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Abstract 

Remote hybrid power systems (RHPS) serve local off-grid loads or various island grids when no 
grid extension is possible. They combine renewable resources, conventional generators and 
energy storage systems in order to balance the load at any moment, while ensuring power quality 
and energy security similar to large centralized grids. Modelling such a complex system is crucial 
for carrying out proper simulations for predicting the system’s behavior and for optimal sizing of 
components. The model should include an estimation of the renewable resource availability over 
the period of the simulation, a prediction of the load consumption and time variation, the choice 
of technologies, a prior dimensioning approach, an energy dispatching strategy between the 
components and, finally, the behavioral model of all components.  

This study limits its scope to the simulation of a RHPS composed of solar PV panels, a diesel 
generator set, and a Li-ion battery bank supplying a dynamic isolated load with a daily demand 
variation between 10 kW and 80 kW. Methods for building load scenarii are explained first and 
then, rules of thumbs for selecting the technologies and pre-sizing the components are reviewed. 
Commonly used dispatching strategies are described before detailing the algorithm of a Matlab 
behavioral model for the system’s components with an emphasis on the proper prediction of 
performance and aging for the Li-ion battery model. Finally, a 10-year simulation is carried out 
over a case study and the results are analyzed.  

Keywords: Hybrid power plant, off-grid, Li-ion battery, dispatching strategy, modelling, Matlab 



Essentially, all models are wrong but some are useful. 

George E.P.Box, 1987 
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Abbreviations / Technical terms 

δ: Battery calendar aging factor. Variation from the nominal state’s calendar aging 

γ: Battery efficiency factor. Variation from the nominal state’s efficiency 

η: battery efficiency 

ξ: Battery cycle aging factor. Variation from the nominal state’s cycle aging 

AC: Alternating Current 

Capabat: battery nominal capacity 

CAPEX: Capital Expenditure 

C-rate: Power to discharge the nominal capacity in one hour. 𝜉𝑟𝑟𝑟𝑟 = 𝑃𝑃𝑟𝑟
𝐶𝑟𝐶𝑟𝑏𝑏𝑏

 

DC: Direct Current 

DoD: Depth of Discharge 

DS: Delivery Station 

Ebat: battery energy 

Eload: load energy 

EPV: PV energy 

FPMRT: Full Power Minimum Time. 

HVAC: Heating, ventilation and Air-conditioning 

Li-ion: Lithium ion 

MPC: Maximum power of Charge 

MPD: Maximum Power of Discharge 

Nd: Number of “Day classes” 

Ne: number of “Configuration classes” 

Ns: Number of “Season classes” 
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OPEX: Operating Expenses 

Pbat: battery power 

Pcurt: curtailed power 

Pdump: dump load power 

Pgen: diesel generator power 

Plim: limit power from which the system switch from FPMRT strategy to Load-Following 

strategy 

Pload: Load power. 

Pmax_bat: Upper boundary of the battery operating window 

Pmin_bat: lower boundary of the battery operating window 

Pnet: Net power. 𝑃𝑛𝑟𝑟 = 𝑃𝑙𝑙𝑟𝑙 − 𝑃𝑠𝑙𝑙 

PPV: Photovoltaic power. Power delivered by the PV arrays to the PV inverter 

PRESS: Performance Ratio of the Energy Storage System. Measures the ratio between the PV 

energy provided to the load and the total PV energy available. 𝑃𝑅𝐸𝐸𝐸 = 𝑃𝑃𝑃 −𝑃𝑐𝑐𝑐𝑏
𝑃𝑃𝑃

 

Psol: Solar power; Power delivered by the PV inverter to the DS. 𝑃𝑠𝑙𝑙 = 𝑃𝑃𝑃 − 𝑃𝑐𝑐𝑟𝑟 

PV: Photovoltaic.  

RHPS: Remote Hybrid Power Plant 

RTC: Real Time Controller. 

SoC: State of Charge. % of energy in the battery. 0 = empty ; 1 = full. 𝑆𝜉𝜉 = 𝐸𝑃𝑟𝑟
𝐶𝑟𝐶𝑟𝑏𝑏𝑏

 

SoH: State of Health. Age of the battery. 1 = new ; 0 = out of order. 𝑆𝜉𝑆 = 𝐶𝑟𝐶𝑟𝑏𝑏𝑏
𝐶𝑟𝐶𝑟𝑏𝑏𝑏(𝑟=0)

 

Tcell: battery cell temperature. 

Text: outdoor temperature. 

Timestep: Interval length of the time series model. 

W: Watts. 
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Introduction 

The energy sector has now reached an era of radical change. Environmental issues, fuel 

prices, fuel scarcity and political concerns to ensure energy security have triggered a boost in 

the development of renewable projects. No-one can deny today the emergency of the 

ecological, social and economic situation to build a sustainable future for future generations 

(IPCC, 2014). The renewable energy market is heading towards technological and economical 

maturity. Projects involving intermittent energy sources such as solar or wind power are 

already competitive in remote locations (Hoffmann. 2014). Even if the political sphere is a 

step behind, short-term priorities no longer compensate for the long term necessity of an 

energy-mix based on renewables. 

In 2013, the countries invested $214 billion worldwide in renewable energy (UNEP, 2014) 

including $114 billion for solar energy and $193.3 billion towards finance projects.  

On-grid projects are mostly supported by governments with feed-in tariff policies and range 

from household installations to Megawatt-size power plants. But variable/intermittent energy 

penetration (solar and wind power mainly) impacts on grid frequency and voltage stability 

(Ayman, 2014). This is even more problematic in remote areas with small, weak and poorly 

interconnected grids. For example, in the French island territories a decree on April 23, 2008, 

limited the penetration of intermittent energy sources to 30% in order to tackle the grid 

stability issue.  To achieve a higher renewable energy ratio in the energy mix, storage has to 

be combined with intermittent energy sources to smoothen the power production variability 

and be able to actively participate towards stabilizing the grid. This storage acts as an energy 

buffer that will be able to perform different functions such as peak shaving, load shifting or 

primary control for grid regulation.  

Off-grid projects are more complex since they cannot be supported by the grid in the case of a 

source failure. Historically, diesel generators have been used as standalone systems for 

supplying electricity to island grids and remote areas where utility grid extension is not 

possible or not feasible. However, hybrid systems that combine renewable energy with diesel 

generators and storage, known as Remote Hybrid Power Systems (RHPS) appear to be the 

most economic and environmentally friendly solution (Barley and Winn, 1996).  
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Hybrid power plants are very likely to become common for both off-grid and on-grid 

applications, indicated by a exponentially growing number of publications and a rising 

interest in companies and governments to develop these projects (CRE, 2012, 2014) 

Thus, several questions arise: How does one design these power plants, i.e. what storage 

capacity, how many solar panels? What would be an accurate estimate of the energy 

production over its lifetime? How to ensure energy quality and reliable cost-effective usage 

strategies?  

Answering these questions requires the development of a model of a hybrid power plant that 

could then be simulated through different inputs. This study is dedicated to providing insights 

in hybrid power plant modelling based on existing literature and applying it to a hypothetical 

case study in order to illustrate its feasibility and to identify the best dispatching strategy. 
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System definition 

Definition 

The system studied herein is a hybrid power plant model and includes: 

1. Renewable resource estimation 

2. Load prediction 

3. Technological configuration 

4. Pre-sizing of the components 

5. Energy dispatching and operating strategies 

6. Components modelling  

7. Simulations 

 

Facilities included in the hybrid models are: 

• Load 

• Renewable energy generator  

• Energy Storage   

• Conventional energy generator 

• Dump Load 

• Real Time Controller 
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Figure 1 : Schematic hybrid power plant 

Scope 

All the aspects of hybrid power plants’ complexity cannot be covered in a single report, 

therefore this master thesis is restricting its scope to a specific target case study: A behavioral, 

block-based (Simulink) time series model of photovoltaic/diesel/Li-ion batteries hybrid 

system for off-grid applications. 

A behavioral model, integrating operating curves from physical model’s results and research 

is used to achieve a high computational speed in order to estimate outputs of the model over 

an extended time period with intervals as narrow as possible. 

Photovoltaic power has been chosen over wind power since a majority of recent projects and 

investments are directed towards solar energy (UNEP, 2014) and because solar is better suited 

for the specific case study considered, as well as that most of the previous literature about 

RHPS has dealt with wind power thus leaving a niche to explore.  

Diesel gensets are the most common conventional energy generator used for island grids 

worldwide and still the best available back-up technology. The application of a single diesel 

Real-Time Controller 
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generator set is studied in this thesis due to practical considerations, even if multiple parallel 

generators could be used to improve fuel savings, increase the lifetime of components and 

augment the dispatching strategy in a best-case scenario (Ferry, 2009). 

Li-ion batteries are the state of the art of energy storage technology for high energy/high 

power applications and are particularly adapted for RHPS, as they offer both high energy 

density and high power density at continuously decreasing investment costs (Appendix 1).  

This work covers all steps for modelling a hybrid power plant, from the resource prediction to 

the simulation of the energy production over the lifetime of the power plant, considering the 

energy dispatching strategy optimization. However, it contains simplified models and treats 

only basic configurations. Further studies can be conducted to improve the model.  

Methodology 

The methodology adopted in this thesis is resolutely scientific: 

1. Intensive literature survey about all fields dealt with in this paper. 

2. Tracking the signal from the noise: Which information is useful for this specific 

project? 

3. Formulating hypotheses from either new findings, prior knowledge or common sense. 

4. Testing the hypotheses on ground truth data if possible or comparing them with 

results from other research results and available data. 

5. Adjusting and optimizing the hypotheses if necessary and testing them again. 

This Bayesian approach tends to make the developed model converge towards reality, step by 

step, by correcting and updating the prior knowledge one can have on how components 

behave. Thus, the hybrid power plant model has been divided into several parts, each of them 

corresponding to a function realized by the model. Each part is studied independently as its 

own project. A fictive case study will be employed along each section to illustrate and bond 

all parts together. 

This thesis attempts to effectively combine top of the art knowledge, best practices, rule of 

thumb and common sense towards producing useful results with limited inputs.   
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Resources 

The development of proper models and predictions requires substantial amounts of reliable 

data. Akuo Energy benefits from having records of operational data from existing hybrid 

power plants in their portfolio. However, data can be hard to obtain and are not always 

reliable, especially regarding renewable resource estimation such as for example the solar 

irradiation forecast for a given location. Behavioral data for different components are also 

complex since Akuo Energy has neither the labs nor the experience of an equipment 

manufacturer in order to run tests on components to acquire the necessary input. 

Therefore, the model developed herein has to lean on freely available data (like satellite 

irradiation data for solar resource estimation) or on the information provided by equipment 

manufacturers (for batteries for instance) making the result severely dependent on the input 

data’s quality. It can be difficult to estimate the uncertainty lying underneath.  

All the work which led to the results presented in this thesis has been performed by the author 

during his internship in the French company Akuo Energy. For confidentiality issues, neither 

the actual code nor any real project parameters will be presented here but only generalized 

results and normalized values will be provided to illustrate the developed model. 

Case Study 

As presented above, every step of the model development will be illustrated with a fictive 

case study presented in each section below.  

Let us consider a rural area along the Atlantic coastline of Ivory Coast in Africa, with 

geographic coordinates: (5.3; 4.1) and no access to the grid. The hotel company GreenResort 

has built a lodge there to promote tourism in this scenic spot of Ivory Coast. So far, the hotel 

has relied on a 150kW diesel generator for providing electricity to their customers, but 

complaints about the noise and increasing cost concerns (both fuel price and supply & storage 

costs) led the general manager to adopt a hybrid power plant to replace the diesel generator. 

Grid extension is impossible due to rugged terrain. The lodge has 100 rooms furnished with 

television, fridge and lamps, a restaurant, a laundry, and a staff quarter. The number of 

employees in the hotel is directly proportional to the number of guests. 
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I) Renewable resource prediction 

Predicting the renewable resource is a key feature of any reliable hybrid power plant model.  

Short term prediction models are mostly based on the physics of atmosphere behavior and 

fluid mechanics equations. The theoretical model can be simplified and has been well studied 

since the times of Navier, Pascal, Bernouilli and their followers. However, weather forecasts 

have two burdens: theory of complexity and chaos theory. The first one refers to the idea that 

knowing the equations that rule one molecule of air does not always help that much on 

predicting how the whole atmosphere, as a complex system made of billions of billions of 

molecules, would behave (Bak,P. , 1997). The second one refers to systems which are both 

dynamic and non-linear and highly dependent on initial conditions (“the flap of a butterfly’s 

wings in Brazil set off a tornado in Texas”) (Lorenz, 1996). From couple of hours to a week, 

physical models perform decently and a huge variety of these models are available (Baile, 

2011). However, after 8 days, climatology, the long-term historical average of conditions on a 

particular date in a particular area, beats models based on fluid mechanics (Silver, 2013).  

 

Figure 2: Chaos theory: Sensibility of the initial conditions for the recursive 

non-linear sequence Xn+1=4*Xn*(1-Xn) 

Therefore, when considering long term predictions, these models are completely inefficient 

and it is even better to rely on statistical models. Simulating the behavior over an extended 
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period of time (20 years for example), has a sense only in term of statistical energy 

production. It would be foolish to think it would be possible to predict how the system will 

behave in exactly 10 years’ time at 10 AM. However, statistics approaches can give us a good 

insight about how much energy the system would have produced within those 10 years, how 

much the battery would have been used or how much fuel would have been saved. The Law 

of Large Numbers claims that these results grew up in a more accurate way with the time 

getting longer. 

The solar resource, even if strongly affected on a day to day basis by the sky’s cloudiness, 

follows trends in a cyclic fashion due to:  

• Earth rotation angle, inducing nights and days. 1 day cycle 

• Distance Earth-Sun and inclination of the Earth inducing seasons. 1 year cycle. 

•  Solar Activity. 11 years cycle (Christensen, 1991) 

 

Figure 3 : Solar Activity. The red curve was prediction made in 1996. Actually, 

the prediction turned to be bad because the 2012 peak has been very week 

(NASA, 1996) 

This section describes methods for getting an estimation of the solar resource over the long 

run. These methods depend on both the quantity and the quality of the data. Similar methods 

could be obtained for wind energy but it is not in the frame of this paper.  

In a best case scenario, ground truth data have been collected over a statically significant 

number of years with a resolution of 1 second minimum in order to catch micro-scale (about 1 
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to 10 seconds) fluctuations in the irradiation (mainly due to clouds projecting a shadow by 

blocking sunrays). Then for every day of the calendar year, a library of days is built by 

gathering all the days with the same date and those three days before and after. For example, 

for January 26th, the library will be filled with: January 23th, 24th, 25th , 26th, 27th, 28th, 29th of 

years 1990 to 2015. It is assumed here that during a week (7 days), the variation in solar 

irradiation due to the effects of the seasons is negligible. In this example, each library has 175 

elements representing daily irradiation with a 1-second accuracy. A 10 year solar irradiation 

scenario is built by picking up every day, one day from the considered day’s library, 

randomly. 

However, this represents an ideal scenario and most of the time; real scenarii diverge from 

this one because: 

1. No on-site data are available since no pyrometers have been installed prior to 

the study. 

2. Ground truth irradiation data are only available for a short range of time. 

3. The resolution accuracy of the data is too wide. 

For these situations, here are some tips that can be applied: 

1. Available data from near sites like weather stations or airports, can replace the 

ground-truth data. Satellite data are also available online and cover the whole 

planet but are averaged on large area, and are stored as monthly or, at best, as 

hourly averages. 

2. Likewise (1), collecting satellite data or measurement data from sites nearby which 

cover a longer range is a wise option. The day-library is filled with the ground 

truth data and its scope can be increased up to an entire month to ensure a large 

enough quantity of days. All days in the libraries are assigned a probability to be 

picked up to ensure that the daily irradiation’s distribution of the day library’s 

scope is shifted by the same value that the one measured with the long term data 

from the near site (a shift in the irradiation mean between the period when we got 

the ground truth data and the irradiation mean over a larger range of time. 

(Appendix 2) 
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3. Onsite cloudiness has to be studied or at least characterized. The general idea is to 

increase the sample size of our data by filling up the gap. This can be done by 

determining events whose frequency is higher than the frequency of the data’s 

acquisition and are therefore missed by the signal (Jerry, 1977). The evaluation of 

a distribution curve representing the relative variation of irradiation (from the 

mean value) due to these events on similar sites, i.e. with same cloudiness’s 

characteristics, would make it possible to build a model of irradiance with a tighter 

precision. (Appendix 3) 

Bullet points 2 and 3 are briefly described in the Appendices but lie on complex statistics and 

only a simplified version of bullet point 2 is described precisely in the case study. 

Combining these methods can be required in some cases. Of course, every time one of these 

methods is applied, uncertainties are created and added to the ones inherent to the 

measurement tools.  It is then recommended to install reliable measuring devices on site as 

soon as possible. 

Getting as much data as possible from reliable sources and averaging their values is essential 

for improving accuracy (Silver, 2013). For example, relying on 3 pyranometers instead of 

only one, or getting solar irradiance data from various sources (NSA SSE, PVGIS, 

HELIOCLIM…) reduces measurement errors and prevents gaps in the data. 

Case study 

No irradiation-ground-truth data are available onsite or nearby. This represents a worst-case 

scenario, but still, the evaluation of the solar resource is possible since several Internet 

services provide satellite irradiation data. 

Table 1 below sums up the open source irradiation data available on the Internet for the 

chosen location at coordinates (5.3; 4.1). 
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Table 1: Satellite Solar irradiation sources 

Database name Precision Aggregation period Source 

Helioclim3 Hourly 2005 soda-is.com 

NASA SSE Monthly 1983-1993 https://eosweb.larc.nasa.gov/sse/ 

PVGIS Monthly 2001-2012 http://re.jrc.ec.europa.eu/pvgis/ 

CLIMA SAF Monthly 1998-2011 http://re.jrc.ec.europa.eu/pvgis/ 

 

The dataset from NASA SSE, PVGIS and CLIMA SAF are averaged into a one year full of 

data table (REF) with monthly irradiation values. 

 

Figure 4 : Monthly irradiance (Wh/m2/day) from various satellite sources. 

 

Data from Helioclim3 are adjusted by a factor so that its annual irradiation matches REF’s 

one. This is correcting an offset of measures in Helioclim3 data. 

For every month of Helioclim3’s data, some irradiation days are replaced by other irradiation 

days of the same month to make sure that the Helioclim3 monthly irradiation value 

approaches the REF’s one. This is correcting specificities of year 2005 (simplified version of 

bullet point 2). 
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Figure 5: Correcting the specificities of year 2005 for April 

 

Figure 6 : Adjusted data of irradiance from Helioclim3 

 

A one-hour granularity does not completely reflect solar volatility since it smoothens 

irradiation variation when a cloud is covering the sun. Pyranometers have been installed 

onsite to get solar irradiation data every second and be able to apply bullet point 3. 

The new one-year hourly irradiation dataset created from HelioClim 3 is then used to apply 

the method described above in the best case scenario with day library’s scope increased by a 

month.  

A 10-year solar irradiation model has then been created.  
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II) Load estimation 

The power profile that the hybrid power plant will have to balance depends on the overall 

energy system in which it is integrated. Two different projects, requiring different strategies 

for the production, can be outlined: 

• On-grid system: the energy production will depend on the contract signed with the 

energy distributor. The power plant aims at producing as much energy as possible as 

long as the energy price is higher than the cost for production. The French renewable 

energy market is however regulated and the energy price does not fluctuate. 

Restrictions on the power profile shape are set though.  

• Off-grid system: in such case, the power plant has to produce as much power as 

required. 

The on-grid situation forces the operator to predict the renewable resource to respect the 

power profile’s constraints. In most cases, the power profile, which will be supplied to the 

grid, must be communicated in advance. No backup systems are necessary for that type of 

configuration and non-respect of the constraints leads to penalties. On-grid large hybrid 

projects tend to disappear in favor of centralized storage systems (Ipakchi, 2009). 

The off-grid situation is simpler in terms of production strategy to the extent that the only 

strategy is a load-following strategy. The power plant must equilibrate the load at all-time and 

failing to do so leads to blackouts. Therefore, a strong back up system is mandatory and needs 

to be designed accordingly. 

This paper will study only the off-grid case, which is the most common one (only a few on-

grid projects actually exist and every project has very particular requirements) 

In order to simulate how the power plant will behave over a long time, it is crucial to have a 

prediction of the load during all that period. 

To be able to draw a load power profile, an extensive study of all connected electrical 

components and a timetable of their operations are needed. These profiles are very project 

specific but unlike the fatal energy resources, it follows more simple patterns and then 

predicting it is made much easier. 
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Getting a load profile is not a complex task when only a few industries or houses are 

considered. For huge grids however, getting theses profiles for all consumers would be too 

much time-intensive and is not practically possible. In such cases, building consumption’s 

models, known as data profiling, is necessary. Electricity providers already do this job. 

(ERDF) 

A particular model will be explained below. This model should be used when there is no load 

data measured directly on site, from which consumption scenario could be directly created.  

Classes of days are created to represent days which belong to the same consumption profile. 

The number of classes depends on the type of industry connected to the house. For example, 

if the load comes from working offices, there would be two classes: working days and non-

working days.  

The consumption also fluctuates with seasonality, since an important part of the load is due to 

heating or cooling as well as lamp usage which is tributary of the period of the year. Some 

industry (like agriculture) also will see their activity’s intensities fluctuate depending on the 

season. The entire calendar year is divided to take these seasons into account. 

Finally, over a 10 year span, the load can increase or decrease; either in a continuous fashion 

if considering a big enough network or in a discontinuous fashion if only a few consumers are 

connected (adding an extra consumer or a new machine can significantly shifts the 

consumption ahead.)  Either an incremental increase in the load from year to year can be 

defined or, if the plug of new components at different years is known in advance, add these 

new loads accordingly to a specified agenda. 

A one-day hourly consumption scenario is generated for every combination: 

• Number of Day classes : Nd 

• Number of Season classes : Ns 

• Number of Configuration classes  : Nc 

 

Nd*Ns*Ne scenarii are then required. Dates which belong to the same day, season and 

configuration classes will then be assumed to have the same load profile. 
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Case Study 

GreenResort’s lodge is open 24/7 and accommodates guests during the entire year, and then 

only 1 day class (Nd=1) is considered. 

However, the activity highly depends on tourism seasonality. High season corresponds to 

mid-December to mid-January, and July to August when all the rooms are booked. Low 

season are the rest of the year (Ns=2) when half the rooms are full. Along the year, the 

temperatures are steady around 25°C, and then the dry and wet seasons do not impact the load 

consumption. The hotel has planned to build a swimming pool for 2020 but no other 

extensions are planned yet. (Ne=2). 

 

Figure 7 : Average hourly temperature in Abidjan 

 

Four scenarii have to be built to create a 10-year estimation of the load variability.  

Scenario # Working Day Season Swimming pool 

Scenario 1 Yes High No 

Scenario 2 Yes Low No 

Scenario 3 Yes High Yes  

Scenario 4 Yes  Low  Yes 

Table 2 : Load consumption scenarii 
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Figure 8 : Calendar of activity. High season in black 

 

 

Figure 9 : New facility in 2020 

 

The power profile during the high season has been measured for a week and averaged to get a 

power profile for one day1.  (Figure 10): 

In scenario 2, half of the rooms are occupied and therefore it is assumed that the hotel’s 

activity is divided by two as well (the restaurant needs half energy since they have to prepare 

half less food, etc.) This could be a quite strong assumption since there is inevitably fixed 

energy consumption. Then the load profile of scenario 2 is simply half the load profile of 

scenario 1. 

 

                                                 

1 In fact, the energy consumed by the hotel is read every hour on the electric meter. By assuming the power 
being constant over the hour, power and energy are assimilated. 
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Figure 10 : Load consumption for scenario 1 

In scenario 3 and 4, the swimming pool has been build which will change the power profile. 

The swimming pool has a base load of 5 kW (low speed pool pump) and reaches up to 20 kW 

when opens for customers (skimmer pump + jets return +suction pump +water feature 

+lights) from 10AM to 6PM.  This extra load has to be added to the load profiles in scenario 1 

and scenario 2 to create scenario 3 and 4 since the swimming pool draws as much energy if 

the lodge is full or not.  

 

Figure 11 : Total load for all scenarii 

Transition between high and low season is assumed to be linear and lasts for half of the length 

of the high season, before and after it, see Fig. 12. 
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The load scenario over 10 years is now built and presented in Figures 13 and 14. 

 

Figure 12 : Transitory days between high season and low season. Load power 

(W) 

 

Figure 13 : One year load power. High season in red area. 
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Figure 14 : 10 years load overview 
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III) Technological configuration 

This chapter dedicates at answering the following questions: 

• What type of hybrid system is needed? 

• Which technologies? 

Type of hybrid system 

Renewable generator Conventional generator Storage 

Wind Yes High Power/Low Capacity 

Solar No High Capacity/Low Power 

Wind+Solar  High Power/ High Capacity 

None  None 

Table 3 : Possible RHPS configuration options 

The components have specific purposes within a power plant. Evaluating what they can 

achieve against what is desired is a first step for selecting the configuration. 

 

Device Functions 

Renewable generator Fuel saving, main energy source 

Conventional generator Base , Back-up (secondary control), Load 

following 

Storage Peak shaving, load shifting, primary control, 

Maximum Efficiency Tracking 

Table 4 : Components' functions 

 

Choosing the type of hybrid power plant is mostly an economic concern but is also ruled by 

constraints imposed by the system’s environment like area restriction for solar 

implementation, noise concerns, site accessibility, etc.  
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No general solution can be provided here since the configuration is very project specific and 

this should result from intensive team work between project developers, engineers and 

customers to see what is feasible and desirable 

For off-grid solar application, diesel generators is necessary at least to serve as a back-up 

especially during the night once the batteries are droop are unavailable. High power storage 

systems are also crucial to act like primary control source because generators and PV 

inverters have characteristic times above one second (Tudorache, 2010).  

Other devices 

Other devices are crucial for a hybrid system as transformers, inverters, cooling system for the 

battery container, circuit breakers. However, designing these elements is a direct consequence 

of the design of the other ones. Tables, provided by manufacturers and security norms fix the 

design of these elements. Transformers and inverters are just modelled as a gain representing 

their efficiency and will not be discussed furthermore in this study. The HVAC system to 

keep the battery at operating temperature ( usually between 20 and 30 °C) is an important 

energy consumer within the system and cannot be ignored and its design result from a 

thermodynamic study (Kim 2006). Nevertheless, the HVAC system is usually sold in a batch 

with the battery system and as for the inverters and transformers, the cooling system’s sizing 

result from the sizing of the batteries. 

Technologies 

For every hybrid power plant components, one has to choose between numerous technologies. 

Solar generators: Photovoltaic arrays (PV), Concentrated Solar Power (CSP), and parabolic 

trough 

Conventional generators: Diesel Generator set, Gas turbines, Biofuel generators … 

Storage: Chemical batteries, Electronic Capacitors, Mechanic Flywheel, H2… 

PV arrays, Diesel Generator set and Li-ion batteries are today commonly accepted as the best 

technological choice for hybrid power plants (Haizea, 2007). These elements only will be 

modelled in this study. 
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Case study 

As mentioned above, a solar/diesel/Li-ion RHPS is considered in this paper. The aim of this 

hybrid system is to reduce the diesel generator’s usage at its maximum because the noise is a 

huge concern for the clients of the hotel. In order to reduce logistics’ costs, the equipment’s 

are bought to a local supplier which advised the technologies below: 

• PV panels: Jinko 260 PP 60. 

 

Table 5 : PV panel’s characteristics 

• Li-ion batteries from a generic manufacturer (herein called LIBAT)  

• CGM 180P diesel generator of 150kW nominal capacity. 

The solar panels are intended to be installed either in the laundry and/or on the staff quarter’s 

buildings.   

 

Figure 15 : Staff quarter and laundry roofs' plan 
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IV) Pre-Sizing of the components 

This section aims at sizing the elements of the power plant. How many solar modules, how 

many generators with which nominal power and how many kWh of batteries are needed?  

As stated in chapter III, this may greatly depend on external constraints like financial 

limitations, available area…  

These are very complex problematic depending on several parameters and here some basic 

rule of thumbs will be provided as well as an algorithm to reach a local economic optimum 

but these studies are highly dependent on the quality of the model created and therefore, 

further studies should be carried out for that field . For specific projects, one should look on 

the literature for sizing solutions which can apply to its project (Sanchez-Marrè, 2008) 

Diesel generator sizing 

In a basic configuration, the diesel generator is used as a backup system which means that it 

would ideally not be used but if there is a default in the system.  

The backup system has to be sized to meet the peak load to ensure it would be able to balance 

the system if all other components are droop. Depending on the load profile, several 

generators could be used to optimize the fuel consumption by ensuring that the generator’s 

load to be as close as possible to its nominal power (Lautier, 2007) (Ferry, 2009) but this 

paper will consider only one generator to keep the model simple. 

Pgennominal = Ploadmax 

PV sizing and battery sizing 

In a general case in off-grid systems, using high capacity batteries makes sense if the price of 

storing the renewable energy in batteries is lower than the cost of running the generator.  

The situation can be quite different for on-grid applications where the hybrid system can be 

subject to grid constraints (profile smoothing, grid services, secondary control, etc.) and 

where the electricity market is liberal with prices fluctuating (it might be economically 

justifiable to store enough energy to meet only the consumption peak at the end of the day). 
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But, in off-grid application, PV has to be sized to produce as much energy as the load is 

consuming to avoid using the diesel generator  

𝐸𝑃𝑃 = 𝐸𝑙𝑙𝑟𝑙 

Theoretically, this equation need to be true only on the whole life of the RHPS since the 

excess of energy over one day/year could be used for another day/year afterwards by storing it 

in batteries. However, in this case, batteries would need to have incredibly huge capacity to be 

able to store up to several months. For example, the batteries may need to be sized to store all 

excess energy produced during summer to release it afterwards during summer.  

The PV sizing will be rather done on a specific day where the load is at its maximum for an 

averaged insolation days (which means that 50% of the time, the irradiation will be higher 

than the maximum load and another 50 % of the time, the irradiation will be lower than the 

maximum load). The solar irradiation scenario built in chapter I  is converted through PVsyst, 

using the technological choices determined in the previous chapter, into PV power (PPV) per 

square meter (this obviously depends on the geometrical installation of the panels, 

technologies, albedo factors, shadowing, etc.). Every day, ideally, the batteries should have 

enough stored energy to meet the load during night time when solar power is not available 

which means that its deliverable capacity should be at least equal to the maximum energy 

amount consumed when the sun is down.  

𝐸𝑃𝑟𝑟 ≥ 𝐸𝑙𝑙𝑟𝑙𝑛𝑛𝑛ℎ𝑏  

Dump load sizing 

A dump load has to be designed if there is a risk of excess energy in the system. Usually, this 

is used when considering no-storage hybrid system to dissipate the excess of energy produce 

by the solar PV (Ibrahim, 2011) since PV inverters have a poor response time before 

curtailing it. With a battery configuration, dump load could be avoid if the battery or other 

storage mean as accumulators could be used  to momently store this overload. The dump load 

is another back up device but whereas, the diesel generator fills a lack of energy, the dump 

load is dissipating an excess of it. It should be able to absorb the maximum power deliverable 

by the PV system. 

𝑃𝑙𝑐𝑑𝐶𝑛𝑙𝑑𝑛𝑛𝑟𝑙 = 𝑃𝑠𝑙𝑙𝑑𝑟𝑚 
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Comments 

The devices’ sizing has to take in account future likeliness of extension and consumption’s 

increase. It is often more cost-effective to over-size the elements a little bit and lose some 

energy because of non-optimal efficiency operating point rather than having to change the 

devices as soon as the load consumption increased by a little.  

These sizing results from rule of thumbs but does not ensure economical optimum. This has to 

be thought as an initial design for the simulation which will be described thereafter. Running 

several simulations by shifting sizing parameters one after one in all directions using a 

dichotomy method is a powerful algorithm to reach a local economic optimum and get the 

final sizing. 

Case study 

The sizing of the power plant elements for this case study highlight that the sizing question is 

very project specific and there is no general rules which could apply for every project. 

In chapter II, a 10-year load consumption’s profile has been built with a one hour granularity. 

However, the real time power profile is somewhat more erratic, since the one hour granularity 

profile smoothen the power curve. High loads which happen for short times are not seen on 

that plot, but yet they have to be considered in a power analysis for sizing the elements. An 

inventory of the hotel’s components yielded to the conclusion that the maximum power 

required by the hotel at any moment of the day was 125 kW (100kW before the installation of 

the swimming pool). 

The design of the hybrid power plant devices must consider the load’s increase in 2020.  

The hotel already owns a 150 kW diesel generator. This generator set will be kept and used as 

the backup system to the extent that is nominal capacity is higher than the load.  

Since the power consumption will increase highly in 2020, two options are possible. Either 

sizing directly the system to meet the load in the 2020 situation or sizing the system a first 

time for the 2015 power profile and then later on add some power production capacity in 

2020. A table summing up the advantages and drawbacks of the two options is presented 

below (Table 6): 
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 Advantages Drawbacks 

Option1: Sizing for the 2020 

configuration directly 

• Scale economy  

• Use the extra 

available power for 

the construction work 

of the swimming 

pool. 

• Harder to finance 

• Useless calendar 

degradation of extra 

materials during the 

first 5 years. 

Option 2: Sizing for the 2015 

configuration first and later 

on for the 2020 configuration 

• Costs of PVs and 

batteries may drop 

within the 5 years. 

• Give some time to test 

the system. 

• Needs two different 

systems. PV panels or 

batteries of different 

technology or aging 

should not be 

connected together. 

Table 6 : Sizing options. Anticipating future alterations 

 

The hotel company decided to go with the first option. 

The PV system will be sized for the most load-demanding day (high season, after 2020) 

Ideally, the PV system should produce as much energy as the load is consuming, i.e. 1198 

kWh for this specific day. 

The PV panels would be installed on the roofing area of the staff quarter and the laundry to 

prevent it from being visible from the tourists. A maximum of 3600 PV modules Jinko 

JKM270PP60 (2000 on staff quarter and 1600 on the laundry) can be installed on both sides 

of the roofs with geometrical configuration as explained in Figure 15 for a total roof area of 

5894 m2. A simulation with PVsyst with the technologies described in chapter III has been 

performed to calculate the averaged PV power profile over one day per square meter. 
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Figure 16 : Energy consumed by the load during a high-season day in 2024 

 

Figure 17 : Maximum and Average available PV power 

The averaged power curve differs from the maximum power curve due to variation in the 

solar irradiation along the year but also due to cloudiness compared to a clear sky day 

scenario. 
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This averaged power will be used for sizing the PV system. The plot displays a 625Wh per 

square meter energy for the entire day which means that the total area that the PV arrays 

should cover is: 

𝐴 =
1198 ∗ 103

625
= 1917 𝑚2 𝜉𝜉 1171 𝑚𝜉𝑚𝑚𝑚𝜉𝑚 

A security factor of 1.1 is applied which leads to about 1300 PV array, which allows us to 

have only one system on the laundry’s roof.  

The battery bank is sized to be able to restitute enough energy to meet the load during the 

night in the worst day (high season after 2020).  

  

 

Figure 18 :  Energy consumption during the night of a high-season day in 2024 

 

In Figure 18, the energy consumption during the night equals to about 600 kWh. 

The battery bank will be operated between SoC=10% and SoC=90%, and it is assumed that 

the battery capacity fades of 15% ( see results about battery aging in chapter VIII )  in 10 

years, and this means that the battery capacity should be at least equal to 600
0.8∗0.85

= 882 𝑘𝑘ℎ.. 
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A 275 kW inverter is used upstream to make sure that the battery could absorb the maximum 

PV power (Figure 19). 

The dump load is sized to be able to absorb the maximum power delivered by the PV arrays, 

i.e. 275 kW. The energy dissipated in the dump load will be used for water heating. 

 

 

Figure 19 :  Dump load sizing. Finding the PV power peak 

 

Once again, this section deals with a pre-sizing problematic and final sizing will result from 

an optimization with the simulation tool described in chapter XII. 

Table 7 sums up the sizing for all components: 

  

2.75 
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Load Max : 125 kW 

Min : 13,2 kW 

Averaged : 26 kW (2015) 

                    38 kW (2020) 

PV arrays 1300 modules 

Installed power : 351 kW 

Maximum power : 276 kW 

Averaged power : 177 kW 

Batteries 882 kWh 

275 kW 

Dump Load 275 kW 

Diesel generator 150 kW 

 

Table 7 : Components' sizing summary 
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V) Energy dispatching strategy 

A dispatching strategy aims at: 

• Favoring renewable resources usage, i.e. exploiting the solar energy potential to its 

maximum 

• Minimizing energy’s spillage. 

• Minimizing operational cost. 

• Minimizing environmental impacts. 

• Operating the components on their safety range 

• Equilibrate the load as long as possible without interruption and back up request. 

(Sanchez-Marrè, 2008) 

The dispatching strategy is managed by the Real Time controller (RTC) which is the brain of 

the system and determines on which component to dispatch the energy in real time. It is main 

function is to ensure the system behaves in its optimal configuration at a given time. This 

optimal configuration is a dynamic state which depends on the state of the system at time t but 

could also be impacted by the prediction of the system’s state in future times. Depending on 

costs indicators which have to be determined, one strategy among a set of possible strategies 

will apply. Numerous strategies are available on the literature and differ from the level of 

details that is considered ranging from simple strategies (and so simple models) to very 

complex strategies considering, devices’ aging, complex efficiency’s curves and transitory 

phases (HYBRID 2) 

In a time series model as the one built in this paper, the difficulty is that real continuous 

phenomenon are modeled by a series of discontinuous states and then the dispatching strategy 

applied a time t will be effective during all the time between time t and time t+timestep , 

which means that the dynamic characteristic of the strategy is diluted . For example if the 

condition SoC <SoCmin is applied in the strategy, the model may realize that the condition is 

true with a delay up to timestep seconds instead of almost instantly after. The system will then 
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be found in situations where it would not have been in a real-time model or a time series 

model with a lower time step. 

The dispatching strategy is split into two parts: 

• Dynamic definition of the component’s operating range. 

• Dynamic priority order of the components ‘usage. 

The first bullet point is the result of strategic decisions while the second is governed by 

operating costs comparison between all the elements. The definition of the operating range 

will be described in the chapters relative to the component’s modelling. 

Barleys describes two classes of dispatching strategy (Barleys, 1996): 

• Discharging strategies. 

• Charging strategies 

Discharging strategy 

Depending on the wear cost price of the batteries, it may be more cost effective to run the 

diesel generator if the consumption load is close enough to its nominal power than actually 

using the energy from the battery. This is called the Frugal Discharge Strategy and while it 

made sense in 1996 for economic reasons, this no longer does since battery prices dropped 

significantly since then. Nowadays, it is always better, both for economic and environmental 

reasons, to use batteries than running the diesel generator when the state of charge of the 

battery is within acceptable range. 

The best current discharging strategy corresponds to prioritize the batteries over the generator 

when the power supplied by the PV arrays is not superior to the load, i.e. when the net load 

Pnet is positive. 

𝑃𝑛𝑟𝑟 = 𝑃𝑙𝑙𝑟𝑙 − 𝑃𝑠𝑙𝑙 

Charging strategy 

The strategies apply when the batteries are droop and the diesel generator has to be switched 

on. Two strategies are recommended (Barleys, 1996): 
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• Load following strategy: the diesel follows the load during all the time that it is 

switched on.  

• Full power/Minimum Run Time (FPMRT) strategy: the diesel is run at full power 

during a minimum time to ensure optimal fuel efficiency. It keeps being run at full 

power after the minimum time if the PV and batteries alone cannot balance the load. 

Barleys provide a design chart depending on system parameters (fuel cost, battery 

replacement cost, storage efficiency and diesel fuel curve…) to help choosing the best 

strategy. 

Likewise the discharging strategy, a shrink in battery costs in the last 20 years ensure that the 

FPMRT strategy will be optimal in most of the cases (except eventually if the load is virtually 

constant to a value close to the diesel generator nominal power). A limit value of Pnet called 

Plim determines when to switch on from the load following strategy to the FPMRT strategy. 

Barleys showed that simple strategy based on these charging and discharging strategies are 

almost as cost effective as predictive strategy.  

Assessment 

Choosing the right strategy at the right time is crucial for a cost effective usage of the hybrid 

power plant. Depending on the technology used and the load profile, a minimum net load Plim 

(Pnet = Pload-Psol) can be set and determines which strategy to use if the generator is needed. 

  

𝑃𝑛𝑟𝑟 < 𝑃𝑙𝑛𝑑 Load following strategy 

𝑃𝑛𝑟𝑟 ≥ 𝑃𝑙𝑛𝑑 FPMRT strategy 

Table 8 : Charging strategy criteria 

 

In regular situation where the load can be met only by solar/batteries and dump load, the 

following priority’s rules apply: 

  



 45 

𝑃𝑃𝑃 > 𝑃𝑙𝑙𝑟𝑙 

1. PV 

2. Batteries 

3. Curtailment 

4. Dump 

𝑃𝑃𝑃 ≤ 𝑃𝑙𝑙𝑟𝑙 

1. PV 

2. Batteries 

3. Generator 

4. Dump 

𝑃𝑃𝑃 ≤ 𝑃𝑙𝑙𝑟𝑙 

& 

Generator ON with 𝑃𝑔𝑟𝑛 ≥ 𝑃𝑙𝑙𝑟𝑙 

1. PV 

2. Generator 

3. Batteries 

4. Curtailment 

5. Dump 

Table 9: Energy dispatchinEquipmentg strategies. Components priority 
 

 

Figure 20 : Dispatching strategy flowchart 
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So here is the mathematical translation of all these constraints:  

∀𝜉 , 𝑃𝑙𝑙𝑟𝑙 + 𝑃𝑙𝑐𝑑𝐶 + 𝑃𝑙𝑛𝑑𝑑 = 𝑃𝐸𝑙𝑙 + 𝑃𝑃𝑟𝑟 + 𝑃𝑔𝑟𝑛 

𝑤𝑤𝜉ℎ �
𝑃𝑆𝑆𝑆∈[0;𝑃𝑃𝑃]

𝑃𝑏𝑏𝑏∈[𝑃𝑏𝑏𝑏_𝑚𝑏𝑚; 𝑃𝑏𝑏𝑏_𝑚𝑛𝑛]
𝑃𝑛𝑔𝑛∈[𝑃𝑛𝑔𝑛_𝑚𝑛𝑛;𝑃𝑛𝑔𝑛_𝑚𝑏𝑚]
𝑃𝑑𝑐𝑚𝑑∈[0;𝑃𝑑𝑐𝑚𝑑_𝑚𝑏𝑚]

� 

See Figure 1 for visualizing the schematic hybrid power plant. 

Pdiff is just a mathematical term to ensure that the equality can be true at all time, since it is 

unbounded. It represents by how much power the system has not been able to equilibrate the 

demand of power.   

Psol is the power at the outside of the solar system and is equal to the power at the outside of 

the PV arrays (PPV) minus the power which is curtailed by the inverter. This is done every 

time the power provided by the arrays is higher than the demand with the battery bank 

incapable of absorbing it (SOC > SoC_max). PPV is an input of the system and cannot be 

controlled whereas the curtailed solar power is controllable via the PV inverter. (Note: this 

cannot always be performed and most of the PV inverters apply a command of curtailment 

with a 1 minute delay.) 

Pbat is the power transiting in the batteries. It is counted positive for a discharge and negative 

for a charge. 

Pgen is the power supplied by the diesel generator and is necessarily positive. 

Pload represents the load consumption power. It is an input of the system and cannot be 

controlled in the dispatching strategy.  

Pdump is the power dissipated in the dump load. 

The operating range for the batteries and the generator are set dynamically at every step for 

the next one and depends on the state of the system at this time.  

Case Study 

The priority rules explained above will be used with the following parameters: 

• Minimum generator run time (for FPMRT strategy): 2 hours. 

• Plim equals to two third of the nominal power of the generator.  Plim = 100 kW 
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VI) Power plant modelling 

The power plant system is divided into multiple subsystems, each of them corresponding to 

one of its components: the solar subsystem, the generator set subsystem, the batteries 

subsystem, the dump load and  the real time system. 

Except for the solar subsystem, all the other models are designed with Simulink and Matlab in 

order to keep the structure of the power plant in mind and also to make the understanding of 

how the model is working easier. Blocks corresponding to each subsystem are then created 

and finally these blocks are connected all together to get a global picture of the power plant.  

It is a time series, dynamic model, meaning that each step depends on the previous state. In 

such dynamical system, it is easy to understand that a deviation which occurs at a given step 

will be repeated and memorized for all steps to come. Since the model is based on time series, 

it is important that all its subsystem is designed with the same time interval.  

The Shannon sampling theorem (Jerri, 1977) explains that when proceeding in this way, all 

the information contained in the signal whose frequency are inferior to the interval’s 

frequency ( 1
𝑟𝑛𝑑𝑟𝑠𝑟𝑟𝐶

) are lost and then the model does not consider all phenomenon which 

occurs with shorter time span. It is then important to run the model with a time step as short as 

possible without affecting to much the computation time. The chosen time step should be, at 

maxima, equal to the minimum sampling rate between the solar resource scenario and the 

load’s consumption scenario. Let is notice as well that some signals, as the power output 

given by PVsyst will have to be interpolated, in order to correspond to the desired 

simulation’s time step.  
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VII) Solar subsystem 

Different models of solar energy system have been identified (Photovoltaic software). Among 

them, the freeware PVsyst is a reference in the solar industry and is broadly used by 

researchers, companies and scholars. The solar sector benefits nowadays from a deep 

theoretical understanding and solar systems behave in a linear fashion, making their 

modelling quite reliable. Taking advantage of this state-of-the art software, it has been 

decided to use PVsyst has the model of the solar system.  

This model allows to convert a solar resource (solar global horizontal irradiance on a specific 

area) into electrical power at the output of the solar arrays.  

The output provided by PVsyst is a time series array representing an electrical power at a time 

step of 1 hour. 

The accuracy and precision of the output provided by this model depends mostly on the 

quality of its input since very few deviations are introduced by the model itself. PVsyst is a 

highly customizable model and then, it is important to have extensive data about the system in 

order to set all the parameters right (from the selected technology, to the site location and 

geometry to the solar farm layout). This means that one has to have a clear idea of what he 

wants to achieve and it assumes also that some design and sizing calculations have been 

performed a priori.  

As discussed in chapter I, the quality of the prediction of the solar resource will be prominent 

in predicting precisely and accurately the power output of this solar system and thus, much 

effort should be directed toward its estimation.   
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VIII) Storage subsystem 

The storage subsystem has been divided into different blocks, each block representing either a 

specific element or the calculation of a variable. This block structures gives a clearer idea of 

what calculation is performed and how the variables are connected all together.  

The thermal transfer block has been modeled by a former intern (Belkacem, 2014) and will 

not be discussed in this paper. It models the thermal exchange inside a container between the 

battery, the container itself and the outdoor temperature. More detailed thermal models have 

been designed especially for batteries and could be invested in the future for more reliable 

results (Samba, 2014), (Kim, 2006). 

The BMS (Battery management system), and inverter blocks are just simple control to ensure 

that the power applied to the battery is within acceptable physical boundaries ( defined by the 

Maximum power of discharge (MPD) and Maximum Power of Charge (MPC), directly 

related to the maximum charging and discharging current, as provided by battery 

manufacturers.   

A particular attention will be put on the efficiency block and the aging block which are 

physical characteristics, which are hard to assess and depends on various parameters. Other 

variables are ruled by quite simple equations as described in this chapter.  

In this paper, Li-ion battery is studied has the storage technology.  

The table below describes the model in term of input/output. The outputs represent physical 

characteristics of the batteries which are needed for the intelligence of the power plant or used 

as indicators to supervise it. Other physical values as voltage or intensity are not modeled to 

the extent that the overall model has no use of them. Intermediate physical or virtual 

quantities are calculated in order to get the final desired outputs. The model takes in input all 

values required for the calculations. 

Pbat represents the power at the outside of the storage block and is directed from the battery to 

the DS (Delivery Station) which means it is positive when there is a discharge and negative 

when charging . 
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Figure 21 : Storage subsystem Simulink block 

 

The Simulink model is a time series model of a continuous problem. At each step, the system 

acquires the value of the inputs for this moment and will calculate all the system’s values.  

For every interval, variables are supposed constant and then following step functions, making 

it possible to calculate their primitive functions and get corresponding energies for the next 

step (Figure 22). 
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Variable name Description Coming From / Going To 

P_bat_th Battery power calculated by 

the RTC which is supposed 

to be delivered or absorbed 

Real Time Controller 

T_ext Exterior temperature System Input 

SoC State of Charge Generator Controller/Battery 

Controller 

Pertes_Rendement Power and energy losses Supervision 

SoH State of Health Supervision 

Bilan thermique Battery and container 

temperatures 

Supervision 

Aux Power consumed by the 

HVAC 

Supervision 

P_bat Battery power actually 

delivered 

Power Plant Efficiency 

C_rate C_rate Supervision 

Pmax_bat Maximum power acceptable 

by the battery for the next 

step 

Real Time Controller 

Pmin_bat Minimum power acceptable 

by the battery for the next 

step 

Real Time Controller 

Table 10 : Storage block inputs/outputs 
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Figure 22 : Getting energy from time series power 

For example, at time t, the power battery power will be known as the output of the strategy 

dispatching block. Integrating this power, and applying efficiencies and losses, will provide 

the extra energy stored or released (can be seen as a variation of energy ∆𝐸 ) by the battery 

during time t and time t+1 ( 1 corresponding to the duration of the timestep) By adding this 

energy to the energy at time t, the energy in the battery at time t+1 is then obtained. It is 

crucial to know clearly in the model, if a value is therefore calculated for the time t, or for the 

time t+1, otherwise, it will create algebraic loop, unresolvable by the model, since many of 

the output of a block can be the input of another block which will contribute at calculating the 

outputs of the first block. 

Finally, results shall not depend on the discretization step (timestep) which means that the 

parameters used for the model as to be expressed per second, and this value will be multiplied 

in the model by the duration of the interval. However, since an important share of the 

quantities are obtained with an Euler approximation (basically, all values obtained by 

integrating another value), the shorter is the time interval, the more accurate the results will 

be. Hence is there a trade-off between results accuracy and computational time.  

Batteries are probably the toughest element to model within the hybrid power plant and 

several battery manufacturers developed their own model for their batteries. They are 
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typically creating a hybrid model between a physical one and an empirical one based on 

experience and measures over years on their batteries. This approach cannot be performed 

among Akuo Energy since empirical data to develop such a model are missing and for the 

simulation tool, low computational times are required. Hence is there the necessity to develop 

a numerical model.  

Akuo Energy got a model from a battery manufacturer that we will call LIBAT for 

confidential reasons. Since it is a physical model, it requires a huge computational time and 

cannot be used for the purpose of a 10 year simulation. The inherent code is protected and 

then it behaves as a black box. There are a wide range of algorithms to create a surrogate 

model (Sjöberg, 1995 ) (Cassioli, 2013) and reproduce its behavior if not its structure. 

However, the idea is also to design a generic model which can be adapted to different battery 

technology. So, the structure of the numerical model to be created should be understandable 

and customizable which is obviously not possible with surrogate models. 

By analyzing the output of the manufacturer’s model with different, carefully chosen inputs, it 

has been tried to understand the behavior of the main parameters of the battery, its efficiency 

and its aging.  

𝜉𝑟𝑟𝑟𝑟 =
𝑃𝑃𝑟𝑟

𝜉𝜉𝐶𝜉𝑃𝑟𝑟(𝜉 = 0)
 

𝜂 = 𝑓(𝜉𝑟𝑟𝑟𝑟 ,𝑇𝑐𝑟𝑙𝑙, 𝑆𝜉𝑆) 

𝑆𝜉𝜉 =
𝐸𝑃𝑟𝑟

𝜉𝜉𝐶𝜉𝑃𝑟𝑟
=

∫𝑃𝑃𝑟𝑟 ∗ 𝜂 
𝜉𝜉𝐶𝜉𝑃𝑟𝑟(𝜉 = 𝑂) ∗ 𝑆𝜉𝑆

 

𝑆𝜉𝑆 = 𝑔(𝑆𝜉𝜉,𝑇𝑐𝑟𝑙𝑙, 𝑆𝜉𝑆,𝜉𝑟𝑟𝑟𝑟 ,𝜉𝜉𝜉) 

𝑇𝑐𝑟𝑙𝑙 = ℎ(𝜉𝑟𝑟𝑟𝑟,𝑇𝑟𝑚𝑟,𝑆𝜉𝑆 ) 

So far, the model has been built according to the mathematical definition of the variables. 

From the previous equations, it pops up that to evaluate all variables, one needs to be able to 

characterize function f, g and h. As explained previously, the h function is the result of 

thermodynamic equations describing the heat exchange during the simulation. f and g 

function are harder to evaluate since the physics behind is poorly understood and is subject to 

lot of research. That is why, LIBAT’s physical model is used to characterize these functions. 

All numerical results presented thereafter have been modified or deleted to preserve 

confidentiality (identified in tables as CONF). 
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Efficiency calculation 

The efficiency is not an output of the LIBAT’s model and then, it has to be extracted through 

other variables.  

Methodology: A constant charge Pbat = C is applied to the battery during time t1 and then an 

opposite discharge during the same time to be able to measure a cycle efficiency.  

Pbat represents the power at the inverter. It is a physical output while considering a discharge, 

but it is a physical input while considering a charge. However, while considering the numeric 

representation of the battery, Pbat is always an input of the Simulink model and has to be seen 

as either the power injected to the battery or the desired power that should be delivered by it. 

So, in term of efficiency, the value will be different whenever a charge is considered or a 

discharge. Actually, during the charging state, the energy stored by the battery is lower than 

the energy initially injected to it . 𝐸𝑃𝑟𝑟𝑠𝑏𝑆𝑐𝑔𝑑 =  𝜂 ∗ 𝐸𝑃𝑟𝑟𝑛𝑛𝑖𝑔𝑐𝑏𝑔𝑑  (Ebatinjected is the physical 

input) 

But during the discharge period, the energy stored has to be higher than the energy once wants 

it to deliver . 𝐸𝑃𝑟𝑟𝑑𝑔𝑆𝑛𝑑𝑔𝑐𝑔𝑑 =  𝜂 ∗ 𝐸𝑃𝑟𝑟𝑠𝑏𝑆𝑐𝑔𝑑(Ebatstored is now the physical input ) or 𝐸𝑃𝑟𝑟𝑠𝑏𝑆𝑐𝑔𝑑 =
1
𝜂
∗ 𝐸𝑃𝑟𝑟𝑑𝑔𝑆𝑛𝑑𝑔𝑐𝑔𝑑  .  Of course, it is assumed here that the physical efficiency behaves in the 

same manner for the charge and the discharge 

On the LIBAT model the SoC value is not constant because the model calculates it differently 

if the battery is used or idle. It is then important to wait the system to stabilize in order to 

measure the new value of SoC. 
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Figure 23 :  Measuring battery efficiency through variation of SoC  

 

𝑆𝜉𝜉𝑟𝑟𝑟𝑙(2𝜉1) = 𝑆𝜉𝜉(0) +
𝜉 ∗ 𝜉1 ∗ 𝜂

𝜉𝜉𝐶𝜉𝑃𝑟𝑟(𝜉 = 0) ∗ 𝑆𝜉𝑆
+

−𝜉 ∗ 𝜉1 ∗
1
𝜂

𝜉𝜉𝐶𝜉𝑃𝑟𝑟(𝜉 = 0) ∗ 𝑆𝜉𝑆
  

 

So if it is assumed that SoH is constant over [0 ; 2*t1] 

Δ𝑆𝜉𝜉 = 𝜉 ∗
𝜉1

𝜉𝜉𝐶𝜉𝑃𝑟𝑟(𝜉 = 0) ∗ 𝑆𝜉𝑆
∗ �𝜂 −

1
𝜂
� 

𝜂 −
1
𝜂

=  Δ𝑆𝜉𝜉 ∗  𝜉𝜉𝐶𝜉𝑃𝑟𝑟 (𝜉 = 0) ∗
𝑆𝜉𝑆
𝜉 ∗ 𝜉1

= 𝐴 

 

Here is a quadratic equation whose roots can explicitly be calculated if the variation of SoC 

on the LIBAT model is measured. By measuring the variation of SoC on the LIBAT model, 

the value of the efficiency can be reached. 

By running different simulations, it corroborates what is also stipulated in other researches 

(Valøen, 2007) (Zavalis, 2013) that:   
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• It depends on the temperature of the cells (Tcell), the charge/discharge rate (C_rate) and 

the aging (SoH) of the battery. 

• It does not significantly enough depends on the DoD of the cycle 

• These factors influence the efficiency in a multiplicative fashion. 

 

Figure 24 : Impact of C-rate on the battery efficiency 

 

 

Figure 25 : Impact of the battery’s temperature on its efficiency 
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Figure 26 : Impact of SoH on the battery efficiency (Tcell=30°, C_rate=0.3) 

 

This numeric approach induces biases since it evaluates the influence of non-physical variable 

but mathematical indicators which are consequences of underlying physical phenomenon 

(electro-chemical reactions mainly). In that way, Crate will impact Tcell which impacts SoH and 

then, the measure of the impact of SoH on the efficiency includes the impact of C_rate. 

Fortunately, the LIBAT model includes a model of a HVAC system regulating the 

temperature, and so it is possible to fix the temperature of the cell by controlling the HVAC 

even if the Crate is varying. And the SoH has a dynamic much slower than the C_rate, making 

the assumptions that it does not vary for short simulation times good enough. 

 

Evaluation of the efficiency as a function of Tcell, Crate and SoH. 

To simplify the model and prevents too long computational time, a nominal state is defined 

(C-rate = 0,3 ; Tcell = 30° ; SoC = 50% ; SoH = 1) and variations from this state are studied. 
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C-rate Tcell Delta_SoC P_bat t1 Efficiency γCrate 

0 30 CONF 0 7200 CONF 1,009 

0,05 30 CONF 50000 7200 CONF 1,009 

0,1 30 CONF 100000 7200 CONF 1,008 

0,15 30 CONF 150000 7200 CONF 1,006 

0,2 30 CONF 200000 7200 CONF 1,003 

0,25 30 CONF 250000 7200 CONF 1,001 

0,3 30 CONF 300000 7200 CONF 1 

0,35 30 CONF 350000 7200 CONF 0,998 

0,4 30 CONF 400000 7200 CONF 0,997 

0,45 30 CONF 450000 6000 CONF 0,995 

0,5 30 CONF 500000 6000 CONF 0,993 

Table 11 : Impact of C_rate on the efficiency and γcrate value 

 

C-rate Tcell Delta_SoC P_bat t1 efficiency γTcell 

0,3 0 CONF 300000 7200 CONF 0,989 

0,3 5 CONF 300000 7200 CONF 0,992 

0,3 10 CONF 300000 7200 CONF 0,994 

0,3 15 CONF 300000 7200 CONF 0,996 

0,3 20 CONF 300000 7200 CONF 0,998 

0,3 25 CONF 300000 7200 CONF 0,999 

0,3 30 CONF 300000 7200 CONF 1 

0,3 35 CONF 300000 7200 CONF 1,001 

0,3 40 CONF 300000 7200 CONF 1,002 

0,3 45 CONF 300000 7200 CONF 1,002 

Table 12 : Impact of the battery temperature on the efficiency and γTcell value 
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The efficiency on different point of the space (R3) is then evaluated, and it is tried to get as 

close as possible to this surface by associating the factors between each other’s 

(multiplication, addition…). Multiplication as shown in table 13 and figure 27 gives the best 

results. 

#Test Crate Tcell efficiency factor square root mean product 

1 0,1 10 CONF 1,004 1,001 0,999 1,003 

2 0,2 10 CONF 0,998 0,999 0,998 0,997 

3 0,4 10 CONF 0,989 0,995 0,996 0,991 

4 0,1 20 CONF 1,007 1,003 1,001 1,007 

5 0,2 20 CONF 1,000 1,001 1,001 1,001 

6 0,4 20 CONF 0,995 0,998 0,998 0,995 

7 0,1 40 CONF 1,007 1,005 1,003 1,010 

8 0,2 40 CONF 1,004 1,002 1,002 1,005 

9 0,4 40 CONF 1,000 0,999 1.000 0,998 

Table 13 : Battery efficiency measured vs calculated on several points. 

 

 

Figure 27 : The product of the mono-variable variation from the nominal state 

as the best efficiency's estimator 
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Calculation  

𝜂 =  𝜂𝑛𝑙𝑑𝑛𝑛𝑟𝑙 ∗  𝛾𝑇𝑐𝑟𝑙𝑙 ∗ 𝛾𝐶𝑟𝑟𝑟𝑟 ∗  𝛾𝐸𝑙𝑆 

𝐸𝑓𝑓𝑤𝐸𝑤𝜉𝐸𝐸𝐸 =  �
𝜂 𝑤𝑓 𝐸ℎ𝜉𝜉𝑔𝜉

1
𝜂

 𝑤𝑓 𝑚𝑤𝑚𝐸ℎ𝜉𝜉𝑔𝜉 

Validation:  

Since no access to real life data is possible to validate this battery model, the validation will 

be done by comparing over long simulations the SoC value with a fluctuating battery power 

Pbat  (not constant anymore )  between the behavioral model and the LIBAT’s model. 

It appeared to be pretty hard to carry out such a validation because, as it has been seen 

previously, the temperature is a major factor influencing the efficiency and in the case of the 

LIBAT’s model, it is impossible to fix the temperature of the battery cells as constant, to the 

extent that it is not an input of the black box. And even with identical air temperature, it 

would be hard to know if the differences in SoC are due to a different thermal model or a poor 

efficiency model. In addition, the way that the LIBAT model is calculating the SoC changes 

over time and bumps in the value can be noticed, leading to inexact SoC especially for high 

values 

Conditions of validation:  

• Tcell = constant 

• Pbat = Real life Battery power 

• Time = 10 days 

• Comparing SoC in low ranges.  

After 10 days, with the same battery power profile, the difference of SoC between both 

models is 0.001 which corresponds to only 1MWh * 0.001 = 1kWh (Figure 28). 
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Figure 28 : Validation of the battery efficiency model with an initial SoC of 0.2 

Aging calculation 

Battery aging corresponds to how « old » the battery is and depends on its history and how it 

has been used over the past. The “death” of the battery is declared when the SoH, representing 

this aging reaches a certain value (commonly 0.7, meaning that its actual capacity is only 70% 

of its initial capacity). Physically, the aging of the battery can be explained by the creation of 

a solid electrolyte interface, especially at the early age of the battery and electrolyte 

decomposition reactions which are degrading the electrolyte. (Klett, 2014) (Zavalis, 2013). 

Likewise the efficiency, physical understanding of the aging is still under research and then, it 

has been decided to use LIBAT model to build a numeric model of the battery aging, since it 

is an output of the black box. To understand how it behaves, LIBAT model has been fed by 

particular power profiles, and the SoH has been plotted. 

 

SoC 

SoC 
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It has been noticed that:  

• It depends on SoH, C_rate, Tcell, SoC, DoD 

• There is a memory of previous charges. 

• Discreet model since there is bump of SOH for particular value of DoD: 

0.05 0.1 0.15 0.2 0.25 0.3 0.35 0.4 0.45 0.5 0.6 0.8 0.95 

Table 14 : DoD breakpoints for which the cycle aging is reevaluated 

 

• The SoH bumps depends on C_rate and DoD only and happens every time there is an 

increase of SoC over a certain value (see table 14 ) 

• No bumps during discharge phases, but only a regular SoH decrease. 

 

 

Figure 29 : Test for characterizing the SoH's behavior 

  

A B C 
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A 

 

Figure 30 : Discharge case 

B 

 

Figure 31 : Charge case 
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C 

 

Figure 32 : Memory effect 

 

Assumptions: 

There is two independent aging: Calendar aging and cycle aging.  

Calendar aging 

Variable dependence 
In order to evaluate the dependency of the calendar aging with the different inputs, the battery 

power has been fixed to zero in order to get rid of the cycle aging and all the variable except 

the one which is studied are fixed to their nominal values (as defined by the nominal state ). 

The calendar aging depends on the State of Charge (SoC) and the battery cell temperature 

(Tcell): 

 



 65 

   

Figure 33 : Test for measuring the calendar aging 

 

Calculation 
Same nominal state as before is used: ( T=30, SoC= 50, SoH=100, DoD=50, C_rate=0.3). The 

idea is to determine the curve corresponding to the variation from the nominal state by 

modifying only one variable.  

Then, the difficulty is to understand how the mono-variable change will participate to the 

global change in the calendar aging, i.e. which equation links them together. This is a tough 

work and it has been decided to think reversely. It was first noticed that a multiplication of the 

factors and the nominal aging were better than the sum of these influences. However, for high 

SOC and temperature values, a gap was created. The multiplication of the factors has then 

been conserved but the curves have been adjusted in order to approach as close as possible the 

experimental table evaluated in several points.  

 

 

 

 

 

Pbat = 0 

SoH 

Pbat 

SoH 
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T SoC SoH Time (s) SoH/sec δC_rate 

30 0 CONF 4,00E+03 CONF 9,00E-01 

30 10 CONF 4,00E+03 CONF 9,00E-01 

30 20 CONF 4,00E+03 CONF 9,00E-01 

30 30 CONF 4,00E+03 CONF 9,00E-01 

30 40 CONF 4,00E+03 CONF 9,00E-01 

30 50 CONF 4,00E+03 CONF 1 

30 60 CONF 4,00E+03 CONF 1,21 

30 70 CONF 4,00E+03 CONF 1,39 

30 80 CONF 4,00E+03 CONF 1,53 

30 90 CONF 4,00E+03 CONF 1,73 

30 100 CONF 4,00E+03 CONF 1,8 

T SoC SoH Temps SoH/sec δTcell 

0 50 CONF 4,00E+03 CONF 0,3 

5 50 CONF 4,00E+03 CONF 0,3 

10 50 CONF 4,00E+03 CONF 0,3 

15 50 CONF 4,00E+03 CONF 0,3 

20 50 CONF 4,00E+03 CONF 0,5 

25 50 CONF 4,00E+03 CONF 0,77 

30 50 CONF 4,00E+03 CONF 1 

35 50 CONF 4,00E+03 CONF 1,52 

40 50 CONF 4,00E+03 CONF 2,36 

45 50 CONF 4,00E+03 CONF 3,7 

Tables 15 & 16 : SoC and cell temperature impact on calendar aging 
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Figure 34 : Comparison of two estimators for the evaluation of the battery's 

calendar aging 

 

Once these new curves are set, the modularization of the model by using different batteries 

will be assume to conserve the curves and only the nominal state will be changed (provided 

by the battery manufacturer). 

  

Cycle aging 

Variable dependence  
After different simulations, it has been realized that the cycle aging (=total aging – calendar 

aging) were dependent only C-rate and DoD. However, the DoD is a value that can be 

calculated a posteriori, i.e. after the charge being completed and then in a continuous model, 

this cannot be performed except thanks to an actualization at the end of the charge of the SoH. 

The impact of the DoD on the aging is physically related to the chemicals reactions inside the 

cell whose kinetics depends on how deeply they are charged from the initial state (Figure 35). 
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Figure 35 : Relation between cell temperature (Tcell) and Depth of Discharge 

(DoD) (Valøen, 2007) 

The variable is then not really a DoD but a moving DoD defined as DoDg(t) = SoC(t)- SoCini  

Thus, the DoDg can be defined for any time t.  

Simulations have also shown the existence of a memory effect. If a charge occurs in the past, 

a second charge going higher than the first one will remember the effect of the first one 

(Figure 32). This phenomenon means that the value of SoCini is variable. So it should be 

guessed when the SoCini value is changing and into which one?  

To answer that question, different simulations with particular power profiles have been run to 

help formulate hypothesis that have been tested then on other profile to validate them or not. 

The conclusion is that the SoCini is the one of the present charge if the value of SoC is lower 

than the maximum value of the previous charge or if the present SoCini is smaller than the one 

of the previous charge. Else, it is equal to the value of the previous charge.  

Evaluating cycle aging  
To convert the “bumping” LIBAT model to a continuous one (an aging per seconds is desired 

so that it can easily be adapted to any simulation time step) and get the variation of SoH, the 

process is the following:  
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• For specific inputs, the SoH at every bump is measured, knowing that each bump 

corresponds to a certain value of DoD 

• A loss of global aging since its initial value is calculated. 

• Losses due to calendar aging are evaluated in every point and subtracted to the global 

SOH to get only the cycle aging 

• The relative loss of aging between two bumps is calculated and then divided by the 

time spent between two bumps to get a relative aging per second. 

• For each C_rate, the aging is divided by its nominal value to get 𝜉𝜉𝜉𝜉𝜉𝜉. It has been 

realized that it does not depend on DoD but is impacted only by the Crate.  

 

SoH    DoD 

            Crate 0,05 0,10 0,15 0,20 0,25 0,30 0,35 0,40 0,45 0,50 0,60 0,80 0,95 

0,00 0,89 0,88 0,86 0,85 0,83 0,80 0,77 0,73 0,70 0,64 0,54 0,43 0,40 

0,05 0,90 0,89 0,87 0,86 0,84 0,82 0,79 0,76 0,73 0,68 0,58 0,49 0,48 

0,10 0,90 0,89 0,88 0,87 0,85 0,83 0,80 0,77 0,74 0,69 0,60 0,52 0,50 

0,15 0,90 0,89 0,88 0,87 0,85 0,83 0,80 0,77 0,74 0,70 0,60 0,53 0,51 

0,20 0,90 0,89 0,88 0,87 0,85 0,83 0,81 0,77 0,75 0,70 0,61 0,53 0,52 

0,25 0,90 0,89 0,88 0,87 0,86 0,83 0,81 0,78 0,75 0,70 0,61 0,54 0,53 

0,30 0,90 0,89 0,88 0,87 0,85 0,83 0,80 0,76 0,73 0,68 0,58 0,50 0,49 

0,35 0,90 0,89 0,88 0,86 0,84 0,81 0,78 0,74 0,70 0,64 0,52 0,43 0,41 

0,40 0,90 0,89 0,88 0,86 0,84 0,81 0,77 0,73 0,68 0,62 0,49 0,38 0,36 

0,45 0,90 0,89 0,87 0,86 0,84 0,80 0,76 0,72 0,68 0,60 0,47 0,36 0,34 

0,50 0,89 0,88 0,86 0,85 0,83 0,80 0,77 0,73 0,70 0,64 0,54 0,43 0,40 

Table 16 : Measure of the SoH value for (C-rate, DoD) couples 
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𝜉𝐶𝑟𝑟𝑟𝑟    DoD 

           C_rate 0,05 0,1 0,15 0,2 0,25 0,3 0,35 0,4 0,45 0,5 0,6 0,8 

0 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00 

0,05 0,06 0,17 0,16 0,16 0,16 0,15 0,15 0,15 0,16 0,15 0,14 0,12 

0,1 0,23 0,32 0,31 0,30 0,31 0,30 0,30 0,30 0,32 0,30 0,29 0,28 

0,15 0,40 0,47 0,00 0,46 0,44 0,47 0,45 0,45 0,46 0,45 0,45 0,43 

0,2 0,56 0,63 0,59 0,59 0,61 0,60 0,59 0,61 0,61 0,59 0,60 0,58 

0,25 0,86 0,72 0,73 0,77 0,76 0,74 0,76 0,74 0,77 0,73 0,76 0,72 

0,3 0,90 0,90 0,90 0,90 0,90 0,90 0,90 0,90 0,90 0,90 0,90 0,90 

0,35 1,15 1,15 1,20 1,16 1,19 1,17 1,17 1,18 1,20 1,18 1,19 1,17 

0,4 1,74 1,52 1,61 1,60 1,60 1,61 1,58 1,58 1,66 1,57 1,63 1,58 

0,45 2,41 1,83 1,99 2,00 2,03 2,00 1,98 1,98 2,05 1,96 2,03 1,99 

0,5 2,75 2,27 2,22 2,30 2,40 2,32 2,28 2,30 2,38 2,27 2,37 2,31 

Table 17 : 𝜉𝐶𝑟𝑟𝑟𝑟 value for several (C-rate,DoD) couples. 

 

C_rate 0 0,05 0,10 0,15 0,20 0,25 0,30 0,35 0,40 0,45 0,50 

𝜉𝐶𝑟𝑟𝑟𝑟 0,00 0,14 0,30 0,41 0,60 0,76 0,90 1,18 1,61 2,02 2,35 

Table 18 : 𝜉𝐶𝑟𝑟𝑟𝑟 value as a function of C-rate only 

• For the nominal Crate, the ratio for each DODg by the DoDg nominal (0,5 ) has been 

calculated to obtain 𝜉𝐷𝑙𝐷 

DoD 0,05 0,10 0,15 0,20 0,25 0,30 0,35 0,40 0,45 0,50 0,60 0,80 0,95 

𝜉𝐷𝑙𝐷 0,03 0,13 0,16 0,22 0,30 0,44 0,54 0,63 0,58 1,00 0,91 0,37 0,02 

Table 19 : 𝜉𝐷𝑙𝐷 value as a function of DoD 

Calculation 

Calendar ∶  Δ𝑆𝜉𝑆𝑐𝑟𝑙 =  Δ𝑆𝜉𝑆𝑐𝑟𝑙𝑛𝑙𝑑𝑛𝑛𝑟𝑙 ∗  𝛿𝐸𝑙𝑆 ∗ 𝛿𝑇𝑐𝑟𝑙𝑙 ∗ 𝛿𝐸𝑙𝐶 

𝜉𝐸𝐸𝑚𝜉 ∶   Δ𝑆𝜉𝑆𝑐𝑐𝑐𝑙𝑟 =  ΔSoHcyclenominal ∗ ξDoD ∗ 𝜉𝐶𝑟𝑟𝑟𝑟 

𝑆𝜉𝑆(𝜉 + 𝜉𝑤𝑚𝜉𝑚𝜉𝜉𝐶) = 𝑆𝜉𝑆(𝜉) − �Δ𝑆𝜉𝑆𝑐𝑟𝑙 +  Δ𝑆𝜉𝑆𝑐𝑐𝑐𝑙𝑟� ∗ 𝜉𝑤𝑚𝜉𝑚𝜉𝜉𝐶 
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Validation 

The validation of the battery’s aging is carried out in the same condition as the efficiency. 

Over a 10 days simulation, the difference of SoH between the two models is 0.2 E-4 which 

means that by extrapolating, the aging error after 10 years of simulation between the two 

models would be less than 0.001 (Figure 36). 

 

Figure 36 : Validation of the battery aging behavioral model 

Battery usage strategy 

This last block is part of the dispatching strategy as seen in chapter V. It defines the boundary 

of the power acceptable by the battery. It combines the physical limit of the battery (MPC, 

MPD) and strategic limits on energy. 

As seen before, one can wish to limit the quantity of energy in the battery to fit between a 

minimum and a maximum value, i.e. 𝑆𝜉𝜉 ∈ [𝑆𝜉𝜉min;𝑆𝜉𝜉𝑑𝑟𝑚] . This limit can either be set 

SoH 

SoH 
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by manufacturers as part of the warrantee contract or by the operator to improve the battery 

lifetime or reserve some energy for backing up the system in case of a default.  

Then to prevent SoC of being higher than SoC_max and lower than SoC_min at time t+1 , 

one has to ensure at time t that: 

• 𝑃𝑚𝜉𝑥𝑃𝑟𝑟 < (𝑆𝜉𝜉 − 𝑆𝜉𝜉𝑑𝑛𝑛) ∗ 𝐶𝑟𝐶𝑟𝑏𝑏𝑏
𝑟𝑛𝑑𝑟𝑠𝑟𝑟𝐶

  

• 𝑃𝑚𝑤𝐸𝑃𝑟𝑟 > (𝑆𝜉𝜉 − 𝑆𝜉𝜉𝑑𝑟𝑚) ∗ 𝐶𝑟𝐶𝑟𝑏𝑏𝑏
𝑟𝑛𝑑𝑟𝑠𝑟𝑟𝐶

 

So when combining the physical limit of the battery (MPC, MPD) and strategic limits on 

energy: 

• 𝑃𝑚𝜉𝑥𝑃𝑟𝑟 = min (𝑀𝑃𝜉, (𝑆𝜉𝜉 − 𝑆𝜉𝜉𝑑𝑛𝑛) ∗ 𝐶𝑟𝐶𝑟𝑏𝑏𝑏
𝑟𝑛𝑑𝑟𝑠𝑟𝑟𝐶

) 

• 𝑃𝑚𝑤𝐸𝑃𝑟𝑟 = max (−𝑀𝑃𝜉, (𝑆𝜉𝜉 − 𝑆𝜉𝜉𝑑𝑟𝑚) ∗ 𝐶𝑟𝐶𝑟𝑏𝑏𝑏
𝑟𝑛𝑑𝑟𝑠𝑟𝑟𝐶

) 

Case Study 

The battery usage will be performed with a SoC which ranges between 0.1 and 0.9 to avoid 

high DoD and then prevent early battery aging. Also, this let an energy margin for transitory 

phases with potential power peaks. 

 

 

 

 

 
.  
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IX) Diesel Generator model 

The model of the generator set in this paper will be limited to one diesel generator. Even if 

many applications use several generators mounted in series in order to make them run as close 

as their rated capacity, these cases will be studied in another study. 

This subsystem consists in two blocks: the generator set block and the generator usage 

strategy block which, similarly to the battery section, defines the range of the power in which 

the generator set can behave. 

Variable name Description Coming From / Going To 

P_gen_th Generator power calculated 

by the RTC which is 

supposed to be delivered by 

the generator 

Real Time Controller 

SoC State of Charge Battery Block 

Conso Fuel consumption Supervision 

Pgen_max Minimum Pgen acceptable for 

the next step 

Real Time Controller 

Pgen_min Maximum Pgen acceptable for 

the next step 

Real Time Controller 

Pgen Generator power actually 

delivered 

Supervision 

Taux_charge Load ratio Supervision 

Nb_allumage Number of generator’s starts Supervision 

Table 20 : Diesel generator model inputs/outputs 

Operating assumptions 

• The generator set is limited in by ramp-up and ramp-down’s rates whose values 

depend on the technology. 

• The generator set can physically operate on the total range between 0 and 𝑃𝑔𝑟𝑛𝑚𝑏𝑚  

• Starting up a generator just impacts the fuel consumption but ramp-up rates are 

identical to normal operations 
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Figure 37 : Diesel generator block model 

The system keeps a track on how many times the generator is switched on and off as well as 

the load rate, since these are indicators of the aging of the generator. 

The fuel consumption is given through the following formula: 

𝐿𝜉𝜉𝑚𝑟𝑟𝑟𝑟 =
𝑃𝑔𝑟𝑛

𝑃𝑔𝑟𝑛𝑛𝑙𝑑𝑛𝑛𝑟𝑙
 

𝜉𝜉𝐸𝑚𝑚𝑚𝐶𝜉𝑤𝜉𝐸𝑟𝑟𝑟𝑟𝑙 = 𝑓(𝐿𝜉𝜉𝑚𝑟𝑟𝑟𝑟) 𝑤𝐸
𝐿

𝑘𝑘ℎ
 

𝐸𝑓𝑓𝑤𝐸𝑤𝜉𝐸𝐸𝐸𝑔𝑟𝑛𝑠𝑟𝑟 = 𝑔(𝐿𝜉𝜉𝑚𝑟𝑟𝑟𝑟) 

𝜉𝜉𝐸𝑚𝑚𝑚𝐶𝜉𝑤𝜉𝐸𝑙𝐶𝑟𝑟𝑟𝑟𝑛𝑙𝑛𝑟𝑙 =
𝜉𝜉𝐸𝑚𝑚𝑚𝐶𝜉𝑤𝜉𝐸𝑟𝑟𝑟𝑟𝑙
𝐸𝑓𝑓𝑤𝐸𝑤𝜉𝐸𝐸𝐸𝑔𝑟𝑛𝑠𝑟𝑟

  𝑤𝐸
𝐿

𝑘𝑘ℎ
 

𝐹𝑚𝜉𝑚𝐶𝑟𝑛𝑟𝑙𝑟𝑐𝑠𝑏𝑏𝑐𝑏𝑛𝑛𝑛 =  � 𝑂 𝑤𝑓 𝑔𝜉𝐸𝜉𝜉𝜉𝜉𝜉𝜉 𝑤𝑚 𝐸𝜉𝜉 𝑚𝑤𝑤𝜉𝐸ℎ𝜉𝑚 𝑂𝑂
3 𝑚𝑤𝐸𝑚𝜉𝜉𝑚 𝜉𝑓 𝑓𝑚𝜉𝑚 𝐸𝜉𝐸𝑚𝑚𝑚𝐶𝜉𝑤𝜉𝐸 𝜉𝜉 𝐸𝜉𝑚𝑤𝐸𝜉𝑚 𝐶𝜉𝑤𝜉𝜉 𝜉𝜉ℎ𝜉𝜉𝑤𝑤𝑚𝜉 

(Barleys, 1996) 

𝜉𝜉𝐸𝑚𝑚𝑚𝐶𝜉𝑤𝜉𝐸𝑟𝑙𝑟𝑟𝑙 = 𝜉𝜉𝐸𝑚𝑚𝑚𝐶𝜉𝑤𝜉𝐸𝑙𝐶𝑟𝑟𝑟𝑟𝑛𝑙𝑛𝑟𝑙 ∗
𝑃𝑔𝑟𝑛

1000
∗
𝜉𝑤𝑚𝜉𝑚𝜉𝜉𝐶

3600
+ 𝐹𝑚𝜉𝑚𝐶𝑟𝑛𝑟𝑙𝑟𝑐𝑠𝑟𝑟𝑟𝑟𝑛𝑛𝑔 
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The operational consumption is expressed in L per kWh but timestep is expressed in seconds 

and Pgen in W so unit conversion is performed in the equation above. 

The function f and g are obtained by a linear interpolation of operating points given by 

generator manufacturers. 

Usage strategy 

The power management strategy for the generator highly depends on the technology of 

generator which is used. The operating range of the generator has to combine physical limits 

as ramp rate or maximum capacity for instance but also strategic boundaries to ensure that the 

generator will not be damaged too early and optimize its lifespan. 

All strategies articulate around the following questioning: When to switch on/off the 

generator? Which power range when the generator is switched on enables the best usage of 

the generator, in terms of aging.  

Below, one possible strategy: 

1. The generator is switched off after the minimum running time (FPMRT) when there is 

enough energy in the battery to meet the power demand without solar energy for a 

certain time to design (like long enough to let the generator to cool down) or when the 

solar power itself is slightly higher than the power demand  

2. The generator is switched on if the energy in the battery is below a certain value 

corresponding to the back-up reserve. This SoC value should be designed to be able to 

balance the load during the transitory phase corresponding to the starting of the 

generator. 

3. When the generator is on, its power is maintained within the range𝑃𝑔𝜉𝐸 ∈

[𝑃𝑔𝜉𝐸𝑙𝑙𝑑𝑛;𝑃𝑔𝜉𝐸𝑐𝐶], defined either by the manufacturer or deduces by the 

consumption and efficiency curves of the generator. 𝑃𝑔𝑟𝑛𝑑𝑆𝑑𝑛equals to zero in a load 

following strategy or equals to 𝑃𝑔𝑟𝑛𝑐𝑑 in a FPMRT strategy. 
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Case Study 

In this case study, the generator is switched on if the PV and batteries can’t equilibrate the 

load alone and operates at𝑃𝑔𝑟𝑛𝑛𝑆𝑚𝑛𝑛𝑏𝑆  (FPMRT strategy) since the load never exceeds𝑃𝑙𝑛𝑑 =

100𝑘𝑘. It is then switched off after the minimum running time as set in Chapter V. 

The consumption and efficiency curves for the diesel generator used by the hotel are plotted 

in Figure 38.  

 

 

Figure 38 : Consumption and efficiency characteristics for the diesel generator 
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X) Dump Load Subsystem 

The dump load is just a resistor that dissipates the power by converting it into heat.  

Then, a very basic model has been used which just limits the maximum power that the dump 

load can accept.  
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XI) Real Time Controller Subsystem 

The RTC block is just a Matlab function translating the dispatch strategy enunciated in 

chapter V into Matlab code.  

 

Figure 39 : Real Time Controller block model 

 

It takes as inputs the components’ operating windows, the load power and the PV power. The 

outputs are the battery powers, the generator power, the dump load power and the curtailed 

power as well as the power gap. 
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XII) Simulation 

Once the model of all components is produced, the dispatching strategy implemented, the 

solar resource and consumption load evaluated, a simulation can be run over 10 years to 

estimate its output and validate if the hybrid power plant has been sized properly and if it 

meets its objectives. 

An iterating process based on dichotomy would help improving the power plant sizing if one 

knows all costs associated to the model outputs. 

Case Study 

Table 22 below sums up the sizing and strategy parameters used for this simulation as decided 

in the pre-sizing and strategy sections. 

Parameters Value 

Capabat  882 kWh 

Pgen_nominal 150 kW 

Minimum Run Time 2 hours 

Pdump_nominal 300 kW 

Plim 100 kW 

SoCmin 0.1 

SoCmax 0.9 

Table 21 : Simulation S2’s parameters 

 

Indicators Value 

Fuel consumption 119 764 L 

Number of diesel generator starts 646 

Average SoC 0.65 

Average C_rate 0.039 

SoH CONF 

Average PRESS 0.85 

Table 22 : Results from the first simulation 
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Figure 40: High season day in 2015. Power curves and State of Charge 

 

The model is run a first time over 10 years (the expected lifetime of the project). And relevant 

results are plotted below. This first simulation is called S2.  
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In Figure 40, the batteries meet the load during the night, which discharges the batteries. As 

soon as the sun gets up, the batteries are charging. At one point, the batteries get full and then, 

the PV inverters starts curtailing the power. At dusk, the batteries start getting discharged to 

equilibrate the load. This situation shows that the PV and the batteries are oversized for that 

particular day since some power is curtailed and the SoC at the beginning of the day is higher 

than the one at the end of the day which means that the battery capacity is higher than what 

was necessary during the night. However, in chapter IV, it was highlighted that the system 

was sized considering the load extension with the building of a swimming pool. Let’s check 

then days after 2020. 

In Figure 41 below, it can be seen that for these two days, the solar irradiation was very bad 

and the load was at its maximum. The difficulty is that in this case, the tourism high season 

corresponds to the rainy season in Ivory Coast where the sun irradiation is lower due to heavy 

clouds. The batteries have not been able to charge completely before the night which results 

to a lack of energy in the early morning the day after. The generator is then switched on at its 

nominal value for a minimum time of two hours. Changing the generator usage strategy by 

switching off the generator only if the battery SoC is above a certain value SoCdown could be 

studied in further studies. 

In Figure 42 further below, there is enough PV power to charge completely the batteries but 

they cannot support the load alone for the entire night and the generator has to switch on just 

before dawn. In this situation, the batteries seem to be slightly undersized. 
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Figure 41: High season two days in 2024. Power curves and SoC 
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Figure 42 : High season two days. Power curves and SoC 
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Figure 43 : Battery aging (SoH) over the 10 years simulation 

     

After 10 years, the battery capacity has faded to a limited extent which means they can still be 

operated for another 10 years, but the capacity fading more and more with the year, the 

generator will be used more and more as well. 

 

 
 

Figure 44 :  Fuel consumption 
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It is then decided to run 4 other simulations by only changing the battery capacity as follow: 

• The battery capacity is decreased by 10% to 794 kWh (S1) 

• The battery capacity is increased by 10% to 970 kWh (S3) 

• The battery capacity is increased by 20 % to 1058 kWh (S4) 

• The battery capacity is increased by 30 % to 1058 kWh (S5) 

Finally, a last simulation considering a diesel-generator-only system is run to measure the 

improvement of adding storage to the system. 

 

Indicators S1 S2 S3 S4 S5 Generator only 

Battery capacity (kWh) 794 882 970 1058 1147 0 

Fuel consumption (L) 152 154 119 764 82 319 52 787 45 172 1 055 800 

Number of diesel 

generator starts 

820 646 444 285 244 1 

Average SoC 0.64 0.65 0,67 0,68 0,69 NA 

Average C_rate 0.043 0.039 0,036 0,033 0,031 NA 

SoH 0,87 0,88 0,89 0,9 0,9 NA 

Average PRESS 0.85 0.85 0,86 0,86 0,86 NA 

Table 23 : Results from the different simulations 

 

A complete economic model should be added to further studies to be able to link a cost to all 

these indicators and choose which power plant sizing is the most cost effective. 

If considering only the battery’s CAPEX and the fuel price on this case study, we obtain 

Table 25: 

It has been assumed that: 

• Battery cost = 420 €/kWh 

• Fuel price = 1,27 €/L 
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S1 S2 S3 S4 S5 

Generator 

only 

Battery capacity 

(kWh) 
794 882 970 1058 1147 0 

Battery’s CAPEX 
(€) 

333 480 370 440 407 400 444 360 518 700 0 

Fuel consumption 
(L) 

152 154 119 764 82 319 52 787 45 172 1 055 800 

Fuel OPEX over 10 
year (€) 

193 235 152 100 104 545 67 039 53 122 1 080 000 

Total (€) 526 715  522 540  511 945  511 399  571 822  1 340 887  

Table 24 : economical comparison between both simulation 

 

From Table 25, S4 with a battery capacity of 1058 kWh seems to be the more economic 

configuration among the 5 scenario which are considered, under the assumptions defined 

above. The fuel saving between S4 and the diesel-only scenario equals to about 10 000 L per 

year or 275 L of fuel per day. 

A sensitivity analysis allows visualizing how the results depend on the assumptions which 

have been made on the price of the fuel and the cost of the batteries. 
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Figure 45 :  Sensitivity analysis 

 

Figure 45 shows for each combination of the fuel price and the battery cost, which is the most 

economical scenario in term of battery capacity. 

The cost of Li-ion batteries fits today between the 400-500 € margin and is predicted to 

continue decreasing over the next years. The fuel price does not follow such a clear trend and 

is harder to predict. However, when considering remote areas, this price should include the 

cost of supplying and storing the fuel and it is unlikely that this price will drop down 0,5 €/L. 

In these conditions, running an off-grid system with a diesel generator alone would never be 

the most cost-effective solution. 
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Conclusion 

An off-grid PV/diesel/Li–ion hybrid power plant model has been simulated, described and 

evaluated in this thesis.  

It has been pointed out that an accurate prediction of the solar energy resource is crucial since 

most of the uncertainty in the overall model will depend on it. Methods to build solar 

irradiation scenarii based on statistics and empirical observations depend on the available data 

has been provided. A further study should be carried out to improve this part of the model. 

Getting ground truth data over long range from installed pyrometers remains the best way to 

build an accurate model.  

Evaluating the load consumption is also highly important but behaves in a more predictive 

fashion if an exhaustive description of the load is available or if measurement campaigns are 

realized.  

The choice of the Remote Hybrid Power System’s (RHPS) configuration and pre-sizing is 

highly project-specific but some practical rules can apply. Benchmarking best practices for 

the particular installation one desires is a good way to achieve this.  

Energy dispatching strategies have been reviewed and explained. The optimum strategy for 

the particular application has been identified and included in the model.   

A behavioral Matlab model of the RHPS’s components has been described and developed 

with an emphasis on the Li-ion battery performance estimation. Battery efficiency and aging 

have been discussed and a mathematical model for evaluating them has been built despite the 

limited input data available. Other battery models for different battery types and technologies 

can also be developed using the same approach. 

Finally, simulations have been run and compared to decide on the final dimensioning of the 

hybrid power plant and to draw conclusions on the economic feasibility and sensitivity to 

variations in components and costs. As a general conclusion, it can be stated that the proposed 

RHPS system is definitely feasible even at today’s price levels and component parameters.    

Its applicability would certainly grow with the decrease of battery costs in the future.  
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APPENDICES 
 

Appendix 1: Storage technology options  
 

 

Figure 46 : Storage technology density (Fraunhofer ISE) 

 

Li-ion batteries are today’s best storage technology while considering storing energy to be 

used both as primary (high power requirement) and secondary control (high energy 

requirement). Li-ion batteries are widely used in portable electronic devices’ applications as 

laptop and mobile phones and in electric vehicles. They benefit of an important scientific 

attention promoted by industrials. Costs of Li-ion batteries are shrinking year after year. 
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Appendix 2:  Solar irradiation data adjustment 

Ground truth data (GTDATA) have been collected with a good resolution but unfortunately on a 

short lapse of time. Thus, this sampling cannot be considered as statistically representative 

and must be adjusted to erase the specificity of this time period. 

Satellite data or data from a location nearby have been acquired (LTDATA) over a long-term 

period but with a poor precision. 

Two situations for LTDATA will be reviewed: the first one with daily irradiation data and a 

second one with monthly irradiation data. 

Data type Resolution accuracy Time period 

GTDATA 1 minute One year Y 

LTDATA 1 day 20 year 

Table 25: Two set of solar irradiation data 

 

Date Power curve Daily irradiation 

D1 : January 1st 

 

𝐼1 =   5469
𝑘ℎ
𝑚2  

D2 :  January 2nd 

 

𝐼2 =  5356
𝑘ℎ
𝑚2  

… … … 

D365: December 31st 

 

𝐼365 =  1551
𝑘ℎ
𝑚2  

Table 26 : Days of ground truth data 
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First example: 
GTDATA is filled with solar irradiations collected every minute over a one year period. 

LTDATA is filled with solar irradiations measured every day over a 20 year period. 

From GTDATA, daily irradiations are calculated for every day of Y. 

 

For each date D of the calendar year, a day-library is created and aggregates all the days 

which fit 15 days before and 15 days after that date. A day library is then constituted of 31 

days of ground truth data centered on date D. 

 

Day library First day in the library Last day in the library 

DL1 : January 1st D351 D16 

... … … 

DL43 :  February 12th D28 D58 

… … … 

DL365 : December 31th  D350 D15 

Table 27 : Day-libraries of ground truth data 

 

From LTDATA, day libraries are created to match the day libraries of GTDATA. This means that 

all day-libraries will have a range of 31 days but they will contain 20 years*30 days = 600 

daily irradiations. Then irradiation distribution functions are built for each date D of the 

calendar year by aggregating all daily irradiations corresponding to the same day library 

whatever year it is.   
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Day library Probability distribution histogram 

DL1 : January 1st 

 

... … 

DL43 :  February 12th 

 
… … 

DL365 : December 31th  

 

Table 28: Day-libraries of long-term data LTDATA 

 

A solar irradiation scenario is then built as follow: 

For each day DD of the scenario, an irradiation is picked up according to the probability 

distribution of the corresponding day-library. For example, February 12th 2022, corresponds to 

day-library DL43 and one daily irradiation is picked up in respect with the probabilities: 
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Figure 47 : Probability distribution for DL43 

 

The irradiation 5500 Wh/m^2 had a probability of 0,15 to be chosen.  

From the same day-library filled with ground truth irradiation days, the day whose daily 

irradiation is the closest to the chosen value, will be selected to build the irradiance curve of 

DD. For example, D52 , has a daily irradiation 𝑰𝑰𝑰 =  5487 𝑘ℎ/𝑚2 and then its power 

curve with a one-minute granularity is chosen for February 12th 2022. 

The same process applies for all the days of the scenario. 

Note: Libraries with a range less than 30 days could be created to be more accurate. However, 

a large number of ground truth days are required in the day libraries to ensure that they 

contain an important number of irradiance power curves for this date. If the ground truth data 

are collected for more than a year, this range can be reduced. 

Second example  
In this second example, only monthly irradiation are available for LTDATA . 
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The method is the same than the previous one but instead of day-libraries, month-libraries are 

built and contain the 30 or 31 days of the months. Instead of having 365 day-libraries, only 12 

month-libraries are built. 

For each month-libraries, the probability distribution of the monthly irradiation of LTDATA (20 

data only for each month-library) is plotted. 

To build the solar irradiation scenario, for each month of the scenario, one monthly irradiation 

Im is picked up from the probability distribution of the corresponding month-library. Then 30 

(or 31 depending on the month) days from GTDATA are picked up randomly in the 

corresponding month-library and the sum of their daily irradiation 

∑ 𝐼𝑤30
𝑛=1    is evaluated. This operation is repeated 100 times and the combination which tends 

the best to Im  is kept to build the scenario month (ideally, ∑ 𝐼𝑤30
𝑛=1 = 𝐼𝑚 ). 
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Appendix 3: Increased solar irradiation’s sampling. 

The difficulties of creating such model lies in the fact that non-independent variable are 

considered. The creation of a normal distribution from the mean value and the standard 

deviation and then picking up randomly a value of this distribution (in respecting of course 

the probability for each value) would not help that much. The irradiance at second s+1 is 

indeed strongly affected by the irradiance at second s. It is more than likely that if a cloud was 

present at second s, it would be present as well at second s+1. Integrating a relation of 

dependency in the model is therefore required. 

If the resolution accuracy has to be increased by a factor f, this means that between every two 

consecutive points I and J, f points have to be inserted. The irradiation value at point J is 

actually the average of the f irradiation value of the points between I and J. 

𝐼𝑚(𝐼) =
1
𝑓
∗� 𝐼𝑘

𝑑

𝑘=1

 

The dependency relation can be expressed as: 

∀𝑘, 𝐼𝑘+1~𝒩(𝐼𝑘,𝜎2) 

The irradiation value at a point k+1 follows a normal distribution with the mean equals due 

the irradiation at point k. The value of the variance is a characteristic of the site and can be 

evaluated from measures onsite or by analogy with other similar locations.  

A second burden is that clouds cast shadow on very localized area but our model assume that 

the irradiation is identical on the entire solar farm. However, in fact, when a cloud pass over a 

MW solar farm, the decrease of power production behaves at a slower pace that for a KW 

solar farm since it takes a longer time for the cloud to cover, if ever possible, the full area of 

the power farm. This phenomenon will add thresholds on the normal distribution 

corresponding to a maximal variation in the irradiation between two points. 

 

 


	Contents
	List of Tables
	List of Figures
	List of Appendices
	Abbreviations / Technical terms
	Introduction
	System definition
	Definition
	Scope
	Methodology
	Resources
	Case Study

	I) Renewable resource prediction
	Case study

	II) Load estimation
	Case Study

	III) Technological configuration
	Type of hybrid system
	Other devices
	Technologies
	Case study

	IV) Pre-Sizing of the components
	Diesel generator sizing
	PV sizing and battery sizing
	Dump load sizing
	Comments
	Case study

	V) Energy dispatching strategy
	Discharging strategy
	Charging strategy
	Assessment
	Case Study

	VI) Power plant modelling
	VII) Solar subsystem
	VIII) Storage subsystem
	Efficiency calculation
	Evaluation of the efficiency as a function of Tcell, Crate and SoH.
	Calculation
	Validation:

	Aging calculation
	Calendar aging
	Variable dependence
	Calculation

	Cycle aging
	Variable dependence
	Evaluating cycle aging

	Calculation
	Validation

	Battery usage strategy
	Case Study

	IX) Diesel Generator model
	Usage strategy

	X) Dump Load Subsystem
	XI) Real Time Controller Subsystem
	XII) Simulation
	Case Study

	Conclusion
	REFERENCES
	Appendix 2:  Solar irradiation data adjustment
	First example:
	Second example

	Appendix 3: Increased solar irradiation’s sampling.

