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Abstract 

A state-of-the art alternative or supplement to the legacy electric power delivery system ï 

the electric power grid ï is the microgrid, a decentralized, local group of interconnected loads 

and distributed power sources that can operate in conjunction with or independently of the main 

grid, in a cooperative group or as stand-alone entities.  The focus of this dissertation is the 

optimization and design of stand-alone, also called islanded or isolated, microgrids. 

Microgrids typically include various power sources such as engine generators, solar 

panels, wind turbines, fuel cells, and energy storage devices such as batteries.  Given the high 

variability of power demand of loads, and the high variability of generated power by different 

types of energy sources; considering the completely different cost structures for different 

microgrid components, a major technical challenge is designing an optimal microgrid system, 

that is, determining the optimal combination of components for a reliable, stable, cost-effective 

and environmentally friendly microgrid system. 

Virtually all currently existing optimization approaches use extensive simulations to 

attempt to select configurations that match the generated and consumed power for each hour over 

the course of the project lifetime.  This approach requires detailed system data, is 

computationally inefficient and slow; is not easily adaptable to different systems, different 

consumer profiles and different locations; requires expensive and complex software to operate; 

and in general is not very suitable for making practical engineering decisions. 

The novel method presented in this dissertation is uniquely different from all existing 

approaches in that it does not attempt to match power quantities.  Instead, this method aims to 

achieve a balance between generated and consumed energy over the course of a day. 



  

To determine the amount of energy that can be generated by different sources, new and 

revised equations were developed that calculate the expected amount of energy generated by 

solar and wind power systems.  In addition, new equations were developed to calculate the 

expected amount of energy that needs to be stored in batteries for reliable operation.  A 

Generalized Reduced Gradient (GRG) and a genetic algorithm (GA) were then used to determine 

the optimum combination of components that minimize cost and maximize reliability. 

Unlike some other approaches, this method allows a high degree of customization.  

Various power profiles and various components can be selected, and multi-objective 

optimization operators produce optimization results according to the preferences of the user.  The 

equations and results are easily verifiable and provide a high degree of confidence in the 

obtained solutions.  This method is much more computationally efficient than other methods, and 

can be implemented on widely available computation platforms such as MS Excel.  In short, this 

method is much more engineer friendly compared to all other approaches. 

To verify the validity of this method, the developed models and equations were tested 

with real-life production data of operational generator, wind, and solar power systems.  The 

optimization algorithms were then run with power demand data of real-life small, medium, and 

large individual users, as well as with demand data for a community of multiple users.  For all 

systems, the resulting configurations were then benchmarked to configurations determined by a 

specialty software tool called HOMER.  In all cases the obtained solutions by the new method 

were superior in terms of reliability and economic as well as environmental costs, hereby 

confirming the validity of this method as well as its superiority to competing approaches. 
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the electric power grid ï is the microgrid, a decentralized, local group of interconnected loads 
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optimization and design of stand-alone, also called islanded or isolated, microgrids. 

Microgrids typically include various power sources such as engine generators, solar 

panels, wind turbines, fuel cells, and energy storage devices such as batteries.  Given the high 

variability of power demand of loads, and the high variability of generated power by different 

types of energy sources; considering the completely different cost structures for different 

microgrid components, a major technical challenge is designing an optimal microgrid system, 

that is, determining the optimal combination of components for a reliable, stable, cost-effective 

and environmentally friendly microgrid system. 

Virtually all currently existing optimization approaches use extensive simulations to 

attempt to select configurations that match the generated and consumed power for each hour over 

the course of the project lifetime.  This approach requires detailed system data, is 

computationally inefficient and slow; is not easily adaptable to different systems, different 

consumer profiles and different locations; requires expensive and complex software to operate; 
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The novel method presented in this dissertation is uniquely different from all existing 

approaches in that it does not attempt to match power quantities.  Instead, this method aims to 

achieve a balance between generated and consumed energy over the course of a day. 



  

To determine the amount of energy that can be generated by different sources, new and 

revised equations were developed that calculate the expected amount of energy generated by 

solar and wind power systems.  In addition, new equations were developed to calculate the 

expected amount of energy that needs to be stored in batteries for reliable operation.  A 

Generalized Reduced Gradient (GRG) and a genetic algorithm (GA) were then used to determine 

the optimum combination of components that minimize cost and maximize reliability. 

Unlike some other approaches, this method allows a high degree of customization.  

Various power profiles and various components can be selected, and multi-objective 

optimization operators produce optimization results according to the preferences of the user.  The 

equations and results are easily verifiable and provide a high degree of confidence in the 

obtained solutions.  This method is much more computationally efficient than other methods, and 

can be implemented on widely available computation platforms such as MS Excel.  In short, this 

method is much more engineer friendly compared to all other approaches. 

To verify the validity of this method, the developed models and equations were tested 

with real-life production data of operational generator, wind, and solar power systems.  The 

optimization algorithms were then run with power demand data of real-life small, medium, and 

large individual users, as well as with demand data for a community of multiple users.  For all 

systems, the resulting configurations were then benchmarked to configurations determined by a 

specialty software tool called HOMER.  In all cases the obtained solutions by the new method 

were superior in terms of reliability and economic as well as environmental costs, hereby 

confirming the validity of this method as well as its superiority to competing approaches. 
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1 

Chapter 1 - Introduction 

 1.1 Problem Description 

 1.1.1 Isolated Microgrid s 

In general, electric power systems can be divided into two broad categories:  macro-grids 

and micro-grids.  The legacy configuration is the macro-grid, where most consumers and 

producers are connected in a large network, covering large geographical areas, sometimes entire 

countries or even continents, spanning hundreds if not thousands of miles.  The power generation 

is centralized, anchored by large coal, nuclear or hydroelectric power plants.  The power plants 

and consumers are interconnected utilizing high-voltage, long-distance power transmission lines. 

 

Figure 1.1.  A diagram of a macro-grid  

(Source: stock.adobe.com) 



2 

Due to the size of the systems and redundancy of components, macro-grids are typically 

more efficient, more economical, more stable, and more reliable than stand-alone systems.  

However, macro-grids are susceptible to potentially crippling large-scale outages due to natural 

or man-made disasters.  They also carry a substantial environmental liability due to their reliance 

on non-renewable energy sources. 

A micro-grid is a localized group of interconnected loads and energy sources most 

commonly limited to a certain geographic area, such as remote settlements (e.g., in Alaska), 

literal islands (e.g., Puerto Rico), drilling platforms, etc., where connecting to the macro-grid is 

either impractical, cost prohibitive or simply impossible.  Power generation is decentralized, 

often using renewable energy sources such as solar, wind, and small-scale hydro power plants. 

Electricity is distributed locally, reducing the need for long-distance transmission lines. 

 

Figure 1.2.  A diagram of a micro-grid  

(Source: stock.adobe.com) 
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Micro-grids provide energy independence and security, offer improved resilience and 

reliability for remote or disaster-prone areas, facilitate an increase in renewable energy 

generation, and offer potential cost saving through local generation and reduced transmission 

costs.  However, micro-grids often have higher initial costs, limited capacity compared to macro-

grids, and require complex management and control systems to balance supply and demand and 

to provide a reliably continuous service. 

Fairly recently, a substantial body of research has been done to try to merge the two 

systems.  Localized groups of consumers and producers are connected into micro-grids, but with 

the flexibility of connecting to a cooperatively-run macro-grid.   

 

Figure 1.3.  A diagram of a collaborative microgrid  

(Source: [1]) 
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Each sub-system of the cooperatively-run microgrid can provide service and operate 

independently when the macro-grid fails (in the so-called ñislandedò mode), but each unit can 

still be connected to the macro grid and is able to have continuous service and reap the benefits 

of economy-of-scale when operating cooperatively in the grid-connected mode. 

Unlike cooperatively-run microgrids which are currently still mostly experimental 

systems, isolated or stand-alone microgrid systems have already proven themselves in practice 

and are particularly beneficial for providing electricity in remote areas where connection to a 

macro grid is not feasible.  Often, they include only one load, or a small number of loads, for 

applications such as remote weather stations, off-grid residences, etc.  Typically, these systems 

combine renewable energy sources like solar photovoltaics (PV), wind turbines, and hydro-

power turbines with conventional power sources such as diesel and propane generators, 

augmented with storage options such as fuel cells and batteries.   

 

Figure 1.4.  A diagram of an isolated microgrid  

(Source: [2]) 
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 1.1.2 Isolated Microgr id Applications 

As discussed earlier, microgrid systems are particularly beneficial for providing 

electricity in remote areas where connection to a macro grid is not practical or feasible.  They 

come in various sizes, which can be loosely grouped as follows: 

Å Small-sized systems (1-20 kWh/day).  Examples include remote weather stations, cell 

towers, etc. 

Å Medium-sized system (20-100 kWh/day). Examples include off-grid houses, remote 

ranches, etc. 

Å Large scale (>100 kWh/day). Examples include remote settlements, literal islands, etc. 

There are a multitude of other applications, but two specific applications served as 

motivation for this research and will be highlighted below. 

The first application are field power units.  Field power units are compact and portable 

sources of electricity, which can be quickly set up to provide power for various needs.  For 

example, field power units power communication equipment, radar systems, surveillance 

devices, and other critical electric needs for the military.  They also supply power for medical 

equipment, communication devices, lighting, water purification systems, and other needs for 

disaster relief agencies.  They are indispensable to operate data collection, communication, and 

instrumentation equipment for remote research stations.  They are also a common sight at 

construction sites where they power lights, power tools, etc.  They service cell towers, fiber-optic 

networks stations, rural water stations, and other remote infrastructure equipment.  They provide 

power for lights on stages, a sound system, and other needs for outdoor events such as music 

festivals, concerts, or sporting events. 
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Figure 1.5.  A picture of a field power unit 

(Source: stock.adobe.com) 

 

While field power units have been around for a long time, traditionally they were 

powered exclusively by engine generators.  However, in recent years field unit manufacturing 

companies have started augmenting engine generators with batteries, solar panels, and wind 

turbines.  A critical design aspect is to determine the optimum size and ratio of each of these 

components such that the cost per kWh is minimized.  But so far there has been virtually no 

research done in this area. 

The second major application for microgrid systems is providing power for off-grid 

dwellers.  People living in remote areas without access to the power grid are a small minority in 

the US, but they still exist, particularly in western states such as Idaho, Montana, Wyoming and, 

as already mentioned, Alaska.  Living off-grid is much more commonplace in other parts of the 

world, particularly in parts of Africa, Asia and South America, where the power grid is not as 

developed as in North America and Europe. 
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Figure 1.6.  A picture of an off-grid ranch in Wyoming 

(Source: Adobe Firefly) 

 

In addition, in recent years an off-grid movement has gained momentum as people in the 

so-called developed countries seek alternative ways of living that prioritize self-sufficiency, 

sustainability, and independence from traditional utilities, and who then voluntarily go off grid.  

Whatever the reason for living off-grid, an electrical engineer might be tasked with designing a 

well-balanced power system for off-grid dwellers such that reliability is maximized, fuel 

consumption is minimized, and overall costs are minimized. 

While there has been some research (surveyed in section 1.2) done in this area already, it 

is by and large strictly simulation-based academic exercises, and not much help for practical 

engineering decisions.  There is a need for more research in this area to better understand 

microgrid systems, so that practical engineering methods and tools could be developed for 

designing optimum microgrid systems for off-grid applications. 
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 1.1.3 Isolated Microgrid  System Components 

As discussed earlier, a microgrid typically consists of 4 key components, which will be 

discussed in greater details below: 

Å A single load device or several load devices which consume electric power. 

Å Dispatchable (controllable) power sources such as diesel, natural gas, or propane 

generators. 

Å Storage devices such as batteries, electric vehicles, flywheels, compressed air, fuel cells, 

etc. 

Å Renewable sources of electricity production, such as solar panels, wind turbines, hydro-

turbines, etc. 

While renewable energy sources such as wind and solar currently receive the bulk of 

research time and money, internal combustion engine generators (diesel, natural gas, or propane 

powered) are often the heart of a practical (functioning beyond simulation) system. 

 

 

Figure 1.7.  A picture of a large industrial generator 

(Source: stock.adobe.com) 
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Unlike renewable sources, which depend on uncontrollable and unpredictable weather 

factors such as sun irradiation and wind speed, engine generators provide reliable, stable, and 

dispatchable, i.e., precisely controllable, power in large quantities.  However, engine generators 

are not environmentally friendly, as they are a major source of air pollution (carbon monoxide, 

carbon dioxide, nitrogen oxide, etc.), as well as noise pollution.  In addition, they have by far the 

largest operating costs of any available power sources, burning through tons of expensive fuel 

while in operation.  They are also quite inefficient, especially when running with a low load, and 

burn fuel even when idling. 

 

Figure 1.8.  A typical efficiency curve of a diesel generator 

 

The loads in a typical system vary greatly throughout the day, week, month, year, with 

the effect that the generator must be oversized to cover the peak load, while running inefficiently 

the rest of the time. 

 

0

5

10

15

20

25

30

35

0 20 40 60 80 100

E
ff

ic
ie

n
cy

 (
%

)

Generator output (%)



10 

For example, given the power demand curve below, the minimum size of the generator 

needs to be at least 20 kW, but for large stretches the generator is loaded to quite a bit less than 

50%. 

 

 

Figure 1.9.  An example of an isolated microgrid supplied only by a generator 

 

To improve the efficiency of a system employing engine generators, a common strategy 

is to add some storage devices, e.g., batteries.  

 

Figure 1.10.  A picture of a large energy storage unit 

 (Source: stock.adobe.com) 
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Now the generator can be sized smaller, and the batteries can be used to supply additional 

power in times of high demand.  In times of low demand, the generator can be used to replenish 

energy stored in the batteries, so that most of the time the generator operates in the most efficient 

region. 

This strategy, called peak-shaving, de-couples energy production and consumption, 

allowing the generator to be sized according to the average demand instead of the peak demand. 

By increasing the size of the storage unit load-leveling can be achieved, resulting in a fairly flat 

demand curve for the generator. 

 

 

Figure 1.11.  Peak-shaving (left) and load-leveling (right) schemes 

Source: [3] 

 

For the same example above, the generator can now be sized much smaller, with a rated 

power of only 12.5 kW.  While still running all the time, the generator is now operating in the 

most efficient region, charging batteries in times of low demand, while the energy stored in 

batteries can be used to supplement the generator power in times of high demand (see figure 

below). 
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Figure 1.12.  An example of an isolated microgrid  supplied by a generator plus batteries 

 

Once storage devices are part of the micro-grid, the next logical step is to add renewable 

energy sources such as wind turbines and solar panels to recharge batteries when these resources 

are available.  Depending on the size of the components, the usage of an engine generator can be 

greatly reduced or even completely eliminated. 

 

Figure 1.13.  A picture of a renewable power system at K-State Salina consisting of 24 kW 

of PV panels and a 10-kW wind turbine  
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For the same example as before, by adding solar and/or wind power sources, the size of the 

generator can be reduced even more (to 10 kW), and the run time of the generator can be halved. 

 

Figure 1.14.  An example of an isolated microgrid  supplied by a generator, PV panels and 

batteries 

 

 1.1.4 The Isolated Microgrid Design Dilemma 

To summarize the discussion above, the same load can be supplied by either only a 

generator, or a generator and batteries, or a generator, solar power and some batteries, or any 

other combination of sources.  But which is the ñbestò, or optimal combination?  What is the 

optimal size of generators, solar panels, wind turbines and batteries such that power-less days are 

eliminated, fuel consumption is minimized, and the overall costs are minimized? 

On the surface, it appears the most desirable solution for a microgrid system would be one 

where the usage of engine generators is completely eliminated, and the entire power demand is 

covered by renewable energy sources.  However, while renewable energy sources require no fuel, 

and therefore have low operating costs, the upfront investment costs are often higher than engine 

-10

-5

0

5

10

15

20

25

P
o

w
e
r 

(k
W

)

Time (hrs)

Generator output Battery output Solar output Power demand



14 

generators.  In addition, renewable energy sources suffer from reliability concerns as they depend 

on highly variable and unpredictable energy sources such as solar radiation and wind speed. 

Therefore, a practical solution for designing a microgrid system typically requires finding 

compromises between high investment costs (renewable energy components) and high operating 

costs (internal combustion engines), while considering reliability as well as a host of other 

technical, practical and financial design requirements of a project. 

The problem can then be formally stated as follows:  given the variability of power 

demand and power availability of different energy sources and loads, considering completely 

different cost structures of microgrid components - what combination of components would 

result in the most efficient, reliable, stable, ñgreenò, etc., isolated microgrid power system? 

 

 1.2 Literature Survey of Current Research Efforts 

 1.2.1 General Research in Microgrid s 

Microgrids in general have been at the center of substantial research efforts for several 

years already, but there still remain a host of technical and economic problems to be resolved. 

The technical side includes developing more advanced energy storage systems [4]; 

improving control [5], dispatch strategies, and load management [6]; designing resilience and 

protection schemes [7]; and improving stability and power quality [8].  Some of these technical 

challenges have been addressed by research done by the SPECS group at K-State. 

For example, [9] discusses the challenges and solutions related to stability in microgrids 

with low inertia.  As renewable energy sources like wind power and solar power become more 

common, traditional synchronous generators are being replaced, leading to a decrease in system 

inertia.  This reduction in inertia makes it more difficult to regulate frequency and voltage, which 
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are crucial for stable microgrid operation.  To address these issues, energy storage systems (ESS) 

combined with virtual synchronous generator (VSG) control are proposed.  This approach helps 

to control power output and improve the stability of the microgrid.  Various control strategies 

and techniques to limit fault currents and maintain synchronization during transient events are 

also explored. 

In [10], the authors explore how converting critical loads to smart loads can enhance the 

stability and power quality of nanogrids.  Nanogrids, defined as small-scale power systems 

typically serving a single load or a single building, often face challenges due to low inertia and 

power fluctuations.  Smart loads can adjust their power consumption to match supply, thereby 

limiting voltage and power oscillations.  This reduces stress on energy storage systems and 

minimizes the need for large battery banks.  Several case studies demonstrating how smart loads 

improve the performance of nanogrids under various conditions are presented. 

In [11], the authors discuss how voltage source inverters (VSIs) can be optimized to 

provide ancillary services in microgrids.  These services include negative-sequence 

compensation and harmonic compensation, which are essential for maintaining power quality 

and stability.  This study highlights a novel pulse-width modulation (PWM) technique that 

maximizes the utilization of the DC-bus voltage in grid-interactive two-level VSIs.  By injecting 

a common-mode component into the PWM references, the proposed method increases the 

maximum active and reactive power that the VSI can deliver while providing ancillary services.  

This approach helps to keep the inverter operating within its linear modulation region, enhancing 

its performance and reliability. 

In [12], the authors explore how inverters can autonomously manage microgrids, 

ensuring stable operation both when connected to the main grid and when operating 
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independently.  A novel control strategy allows inverters to switch between grid-forming (GFM) 

and grid-following (GFL) modes without external communication.  GFM mode allows inverters 

to create voltage and frequency references which are essential for microgrid operation.  GFL 

mode enables inverters to synchronize with the main grid.  Using dual parallel control pathways, 

the proposed method enhances the reliability and flexibility of the microgrid.   

On the economics side, some major challenges are reducing the capital, operation, and 

maintenance costs; ensuring cost and power availability and fairness in a microgrid; and solving 

various regulatory and financing issues [13]-[15].  Some of these challenges, in particular 

providing cost reduction, power availability and fairness, have been addressed by research done 

by the BIC group at K-State. 

For example, in [16] and [17], a novel double auction mechanism for energy trading 

between buyers and sellers within a microgrid is proposed to reduce operation costs.  The auction 

is conducted iteratively, allowing adjustments without needing private information from agents.  

A central controller manages the auction, aiming to maximize both individual benefits and 

overall social welfare. 

In [18] and [19], game theory is applied to optimize energy trading between agents in 

microgrids.  The interactions between various agents in a microgrid, such as consumers, 

producers, and storage units, are modeled using multi-agent systems.  Using game theory, 

equilibrium points are found where no agent can improve their own benefits by changing the 

strategy unilaterally.  This approach ensures that all participating agents maximize their 

individual payoffs at the equilibrium points as well as maximize the system-wide efficiency. 

While utilizing some elements of the previous research efforts, this dissertation takes it in 

a different direction.  It is still concerned with the technical aspects as well as economic aspects 
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of microgrids, but the overall goal is determining appropriate methods and tools to design the 

most efficient isolated microgrid system. 

 

 1.2.2 Research in Isolated Microgrid  Design and Optim ization 

There are surprisingly few practical guidelines for an engineer who is tasked with 

designing a microgrid power system.  The various approaches can be loosely grouped as follows:   

 

Figure 1.15.  Microgrid  optimization techniques classification 

 

Currently most practical microgrid system design guidelines fall in the ñtrial and errorò or 

ñrule of thumbò categories.  The trial-and-error method begins with an educated guess.  The 

configuration is tested to see if it functions properly.  If not, the experimentation continues until a 

working solution is found.  This is typically an extremely time-consuming endeavor. 
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The rule-of-thumb approach uses some experimentally determined rules.  For example, to 

choose the correct size for a battery, one source suggests the following design guideline: 

compute the load-ratio, defined as the total watt-hours divided by the continuous running watts 

of the load.  Depending on the load-ratio, determine the battery ratio according to the following 

table [20]: 

Table 1-1.  Battery-ratio vs load-ratio guidelines 

Load-ratio  
Battery -

ratio  

1-5 5 

5-10 4 

10-15 3 

15-20 2.5 

>20 2 

  

Then, based on the load ratio, multiply the battery-ratio by the total watt-hours to 

determine the necessary battery bank capacity.  For example, if the required energy is 1710 Wh, 

and the continuous running power is 670 W, then: 

ὒέὥὨ ὶὥὸὭέ 
ρχρπ

φχπ
ςȢυ 

Based on the table above, the battery ratio is 5, and the total capacity of the battery bank 

is: 

Ὁ υ ρχρπψȢυυ ὯὡὬ  

As is to be expected, this approach is vague and imprecise, and might not always result in 

a working system, and even less likely in an optimal system.  Unfortunately, there is usually not 

much consideration about determining an optimal configuration.  Typically, the engineer is 

simply directed to design each subsystem (generator, solar, wind, battery) independently 

according to some rules-of-thumb, and if in doubt, oversize everything, especially the engine 
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generator, so that it can pick up the slack if the rest of the equipment turns out to be too small for 

proper operation. 

To summarize, trial-and-error approaches are extremely time-consuming, and do not 

guarantee that an optimal solution will be found.  Rule-of-thumb guidelines, even if they are 

available, are too vague, and may not provide a good solution to a specific problem either.   

More scientific and repeatable is the simulations-based approach.  In the most basic 

version, candidate solutions are selected by doing an exhaustive search of all possible 

combinations.  For each selected solution, a simulation is run to determine if a solution is capable 

of supplying the power demand over each time frame, typically for each hour over the projectôs 

lifetime.  For each solution, its desirability in respect to reliability, cost, fuel consumption, or 

other performance criteria is computed.  The optimal solution can then be chosen from the list of 

feasible solutions. 

The exhaustive search method, involving the search of all possible valid combinations, 

usually provides a workable solution, and several publications report using it, for example in 

[21].  Another exhaustive search approach is also used in [22], where the authors build a matrix 

with all possible combinations of numbers of solar panels and numbers of wind turbines 

according to a lengthy algorithm.  For each combination, the generated power is computed.  

Then for each acceptable (in terms of power generated) combination the levelized cost of energy 

is determined, which allows the user to pick the optimal configuration.  For a case study 

discussed in this paper, the result was presented in the form of a table below.  For this case, the 

optimal configuration was found to be 95 PV panels and 7 wind turbines, resulting in the 

minimum levelized cost-of-energy (LCOE) equal to $0.74. 



20 

Table 1-2.  Cost of energy vs number of components solution table 

Number of components Levelized cost of energy (LCOE) 

141 PV + 1 Turbine 0.859 $/kWh 

130 PV + 2 Turbines 0.85 $/kWh 

125 PV + 3 Turbines 0.812 $/kWh 

118 PV + 4 Turbines 0.797 $/kWh 

107 PV + 5 Turbines 0.792 $/kWh 

103 PV + 6 Turbines 0.759 $/kWh 

95 PV + 7 Turbines 0.741 $/kWh 

 

In [23], the process is similar, but the selection for candidate solutions is greatly 

simplified.  It starts by selecting a combination with no generator output and using the maximum 

size of a solar system to still satisfy the load requirements.  Then in each iteration, the size of the 

generator is increased, while the size of the solar system is decreased.  An array is used to keep 

track of costs for each valid combination.  When the costs for all valid combinations are found, 

the combination with the minimum cost is selected as the winning configuration. 

Another subcategory of the conventional design method is the probabilistic optimization, 

which utilizes uncertainty parameters in the problem formulation or the solution process.  For 

example, [24] computes the loss-of-power probability for different combinations of system 

components and determines an optimal solution vector satisfying both high reliability and low 

cost.  To avoid over-sizing or under-sizing the system, every possible solution in the search 

space is considered, and the solutions are returned in the form of vectors. 

For a case study presented in the paper, the optimization algorithm returned the solution 

vectors as seen in the figure below.  For this example, the optimal vector is #187, corresponding 

to 57 MW of solar power, 187 MW of wind power, and a battery storage system of 63 MWh. 
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Figure 1.16.  A graphical representation of a solution vector 

(Source: [24]) 

 

In [25], the authors attempt to determine the optimal configuration of a microgrid system 

while also considering the uncertainties of solar irradiation and wind speed.  They are using the 

Latin Hypercube Sampling (LHS) method to generate samples in the search space.  The Weibull 

distribution is used to fit the wind speed data, while Gaussian distributions are used to fit the 

irradiation data and temperature data.  Several types of optimization algorithms are then 

implemented and solved in MATLAB . 

Usually faster and more efficient than exhaustive search methods, the meta-heuristic 

(artificial intelligence) methods are another option.  While still relying on simulations, these 

algorithms use various bio-inspired techniques for a more efficient selection process.  Some of 

the research efforts utilizing heuristic methods will be highlighted below. 
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For example, in [26] the authors use genetic algorithms from the MATLAB optimization 

toolbox striving to minimize both investment costs and operating & maintenance costs of a 

microgrid system while minimizing the carbon emissions of a diesel generator. 

In [27] the authors propose two competing algorithms to find the minimum cost of 

energy.  The first is also a genetic algorithm like above, while the second uses a Monte Carlo 

algorithm.  In addition, both algorithms try to optimize the margin of safety (MOS). 

In [28] the authors use a Particle Swarm algorithm to determine the optimal parameters 

for the design of a microgrid system for a remote area in Bangladesh. 

In [29] and [30] the authors use a new gradient-based Particle Swarm algorithm (called 

ñtunicateò swarm algorithm) to determine the optimum equipment sizing for a microgrid power 

system. 

In [31] the authors develop an Ant Colony algorithm to optimize the size and 

configuration of a stand-alone microgrid system consisting of wind, solar, fuel cells, batteries, 

and diesel generators.  The authors conduct three case studies and compare their results with 

results from competing GA algorithms. 

In [32] the authors introduce a novel fuzzy-logic based optimization algorithm called 

modified cuckoo search (MCS).  It is a multi-objective algorithm designed to optimally size a 

microgrid system to obtain the lowest cost of energy and the lowest probability of loss of service.  

The authors also compare MCS with other similar optimization algorithms. 

In [33] the authors used a novel approach called Dragonfly algorithm (DA) to perform 

multi-objective optimization for designing a microgrid system for a remote settlement in Egypt.  

As in the previous examples, the authors also compare it with other competing algorithms such 

as NSGA and MODE. 
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In [34], the author presents another method for optimizing the size of a microgrid system.  

As before, the objective is to minimize the total cost of the system, but the author uses a 

Harmony Search algorithm, which is an optimization technique inspired by musical 

improvisation, to find the optimal solution.  The author then applies the proposed method to a 

case study of an isolated island in Korea, and compares the results with other optimization 

methods, such as genetic algorithms and particle swarm optimization algorithms. 

There are quite a few more references that could be included in this category, but they all 

seem to suffer from a common problem.  They are all strictly simulation based and rely on 

hourly power consumption and power production data over a whole year (or even the entire 

lifetime of the project) to determine the feasibility & validity of found component combinations.  

This results in an extremely large search space, requiring an enormous overhead computational 

load, and requiring the usage of special simulation and computational software tools such as 

MATLAB . 

In addition, most of the presented applications are hypothetical in nature and seem to 

serve strictly as a validation tool for a novel or re-designed analytical or meta-heuristic 

algorithm, without much concern about an actual microgrid system design problem at hand.  

Correspondingly, the system models are at best sketchy and incomplete, at worst inaccurate or 

sometimes completely missing.  The actual case study data is often hidden or omitted altogether, 

making it impossible to test the algorithms, or to re-create and re-run the case studies.  And even 

in the rare occasions when all the information is present, it is still difficult to test the algorithms, 

and adapt them for another engineering problem, because special software packages might be 

required which are often expensive and / or not widely available outside of the academic world.   
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In short, simulation-based optimization techniques usually result in a workable system, 

but these approaches require detailed system data, are typically computationally very expensive, 

have slow convergence rates, are often too specific to a particular problem, and are therefore by 

and large of very little value for making practical engineering decisions when designing 

microgrid systems. 

Besides analytical and meta-heuristic algorithms, typically designed and tested for 

individual case studies, there are also several software packages, some even of commercial 

quality, specifically designed for microgrid power system optimization.  Some examples are 

HOMER, iHOGA, RETScreen, Hybrid2, TRNSYS, INSEL.  The first two (HOMER and 

iHOGA), are specifically designed to simulate and solve microgrid power system problems and 

will be discussed in more detail below. 

The most popular optimization software package is called HOMER (Hybrid Optimization 

of Multiple Electric Renewables).  HOMER was originally developed in 1993 for the 

Department of Energy (DOE) to help determine the tradeoffs of different energy production 

configurations.  Several years later it was made available to the general public and has been 

steadily improved and adapted to new developments in the power industry. 

Currently it is available as a free version called HOMER QuickStart, as well as 3 paid 

packages called HomerPro for stand-alone microgrids, HomerGrid for grid-tied systems, and 

HomerFront for large utility-scale hybrid systems. [35] 

As an alternative to MATLAB  / Simulink, HOMER software combines engineering 

calculations and economics calculations in one simulation and optimization package.  It can 

simulate the performance of power systems and suggest optimal configuration choices.  

According to HOMER Proôs User Manual, it uses two optimization algorithms.  The original 
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exhaustive, iterative search algorithm simulates all possible system configurations.  The new 

HOMER Optimizer uses a ñproprietaryò algorithm to search for the optimal system more 

efficiently. [36] 

To get started, the user provides a range of input variables such as load demand, fuel cost, 

various component costs, lifetime of the project, interest rates, etc.  Then the HOMER software 

simulates, optimizes, and performs sensitivity analysis for possible combinations of components, 

and sorts solutions according to optimization choices such as lifecycle cost or net present cost as 

shown in the block diagram below [37]:  

 

Figure 1.17.  HOMER block diagram.  

(Source: [37]) 

 

The results can be viewed in various formats, such as tables, charts, and maps, and can 

also be exported to other applications.  Below are typical output screens after HOMER finishes 

its calculations: 
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Figure 1.18.  HOMER output tree 

(Source: [37]) 

 

 

Figure 1.19.  HOMER output table 

(Source: [37]) 

 

In research circles HOMER seems to be quite popular for case studies and system 

analyses.  For example, [37] investigates the potential of microgrid power systems to address 

electricity access issues in Rwanda where 47% of the population still lacks access to the power 

grid.  The study aspires to identify the most suitable configuration to provide reliable and cost-

effective electricity to off-grid dwellers.  HOMER is used to simulate four (4) different 
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configurations, with the conclusion that for Rwanda, a hydro/solar/battery combination is the 

most cost-effective solution. 

Similarly, [38] explores the viability of different types of microgrid power systems for 

supplying electricity remote areas in India.  Various combinations of renewable energy sources, 

including solar, wind, diesel, biomass and hydro, are analyzed in this prefeasibility study and 

recommendations are made based on HOMER simulations. 

In [39], ways to achieve a zero-emission electric power system for the Gran Canaria by 

2040 are explored.  The study uses HOMER to analyze six (6) different combinations of 

photovoltaic (PV), offshore wind, pumping storage, and mega-batteries to supply electric energy 

to the island.  The most economical solution is then presented, consisting of 3700 MW of PV, 

700 MW of offshore wind, 607 MW of pump storage, and 2300 MW of battery capacity to 

supply the necessary electric power to the island. 

In [40], the feasibility of replacing diesel-based power systems with hybrid renewable 

energy systems (HRES) in remote areas of Northern Canada are examined.  The study uses 

HOMER to simulate and optimize different HRES configurations, including combinations of 

photovoltaic, diesel generators, and battery storage systems.  It determined that a PV-Diesel-

Battery combination was the most effective, reducing fuel consumption by up to 22% and 

lowering the levelized cost of electricity compared to the existing diesel-only systems. 

More examples could be listed here, but generalizations can already be made.  HOMER 

is quite a powerful, polished software package especially useful for prefeasibility studies of large 

microgrid power systems.  While performing quite well, HOMER has some limitations:  it is not 

easily customizable for specific problems because actual power demand data cannot be imported, 

and the user can only use broadly defined user profiles.  HOMER also uses ñblack boxò code, so 
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the user does not have an easy way to double-check or verify HOMERôs calculations.  HOMER 

only performs single-objective function optimization, the smallest time frame is 1 hour, and the 

algorithm is relatively slow, especially when performing sensitivity analysis. 

The second optimization software package considered in this dissertation is called 

iHOGA (Improved Hybrid Optimization by Genetic Algorithm).  It was developed by the 

University of Zaragoza in Spain.  The functionality is quite similar to HOMER, but it also allows 

multi-objective optimization and sensitivity analysis using genetic algorithms, with advertised 

faster convergence times than HOMER. 

Like HOMER, it is available in a paid version called PRO+, as well as a free educational 

(EDU) version.  Compared to HOMER, there are substantially more input parameters available, 

but it has an extremely cluttered feel and is not nearly as clear, focused, and well organized as 

HOMER. 

 

Figure 1.20.  iHOGA front panel 

(Source: [41]) 
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Similar to HOMER, there are also several research studies utilizing iHOGA.  For 

example, [41] presents a method for designing a microgrid energy system for a small town near 

Portland, Victoria, Australia.  The study utilizes iHOGA to determine the optimal configuration 

of the system components to ensure that the system meets the townôs energy demands efficiently.  

The characteristics of the selected system are then analyzed and discussed. 

In [42], iHOGA is used to select an appropriate combination of components and 

determine the optimum control strategy to ensure reliable operation at minimum cost for a 

village in rural India. 

In [43], the study attempts to minimize costs, enhance system reliability, and reduce 

environmental impact of a microgrid power system for an island in Columbia.  The study uses 

the iHOGA simulation tool to model different scenarios and optimize system configurations. 

There are also several papers that compare and contrast HOMER and iHOGA.  For 

example, [44] compares the performance of the two simulation tools in designing microgrid 

power systems in Romania.  The paper reports that iHOGA achieved a higher renewable energy 

share (92%) compared to HOMER (81%), and that the cost of electricity was also lower for 

iHOGA as compared to HOMER. 

Additional comparative studies were conducted in [45]-[49], and the conclusions are 

quite similar.  They report that the systems come up with comparable results, but that HOMER 

comes up with slightly higher cost-of-energy estimates than iHOGA.  But while iHOGA allows 

multi-objective optimization, and usually converges faster due to a more efficient algorithm, it is 

much more complex and time consuming to install and run due to an antiquated licensing 

mechanism and a cluttered user interface.  As one paper [47] put it:  ñThe differences between 

the interface and practicality of each software is significant, since the time consumed to prepare a 
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simulation in HOMER takes a couple of minutes, while the time consumed to develop an 

equivalent simulation in IHOGA takes a couple of hours.ò  

To summarize, commercial simulation software tools are more useful in designing 

practical microgrid power systems than analytical or heuristic optimization approaches.  

However, as mentioned earlier, some of them (e.g., iHOGA) are much too complex and cluttered 

to be of practical use - an engineer might need more time to learn the intricacies of the software 

package than it would take to figure out an optimal design by a simple trial-and-error approach. 

In addition, the software packages are often quite restrictive (e.g., HOMER only allows 

single-objective optimization, with a minimum time step of 1 hour), are not easily customizable 

(e.g. HOMER does not allow importing real demand data), have no straightforward way to re-

create or verify a solution since the algorithms are unknown, and are quite slow in getting a 

solution.  Lastly, they are often quite expensive to purchase, and cumbersome to install and run 

due to complex licensing schemes. 

 

 1.3 Objectives and Goals of this Dissertation 

To summarize the main points made in section 1.2, there are trial-and-error, rule-of-

thumb, and simulation approaches that are used to design and optimize microgrid systems.  But 

trial-and-error approaches are extremely time-consuming, and do not guarantee that an optimal 

solution will be found.  Rule-of-thumb guidelines, if they are available, are often too vague, and 

may not provide a good solution to a specific problem.   

More scientific and repeatable is the simulations-based approach.  Exhaustive search 

optimization techniques typically result in a workable system, but these approaches are 

inefficient, computationally expensive and are characterized by slow convergence rates. 
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Meta-heuristic (artificial intelligence) methods are usually faster and more efficient than 

conventional methods.  But they are also strictly simulation based and need hourly power 

consumption and power production data over a whole year or lifetime to determine the feasibility 

& validity of found component combinations.  This results in an extremely large search space, 

requiring a large overhead computational load, and requiring the usage of special simulation and 

computational software tools such as MATLAB . 

In addition, most of the examples used are hypothetical in nature and seem to serve 

strictly as a validation tool for a novel or re-designed analytical or meta-heuristic algorithm, 

without much concern for an actual microgrid system design problem at hand.  Correspondingly, 

the system models are at best sketchy and incomplete, at worst inaccurate or sometimes 

completely missing.  The actual case studies data is often hidden or omitted altogether, making it 

impossible to test the algorithms, or re-create and re-run the case studies.  And even in the rare 

occasions when all the information is present, it is still difficult to test the algorithms, and adapt 

them for another problem, because special software packages might be required which are often 

expensive and / or not widely available outside of the academic world. 

Commercial software simulation tools like HOMER and iHOGA are more useful in 

designing practical microgrid systems than analytical or heuristic optimization approaches.  

However, some of them (e.g., iHOGA) are much too complex and cluttered to be of practical use 

- an engineer might need more time to learn the intricacies of the software package than it would 

take to figure out an optimal design by a simple trial-and-error approach. 

In addition, the software packages are quite restrictive (e.g., HOMER only allows single-

objective optimization, with a minimum time step of 1 hour), are not easily customizable (e.g. 

HOMER does not allow importing real demand data), have no straightforward way to re-create 
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or verify a solution since the algorithms are unknown, and are quite slow in obtaining a solution.  

Lastly, they are often quite expensive to purchase and cumbersome to install and run due to 

complex licensing schemes. 

Therefore, seeing the need for practical methods and tools to help engineers design 

efficient microgrid power systems, the overarching goal and objective of this research was 

improving existing and developing new optimization tools and techniques. 

And the objective of this dissertation is to inform the readers about the progress made in 

the research area of optimization and design of isolated microgrid systems, and to present unique 

and novel solutions to the microgrid system design dilemma. 

 

 1.4 Accomplishments and Achievements Presented in this Dissertation 

In line with the goals and objectives outlined above, this dissertation presents the 

following accomplishments and achievements: 

¶ Developed a brand-new microgrid system design method called ñDaily Energy 

Balanceò method (DEB).  This method is uniquely different from all existing 

approaches in that it does not attempt to match power quantities for each hour.  

Instead, this method aims to achieve a balance between generated and consumed 

energy over the course of a day.  As a result, this method is more efficient, much 

faster, more customizable, and in general more engineer friendly as compared to any 

other available microgrid system design approaches, and it can operate on any 

available computation platform. 
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¶ Developed new and revised models and equations to accurately determine the amount 

of daily energy that can be generated by generators, solar panels, and wind power 

systems. 

¶ Developed new models and equations to determine the daily battery capacity 

requirements based on the daily average power and peak power consumption, as well 

as the daily average energy generation capability of different microgrid sources. 

¶ Adapted two optimization algorithms, the Generalized Reduced Gradient (GRG) and 

a genetic algorithm (GA), to determine the optimum combination of components that 

minimize cost and maximize reliability of isolated microgrid power systems. 

¶ Employed unique multi-objective optimization operators to enable tailoring of the 

optimization results according to the preferences of the user. 

¶ Extensively tested and verified the developed models and equations with real-life 

production data of already operational wind and solar power systems. 

¶ Designed and optimized (with the new DEB method) small, medium, large and 

community-sized isolated microgrid systems using real-life power demand data. 

¶ Compared and benchmarked the resulting configurations with configurations 

determined by HOMER.  In all cases the new DEB method outperformed HOMER, 

obtaining more reasonable solutions which were less costly, more reliable, and also 

more environmentally friendly, hereby confirming the validity of the new method as 

well as itôs superiority to competing approaches. 

 

 1.5 Organization of this Dissertation 

The dissertation is organized as follows:  
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¶ Chapter 2 introduces, describes, and models technical parameters that are relevant to 

the optimization of microgrid systems.  In particular, power demand of different types 

of customers, and the power generating and energy storage ability of various hybrid 

system components are explained and quantified via equations.  Several of the 

equations are new and derived explicitly for the purpose of this dissertation.  The 

most important equations are verified with data from existing real-life power systems.  

Also, the reliability of various microgrid system components is discussed in this 

chapter. 

¶ Chapter 3 introduces, describes, and models economic parameters that are relevant to 

the optimization of microgrid systems.  In particular, the Net Present Cost (NPC) of 

various microgrid system components is determined, and equations for calculating 

them are presented.  Also discussed is Levelized Cost of Energy (LCOE), which is of 

utmost importance when optimizing microgrid systems.  Equations to compute LCOE 

are presented and discussed.  

¶ Chapter 4 contains a survey of some commonly used optimization techniques, 

including various mathematical approaches as well as machine-learning approaches, 

for single-objective, as well as multi-objective problems.  Some of the most 

commonly used techniques in each category are described, and pseudo-codes, 

flowcharts, and illustrations are used to explain each technique. 

¶ Chapter 5 introduces the novel Daily Energy Balance (DEB) method for designing 

and optimizing isolated microgrid power systems.  First, the principle of operation of 

the method is discussed.  Then the input parameters are presented, along with the 
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equations necessary for the proper operation of this method.  The chapter also 

contains a detailed problem formulation for this design method. 

¶ In chapter 6, the DEB method is tested and verified.  Different types of microgrid 

systems, of varying sizes and with varying power demand profiles, are designed with 

the DEB method.  All  solutions are verified with the kW-counting procedure to 

ensure viability of each solution.  The solutions are also compared to designs by 

HOMER.  Conclusions and suggestions for future work are made. 

 

 1.6 Summary of Chapter 1 

Chapter 1 introduced different types of microgrid systems, described several common 

applications for microgrid systems, and stated the dilemma of designing an efficient microgrid 

system.  Current design approaches in this area were described via a literature survey, the 

objectives and goals of this research and this dissertation were stated, and the achievements and 

accomplishments of this dissertation were presented.  Lastly, the organization of this dissertation 

was explained. 
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Chapter 2 - Mathematical Modeling of Technical Parameters for 

Microgrid Systems 

In general, mathematical modeling is a process of developing mathematical equations 

that describe the behavior and performance of a certain system.  In this chapter, some of the most 

important technical parameters will be introduced, and equations will be derived and tested that 

describe the interaction of various components in a microgrid system.  In particular, power 

demand of different types of customers, and the power generating and energy storage ability of 

various hybrid system components will be explained and quantified via equations.  Several of the 

equations are new and were derived explicitly for the purpose of this research.  The most 

important equations will be verified with data from existing real-life microgrid power systems.  

Also, the reliability of various microgrid system components will be discussed in this chapter. 

 

 2.1 Power Demand 

The electric power demand is the amount of electric power that is needed or requested by 

the load at a given time.  Electric power demand is usually measured in watts (W) or kilowatts 

(kW) for small systems, and in megawatts (MW) or gigawatts (GW) for large or very large 

systems. 

Electric power demand is one of the most important parameters to consider when 

designing an electric power system.  The system must always balance the supply and demand of 

electricity to ensure reliability, stability, and efficiency.  If the demand exceeds the supply, it 

could result in blackouts or brownouts.  If the supply exceeds the demand, it could result in 

inefficient operation and wasted energy resources. 
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One of the biggest challenges when optimizing an electric power system is to predict the 

demand.  It is typically highly variable, and depends on the type of customer, the time of day, the 

season, the weather, the location, etc.  

All customers can be grouped into three major groups:  residential, commercial, and 

industrial; and the power demand of different types of customers varies throughout the day 

depending on the activities and habits of the customers.  For example, residential customers tend 

to use quite a bit more electricity in the morning and evening when they are at home, compared 

to a low demand at night.  Commercial customers have a distinct increase in demand during 

business hours, while industrial customers typically have a mostly uniform demand around the 

clock. 

The power demand also varies with the seasons depending on the weather and 

temperature.  For example, residential and commercial customers tend to use more electricity in 

the summer for cooling and in the winter for heating, while industrial customers might use more 

electricity in the winter for lighting. 

The power demand also varies with location and the availability and cost of electricity 

and other energy sources.  For example, in areas with no easy access to natural gas, customers 

use more electricity for heating.  In regions with low electricity cost, power-hungry industries 

might cluster and drive up the demand [50]. 

 

 2.1.1 Load Profiles 

To visualize power demand, charts called load profiles are used to show how the electric 

power demand varies over time, such as by hour, by day, or by season.  As discussed above, 
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different types of customers have different load profiles, which need to be considered when 

optimizing a microgrid system. 

Below are some typical residential, commercial and industrial demand profiles: 

 

Figure 2.1.  A typical load profile for  residential customers 

 

 

Figure 2.2.  A typical load profile for commercial customers 
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Figure 2.3.  A typical load profile for  industrial customers 

 

As discussed earlier, residential customers tend to have a pronounced increase in demand 

during the morning hours as well as in the evening when people are at home.  Commercial 

customers have a distinct increase in demand during business hours, while industrial customers 

typically have a mostly uniform demand around the clock. 

A community load profile is typically a combination of all 3 types of customers, with 

pronounced but relatively consistent increases in the morning and again later in the afternoon and 

evening, and a substantial dip at night [51]-[53]. 

 

Figure 2.4.  A typical load profile of a community 
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 2.1.2 Peak Demand 

Load profiles are useful for visualizing peak demand and average demand.  The peak 

demand is the highest amount of electric power consumed at any given time.  It is usually 

specified over a time frame, e.g. daily, monthly, seasonal or yearly. 

ὖ ÍÁØὖὸ  

Peak demand quantifies the power system's capacity, as it indicates the maximum amount 

of electricity the system must be able to supply at any given time. 

 

 2.1.3 Average Demand 

The average demand is the aggregated amount of electricity used per unit of time. 

ὖ
ρ

Ὕ
ὴὸὨὸ 

The average demand reflects the overall energy consumption and efficiency of the system 

or the customer, as it indicates how much electricity is used over a period of time. 

 

  2.1.4 The Load Factor 

The ratio of average demand over peak demand is called the load factor, which quantifies 

how well a system, or a customer, utilizes the available capacity. 

ὒέὥὨ Ὂὥὧὸέὶ 
ὖ

ὖ
ρππϷ 

A higher load factor means a preferable constant and stable demand, while a lower load 

factor means a more variable demand with typically higher peak demands [54]. 
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 2.2 Power Output of Microgrid  System Components 

The output of a power system is the amount of electricity that the system can produce and 

deliver to the load.  It is usually measured in watts (W) or kilowatts (kW) for small-scale 

systems, and in megawatts (MW) or gigawatts (GW) for large-scale systems. 

The power output of a conventional macro-grid system is relatively constant with some 

daily and seasonal variation corresponding to variation in power demand.  However, the power 

output of a microgrid can vary greatly depending on the type and configuration of the system, as 

well as the availability and variability of the different energy sources such as solar panels and 

wind turbines. 

The power output of a microgrid system is hard to predict, but it can be estimated by 

using mathematical models and equations that describe the behavior and interaction of each 

component and/or the storage system under different scenarios.  In the following section, the 

power output of individual microgrid system components will be discussed in more detail, and 

equations will be derived and tested.  

 

 2.2.1 Power Output of Engine Generators 

The power output of internal combustion engine generators depends on several factors 

such as the size of the engine, the type of fuel, the number of cylinders, the compression ratio, 

and the efficiency.  They come in sizes ranging from a few kW to low MW. 

The power output of internal combustion engine generators is easily controllable and can 

be varied, depending on the load, between 0 and 100% of its rated value.  However, for 

efficiency reasons the generator should be operated between 50% and 80% of its rated capacity 

[55]. 
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 2.2.2 Power Output of Solar Panels 

The power output of solar panels is highly variable and depends on several factors, such 

as the location, the time of day, the weather conditions, the orientation and tilt of the panels, and 

the efficiency of the system components.  

The most crucial factor that affects the output of a solar panel is the solar irradiance, 

which is the amount of solar energy that reaches a given area per unit of time.  Solar irradiance 

varies by location, time of day, season, and latitude.  Generally, solar irradiance is higher near 

the equator and lower near the poles, and higher at noon and lower in the morning and evening. 

 

Figure 2.5.  The average daily irradiance map of the US 

(Source [56]) 

 

The second most important factor affecting the output of solar panels is the area subjected 

to irradiance.  For example, according to the Global Solar Atlas [57], the daily average solar 
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irradiance in Salina, KS, is about 5.0 kWh/m2/day.  This means that on average, each square 

meter of surface receives 5.0 kWh of solar energy per day.  To convert this value to average 

power, it is divided by 24 hours obtaining approximately 208 W/m2/hour.  However, this value 

varies greatly depending on the time of day and the weather conditions.  For example, according 

to Solcast [58], the estimated solar irradiance in Salina on September 26, 2024, at noon was 

about 800 W/m2.  This is much higher than the average value because the sun was shining 

brightly and directly overhead. 

The last factor that influences the power output of a solar system is the efficiency of the 

solar panels, i.e. the ratio of generated electric power over the available solar power.  The 

efficiency of most commercial solar panels is 17% to 20% [59], which means that at most only 

20% of the solar energy that reaches the panels is actually converted into electricity. 

In addition, there are also system losses such as shading, dust, wiring resistance, 

temperature, inverter efficiencies, etc., that reduce the performance of a solar system.  A typical 

value for system losses is 10 % - 30 % [60], which means that typical system efficiency is 

between 70 and 90 %. 

To summarize the discussion above, the power output of a solar system can be computed 

with the following equation: 

ὖί ὸ Ὅὸ ὃ –  

where I is the solar irradiance measured in watts per square meter (W/m2), A is the area of the 

solar panels in m2, and ɖpv is the efficiency of the solar panel. 

If instead of an area, a solar panel with rated power PR is given, the actual power output 

of the panel can be calculated with the following equation: 

ὖί ὸ ὖὶ
Ὅὸ

Ὅίὸὧ
–  
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where I(t) is the actual irradiation at time t, and ISTC is the irradiation at the standard test 

condition (STC) equal to 1,000 W/m2, and ɖsys is the efficiency of the solar system. 

If it is desired to model a solar system while also considering the effects of the ambient 

temperature, then the following equation can be used:  

ὖί ὸ ὖὶ
Ὅὸ

Ὅίὸὧ
– ρ ‌ Ὕὸ Ὕίὸὧ 

where ŬT is the temperature coefficient, T(t) is the ambient temperature, and TSTC is the 

temperature at the standard test condition (STC) which is equal to 25°C. 

Besides equations, there are also online tools such as NRELôs PVWatts Calculator [61], 

which considers quite detailed information such as panel orientation, tilt angle, shading, 

temperature coefficients, etc., to get a fairly accurate estimate of how much electric power a solar 

system can produce at a given location and time period. 

 

 2.2.3 Power Output of Wind Turbines 

Similar to solar power, the power output of a wind turbine is also highly variable and 

depends on several factors, such as the wind speed, the air density, the sweep area of the blades, 

and the efficiency of the wind turbine. 

The wind speed is the most crucial factor that affects the output power of a wind turbine.  

The available wind power is directly proportional to the cube of the wind speed.  This means that 

if the wind speed doubles, the available wind power increases eightfold. 

However, the actual output power of a wind turbine is not necessarily directly 

proportional to the cube of the wind speed.  Wind turbines do not produce any power when the 

wind speed is too low or too high for them to operate.  The cut-in speed is the minimum wind 

speed required for a wind turbine to start generating power, and the cut-out speed is the 
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maximum wind speed beyond which a wind turbine will shut down to prevent damage.  

According to [62], the cut-in speed is typically around 3 to 5 m/s, and the cut-out speed is around 

25 m/s for most wind turbines. 

 

Figure 2.6.  A typical wind turbine power output vs wind speed plot. 

 

The wind speed is a highly variable and often unpredictable parameter.  To determine 

current wind speeds for any place on the planet, various apps can be used, for example [63].  

There are also various maps that show average wind speed data for different regions and 

countries.  Some of them are created by the National Renewable Energy Laboratory (NREL), a 

U.S. Department of Energy research laboratory that focuses on renewable energy and energy 

efficiency.  NREL wind maps illustrate the average wind speeds at various heights above the 

surface level.  They are derived from NRELôs Wind Integration National Dataset (WIND) 

Toolkit, which is a collection of meteorological and power data for more than 126,000 sites in 

North America.  Below is one of the maps generated by NREL. 
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Figure 2.7.  The annual average wind speed map of the US 

(Source: [64]) 

 

The second most important factor that affects the output power of a wind turbine is the 

size and shape of the blades.  The available wind power output is directly proportional to its 

sweep area, which depends on the construction of the turbine as shown in the figures below: 
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Figure 2.8.  Wind turbine area calculations illustration 

(Source: [65]) 

 

The power output of a wind turbine also depends on the air density, which is the mass of 

air per unit volume.  The higher the air density, the more mass of air hits the turbine blades per 

second, and the more kinetic energy is transferred to the turbine.  The standard value of air 

density at sea level and 25°C is 1.225 kg/m³, but it varies with temperature, pressure, and 

humidity of the air as seen in the figure below: 

 

Figure 2.9.  Air density vs temperature and air pressure plots 

(Source: [66]) 
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Lastly, the output power of a wind turbine also depends on the efficiency of the turbine, 

which varies with different wind speeds and other factors, such as friction, turbulence, and blade 

design.  The efficiency of a turbine is not constant but has a range of wind speeds where it is 

highest, and it decreases when the wind speed is too low or too high. 

The Betz limit of efficiency is the maximum theoretical efficiency that a wind turbine can 

achieve.  It was proposed by Albert Betz, a German physicist, in 1919.  The Betz limit states that 

no wind turbine can capture more than 59.3% of the kinetic energy of the wind.  Intuitively this 

makes sense, because if the turbine extracted all the energy from the wind, the wind speed 

behind the turbine would be zero, and no more wind could flow through the turbine.  Therefore, 

there must be some pressure left behind the turbine for the wind to keep moving. 

The Betz limit can also be derived from the conservation of mass and the momentum of 

the air stream flowing through an idealized actuator disk that represents the turbine as shown in 

the figure below: 

 

Figure 2.10.  Idealized actuator disc representing a wind turbine 

(Source: [67]) 
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The actuator disk is assumed to have no drag or thickness and reduces the wind speed and 

pressure uniformly across its area.  The power output of this turbine is equal to the force exerted 

on the disk by the wind speed at the disk.  The turbine's efficiency is equal to the power output 

divided by the power available in the wind.  It can be shown that the maximum efficiency occurs 

when the wind speed behind the disk is one-third of the wind speed before the disk.  The 

efficiency at this point is 16/27, or 59.3%.  This is the Betz limit of efficiency.  

The Betz limit is a theoretical upper bound for any wind turbine, regardless of its design 

or type.  However, as already mentioned, there are other factors that lower the efficiency of a 

wind turbine, such as friction, turbulence, blade design, and operating conditions.  The typical 

efficiency of modern wind turbines ranges from 35% to 45% as show in the figure below: 

 

Figure 2.11.  Efficiencies of turbines with different blade designs 

(Source: [68]) 
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To summarize the discussion above, to calculate the theoretical power output of a wind 

turbine, the following equation can be used [69]:  

ὖύ ὸ
ρ

ς
ὅ ” ὃ ὺ ὸ 

where CP is the efficiency coefficient, ɟa is the air density in , A is the sweep area of 

the turbine in ά , and v is the wind speed in . 

However, this assumes that the rated power is the maximum achievable power for an 

ideal turbine.  In reality, the power output of wind turbines is non-linear, and only parts of the 

power curve exhibit cubic properties. 

To determine the actual wind turbine power output, many sources, e.g. [70]-[73], suggest 

a simple linear interpolation according to the following equation: 
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Some sources, e.g. [74], suggest a more complex, exponential interpolation without 

specifying what exponent should be used: 
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Some other sources, e.g. [75], suggest a quadratic interpolation, 
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while other sources, e.g. [76], use a basic cubic interpolation, 
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and several other sources, e.g. [77]-[79], use a much more complex version of the same cubic 

relationship. 
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To verify which of the equations gives the best approximation, the actual power curve of 

several wind turbines along with the results of calculations with different power equations were 

plotted.  First, the power curve of a small (1-kW) wind turbine was plotted utilizing data from 

[80].9 

  

Figure 2.12.  The power curve and results of approximations for a 1- kW wind turbine  

0

500

1000

1500

2000

0 2 4 6 8 10 12 14

P
o

w
e
r 

o
u

tp
u

t 
(W

)

Wind speed (m/s)

Actual power curve Linear interpolation

Quadratic interpolation Cubic interpolation



52 

For this turbine, it is clear that the linear as well as quadratic interpolation do not give a 

good approximation.  Instead, the best approximation is the cubic interpolation.  For further 

verification, a power curve for a Bergey Excel 10 wind turbine, using data from [81], was 

plotted. 

 

Figure 2.13.  The power curve and results of approximations for a 10-kW wind turbine  

 

It appears that for this turbine, the cubic interpolation is also the best fit.  Note that the 2 

cubic equations resulted in the same numbers; in fact, they are the same equation in a different 

form.  Furthermore, also note that the following simplified equation also results in a good 

approximation for low wind speeds and will be used with the new DEB method: 

ὖ ὸ ὖ
ὠὸ

ὠ
 

Besides equations, a fairly accurate estimate of how much power a wind power system 

can produce can be obtained with wind turbine calculators, for example [82]. 
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 2.2.4 Power Output of Batteries 

Rechargeable batteries are unique components in a microgrid system in that they can be a 

load (receiving power) as well as a source (supplying power), depending on the needs of the 

system at any given time. 

In either case the power input & output of a battery is governed by the equation: 

ὖ ὸ ὠὸ Ὅὸ 

where V is the voltage of the battery system, and I is the current supplied or delivered by the 

battery. 

Theoretically, the power output of a battery can be very large over a short time frame; in 

practice there are limitations associated with the maximum charge / discharge current ratings 

which limit the amount of power that can be absorbed or provided by a battery. 

This power delivering or absorbing capability of batteries is represented by the ñC 

rating,ò defined as [83]: 

ὅὶ
ρ

ὸ
 

where t is the length of time that the battery can be completely charged or discharged safely. 

Another way to represent the same idea is with the following equation [84]: 

ὅὶ
Ὅ

ὗὶ
 

where Qr is the rated energy capacity of the battery in Ah, and I is the charge / discharge current. 

 For example, if a 100-Ah battery has a 1 C rating, it can provide 100 A for 1 hour.  A 

battery with the same capacity but with a  ὅ rating could provide only 5 A over 20 hours, 

while the same capacity battery with a 10 C rating could provide 1000 A for 6 minutes. 
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Different types of batteries have different C ratings.  A rule of thumb is LiFePO4 

batteries have a limit of 0.5-1C, while lead-acid batteries have a limit of 0.1-0.3C [85].   

To summarize the discussion above, the power supplied (or used) by batteries is governed 

by the following equation: 

ὖ ὸ ὠὸ ὗὶ ὅὶ 

where V is the voltage of the battery system, and Qr is the rated capacity of the battery, and Cr is 

the batteryôs C-rating. 

Besides equations, the power supplied (or consumed) by the battery can also be estimated 

by using battery calculators, for example [86] or [87]. 

 

 2.3 Energy Output of Microgrid  System Components 

Electric energy supplied by a power system is closely related to the power generated.  

Specifically, it is equal to the power generated over a period of time.   

Ὁὸ  ὖὸὨὸ 

In the conventional electrical power industry, the time period is typically 1 hour, and the 

energy is measured in kWh.  However, for a microgrid system, the power output is often 

cyclical, so frequently the relevant energy quantity is kWh per day, per month, per season, or per 

year.  For this research, the energy per day is of utmost importance and will be primarily 

considered here. 

 2.3.1 Energy Generated by Engine Generators 

The energy output of an internal combustion generator is highly flexible and could range 

from zero to its maximum daily output of 

Ὁ άὥὼ ὖ ςτ Ὤὶί 
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In practice the energy produced by the generator is usually less, and all other 

optimization methods calculate the produced energy as the sum of the power delivered during 

each hour of the day: 

Ὁ Ὠὥώ ὖὬ 

 As mentioned before, for efficiency reasons it is desirable to run the generator at 50-80% 

of its rated power, and turn it off and use alternative power sources in times of low demand.  So 

the DEB method uses a different equation, where the run-time of the generator is also an 

optimizable parameter: 

Ὁ Ὠὥώ ὖ πȢψ ὙόὲὝὭάὩ 

 

 2.3.2 Energy Generated by Solar Panels 

As already discussed in section 2.2.2, the power output of a solar power system is 

cyclical throughout the day with a distinct peak during the noon hours, and the power generated 

during each hour can be computed using irradiation data: 

ὖί Ὤ ὍὬ ὃ –  

Most other optimization methods use either the equation above, or an alternative equation 

also introduced in section 2.2.2 which uses the rated power of solar panels: 

ὖί Ὤ ὖὶ
ὍὬ

Ὅίὸὧ
–  

The total energy produced by solar panels is then calculated as a summation of the power 

generated during each hour of the day: 

Ὁ Ὠὥώ ὖ Ὤ 
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However, these equations require that the irradiation data for each hour is known.  In 

addition, as already discussed, summation calculations are computationally expensive and time-

consuming. 

The DEB method uses a much more efficient method to calculate the amount of energy 

generated by solar panels during the day by utilizing the concept of peak-sun-hours (PSH).  A 

peak-sun-hour is defined as one hour in which the intensity of solar irradiance reaches an 

average of 1kW of energy per square meter [88].  The following illustration shows the idea 

behind this concept: 

 

Figure 2.14.  Peak-sun-hour illustration  

(Source: [89]) 

The number of peak-sun-hours is determined by integrating the solar irradiance over a 

period of time (usually a day), then dividing it by the standard test condition (STC) irradiance of 

1,000 W/m2: 
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ὖὛὌ ὸ
᷿Ὅὸ

Ὅ
 

The number of peak-sun-hours varies by location, weather condition, and season.  To 

obtain an estimate of how many peak-sun-hours a certain location receives, various sources 

could be used.  For example, there are tables [89] and maps [90] that show the peak-sun-hours 

for a specific geographic location. 

 

 

Figure 2.15.  Winter peak-sun-hours map of the US 

(Source: [90]) 

 

There are also several calculators where peak-sun-hours for a specific location can be 

estimated using historical data, e.g. in [91] and [92].  Using these calculators, it can be 
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determined that the yearly average peak-sun-hours for Salina, KS, are approximately 5.33 hours 

per day.  

 

Figure 2.16.  Monthly peak-sun-hours chart for Salina, KS 

(Source: [92]) 

 

Using the number of peak-sun-hours for a specific location, the approximate energy 

output of a solar panel with a rated power output can then be calculated as follows: 

ὉίὨὥώḙὖ ὖὛὌ–  

where a typical system efficiency is χπϷ – ωπϷ 

To employ this equation for the DEB optimization method, it was critical to verify that 

the equation above is a reasonable approximation.  To verify it, first a 915 W portable solar 

generator with an estimated efficiency of 80% was used.  Using the equation above, the expected 

power generated per day in the month of October in Salina, KS, is: 

ὉίὨὥώ ωρυὡ υȢςυ ὬὶίπȢψ σψτσ ὡὬ 

The actual power produced was only marginally (3 Watts) less: 

ὉίὨὥώ ψπϷ έὪ τȢψ ὯὡὬ ὦὥὸὸὩὶώσψτπ ὡὬ 
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For further verification, a fully functional solar system on K-State Salinaôs campus was 

used, which consists of 74 Canadian-Solar 325-W ground-mounted solar panels with a total 

nominal output power rating of about 24 kW. 

The output of the solar system can be monitored via a link [93], and the energy 

production per day, per month, per year, or per lifetime can be monitored, recorded and plotted 

as shown in the figure below. 

 

 

Figure 2.17.  Energy production chart for K -State Salinaôs solar system 

 

Note that in 2017 and 2022, the system was operational for only part of the year, but the 

energy production for fully-operational years, 2018-2021, averaged about 37 MWh.  Using the 

average PSH of 5.33 and an efficiency of 80%, the predicted energy output of the solar system 

is: 

ὉίώὩὥὶςτ Ὧὡ υȢσσ ὬὶίσφυπȢψ  σχȟσυσ ὯὡὬ 

Again, the predicted energy production is very close to the actual production numbers 

(within 1%), confirming the validity of the PSH-based energy equation. 
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 2.3.3 Energy Generated by Wind Turbines 

The energy production of a wind power system is also a function of power generated over 

a period of time.  The period could be an hour, a day, a week, or a month, but as discussed in 

section 2.2.3, the wind speed is highly variable and difficult to predict.  For example, below is a 

plot of the average wind speed in miles-per-hour for Salina, KS, for a specific day (June 15, 

2024), according to [94]:

 

Figure 2.18.  Hourly wind speed averages chart for Salina, KS, on June 15, 2024 

 

Other optimization methods use the hourly wind speed averages to calculate the 

generated energy per day by accumulating the generated power for each hour using any of the 

power equations presented in section 2.2.3, e.g.: 

Ὁ  Ὠὥώ ὖὬ ὖ
ὠ Ὤ

ὠ
 

But as discussed already, this equation requires detailed wind speeds over the course of a 

day.  In addition, this method again requires extensive and time-consuming calculations.  For the 

DEB method, it was more desirable to calculate the generated energy based on daily, monthly or 

even yearly average wind speeds, which are available from different sources.  For example, 

below is a plot of the average daily wind speed in miles-per-hour for Salina, KS, for a whole 

month (June of 2024), with the peak wind speeds (gusts) also given in [95]: 
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Figure 2.19.  Daily wind speed averages chart for Salina, KS, in June 2024 

(Source: [95]) 

 

There are also tables, plots, or maps that give the expected monthly or yearly average 

wind speeds.  For example, according to [96], the monthly average wind speed in June 2024 for 

Salina, KS, was between 5 and 6 m/s. 

 

Figure 2.20.  Monthly average wind speed map of the US for June 2024 

(Source: [96]) 

 

However, the generated energy cannot be directly computed from the average wind 

speed.  For example, given a wind turbine with a nominal (rated) output of 10 kW @ 12 m/s (27 
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mph), if the wind has a constant wind speed of 5 m/s (11.2 mph) for a day, the expected energy 

output of the wind turbine per day would be: 

Ὁ Ὠὥώ ρπ Ὧὡ
υ άȾί

ρς άȾί
ςτ Ὤὶίρχ ὯὡὬ 

However, if the wind speed is zero for the first 12 hours of the day, then 10 m/s (22.4 

mph ï double the speed above) for the rest of the day, then the average speed per day is still 5 

m/s, yet the energy output per day is four times as much: 

Ὁ Ὠὥώ ρπ Ὧὡ
ρπ άȾί

ρς άȾί
ρς Ὤὶίφω ὯὡὬ 

The conclusion is that commonly used wind energy generation equations are only useful 

when the wind speed is constant during a specific time period.  However, the wind speed is 

usually not constant, so the estimated energy is significantly less than the actual energy 

produced. 

A large body of work in this research was done trying to determine an equation 

describing the relationship between average wind speed and the expected energy output.  The 

closest approximation determining the expected energy production of wind turbines per day was 

found to be: 

Ὁ Ὠὥώḙς ὖ
ὠ

ὠ
ςτ 

Again, this is a critical equation for the DEB method, and it had to be verified before it 

could be used for microgrid design and optimization.  Therefore, the equation above was verified 

with two separate wind power systems.  The first was the 1-kW wind turbine already presented 

in section 2.2.3.  It is rated 1 kW @ 8 m/s [80].  According to the equation above, given a 5 m/s 

average wind speed in Salina, KS, the expected energy production per year is: 
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Ὁ ώὩὥὶς ρ Ὧὡ
υάȾί

ψ άȾί
ψχφπ Ὤὶίτȟςχχ ὯὡὬ 

This number closely aligns with the expected energy production according to the data 

sheet of the turbine (4,450 kWh per year at 5 m/s), confirming the validity of the wind energy 

equation. 

The second test was performed with a real-world 10-kW Bergey Excel wind turbine that 

is located on K-State Salinaôs campus.  According to the wind turbine specification found in 

[81], the expected yearly output of the turbine is: 

Ὁ ώὩὥὶς ψȢω Ὧὡ
υάȾί

ρρ άȾί
ψχφπ Ὤὶίρτȟφττ ὯὡὬ 

  Using historical data available at [97], the actual output of the turbine for the years 

2018-2022 was as follows: 

Table 2-1.  Yearly production data of the K-State Salinaôs wind turbine 

 

Again, the actual average energy output of the wind turbine is very close (within 2 %) of 

the predicted number calculated via the wind energy equation, further confirming the validity of 

the equation. 

 

  2.3.4 Energy Stored in Batteries 

As already discussed, storage systems are a critical component in a microgrid because it 

allows peak-shaving and load-leveling.  However, batteries are also some of the more expensive 

parts of a microgrid, so all optimization approaches attempt to select the appropriate size - not 

too big and not too small - of the battery bank to minimize costs.  In this section, first the battery 

Year 2022 2021 2020 2019 2018 Average

Output (kWh) 15564 14018 13996 14703 13500 14356
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sizing approaches used by other optimization methods will be discussed, followed by approaches 

used by the DEB method. 

 

 2.3.4.1 Battery Capacity and State-of-Charge (SoC) Equations 

The maximum amount of energy that can be stored in batteries is a product of its output 

voltage and its rated capacity Q (measured in Ah) according to the following equation: 

Ὁ ÍÁØ ὠ ὗ  

 As the battery is charged or discharged, the energy available in the battery at time 

t is equal to: 

Ὁ Ô ὠὸ ὗὸ 

Instead of capacity Q(t), usually the unit-less term called state-of-charge (SoC) is used: 

Ὓέὅ ὸ
ὗὸ

ὗ
 

So that the energy available in a battery can be calculated according to the following 

equation: 

Ὁ Ô ὠὸ Ὓέὅὸ ὗ  

Most other optimization methods use the equation above to determine the required 

battery capacity for proper operation of the isolated microgrid.  First, for each hour the SoC is 

estimated, for example with the direct measurement method: 

ὛέὅὬ ὛέὅὬ
–

ὗ
ὭὬ Ὤ Ὤ  

Then the energy stored in the battery is computed as follows: 

Ὁ È ὠὬ ὛέὅὬ ὗ  

If the stored energy is less than the required energy for a particular hour, i.e. 
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Ὁ Ὤ ȿὖ Ὤ  ὖ Ὤ  ὖ Ὤ  ὖ Ὤȿ Ὤ Ὤ  

then QR is increased until the energy demand is met. 

 

 2.3.4.2 State-of-Charge (SoC) Estimation Methods 

Besides being inefficient, the biggest problem with the above approach is that it is quite 

difficult to accurately determine the state of charge of a battery in real-time like one could 

measure the fluid level in a gas tank.  Whole dissertations and books have been written on this 

subject already.  But since this subject is extremely important for simulation-based microgrid 

design methods, this section will present some of the more common SoC estimation approaches. 

The different methods for state-of-charge estimation can be broadly classified into three 

categories as suggested in [98]: direct-measurement method, model-based method, and data-

driven method as seen in the figure below: 

 

Figure 2.21.  SoC estimation methods classification 

 

The direct-measurement method is the simplest and most accurate way to estimate the 

capacity of a battery.  It is often called the Coulomb-counting method, and it works by measuring 

the total amount of current that flows in and out of the battery during a complete cycle.  As 

already briefly introduced above, the equation for the direct measurement method is: 



66 

Ὓέὅὸ Ὓέὅὸ
–

ὗ
ὭὸὨὸ 

where SoC is the initial state of charge at time t0, QRATED is the nominal capacity, – is charging 

efficiency of the battery, and i(t) is the current at time t. 

The next SoC estimation method, called the model-based method, relies on mathematical 

models that describe the battery behavior and dynamics.  There are quite a few models, such as 

kinetic models, electrochemical models, equivalent circuit models, analytical models, etc. [99] 

Only some of the more commonly used models will be discussed more in-depth in this section. 

One of the most popular models is the kinetic battery model (KiBaM).  According to this 

model every battery has two tanks of charge: one that is available for immediate use, and one 

that is bound and needs time to transfer to the available tank, as shown in the figure below: 

 

Figure 2.22.  Kinetic Battery Model illustration  

(Source: [100]) 

 

In this model, a fraction c of the total capacity Q is in the available charge tank (y1), and 

the remaining fraction 1 ī c is in the bound charge tank (y2).  The available charge tank supplies 
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current directly to the load i(t); the bound-charge tank supplies charges only to the available-

charge tank. 

The excess charge flows from the bound charge tank to the available charge tank through 

a valve with a fixed conductance k.  The rate at which charge flows between the tanks depends 

on the potential difference (height) between the two tanks. 

The heights in the two tanks can be determined by the following equations [101]: 

Ὤ ὸ
ώ

ὧ
 

Ὤ ὸ
ώ

ρ ὧ
 

The rate of change of charges in the two tanks is governed by the system of equations: 

Ὠώ

Ὠὸ
Ὥὸ ὯὬ Ὤ  

Ὠώ

Ὠὸ
ὯὬ Ὤ  

with initial conditions Ù π  Ã  #, and Ù π ρ Ã #. 

A simplification can be performed via coordinate transformation: 

‎ ώ ώ 

‏ Ὤ Ὤ 

resulting in the following differential equations: 

Ὠ‎

Ὠὸ
Ὥὸ 

Ὠ‏

Ὠὸ

Ὥὸ

ὧ
Ὧ‏ 

with initial conditions ‎π  #, and ‏π π , and Ὧ  
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With a constant current drain I, the equations above can then be solved (with Laplace 

transforms) as follows: 

‎ὸ ώ ώ ὸ ὅ Ὅὸ 

ὸ‏ Ὤ Ὤ ὸ
Ὅ

ὧ

ρ Ὡ

Ὧ
 

The KiBaM model is one of the most popular models because it captures some important 

features of batteries, such as the rate-capacity-effect and the recovery-effect.  The rate-capacity 

effect means that the battery capacity decreases when the discharge current increases.  The 

recovery effect means that the battery voltage will  increase after the load is disconnected, as 

additional bound charges become available.  The KiBaM is also popular because it can be used 

to model different types of batteries, such as lead-acid, lithium-ion, or nickel-metal hydride.  

There are other models, for example the equivalent circuit model, which uses ideal 

resistors, capacitors, current and voltage sources to represent complex impedance, current, power 

and voltages in the battery.  One can then estimate the battery capacity by solving the simplified 

equivalent circuit of the battery.  

Another model, called the electrochemical model, measures the internal chemical and 

electrical parameters of the battery, such as concentration, potential, and temperature, and 

estimates the battery capacity by solving sets of differential equations that represent the 

conservation laws of mass, charge, and energy. 

The analytical model estimates the battery capacity by deriving some analytical 

expressions and equations that relate the battery capacity to some measurable variables, such as 

voltage, current, or state of charge [102]. 

The last SoC estimation method, called the data-driven method, uses machine learning or 

statistical techniques to learn the relationship between the battery capacity and some features 
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extracted from the measured data, such as terminal voltage, current, temperature, internal 

resistance, etc.  This method can estimate the battery capacity without requiring a specific battery 

model, but it needs a large amount of data for training and validation and may not work well for 

different operating conditions or different battery types. 

To visualize the data-driven method, observe the plot below that shows the relationship 

between battery voltage and the SoC for an LFP battery.  This data can be stored in tables and 

then be used to train algorithms to accurately predict the SoC based on measured battery 

voltages. 

 

Figure 2.23.  SoS vs voltage plot 

(Source: [103]) 

 

There are different training and learning algorithms.  For example, the deep transfer 

learning method can estimate the battery capacity by using partial segments of 

charging/discharging data, which are often easier to obtain than full cycles.  A convolutional 

neural network (CNN) is used to extract the features and a fully connected network (FCN) is 
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used to estimate the capacity.  The CNN and FCN are trained on part of the source data and then 

fine-tuned with the rest of the data [104]. 

 Another learning method is called the electrochemical impedance spectroscopy (EIS).   It 

is based on the measurement of the battery impedance at different frequencies, which reflects the 

internal states of the battery.  The EIS data is then used as inputs for machine learning models, 

such as Gaussian process regression (GPR), support vector machines (SVM), or neural networks 

(NNs), to predict the battery capacity [105]. 

There are quite a few additional methods such as ñcloud charging data methodò [106], 

ñvisual cognition methodò [107], ñdifferential thermal voltammetry methodò [108], etc.  All 

methods basically measure battery parameters such as terminal voltage, current, temperature, 

state of charge, etc., during different charging and discharging processes.  They then use various 

classification and aggregation approaches to estimate the remaining battery capacity. 

 

 2.3.4.3 IEEE Battery Sizing Methods and Standards  

Besides SoC approaches which are very computationally intensive, there are other 

published methods with reduced complexity which can be used to determine the proper size of 

batteries.  Unfortunately, these methods apply only indirectly to the microgrid design dilemma, 

because they are meant to be used only for designing battery-backup systems.  

For example, there is the IEEE 485 standard that is applicable for sizing batteries for 

short duration, high-current applications, such as uninterruptible-power-supplies (UPS) for data 

centers, hospitals, etc., where the maximum discharge current might significantly exceed the 

average discharge current. 
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The suggested procedure is to divide the power demand into piece-wise constant load 

sections as shown in the diagram below: 

 

Figure 2.24.  Diagram of a battery duty-cycle 

(Source:[109]) 

For each section, the required capacity is determined with the following equation: 

ὗ ὃ ὃ Ὧ 

The discharge factor kt is calculated as follows: 

Ὧ
ὗ  ὃὬ

ὃ ὃ
 

where Qnom is nominal capacity of the battery, and AT is the available current during section T. 

These parameters are usually given by battery manufacturers in tables: 

Table 2-2.  Battery capacity and discharge parameters 

(Source: [109]) 
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Using this table, for a battery with an 8-hour nominal capacity of 104 Ah, if a section 

requires 100 A for 2 hours, then:  

Ὧ
ρπτ ὃὬ

σχ ὃ
ςȢψρ Ὤὶ 

And the required capacity would then be equal to: 

ὗ ὃ Ὧ ρππὃ ςȢψρ Ὤὶ ςψρ ὃὬ 

The total unadjusted capacity is the sum of all section capacities.  It needs to be adjusted 

for temperature & age, as well as a small safety (design) margin needs to be added to the total 

required capacity. 

Another standard is called IEEE 1013 and is applicable for longer-duration, lower current 

applications, when the maximum discharge current is not much greater than the average 

discharge current.  This standard is mostly applicable to off-grid applications, where a certain 

number of autonomy days are desired when no input power is available.  The standard lists 

several sample applications, for example keeping a remote communication station powered for 

several days without any other source of power. 

 

Figure 2.25.  Load profile of a communication station 

(Source: [110]) 
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The design procedure is similar to IEEE 485.  First, the expected daily load, including 

momentary and also running currents, along the duration of each load are recorded in a table.  

Based on this data, the unadjusted capacity is calculated by multiplying daily amp-hour 

requirements by the number of desired autonomy days.  This capacity is then adjusted for 

different battery characteristics and operating conditions. 

For the example plot above, the total unadjusted capacity QT can be calculated as follows: 

ὗ ὃ ὸ ρχȢψ ὃὬ 

ὗ ὗ Ὀ ρχȢψ ὃὬ ρυ Ὠὥώίςφχ ὃὬ 

This capacity then needs to be adjusted for depth-of-discharge (DoD), which refers  

to the degree that a batteryôs capacity has been used during a discharge cycle.  It is typically 

expressed as a percentage, where 0% indicates no discharge (fully charged) and 100% indicates 

complete discharge (fully depleted). 

The maximum depth-of-discharge (MDoD) refers to the deepest level to which a battery 

can be discharged without causing damage or significantly reducing its lifespan.  The MDoD 

depends on the battery chemistry and is usually given by battery manufacturers.  To ensure 

longevity, the DoD for flooded lead acid batteries should typically not exceed 50%, with 80% for 

AGM and Gel batteries, and 90% for LFP batteries. 

So for the example above, given an AGM battery with a MDoD of 80%, the required 

battery capacity would be: 

ὗ
ςφχ ὃὬ

πȢψ
σσσȢχυ ὃὬ 
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Besides IEEE guidelines, other simplified guidelines are also available, for example in 

[111].  According to this guideline, the minimum required battery capacity can be calculated by 

using the following approximations for lead-acid batteries: 

ὗὸ
Ὅ ὸ

πȢπςὸ πȢφ ὈέὈ
 

or the following approximation for lithium-ion batteries: 

ὗὸ
Ὅ ὸ

ὈέὈ
 

Using these equations, to power a 150 W @ 12V load for 4 hours, the required flooded-

lead battery capacity would be: 

ὗὸ
ρςȢυ τ

πȢπςτ πȢφ πȢυ
ρτχ ὃὬ 

However, if a lithium battery with a MDoD of 80% is used, then the same load can be 

powered with only a 62.5-Ah battery. 

 

 2.3.4.4 Battery Sizing Equations for the DEB Method 

But as already mentioned, the methods described in the section above are only designed 

for battery back-up applications, and are not really helpful for designing a microgrid system with 

variable hybrid power sources.  Therefore, alternate methods and equations were developed for 

the daily energy balance (DEB) method to determine the correct amount of storage capacity 

which is necessary for the proper operation of a microgrid. 

The most accurate method found was a kW-counting procedure.  The basic idea is that 

for a microgrid to function properly, the minimum required energy storage capacity of the 

battery bank needs to match the difference between the generated and consumed power for each 
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time frame.  To illustrate the kW-counting procedure, observe the example power demand plot 

below. 

 

Figure 2.26.  Illustration of the kW -counting procedure 

 

For the first 5 hours, the difference between consumed and supplied energy is negative, 

meaning that there is a surplus of energy available to re-charge the battery.  During the evening 

hours, the difference is positive, meaning that the battery is now delivering power to the load and 

is being discharged.  The battery capacity needs to be sized so that it is able to absorb the 

positive as well as the negative demand, and can be determined as follows: 

Ὁ Ὠὥώ ÍÁØ ὖ Ὤ  ὖ Ὤ ȟ  ὖ Ὤ ὖ Ὤ   

In an optimally designed system, the charging and discharging energy demand is exactly 

the same and can be calculated as follows: 

Ὁ Ὠὥώ
ὖ Ὤ  ὖ Ὤ

ς
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For the example above, EB (in) and EB (out) are both exactly 67 kWh.  This number still 

needs to be adjusted for the MDoD of the battery to determine the total daily storage capacity. 

The kW-counting procedure, similar to the SoC estimation methods discussed earlier, 

still requires detailed power demand and power generation data, and is also an inefficient and 

computationally expensive approach.   However, it will be used in chapter 6 to verify the validity 

of the obtained solutions. 

But for designing and optimizing an isolated microgrid with the DEB method, a novel 

battery sizing approach is proposed.  Because exact power demand parameters are often 

unknown, this approach estimates the daily battery capacity requirements based only on the daily 

average and peak power demand, as well as the daily average energy generation capability of 

various microgrid sources. 

If the generator supplies constant power that exceeds the average demand, the battery 

capacity for supplying load-leveling energy can be approximately computed as follows:  

Ὁ Ὠὥώ ὖ
ὖ  ὖ

ς
ὙόὲὝὭάὩ 

However, if the generator is supplying only the average demand, the required battery 

capacity for peak-shaving energy can be approximately determined as follows: 

Ὁ Ὠὥώ
ὖ  ὖ

ς
 ὖ ρς 

which simplifies to: 

Ὁ Ὠὥώ
ὖ  ὖ

ς
 ὖ ρς ὖ  ὖ φ 

Similarly, if the entire energy demand EDAY is covered by solar energy, which is only 

available during the day-light hours of the day, the required battery capacity can be 

approximately determined as follows: 
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Ὁ Ὠὥώ
Ὁ

ρς
 ὖ ρς

Ὁ

ς
 

If less than the entire demand is covered by solar energy, the total battery demand is 

derated by the ES / EDAY factor and can be computed as follows: 

Ὁ Ὠὥώ
Ὁ

ς

Ὁ

Ὁ

Ὁ

ς
 

Wind energy is typically fairly constant over the course of the day and decreases the 

overall battery requirement by a derating factor of: 

ὈὊ ρ
Ὁ

Ὁ
 

To combine the equations above, the total battery requirement of a microgrid system can 

be approximately determined with the following linear equation: 

Ὁ Ὠὥώ ὖ  ὖ φ
Ὁ

ς
ρ

Ὁ

Ὁ
 

The linear equation was verified in chapter 6, and proved a passable approximation. 

However, the actual battery requirements are non-linear.  For example, using the kW-counting 

procedure, the following plots were obtained that show the battery capacity requirements for 

various combinations of wind, solar, and generator power for a system with a total energy 

requirement of 300 kWh. 
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Figure 2.27.  Daily battery capacity requirement plots for various power source 

combinations 

 

Various curve fitting procedures were performed; the smallest root-mean-squared-error 

(RMSE) was achieved with a quadratic approximation with the following equation: 

Ὁ Ὠὥώ ὖ  ὖ φ πȢυ
Ὁ

Ὁ
πȢς Ὁ πȢς

Ὁ

Ὁ
πȢς Ὁ  

Both the linear approximation and the quadratic approximation were extensively tested 

and compared with results from the kW-counting procedure in chapter 6, confirming the validity 

of the derived approximations. 

 

 2.3.5 Combined Energy Output of Microgrid  Systems 

To determine the levelized cost of energy (see section 3.5), it is necessary to compute the 

total combined energy generated by all components of a microgrid system over the lifespan of a 

project.  The equation is as follows [112]: 
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ὅέάὦὭὲὩὨ Ὁ Ὁ Ὥ 

 

 2.4 The Reliability of Microgrid  Systems 

In addition to power generating and storage capabilities, the reliability of the microgrid 

system is often an additional technical parameter that an engineer might be tasked to optimize.  

The reliability of a microgrid system can be quantified by various indices, which are used 

to measure the availability and quality of the power supplied to the customers or loads.  Below, 

some of the common reliability indices for microgrid systems will be introduced, along with 

different types of uncertainties and ways to deal with them [113]. 

 

 2.4.1 Microgrid  System Reliability Indices 

Loss of load expected (LOLE) is the total number of hours for which the microgrid 

system is unable to provide the load with the requested power.  This factor accumulates the 

number of hours that the hybrid system cannot supply the required power to the loads during the 

total time period.  The LOLE is computed as follows: 

ὒὕὒὉ ὸ ὸ 

Loss of load probability (LOLP) is the ratio of the number of hours for which the 

microgrid system was unable to provide the load with the requested power divided by the total 

number of hours in the time period. 

ὒὕὒὖ
ὸ Ὥ

Ὕ

ὒὕὒὉ

Ὕ
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Level of autonomy (LA) is the percentage of time that the power supply is available to 

the customers over a given time period. 

ὒὃ ρ
В ὸ Ὥ

Ὕ
ρ ὒὕὒὖ 

Expected energy not supplied (EENS) is obtained by multiplying the average power 

demand by the total number of outage time intervals. 

ὉὔὛ ὖ Ὥ ὒὕὒὉ 

Finally, loss of power supply probability (LPSP) is the ratio of energy not supplied 

divided by the total energy supplied. 

ὒὖὛὖ
ὉὔὛ

ὖὭ Ўὸ
 

The goal of many microgrid optimization algorithms is to minimize the LPSP. 

 

 2.4.2 Power Demand Uncertainties 

To minimize LPSP, it is imperative to ensure that the available power and energy is 

greater than or equal to the power demand of the loads for each time interval, i.e.: 

ὖ ὸ ὖ ὸ ὖ ὸ ὖ ὸ ὖ ὸ 

But as already discussed in section 2.1, the power demand is typically highly variable, as 

it depends on many factors, such as weather, economic activity, and consumer behavior. 

One possible way to deal with electric power demand uncertainty is to use probabilistic 

forecasting methods, which estimate the probability distribution of future demand based on 

historical data and the likelihood of unusual events.  Another approach is called ñscenario 

analysisò, which constructs a set of plausible future demand trajectories based on different 
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assumptions and narratives, such as the growth of electric vehicle usage, the increase in 

distributed generation, the expansion and reliability of transmission and distribution networks, 

and the increased integration of renewable energy sources. 

Probabilistic forecasting and scenario analysis can be used in a complementary way to 

quantify electric power demand uncertainty. Probabilistic forecasting can provide more precise 

and consistent estimates of demand uncertainty in the short to medium term, while scenario 

analysis can provide more flexible and comprehensive insights into demand uncertainty in the 

long term [114]. 

 

 2.4.3 Power Supply Uncertainties 

As discussed earlier in this chapter, the power supplied from renewable energy sources 

such as wind and solar is highly variable and comes with a high degree of uncertainty.  Below, 

some of the individual uncertainties and methods to deal with them will be discussed in more 

detail. 

Photo voltaic uncertainty is the degree of variability and unpredictability in the output of 

PV systems.  To deal with this uncertainty, PV resource forecasting is used.  It involves 

collecting and analyzing meteorological data as well as historical data to predict solar irradiance 

and PV output.  One of the most important tools for PV resource forecasting are satellite images 

that track cloud movements and thickness.  There are also ground mounted instruments such as 

cameras, LIDARs and ceilometers that allow to estimate cloud height and density.  There are 

also statistical methods and algorithms that are trained with historical data, and which allow the 

identification of patterns in the past and making predictions for the future [115]. 
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Another source of PV power production uncertainty is the variability related to the 

degradation rate of solar panels.  While all solar panels experience the degradation effect, the 

quality of materials used in PV modules significantly affects their longevity.  Additional factors 

like temperature, humidity, and UV radiation can also accelerate or slow down the degradation 

rate of PV modules.  There are multiple methodologies that are used to forecast PV degradation 

rates such as Linear Regression (LR), Seasonal Decomposition, Autoregressive Integrated 

Moving Average (ARIMA), and Robust Principal Component Analysis (RPCA) [116]. 

There are also several software programs and tools specifically designed to predict the 

power output of solar panels.  For example, Solcast is a company that specializes in providing 

solar resource assessment and forecasting data.  They use a combination of weather satellites, 

computer vision, historical data, and machine learning algorithms to deliver quite accurate solar 

irradiance and PV power forecasts up to 14 days in advance [117]. 

Another tool is Xweather.  Xweather provides forecasts for wind and solar energy, with 

advertised rates of up to 95% accuracy for hour-ahead forecasts and 92% for day-ahead 

forecasts.  It accomplishes this by analyzing over 25 years of historical weather data, coupled 

with real-time weather monitoring, and utilizing AI and machine learning algorithms to provide 

accurate forecasts [118]. 

Similar to solar power, there is also a high degree of uncertainty in the output of wind 

turbines.  To deal with this uncertainty, various wind resource assessment methods can be used, 

which estimate the uncertainty in wind energy potential over a period of time. 

The wind speed distribution is a statistical description of how often different wind speeds 

occur at a given location.  As discussed earlier, this is of utmost importance for estimating the 

wind energy potential.  The time series method uses historical or simulated wind speed data to 
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calculate the frequency of occurrence of different wind speed intervals (bins).  This frequency 

can be converted to a probability or a relative frequency by dividing it by the total number of 

wind measurements.  The wind speed distribution can be plotted as a histogram or a curve, 

showing the probability or relative frequency of each wind speed bin. 

The statistical analysis method then uses a mathematical function to fit the wind speed 

data and approximate the wind speed distribution.  One of the most commonly used functions is 

the Weibull distribution, which has two parameters:  the scale parameter (C) and the shape 

parameter (k).  The scale parameter is a measure of the characteristic wind speed of the 

distribution, and the shape parameter specifies the variability and shape of the distribution.  The 

Weibull distribution can be derived from the wind speed data using various methods, such as the 

method of moments, the maximum likelihood method, or the WAsP method [119], [120]. 

 

Figure 2.28.  Examples of Weibull distribution functions. 

(Source: [119]) 

 

Wind resource assessment methods are not always accurate, as they involve uncertainties 

and assumptions in the data collection and analysis.  According to [121], the wind speed estimate 
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should be considered to be accurate to within only +/- 10 to 15% of what the actual winds at a 

location may be, and any energy estimate generated by using the wind maps should be 

considered to be accurate to only +/- 20%. 

Just like solar power forecasting, there are also software tools for estimating the power 

production of wind turbines.  Wind data tools such as Windographer [122], and WINDExchange 

[123] are used to analyze and validate wind data, such as wind speed, direction, and turbulence. 

Modeling tools such as SOWFA [124], and FLORIS [125] are used to model wind turbine 

performance, energy output, and economic viability of wind projects. 

 

 2.5 Summary of Chapter 2 

Chapter 2 introduced, described, and explained technical parameters that are relevant to 

the optimization of microgrid systems.  In particular, the power demand of different types of 

customers; the power generating ability of generators, solar panels and wind turbines; and the 

storage capability of various batteries were explained and quantified via equations.  Some of 

these equations are new and derived explicitly for the purpose of this research, and were 

extensively tested with data from real-world microgrid power systems.  Also, the reliability of 

various microgrid system components were discussed in this chapter. 

 

 

 

 

  



85 

Chapter 3 - Mathematical Modeling of Economic Parameters for 

Microgrid Systems 

When optimizing a microgrid system, often some of the most important goals are 

economic in nature, i.e., the designer is concerned with minimizing the cost of the system.  Some 

of the most relevant economic parameters of a microgrid system are the Net Present Value 

(NPV), Net Present Cost (NPC), and the Levelized cost of energy (LCOE).  These parameters 

will be discussed in this chapter in greater detail. 

 

 3.1 Net Present Value (NPV) and the Discount Rate 

In general, the Net Present Value (NPV) is the sum of discounted benefits minus the sum 

of discounted costs.  It considers the time value of money, which means that money received or 

spent in the future is worth less than money received or spent today.  It is extensively used in 

finance and accounting for determining the value of a business, investment, project, venture, etc. 

[126],[127].  To compute NPV the following equation can be used [128]:  

ὔὖὠ
ὍὲὧέάὩ

ρ ὶ
 

ὉὼὴὩὲίὩί

ρ ὶ
 ὍὲὭὸὭὥὰ ὧέίὸ 

where Ymax is the duration of the project in years, and r is the discount rate. 

The discount rate is the interest rate used to discount future cash flows of an investment 

or project to their present value.  There are two main types of discount rates that are commonly 

used in finance:  the Fed Funds Rate and the rate of return.  

The Fed Funds Rate is the discount rate that the Federal Reserve charges commercial 

banks and other financial institutions for short-term loans.  It is a monetary policy tool that 
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controls the supply of money and influences the economy.  The Fed sets this rate independently 

and adjusts it according to the economic conditions. 

The second type of discount rate, which is typically the rate that is used to calculate the 

net present value (NPV) of an investment or project, is also often called the required rate of 

return, the hurdle rate, or the cost of capital.  It represents the minimum return that an investor or 

a company expects to earn from an investment or project, given its risk and opportunity cost.  

The discount rate for NPV can be derived from the weighted average cost of capital (WACC), 

the cost of equity, or the cost of debt, depending on the source of financing and the perspective 

of return. 

 3.2 Net Present Cost (NPC) 

Again, in general, the net present cost (NPC) is a variation of net present value (NPV) 

and is used to evaluate the total cost of a project or investment over its lifetime.  It is similar to 

NPV but is typically used if the discounted sum of costs exceeds the discounted sum of benefits.  

It is calculated as follows [129]: 

ὔὖὅὍὲὭὸὭὥὰ ὧέίὸ  
ὉὼὴὩὲίὩί

ρ ὶ
 

ὍὲὧέάὩ

ρ ὶ
  

For microgrid power systems, the Net Present Cost (NPC) is the total cost of installing 

and operating the microgrid system over its lifetime, discounted to the present value.  NPC 

includes initial acquisition costs of each component, the replacement cost if a componentôs life 

expectancy is less than the project lifetime period, fuel costs if applicable, operation and 

maintenance costs, and the potential for some income if the used equipment can be sold at the 

end of the projectôs lifetime.  A lower NPC indicates a more economical system. 

Below, the NPC of individual microgrid system components will be discussed. 
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 3.2.1 NPC of Internal Combustion Engine Generators 

The most common types of generators for microgrid systems are diesel, natural gas, and 

propane generators.  Diesel generators are probably the most common type of industrial 

generators, as they are known for their power, durability, and efficiency.  They are generally 

reliable and easy to maintain and repair.  However, they tend to be large, noisy, and produce a lot 

of emissions.  

Natural gas generators use liquified petroleum gas for fuel.  They are less expensive and 

quieter than diesel generators and burn fuel more cleanly.  They have a comparable life 

expectancy; however, they tend to have higher maintenance needs than diesel generators.  

Natural gas is also highly explosive, so the fuel stored on site can present more of a fire hazard.  

Propane generators are similar to natural gas generators but use liquif ied propane as fuel.  

Propane is more readily available than natural gas in some areas, and it can be stored in tanks for 

longer periods of time.  However, propane generators are more expensive to run than natural gas 

generators, and they require more frequent fuel refills. 

The initial cost of an industrial generator primarily depends on the type of generator, the 

size of the generator, the installation expenses, and additional features such as sound attenuation, 

auto-start capabilities and monitoring capabilities.  According to [130], the current initial costs 

for industrial generators run between $300-$550 per kW. 

The life expectancy of an industrial generator depends on several factors, such as the 

type, size, brand, quality, maintenance, and usage patterns of the unit.  Generally, an industrial 

generator can last for 20,000 to 40,000 hours of use, equating to approximately 20 to 25 years of 

operation if used intermittently [131].  However, some generators may last longer or shorter than 

the average lifespan, depending on how often the generator was used, how well it was 
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maintained, and in what environmental conditions it was operated.  Once replacement is 

necessary, the replacement costs of a generator are usually slightly less than the initial purchase 

price because the infrastructure (concrete pad, electrical connection equipment, etc.) is already in 

place.  For the purpose of this dissertation, the same price range, $300-$550 per kW will be used. 

The cost of maintaining an industrial generator also depends on several factors, such as 

the type, size, brand, quality, age, and usage pattern of the unit.  According to [132], the average 

annual maintenance cost for a diesel generator is around $750 for air-cooled generators up to 20 

kW, $850 for liquid-cooled generators up to 60 kW, $1150 for large generators up to 150 kW. 

According to [133], the average annual maintenance cost for a natural gas or propane generator 

are slightly less, $600 for air-cooled generators up to 20 kW, $750 for liquid-cooled up to 60 

kW, and $950 for liquid cooled generators up to 150 kW. 

But by far the biggest expense of running an industrial generator are the fuel costs.  The 

fuel consumption of an industrial generator is often estimated using a fuel consumption chart that 

shows the approximate amount of fuel needed to power a generator based on its size and load. 

For example, according to [134] and [135], a 100-kilowatt (kW) diesel generator uses about 2.6 

gallons per hour (gal/hr) at 25% load, 4.1 gal/hr at 50% load, 5.8 gal/hr at 75% load, and 7.4 

gal/hr at 100% load. 

Another way to estimate the fuel consumption of an industrial generator is to use fuel 

consumption calculators where the kilowatt rating and load percentage of the generator is entered 

and an estimated fuel consumption rate in gallons per hour or liters per hour is given.  For 

example, according to one calculator [136], which estimates the fuel consumption of diesel as 

well as natural-gas powered generators, a 100-kW diesel generator running at 50% load would 

use about 4.28 gal/hr or 16.2 liters per hour. 
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For the purpose of this research, it was necessary to be able to compute the fuel 

consumption via an equation.  The fuel consumption is typically somewhat linear and can be 

approximated with a linear slope-intercept equation as shown on the diagram below. 

 

Figure 3.1.  A typical fuel consumption chart  of a diesel generator 

 

The fuel consumption at any instant t can then be calculated with the following equation: 

ὗὪὸ ‌ὖ ‍ὖὸ 

where PR is the rated power, P(t) the output of the generator at time t, and Ŭ and ɓ are 

coefficients on the consumption curve.  For the example above, Ŭ is 0.0128, ɓ is 0.06.  Instead of 

gallons per hour, the fuel consumption is frequently measured in metric units - liters per hour.  

The corresponding coefficients would then be obtained by multiplying the numbers above with 

the gallon-to-liter conversion factor of 3.785, resulting in Ŭ = 0.0484, ɓ = 0.227. 

However, several sources, e.g. [137], [138], without any justification are using Ŭ = 

0.0845, ɓ = 0.246, while other sources recommend other numbers, e.g.: Ŭ = 0.05, ɓ = 0.25.  

However, using either of these numbers, the resulting fuel consumption of some generators, in 
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particular low-kW with low power utilization, appeared to be questionable, necessitating 

verification. 

To verify, the consumption data of 14 generators with different power ratings (4 to 300 

kW) and from different sources [139]-[142] were analyzed for this research, and the resulting Ŭ 

and ɓ vs generator size in kW were plotted: 

 

 

Figure 3.2.  Ŭ-parameter vs kW illustration 
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Figure 3.3.  ɓ-parameter vs kW illustration 

 

From these plots it is evident that Ŭ å 0.0845 , ɓ å 0.246 is a reasonable approximation 

only for generators with a rated power around 10 kW, while Ŭ å 0.05 , ɓ å 0.225 is a reasonable 

approximation only for generators with a rated power around 100 kW.  But in general, Ŭ displays 

logarithmic tendencies as seen on the plot, with a much larger value for low-kW generators as 

compared to high-kW generators.  Then for ɓ, a better approximation across the board appears to 

be 0.23, but again for low-kW generators the number is larger, closer to 0.3, while for high-kW 

generators ɓ is smaller. 

If the cost of the fuel at time t is Cf (t), then the cost to run the generator i per year is: 

ὊόὩὰὅέίὸ Ὥ ὅ ὸ ὗ ὸ 

To summarize the cost factors of generators which were discussed above, the NPC of an 

engine generator can be computed as follows: 
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ὔὖὅ ὍὲὭὸὅέίὸί 
2ÅÐÌÁÃÅ#ÏÓÔώ ὕǪὓώ ὊόὩὰὅέίὸώ

ρ ὶ
 

y = years 

r = discount rate = 6% 

InitialCost = $300-550 / kW 

ReplaceCost åInitialCost x ReplaceTimes 

ReplaceTimes = ProjectLifetime / GeneratorLifetime 

O&M = operation and maintenance costs = $600-900 / year 

ὊόὩὰὅέίὸ Ὥ ὅ ὸ ὗ ὸ 

Cf = cost of fuel å $1/ L 

Qf =quantity of fuel 

ὗ ὸ ‌ὖ ‍ὖὸ 

Ŭ = 0.038 ï 0.14, ɓ = 0.23 ï 0.3 

 

 3.2.2 NPC of Solar Power Systems 

The initial cost for solar power systems depends on the size, quality, and efficiency of the 

panels, as well as the labor and equipment required for installation.  According to data from 

several sources, the average residential solar panel system cost about $3 per watt in 2023 [143], 

[144]. 

The industry standard for the lifespan of solar panels is 25-30 years.  That doesnôt mean a 

solar panel will stop producing electricity after 25 years ï rather, its power output decreases over 

time.  According to a study from the National Renewable Energy Laboratory (NREL), the 



93 

average yearly degradation rate is approximately 0.50% across all solar panels.  That means the 

solar output is still about 89% of its original output after 25 years [145].  So for a project lifespan 

of 20 years, only a limited number of panels will have to be replaced, and they are usually 

covered by warranty.  However, other parts of the solar system, notably inverters, need to be 

replaced every 10 to 15 years, at an average cost of $1,000 to $2,000 per inverter per kW [146].  

Solar panels are generally low-maintenance and durable, but they may need occasional 

cleaning, monitoring, and servicing to ensure optimal performance.  Some components also need 

to be replaced over time, such as inverters as discussed above.  The cost of maintenance and 

repairs can vary depending on the quality of the system, the warranty coverage, and the 

availability of service providers.  A typical maintenance cost for a residential solar system is 

about $150 to $300 per year [146]. 

Considering these factors described above, the NPC of solar power systems can be 

computed as follows:  

ὔὖὅ ὍὲὭὸὅέίὸ 
2ÅÐÌÁÃÅ)ÎÖÅÒÔÅÒ#ÏÓÔώ ὓὥὭὲὸὅέίὸώ

ρ ὶ
 

InitialCosts å $3,000 / kW 

ReplaceInverterCost å $2,000 / kW 

ReplaceTimes = ProjectLifetime / InverterLifetime 

O&M = operation and maintenance costs = $150-300 / year 

 

 3.2.3 NPC of Wind Power Systems 

The initial cost of installing a wind power turbine again depends on many factors, 

primarily the type, size, and location of the turbine.  According [147], the initial cost of a small 



94 

wind turbine (less than 100 kW) is between $3,000 and $8,000 per rated kilowatt (kW) of 

electricity-producing capacity, while larger wind turbines (in the mega-watt range) cost between 

$1,300 and $2,200 per rated kilowatt (kW). 

A wind turbine's lifespan depends on the design, manufacturing quality, maintenance 

schedule, and the operating environment of the turbine.  According to [148], the average life 

span of a wind turbine is about 20 to 25 years, but they are unlikely to last much longer than this 

average lifespan due to the extreme loads they are subjected to.  In the event that a turbine has to 

be replaced, the replacement cost can be budgeted as 2/3 of the initial costs because even though 

the tower is still available, the take-down and installation cost of the turbine are high. 

The Operation & Maintenance costs of a wind turbine include administrative and 

monitoring costs, preventive and corrective maintenance costs for inspections, lubrication, 

cleaning, troubleshooting, and diagnostics, as well as site maintenance.  According to NREL 

[149], the average O&M costs for land-based utility-scale wind projects in 2019 were 

$48/kW/yr, while the average O&M costs for offshore wind projects in 2019 were $133/kW/yr. 

The same report also estimated the average O&M costs for residential wind projects in 2019 at 

$0.12/kWh, and the average O&M costs for commercial wind projects in 2019 at $0.06/kWh. 

Considering the factors described above, the NPC of wind power system can be 

computed as follows:  

ὔὖὅ ὍὲὭὸὅέίὸ 
2ÅÐÌÁÃÅ#ÏÓÔώ ὓὥὭὲὸὅέίὸώ

ρ ὶ
 

InitialCosts å $8,000 / kW 

ReplaceCost å $5,000 / kW 

ReplaceTimes = ProjectLifetime / TurbineLifetime 
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O&M = operation and maintenance costs = $50 / kW / year 

 

 3.2.4 NPC of Battery Storage Systems 

The NPC of battery systems largely depends on the type of batteries.  Some of the most 

commonly used types of batteries are flooded, AGM, and Gel lead-acid batteries, as well as 

NMC and LFP batteries.  Below is a short discussion on the advantages and disadvantages of the 

different types of batteries, as well as their characteristics and typical costs. 

Lead-acid batteries are the oldest and still the most widely used rechargeable batteries in 

the world.  They are affordable, reliable, easy to recycle, and are commonly used as start-up 

power sources in vehicles, as backup power sources in uninterruptible power supplies, and most 

recently for storing power in off-grid applications.  However, they have low power and energy 

density, short cycle life, and high maintenance costs.  They also suffer from self-discharge and 

sulfation problems [150]. 

Lithium-ion batteries in general are lightweight and efficient batteries widely used in 

consumer electronics and most recently in electric vehicles.  They have high power and energy 

density, long cycle life, and fast charging and discharging rates.  They also have lower 

maintenance costs.  However, they are relatively expensive, prone to overheating and 

degradation, are unstable, and require complex battery management systems. 

A NMC (Nickel Manganese Cobalt) battery is a subset of lithium-ion batteries.  The 

cathode is made from a combination of nickel, manganese, and cobalt oxides.  The anode is 

made from graphite, and the electrolyte is a lithium salt dissolved in an organic solvent.  NMC 

batteries are widely used in electric vehicles, portable electronics, power tools, and energy 

storage systems due to their high energy density and good other performance characteristics such 
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as high cell voltage, fast charging times and long lifecycle.  However, NMC batteries are quite 

expensive due to rare materials such as nickel, manganese, and cobalt.  Mining these materials 

also leads to significant negative impact on the environment.  Lastly, they are not as stable as 

LFP batteries which are discussed next [151]. 

LFP batteries are another subset of lithium-ion batteries that use lithium iron phosphate 

(LiFePO4) as the cathode material.  LFP batteries are more stable and less prone to overheating, 

fire, or thermal runaway (explosion) than other lithium-ion batteries.  LFP batteries are also 

cheaper than other lithium-ion batteries, because iron as a cathode material is much more 

abundant and inexpensive compared to cobalt or nickel.  LFP batteries also have lower operation 

and maintenance costs due to their longer lifespan and higher efficiency [151], [152]. 

Unfortunately, LFP batteries also have lower energy density and voltage than other 

lithium-ion batteries.  This means that they can store less energy per unit of weight or volume 

and deliver less power per unit of charge.  This can limit their applications in high-performance 

or long-range applications that require higher energy and power density.  Below is a table that 

summarizes some of the key properties of different types of batteries [153]: 

Table 3-1.  Comparison of different battery technologies 

 

Flooded AGM NMC LFP

Round trip efficiency (%) 80 88 65 98

Cycle Life @ 80% DoD 300 500 8,000 6,000

Off-grid life (years) 1 1.4 21.9 16.4

Energy Throughput (MWh) 1.9 3.5 41.6 47

Installation Cost ($/10kWh) 1,200 2,200 18,000 6,900

Lifetime Cost ($/kWh) 0.74 0.57 0.19 0.14
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The initial cost of battery systems includes the cost of the batteries, plus modules, racks, 

inverters, wiring, and other hardware.  The exact cost of whole battery storage systems was 

difficult to assess because different sources include or exclude different components. 

But some generalizations could be made.  The cost of a lead-acid, or LFP battery storage 

system for a home can range from $300 to $15,000 [154], while the cost of a utility-scale battery 

storage system can range from $143/kWh to $750/kWh [155].  The cost of a deep cycle lead acid 

battery per kWh can range from $150/kWh to $500/kWh, while the cost for a lithium-ion battery 

can range from $300/kWh to $1000/kWh.  

For a complete system the following generalizations can be made [156]:  it currently 

costs between $250 and $500 per kWh to install a lead-acid storage system, $750 to $1,000 per 

kWh to install an LFP storage system, $1,000 - $1,500 for an NMC storage system. 

To determine replacement costs, estimating the life span of the batteries is of utmost 

importance.  According to [157], lead-acid batteries have a life-span of about 1,500 

charge/discharge cycles, and last between 3 and 5 years.  LFP and NMC batteries can handle 

7,000 or more cycles, which translates to 10-15 years of useful life [158].  When their 

performance decreases below an acceptable level they need to be replaced at a cost of between ½ 

and ¾ of the initial costs.  

To determine operation and maintenance costs, it is important to note that lead-acid 

batteries are higher maintenance than lithium batteries due to inspection, water top-off and 

electrolyte level adjustment, and periodic equalization charging.  Correspondingly, it costs about 

$50/year/kW to maintain lead-acid batteries, but only about half as much ($25/year/kW) to 

maintain LFP or NMC batteries. 
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Considering the factors described above, the NPC of a battery storage system can be 

computed as follows:  

ὔὖὅ ὍὲὭὸὅέίὸ 
2ÅÐÌÁÃÅ#ÏÓÔώ ὓὥὭὲὸὅέίὸώ

ρ ὶ
 

InitialCosts å $500 / kWh (lead-acid), $1,000 (LFP) 

ReplaceCost å $300/ kW (lead-acid), $600/ kW (LFP) 

ReplaceTimes = ProjectLifetime / BatteryLifetime 

O&M = operation and maintenance costs = $25-$50 / kWh / year 

 

 3.3 Levelized Cost of Energy (LCOE) 

In general, the levelized cost of energy (LCOE) is the total cost of building and operating 

an energy-generating asset per unit of total electricity generated over the lifetime of the project.  

It can also be seen as the minimum price at which the electricity generated by the asset must be 

sold to break even.  LCOE depends on several factors, such as the type of energy source, the 

location, the size, the lifespan of the project, the capital costs, the operating costs, the fuel costs 

(if applicable), and the discount rate.  LCOE can be used to compare the cost-effectiveness of 

different energy-generating technologies, such as wind, solar, nuclear, etc.  

As discussed earlier, the combined or total NPC for a microgrid system can be calculated 

as the sum of the costs of all individual components i: 

Ὕὔὖὅ ὔὖὅὭ 

The total combined energy generated by all components of a microgrid system over the 

lifespan of a project can be computed as follows: 
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ὅέάὦὭὲὩὨ Ὁ Ὁ Ὥ 

LCOE can then be calculated by dividing the present value of the total cost over the 

lifetime of the project by the sum of all electric energy generated over the lifetime of the project, 

as illustrated in the following figure: 

 

Figure 3.4.  LCOE concept illustration. 

(Source: [159]) 

 

To summarize the discussion above, LCOE is one of the primary factors that needs to be 

minimized in a microgrid system, and can be computed according to the following equation 

[160]: 

ὒὅὕὉ 
Α

ὯὡὬ

ВὔὖὅὭ

ВὉὭ
 



100 

 3.4 Summary of Chapter 3 

Chapter 3 introduced, described, and explained economic parameters that are relevant to 

the optimization of microgrid systems.  In particular, the Net Present Cost (NPC) of various 

microgrid system components were determined, and equations for calculating them were 

presented.  Also shown was the equation for Levelized Cost of Energy (LCOE), which is of 

outmost importance for the design and optimization of microgrid power systems. 
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Chapter 4 - Survey of Optimization Techniques 

 As discussed earlier, the main goal of this research is to optimize a microgrid system.  

There are many optimization techniques for minimizing or maximizing a function, applicable 

depending on the type of function, the number of variables, the constraints, and the desired 

accuracy and speed.  In this chapter, some of these techniques will be introduced and described. 

In general, optimization techniques can be divided into mathematical optimization 

techniques and machine-learning techniques.  Some of the most common techniques in each of 

these categories will be discussed in the following subsections, for single-objective, as well as 

multi-objective problems. 

 

 4.1 Mathematical Optimization Techniques 

Mathematical optimization techniques can be further subdivided into iterative 

optimization and probabilistic optimization [161]. 

Below, some of the mathematical optimization methods will be discussed in more detail. 

 

 4.1.1 Iterative Methods 

The iterative optimization method is trying to find the best solution to a problem by 

starting from an initial guess and repeatedly improving the solution until a desired level of 

optima is reached.  Iterative methods are often used for problems that are too complex or large to 

solve directly, such as nonlinear equations, linear systems with many variables, or optimization 

problems with constraints.  Some examples of iterative optimization methods are gradient 

descent, Newtonôs method and various versions of the simplex algorithm. 
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Gradient descent is a method that iteratively moves in the direction of the steepest 

descent of the function, until a local minimum is reached.  It starts at an initial point x0, and 

moves a distance with the step-size Ŭ in the direction of the positive (maximization problem) or 

negative (minimization problem) gradient.  The update equation is as follows: 

ὼ  ὼ ‌Ὢ ὼ  

The figure below shows the principle of operation of a basic gradient descent algorithm: 

 

Figure 4.1.  Gradient descent algorithm illustration  

Source: [162] 

 

A gradient descent is quite simple to implement, but it only works if the derivative of the 

objective function is obtainable.  Depending on the size of the steps, it may also be slow to 

converge or might get stuck in a suboptimal local minimum. 

Newtonôs method uses the first and the second-order derivatives (Hessian matrix) of the 

objective function to find the maxima or minima of a function.  Like the basic gradient descent it 

starts with an initial point.  Then the first and second derivative of the function at this point are 

computed.  The position is then updated according to the following equation: 
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ὼ  ὼ
Ὢ ὼ

Ὢ ὼ
 

 The process iterates until the change in xn is smaller than a predefined minimum level, 

indicating that the solution has converged to the optimum solution. 

Newtonôs method converges faster and more reliably than the basic gradient descent 

algorithm but it is also more computationally expensive.  In addition, it also requires the first and 

the second derivative and so may not work for all functions.  Finally, it might converge only to a 

local, as opposed to a global, minima or maxima. 

The LP simplex is a constrained optimization method where the objective function and 

the constraints are linear.  It typically involves a single objective function and several constraints 

that are formulated as inequalities.  The inequalities form a polygonal shape, with the optimal 

solution lying on one of the vertices. 

The principle of operation of a simplex algorithm can be best described with an example.  

Consider the figure below.  This problem aims to maximize the function Ὢὼȟώ  ὼ ςώ 

where both x and y are constrained within the shaded region. 



104 

3  

Figure 4.2.  LP simplex algorithm illustration  

Source: [163] 

 

The optimization problem can be formulated as a system of equations, i.e. 

ὓὥὼὭάὭᾀὩ Ὢὼȟώ  ὼ ςώ 

Subject to following constraints: 

ὼ ψ 

ώ υ 

ὼ ώ ρπ 

 In the first step, a set of slack variables is introduced to convert the inequalities into 

equalities, such that: 

ὼ ί ψ 

ώ ί υ 

ὼ ώ ί ρπ 
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 ὼ ςώ Ὧ π 

Then the resulting equations are converted into an Ax = B matrix. 

1 0 1 0 0 0  x  8 

0 1 0 1 0 0 . y = 5 

1 1 0 0 1 0  s1  10 

1 2 0 0 0 -1  s2  0 

      
 s3   

      
 k   

 

By iteratively fixing one variable and recalculating the rest of the variables, the 

intermediate solution first edges along the y-axis to [0,5,8,0,5,10]ô, then along the top edge until 

it reaches [5,5,3,0,0,15]ô, which is the optimal solution corresponding to the point (5,5) on the 

plot, with a maximum value of 15. 

The simplex is very efficient and robust and one of the most useful optimization 

algorithms, but it does not work for non-linear problems, which limits its applicability. 

The Generalized Reduced Gradient (GRG) algorithm is somewhat similar to LP simplex, 

except instead of traversing the boundary of feasible solutions, the gradient method moves 

through the interior of the feasible region following the gradient of the objective function. 

Also, while simplex is only suitable for linear problems, the GRG method is also suitable 

for solving nonlinear optimization problems as long as the objective function and the constraint 

functions are differentiable.  The GRG algorithm is particularly useful when the problem has 

smooth, continuous functions and when the constraints can be expressed as equalities, possibly 

by introducing slack variables for inequalities.  However, just like the basic gradient descent 

algorithm, GRG might converge to a local optimum rather than a global one, depending on the 

initial conditions and the nature of the objective function. 
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The GRG algorithm starts with an initial feasible solution, which is a set of values for the 

decision variables that satisfy all constraints.  The variables are divided into two groups:  

independent and dependent.  The independent variables can be freely changed, while the 

dependent variables are adjusted to maintain feasibility with respect to the constraints. 

The GRG algorithm then calculates the gradient of the objective function, which is the 

vector of its first partial derivatives with respect to the independent variables.  Using the gradient 

information, the algorithm determines a search direction along which the objective function is 

expected to improve.  A line search is performed to find the optimal step size that maximizes the 

improvement in the objective function along the search direction.  The independent variables are 

then updated along the search direction by the optimal step size, and the dependent variables are 

adjusted accordingly to maintain feasibility. 

At the end of each loop the GRG algorithm checks if the solution has converged, 

typically by looking at the magnitude of the gradient or the improvements in the objective 

function.  If the convergence criteria are not met, the algorithm repeats the process starting with 

gradient calculations.  Once the convergence criteria are met, the algorithm terminates, and the 

current solution is considered the optimal solution.  

The following flowchart graphically shows the principle of operation of the GRG 

algorithm. 
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Figure 4.3.  Flowchart of a Generalized Reduced Gradient (GRG) optimization algorithm  
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There are other popular iterative methods, such as Sequential Quadratic Programming 

(SQP).  SQP can handle any degree of non-linearity in both the objective function and the 

constraints, making it suitable for a wide range of real-world applications.  But just like 

Newtonôs method, this method relies on the first and second derivatives of the objective function 

and of the constraints, which can make it computationally expensive for problems with a large 

search space. 

Another popular method is the Interior Point (IP) technique, which is the default method 

used in MATLAB.  The IP method can handle a wide range of problems, including linear, 

nonlinear, convex, and even some non-convex problems.  The IP method is known for its 

efficiency, especially for large-scale linear programming problems.  It often outperforms other 

methods, but implementing the IP method can also be complex due to the need for accurate 

computation of barrier functions and their gradients. 

 

 4.1.2 Probabilistic Optimization Methods 

Probabilistic optimization methods are another class of optimization techniques that deal 

with uncertainty in the problem formulation or the solution process.  Some examples of 

probabilistic optimization methods are Stochastic programming and Bayesian optimization, 

which will be discussed below. 

Stochastic programming is a method for solving optimization problems that involve 

uncertainty.  Unlike deterministic optimization, where all parameters are known and fixed, 

Stochastic programming incorporates random variables that follow known probability 

distributions.  
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A common approach is the multiple-stage stochastic programming model:  first make 

initial decisions before the uncertainties are considered.  In the additional stages, adjust decisions 

based on the uncertainty parameters. 

Another approach is the scenario-based method.  Multiple scenarios representing 

different possible realizations of the uncertain parameters are generated.  The optimization 

problem is then solved across these different scenarios to find a solution that on average 

performs best. 

Some methods use a combination of both of these two approaches, as illustrated in the 

following figure [165]: 

 

Figure 4.4.  Stochastic programming tree illustration 

 

Stochastic programming can handle a wide range of uncertainties and is applicable to 

various fields such as finance, energy, and supply chain management.  It helps in making 

decisions that hedge against risks by considering the worst-case scenarios and optimizing the 

expected performance.  But solving large-scale stochastic programs can require significant 

computational resources, especially for problems with a high degree of uncertainty. 
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Bayesian optimization is another probabilistic method.  It uses Gaussian processes to 

model the objective function.  This model provides a distribution over possible functions that fit 

the observed data.  An acquisition function is used to determine the next point to evaluate.  This 

function balances exploration (searching new areas) and exploitation (refining known good 

areas).  Common acquisition functions include Expected Improvement (EI), Probability of 

Improvement (PI), and Upper Confidence Bound (UCB).  Bayesian optimization is an iterative 

process.  At each step, the model is updated with new data points, and the acquisition function is 

optimized to select the next point to evaluate. 

The following illustration shows the principle of operation of Bayesian optimization: 

 

Figure 4.5.  Illustration of the Bayesian optimization procedure 

Source: [166] 

 

The blue curve represents the true objective function.  Red cross points are sampling 

points for the true objective function.  The black dotted curve and purple shadow represent the 

mean and confidence intervals estimated with the surrogate (probability model) of the objective 

function.  
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Bayesian optimization is particularly useful for problems where the objective function is 

expensive to evaluate, such as hyperparameter tuning in machine learning models.  It can handle 

noisy evaluations and is suitable for both continuous and discrete optimization problems.  But 

while Bayesian optimization reduces the number of function evaluations, the computational cost 

of updating the probabilistic model and optimizing the acquisition function can be high. 

There are other probabilistic optimization methods, for example the Stochastic Gradient 

Descent (SGD) algorithm.  Stochastic Gradient Descent (SGD) is similar to other gradient-based 

methods, except instead of using the entire dataset to compute the gradient, SGD randomly 

selects a small batch of data points from the training set.  The gradient of the function using the 

selected data points is then computed.  The model parameters are then moved in the direction 

opposite to the gradient. This step is controlled by a learning rate, which determines the size of 

the steps taken.  This process is then repeated for a specified number of iterations or until the 

model converges to a minimum or maximum. 

The key advantage of SGD is that it can converge faster than traditional gradient descent 

algorithms, especially for large datasets, because it has fewer parameters and updates them more 

frequently.  However, it can be more noisy and less stable, which is why additional techniques 

like mini-batch gradient descent and momentum are often used to improve its performance. 

 

 4.2 Machine-Learning Optimization  Techniques 

Machine-learning optimization algorithms, often also referred to as heuristic or 

metaheuristic optimization algorithms, are techniques used to find the best solutions to complex 

problems where traditional mathematical methods are too slow or fail to find an adequate 
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solution.  They use controlled randomness to navigate the solution space and are often modeled 

by processes occurring in nature. 

Below, some of the common machine-learning techniques will be introduced in greater 

detail. 

 

 4.2.1 Genetic Algorithms 

Genetic algorithms mimic the process of natural selection and evolution to find optimal 

solutions for complex problems.  Genetic algorithms work with a population of candidate 

solutions, each encoded as a string of symbols, such as bits, characters, integers, or floating-point 

numbers.  Each candidate solution is evaluated by a ñfitnessò function that measures how well it 

solves the problem.  The ñfittestò solutions are then selected to produce new solutions by 

applying genetic operators such as crossover and mutation.  This process is repeated until a 

termination criterion is met, such as reaching a maximum number of generations (iterations) or 

achieving a desired fitness level [167]. 

A generic pseudocode for a genetic algorithm looks as follows: 

1. Initialize population with random solutions (individuals) 

2. Evaluate the fitness of each individual in the population 

3. Repeat until termination condition is met: 

    a. Select ñparentsò from the population 

    b. Perform crossover with the parents to create ñoffspringò 

    c. Perform mutation on the offspring 

    d. Evaluate the fitness of the offspring 
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    e. Select individuals for the next generation from the current population and the 

offspring population by various combination methods. 

There are different kinds of genetic algorithms that vary in the way they represent, 

manipulate, and evaluate candidate solutions.  Some of the common variations are binary genetic 

algorithms, real-valued genetic algorithms and permutation genetic algorithms [168]. 

A binary genetic algorithm is the simplest and possibly most widely used form of genetic 

algorithms, where each candidate solution is represented as a binary string of 0s and 1s.  The 

crossover operator exchanges bits between two parent strings to create two offspring strings.  

The mutation operator flips one or more bits in a string randomly, as shown in the following 

illustration:  

 

Figure 4.6.  Binary GA illustration  

Source: [169] 
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Real-valued genetic algorithms use real numbers as symbols in the candidate solutions.  

The crossover operator can be either arithmetic (e.g. the weighted average of two parent values) 

or geometric (e.g. the square root of the product of the two parent values).  The mutation 

operator can be either uniform (adding or subtracting a random value from a parent value) or 

non-uniform (using a probability distribution to generate a random value).  The principle of 

operation is shown in the following illustration: 

 

Figure 4.7.  Real-valued GA illustration 

Source: [170] 

 

Permutation genetic algorithms use permutations (ordered sequences) of symbols as the 

candidate solutions.  The symbols can be integers, characters, or any other values.  The crossover 

operator can be either partially matched (swapping matching segments between two parent 

permutations) or order-based (preserving the relative order of symbols in two parent 
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permutations).  The mutation operator can be either swap (exchanging two symbols in a 

permutation) or inversion (reversing a segment of symbols in a permutation).  

The following illustration shows the principle of operation of a permutation GA: 

 

 

Figure 4.8.  Permutation GA illustration  

Source: [171] 

 

 4.2.2 Simulated Annealing 

Simulated annealing (SA) is another probabilistic technique for finding the global 

optimum of a given function.  The name of the algorithm comes from annealing in metallurgy, a 

technique involving heating and controlled cooling of a material to alter its physical properties.  

Simulated annealing can be used for difficult computational optimization problems where exact 
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algorithms fail.  It frequently achieves only an approximate solution to the global minimum or 

maximum, but it is often sufficient for many practical applications [172]. 

The simulated annealing process starts with an initial solution and then iteratively 

improves the current solution by randomly perturbing it and accepting the perturbation with a 

certain probability.  The probability of accepting a worse solution is initially high and gradually 

decreases as the number of iterations increases.  This ensures that the algorithm doesnôt get stuck 

at a local optima in the initial stages, and also that it then converges to a final solution in the later 

stages of the search process.  This principle is illustrated in the following figure: 

 

Figure 4.9.  Simulated Annealing illustration 

Source: [173] 

 

A pseudocode for a basic simulated annealing algorithm looks as follows: 

1. Define the objective function.  

2. Set the initial ñtemperatureò and ñcoolingò rate. 
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3. Generate the initial candidate solution. 

4. Compute the ñenergyò (fitness) of the initial candidate solution. 

5.  Define a perturbation function to generate new candidate solutions.  

6. Repeat until a stopping criterion is met: 

a. Generate a new solution by perturbing the current solution. 

b. Compute the energy of the new candidate solution. 

c. If the new energy is lower than the current energy, accept the new solution as the 

current solution. 

d. If the new energy is higher than the current energy, accept the new solution as the 

current solution with a probability that depends on the temperature and the 

difference between the energies. 

e. Decrease the temperature gradually (according to the cooling rate). 

 

 4.2.3 Particle Swarm Optimization 

Particle swarm optimization (PSO) is another computational method that optimizes a 

function by iteratively trying to improve a candidate solution.  It is inspired by the social 

behavior of animals, such as birds and fish, that move in groups while foraging, and who share 

information about the best positions to improve the success of the flock [174]. 

The basic idea of PSO is to work with a population of particles, each representing a 

potential solution to the problem.  The particles are initialized randomly in the search space and 

have an initial velocity.  At each iteration, the particles update their positions and velocities 

based on their own best position, and the best position of their neighbors, and some factors 

designed to improve convergence.  The best position of a particle is the one that has the lowest 
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(or highest) value of the objective function so far.  The best neighbor's position is the one with 

the lowest (or highest) value among all the particles considered close to the current particle.  The 

random factors improve exploration and diversity in the search process.  

The principle of operation of PSO can be best illustrated with the following figure: 

 

Figure 4.10.  Particle Swarm optimization illustration 

Source: [175] 

 

The speed and position update equations are as follows: 

ὺ ύὺ ὧὶὴ ὺ ὧὶὫ ὺ  

ὼ ὼ ὺ 

where v and x are the velocity and position of particle i at iteration t, w is an inertia weight that 

controls the balance between exploration and exploitation, c1 and c2 are acceleration constants 

that control how much the particle is influenced by its own best position and the global best 

position, r1 and r2 are random numbers between 0 and 1, p is the best-known position of particle 

i, and g is the global best position. 
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The Particle Swarm algorithm can also be described with the following pseudo-code: 

1. Initialize a population of particles with random positions and velocities. 

2. Repeat until a stopping criterion is met: 

a. Evaluate the objective function for each particle and record its best position. 

b. Determine the best position of all other particles and record it as the global best 

position. 

c. For each particle, update its velocity and position using the formulae presented 

above. 

 

 4.2.4 Ant Colony Optimization 

An ant colony optimization algorithm is a technique for finding optimal solutions to 

problems that can be represented by graphs, such as routing, scheduling, or the famous traveling-

salesman problem.  It is inspired by the behavior of real ants, who use pheromones to 

communicate and cooperate with each other while foraging [176]. 

The basic idea of this algorithm is to simulate a population of artificial ants that explore 

different paths and deposit ñpheromonesò as they travel.  Pheromones act as a form of memory 

that guides the search process.  The ants tend to follow paths with higher pheromone 

concentration, which leads them to discover good solutions over time.  The pheromones also 

evaporate over time, which encourages exploration and prevents the algorithm from getting stuck 

in a local optima, as shown on the figure below: 
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Figure 4.11.  Ant Colony optimization illustration  

Source: [177] 

 

The operation of the ant-colony algorithm can be described with the following pseudo-

code: 

1. Initialize graph with some initial ñpheromonesò 

2. Generate a set of ants and assign them to random nodes 

3. For each ant, repeat until a solution is constructed 

a. Choose the next node to visit that depends on the pheromones and also the 

distance and cost of the adjacent edges. 

b.  Update the pheromone values on the edges that the ant visited. 

4.  Evaluate the quality of the solutions constructed by all ants and update the 

pheromones accordingly. 

5.  Repeat steps 2-4 until a termination condition is met. 
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 4.2.5 Other Machine-Learning Algorithms  

There are quite a few other popular methods such as Artificial Immune Systems (AIS), 

Cuckoo Search (CS), Firefly Algorithm (FA), Bee Algorithm (BA), Harmony Search (HS), 

Coyote Optimization algorithm (COA), etc. To do it justice, whole books have already been 

written, e.g. [178]. But for the sake of brevity, a more detailed discussion of these methods will 

be omitted in this dissertation. 

 

 4.3 Multi -Objective Optimization Techniques 

While the goal of single-objective optimization is finding the optimum configuration that 

results in a maximum or minimum of a single variable, multi-objective optimization (MOO) is a 

process of selecting an optimal solution in the presence of two or more variables.  Typically, the 

optimal solution is one that achieves the best tradeoff between competing objectives. 

 Multi -objective optimization can be broadly divided into two approaches, as suggested 

by [179]: 

 

Figure 4.12.  Multi -Objective Optimization (MOO) methods classification 

 

 4.3.1 Scalarization Methods 

Scalarization involves converting a multi-objective optimization problem into a single-

objective optimization with appropriate scaling parameters. 
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For example, the weighted sum method converts a multiple-objective problem into a 

single-objective problem by generating a function which is the weighted sum of the objectives. 

The weight w of each objective is chosen in proportion to the relative importance of the objective 

[180].  The problem formulation is as follows: 

Minimize:   Ὂὼ В ύ Ὢ ὼ 

Subject to:  ὼ ὼ ὼ ,  É  ρȟςȟȣȟ . 

Ὣ ὼ π,   Ê  ρȟςȟȣȟ * 

Ὤ ὼ π,   Ë  ρȟςȟȣȟ + 

The weighted sum approach is simple and straightforward.  However, it might be difficult 

to select the correct weights.  In addition, this approach may not always find the best solution, 

especially in a non-convex search space.  

The e ï constraint method optimizes one primary objective while transforming the other 

objectives into constraints by setting upper or lower limits [181].  The problem formulation is as 

follows: 

Minimize:  Ὢὼ 

Subject to:  Ὢ ὼ ‐    Í  ρȟςȟȣȟ - ÁÎÄ Í  ʈ 

  ὼ ὼ ὼ ,  É  ρȟςȟȣȟ . 

Ὣ ὼ π,   Ê  ρȟςȟȣȟ * 

Ὤ ὼ π,   Ë  ρȟςȟȣȟ + 

The advantage of the Ů-method is that it is applicable to either convex or non-convex 

problems.  However, the Ů-vector has to be chosen carefully so that it is within the minimum or 

maximum values of the individual objective functions. 
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There are also other popular scalarization methods such as norm-based scalarization, 

adaptive scalarization, goal programming, Senôs programming, Tchebycheffôs method, 

lexicographic method, etc.  For the sake of brevity, a more detailed discussion of these methods 

will be omitted in this dissertation. 

 

 4.3.2 Pareto Methods 

In optimization problems with multiple competing objectives, a Pareto-front is defined as 

a set of solutions where each solution is not dominated by any other solution in the objective 

space.  In other words, a solution is pareto-optimal if there is no other solution which is better in 

all objectives.  Pareto-fronts are often represented graphically to help visualize the trade-offs 

between different objectives, as illustrated in the following figure: 

 

Figure 4.13.  Pareto-front illustration  

Source: [182] 

Several approaches utilizing the concept of pareto-fronts will be discussed below.  The 

Non-dominated Sorting Genetic Algorithm II (NSGA-II) is a subset of genetic algorithms 

specifically designed for solving multi-objective optimization problems.  The goal of NSGA-II is 
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to find a set of solutions that are as close as possible to the Pareto optimal front, which, as was 

already discussed, represents the best trade-offs among the conflicting objectives. 

Below is the flowchart of NSGA-II as suggested by [183]: 

 

Figure 4.14.  NSGA II illustration  

Source: [183] 

 

The NSGA-II  algorithm sorts the population into different ófrontsô based on Pareto 

dominance.  Solutions are ranked according to how many solutions they are dominated by.  

Within each front, solutions are then sorted based on crowding distance, which measures the 

density of solutions surrounding a particular point in the solution space.  NSGA-II uses a binary 

tournament selection based on rank and crowding distance, followed by crossover and mutation 

to generate new solutions.  NSGA-II is an elitist algorithm, meaning it preserves the best 

solutions (or óeliteô members) from the current population into the next generation. 



125 

NSGA-IIôs main strengths are its elitism, efficient non-dominated sorting approach, and 

crowding distance mechanism, which together help in maintaining a diverse set of solutions and 

in guiding the search towards the Pareto-optimal front.  Itôs also relatively simple to implement 

and scalable to a reasonable number of objectives, which makes it a popular choice for various 

applications. 

Similar to NSGA, the Strength Pareto Evolutionary Algorithm 2 (SPEA2) is an advanced 

version of genetic algorithms specifically designed for multi-objective optimization problems.  

SPEA2 assigns fitness values to solutions based on their dominance relationship with other 

solutions in the population.  The algorithms then estimate the density of solutions surrounding a 

particular solution in the objective space.  It helps maintain diversity in the population by 

favoring solutions in less crowded areas.  SPEA2 manages an archive of non-dominated 

solutions from which promising candidates are selected as parents for the next generation.  When 

the archive exceeds its size limit, it truncates the archive, i.e. removes some of the solutions 

while preserving the diversity of the archive.  SPEA2 is also an elitist algorithm because it 

retains the best solutions found throughout the evolutionary process, ensuring that the quality of 

solutions does not degrade over time.  SPEA2 has shown excellent performance in terms of the 

Pareto front, generation distance, and spacing.  It has been successful for various applications, 

demonstrating its robustness and effectiveness. 

Another approach, the Multi -Objective Particle Swarm Optimization (MOPSO), is an 

extension of the standard Particle Swarm Optimization (PSO) algorithm, adapted to handle 

problems with multiple objectives.  

MOPSO also uses the concept of Pareto dominance to evaluate and compare solutions.  

Each particle in the swarm represents a potential solution to the multi-objective problem.  The 
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particles óflyô through the solution space by adjusting their velocities and positions based on their 

own experience and the experience of their neighbors.  MOPSO maintains a repository (or 

archive) of non-dominated solutions found during the search process.  This repository helps 

guide the swarm towards promising areas of the search space.  MOPSO uses crowding distance 

to maintain diversity in the repository, ensuring a well-distributed set of solutions along the 

Pareto front.  MOPSO incorporates techniques like the Pareto envelope and grid-making to 

manage the multi-objective optimization process effectively, as shown in the figure below: 

 

Figure 4.15.  MOPSO illustration 

Source: [184] 

 

MOPSO retains the simplicity of the standard PSO algorithm, making it relatively easy to 

understand and implement.  The algorithm can be easily adapted and extended to suit various 

types of multi-objective problems.  MOPSO is also known for its fast convergence towards the 

Pareto front, which is beneficial in time-sensitive applications.  

There are other methods, e.g. the pareto-envelope selection algorithm (PESA), the 

decomposition-based algorithm (MOEA/D), the indicator-based evolutionary algorithm (IBEA), 
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etc.  Again, whole books have been written on this subject already, e.g. [185], so for brevityôs 

sake a more detailed discussion of these methods will be omitted in this dissertation. 

 

 4.4 Summary of Chapter 4 

Chapter 4 contained a survey of some of the more common optimization techniques, 

including various mathematical approaches as well as machine-learning approaches, for single-

objective, as well as multi-objective problems.  Some of the most commonly used techniques in 

each category were described, and pseudo-codes, flowcharts, and illustrations were used to 

explain each technique. 
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Chapter 5 - The Daily Energy Balance (DEB) Method 

 5.1 The Principle of Operation of the DEB method 

As stated in chapter1, the overarching goal of this research was to develop new and better 

methods and techniques to design an optimum microgrid system that satisfies technical and 

economic objectives as outlined in previous chapters. 

Virtually all currently existing optimization approaches use extensive simulations to 

attempt to determine configurations that match the generated and consumed power for each time 

frame over the course of the project lifetime before selecting a winning configuration.  As 

mentioned earlier, this approach is computationally very inefficient and expensive, is not easily 

adaptable to different consumers, often requires expensive and complex software to operate, and 

is in general not very suitable for making practical engineering decisions. 

The new method presented in this dissertation, called the ñdaily energy balanceò (DEB) 

method, is radically different from all existing approaches in that it does not attempt to match 

hourly power quantities.  Instead, this method attempts to achieve a balance between generated 

and consumed energy per day. 

A time frame of a day was selected because in most cases the power demand is cyclical 

with the period of 24 hours.  Similarly, solar power generated is also cyclical with a period of a 

day.  The idea was to determine valid component configurations such that, at the end of the day 

the consumed energy was less than or equal to the generated energy in the system.  The COE of 

valid configurations can then be determined, and the configuration with the smallest COE is 

chosen as the winning configuration. 

This approach minimizes simulation needs, greatly simplifies computations and shortens 

computation time, and can be implemented on widely available computation platforms such as 
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MS Excel.  The solutions can be easily verified and thereby provide a high degree of confidence 

in the obtained solutions, with the end effect that this method is much more engineer friendly 

compared to all other approaches. 

With this approach there is no need for extensive simulations ï the selection process is 

based on simple constraint checking.  The constraints are computed with equations derived in 

chapters 2 and 3.  This chapter summarizes all equations into an optimization problem 

formulation.  

 

 5.2 Method Parameters 

 5.2.1 Primary Input Data 

Unlike some of the competing methods, the inputs to this algorithm are highly 

customizable for different applications.  Some of these parameters are the customerôs choice, 

others are obtained from easily available web resources as outlined in chapters 2 & 3, and some 

can be obtained from manufacturers of various equipment as outlined in chapters 2 & 3.  

Compared to some other approaches such as iHOGA, the number of inputs is more 

limited, and are organized in logical groups, which are presented below. 

  

Load parameters: 

¶ Average daily energy demand (in kWh).  

¶ Peak power demand (in kW) 

¶ Average power demand (in kW) 

 

Location-dependent parameters: 

¶ Peak-sun-hours (in hrs) 
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¶ Average wind speed (in m/s) 

 

Economic parameters: 

¶ Project life (in years) 

¶ Discount rate (in %) 

 

Engine generator parameters: 

¶ Initial costs (in $/kW) 

¶ Generator lifetime (in hrs) 

¶ Replacement costs (in $/kW) 

¶ Operation and Maintenance costs (in $/kW/year) 

¶ Fuel coefficients 

¶ Fuel price (in $/L) 

¶ Desired load factor (in %) 

 

Battery parameters 

¶ Initial costs (in $/kWh) 

¶ Battery lifetime (cycles) 

¶ Replacement costs (in $/kWh) 

¶ Operation and maintenance costs (in $/kWh/year) 

¶ Maximum allowable DoD (in %) 

 

Solar panel parameters 

¶ Initial costs (in $/kW) 
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¶ Panel lifetime (in yrs) 

¶ Replacement costs (in $/kW) 

¶ Operation and maintenance costs (in $/kW/year) 

¶ System efficiency (in %) 

 

Wind turbine parameters 

¶ Initial costs (in $/kW) 

¶ Turbine lifetime (in yrs) 

¶ Replacement costs (in $/kW) 

¶ Operation and maintenance costs (in $/kW/year) 

¶ Rated wind speed (in m/s) 

 

Optimization parameters 

¶ Generator minimum size index Ŭ (0-1) 

¶ Solar system minimum size index ɓ (0-1) 

¶ Wind system minimum size index ɔ (0-1) 

 

 5.2.2 Secondary Input Data Computations 

Based on the primary input parameters from the previous section, the following 

parameters are computed according to the equations derived in chapters 2 and 3: 

1. Engine generator computations 

a. Engine generator energy output 

Ὁ Ὠὥώ ὖ ὒέὥὨὊὥὧὸέὶὙόὲὝὭάὩ 

Ὁ ώὩὥὶὉ Ὠὥώσφυ 
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Ὁ ὸέὸὥὰὉ ώὩὥὶ ὖὶέὮὩὧὸὒὭὪὩὸὭάὩ 

b. Engine generator costs 

ὙὩὴὰὥὧὩὝὭάὩί 
ὖὶέὮὩὧὸὒὭὪὩὸὭάὩὙόὲὝὭάὩσφυ

ὋὩὲὩὶὥὸέὶὒὭὪὩὸὭάὩ Ὤὶί
 

ὙὩὴὰὥὧὩὅέίὸ ὙὩὴὰὥὧὩὅέίὸὙὩὴὰὥὧὩὝὭάὩί 

ὊόὩὰὅέίὸ Ὠὥώ ὅ ὸ ὗ ὸ 

Cf = cost of fuel 

Qf = quantity of fuel 

ὗ ὸ ‌ὖ ‍ὖὸ 

ὊόὩὰὅέίὸ ώὩὥὶὊόὩὰὅέίὸ Ὠὥώσφυ 

ὔὖὅ ὍὲὭὸὅέίὸί 
2ÅÐÌÁÃÅ#ÏÓÔώ ὕǪὓώ ὊόὩὰὅέίὸώ

ρ ὶ
 

 

2. Solar panel computations 

a. Solar panel energy output 

Ὁ Ὠὥώ ὖ ὖὩὥὯὛόὲὌέόὶί–ὩὪὪὭὧὭὩὲὧώ 

Ὁ ώὩὥὶὉ Ὠὥώσφυ 

Ὁ ὸέὸὥὰὉ ώὩὥὶὖὶέὮὩὧὸὒὭὪὩὸὭάὩ 

b. Solar panel costs 

ὙὩὴὰὥὧὩὝὭάὩί 
ὖὶέὮὩὧὸὒὭὪὩὸὭάὩ

ὛέὰὥὶὖὥὲὩὰὒὭὪὩὸὭάὩ
 

ὙὩὴὰὥὧὩὅέίὸ ὙὩὴὰὥὧὩὅέίὸὙὩὴὰὥὧὩὝὭάὩί 

ὔὖὅ ὍὲὭὸὅέίὸί 
2ÅÐÌÁÃÅ#ÏÓÔώ ὕǪὓώ

ρ ὶ
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3. Wind turbine computations 

a. Wind turbine energy output 

Ὁ Ὠὥώ ς ὖ
ὠ

ὠ
ςτ 

Ὁ ώὩὥὶὉ Ὠὥώσφυ 

Ὁ ὸέὸὥὰὉ ώὩὥὶὖὶέὮὩὧὸὒὭὪὩὸὭάὩ 

b. Wind turbine costs 

ὙὩὴὰὥὧὩὝὭάὩί 
ὖὶέὮὩὧὸὒὭὪὩὸὭάὩ

ὡὭὲὨὝόὶὦὭὲὩὰὒὭὪὩὸὭάὩ
 

ὙὩὴὰὥὧὩὅέίὸ ὙὩὴὰὥὧὩὅέίὸὙὩὴὰὥὧὩὝὭάὩί 

ὔὖὅ ὍὲὭὸὅέίὸί 
2ÅÐÌÁÃÅ#ÏÓÔώ ὕǪὓώ

ρ ὶ
 

 

4. Battery computations 

a. Battery energy output 

Ὁ ÄÁÙὈέὈὗ  

b. Battery costs 

ὙὩὴὰὥὧὩὝὭάὩί 
ὖὶέὮὩὧὸὒὭὪὩὸὭάὩσφυ

ὄὥὸὸὩὶώὒὭὪὩὸὭάὩ ὧώὧὰὩί
 

ὙὩὴὰὥὧὩὅέίὸ ὙὩὴὰὥὧὩὅέίὸὙὩὴὰὥὧὩὝὭάὩί 

ὔὖὅ ὍὲὭὸὅέίὸί 
2ÅÐÌÁÃÅ#ÏÓÔώ ὕǪὓώ

ρ ὶ
 

 

5. Cost-of-energy (COE) computations 

ὅέάὦὭὲὩὨ Ὁ Ὁ Ὥ 
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ὅέάὦὭὲὩὨ ὔὖὅ ὔὖὅὭ 

ὅὕὉ 
ὅέάὦὭὲὩὨ ὔὖὅ

ὅέάὦὭὲὩὨ Ὁ

Α

ὯὡὬ
 

 

 5.3 Optimization Problem Formulation 

 5.3.1 Objective Function 

Minimize  

ὅὕὉ 
Α

ὯὡὬ

Вὔὖὅ

ВὉὲὩὶὫώ ὋὩὲὩὶὥὸὩὨ

В ВὔὖὅὭ

В В ВὉὭ
 

 

 5.3.2 Decision Variables 

The decision variable x is the rated size of each component plus the run-time of the 

generator, i.e.  x = [PG, tgRUN, PS, PW, QB]  

 

 5.3.3 Constraints 

1. Daily energy constraint 

Ὁ Ὠὥώ Ὁ Ὠὥώ Ὁ Ὠὥώ Ὁ Ὠὥώ 

2. Generator run-time constraint 

π  ὸὫ ςτ 

3. Generator size constraint 

ὖ ὖ ὖ  

ὖ ὖ ‌ 

ὖ ὖ  
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4. Solar panel size constraint 

ὖ ὖ ὖ  

ὖ  
Ὁ Ὠὥώ

ὖὩὥὯὛόὲὌέόὶί–
‍ 

ὖ  
Ὁ Ὠὥώ

ὖὩὥὯὛόὲὌέόὶί–
 

5. Wind turbine size constraint 

ὖ ὖ ὖ  

ὖ  
Ὁ Ὠὥώ

ςτ
‎ 

ὖ  
Ὁ Ὠὥώ

ςτ
 

6. Battery size constraint 

ὗ ὗ ὗ  

ὗ άὭὲ ὖ  ὖ φ
Ὁ

ς
ρ

Ὁ

Ὁ
 

or 

Ὁ Ὠὥώ ὖ  ὖ φ πȢυ
Ὁ

Ὁ
πȢς Ὁ πȢς

Ὁ

Ὁ
πȢς Ὁ  

ὗ  Ὁ Ὠὥώ 

 5.4 Summary of Chapter 5 

In chapter 5, a novel method to design microgrid systems, called the Daily Energy 

Balance (DEB) method, was introduced.  First, the principle of operation of the method was 

discussed.  Then the input parameters were presented, along with the equations necessary for the 

proper operation of the method.  The chapter also contained the detailed problem formulation for 

this design optimization method.  
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Chapter 6 - Results and Conclusions 

In this chapter, the DEB method will be tested and verified.  Different types of microgrid 

systems, with different power demand profiles, and different sizes, will be designed with the 

DEB method.  The results will be verified with the kW-counting procedure to ensure viability.  

The results will also be compared to designs by HOMER.  

The following systems, for the following locations, will be tested in this chapter: 

Small-size system (12 kWh/day, industrial profile) 

Å Salina, KS 

Å Bangor, ME 

Medium-size system (30 kWh/day, residential profile) 

Å Salina, KS 

Å Tucson, AZ 

Large-size system (57.5 kWh/day, residential profile) 

Å Salina, KS 

Å Garrett, WY 

Community-sized system (300 kWh/day, community profile) 

Å Salina, KS 

Å Stevens Village, AK 
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 6.1 Design of a Small Microgrid  System 

 6.1.1 Small System Description 

A small system is relevant for users in survival mode, concerned with powering only 

essential necessities such as fridge, freezer, furnace fan, some LED lights, and powering phone 

chargers or other communication equipment.  Since the devices do not necessarily operate 

simultaneously, the power demand is relatively constant, with a daily demand of 12 kWh, an 

average demand of 0.5 kWh and a peak demand of 0.64 kWh (note: this is the actual 

consumption of a real system). 

 

Figure 6.1.  Small system load profile 
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Figure 6.2.  Small system demand statistics 

 

 6.1.2 Small System Design with HOMER 

The first step to design a microgrid system with HOMER is to enter the geographic 

location (Salina, KS), from which Homer determines the NREL solar and wind data.  The 

economic parameters are fixed, with a 6% discount rate and a 2% inflation rate.  The price of 

fuel is adjustable, with a default price of $1/L. 

Homer does not have a way to enter exact demand parameters (which is a huge 

disadvantage!).  Instead, the user has 4 profiles to choose from:  commercial, community, 

industrial, or residential.  The only factor that is adjustable is the daily energy consumption, 

which in this case was set to 12 kWh.  For this system, the relatively flat industrial load profile 

was chosen as the closest representation of the demand. 
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Figure 6.3.  Small system load profile for H OMER 

 

For the solar part of the system, the type of solar panels, as well as the cost per kW can be 

changed.  The solar irradiance data is imported from NREL sources, and is set to 4.42 kW / m2 / 

day for Salina, KS.  For the wind turbine, the adjustable parameters are the type of turbine, the 

cost per kW, and whether the expected load is AC or DC.  The wind speed data is given as 

monthly and yearly averages, again from NREL sources, and is 5.21 m/s for Salina, KS.  Also, a 

specific power curve for the wind turbine is assumed.  For the battery, the adjustable parameters 

are the type of battery, and the cost per kW.  Below is a summary of the parameters that 

HOMER used for the simulation. 
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Figure 6.4.  Small system input parameters for HOMER 

 

After doing several minutesô worth of calculations, HOMER first displays the proposed 

layout of the system and the projected costs for different system configurations. 

 

Figure 6.5.  Small system layout by Homer 
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Table 6-1.  Small system results table by Homer for Salina, KS 

 

 

 

According to the table above, HOMER determined that the optimal configuration for the 

small system is a 1-kW generator, with a 1.3-kW rated PV system, a 1-kWh LFP battery, and a 

600-W inverter/charger.  The NPC of this system is $27,957, which amounts to a COE of $0.41 

per kWh. 

As already noted earlier, there is unfortunately no easy way to verify if the solutions will 

work as advertised.  HOMER is quite restrictive when selecting load profiles and parameter 

sizes, which appears to skew the results.  It also appears to oversimplify the results.  For 

example, the smallest size for the battery is 1 kWh (in the initial setup), and this is then the size 

that the algorithm selected for all configurations.  Similarly, there are no variations when using a 

1-kW wind turbine.  It appears that HOMER insists on a generator for all possible 

configurations, and the size was selected by simply doubling the average power demand.  

Therefore, the size of generator is probably too large, while the solar system and the battery are 

most likely too small, which would necessitate additional fuel to be burned by the generator to 

keep up with demand. 
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For comparison, simulations for the same system were done for Bangor, ME, which has 

less solar resources (irradiation 3.47 kW/m2/day) and wind potential (average wind 4.42 m/s).  

Below are the results: 

Table 6-2.  Small system results table by HOMER for Bangor, ME 

 

 

Surprisingly, despite the reduced renewable energy potential, HOMER calculated very 

similar results as compared to Salina, KS.  And counter-intuitively, HOMER also suggested a 

smaller solar system for several configurations. 

Overall, the results do not inspire confidence.  It appears HOMER was not designed with 

small systems in mind, and does not work well for them. 

 

 6.1.3 Small System Design with the Daily Energy Balance (DEB) Method 

The design with the DEB method also starts with the user entering the load parameters 

and other parameters.  However, the input parameters are less restrictive and more customizable 

as compared to HOMER, but not as overwhelmingly large as in iHOGA.  The input parameters 

for the DEB method were checked against HOMERôs parameters to ensure maximum fairness 

when comparing the two methods. 
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Table 6-3.  Small system input parameter table for the DEB method 

 

 

 

 

 

In general, the objective function (which in this case is the COE) can be minimized with 

any of the available constrained optimization algorithms.  In this research, two algorithms were 

used, the Generalized Reduced Gradient, which was discussed in section 4.1.1, and a Genetic 

algorithm, which was discussed in section 4.2.1.  Both were used within Microsoft Excel. 

The GRG algorithm was lighting fast and usually converged within a few iterations.  

However, as noted already in section 4.1.1, it is highly dependent on the initial conditions, and 

sometimes got stuck at a local minimum.  The GA algorithm was slower (but still much faster 

than HOMERôs ñproprietary algorithms), and much more exploratory than GRG, producing 

unique results, sometimes substantially better than the results of the GRG algorithm.  A good 

strategy was to alternately run the calculations with both algorithms, and then pick the best 

results of the two algorithms.  

Load parameters

Energy demand per day (kWh) 12.00

Peak power demand (kW) 0.64

Average power demand (kW) 0.50

Location parameters

Peak sun hours (hrs) 5.00

Average wind speed (m/s) 5.00

Generator parameters Batteries

Purchase cost ($/kW) 550.00 Purchase cost ($/kWh) 550.00

Generator lifetime (hrs) 20000.00 Battery lifetime (cycles @50% DoD) 4000.00

Replacement cost ($/kW) 550.00 Replacement cost ($/kWh) 550.00

O&M costs ($/kW/year) 100.00 O&M costs ($/kWh/year) 50.00

Solar Wind

Purchase cost ($/kWh) 3000.00 Purchase cost ($/kWh) 10000.00

Solar system lifetime (years) 20.00 Turbine lifetime (years) 20.00

Replacement cost ($/kW) 1000.00 Replacement cost ($/kW) 5000.00

O&M costs ($/year) 50.00 O&M costs ($/kW/year) 50.00

Economic parameters

Project life (years) 20.00

Discount rate (%) 6.00

Fuel price ($/L) 1.00

Fuel coefficients

ʰ ό[κƪ²ύ 0.07

ʲ ό[κƪ²ύ 0.23
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Figure 6.6.  Sample convergence plot by the Generalized Reduced Gradient (GRG) 

algorithm 

 

 

Figure 6.7.  Sample convergence plot by the Genetic Algorithm (GA)  

 

The primary objective of both algorithms was to minimize the COE, but the DEB method 

also provides a choice to prioritize generator, solar or wind energy via three user-selectable 
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operators.  Depending on the operator settings different solutions were obtained as seen in the 

following table: 

Table 6-4.  Small system results table by the DEB method for Salina, KS 

 

Compared to Homer, there are notable differences.  For example, strictly generator, 

strictly solar, or strictly wind power combinations are possible.  Also, the run-time of the 

generator is an optimizable parameter, which can range from 24 hours to zero hours.  The 

solutions with zero run times means the generator serves strictly as a backup source, slightly 

increasing COE, but substantially increasing the reliability of the system. 

The optimal configuration for the small-system with a COE of $0.36 was obtained using 

a mix of only solar energy and wind power.  However, when adding reliability as a second 

optimization criteria, the winning configuration consisted of a 0.64 kW standby generator to 

provide power when neither wind nor solar energy was available.  This increased the COE to 

$0.38, which is still better than HOMERôs winning COE of $0.41. 

To verify the validity of this solution, a kW-counting procedure was run, which resulted 

in the following plot: 

Generator (kW) Run-time (hrs) Battery (kWh) PV system (kW) Wind turbine (kW) COE ($)

4.71 2.36 0.67 0.3616

0.64 0 4.39 2.25 0.78 0.3779

6.86 3.01 0.3864

0.64 24 0.84 0.3944

0.8 24 0.4013

1.68 3.06 0.4448
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Figure 6.8.  Small system design verification for the DEB method 

 

According to the DEB method, the estimated daily battery requirements for this system 

are 4.39 kWh.  Counting the kW resulted in a battery requirement of 4.27 kWh, a deviation of 

only 2.8%, in the conservative direction, indicating that this system is fully functional. 

For additional comparison, the DEB method was also applied to designing the same-sized 

system for Bangor, ME.  Below are the results of the winning configuration: 

Table 6-5.  Small system optimal configuration by the DEB method for Bangor, ME 

 

This solution makes more sense than HOMERôs.  Compared to the solution for Salina, 

KS, the DEB method determined that the system cannot be supplied by renewable energy alone, 

and correspondingly adds more generator run-time to the mix.  It also eliminated the wind 

turbine because at low wind speeds, wind energy becomes non-profitable. 
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0.64 12.78 2.73 1.69 0 0.3840
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The overall verdict is that the DEB method outperformed HOMER and is much more 

suitable for small-sized systems than HOMER. 

 

 6.2 Design of a Medium Microgrid  System 

 6.2.1 Medium System Description 

The medium size system represents the consumption of an average household in winter, 

when most off the devices are in use except the air-conditioner (AC).  At night, the consumption 

is comparable to the consumption of the small system, but during the day the consumption is 

quite a bit higher due to usage of space heaters, kitchen range, clothes dryer, and other 

appliances along with a higher lighting load.  The daily energy demand is about 2.5 times larger 

(30.8 kWh), the average demand is 1.3 kW and the peak demand is 2.6 kW (again, this is the 

actual consumption of a real system). 

 

Figure 6.9.  Medium system load profile 
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Figure 6.10.  Medium system demand statistics 

 

 6.2.2 Medium System Design with HOMER 

Most of the parameters used for the medium system were the same as for the small 

system.  The biggest difference was the load profile, which for this system has the look of a 

classical residential profile, with an average daily demand of 30.8 kWh. 
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Figure 6.11.  Medium system load profile for HOMER 

 

 

Figure 6.12.  Medium system input parameters for HOMER 

 

After several minutesô worth of calculations, HOMER proposed the following layout of 

the system and showed the projected costs for different system configurations for Salina, KS. 
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Figure 6.13.  Medium system layout by HOMER 

 

Table 6-6.  Medium system results table by HOMER for Salina, KS 

 

According to the tables above, HOMER determined that the optimal configuration for the 

medium system is a 6-kW generator, with 3.0 kW of installed PV power, a 5-kWh battery, a 3.5-
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kW inverter/charger and a 1-kW wind turbine.  The NPC of this system is $80,200, which 

amounts to a COE of $0.46 per kWh. 

Overall, the COE is higher than for a small system, which is probably due to the 

residential profile having a smaller load factor.  It also appears that for the medium system with a 

residential-profile, Homer over-estimated the peak demand, and over-sized the generator 

accordingly.  Significant savings could be achieved by using a smaller generator. 

As was done in section 6.2, for reference, the same-size system was designed for a 

different location, this time for Tuscon, AZ, which has a higher solar irradiation of 5.41 

kWh/m2/day, but a reduced average wind speed of 4.7 m/s. 

Table 6-7.  Medium system results table by HOMER for Tucson, AZ 

 

 

Interestingly, again there are only small variations between the systems in Salina, KS, 

and Tucson, AZ.  The solar system is slightly larger, while the wind turbine was omitted.  

Counterintuitively, the generator run-time is increased, so the abundance of solar energy only 

slightly improved the cost of energy. 
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 6.2.3 Medium System Design with the Daily Energy Balance (DEB) Method 

The input parameters for the medium-system for the DEB method were similar to the 

parameters of the small-system and were as follows: 

Table 6-8. Medium system input parameter table for the DEB method  

 

 

 

 

Again, the GRG and GA algorithms were used.  Depending on the operator settings, 

different solutions were obtained as seen in the following table: 

Table 6-9.  Medium system results table by the DEB method for Salina, KS 

 

Load parameters

Energy demand per day (kWh) 30.80

Peak power demand (kW) 2.56

Average power demand (kW) 1.30

Location parameters

Peak sun hours (hrs) 5.00

Average wind speed (m/s) 5.00

Generator parameters Batteries

Purchase cost ($/kW) 550.00 Purchase cost ($/kWh) 550.00

Generator lifetime (hrs) 20000.00 Battery lifetime (cycles @50% DoD) 4000.00

Replacement cost ($/kW) 550.00 Replacement cost ($/kWh) 550.00

O&M costs ($/kW/year) 100.00 O&M costs ($/kWh/year) 50.00

Solar Wind

Purchase cost ($/kWh) 3000.00 Purchase cost ($/kWh) 10000.00

Solar system lifetime (years) 20.00 Turbine lifetime (years) 20.00

Replacement cost ($/kW) 1000.00 Replacement cost ($/kW) 5000.00

O&M costs ($/year) 50.00 O&M costs ($/kW/year) 50.00

Generator (kW) Run-time (hrs) Battery (kWh) PV system (kW) Wind turbine (kW) COE ($)

16.79 8.21 0.4049

2.56 5.17 10.15 5.39 0.4081

2.56 0 11.41 5.3 3.14 0.4175

2.56 0 16.79 8.21 0.4339

3.2 24 0.4644

1.6 24 7.56 0.4917

7.56 8.87 0.5616

Economic parameters

Project life (years) 20.00

Discount rate (%) 6.00

Fuel price ($/L) 1.00

Fuel coefficients

ʰ ό[κƪ²ύ 0.07

ʲ ό[κƪ²ύ 0.23
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According to the DEB method, the medium-system can be optimally supplied by an 8.21-

kW solar system coupled with a 16.79-kWh battery bank, at a cost of $0.41, which is 

significantly better than HOMERôs result. 

To verify the validity of the computed optimum solution, a kW-counting procedure was 

performed as seen in the figure below: 

 

Figure 6.14.  Medium system design verification for the DEB method (only solar energy) 

 

According to the DEB method, the optimum solution with only solar power requires 

16.79 kWh of battery storage.  The kW-counting procedure indicates that this number is 

reasonable; in fact it would work with even less capacity, 15.41 kWh.  This indicates that the 

proposed solution would work, at a COE substantially less than HOMERôs solution. 

To improve the reliability, adding a 2.56 kW generator only marginally adds to the 

expected costs over the lifetime of the project, and would be the preferable solution for most 

customers.  Again, this solution was verified and the results are shown below: 
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Figure 6.15.  Medium system design verification for the DEB method (generator plus solar 

energy) 

The kW-counting procedure determined the need for an 8.56-kWh battery bank.  The 

DEB method conservatively estimated 10.15 kWh. 

To further verify the DEB method for designing medium-sized systems, the optimization 

was performed for a different location, this time for Tucson, AZ.  

  

Table 6-10.  Medium system optimal configuration by the DEB method for Tucson, AZ 

 

 

Consistent with the results for Salina, KS, and due to the abundance of solar energy in 

Tucson, AZ, the solution suggests less run-time for the generator, a smaller solar system, and a 

slightly larger battery system for an overall lower COE. 
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2.56 3.54 11.85 4.83 0 0.3883
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 6.3 Design of a Large Microgrid  System 

 6.3.1 Large System Description 

A large system represents the actual consumption of a single household in summer at the 

peak of its power demand.  It consumes about twice as much as the same household in winter, 

mostly due to the extensive usage of air-conditioning.  The total daily energy demand is about 60 

kWh, with a peak demand of slightly more than 5 kW, and an average demand of about 2.4 kW.  

It has the typical profile of a residential customer with times of low demand during the night, and 

times of high demand around noon, and again during the evening hours. 

 

Figure 6.16.  Large system load profile 
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Figure 6.17.  Large system demand statistics 

 

 6.3.2 Large System Design with HOMER 

Most of the parameters used for the large system were the same as for the medium 

system.  The biggest difference was the average daily load which for this system was 57.5 kWh. 

 

Figure 6.18.  Large system load profile for HOMER 
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Figure 6.19.  Large system input parameters for HOMER 

 

After several minutes of simulation, Homer suggested the following layout for the large 

system: 

 

Figure 6.20.  Large system layout by HOMER 

 

The projected costs for different system configurations for Salina, KS are in the tables 

below: 
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Table 6-11.  Large system results table by HOMER for Salina, KS 

 

 

 

According to the tables, HOMER determined that the optimal configuration for the large 

system is a 12-kW generator, a 1-kW wind turbine, with 5.8 kW of installed PV power, 9 kWh of 

battery capacity, and a 6.1-kW inverter/charger.  The NPC of this system is $151,378, which 

amounts to a COE of $0.46 per kWh.  Not surprisingly, the suggested system is about double the 

medium system, with an identical COE of $0.46 per kWh. 

For additional data, the large system was also designed for a different location, this time 

for Garrett, WY.  Garrett is located north-west of Cheyenne in the interior of Wyoming, and has 

a comparable solar potential (4.27 kWh/m2/day), but a larger wind potential (average wind speed 

8.11 m/s).  Below are the results of the simulation by HOMER: 

Table 6-12.  Large system results table by HOMER for Garrett , WY 
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These results actually make sense.  Due to additional wind potential, the winning solution 

incorporates more wind turbines, and results in reduced run-time for the generator and a lower 

COE as compared to Salina, KS. 

 

 6.3.3 Large System Design with the Daily Energy Balance (DEB) Method 

The input parameters for the large-sized system were similar to the medium-sized system 

and were as follows: 

Table 6-13. Large system input parameter table for the DEB method  

 

  

 

 

Load parameters

Energy demand per day (kWh) 57.50

Peak power demand (kW) 5.12

Average power demand (kW) 2.40

Location parameters

Peak sun hours (hrs) 5.00

Average wind speed (m/s) 5.00

Generator parameters Batteries

Purchase cost ($/kW) 550.00 Purchase cost ($/kWh) 1000.00

Generator lifetime (hrs) 20000.00 Battery lifetime (cycles @50% DoD) 4000.00

Replacement cost ($/kW) 550.00 Replacement cost ($/kWh) 500.00

O&M costs ($/kW/year) 100.00 O&M costs ($/kWh/year) 50.00

Solar Wind

Purchase cost ($/kWh) 3000.00 Purchase cost ($/kWh) 10000.00

Solar system lifetime (years) 20.00 Turbine lifetime (years) 20.00

Replacement cost ($/kW) 1000.00 Replacement cost ($/kW) 5000.00

O&M costs ($/year) 50.00 O&M costs ($/kW/year) 50.00

Economic parameters

Project life (years) 20.00

Discount rate (%) 6.00

Fuel price ($/L) 1.00

Fuel coefficients

ʰ ό[κƪ²ύ 0.07

ʲ ό[κƪ²ύ 0.23



160 

Depending on the operator settings, and the optimization algorithms (GA or GRG) used, 

the DEB method determined the following viable solutions:  

Table 6-14.  Large system results table by the DEB method for Salina, KS 

 

The DEB method determined that the larger system can be optimally supplied by a 34-

kW solar system and a 15.3-kWh battery bank.  For increased reliability, a generator can be 

added to the system, which only insignificantly increases the COE. 

The ability of this system (with a generator) to supply power to the large system was 

verified with a kW-counting procedure.  Below is the resulting plot: 

 

Figure 6.21.  Large system design verification for the DEB method 

 

Generator (kW)Run-time (hrs) Battery (kWh) PV system (kW)Wind turbine (kW) COE ($) Comments

33.75 15.33 0.4014 only solar

5.12 4.83 21.15 10.06 0.4067 GRG

5.19 5.68 19.35 8.7 0.43 0.4132 Evol

5.12 24 0.4587 only gen

5.12 14.04 16.32 0.5008 peak shaving

16.31 16.56 0.5580 only wind
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The kW-counting procedure calculated an 18.9-kWh battery capacity requirement.  The 

DEB method determined (conservatively) that a 21.2-kWh battery bank was necessary to cover 

the demand; this indicated that the proposed system would be operational.   

For comparison, the community-system was also designed by the DEB method for 

Garrett, WY.  Below are the results for the winning configuration: 

 

Table 6-15.  Large system optimal configuration by the DEB method for Garrett, WY  

 

 

As expected, the DEB method determined that the optimal system for Garrett, WY, is a 

system with a larger wind-system component due to its abundance of wind power.  A kW-

counting procedure also confirmed the battery requirements, 19 kWh (conservatively) estimated 

vs 12.5 kWh actual energy requirements. 

 

 6.4 Design of a Community Microgrid  System 

 6.4.1 Community System Description 

The following community-sized system is modelled with power consumption data of an 

actual village.  It consists of about 25 households with a combined daily demand of about 300 

kWh, a peak demand of 20 kW, and an average demand of 12.5 kW. 

Generator (kW) Run-time (hrs) Battery (kWh) PV system (kW) Wind turbine (kW) COE ($)

5.12 0 19.08 6.14 5.75 0.4040
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Figure 6.22.  Community system load profile 

 

 

Figure 6.23.  Community system demand statistics 

  

 6.4.2 Community System Design with HOMER 

Most of the parameters used for the community system were the same as for the other 

systems.  The biggest difference was the load profile, which for this system has the look of a 

classical community profile, with an average daily load of 300 kWh. 
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Figure 6.24.  Community system load profile for HOMER 

  

Below is the summary of the input parameters for Homer. 

 

Figure 6.25.  Community system input parameters for HOMER 

 

After several minutes of calculations, HOMER suggested the following layout for the 

community system, and determined the following NPC and COE: 
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Figure 6.26.  Community system layout by HOMER 

 

Table 6-16.  Community system results table by HOMER for Salina, KS 

 

 

 

According to the tables above, HOMER determined that the optimal configuration for the 

community system is a 41-kW generator, a 5-kW wind turbine, with 33.8 kW of installed PV 
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power, 38-kWh batteries, and a 27.3-kW inverter/charger.  The NPC of this system is $723,240, 

which amounts to a COE of $0.42 per kWh. 

As expected, the COE of the community-sized power system is smaller than for systems 

with residential profiles due to a higher load factor.  In addition, this system benefits from the 

economy of scale. 

For additional data, the community microgrid system was also designed for a different 

location, this time for Stevens Village, AK.  Stevens Village is located north of Fairbanks in the 

interior of Alaska, and has a quite low solar potential (only 2.54 kWh/m2/day), but still a 

significant wind potential (average wind speed 5.58 m/s).  Below is the simulation data by 

HOMER: 

Table 6-17.  Community system results table by HOMER for Stevens Village, AK 

 

 

 

As has been noted before, HOMERôs results are frequently difficult to reconcile with 

practical considerations.  In this case, it doesnôt make sense that it picked in its winning 

configuration less wind turbine power, but a larger solar system compared to Salina, KS, despite 

Stevens Village having more wind and less solar potential than Salina, KS. 
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 6.4.3 Community System Design with the Daily Energy Balance (DEB) Method 

The input parameters for the community-sized system were similar to the other systems 

and were as follows: 

Table 6-18.  Community system input parameter table for the DEB method 

 

 

 

Depending on the operator settings, and the chosen algorithms, different solutions were 

obtained as seen in the following table: 

Table 6-19.  Community system results table by the DEB method for Salina, KS 

 

Load parameters

Energy demand per day (kWh) 300.00

Peak power demand (kW) 20.00

Average power demand (kW) 12.50

Location parameters

Peak sun hours (hrs) 5.00

Average wind speed (m/s) 5.00

Generator parameters Batteries

Purchase cost ($/kW) 550.00 Purchase cost ($/kWh) 550.00

Generator lifetime (hrs) 20000.00 Battery lifetime (cycles @50% DoD) 4000.00

Replacement cost ($/kW) 550.00 Replacement cost ($/kWh) 550.00

O&M costs ($/kW/year) 100.00 O&M costs ($/kWh/year) 50.00

Solar Wind

Purchase cost ($/kWh) 3000.00 Purchase cost ($/kWh) 10000.00

Solar system lifetime (years) 20.00 Turbine lifetime (years) 20.00

Replacement cost ($/kW) 1000.00 Replacement cost ($/kW) 5000.00

O&M costs ($/year) 50.00 O&M costs ($/kW/year) 50.00

Generator (kW) Run-time (hrs) Battery (kWh) PV system (kW) Wind turbine (kW) COE ($)

135 80 0.3705

20 0 135 80 0.3938

20 7.5 90 48 0.3988

20 24 0.4013

20 0 73.88 45.32 37.46 0.417

20 18.75 45 0.4437

45 86.4 0.5088

Economic parameters

Project life (years) 20.00

Discount rate (%) 6.00

Fuel price ($/L) 1.00

Fuel coefficients

ʰ ό[κƪ²ύ 0.07

ʲ ό[κƪ²ύ 0.23
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According to the DEB method, the community system can be optimally supplied by an 

80-kW solar system and a 135-kWh battery bank.  For a small COE increase, a stand-by 

generator could be added to the system. 

The system is verified with a kW-counting procedure.  Below is the plot: 

 

Figure 6.27.  Community system design verification for the DEB method 

 

The DEB method determined that a 135-kWh battery bank was necessary to cover the 

demand.  The kW-counting procedure resulted in 137 kWh battery capacity, a deviation of less 

than 1.5 %.  

For comparison, the community-system was also designed by the DEB method for 

Stevens Village, AK. Below are the results: 
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Table 6-20.  Community system optimal configuration by the DEB method for Stevens 

Village, AK 

 

As expected, the DEB method determined that the optimal system for Stevens Village, 

AK, is a system with a large wind-system component due to its abundance of wind power.  A 

kW-counting procedure also confirmed the battery requirements, 55.04 kWh estimated 

(conservatively) vs 51.2 kWh calculated power. 

 

 6.5 Summary of Results 

Extensive work was performed to develop, test, and verify the DEB method.  A small 

system, medium system, large system and a community-sized microgrid systems were designed 

for various locations.  The DEB method proved to be much faster, and came up with more 

realistic and less expensive solutions.  Below is a summary of the obtained solutions by HOMER 

and the DEB method. 

In all cases, the COE was less for DEB compared to HOMER.  The primary reason is the 

reduced reliance of the DEB method on internal combustion engines in favor of renewable 

energy such as solar and wind power.  This approach required additional battery capacity, but it 

still resulted in overall less costly and more environmentally friendly systems. 

Generator (kW) Run-time (hrs) Battery (kWh) PV system (kW) Wind turbine (kW) COE ($)

20 0 55.04 38.18 40.95 0.3902
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Table 6-21.  Summary of Results 

 

As seen in the table above, in all instances the DEB method outperformed HOMER, 

obtaining more reasonable solutions which were less costly and also more environmentally 

friendly. 

 

Generator 

(kW)

Run-time 

(hrs/day)

Solar 

(kW)

Wind 

(kW)

Battery 

(kWh)
COE ($)

Small system Homer 1 14.16 1.3 0 1 0.41

(Salina, KS) DEB 0.64 0 2.25 0.78 4.39 0.38

Small system Homer 1 16.32 1.3 0 1 0.41

(Bangor, ME) DEB 0.64 12.78 1.69 0 2.73 0.38

Generator 

(kW)

Run-time 

(hrs/day)

Solar 

(kW)

Wind 

(kW)

Battery 

(kWh)
COE ($)

Medium system Homer 6 10.56 3 1 5 0.46

(Salina, KS) DEB 2.56 5.17 5.39 0 10.15 0.41

Medium system Homer 6 13.68 3.4 0 5 0.44

(Tucson, AZ) DEB 2.56 3.54 4.83 0 11.85 0.39

Generator 

(kW)

Run-time 

(hrs/day)

Solar 

(kW)

Wind 

(kW)

Battery 

(kWh)
COE ($)

Large system Homer 12 12.48 5.8 1 9 0.46

(Salina, KS) DEB 5.12 4.83 10.06 0 21.2 0.41

Large system Homer 12 9.84 4.8 2 9 0.44

(Garrett, WY) DEB 5.12 0 6.14 5.75 19.08 0.40

Generator 

(kW)

Run-time 

(hrs/day)

Solar 

(kW)

Wind 

(kW)

Battery 

(kWh)
COE ($)

Community Homer 41 12 33.8 5 38 0.42

(Salina, KS) DEB 20 0 80 0 135 0.39

Community Homer 41 17.52 35.9 0 38 0.47

(Stevens Vill., AK) DEB 20 0 38.18 40.95 55.04 0.39
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 6.6 Conclusions, Accomplishments and Plans for Future Work  

In conclusion, the DEB proved in several ways a to be superior method of designing 

efficient isolated microgrid power systems: 

¶ It is more easily adaptable to different system sizes and different locations 

¶ It requires fewer input data 

¶ It is computationally less intensive, and much faster 

¶ It can be used with widely available computational software tools such as Excel 

¶ The results are more stable 

¶ The results are more environmentally friendly 

¶ The results are more cost-effective 

The overall goal and objective of this research was developing new optimization tools 

and techniques for designing and building efficient microgrid systems.  In line with the goal and 

objective outlined above, this dissertation presents the following accomplishments and 

achievements: 

In line with the goals and objectives outlined above, this dissertation presents the 

following accomplishments and achievements: 

¶ Developed a brand-new microgrid system design method called ñDaily Energy 

Balanceò method (DEB).  This method is uniquely different from all existing 

approaches in that it does not attempt to match power quantities for each hour.  

Instead, this method aims to achieve a balance between generated and consumed 

energy over the course of a day.  As a result, this method is more efficient, much 

faster, more customizable, and in general more engineer friendly as compared to any 
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other available microgrid system design approaches, and it can operate on any 

available computation platform. 

¶ Developed new and revised models and equations to accurately determine the amount 

of daily energy that can be generated by generators, solar panels, and wind power 

systems. 

¶ Developed new models and equations to determine the daily battery capacity 

requirements based on the daily average power and peak power consumption, as well 

as the daily average energy generation capability of different microgrid sources. 

¶ Adapted two optimization algorithms, the Generalized Reduced Gradient (GRG) and 

a genetic algorithm (GA), to determine the optimum combination of components that 

minimize cost and maximize reliability of isolated microgrid power systems. 

¶ Employed unique multi-objective optimization operators to enable tailoring of the 

optimization results according to the preferences of the user. 

¶ Extensively tested and verified the developed models and equations with real-life 

production data of already operational wind and solar power systems. 

¶ Designed and optimized (with the new DEB method) small, medium, large and 

community-sized isolated microgrid systems using real-life power demand data. 

¶ Compared and benchmarked the resulting configurations with configurations 

determined by HOMER.  In all cases the new DEB method outperformed HOMER, 

obtaining more reasonable solutions which were less costly, more reliable, and also 

more environmentally friendly, hereby confirming the validity of the new method as 

well as itôs superiority to competing approaches. 
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Now that the microgrid system design dilemma is solved, the next step would be to 

obtain grants and/or other funding to actually build real-life isolated microgrid power systems, in 

particular in areas of the world that are still not electrified.  A major area of future research 

would be improving the control scheme to operate these microgrid systems at maximum 

efficiency.  The long-term ambition of this dissertation would be to provide guidance and be a 

leading resource for engineers who are designing microgrid systems for disadvantaged people in 

the world. 

 

 

 

 6.7 Summary of Chapter 6 

In chapter 6, the DEB method was tested and verified.  Different types of microgrid 

systems, with different power demand profiles, and different sizes, were designed with the DEB 

method.  The results were verified with the kW-counting procedure to ensure viability, as well as 

compared to designs by HOMER.  Conclusions were made, accomplishments were summarized, 

and plans for future work were also outlined in this chapter. 
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