

100 − 60 0.2963 − 0.2017 1.0705 1.6986 

    

140 − 20 0.4081 − 0.1015 1.0932 1.5131 

100 − 20 0.2963 − 0.1015 1.0777 1.5657 

60 − 20 0.2017 − 0.1015 1.1300 1.3881 

    

140 − 2 0.4081 − 0.0234 1.0974 1.5648 

100 − 2 0.2963 − 0.0234 1.0764 1.5902 

60 − 2 0.2017 − 0.0234 1.0958 1.5668 
    

Current 
span 

Nominal SoC 
𝜃𝑖𝑟𝑟𝑑𝑒𝑔 

Module 2 

𝜃𝑟𝑒𝑣𝑑𝑒𝑔 

Module 2 

140 − 100 0.4065 − 0.3119 1.0981 1.4793 

    

140 − 60 0.4065 − 0.1951 1.1064 1.5823 

100 − 60 0.3119 − 0.1951 1.0926 1.6539 

    

140 − 20 0.4065 − 0.1031 1.0993 1.4935 

100 − 20 0.3119 − 0.1031 1.0975 1.4995 

60 − 20 0.1951 − 0.1031 1.1682 1.2613 

    

140 − 2 0.4065 − 0.0282 1.1177 1.7236 

100 − 2 0.3119 − 0.0282 1.0895 1.7516 

60 − 2 0.1951 − 0.0282 1.0701 1.7710 
Table 4 Irreversible and reversible degradation factor values spanning different discharge currents. 

Mathematical Notations 

𝑉𝑂𝐶𝑉 Open-circuit voltage (V) 

𝑉𝑐𝑒𝑙𝑙 cell potential accounting for irreversible overpotential effects (V) 

𝑉𝑡𝑒𝑟𝑚 terminal voltage (V) 

𝑉𝑐𝑢𝑡−𝑜𝑓𝑓 minimum terminal voltage allowed during discharge (V) 

𝐶 current rate relative to nominal cell capacity (A) 

𝐶𝑛𝑜𝑚 nominal cell capacity (Ah) 

𝐼 total discharge current (A) 

𝐼𝑙𝑖𝑚 𝑣𝑜𝑙𝑡 discharge current limit based on voltage (A) 

𝐼𝑙𝑖𝑚 𝑐𝑎𝑝 discharge current limit based on cell capability and chemistry (A) 

𝐼𝑑𝑖𝑠𝑐ℎ𝑔 𝑙𝑖𝑚 absolute discharge current limit at given state (A) 

𝑄𝑔𝑒𝑛 heat generated due to enthalpy and entropy changes (J) 

𝑅𝑒𝑛𝑡 resistance component due to entropy change (Ω) 

𝑅𝑖𝑟𝑟 resistance due to overpotential voltage drop (Ω) 



 

 

𝑅𝑡𝑖 total internal resistance (Ω) 

𝑅𝑎𝑐𝑡 𝑡𝑖 total internal resistance measured at present state (Ω) 

𝑆𝑜𝐻𝑅𝑡𝑖

𝑜𝑙𝑑 existing definition to determine SoH of resistance 

𝑆𝑜𝐻𝑅𝑡𝑖

   new proposed definition to determine SoH of resistance 

𝑇𝑐𝑒𝑙𝑙 temperature of cell (K) 

𝜃𝑖𝑟𝑟 𝑑𝑒𝑔 degradation factor of irreversible resistance 

𝜃𝑟𝑒𝑣 𝑑𝑒𝑔 degradation factor of resistance due to entropy change 

𝑟𝑒𝑛𝑡−𝑖𝑟𝑟 ratio of entropy change resistance and irreversible resistance 

Acronyms 

BMS  Battery Management System 

SEI Solid-electrolyte interface 

LiFePO4 Lithium iron phosphate 

SoC state-of-charge 

SoH state-of-health 

OCV Open-Circuit-Voltage 

SOA Safe operating area 
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