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Abstract 

 

The promotion and deployment of storage technologies in autonomous and grid-connected systems plays a relevant 

part in the massive integration of renewable power sources required for the worldwide development of a sustainable 

society. In this regard, analyzing the behavior of electrochemical storage devices such as lead-acid batteries installed 

on hybrid energy systems and microgrids in terms of their lifetime and economic profitability is an important research 

topic. Since renewable generation is characterized by its random nature, lead-acid batteries typically work under 

stress conditions, which directly influence their lifetime in a negative way by increasing the net present cost. Due to 

the fast growing of renewable sources as a consequence of governmental policies and incentives, the number of 

manufacturers to be considered worldwide is becoming really high, so that optimization techniques such as genetic 

algorithms (GAs) are frequently used in order to consider the performance of a high number of manufacturers of 

wind turbines, photovoltaic panels and lead-acid batteries subject to the environmental conditions of the location 

under analysis to determine a cost-effective design. In this paper, GA method combined with weighted Ah ageing 

model is improved by including expert experiences by means of stress factors and the categorization of operating 

conditions, as a new contribution to earlier studies. The effectiveness of the proposed method is illustrated by 

analyzing a hybrid energy system to be installed in Zaragoza, Spain, resulting in a near-optimal design in a reduced 

computational time compared to the enumerative optimization method. 
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List of symbols 

 

𝑡 Index for time (𝑡 = 1,… , 𝑇) with 𝑇 = 8760h. 

𝑚 Index for each interval of discharging-current histogram (𝑚 = 1,… ,𝑀). 

𝑠 Index of each individual of the population (𝑠 = 1,… , 𝑆). 

𝑣 Index for the generation of GA under analysis (𝑣 = 1,… , 𝑉). 

𝑙 Index for SOC operating ranges (𝑙 = 𝐴, 𝐵, 𝐶, 𝐷, 𝐸). 

𝛥𝑡 Time step (Typically 1h). 

𝑈(𝑡) Battery voltage per cell at time 𝑡 (A). 

𝑈0 Open-circuit voltage of a single cell (V). 

𝑈(𝑡)
𝑐  Corrosion voltage per cell at time 𝑡 (V). 

𝑈0
𝑐 Corrosion voltage under open-circuit and fully-charged conditions (V). 

𝑈0
𝐺 Voltage of gassing process (V). 

𝑈𝑟 Reference voltage for the reduction of acid stratification (V). 

𝐼(𝑡) Battery current per cell at time 𝑡 (A) (charge: 𝐼(𝑡) > 0; discharge: 𝐼(𝑡) ≤ 0) 

𝐼(𝑡)
𝐺  Gassing current at time 𝑡 (A). 

𝐼0
𝐺 Normalized value of gassing current at 𝑈0

𝐺 and 𝑇0
𝐺  (A). 

𝐼0(𝑡)
𝐺  Normalized value of gassing current at time 𝑡 (A). 

𝛥𝐼0
𝐺  Increment rate of gassing current (A). 

𝐼(𝑡)
𝑑  Discharging current at time 𝑡. 



2 
 

𝐼1%
𝑚𝑎𝑥 Stress factor for the highest discharge rate (× 𝐼10). 

𝐼𝑟 Reference current (A). 

𝐼(𝑡)
1𝑡ℎ Discharging current at the beginning of the partial cycling operation (A). 

𝐼10 Discharging current after 10h (A). 

𝑤 Intermediate variable. 

𝑔 Coefficient of variation of open-circuit voltage with SOC. 

𝐶10 Rated capacity of the battery after 10h (Ah). 

𝑀𝑐/𝑀𝑑 Resistance of charge-transfer process. 

𝐶𝑐/𝐶(𝑡)
𝑑  Normalized capacity of a single cell. 

𝐶𝑈 Voltage parameter of gassing process (1/V). 

𝐶𝑇 Temperature parameter of gassing process (1/K). 

𝑇(𝑡)
𝑎  Ambient temperature at time 𝑡 (K). 

𝑇0
𝐺  Temperature of gassing process (K). 

𝑅(𝑡)
𝑐  Internal resistance during charging process (Ω Ah). 

𝑅(𝑡)
𝑑  Internal resistance during discharging process (Ω Ah). 

𝛥𝑅(𝑡) Resistance of corrosion layer (Ω Ah). 

𝛥𝑅𝑚𝑎𝑥 Limit value of resistance of corrosion layer (Ω Ah). 

𝛥𝑊(𝑡) Corrosion layer thickness. 

𝛥𝑊𝑚𝑎𝑥 Limit value of corrosion layer thickness. 

𝐷𝑂𝐷(𝑡) Depth of discharge at time 𝑡. 

𝑆𝑂𝐶(𝑡) State of charge at time 𝑡. 

𝑆𝑂𝐶𝑙𝑖𝑚
𝑙𝑜𝑤 Limit value for operation at low SOC. 

𝑆𝑂𝐶𝑙𝑖𝑚
𝑚𝑎𝑥 Limit value between full charging and partial cycling operation. 

𝑘𝑚𝑎𝑥
𝑠𝑝

 Limit value of corrosion speed parameter. 

𝑘𝑠𝑝 Corrosion speed parameter. 

𝑛 Number of poor charge cycles. 

𝛥𝑛 Weighting factor for the number of poor charge cycles. 

𝐶𝑃 Coefficient of the increment of acid stratification. 

𝐶𝑀 Coefficient of the reduction of acid stratification. 

𝐶𝑍 Parameter for the capacity loss due to degradation. 

𝐶𝐹 Counter for number of full charge events. 

𝑇𝐹 Stress factor for time between full charge (days). 

𝑇𝑆 Stress factor for time at low SOC (%). 

𝐷 Diffusion constant (m2/s). 

𝐿 Amount of intervals required to fulfill 1% of 𝑄𝑡ℎ𝑟. 

𝐾 Population of GA. 

𝐶𝐹 Charge stress factor. 

𝐹𝐿 Rated battery lifetime under float operation (year). 

𝑃𝐶 Stress factor for partial cycling operation. 

𝐴 − 𝐸 SOC operating ranges. 

𝐻(·) Heaviside function. 

𝑍𝐼 Operating cycles of the battery under standard conditions. 

𝑍𝐷 Typical value for battery height (cm). 

𝑐0
𝑠𝑜𝑐 Coefficient of SOC impact factor (function slope). 

𝑐𝑚𝑖𝑛
𝑠𝑜𝑐  Coefficient of SOC impact factor (minimum SOC). 

𝛥𝐶𝑚𝑎𝑥
𝑐  Limit value of capacity loss due to corrosion process. 

𝛥𝐶(𝑡)
𝑐  Loss of capacity due to corrosion process. 
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𝛥𝐶(𝑡)
𝑑  Capacity loss due to degradation process. 

𝛥𝐶𝑚𝑎𝑥
𝑑  Limit value of capacity loss due to degradation process. 

𝛥𝑡(𝑡)
𝑠𝑜𝑐 Time since the last full charge (h). 

𝛥𝑓(𝑡)
+  Factor for the increment of acid stratification. 

𝛥𝑓(𝑡)
−  Factor for the reduction of acid stratification. 

𝛥𝑓𝐺(𝑡)
−  Factor for the reduction of acid stratification due to gassing.  

𝛥𝑓𝐷(𝑡)
−  Factor for the reduction of acid stratification due to reduction. 

𝑓(𝑡)
𝑠𝑜𝑐 SOC impact factor. 

𝑓(𝑡)
𝐼  Current factor. 

𝑓(𝑡)
𝑆𝑇 Factor for degree of acid stratification. 

𝑓(𝑡)
𝐴  Factor for total impact of acid stratification. 

𝑄𝑡ℎ𝑟 Normalized total Ah discharged per year (× 𝐶10) 

𝑙(𝑚) Interval 𝑚 of discharging-current histogram. 

𝑓(𝑚) Frequency of interval 𝑚 of discharging-current histogram. 

𝑃(𝑙) Partial cycling factor of range 𝑙. 

𝑃(𝑙)
𝑚𝑖𝑛 Inferior limit of range 𝑙. 

𝑃(𝑙)
𝑚𝑎𝑥 Superior limit of range 𝑙. 

𝐹𝑓(𝑠) Value of fitness function for individual 𝑠. 

�⃗� (𝑠) Individual 𝑠 on the population. 

𝑘(𝑠)
1 -𝑘(𝑠)

4  Chromosomes of individual 𝑠 of GA. 

𝑘𝑚𝑖𝑛
1 -𝑘𝑚𝑖𝑛

4  Inferior limit for each chromosome. 

𝑘𝑚𝑎𝑥
1 -𝑘𝑚𝑎𝑥

4  Superior limit for each chromosome. 

 

1. Introduction 

 

Within energy system categories, Hybrid Energy Systems (HESs) and 

Microgrids (MGs) have gained attention due to their high integration of renewable 

resources, which, from an environmental viewpoint, is crucial for the development of a 

sustainable society. HESs typically operate in isolated regions with abundant natural 

resources [1], while MGs are provided with modern capabilities to integrate Battery 

Storage Systems (BSSs), distributed generation, and demand response programs, which 

increase the efficiency of the system, allowing for the active participation of the 

consumers [2]. In a general sense, these systems are mainly powered by renewable 

sources such as wind and solar energies, a conventional generating unit that operates 

during a short period of time or is dispatched producing a reduced amount of energy. A 

BSS is typically based on lead-acid technology [3] that provides flexibility to the system 

by storing the excess energy to be consumed later during those periods of low 

renewable energy [4]. On the one hand, BSS is the weakest element of the system, as its 

lifetime is difficult to understand and predict. On the other hand, the variability of 

renewable resources and the operating philosophy imposes stress conditions on the 

storing system, reducing its lifetime and increasing its Net Present Cost (NPC). 

This problem has been widely studied for a long time, resulting in quantitative 

and qualitative approaches. Quantitative approaches could be classified in three 

different categories: physico-chemical ageing models, weighted Ah ageing models, and 

event-oriented ageing models. Physico-chemical ageing models are based on detailed 

knowledge of the relationship between the state variables and their corresponding 

effects on the ageing mechanisms, specifically, the degradation of the active mass and 
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the loss of grid conductivity as a consequence of the corrosion process. This 

relationship is based on the mathematical equations of chemical reactions; hence, the 

operating conditions can be carefully described in terms of current density, gassing 

current, oxygen-reduction current, corrosion current, potential, State of Charge (SOC), 

and microstructure of active material, and the gas pressure for determined locations 

inside the battery. These models require information obtained from experimental tests; 

they offer high-precision results that require powerful computational resources. 

Weighted Ah ageing models were developed under the assumption that a constant 

amount of Ah is cycled before the battery reaches the end of its lifetime. This value can 

be estimated from information typically provided by the manufacturer and measured 

under standard conditions. As the operating and standard conditions are different, Ah 

cycled through the battery is weighted according to the operational conditions; so that, 

the limit value is rapidly reached, depending on how different the expected operating 

conditions are compared to the standard ones. In this way the reduction of the battery 

lifetime is represented. These models require the opinions of experts and information 

obtained from experimental tests. Due to their moderate level of complexity, these 

models offer simulation results of moderate precision, which are useful for optimal 

control and design. Similarly, in event-oriented ageing models, the severity of the 

reduction of battery lifetime as a consequence of a determined operating condition is 

assigned using Wöhler curves. The main events that are used frequently include float 

operation, cyclic operation, and cycling at partial SOC. These models are based on 

expert experiences, and so they offer a quite limited level of precision due to their low 

complexity level [5]. Regarding qualitative approaches, the most representative method 

consists of describing the relationship between the stress factors (e.g. long time at low 

SOC, Ah-throughput, charge factor, time between full charge and temperature) and the 

corrosion of the positive grid, hard and irreversible sulphation, the loss of material, 

water loss or drying out, active mass degradation, and electrolyte stratification [6]. This 

information could be useful for getting a general idea of the operating conditions of 

BSS. 

Manufacturers of wind turbines and Photovoltaic (PV) panels have grown 

significantly worldwide due to the importance of renewable energies. In order to obtain 

a near-optimal solution in a reasonable computational time, optimization techniques are 

frequently employed [7]. There are many computational tools for the analysis of HESs 

and MGs. Some representative examples of quantitative methods implemented using 

these tools are Hybrid Optimization Model for Electric Renewables (HOMER), 

improved Hybrid Optimization by Genetic Algorithm (iHOGA), and Hybrid2. HOMER 

is a simulation and optimization model developed by National Renewable Energy 

Laboratory (NREL) that is able to analyze systems composed of diesel generators, 

solar-PV generators, wind turbines, BSSs, and hydrogen fuel cells, among other 

components [8]. Initially, the enumerative optimization method was used by this 

software to determine the most profitable design; however, in its most recent release, 

the optimization technique was updated in order to enhance the computational 

efficiency of the program [9]. iHOGA was developed by the University of Zaragoza for 

the simulation and optimization of HESs with PV and wind generation, hydro turbines, 

BSSs, diesel generators, and fuel cells. It is able to perform mono- and multiobjective 

optimization by means of a Genetic Algorithm (GA) that includes control strategies. It 

also performs probabilistic optimization [10]. Hybrid2 is a simulation program jointly 

developed by NREL and Renewable Energy Research Laboratory (RERL) of the 

University of Massachusetts, and it is able to carry out accurate yearly simulations and 

economic analyses of HESs from both deterministic and probabilistic viewpoints [11]. 
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Renewable Energy Systems Design Assistant for Storage (RESDAS) is an example of a 

qualitative approach implemented using a computational tool able to provide 

operational information from an installed or previously designed HES using the 

corresponding stress factors as input data. Depending on the amount of data available, 

general purpose suggestions are given to the HES designer [12].  

With regard to battery lifetime estimation, the method used by HOMER only 

considers the amount of Ah cycled through the battery without taking into account the 

rest of the aforementioned stress factors, which could underestimate the NPC. 

Moreover, iHOGA uses the weighted Ah ageing model, requiring the extensive 

simulation of the battery lifetime on an hourly basis, which is a time-consuming task. 

However, this software takes advantage of GA characteristics in order to enhance the 

whole optimization process, offering good results in a short computational time. 

Hybrid2 employs a modified method based on the cycle counting technique initially 

derived from the analysis of material fatigue damage and adapted for battery lifetime 

estimation using a Depth of Discharge (DOD) time series to define the battery operating 

cycles (Rain Flow counting algorithm). RESDAS provides very useful information 

about battery health and operational conditions. Nevertheless, it is not able to determine 

the impact of battery health on the NPC required to perform the economic analysis. 

Among quantitative approaches, the weighted Ah ageing model is considered to be a 

moderately accurate method that is flexible enough to be incorporated into the 

optimization of HESs. However, it simulates the HES on an hourly basis throughout the 

battery’s entire lifetime, which could considerably increase the computational burden. 

As qualitative approaches are not suitable for economic analysis due to their 

intrinsically limited ability to estimate a numerical value for the battery’s lifetime, it 

could be combined with an HES simulator to calculate the data required to estimate the 

stress levels and provide suggestions for the designer. This idea was previously 

proposed by the European Union Benchmarking Project, which used Hybrid2 as the 

main simulator [13]. Nonetheless, to the best of our knowledge, no method to integrate 

the quantitative and qualitative methods effectively with an optimization technique has 

been developed or made publically available.  

In order to enhance the optimization procedure in terms of efficiency and 

reliability, in this paper, quantitative and qualitative approaches have been combined in 

a GA-based design method as a new contribution to earlier studies. For each individual 

of GA (a possible HES configuration), the previously described stress factors are 

estimated. If a determined configuration presents high risk of battery-lifetime reduction, 

this option is automatically rejected and assigned an artificially high value of NPC (low 

fitness to the corresponding individual). However, those configurations with low risk of 

battery-lifetime reduction are analyzed using the weighted Ah ageing model to estimate 

a reasonable value for the battery lifetime and the NPC. In this way, during the analysis 

of a specific generation of GA, not all individuals are evaluated, resulting in the higher 

computational efficiency of the algorithm. Aside from this, the obtained solution has 

optimal characteristics from two different viewpoints (qualitative and quantitative 

perspectives), resulting in a promising and reliable design for the HES.  

The rest of the paper is organized as follows: section 2 describes the proposed 

methodology, including battery performance, the weighted Ah throughput model, the 

estimation of the stress factors estimation, and the suggested improvements for the 

traditional GA formulation. In section 3, the proposed approach is illustrated by 

analyzing an HES to be installed in Zaragoza, Spain. Finally, in section 4, general 

conclusions are presented and discussed. 
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2. Lead-acid battery lifetime 

 

Determining lead-acid battery lifetime is a difficult task that depends on the 

energy sources of the system, the battery technology, and other environmental 

conditions. Aside from the methods already implemented in the frequently used 

computational tools previously described, other techniques can be found in the technical 

literature. In [14], the impact of ambient temperature on battery lifetime was 

experimentally investigated for both float service and cycling conditions. On the one 

hand, when BSS works as a backup power supply (float service operation), its lifetime 

is highly influenced by the corrosion of the positive grid, which increases with 

temperature. On the other hand, during cycling operation, battery lifetime reduction is 

basically related to time at low SOC, Ah-throughput, charge factor, and time between 

full charges. Among the most relevant results, a methodology based on the definition 

and cumulative addition of deterioration degrees was developed and verified to 

determine battery lifetime under variable temperature and float service operating 

conditions. Aside from this, the negative influence of the increment of discharging 

currents on battery lifetime was observed, shortening battery lifetime by between one-

sixth and one-third. 

Focusing specifically on the control of electronic equipment and hybrid electric 

vehicles, in [15] a partially linearized battery model was developed. Based on general-

purpose efficiency curves obtained from the experimental analysis of different BSS 

technologies such as lead-acid, lithium-ion, and nickel-metal hydride, a logarithmic 

behavior was intuitively recognized and numerically fitted by means of a nonlinear 

least-squares regression process. With regard to battery lifetime estimation, it was 

carried using a downscaling procedure on power loads. Stratifiability Index (SI) was 

recently presented in [16]; this was created to characterize the acid stratification in 

terms of the speed of its evolution and the degree of its influence on the battery ageing 

mechanism; hence, the proper battery type and operation strategy for minimizing the 

acid stratification could be addressed effectively. In order to estimate the value of SI, 

two different measurements at the bottom and at the top of the electrode are required. 

The index is zero if both density measurements have the same value. By contrast, if acid 

is highly concentrated at the bottom and there is pure water at the top, the SI reaches its 

maximum value. In this way, the strength of acid stratification in the battery cell is 

quantified. Similar to the Hybrid2 program, in [17] a method based on the Rain Flow 

counting approach was developed to incorporate the effects of ambient temperature on 

ageing. Using DOD and a temperature time series obtained from a computational 

simulation, operating cycles are extracted by taking their amplitude and duration into 

account. Then, the ageing rate of each cycle is determined, and its cumulative impact on 

the battery cell is finally used to determine the end of its life. In [18], an ageing model 

to be applied to lithium-ion batteries that operates under shallow-depth discharge was 

presented. Based on a systematic experimental analysis, the effects of temperature, 

discharge rate, battery voltage, and DOD on battery lifetime were carefully analyzed. 

Then, a multifactor model was developed using a nonlinear regression analysis based on 

the Arrhenius correlation. In this research, the weighted Ah ageing model [19-21] has 

been adopted and combined with other stress factors in order to improve the 

computational efficiency of GA frequently used for HES design. However, the 

previously mentioned methodologies for estimating battery lifetime and describing its 

ageing mechanism could be implemented to reach the same objective. 

 

2.1 Weighted Ah ageing model 



7 
 

 

In this approach, the amount of Ah discharged from the battery cell is weighted 

according to the corresponding operating conditions. The values of the weighting 

factors increase to represent the severity of the operating situation in terms of the 

corrosion of the positive grid and the degradation of the active mass. For a determined 

time instant (𝑡) under analysis, the performance of the battery cell in terms of voltage, 

current, and the SOC is estimated; then, using this information, the corrosion of the 

positive grid and the degradation of the active mass are studied quantitatively by means 

of several weighting factors [19,21]. These procedures are described in detail in the next 

subsections. 

 

2.1.1 Estimation of a single-cell performance 

 

The operating situation of a battery cell could be determined by means of the 

voltage at its terminals, the battery current, and the SOC. The battery voltage is 

calculated using a modified version of the Shepherd model, which considers the effects 

of open circuit voltage, the SOC, ohmic losses, and the condition of overvoltage. 

Voltage equations for charging and discharging conditions are presented in (1)–(2) [19-

21]. 

 

𝑈(𝑡) = 𝑈0 − 𝑔𝐷𝑂𝐷(𝑡) + 𝑅(𝑡)
𝑐 (

𝐼(𝑡)

𝐶10
) + 𝑅(𝑡)

𝑐 𝑀𝑐 (
𝐼(𝑡)

𝐶10
) (

𝑆𝑂𝐶(𝑡)

𝐶𝑐 − 𝑆𝑂𝐶(𝑡)
)                       

⦡ 𝐼(𝑡) > 0 | 𝑡 = 1,… , 𝑇;                                                 (1) 

 

𝑈(𝑡) = 𝑈0 − 𝑔𝐷𝑂𝐷(𝑡) + 𝑅(𝑡)
𝑑 (

𝐼(𝑡)

𝐶10
) + 𝑅(𝑡)

𝑑 𝑀𝑑 (
𝐼(𝑡)

𝐶10
) (

𝐷𝑂𝐷(𝑡)

𝐶(𝑡)
𝑑 − 𝐷𝑂𝐷(𝑡)

)                     

⦡ 𝐼(𝑡) ≤ 0 | 𝑡 = 1,… , 𝑇.                                                (2) 

 

Gassing process represent an important limitation for charge acceptance, 

meaning that it should be taken into account when estimating the amount of energy 

effectively stored on the battery. Considering the influence of the gassing phenomenon, 

the SOC is presented in (3), where the charging current shown in (4) is subtracted from 

the charging current of the battery [19-21]. 

 

𝑆𝑂𝐶(𝑡) = 𝑆𝑂𝐶(𝑡−𝛥𝑡) + ∫ {
𝐼(𝜏) − 𝐼(𝜏)

𝐺

𝐶10
}

𝑡

𝑡−𝛥𝑡

𝑑𝜏 ⦡ 𝑡 = 1,… , 𝑇;                     (3) 

 

𝐼(𝑡)
𝐺 = (

𝐶10

100
) (𝐼0(𝑡)

𝐺 )𝑒𝑥𝑝(𝐶𝑈[𝑈(𝑡) − 𝑈0
𝐺] + 𝐶𝑇[𝑇(𝑡)

𝑎 − 𝑇0
𝐺])                              

⦡ 𝐼(𝑡) > 0 | 𝑡 = 1,… , 𝑇.                                               (4) 

 

2.1.2 Analysis of the corrosion of the positive grid 

 

During this analysis, the reduction of battery lifetime as a consequence of the 

corrosion process is estimated using the Shepherd model to calculate the corrosion 

voltage, the change in the thickness of the corrosion layer, and the increment of the 

internal resistance. The corrosion voltage during the charging and discharging processes 

is presented in (5) and (6), respectively [20,21]. 
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𝑈(𝑡)
𝑐 = 𝑈0

𝑐 − (
10

13
)𝑔𝐷𝑂𝐷(𝑡) + 𝑅(𝑡)

𝑐 (
𝐼(𝑡)

2𝐶10
) + 𝑅(𝑡)

𝑐 𝑀𝑐 (
𝐼(𝑡)

2𝐶10
) (

𝑆𝑂𝐶(𝑡)

𝐶𝑐 − 𝑆𝑂𝐶(𝑡)
)          

⦡ 𝐼(𝑡) > 0 | 𝑡 = 1,… , 𝑇;                                                 (5) 

 

𝑈(𝑡)
𝑐 = 𝑈0

𝑐 − (
10

13
)𝑔𝐷𝑂𝐷(𝑡) + 𝑅(𝑡)

𝑑 (
𝐼(𝑡)

2𝐶10
) + 𝑅(𝑡)

𝑑 𝑀𝑑 (
𝐼(𝑡)

2𝐶10
) (

𝐷𝑂𝐷(𝑡)

𝐶(𝑡)
𝑑 − 𝐷𝑂𝐷(𝑡)

)        

⦡ 𝐼(𝑡) ≤ 0 | 𝑡 = 1,… , 𝑇.                                                (6) 

 

The thickness of the corrosion layer is estimated by taking into account the 

corrosion speed, which is determined using Arrhenius’ law and the relationship between 

corrosion speed and corrosion voltage proposed by Lander [22]. A mathematical model 

of the ageing process due to corrosion is presented in (7)–(10) [19,21]. 

 

𝛥𝑊(𝑡) = {
𝛥𝑊(𝑡) = 𝑘𝑠𝑝(𝑥

0.6) | 𝑥 = [𝛥𝑊(𝑡−𝛥𝑡) (𝑘𝑠𝑝)⁄ ]
1

0.6 + 𝛥𝑡; 𝑈(𝑡)
𝑐 < 1.74

𝛥𝑊(𝑡) = 𝛥𝑊(𝑡−𝛥𝑡) + (𝑘𝑠𝑝)𝛥𝑡; 𝑈(𝑡)
𝑐 ≥ 1.74

;           (7) 

 

𝛥𝑅(𝑡) = 𝛥𝑅𝑚𝑎𝑥 (
𝛥𝑊(𝑡)

𝛥𝑊𝑚𝑎𝑥
)  ⦡ 𝑡 = 1,… , 𝑇;                         (8) 

 

𝛥𝐶(𝑡)
𝑐 = 𝛥𝐶𝑚𝑎𝑥

𝑐 (
𝛥𝑊(𝑡)

𝛥𝑊𝑚𝑎𝑥
)  ⦡ 𝑡 = 1,… , 𝑇;                         (9) 

 

𝛥𝑊𝑚𝑎𝑥 = 𝑇(𝐹𝐿)(𝑘𝑚𝑎𝑥
𝑠𝑝

).                                         (10) 

 

2.1.3 Analysis of the degradation of active mass 

 

Active mass degradation is mainly due to cycling operation, reaching the 

maximum DOD, low SOC, among other factors. The influence of the SOC, the time at 

low SOC, the discharging current, and the number of incomplete charges is represented 

by the weighting factor in (11), which is calculated using (12)–(14) and the information 

shown in Figure 1. In Figure 1, full and partial charging conditions are illustrated during 

the time interval between 𝑡𝐴 and 𝑡𝐵 and between 𝑡𝐵 and 𝑡, respectively. Each operating 

period is defined by the value 𝑆𝑂𝐶𝑙𝑖𝑚
𝑚𝑎𝑥, which is typically equal to 0.9. On the one hand, 

the impact of low SOC is determined by measuring its minimum value during the 

partial cycling period (𝑚𝑖𝑛{𝑆𝑂𝐶(𝑡)|𝜏 ∈ [𝑡𝐵, 𝑡]}). On the other hand, the time at low 

SOC is incorporated through the parameter (𝛥𝑡(𝑡)
𝑠𝑜𝑐), which is the duration of the partial 

cycling period (13). The influence of the discharging current is included through the 

current factor (𝑓(𝑡)
𝐼 ) defined in (12). The discharge current at the beginning of the partial 

cycling period is assumed to be the most important. The effects of incomplete charges 

are determined by weighting the amount of full charging (𝑛) by the factor (𝛥𝑛) defined 

in (14). This weighting parameter depends on the maximum value reached 

(𝑚𝑎𝑥{𝑆𝑂𝐶(𝑡)|[𝑡𝐴, 𝑡𝐵]}), which should be higher than 0.99 in order properly to charge 

the battery. 

 

 “See Figure 1” 
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𝑓(𝑡)
𝑠𝑜𝑐 = 1 + [𝑐0

𝑠𝑜𝑐 + 𝑐𝑚𝑖𝑛
𝑠𝑜𝑐 (1 − 𝑚𝑖𝑛{𝑆𝑂𝐶(𝜏)|𝜏 ∈ [𝑡𝐵, 𝑡]})𝑓(𝑡)

𝐼 𝛥𝑡(𝑡)
𝑠𝑜𝑐];        (11) 

 

𝑓(𝑡)
𝐼 = (√

𝐼𝑟

𝐼(𝑡)
1𝑡ℎ)(√𝑒𝑥𝑝 (

𝑛

3.6
)

3
) ;                                          (12) 

 

𝛥𝑡(𝑡)
𝑠𝑜𝑐 = 𝑡 − 𝑡𝐵;                                                       (13) 

 

𝛥𝑛 =
0.0025 − (0.95 − 𝑚𝑎𝑥{𝑆𝑂𝐶(𝜏)|𝜏 ∈ [𝑡𝐴, 𝑡𝐵]})

2

0.0025
.                 (14) 

 

The degree of acid stratification is quantified using (15), where the 

corresponding degree is estimated, taking into account the effects of the gassing and 

diffusion processes defined in (16)–(19). The change in the degree in acid stratification 

during the partial cycling operation is considered by the factor 𝑚𝑖𝑛{𝑆𝑂𝐶(𝑡)|𝜏 ∈ [𝑡𝐵, 𝑡]} 

in (16), while the decrement in the degree of acid stratification due to the gassing and 

diffusion processes depends directly on the gassing current (𝐼0(𝑡)
𝐺 ) and the ambient 

temperature (𝑇(𝑡)
𝑎 ). Finally, the net effect of both processes is incorporated into (15) by 

including the integral factor of the subtraction (𝛥𝑓(𝑡)
+ − 𝛥𝑓(𝑡)

− ). 

 

𝑓(𝑡)
𝑆𝑇 = 𝑓(𝑡−𝛥𝑡)

𝑆𝑇 + ∫ (𝛥𝑓(𝜏)
+ − 𝛥𝑓(𝜏)

− )𝑑𝜏
𝑡

𝑡−𝛥𝑡

;                                 (15) 

 

𝛥𝑓(𝑡)
+ = 𝐶𝑃(1 − 𝑚𝑖𝑛{𝑆𝑂𝐶(𝜏)|𝜏 ∈ [𝑡𝐵 , 𝑡𝐶]})𝑒𝑥𝑝(−3𝑓(𝑡)

𝑆𝑇) (
|𝐼(𝑡)

𝑑 |

𝐼𝑟
) ;           (16) 

 

𝛥𝑓𝐺(𝑡)
− = 𝐶𝑀√

100

𝐶10
(
𝐼0(𝑡)
𝐺

𝐼0
𝐺 ) exp(𝐶𝑈[𝑈(𝑡) − 𝑈𝑟] + 𝐶𝑇[𝑇(𝑡)

𝑎 − 𝑇0
𝐺]) ;                 (17) 

 

𝛥𝑓𝐷(𝑡)
− =

8𝐷

(𝑍𝐷)2
𝑓(𝑡−𝛥𝑡)

𝑆 2(𝑇(𝑡)
𝑎 −293.15)/10 ;                                  (18) 

 

𝛥𝑓(𝑡)
− = 𝛥𝑓𝐷(𝑡)

− + 𝛥𝑓𝐺(𝑡)
− .                                                (19) 

 

The total impact of acid stratification is quantified through the factor (𝑓(𝑡)
𝐴 ) in 

(20), where the discharge current is included as well. The main concept of the weighted 

Ah ageing model is presented in (21), where the Ah discharged at each instant of time is 

weighted by the SOC and the total acid stratification factors. In (22), the reduction of 

battery lifetime due to active mass degradation is then calculated based on the weighted 

Ah of (21). It is important to note that as the weighted-Ah (𝑍(𝑡)
𝑊 ) increases compared to 

the term (1.6[𝑍𝐼]), the reduction of battery lifetime increases exponentially toward the 

end of battery life, as shown in (22). 
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𝑓(𝑡)
𝐴 = 1 + 𝑓(𝑡)

𝑆𝑇
√

𝐼𝑟

𝐼(𝑡)
1𝑡ℎ  ⦡ 𝑡 = 1,… , 𝑇;                                   (20) 

 

𝑍(𝑡)
𝑊 =

1

𝐶10
∫ |𝐼(𝑡)

𝑑 |𝑓(𝑡)
𝑠𝑜𝑐𝑓(𝑡)

𝐴
𝑡

0

𝑑𝑡 ⦡ 𝑡 = 1,… , 𝑇;                             (21) 

 

𝛥𝐶(𝑡)
𝑑 = 𝛥𝐶𝑚𝑎𝑥

𝑑 exp(−𝐶𝑍 {1 −
𝑍(𝑡)

𝑊

1.6[𝑍𝐼]
})  ⦡ 𝑡 = 1,… , 𝑇.             (22) 

 

The impact of the operating conditions on battery parameters such as internal 

resistance, gassing current, and battery capacity are shown in (23)–(26) [19,21]. 

 

𝑅(𝑡)
𝑐 = 𝑅(0)

𝑐 + 𝛥𝑅(𝑡) ⦡ 𝑡 = 1,… , 𝑇;                                   (23) 

 

𝑅(𝑡)
𝑑 = 𝑅(0)

𝑑 + 𝛥𝑅(𝑡) ⦡ 𝑡 = 1,… , 𝑇;                                   (24) 

 

𝐼0(𝑡)
𝐺 = 𝐼0

𝐺 + 𝛥𝐼0
𝐺 (

𝛥𝑅(𝑡)

𝛥𝑅𝑚𝑎𝑥
)  ⦡ 𝑡 = 1,… , 𝑇;                              (25) 

 

𝐶(𝑡)
𝑑 = 𝐶(0)

𝑑 − 𝛥𝐶(𝑡)
𝑐 − 𝛥𝐶(𝑡)

𝑑  ⦡ 𝑡 = 1,… , 𝑇.                             (26) 

 

The simulation procedure of the weighted Ah ageing model is presented in 

Figure 2, where for each instant of time, battery performance is evaluated using (1)–(4). 

These results are then used to evaluate the degree of the corrosion of the positive grid 

using (5)–(10), as well as the degree of battery degradation using (11)–(22). Finally, the 

influence of these ageing mechanisms on battery parameters is quantified by updating 

the internal resistance, gassing current, and available capacity using (23)–(26) [19,21]. 

 

 “See Figure 2” 

 

Now that the quantitative method to be used in this work has been described, a 

qualitative approach based on the analysis of several stress factors is presented. 

 

2.2 Stress factors and the categorization of operating conditions 

 

The analysis described in this work is based on the interpretation of the charge 

factor, the Ah throughput, the highest discharge rate, the time between full charges, the 

time at low SOC, and the partial cycling [12,23]. Other stress factors related to the 

ambient temperature were not taken into account. In the weighted Ah ageing model, the 

analysis of the battery operating conditions by means of stress factors entails estimating 

battery performance in terms of the voltage at its terminals, the current, and the SOC. 

This task has been carried out using (1)–(4) [19,21] and without considering variations 

in the battery parameters as a consequence of positive grid corrosion and active mass 

degradation. Then, the time series for each variable is used to determine the magnitude 

of each stress factor. 

 

2.2.1 Charge factor 
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The charge factor is defined as the inverse of Ah efficiency, and it is 

mathematically expressed in (27) and (28). This stress factor could be used to determine 

the battery operation (full or partial charging operation) and the adjustments of charge 

voltage. In addition, depending on its value, it could indicate the ageing mechanisms. If 

it tends to be very low, the battery could suffer from sulphation, acid stratification, and 

significant differences between the cells of the battery bank. By contrast, if this factor 

tends to be very high, the battery could suffer from active mass shedding, water loss, 

and corrosion. This factor is typically between 102% and 130% [12,23]. 

 

𝐶𝐹 =
𝐴ℎ𝑐ℎ𝑎𝑟𝑔𝑒𝑑

𝐴ℎ𝑑𝑖𝑠𝑐ℎ𝑎𝑟𝑔𝑒𝑑
= −

∫ 𝐼(𝑡)𝐻(𝐼(𝑡))𝑑𝑡
𝑇

𝑡=1

∫ 𝐼(𝑡)𝐻(−𝐼(𝑡))𝑑𝑡
𝑇

𝑡=1

;                            (27) 

 

𝐻(𝐼(𝑡)) = {
0;  𝐼(𝑡) < 0

1;  𝐼(𝑡) ≥ 0
 ⦡ 𝑡 = 1,… , 𝑇.                                (28) 

 

2.2.2 Ah throughput 

 

Ah throughput is a normalized measure of the Ah discharged from the battery 

throughout the year. This idea is represented mathematically in (29). The total influence 

of Ah throughput on the ageing process requires the simultaneous consideration of the 

cycling operation at a partial SOC and its corresponding time. This factor is typically 

between 10 and 100 times the nominal capacity (𝐶10) [12,23]. 

 

𝑄𝑡ℎ𝑟 =
∫ 𝐼(𝑡)𝐻(𝐼(𝑡))

𝑇

𝑡=1

𝐶10
.                                                      (29) 

 

2.2.3 Highest discharge rate 

 

The effects of high discharge currents on battery lifetime are estimated by 

measuring the highest discharge current, so that 1% of the yearly Ah throughput (𝑄𝑡ℎ𝑟) 

is discharged. This factor allows us to consider the impact of the starting currents of 

some household appliances on battery ageing [12]. Stress factors related to the highest 

discharge current (𝐼1%
𝑚𝑎𝑥) are determined using a histogram similar to that shown in 

Figure 3, where a determined amount of bins (𝑚 = 1,… ,𝑀) are used to build the 

discharging current intervals (𝑙(𝑚)) and to calculate their corresponding frequencies 

(𝑓(𝑚)). This histogram is jointly used with (30) and (31) to estimate the stress factor 

value. More specifically, using Figure 3 and (30), the amount of bins (𝐿) required to 

fulfill 1% of the total Ah throughput discharged is determined. Then, using this result, 

the stress factor (𝐼1%
𝑚𝑎𝑥), which is the average current of all of the bins (𝐿) normalized to 

the rated discharging current in 10h (𝐼10), is calculated by (31). Frequently, this is factor 

is below 𝐼10 [23]. 

 

 “See Figure 3” 

 

∑ 𝑙(𝑚)𝑓(𝑚) = 0.01(𝑄𝑡ℎ𝑟)𝐶10

𝑀

𝑚=𝑀−𝐿

;                                               (30) 
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𝐼1%
𝑚𝑎𝑥 = {0.01(𝑄𝑡ℎ𝑟)𝐶10} {𝐼10 ( ∑ 𝑙(𝑚)𝑓(𝑚)

𝑀

𝑚=𝑀−𝐿

)}⁄ .                        (31) 

 

2.2.4 Time between full charges 

 

The impact of a long time between full charges is measured in an average by 

determining the number of operating cycles and their duration when the SOC remains at 

a value lower or equal to 𝑆𝑂𝐶𝑙𝑖𝑚
𝑚𝑎𝑥=0.9. This idea is expressed mathematically in (32). 

The number of cycles (𝐶𝐹) is determined by recognizing the changes in the SOC from a 

value lower or equal to 𝑆𝑂𝐶𝑙𝑖𝑚
𝑚𝑎𝑥 in the time instant (𝑡 − 𝛥𝑡) to another one higher than 

𝑆𝑂𝐶𝑙𝑖𝑚
𝑚𝑎𝑥 at the current time instant (𝑡). This factor is frequently between 0.7 days and 

10 days [23]. 

 

𝑇𝐹 = {∫ 𝐻(𝑆𝑂𝐶𝑙𝑖𝑚
𝑚𝑎𝑥 − 𝑆𝑂𝐶(𝑡))𝑑𝑡

𝑇

𝑡=1

} {24(𝐶𝐹)}⁄ .                           (32) 

 

2.2.5 Time at low SOC 

 

In this stress factor, the operational conditions at which the SOC is below 

𝑆𝑂𝐶𝑙𝑖𝑚
𝑙𝑜𝑤 = 0.35 are considered in relation to the increase of battery sulphation. This is 

defined mathematically in (33), and it is typically between 0% and 50% [23]. 

 

𝑇𝑆 = 100 {∫ 𝐻(𝑆𝑂𝐶𝑙𝑖𝑚
𝑙𝑜𝑤 − 𝑆𝑂𝐶(𝑡))

𝑇

𝑡=1

𝑇⁄ }.                                (33) 

 

2.2.6 Partial cycling 

 

This stress factor incorporates the effects of Ah discharging at a determined SOC 

value. This analysis is carried out by estimating the Ah discharged during each of the 

five SOC categories defined in Table 1. First, the partial cycling for each SOC range is 

estimated by using (34). Then, using these results, a unified factor is estimated through 

the evaluation of (35). It is important to note how those SOC ranges with low values 

have a higher weight on the partial cycling stress factor. The partial cycling factor is 

typically between 20% and 70% [23]. 

 

𝑃(𝑙) = −{∫ 𝐼(𝑡)𝐻(𝑃(𝑙)
𝑚𝑖𝑛 − 𝑆𝑂𝐶(𝑡))𝐻(𝑃(𝑙)

𝑚𝑎𝑥 − 𝑆𝑂𝐶(𝑡))𝐻(−𝐼(𝑡))𝑑𝑡
𝑇

𝑡=1

} {∫ 𝐼(𝑡)𝐻(−𝐼(𝑡))
𝑇

𝑡=1

𝑑𝑡}⁄   

⦡ 𝑙 = 𝐴, 𝐵, 𝐶, 𝐷, 𝐸;                                                   (34) 

 

“See Table 1” 

 

𝑃𝐶 = {𝑃(𝐴) + 2[𝑃(𝐵)] + 3[𝑃(𝐶)] + 4[𝑃(𝐷)] + 5[𝑃(𝐸)]} 5⁄ .                   (35) 

 

2.3 Efficient and optimal design of hybrid energy systems 

 

Due to its flexibility and its intrinsic ability to provide a near-optimal solution to 

complex optimization problems, heuristic techniques such as GA have become very 

popular for the design and control of HESs. An example can be found in [24], where a 
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GA was implemented in order to design an HES, taking into account Cost of Energy 

(COE) and Greenhouse Gas (GHG) emissions as the main variables of a multiobjective 

optimization problem. Similarly, in [25], a multiobjective optimization model capable 

of considering the cost related to battery life reduction—among other cost factors such 

as initial investments, Operation and Maintenance (O&M) costs, and GHG emissions—

was formulated and solved by a GA in order to improve the operating performance of 

an HES installed in China. Aside from GA, other techniques such as particle swarm 

optimization and simulated annealing, among other methodologies, have been suggested 

[26]. 

In general, the optimization of HESs by GA requires the adoption of an integer 

codification system to consider all of the technical characteristics of each element and 

its corresponding manufacturer. In our case, each individual is composed of four 

chromosomes represented by the vector (36) and belonging to the population 

represented by the matrix (37). All of the manufacturers of Wind Turbine (WTs) and 

battery cells are listed in two different tables. A determined WT manufacturer is 

considered in the analysis by means of its position (row) on the table, which is assigned 

to the variable (𝑘(𝑆)
1 ), the maximum number of wind turbines connected in parallel is 

considered in the variable (𝑘(𝑆)
2 ). A determined battery manufacturer is considered in the 

analysis by means of its position (row) on the corresponding table, which is assigned to 

the variable (𝑘(𝑆)
3 ), and the maximum number of batteries connected in parallel (strings) 

is taken into account by the variable (𝑘(𝑆)
4 ). 

 

�⃗� (𝑠) = [𝑘(𝑠)
1 𝑘(𝑠)

2 𝑘(𝑠)
3 𝑘(𝑠)

4 ] ⦡ 𝑠 = 1,… , 𝑆;                           (36) 

 

𝐾 =

[
 
 
 
 
 �⃗�
 
(1)

⋮

�⃗� (𝑠)
⋮

�⃗� (𝑆)]
 
 
 
 
 

.                                                                  (37) 

 

The GA for the efficient design of an HES is carried out by following the 

procedure described below. 

 

Step 1: Using an integer random number generator, variables 𝑘(𝑠)
1 , 𝑘(𝑠)

2 , 𝑘(𝑠)
3 , and 𝑘(𝑠)

4  

with 𝑠 = 1,… , 𝑆 are independently obtained. The types and maximum number of WTs 

and battery cells are taken into account by introducing the following constraints for the 

random-number generation: 𝑘𝑚𝑖𝑛
1 ≤ 𝑘(𝑠)

1 ≤ 𝑘𝑚𝑎𝑥
1 , 𝑘𝑚𝑖𝑛

2 ≤ 𝑘(𝑠)
2 ≤ 𝑘𝑚𝑎𝑥

2 , 𝑘𝑚𝑖𝑛
3 ≤ 𝑘(𝑠)

3 ≤

𝑘𝑚𝑎𝑥
3 , and 𝑘𝑚𝑖𝑛

4 ≤ 𝑘(𝑠)
4 ≤ 𝑘𝑚𝑎𝑥

4 . Thus, the population to be evaluated during the first 

generation is prepared. 

 

Step 2: The index to represent the generation under analysis is set to 1 (𝑣⃪1). 

 

Step 3: At this stage, the NPC and Energy Index of Unreliability (EIU) should be 

estimated for each individual in the population by means of a long-term simulation of 

the HES using the weighted Ah throughput method. However, this is a time-consuming 

task because the HES is simulated for the entirety of its battery lifetime, which could be 

longer than one year. In order to increase the efficiency of the optimization algorithm, 
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first, the stress factors of the operating conditions obtained from a yearly simulation are 

performed by means of (1)–(4) and (27)–(35) described in subsections 2.1 and 2.2. If 

these factors indicate operational behavior similar to that of an optimal-designed Solar 

Home System (SHS) (Table 2, from the qualitative perspective of an expert), then the 

weighted Ah throughput method of (1)–(4) and (5)–(26) described in subsection 2.1 is 

applied in order to estimate the battery lifetime required to calculate the NPC. In other 

words, once the evaluation of the stress factors has been carried out, if they are higher 

than the reference values shown in Table 2, the weighted Ah throughput method is not 

used due to the healthy operation of battery bank is not possible. In those cases, when 

the HES is not simulated, and also in the cases when the HES is simulated with a result 

of EIU higher than the required value; it means, Energy Not Supplied (ENS) higher than 

the value allowed by the system designer, an arbitrarily high value of NPC is assigned 

(NPC→∞). The values presented in Table 2 and to be used as a reference were taken 

from the analysis of an optimally designed SHS analyzed in [23] (specifically, Category 

5: Optimal SHS). 
 

“See Table 2” 
 

Step 4: In this step, the fitness of each individual in the population is determined by 

applying (38). 

 

𝐹𝑓(𝑠) =
(𝑆 + 1) − 𝑠

∑ {(𝑆 + 1) − 𝑤}𝑆
𝑤=1

 ⦡ 𝑠 = 1,… , 𝑆.                              (38) 

 

Step 5: Perform reproduction, crossing, and mutation procedures. 

 

Step 6: If (𝑣 < 𝑉), then 𝑣⃪𝑣 + 1 and go to step 3. Otherwise, stop. 

 

3. Case study 

 

In this section, the methodology proposed in this work is illustrated by analyzing 

an HES to be installed in Zaragoza, Spain, composed of a battery bank, a charge 

controller, a WT, and a bidirectional converter. The information related to the 

meteorological conditions of wind resources and ambient temperature comes from the 

Spanish Meteorological Agency [27]. The mathematical model of the charge controller, 

the wind generator, and the bidirectional converter can be found in [28]. The load 

demand to be supplied is shown in Figure 4, it is assumed to be the result of the daily 

operation of several household appliances installed in a typical rural house. The battery 

cells and WTs considered in the optimization process are shown in Tables 3 and 4, 

where each manufacturer is indicated through the corresponding index, among other 

technical parameters such as rated capacity and lifetime. The rated capacity of the 

bidirectional converter was assumed to be 300 W with a lifetime of 10 years, hence the 

can be effectively supplied. All of the parameters required to model battery cell were 

assumed to be typical ones (presented on the list of symbols) and can be found in 

[19,21], whereas some data related to the techno-economic analysis and optimization 

process such as inflation and discount rates, project lifetime, as well as number of 

generations, population size, crossover and mutation rates are presented in Table 5. The 

costs related to the acquisition and O&M of all of the elements were estimated from the 

recently published information available in [29]. 
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“See Table 3” 

 

“See Table 4” 

 

“See Table 5” 

 

 “See Figure 4” 

 

As can be noted from Tables 3 and 4 and from the maximum amount of strings, 

the total amount of the combination is not significantly high; hence, the global optimum 

could easily be achieved by applying an enumerative method. The quantitative and 

qualitative ageing models presented in section 2 were implemented in MATLAB® in a 

standard personal computer with an i7-3630QM CPU at 2.40 GHz, 8 GB of RAM, and 

a 64-bit operating system. Figure 5 shows the evolution of the implemented GA 

obtaining a near-optimal solution in 20 iterations of the optimization algorithm; the 

corresponding results have been compared to the enumerative optimization method and 

shown in Table 6. The performance of this near-optimal solution in terms of the 

evolution of lifetime cycles, the loss of battery life, the SOC, and the impact of 

corrosion and degradation phenomena are shown in Figures 6–11. In Figure 6, the 

difference between the weighted and unweighted cycles could be clearly observed, 

unweighted cycles are frequently used to the estimation of battery lifetime in several 

computational tools due to its very limited complexity and easy implementation; 

however, according to these results, this factor is not enough to effectively describe the 

loss of life on the battery system. The reduction on battery capacity is shown in Figure 

7; the evolution of SOC is presented in Figure 8, while the effects of degradation and 

corrosion are shown in Figures 9 and 10, respectively. In Figure 7, it is possible to 

observe a slow reduction on battery life during the first two years as a consequence of 

the corrosion process (Figure 10); after this period, loss of battery lifetime is highly 

influenced by the degradation process (Figure 9), speeding the loss of capacity in 4.2 

years. Figure 11 shows the evolution of battery current per cell; reader can note a 

reduction on the battery current as a consequence of the constant increment on the 

internal resistance of each cell due to the corrosion phenomenon. The stress factor 

analysis for the configuration obtained by GA is presented in Figure 12 and Table 7 by 

showing the estimation of the corresponding stress factors and their categorization by 

means of a radar plot. 

From Table 6, it is possible to observe how both solutions (those obtained by the 

GA and by the enumerative method) have similar characteristics, suggesting a WT of 

5kW and a battery bank of 110.976 kWh if the GA method is used, and 110.4 kWh if 

the enumerative method is employed. With respect to battery lifetime, there is a 

difference of 26.1%, which directly influences the NPC by 4.8%. Something interesting 

occurs with HES reliability. As stated before, the required EIU was 1% (Table 5); 

however, the EIU estimated for the configuration obtained from the GA method is 

slightly higher due to the fact that the estimation of stress factors is carried out without 

taking into account the changes in the internal resistance and the gassing current, which 

impact the amount of energy that could be stored in the battery bank and, consequently, 

the estimation of the EIU. With regard to the qualitative viewpoint, according to the 

radar plot in Figure 12 and the information in Table 7, the risk level for the reduction of 

battery life is between low and high. The stress factor with a high level of risk is related 

to the time between full charges and due to the fact that the SOC is between medium 

and high values (Figure 8). Otherwise, as any peak load was assumed to be connected 
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due to the ideality of the case study (the load demand is strictly based on Figure 4), the 

estimated risk level related to the highest discharge current results in a very low value. 

 

“See Table 6” 

 

 “See Figure 5” 

 

 “See Figure 6” 

 

 “See Figure 7” 

 

 “See Figure 8” 

 

 “See Figure 9” 

 

 “See Figure 10” 

 

 “See Figure 11” 

 

“See Table 7” 

 

 “See Figure 12” 

 

According to the results presented in Table 6, the storage system and wind 

generator have important effect due to the limited wind resources at the location under 

analysis. This can be observed in Figure 13, where the wind power time series and its 

corresponding histogram are shown. The power produced by the WT is low and with a 

high frequency, which is a direct consequence of the limited wind resources and the 

capabilities of the WT. In order to supply the load requirements during those periods of 

time without abundant wind resources, and to maintain the SOC within a reasonable 

range to prolong battery life, an HES with a WT of high rated power combined with a 

storage system of high capacity should be installed. 

 

 “See Figure 13” 

 

4. Conclusions 

 

Due to the importance of HESs for rural electrification and microgrid 

applications, optimal design that incorporates battery cell ageing mechanisms is an 

important and difficult task. In this paper, the weighted Ah ageing model and stress 

factor categorization are combined with a traditional integer-coded GA in order to 

improve the computational efficiency. Thus, a near-optimal solution evaluated from 

quantitative and qualitative perspectives is obtained. The proposed method was 

illustrated by analyzing an HES to be installed in Zaragoza, Spain. According to the 

obtained results, it is likely that the battery bank will need to be replaced in 4.2 years 

due to the operation at a medium to high SOC during a relatively long amount of time. 

In general, the combination of quantitative and qualitative methods in the analysis and 

planning of HESs could improve the understanding of its behavior and the selection of 

the cost-effective options for sustainable electrification. 
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Figure caption 

 

 

 

 
Fig. 1: Description of full charging and partial charging operation. 

 

 

 

 

 

 
Fig. 2: Calculation of battery performance by weighted Ah ageing model. 
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Fig. 3: Histogram of frequency of the discharged current. 

 

 

 

 

 

 

 
Fig. 4: Hourly load profile of the system. 
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Fig. 5: Performance of GA. 

 

 

 

 

 

 
Fig. 6: Evolution of life cycles with the time. 
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Fig. 7: Reduction of battery capacity with the time. 

 

 

 

 

 

 
Fig. 8: State of charge through battery lifetime. 
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Fig. 9: Effect of degradation process with the time. 

 

 

 

 

 

 
Fig. 10: Effect of corrosion process with the time. 
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Fig. 11: Battery current through the battery lifetime. 

 

 

 

 

 

 
Fig. 12: Radar plot diagram for optimal configuration (1: Very low; 2: Low; 3: Medium; 

4: High intensity; 5: Very high intensity). 
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Fig. 13: Power generation of 5000 W wind turbine. 
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Table caption 

 

 

 

Table 1: Definition of SOC ranges. 

𝑙 𝑃(𝑙)
𝑚𝑖𝑛 𝑃(𝑙)

𝑚𝑎𝑥 

𝐴 0.85 1 

𝐵 0.7 0.85 

𝐶 0.55 0.7 

𝐷 0.4 0.55 

𝐸 0 0.4 

 

 

 

Table 2: Reference values of stress factors and risk levels. 

Stress factor Value 

𝐶𝐹 115 % 

𝑄𝑡ℎ𝑟 70 

𝐼1%
𝑚𝑎𝑥 1.4 

𝑇𝐹 8 days 

𝑇𝑆 15.5 % 

𝑃𝐶 70 % 

 

 

 

Table 3: Characteristics of lead-acid batteries considered. 

Manufacturer 𝐶10(Ah) 𝑍𝐼 𝑆𝑂𝐶𝑚𝑖𝑛 𝐹𝐿 

1 200 1415 0.3 10 

2 300 1415 0.3 10 

3 600 1415 0.3 10 

4 800 1415 0.3 10 

5 1000 1415 0.3 10 

6 1500 1415 0.3 10 

7 2000 1415 0.3 10 

8 2500 1415 0.3 10 

9 3000 1415 0.3 10 

10 460 1479 0.4 12 

11 1156 1479 0.4 12 

12 1900 1479 0.4 12 

13 225 513 0.3 10 

14 360 513 0.3 10 

15 250 511 0.4 10 

16 275 511 0.4 10 

17 305 511 0.4 10 

18 10 363 0.4 10 

19 24 363 0.4 10 

20 55 363 0.4 10 

21 200 363 0.4 10 
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Table 4: Characteristics of wind turbines considered. 

Manufacturer WT Power (W) WT Life (Year) 

1 500 15 

2 1000 15 

3 5000 15 

4 10000 15 

5 15000 15 

6 20000 15 

 

 

 

Table 5: Optimization parameters and economic analysis. 

Parameter Assigned value 

Inflation rate (%) 3 

Discount rate (%) 5 

Project lifetime (years) 40 

Maximum WTs 1 

Maximum battery strings 10 

Rated voltage (V) 24 

Population size 15 

Generations 20 

Crossover rate (%) 90 

Mutation rate (%) 3 

EIU (%) 1 

 

 

 

Table 6: Evaluation of the configuration obtained by the proposed GA-based method. 

Parameter GA method Enumerative method 

WT manufacturer 3 (5000 W) 3 (5000 W) 

Battery manufacturer 11 (1156 Ah) 10 (460 Ah) 

Battery strings 4 10 

Battery bank capacity (kWh) 110.976 110.4 

NPC 213509.004547 203574.4 

EIU 0.014231 0.00806 

Battery lifetime (year) 4.193379 5.680022831 

Computational time (min) 45.142167 161.659467 

 

 

 

Table 7: Stress factor and risk levels for optimal configuration. 

Stress factor Value Risk level 

𝐶𝐹 104.199255 % Low 

𝑄𝑡ℎ𝑟 7.754557 Very low 

𝐼1%
𝑚𝑎𝑥 0.000503 Very low 

𝑇𝐹 5.422348 days High intensity 

𝑇𝑆 0.000000 % Very low 

𝑃𝐶 31.074429 % Low 

 

 


