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Abstract—Hybrid electrical energy storage (HEES) systems 

consisting of heterogeneous electrical energy storage (EES) elements 
are proposed to exploit the strengths of different EES elements and 
hide their weaknesses for achieving a combination of superior 
performance metrics. The cycle life of the EES elements is one of the 
most important metrics that should be considered carefully. The 

cycle life is directly related to the state-of-health (SoH), which is 
defined as the ratio of full charge capacity of an aged EES element to 
its designed (or nominal) capacity. The SoH degradation models of 
battery in the previous literature can only be applied to 
charging/discharging cycles with the same state-of-charge (SoC) 
swing. To address this shortcoming, this paper derives a novel SoH 
degradation model of battery for charging/discharging cycles with 
arbitrary patterns. Based on the proposed model, this paper presents 
a near-optimal charge management policy focusing on extending the 
cycle life of battery elements in the HEES systems while 

simultaneously improving the overall cycle efficiency. The SoH-
aware charge management policy is based on convex optimization 
technique. Experimental results show significant cycle life 

enhancement up to 17.3X. 

I. INTRODUCTION 

Electrical energy storage (EES) systems are deployed to increase 
power availability, reliability and efficiency, mitigate the supply-
demand mismatch, and regulate the peak-power demand [1][2]. 
Unfortunately, none of the existing EES elements, such as Li-ion 
batteries, lead-acid batteries, and supercapacitors, can simultaneously 
fulfill all the desirable performance metrics, e.g., long cycle life, high 
power and energy densities, low cost/weight per unit capacity, high 
cycle efficiency, and low environmental effects. This discourages the 
wide spread of large-scale EES systems. 

Hybrid EES (HEES) systems consisting of heterogeneous EES 
elements are proposed to exploit the strengths of different EES 
elements and hide their weaknesses for achieving a combination of 
superior performance metrics [3][4]. For a HEES system to be useful 
in practice, it is essential to efficiently implement three management 
operations: charge allocation, charge replacement, and charge 
migration [5][6][7]. 

Among all the performance metrics, the cycle life of the EES 
elements is one of the most important metrics that should be 
considered carefully. The cycle life is directly related to the state-of-
health (SoH), which is defined as the ratio of full charge capacity of 
an aged EES element to its designed (or nominal) capacity. This 
metric captures the "health" condition of the EES elements, i.e., their 
ability to store and deliver energy compared to a fresh new one. 

The SoH degradation models of battery in the previous literature 
can only be applied to charging/discharging cycles with same state-of-
charge (SoC) swing1 [8][9]. To address this shortcoming, we derive a 
novel SoH degradation model of battery for charging/discharging 
cycles with arbitrary patterns. The proposed SoH degradation model is 
based on an important observation: both a higher SoC swing and a 
higher average SoC in the charging/discharging cycles will result in a 
higher SoH degradation rate. 

Some references have worked on extending the cycle life of EES 
elements [10][11][12]. However, they only focus on either a single 
EES element or a homogeneous EES system, which consists of only 
one type of EES element. Different from a single EES element or a 
homogeneous EES system, the cycle life of the EES elements in a 
HEES system is largely dependent on the HEES charge management 
policy. A recent work [13] proposes an SoH-aware charge 
management policy for the HEES systems based on the SoH 

                                                           
1 SoC is defined as the available capacity remaining in the EES element, expressed as a 
percentage of the rated capacity. SoC swing is defined as the SoC fluctuation during a 
charging/discharging cycle. 

degradation model introduced in [8]. It uses the supercapacitor bank as 
a buffer to shave the spiky portion of the source or load profiles so 
that the battery bank can stably receive energy from power source or 
provide energy to load device. This charge management policy has the 
following limitations: (i) it can only be applied to a two-bank HEES 
architecture consisting of a battery bank and a supercapacitor bank, 
(ii) it is only effective for source or load profiles in periodic patterns 
due to the limitation of the SoH degradation model from [8], and (iii) 
it is based on a simple crossover filter and is far from optimal. 

In this work, based on our novel SoH degradation model, we 
derive a near-optimal charge management policy focusing on 
extending the cycle life of battery elements in the HEES systems 
while simultaneously improving the overall cycle efficiency. The 
SoH-aware charge management policy is based on convex 
optimization techniques, and has the following extensions over [13]: 

 It is applicable to the general HEES architecture consisting of 
multiple battery banks and multiple supercapacitor banks. 

 It can be applied for source and load profiles with arbitrary 
patterns and is no longer limited to profiles in periodic patterns. 

 It achieves higher performance, because the optimization of 
charging/discharging currents of various EES banks depends not 
only on the frequency components but also on the magnitudes of 
the source and load profiles. However, the policy in [13] only 
depends on the frequency components. 

II. HEES SYSTEM ARCHITECTURE AND MANAGEMENT 

The general HEES system architecture is proposed in [5]. The 
system comprises multiple different EES banks, connected with each 
other through the Charge Transfer Interconnect (CTI). Each EES 
bank consists of an EES (element) array and a bidirectional converter. 
The EES array is composed of multiple homogeneous EES elements 
with the same SoC, organized in a two-dimensional array using series 
and/or parallel connections. The bidirectional converter controls 
power transfer into and out of the EES array through the CTI. The 
bidirectional converter is typically implemented based on a switching-
mode power converter and can be configured in either voltage or 
current regulating mode. 

An HEES system uses a main controller to determine the 
operation of converters [5]. The main controller determines the 
voltage level of the CTI, the charging/discharging current of each EES 
bank, and the current drawn from the power source according to 
charge management policies. We set only one converter in the voltage 
regulating mode and let it control the CTI voltage. All the others 
operate in the current regulating mode. The output current of the 
voltage regulating converter is automatically determined so that the 
sum of currents flowing into the CTI is equal to the sum of currents 
flowing out. Feedback control loops are employed in the converters to 
maintain the stability of their output voltage/current, and the main 
controller provides high-level charge management policies. 

III. SOH DEGRADATION MODEL 

First, we formally define the SoC and SoH degradation of an EES 

array. The SoC of an EES array is defined by 

    
      

     
      (1) 

where        is the amount of charge stored in the EES array, and 

      is the amount of charge in the EES array when it is fully 

charged. We interpret     as the state of the EES array. On the other 

hand, the       value gradually decreases during battery aging (i.e., 

SoH degradation.) The amount of SoH degradation, denoted by     , 

is defined as follows: 
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where      
    is nominal value of       for a fresh new EES array. 

A. Related Work 

The battery capacity fading (i.e., SoH degradation) results from 

long-term electrochemical reaction, which involves the carrier 

concentration loss and internal impedance growth in batteries. These 

effects strongly depend on the operating condition of the battery such 

as charging/discharging current, number of cycles, SoC swing, 

average SoC, and operation temperature [9][14]. The characterization 

of battery capacity fading requires exhausting and time-consuming 

experiments. Therefore, the accurate electrochemistry-based models 

[15][16] have been developed for battery capacity fading. However, 

they are difficult to use in practice due to the complexity. On the other 

hand, mathematical models provide us an effective and efficient way 

to estimating the SoH degradation. Hence, we discuss in the following 

the SoH degradation model of Li-ion batteries proposed in [8], which 

shows a good match with real data but can only be applied to charging 

and discharging cycles with the same SoC swing. After that we 

propose a novel SoH degradation model that can be applied to 

charging and discharging cycles with arbitrary patterns. 

The SoH degradation model in [8] estimates the SoH degradation 

of a Li-ion battery for cycled charging/discharging, where a 

(charging/discharging) cycle is defined as a charging process of the 

battery cell from        to         and a discharging process 

following it from         to       . The SoH degradation during one 

cycle depends on the average SoC level        and the SoC swing 

        . We calculate        and          in one cycle as: 
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                        (4) 

         reaches the maximum value of 1.0 (100%) in a full (100% 

depth) cycle, i.e., the SoC changes from 0 to 100% and then back to 0.   

The SoH degradation            during one charging/discharging 

cycle, depending on both        and         , is given by 
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where    ,    ,     , and    are battery specific parameters;    and 

     are the battery temperature and reference battery temperature, 

respectively;   is the duration of this charging/discharging cycle;       

is the calendar life of the battery. We use 

                            to denote           as a function of 

         and       . The total SoH degradation (from a new 

battery) after   charging/discharging cycles is calculated by 
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where               denotes the SoH degradation in the mth cycle. 

In (6),      increases from 0 (brand new) to 100% (no capacity 

left). Typically, the value of         , which indicates 80% 

remaining capacity left in the battery, are used in the literature to 

represent end of life. Figure 1 reflects the cycle life of a Li-ion battery 

under different          and       . In this experiment, we vary the 

SoC fluctuation range (i.e.,        and        ) in a cycle to achieve 

different          and        (from (3) and (4)). The charging and 

discharging cycles are repeated until the battery reaches         , 

and then we record the total number of cycles finished (i.e., the cycle 

life of the battery). There are two important observations from Figure 

1: (i) both higher SoC swing and higher average SoC in the 

charging/discharging cycles can result in a higher SoH degradation 

rate, (ii) the cycle life of a Li-ion battery increases superlinearly with 

respect to the reduction of SoC swing and average SoC. We make use 

of these observations as well as the function 

                            in the proposed SoH degradation 

model and SoH-aware charge management algorithm. 

 
Figure 1: Li-ion battery cycle life versus SoC swing (at different average SoC 

levels) and average SoC level (at different SoC swings). 

The SoH degradation of lead-acid batteries satisfies a similar 

relationship with respect to the average SoC and the SoC swing [17]. 

However, the SoH degradation rate of lead-acid batteries is much 

higher than that of Li-ion batteries. A typically lead-acid battery has a 

cycle life of 300 – 500 cycles when              , whereas the 

cycle life of a Li-ion battery is around 1500 – 2500 cycles [3]. On the 

other hand, the supercapacitors have a cycle life that is orders of 

magnitude higher than batteries [3]. Hence, we do not consider the 

SoH degradation of supercapacitors in this paper. 

B. Proposed SoH Degradation Model 

In this section, we derive a novel SoH degradation model, which 

can be applied to charging/discharging cycles with arbitrary patterns. 

The proposed novel SoH degradation model extends and generalizes 

the SoH degradation model introduced in [8] based on the following 

two observations: 
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Figure 2: Illustrative example of Observation I. 

Observation I: The SoH degradation rate is a superlinear function of 

the SoC swing          and the average SoC level        as can be 

seen from the discussion in Section III.A. Moreover, the SoC swing 
has dominant effect over the average SoC level.  

An illustrative example of Observation I is provided in Figure 2, 

which shows two SoC profiles of a battery within the same time 

duration of  . In Figure 2(a) there is three cycles each with a SoC 

swing of 20% and an average SoC of 50%, while in Figure 2(b) there 

is one cycle with a SoC swing of 60% and an average SoC of 50%. 

The SoC profile in Figure 2(b) results in a much higher SoH 

degradation (about 71.6% higher) though it has a smaller number of 

charging/discharging cycles.   


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Figure 3: Illustrative example of Observation II. 



Observation II (Decoupling of Cycles): Consider the SoC profile of a 

battery cell in Figure 3(a). Although it is not possible to directly apply 

the model in [8] to estimate the SoH degradation, we can perceive it as 

a combination of two charging/discharging cycles as shown in Figure 

3(b). Figure 3(a) and 3(b) are equivalent in terms of the SoC swing 

and the average SoC, which are the two critical factors determining 
the SoH degradation. 
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Figure 4: An example battery SoC profile versus time and the set of turning 

points. 

Based on the two observations, we provide the general SoH 

degradation model as follows. Consider a period       of charge 

management. We assume that the duration of the period is too small 

compared with the battery lifetime (300 – 500 cycles for lead-acid 

battery or 1500 – 2500 cycles for Li-ion battery [3]) to make any 

noticeable change in the      . Let             denote the total SoH 

degradation of the Li-ion battery over this period, which we are going 

to estimate. In the first step, we initialize the value of             to 

zero. We identify a set of turning points   ,   , ...,   , at which points 

the battery changes from charging to discharging or from discharging 

to charging. Figure 4 shows an example SoC profile versus time of a 

battery element and the set of turning points.  
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Figure 5: Six basic cases for (charging/discharging) cycle identifcation. 

Next, we identify four consecutive turning points 
                    from the set of turning points, satisfying one of the 

following six cases:  

(a)                                      ,  

(b)                                      , 

(c)                                      , 

(d)                                      , 

(e)                                      , 

(f)                                      , 

The six cases are shown in Figure 5(a) - (f). In each case, we identify a 

complete charging/discharging cycle as shown by the shadowed area 

in Figure 5(a) - (f). We take case (a) as an example. The SoC swing 

and average SoC level of the identified charging/discharging cycle 

(labeled by the shade) are given by: 

                             (7) 
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Then we estimate the SoH degradation in this cycle by 

                           . We delete the cycle labeled by the 

shade and update the value of             using: 

                                                    (9) 

The updating procedures of             in the other five cases are 

similar and thus not explained in detail. We continue this procedure 

until only one cycle, i.e., the cycle with the largest SoC swing, 

remains in the SoC profile of the battery. Then we obtain an effective 

estimate value of            . Figure 6 provides an example of 

estimating the             value from a battery SoC profile. 

It is provable that charging/discharging cycles with arbitrary 

patterns can be decoupled using this procedure to a set of 

charging/discharging cycles with potentially different SoC swings and 

different average SoC levels. Therefore, we effectively calculate 

            using this decoupling procedure. The details of proof are 

omitted due to space limitation. Please note that although this SoH 

degradation model cannot be as accurate as an electrochemical model, 

it provides enough insight for guiding the SoH-aware charge 

management in HEES systems since it is based on the two important 

observations about the SoH degradation. 
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Figure 6: An example of estimating the             value from an arbitrary 

battery SoC profile. 

IV. SOH-AWARE CHARGE MANAGEMENT I: SYSTEM 

MODEL AND PROBLEM FORMULATION 

A. System Architecture 

Lead-acid array Li-ion array Supercap array
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Figure 7: Structure of the HEES system considered in this paper. 

Figure 7 presents the HEES system architecture, which consists of 

a lead-acid battery bank, a Li-ion battery bank, and a supercapacitor 

bank. The proposed charge management algorithm can handle more 

complicated HEES systems. Generally, lead-acid batteries are much 

cheaper than Li-ion batteries, yet they suffer from a shorter cycle life 

and incur higher power loss during charging and discharging due to 

more severe rate capacity effect. Supercapacitors are more expensive 

than both types of batteries. However, supercapacitors have nearly 

100% charging and discharging efficiencies and an orders-of-

magnitude longer cycle life than batteries.  

We use a slotted time model, i.e., all the system constraints as well 

as decisions are provided for discrete time intervals of equal length. 

More specifically, the whole time period of charge management is 

divided into   time slots, each of duration   . The HEES charge 



management algorithm should correctly account for the distinct 

characteristics of different types of EES elements and power 

dissipation in the DC-DC conversion circuitries. 

B. System Power Model 

Let         and          (1    ) denote power generation of 

the power source and power consumption of the electric load, 

respectively. Let         ,         , and         denote the SoC 

values of the lead-acid battery array, the Li-ion battery array, and the 

supercapacitor array, respectively. Let     and     denote the terminal 

voltages of the lead-acid battery array and the Li-ion battery array, 

respectively. We neglect the dependency of the battery terminal 

voltages on the SoC values because the terminal voltages are nearly 

constant in the major SoC operation range of 20% to 80% [18]. On the 

other hand, let       denote the terminal voltage of the supercapacitor 

element array at time slot i, which is a linear function of SoC. 

Moreover, the charging/discharging currents of the lead-acid battery 

array, the Li-ion battery array, and the supercapacitor array are 

denoted by       ,       , and      , respectively. The current values 

are positive when charging the EES array and negative when 

discharging. 

The rate capacity effect of batteries explains that the charging and 

discharging efficiencies decrease with the increasing of charging and 

discharging currents, respectively. More precisely, the Peukert's 

formula [18] describes that the charging and discharging efficiencies 

of a battery element array, as functions of the charging current    and 

discharging current   , respectively, are given by 

            
  

    
  

                 
  

      
  (10) 

where   ,   ,   , and    are constants known a priori. We define the 

equivalent current inside the battery array as the actual charge 

accumulating/reducing speed inside the battery array. We calculate the 

equivalent current        for the lead-acid battery array by: 

        
                                

                                  
  (11) 

The equivalent current of the Li-ion battery array can be calculated in 

the similar way. Lead-acid batteries are subject to a much more severe 

rate capacity effect compared with Li-ion batteries. On the other hand, 

the supercapacitor arrays have negligible rate capacity effect, i.e., 

        . 

For the lead-acid battery array, we calculate          from the 

initial SoC          using Coulomb counting: 

                  
              

     

        
 (12) 

where          is the full charge capacity of the lead-acid battery array. 

Similar notations also apply for the Li-ion battery and the 

supercapacitor by replacing the subscript    by    and  , respectively. 

The power conversion circuitries exploited in the system consume 

a significant portion of power. We denote the power conversion 

efficiencies (       due to power consumption) of various 

converters at the ith time slot by         ,         ,        ,          , 

and           . We use           ,           , and           (1    ) 

to denote the power flowing into the lead-acid battery bank, the Li-ion 

battery bank, and the supercapacitor bank from the CTI, respectively. 

           satisfies the following equation:  

            
                                   

                                   
  (13) 

           and           also satisfy similar relationships. Moreover, 

we have the following equation due to the energy conservation law: 

                                 

                  
        

          
 

(14) 

C. Problem Formulation 

The objective of the SoH-aware HEES system control algorithm is 

to minimize the SoH degradation while satisfying the load power 

requirements. However, since there are two types of batteries in the 

HEES system, we define a new objective function, the overall value 

degradation, which captures the different cycle lives and capital cost 

values of the two types of batteries. We define the overall value 

degradation during the period of charge management as follows. Let 

               and                denote the SoH degradation of the 

lead-acid battery array and Li-ion battery array during the period of 

charge management, respectively. Let          denote the amount of 

SoH degradation indicating the end-of-life of a battery array (i.e., 

            ). The capital cost values of the lead-acid battery 

array and the Li-ion battery array are given by        and       , 

respectively. Then the overall value degradation is   

       
              

        
        

              

        
 (15) 

The SoH-aware HEES system control problem is formally described 

as follows: 

Given: Power source and load device power profiles        ,         , 
respectively, for      , initial SoC’s of the supercapacitor array 

       . 

Optimization variables: Initial SoC’s of the two battery arrays 

         and         , EES array charging/discharging currents 

      ,       ,       for      .  

Minimize: the overall value degradation given by Eqn. (15). 

Subject to: 

i) Load Power Requirement Constraint: (14) is satisfied. 

ii) Capacity and Power Rating Constraints: Each EES array SoC 

cannot be less than zero or more than 100%, i.e., 

                                 (16) 

Moreover, the charging/discharging current of each EES array 

cannot exceed a maximum value, i.e., 

                            (17) 

                            (18) 

                         (19) 

iii) Final Stored Energy Constraints: Each EES array SoC at the end 

of the charge management period should be no less than the initial 

SoC value, i.e.,  

                                         

                  
(20) 

V. SOH-AWARE CHARGE MANAGEMENT II: ALGORITHM 

We derive a near-optimal SoH-aware charge management policy 

based on the convex optimization technique. We need to find the near-

optimal values of the initial SoC's          and         , as well as 

the EES array current profiles       ,       ,       for      . The 

proposed optimization method consists of an outer loop and a kernel 

algorithm. The outer loop finds near-optimal values of          and 

         using the ternary search technique, in order to minimize the 

overall value degradation while satisfying load power requirement 

(14). The kernel algorithm finds the optimal EES array current profiles 

      ,       ,       for      . The general procedure to derive the 

SoH-aware charge management policy is shown in Algorithm 1. In the 

rest of this section, we describe the kernel algorithm in detail. 

Algorithm 1: Deriving the SoH-aware charge management policy. 

Perform ternary search to find the optimal          and         : 

The kernel algorithm: 

Step I: Feasibility check. 

Step II: Derive the optimal EES array current profiles       ,       ,       
for       to minimize the overall value degradation, given by Eqn. 
(15). 

Find the optimal values of all optimization variables, such that the overall 

value degradation is minimized and constraints are satisfied. 

A. The Kernel Algorithm 

The kernel algorithm consists of two steps: Feasibility check and 

the subsequent optimization of EES array current profiles. We discuss 

these two steps as follows. 



1) Feasibility Check 
In this step, we are given the          and          values from 

the outer loop. We perform feasibility check, i.e. check whether it is 

possible to find the EES array current profiles       ,       ,       for 

      such that all the constraints (14), (16) – (20) are satisfied. 

We formulate the feasibility check problem as a convex constraint 

satisfaction problem (convex CSP) and optimally solve this problem 

in polynomial time. 

First, we define the energy increasing/decreasing rates inside the 

lead-acid battery array, the Li-ion battery array, and the supercapacitor 

array by          ,          , and         , respectively, satisfying: 

                        (21) 

                        (22) 

                                    (23) 

In the problem formulation, we use          ,          , and          

        as the optimization variables instead of the EES array 

current profiles       ,       ,              . This will transform 

the problem into a convex CSP as we shall see in the following. The 

HEES controller can easily calculate the values of control variables 

      ,       ,               from the derived values of          , 

         , and          using Eqns. (11), (21) – (23). 

We rewrite constraint (14) as follows to make it a convex 

inequality constraint: 

                                 

                  
        

          
 

(24) 

Both the energy conservation law and the load power requirement are 

still satisfied in (24). We know that           ,           , and           
are convex functions of          ,          , and         , respectively, 

from Eqns. (11) and (13). This proves that constraint (24) is a convex 

inequality constraint. Moreover, the other constraints (16) – (20) can 

be translated into linear inequality constraints of          ,          , 

and                 . Details are omitted due to space limitation. 

Then the feasibility check problem becomes a convex CSP [19] 

because all the constraints are convex (or linear) inequality 

constraints. We set the objective function to be a constant value       

in order to solve this feasibility check problem using standard convex 

optimization tools such as CVX [19]. After the feasibility check, we 

calculate the average SoC levels           and           of the lead-

acid battery array and the Li-ion battery array, respectively, from the 

derived           and           profiles. These average SoC values are 

important in the subsequent optimization step.  

2) Minimizing the Overall Value Degradation 
We perform optimization to find the optimal values of          , 

         , and                  in order to minimize the overall 

value degradation given by Eqn. (15). We make use of the following 

observation in deriving the near-optimal charge management policy: 

Observation III: Notice that it is possible to decouple the charging 

and discharging profile of a (lead-acid or Li-ion) battery array into a 

set of charging/discharging cycles. The cycle with the largest SoC 

swing has the most significant contribution to the SoH degradation. 

Based on Observation III, we focus on minimizing the overall 

value degradation induced by the charging/discharging cycle (after 

decoupling) with the largest SoC swing for both battery arrays. 

Minimizing this objective function helps in minimizing the overall 

value degradation induced by the other charging/discharging cycles as 

well. Of course, when calculating the SoH degradation during an 

operation period, the novel model derived in Section III.B is used. 

For the lead-acid battery array, the largest SoC swing in all the 

charging/discharging cycles is given by:  

           
       

       
 
            

     

        
  (25) 

           
    is a convex function of                   because 

the pointwise maximum function of a set of convex function is still a 

convex function [19]. Similarly, we define and calculate the largest 

SoC swing            
    for the Li-ion battery array. Moreover, let 

                               denote the SoH degradation of the 

lead-acid battery array in one charging/discharging cycle as a function 

of the SoC swing          and average SoC level       . Similarly, 

we define the function                                for the Li-ion 

battery array. We minimize the overall value degradation contributed 

by the charging/discharging cycles with largest SoC swing for both 

battery arrays, as an estimation of the original objective function (15). 

The objective is given by: 

       
                         

              

        
 + 

       
                         

              

        
 

(26) 

where we use average SoC levels obtained from the feasibility check 

as estimation of average SoC levels           and           in (26). 

Objective function (26) is a convex function of           and           

        because: (i)                                and 

                               are convex and monotonically 

increasing functions of          when        is given, and (ii) 

           
    and            

    are convex functions of           and 

                 , respectively, as mentioned before. 

The constraints of this optimization problem are the same as those 

in the feasibility check problem. Therefore, the overall value 

degradation minimization described in this part is a convex 

optimization problem because it has convex objective function and 

convex inequality constraints. We find the optimal solution of this 

problem in polynomial time complexity. 

After we minimize the overall value degradation induced by the 

charging/discharging cycle (after decoupling) with the largest SoC 

swing of both battery arrays, we will continue to minimize the effect 

on the overall value degradation from the other charging/discharging 

cycles. However, detailed discussion is out of scope of this paper.  

VI. EXPERIMENTAL RESULTS 

We derive and implement the proposed SoH-aware charge 
management policy on a typical HEES system comprised of a lead-
acid battery bank, a Li-ion battery bank, and a supercapacitor bank. 
The lead-acid battery bank has 3 Ah nominal capacity and 20 V 
terminal voltage. The Li-ion battery bank has 4 Ah nominal capacity 
and 15 V terminal voltage. The supercapacitor bank has 200 F 
capacitance. The energy capacity of the supercapacitor array is 10% of 
that of the battery array. The SoH-aware control policy minimizes the 
overall value degradation in the propose HEES system. 

We compare the cycle life of the proposed system with two 
baseline systems. Baseline 1 uses a HEES system comprised of a lead-
acid battery bank and a Li-ion battery bank that are the same as the 
proposed system, but without the supercapacitor bank. Baseline 2 uses 
the same HEES system as the proposed system. Both baseline systems 
exploit the optimal HEES control policy in order to satisfy the load 
power requirement and improve the HEES system cycle efficiency. 
The load power requirement is satisfied in all systems. 

 
Figure 8: Synthesized source and load power profiles. 

We perform experiments based on two sets of source and load 
power profiles. In the first experiment, we use synthesized source and 
load power profiles as shown in Figure 8. We compare the SoH 
degradation and cycle life of both battery arrays between the proposed 
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system and two baseline systems, with results shown in Table I. The 
proposed system achieves significantly smaller SoH degradation rate, 
and hence, larger cycle life, compared with both baseline systems. It 
achieves a cycle life improvement up to 17.3X compared with 
Baseline 1 thanks to the contributions of both the supercapacitor bank 
and the SoH-aware control policy. On the other hand, the maximum 
cycle life improvement compared with Baseline 2 is 3.5X due to the 
SoH-aware control policy solely. 

Table I. SoH degradation and cycle life comparison between the proposed 
system and baseline systems using synthesized power profiles. 

 
Compare with 

Baseline 1 
Compare with 

Baseline 2 

Lead-
acid 

SoH degradation 10.6% 33.2% 

Cycle life 9.4X 3.0X 

Li-ion SoH degradation 5.8% 28.7% 

Cycle life 17.3X 3.5X 

 

 
Figure 9: SoC profiles of the Li-ion battery array of the proposed system and 

Baseline 1 under synthesized power profiles. 

We provide the SoC profile versus time for the proposed system 
and Baseline 1 as shown in Figure 9. The maximum SoC swing and 
average SoC level of the Li-ion battery array have been reduced by 
35% and 30%, respectively. The former accounts for about 6X 
improvement in cycle life whereas the latter accounts for about 3X 
improvement. 

 
Figure 10: Real source and load power profiles. 

Table II. SoH degradation and cycle life comparison between the proposed 
system and baseline systems using real power profiles. 

 
Compare with 

Baseline 1 
Compare with 

Baseline 2 

Lead-
acid 

SoH degradation 7.4% 24.2% 

Cycle life 13.5X 4.1X 

Li-ion 
SoH degradation 7.2% 22.8% 

Cycle life 13.9X 4.4X 

 

 
Figure 11: SoC profiles of the lead-acid battery array in the proposed system 

and Baseline 1 under real power profiles. 

In the second experiment, we use actual source and load power 

profiles scaled for the proposed HEES system, as shown in Figure 10. 

We compare the SoH degradation and cycle life of both battery arrays 

between the proposed system and two baseline systems, with results 

shown in Table II. The proposed system achieves a cycle life 

improvement up to 13.9X. Similarly, we provide the SoC profile of 

the lead-acid battery array versus time in the proposed system and 

Baseline 1 as shown in Figure 11. 

VII. CONCLUSION 

Cycle life of EES elements is one of the most important metrics 

that should be considered. Cycle life is related to SoH degradation. 

SoH degradation models presented in the reference papers can only be 

applied in the cases of constant-current cycled charging and 

discharging with the same SoC swing in each cycle. This work is the 

first attempt to derive a novel SoH degradation model that estimates 

SoH degradation rate under arbitrary charging and discharging 

patterns of a battery. We also introduce a near-optimal charge 

management policy based on the proposed SoH degradation model 

focusing on extending cycle life of the batteries in the HEES systems 

while simultaneously improving the overall cycle efficiency. The 

derivation procedure of the SoH-aware charge management policy is 

based on the convex optimization technique. 
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