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Abstract 

674BAmong various renewable energy sources, solar energy is considered one of the most effective 

solutions because it is abundant, eco-friendly, sustainable energy resources to address the energy 

shortage of the present and future. Electricity generation by an off-grid photovoltaic (PV) system 

is particularly effective in isolated areas where there is no access to any other source of electricity. 

However, it makes difficult to estimate the cost-effective capacity of an off-grid energy system 

under the inherent nature of solar irradiance, unexpected climate changes and energy demand 

uncertainty. The objective of the dissertation is to develop mathematical optimization models that 

assist and improve the decision-making process in designing the optimal capacity of a residential 

off-grid PV-battery system under uncertainties. In the first chapter, a mathematical model for 

energy consumption scheduling of an off-grid PV-battery system problem is proposed. It is a 

mixed-integer programming problem that considers energy consumption patterns and appliance 

priorities. The model pre-schedules appliance operation that maximizes the operation of higher 

priority appliances given the forecasted solar irradiance. It is represented how it can be solved on 

case studies based on region and season. The results demonstrate that the proposed model provides 

optimal schedules for operating the higher-priority appliances. In the second chapter, an off-grid 

PV system design approach that considers energy consumption scheduling and system operation 

under solar irradiance uncertainty is developed. The solution method combined the Nelder-Mead 

algorithm, mixed-integer programming, and Monte Carlo simulation. The day-ahead schedule 
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obtained by the energy consumption scheduling model is executed on a Monte Carlo simulation 

that considers the uncertainty of solar irradiance. The performance of the algorithm is tested using 

solar irradiance data at two locations in the USA. Based on the simulation results, the algorithm 

finds the cost-efficient capacity of the energy system at a minimum annual equivalent cost (AEC).  

Finally, in the third chapter, a stochastic optimization model that simultaneously considers 

scenarios to represent the uncertainty of solar irradiance and energy consumption scheduling is 

studied. The resulting model is a complicated multi-objective mixed integer programming problem. 

The model aims to determine the optimal PV array and battery capacity to supply the energy 

demand at minimum AEC of the energy system in variation of solar irradiance occurrences. 

Experimental results confirm that the stochastic optimization model better estimates the energy 

system capacity at minimum AEC than the non-optimized deterministic model. Moreover, 20-

scenario model is more effective than less-scenario models since the solution obtained by 20-

scenario model satisfies energy demand under all number of scenarios considered. 
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Introduction 

841BToday, energy resources are one of the most important factors for sustainable human 

development.  However, fossil fuels, on which humans have been depending heavily during 

several decades, are confronted with the serious problem of depletion. Industrialization and 

growing population size bring about the rapid growth in electricity usage, which is generated by 

conventional natural resources such as oil, coal, and gas. These processes also contribute to an 

increase in greenhouse gas (GHG) and carbon dioxide (CO2) emission, which have a hazardous 

influence on the atmosphere of the earth. In particular, global warming caused by the greenhouse 

gas effect is associated with the extreme weather phenomenon, posing a great threat to human 

survival. For these reasons, developing eco-friendly renewable energy sources becomes a crucial 

factor in the sustainable prosperity of human beings. In recent years, power generation 

technologies for renewable energy sources such as solar, wind, biomass, and tide have been studied. 

These renewable energy sources have gained popularity since it is clean, environmentally friendly 

and abundant, and can reduce dependence on conventional fossil fuels.  

842BAmong various renewable energy resources, solar energy has great potential to meet the 

future needs of the world. Several solar energy generating methods have been developed so far; 

the photovoltaic (PV) energy system directly converts solar irradiance into electricity via PV arrays 

and is one of the most popular renewable energy systems. It has a longer life cycle than other 

renewable energy systems, is easy to operate and maintain, and offers flexible installing based on 
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the geographical features or user energy demand since it is composed of several modules. In 

particular, the deployment of a standalone PV-battery energy system in isolated areas such as 

islands or rural areas where the grid network cannot be constructed will be useful in solving energy 

deficiency problems in those areas and can become a promising solution to deal with the increasing 

energy demand of the world in the future. However, in an off-grid PV-battery system, optimal 

energy management is required because the sun is the only energy source to generate electricity, 

which is time-dependent and limited to day hours. An effort to find an optimal capacity of the 

energy system is also needed to satisfy user energy demand within a limited budget. With such 

characteristics of an off-grid PV energy system in mind, in this dissertation, we have developed 

optimization models to determine energy consumption schedules and the energy system capacity 

under uncertainties.  

843BThe remainder of this dissertation is organized as follows. Chapter 1 presents an 

optimization model to find daily optimal schedules of home appliances to maximize the usage of 

high-priority appliances given PV array and battery capacities. Chapter 2 proposes a Nelder-Mead 

algorithm for designing a residential off-grid PV system. Chapter 3 describes a stochastic 

optimization model for determining the capacity of a residential off-grid PV-battery system 

considering solar irradiance uncertainty and hourly energy consumption patterns.
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  Scheduling Energy Consumption for Residential Off-grid Photovoltaic Systems 

1.1 Abstract 

844BAmong various renewable energy sources, solar energy is considered an effective solution to 

the shortage of energy in the future. A stand-alone photovoltaic (PV) system can be particularly 

impactful in an isolated area where access to the grid is limited or unavailable. Because solar 

energy generation primarily depends on the availability of solar irradiance over time, energy 

management is crucial, which in turn can also satisfy user comfort and system efficiency. In this 

paper, we propose an energy consumption scheduling model for a residential house with a stand-

alone PV system and battery. We develop a mixed-integer optimization model that uses 

consumption patterns and appliance priority to schedule the use of appliances. We test our model 

under four scenarios based on region and season. The results demonstrate that the proposed model 

provides optimal schedules for operating the appliances. In addition, we conduct a sensitivity 

analysis on PV array and battery capacities. We compare the optimized case with the non-

optimized case. 

 
 

845BKeywords: Stand-alone PV system, Optimal Energy Scheduling, Battery Capacity, Mixed-Integer 

Programming 
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1.2 Introduction 

846BA recent report from the United Nations shows that 1.1 billion people around the world do 

not have access to electricity and another one billion more have limited access only to an unreliable 

electrical grid [1]. For an isolated area where access to the grid is limited or nonexistent, an off-

grid energy system that uses renewable energy sources such as solar and wind is a promising 

solution to the shortage of reliable electric energy [2]. Among various renewable energy sources, 

solar energy is a particularly attractive solution due to its inherent features since it is abundant, 

cost-free, sustainable and eco-friendly [3]. However, the amount and availability of solar 

irradiance depend on several factors such as the time of the day, season, and geographic area. The 

time-dependence is the main difficulty that an isolated PV system faces [4]. To cope with these 

complications, a stand-alone system would require the use of a battery to store the energy. The 

battery can provide continuous and reliable power to guarantee satisfaction from the demand side. 

But energy storage is costly and can make the operation of a stand-alone energy system more 

complicated [5]. To address these challenges, we propose an optimal energy management model 

to achieve higher system efficiency and user comfort.  

847BIn recent years, various algorithms and methodologies have been proposed to optimize energy 

in residential areas by reducing operational costs and maximizing user comfort. In [6], the authors 

examined flexible convex programming optimization for automatic load management of various 

home appliances to reduce the operating cost and user discomfort. In [7], a Mixed Integer Linear 

Programming (MILP) model and heuristic algorithm are used to schedule appliances by taking 

into consideration total cost and climatic factors. In [8], the authors used an integer linear 

programming approach to reduce total cost and optimize the use of the grid capacity. In [9], a 

simple linear programming model was formulated to adjust hourly load levels in response to hourly 
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electricity cost. In [10], a particle swarm optimization method was used to schedule distributed 

energy resources. In [11], the authors used a genetic algorithm approach to combine a real-time 

pricing model with an inclining block model to minimize total cost and peak-to-average ratio. In 

[12], a robust optimization methodology is used to minimize the operating costs of temperature-

related appliances. Moreover, in [13], a two-stage pricing approach is used to reduce electricity 

costs while maintaining user comfort. In addition to these studies, mixed-integer programming is 

used in [14] to schedule appliances by minimizing total energy cost, and, in [15], the authors 

schedule energy to reduce total energy cost and peak-to-average-ratio (PAR) in load demand using 

the game theory approach. In the reviewed literature, the primary objective is to minimize the total 

cost of an on-grid renewable energy system under a dynamic pricing environment in which the 

price of the energy changes with every period. In contrast, our objective is to maximize the use of 

appliances by using the available solar energy. In our model, no energy from the grid is available, 

and no benefit is obtained from unused solar energy. Moreover, there are few studies that examine 

energy scheduling in an off-grid residential energy system with a single renewable energy source. 

We propose an energy management optimization model for an off-grid PV system with energy 

storage to achieve higher system efficiency and satisfy user comfort. The contributions of this 

paper are: 

848B- A mathematical model to schedule operation times of appliances based on user consumption 

pattern  

849B- An examination of effects for PV array and battery capacities on the user demand satisfaction 

850BThe remainder of this paper is organized as follows: Section 2 presents the proposed model. 

Section 3 discusses the case study and the results. Finally, section 4 ends with concluding remarks. 
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1.3 The proposed model 

851BThe proposed scheduling energy consumption model uses consumption patterns, priority 

usage of appliances, and solar irradiance daily forecast to pre-schedule the operation time of 

appliances with the objective to maximize the operation of higher priority appliances given the 

forecasted available energy. The model assumes that the energy generating system is an off-grid 

system consisting of a PV array, a battery, a PV charging controller, and an inverter to power all 

appliances in a rural home. The appliances are assumed to operate in a binary manner -- ‘on’ or 

‘off’ (1 or 0). Figure 1.1 illustrates this energy system.  

 

0B  
 1BFigure 1.1  Proposed energy system 
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852BIn Figure 1.1, the PV array converts the solar irradiance into electric energy during the daytime. 

Most of the energy is used to operate the appliances and the remaining energy (if any) is stored in 

the battery through the PV charging controller. The DC/AC inverter converts the DC power into 

AC power required to operate the appliances. The battery is used at nighttime and sometimes at 

daytime when there is not enough solar irradiance to operate the appliances. Temperature related 

appliances such as an air conditioner, heater, and a water boiler are not considered here because 

they usually consume a large amount of energy and a PV array may not be capable of powering 

them. 

 

1.3.1 Operation cycle 

853BWe divide a day into L equal periods of length T = 24 
L

  hours. All parameters and variables 

are measured at the end of a period. Thus, a period t starts from time 𝑡𝑡 − 1 and ends at time 𝑡𝑡. The 

operation cycle of an appliance in a day is determined by the required number of periods T𝑎𝑎. These 

values indicate that the user would like to operate the appliance as much as T𝑎𝑎 periods.  

 

1.3.2 Operation flexibility 

854BWe define two types of appliances, flexible and inflexible. For a flexible appliance, the 

operation cycle can be scheduled at any time during a day. A washing machine and a dishwasher 

are examples of flexible appliances. In contrast, an inflexible appliance must be scheduled as 

requested by the user. A television and a light bulb are examples of inflexible appliances.  
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1.3.3 Operation period preference 

855BTo represent the operation period preference, we use a binary matrix P. The entry P𝑎𝑎,𝑡𝑡 of the 

matrix is equal to “1” if the user prefers to operate the appliance 𝑎𝑎 during the period 𝑡𝑡. The matrix 

P does not represent the number of times the appliance is required to operate. Therefore, to model 

an appliance required to operate twice (or more) during a day, we replace it with two (or more) 

appliances. Figure 2 shows an example of matrix P for three appliances. We assume that T𝑎𝑎 = 2 

hours for all of the appliances. In Figure 1.2, Appliance 1 is flexible and can operate for two 

consecutive hours at any period.  Appliance 2 is flexible and may operate either between 8 AM 

and 10 AM or between 6 PM and 8 PM. Appliance 3 is inflexible and is required to operate twice 

during the day for two hours each time. Appliance 3 is, therefore, represented by appliances 3-1 

and 3-2.  

 

856B  
2BFigure 1.2  Operation period preference matrix 

 

1.3.4 Operation priority 

857BConsidering that an off-grid energy system may not produce enough energy to operate all 

appliances as desired, we use the priority weight 1 - 10 to prioritize the operation of the appliances. 

A high priority weight indicates a high operation priority. We define matrix W to indicate the 

operation priority of the appliances. The entry W𝑎𝑎 of the matrix indicates the priority of operating 
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appliance 𝑎𝑎 during any given day. Figure 1.3 shows the entries of the operation priority matrix W 

for the three appliances mentioned above. In Figure 1.3, Appliance 1 has the highest operation 

priority, and Appliance 3-2 has the lowest operation priority on any given day. 

 

858B  
3BFigure 1.3  Operation priority matrix 

 

1.3.5 Appliance sequence precedence 

859BAn appliance may require that another appliance completes its cycle before the appliance can 

start operating. For example, a dryer machine may not start unless the washing machine has ended 

its cycle. We define the set S to include all appliances that are preceded by at least one appliance 

and the set S𝑎𝑎 to describes the appliances that precede 𝑎𝑎. 

 
S𝑎𝑎 = {𝑎𝑎1,𝑎𝑎2, …𝑎𝑎𝑠𝑠} where 𝑎𝑎𝑘𝑘 ∈ {1,2, … ,𝐴𝐴} and 𝑎𝑎 ∈ S 

 

1.3.6 Uninterruptible appliance 

861BAn appliance (i.e., a dishwasher) may require that its operation not stop before its cycle ends. 

We define the set Uapp  to group the uninterruptible appliances. 

 
Uapp = {𝑎𝑎1,𝑎𝑎2, … 𝑎𝑎𝑠𝑠} where 𝑎𝑎𝑘𝑘 ∈ {1,2, … ,𝐴𝐴} 
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1.3.7 Solar energy 

863BThe solar irradiance of period 𝑡𝑡, denoted by S𝑡𝑡PV, is converted into solar energy E𝑡𝑡PV by an 

array of solar panels. The conversion function is given by Eq. (1.1) [16].  

 
E𝑡𝑡PV = S𝑡𝑡PV ∗ RPV ∗ APV                                                             (1.1) 

 
865Bwhere RPV and APVindicate efficiency and the area of the PV array, respectively. For the solar 

irradiance S𝑡𝑡PV , we use the National Solar Radiation Database from the National Centers for 

Environmental Information of National Oceanic and Atmosphere Administration [17]. 

 

1.3.8 Model formulation 

1.3.8.1 Objective function 

866BThe purpose of the optimization model is to schedule the use of limited solar energy for the 

operation of appliances based on their priority and period preference. The objective function is 

defined in Eq. (1.2). 

 

max.�� W𝑎𝑎

A

𝑎𝑎=1

∗ 𝑥𝑥𝑎𝑎,𝑡𝑡
app_state

T

𝑡𝑡=1

                                                     (1.2) 

 

868BParameter W𝑎𝑎 is the user-defined priority weight of the appliances and the decision binary variable 

𝑥𝑥𝑎𝑎,𝑡𝑡
app_state represents the operation state of the appliances. Since the scheduling of the appliances 

is sensitive to the values of W𝑎𝑎, the values can be changed to force a solution more desirable to the 

user. The objective function is subject to the following constraints (1.3) - (1.18).  
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1.3.8.2 PV Energy Output  

869BThe constraint given in Eq. (1.3) states that the PV energy output (E𝑡𝑡PV) equals, at any period 

𝑡𝑡, the energy to operate the appliances (𝑒𝑒𝑡𝑡
app_pv) plus the energy to charge the battery (𝑒𝑒𝑡𝑡chr), and 

plus the energy loss (𝑒𝑒𝑡𝑡
loss_pv).  

 
𝑒𝑒𝑡𝑡
app_pv + 𝑒𝑒𝑡𝑡chr + 𝑒𝑒𝑡𝑡

loss_pv =  E𝑡𝑡PV                                                     (1.3) 

 

1.3.8.3 Total Energy Consumed  

871BThe constraint given in Eq. (1.4) states that the energy consumed by all appliances that are 

“on” is derived from the PV array (𝑒𝑒𝑡𝑡
app_pv) and/or the battery (𝑒𝑒𝑡𝑡

app_bat) at each period.  

 

� E𝑎𝑎 ∗ 𝑥𝑥𝑎𝑎,𝑡𝑡
app_state

A

𝑎𝑎=1

+ E𝑡𝑡M = (𝑒𝑒𝑡𝑡
app_pv + 𝑒𝑒𝑡𝑡

app_bat) ∗ RINV                            (1.4) 

 
873BThe parameter E𝑎𝑎 is the energy consumption of an appliance and E𝑡𝑡M is extra energy for operating 

appliances occasionally. 

 

1.3.8.4 Battery Charge and Discharge 

874BThe state of charge (SOC) of the battery is defined as the ratio of its current energy level to 

its nominal capacity. We assume that the battery starts with a SOC equal to 30%. The SOC at all 

periods is calculated by Eq. (1.5) [18]. 

 

𝑠𝑠𝑡𝑡bat = 𝑠𝑠(𝑡𝑡−1)
bat ∗ (1 − RDCH) +

�𝑒𝑒𝑡𝑡chr ∗ RCHR�
CBAT

−
𝑒𝑒𝑡𝑡
app_bat

CBAT
                               (1.5) 
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876BTo ensure enough SOC of the battery for the next day, the SOC of the battery at the last period 

(T) should be greater than or equal to SESC . 

 
𝑠𝑠Tbat ≥ SESC                                                                       (1.6) 

 
878BTo guarantee a durable life of the battery, the SOC should be between SMIN and SMAX at all 

periods. 

 
SMIN ≤  𝑠𝑠𝑡𝑡bat ≤  SMAX                                                             (1.7) 

 
880BThe Eq. (1.8) ensures that charging and discharging of the battery cannot occur at the same 

period.  

 
 𝑦𝑦𝑡𝑡chr +  𝑦𝑦𝑡𝑡dch ≤ 1                                                               (1.8) 

 
882Bwhere the variables 𝑦𝑦𝑡𝑡chr and  𝑦𝑦𝑡𝑡dch  are binary and represent charging or discharging of the battery, 

respectively. 

883BFor technical specifications, the energy discharged from the battery must be less than or equal 

to the maximum discharging energy (RMDC) at all periods. 

 
𝑒𝑒𝑡𝑡
app_bat ≤  𝑦𝑦𝑡𝑡dch ∗ RMDC                                                      (1.9) 

 
885BSimilarly, the energy charged to the battery must be less than or equal to the maximum 

charging energy (RMCH) at all periods. 

 
𝑒𝑒𝑡𝑡chr ≤  𝑦𝑦𝑡𝑡chr ∗ RMCH                                                         (1.10) 
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1.3.8.5 Appliance Daily Operation  

887BWhen there is not enough energy in the system, the Eq. (1.11) enforces that an appliance might 

not operate the number of operation periods defined by the user. 

 

 �𝑥𝑥𝑎𝑎,𝑡𝑡
app_state

T

t=1

≤  T𝑎𝑎                                                         (1.11) 

 
889BThe Eq. (1.12) ensures that an uninterruptible appliance either operates the whole cycle T𝑎𝑎 or 

it does not operate. 

 

 �𝑥𝑥𝑎𝑎,𝑡𝑡
app_state

T

t=1

= T𝑎𝑎 ∗ 𝑧𝑧𝑎𝑎       ∀ 𝑎𝑎 ∈ Uapp                                  (1.12) 

 
891BWhere variable 𝑧𝑧𝑎𝑎 is a binary variable. 

 

1.3.8.6 Operation Period Preference  

892BEq. (1.13) ensures that an appliance will only operate during a period that the user defined it 

as preferred.  

 
 𝑥𝑥𝑎𝑎,𝑡𝑡
app_state ≤  P𝑎𝑎,𝑡𝑡                                                             (1.13) 

 
894BA value one of the binary parameter P𝑎𝑎,𝑡𝑡 indicates that the appliance operates preferably during the 

preferred period 𝑡𝑡 defined by the user. 

 

1.3.8.7 Sequential Operation  

895BEq. (1.14) and Eq. (1.15) enforce the sequence precedence for appliances in the set S.  
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T𝑎𝑎∗ −�𝑥𝑥𝑎𝑎∗,𝑛𝑛
app_state

N

𝑛𝑛=1

≤ M ∗ �1 − 𝑥𝑥𝑎𝑎,𝑡𝑡+1
app_state�     ∀ 𝑎𝑎 ∈ S,𝑎𝑎∗ ∈ S𝑎𝑎, and N = 1,2, . . , 𝑡𝑡   (1.14) 

𝑥𝑥𝑎𝑎,1
app_state = 0                                                               (1.15) 

 
898BWhere M is a big number. In Eq. (1.14), the operation of appliance 𝑎𝑎 is preceded by appliance 𝑎𝑎∗. 

At each period 𝑡𝑡, when the left-hand side is equal to zero (appliance 𝑎𝑎∗ finished its operation), 

appliance 𝑎𝑎 can be “on” or “off” (𝑥𝑥𝑎𝑎,𝑡𝑡+1
app_state= 1) at period 𝑡𝑡 + 1. If the left-hand side is positive 

(appliance 𝑎𝑎∗ has not finished its operation), appliance 𝑎𝑎 should be “off” (𝑥𝑥𝑎𝑎,𝑡𝑡+1
app_state= 0) at period 

𝑡𝑡 + 1. Defining M as a big number ensures that the constraint is satisfied when appliance 𝑎𝑎∗ has 

not finished its operation. Eq. (1.15) enforces the operation status of appliance 𝑎𝑎 (𝑥𝑥𝑎𝑎,1
app_state) to be 

“off” at period 1 since appliance 𝑎𝑎 can only operate after appliance 𝑎𝑎∗ completes its operation.  

 

1.3.8.8 Uninterruptible Operation 

899BTo assure that an uninterruptible appliance will not be stopped after it begins its cycle, we 

include the constraints defined by Eq. (1.16) - (1.18) [14].  

 
𝑥𝑥𝑎𝑎,𝑡𝑡
app_state ≤ 1 − 𝑥𝑥𝑎𝑎,𝑡𝑡

app_end                         ∀ 𝑎𝑎 ∈ Uapp           (1.16) 

𝑥𝑥𝑎𝑎,𝑡𝑡−1
app_state − 𝑥𝑥𝑎𝑎,𝑡𝑡

app_state ≤ 𝑥𝑥𝑎𝑎,𝑡𝑡
app_end                 ∀ 𝑎𝑎 ∈ Uapp           (1.17) 

𝑥𝑥𝑎𝑎,𝑡𝑡−1
app_end ≤  𝑥𝑥𝑎𝑎,𝑡𝑡

app_end                            ∀ 𝑎𝑎 ∈ Uapp           (1.18) 

 
903BThe binary variable 𝑥𝑥𝑎𝑎,𝑡𝑡

app_end is valued at 1 when the appliance 𝑎𝑎 has finished its cycle at time 𝑡𝑡 −

1. When 𝑥𝑥𝑎𝑎,𝑡𝑡
app_end = 1, the operation status of appliance 𝑎𝑎 (𝑥𝑥𝑎𝑎,𝑡𝑡

app_state) is changed from “on” (=1) 

to “off” (=0) in Eq. (1.16). This indicates that the operation of appliance 𝑎𝑎 has completed at period 
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𝑡𝑡. Finally, 𝑥𝑥𝑎𝑎,𝑡𝑡
app_end must equal to 1 after 𝑥𝑥𝑎𝑎,𝑡𝑡−1

app_end becomes 1 in Eq. (1.18) which specifies that the 

operation of appliance 𝑎𝑎 cannot resume after period 𝑡𝑡.  

 

1.3.8.9 Optimization model 

904BThe proposed energy consumption scheduling model can be summarized as  

 
   905Bmaximize benefit function (1.2) 

   906Bsubject to constraints (1.1), (1.3) - (1.18) 

𝑒𝑒𝑡𝑡
app_bat, 𝑒𝑒𝑡𝑡chr, 𝑒𝑒𝑡𝑡

loss_pv, 𝑒𝑒𝑡𝑡
app_pv, 𝑠𝑠𝑡𝑡bat   ≥ 0, ∀ 𝑡𝑡                              (1.19) 

𝑦𝑦𝑡𝑡chr,𝑦𝑦𝑡𝑡dch, 𝑥𝑥𝑎𝑎,𝑡𝑡
app_state,𝑥𝑥𝑎𝑎,𝑡𝑡

app_end, 𝑧𝑧𝑎𝑎 ∈ {0,1},        ∀ 𝑎𝑎, 𝑡𝑡                         (1.20) 

 
909BThis model represents a mixed-integer optimization problem. The solution to the problem provides 

the best operation periods for the appliances considering the forecasted solar energy and the 

required operation of the appliances. In the case studies, we solve the optimization model on a 

computer with a 3.2GHz Core i5 processor and 8GB of memory. In all cases, it takes less than two 

seconds to obtain the solutions. 

 

1.4 Case Studies and Results 

910BTo verify the model, we create the following four scenarios: 

 
4BTable 1.1  Four scenarios of the case study 

Scenario City State Season 
AU-W Auburn Alabama Winter 
AU-S Auburn Alabama Summer 
PH-W Phoenix Arizona Winter 
PH-S Phoenix Arizona Summer 
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1.4.1 System Data 

911BIn this case study, we consider a 3-bedroom and 2-bathroom house with a 4-person family. 

We divide a day into 24 equal periods of length T = 1 hour. It is assumed that during weekdays 

the family wakes up at 6AM (period 7), leaves for school and work at 8AM (period 9), returns 

home at 6PM (period 19), and goes to bed at 11PM (period 24).  

912BIn the house, there are 14 physical appliances. To represent appliances that operate more than 

once a day, we create 11 additional appliances. For example, the coffee machine is operated in the 

morning and in the evening. This fact is represented by two coffee machines. The appliances and 

their parameters are given in Table 1.2.  

 
5BTable 1.2  Physical appliances 

Label Full name Type Energy used (kWh) 

CLW Clothes Washer (Warm wash, Cold rinse) Flexible / Uninterruptible 2.300 
CLD Clothes Dryer (Light Load) Flexible / Uninterruptible 2.500 
DIW Dish Washer Flexible / Uninterruptible 1.200 
CFB CFL Bulb (11W) Flexible / Uninterruptible 0.011 
LEB LED Bulb (10W) Inflexible / Interruptible 0.010 
HAB Halogen Bulb (40W) Inflexible / Interruptible 0.040 
INB Incandescent Bulb (40W) Inflexible / Interruptible 0.050 
REF Refrigerator (16 cu. ft., AC) Inflexible / Interruptible 0.050 
EOR Electric Oven / Range Inflexible / Interruptible 2.300 
TOO Toaster Oven Inflexible / Interruptible 0.750 
COM Coffee Machine (Brew, Warmer on) Inflexible / Interruptible 0.400 
DOL Desktop or Laptop Inflexible / Interruptible 0.300 
TVD LED TV / Satellite Dish  Inflexible / Interruptible 0.056 
IMW Internet Modem / Wireless Router  Inflexible / Interruptible 0.015 
ENM Energy Margin Inflexible / Interruptible 0.500 

 
 
913BIn Table 1.3, we show the required operation of the appliances for a weekday. We arbitrarily 

create appliance consumption patterns and priorities for summer and winter seasons. Notice that 

the washer, dryer and dishwasher are flexible appliances which can shift their operation cycle 

based on the availability of energy. They are also uninterruptible appliances which cannot be 
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stopped until they complete their operation cycle. An energy margin of 0.5kW is assigned for 

occasional usage of appliances such as charging a cell phone or operating a vacuum cleaner. 

 
6BTable 1.3  Appliance parameters (weekday) 

Appliance Qty 
Ta (H) P𝑎𝑎,𝑡𝑡 W𝑎𝑎 

Summer Winter Summer Winter 
CLW 1 2 2 1 - 24 1 - 24 8 
CLD 1 1 1 1 - 24 1 - 24 6 
DIW 1 2 2 1 - 24 1 - 24 7 
CFB (Morning) 6 1 2 7  7 - 8 10 
CFB (Morning) 6 1 2 7  7 - 8 3 
LEB (Morning) 6 1 2 7  7 - 8 6 
LEB (Morning) 6 1 2 7  7 - 8 3 
HAB (Morning) 5 1 2 7  7 - 8 5 
HAB (Morning) 5 1 2 7  7 - 8 3 
INB (Morning) 5 1 2 7  7 - 8 4 
INB (Morning) 5 1 2 7  7 - 8 3 
CFB (Evening) 12 4 5 20 - 23 19 - 23 10 
LEB (Evening) 12 4 5 20 - 23 19 - 23 8 
HAB (Evening) 10 4 5 20 - 23 19 - 23 6 
INB (Evening) 10 4 5 20 - 23 19 - 23 4 
REF  1 24 24 1 - 24 1 - 24 10 
EOR  1 1 1 19 - 20 19 - 20 9 
TOO 1 1 1 7 - 8 7 - 8 9 
COM (Morning) 1 1 1 7 - 8 7 - 8 6 
COM (Evening) 1 1 1 20 - 21 20 - 21 5 
DOL 1 7 7 7 - 8 or 19 - 23 7 - 8 or 19 - 23 7 
TVD (Morning) 1 2 2 7 - 8 7 - 8 6 
TVD (Evening) 1 5 5 19 - 23 19 - 23 8 
IMW (Morning) 1 2 2 7 - 8 7 - 8 7 
IMW (Evening) 1 5 5 19 - 23 19 - 23 7 
ENM 1 7 7 7 - 8 and 19 - 23 7 - 8 and 19 - 23 N/A 

 
 

914BThe specifications of the PV system and the battery are listed in Table 1.4. 
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Table 1.4  Specifications of the PV system and battery 

Parameter Value  Description 

APV 65.5m2  Area of PV array 
RPV 17%  PV system efficiency 
RINV 99%  Inverter efficiency  
CBAT 9.8kWh  Battery capacity 

SISC / SESC 30%  Initial SOC / End SOC 
SMIN 5%  Minimum SOC 
SMAX 95%  Maximum SOC 
RCHR  99%   Charging efficiency  
RDCH 0.139%  Self-discharging efficiency 

RMCH / RMDC 5kWh  Maximum / Minimum discharging power 

 
 

1.4.2 Forecasted Solar Irradiance 

915BFor the solar irradiance, we use the historical data from the National Solar Irradiation 

Database [17].  Although the data represents actual solar irradiance in Alabama and Arizona, for 

testing purposes, we assume that it corresponds to forecasted data. These data profiles are used to 

simulate a winter and a summer day in Auburn (Alabama) and Phoenix (Arizona). Figure 1.4 

shows the hourly solar irradiance profiles in Auburn and Phoenix on Dec 1, 2005, and Jul 1, 2005. 

 

 
916B 

8BFigure 1.4  Hourly solar irradiance profile in Auburn and Phoenix 
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917BIn Figure 1.5, we show the total energy generated by the PV array for each scenario. This is 

the summation of the parameter E𝑡𝑡PVover the 24 hours. The figure also shows the total energy 

required by the appliances in summer (26.41kWh) and winter (28.3kWh). Notice that in Auburn, 

270% more solar energy is generated under the scenario AU-S than the scenario AU-W. Similarly, 

in Phoenix, the ratio is 230%. In addition, under scenario AU-W, there is not enough solar energy 

to meet the required energy. 

 

 
918B 

9BFigure 1.5  PV solar energy generated and required energy under four scenarios 

 

1.4.3 Results 

919BWe assume that the model is run at 12:00 midnight, and at that hour, the SOC of the battery 

is 30%. At the end of the last period (12:00 midnight of the next day), the SOC is required to be 

greater than 30%, which will be used the next day. We run the appliance scheduling model for 

each of the scenarios. The results from the model are summarized in Tables 1.5-1.7 and Figures 

1.6-1.7. Table 1.5 shows the appliance scheduling results for each scenario. The washer (CLW) 

and dishwasher (DIW) are scheduled to operate during two periods, and the dryer (CLD) is 

scheduled to operate during one period in all scenarios. All 14 appliances required to operate 
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during periods 7 to 8 are scheduled for operation in all summer scenarios. But, in winter scenarios 

AU-W and PH-W, there is not enough solar irradiance in Auburn and Phoenix the morning of Dec. 

1. 2015 to operate all 14 appliances.  

 
10BTable 1.5  Appliance scheduling results 

Appliance 
Scheduling results (periods) 

AU-W AU-S PH-W PH-S 
CLW 10 - 11 10 - 11 12 - 13 11 - 12 
CLD 14 13 15 14 
DIW 12 - 13 9 – 10 12 - 13 10 - 11 
CFB - Morning 7 - 8 7 7 - 8 7 
CFB - Morning 7 - 8 7 7 - 8 7 
LEB - Morning 7 - 8 7 7 - 8 7 
LEB - Morning 7 - 8 7 7 - 8 7 
HAB - Morning 7 - 8 7 7 7 
HAB - Morning - 7 - 7 
INB - Morning - 7 - 7 
INB - Morning - 7 - 7 
CFB - Evening 19 - 23 20 - 23 19 - 23 20 - 23 
LEB - Evening 19 - 23 20 - 23 19 - 23 20 - 23 
HAB - Evening - - - 20 - 22 
INB - Evening - - - - 
REF - Evening 1 - 24 1 - 24 1 - 24 1 - 24 
EOR  - - - - 
TOO 8 7 - 8 
COM - Morning 7 7 7 8 
COM - Evening - - - - 
DOL 7 - 8, 19 - 23 7 - 8, 19 - 22 7, 19 - 23 7 - 8, 19 - 23 
TVD - Morning 7 - 8 7 - 8 7 - 8 7 - 8 
TVD - Evening 19 - 23 19 – 23 19 – 23 19 - 23 
IMW - Morning 7 - 8 7 - 8 7 - 8 7 - 8 
IMW - Evening 19 - 23 19 - 23 19 - 23 19 - 23 
ENM 7 - 8, 19 - 23 7 - 8, 19 - 23 7 - 8, 19 - 23 7 - 8, 19 - 23 

 
 

The electric oven/range (EOR) is not scheduled for operation under all the scenarios, even though 

it has a higher priority than the other appliances during that period. The reason is that when there 

is insufficient energy, lower priority appliances that require less energy and longer operation 

periods such as the TV or computer are more likely to operate than higher priority appliances that 
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require more energy and shorter operating periods. A coffee machine (COM - Evening) also does 

not operate under all the scenarios since its priority-level is lower than that of other appliances. 

We notice that only in the scenario PH-S 10 halogen bulbs (HAB - Evening) are scheduled to 

operate during periods 20 to 22. This is due to the availability of 0.173kW of additional solar 

irradiance in Phoenix during periods 19 to 20 on Jul. 1. 2015. 

920BIn Figures 1.6 and 1.7, we show the hourly SOC of the battery profiles under all scenarios. 

We observe that the battery is charged/discharged during periods 1 to 19. Charging/Discharging 

periods are different in all the scenarios. However, the battery usually tries to maintain its 

maximum level (95%) at period 18 (AU-W, AU-S, PH-W) or 19 (PH-S) in order to operate as 

many required appliances in the evening. However, some appliances such as an electric oven/range 

(EOR) and coffee machine (COM - Evening) do not operate even though the SOC of the battery 

is at its maximum during period 18 or 19 since there is insufficient energy in the battery under all 

scenarios.  

 

 
921B 

922BFigure 1.6  SOC of the battery under scenario AU-W and AU-S 
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923B  
924BFigure 1.7  SOC of the battery under scenario PH-W and PH-S 

 
925BIn Table 1.6, we represent the demand satisfaction rate for all scenarios, which is the 

percentage of energy used to operate appliances compared with total energy demand for each of 

the scenarios. The average demand satisfaction for all scenarios is 73.17%. On average, it is 12% 

higher on a summer day than on a winter day and 1.36% higher in Auburn than in Phoenix. Even 

though there is enough PV energy under all scenarios except for scenario AU-W, it cannot satisfy 

100% of the user’s energy demand. The reason is that some appliances do not operate after period 

18 when the battery has insufficient capacity to supply energy to all required appliances in the 

evening. 

 
11BTable 1.6  Energy used by appliances (kWh) under four scenarios 

371BScenario 372BTotal energy demand 373BEnergy used by appliances 374BDemand satisfaction 

375BAU-W 376B28.71kWh 377B20.11kWh 
378B70.05% 

379BAU-S 380B26.41kWh 381B20.51kWh 
382B77.66% 

383BPH-W 384B28.71kWh 385B18.46kWh 
386B64.30% 

387BPH-S 388B26.41kWh 389B21.31kWh 
390B80.69% 

 
 
926BIn Table 1.7, we show a summary of the total energy used by the appliances under all scenarios. 

The average energy used by appliances is 20.09kWh of which 11.6kWh comes directly from the 

PV array and 8.49kWh comes from the battery. Notice that in Auburn, 1.95% more energy is used 
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in the summer than in the winter on weekdays in Auburn, while, on average, 13.33% more energy 

is used on weekdays in the summer than in the winter in Phoenix. An average of 0.51kWh is also 

used to convert energy from the PV array to the battery, the PV array to the appliances, the battery 

to the appliances, and to self-discharge the battery. Notably, on average, there is 46.27kWh more 

unused energy in the summer than in the winter since there is more solar irradiance in summer 

than in winter. This energy loss is the summation of surplus energy (∑𝑒𝑒𝑡𝑡
loss_pv) at each period after 

operating appliances and charging the battery. Energy loss occurs during daytime periods since 

the amount of generated PV energy is much more than the energy required by appliances and the 

capacity of the battery. 

 
12BTable 1.7  Total energy usage (kWh) under four scenarios 

391BScenario 392BAppliances from PV 393BAppliances from battery   394BConversion losses 395BUnused energy 

396BAU-W 
397B9.69 398B10.42 399B0.54 400B5.53 

401BAU-S 
402B13.58 403B6.92 404B0.5 405B50.22 

406BPH-W 
407B10.1 408B8.36 409B0.48 410B19.11 

411BPH-S 
412B13.06 413B8.25 414B0.53 415B66.96 

 
 

927BThe scheduling results show that PV array and battery capacities should be increased under all 

scenarios to meet 100% of user energy demand. Increasing PV array and battery capacities allow 

for more available energy and storage to be used during the nighttime. Increasing both PV array 

and battery capacities also increases demand satisfaction.  

 

1.5 Sensitivity Analysis 

928BWe conduct a sensitivity analysis to find a near-optimal PV array and battery capacities to 

fully satisfy the user energy demand. We add PV cells to the PV array (11.2kW) in increments of 

2.8kW and capacity to the battery (9.8kWh) in increments of 20%. In Figures 1.8-1.11, we observe 
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that the demand can be fully satisfied under all scenarios by increasing the battery capacity, except 

for the AU-W scenario in Figure 1.8. Under the AU-W scenario and PV capacity of 11.2kW, the 

PV array does not generate sufficient energy to operate all required appliances. We also observe 

that the battery capacity has a higher impact on demand satisfaction than the PV array capacity. In 

Auburn, a 14kW of PV array with a 21.56kWh of battery is enough to meet the winter and summer 

demand. Similarly, in Phoenix, a system with a smaller PV array (11.2kW) and a larger battery 

(23.52kWh) is required. 

 

 
929B 

930BFigure 1.8  Impact of battery capacity on demand satisfaction (%) when PV capacity = 11.2kW 
931B 

 
932BFigure 1.9  Impact of battery capacity on demand satisfaction (%) when PV capacity = 14.0kW 
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13B  

933BFigure 1.10  Impact of battery capacity on demand satisfaction (%) when PV capacity = 16.8kW 

 
14B 

934BFigure 1.11  Impact of battery capacity on demand satisfaction (%) when PV capacity = 19.6kW 

 
935BFigures 1.12-1.15 show that the amount of energy loss is increased under all scenarios when 

the PV capacity increases while this unused energy is decreased when the battery capacity 

increases. The amount of energy loss remains steadily constant when it reaches a 100% demand 

satisfaction because the battery is not required to store an additional amount of energy for the day.  

 

 
936B 

937BFigure 1.12  Impact of battery capacity on energy losses (kWh) when PV capacity = 11.2kW 
938B 
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939BFigure 1.13  Impact of battery capacity on energy losses (kWh) when PV capacity = 14.0kW 

 
15B 

940BFigure 1.14  Impact of battery capacity on energy losses (kWh) when PV capacity = 16.8kW 

 
16B 

941BFigure 1.15  Impact of battery capacity on energy losses (kWh) when PV capacity = 19.6kW 
 

942BThe results demonstrate that the preferred capacities of the PV array and battery for this stand-

alone PV energy system are affected by seasons and geographical location. Energy loss should 

also be taken into consideration so that the amount of unused energy can be minimized when we 

determine the most economical capacity of an off-grid PV energy system. 
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1.6 Non-Optimized Case Comparison 

943BIn this section, we compare the results of the optimized versus the non-optimized case. For 

the comparison, we use the AU-S scenario and energy system with a 11.2kW PV array and 9.8kWh 

battery. We assume that the preferred operation periods of appliances for the non-optimized case 

(P𝑎𝑎,𝑡𝑡
non−opt.) are fixed and equal to the required operation time (T𝑎𝑎). Preferred operation periods for 

the optimized and non-optimized case are shown in Table 1.8.  

 
17BTable 1.8  Energy consumption patterns under Non-opt. case and Opt. case of AU-S scenario 

Appliance P𝑎𝑎,𝑡𝑡
non−opt. P𝑎𝑎,𝑡𝑡

opt. Appliance P𝑎𝑎,𝑡𝑡
non−opt. P𝑎𝑎,𝑡𝑡

opt. 

CLW 20 - 21 1 - 24 HAB (Evening) 20 - 23 20 - 23 
CLD 22 1 - 24 INB (Evening) 20 - 23 20 - 23 
DIW 23 - 24  1 - 24 REF  1 - 24 1 - 24 
CFB (Morning) 7 7 EOR  19 19 - 20 
CFB (Morning) 7 7 TOO 8 7 - 8 
LEB (Morning) 7 7 COM (Morning) 8 7 - 8 
LEB (Morning) 7 7 COM (Evening) 20 20 - 21 
HAB (Morning) 7 7 DOL  8 or 19 - 23 7 - 8 or 19 - 23 
HAB (Morning) 7 7 TVD (Morning) 8 7 - 8 
INB (Morning) 7 7 TVD (Evening) 19 - 23 19 - 23 
INB (Morning) 7 7 IMW (Morning) 7 - 8 7 - 8 
CFB (Evening) 20 - 23 20 - 23 IMW (Evening) 19 - 23 19 - 23 
LEB (Evening) 20 - 23 20 - 23 ENM 7 - 8 and 19 - 23 7 - 8 and 19 - 23 

 
 
944BAfter running both cases, we obtain the results showing in Table 1.9. We observe that the 

optimized case satisfies the demand 36% more than the non-optimized case. 

 
18BTable 1.9  Energy used by appliances (kWh) under the Opt. case and Non-opt. case of AU-S scenarios 

 416BTotal energy Demand 417BEnergy used by appliances 418BDemand satisfaction 

419BOpt. case of AU-S 
420B26.41kWh 

421B20.51kWh 422B77.66% 
423BNon-opt. case of AU-S  424B11.01kWh 425B41.68% 
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945BNext, we increase the battery capacity in 20% increments to determine a battery capacity that can 

achieve a 100% demand satisfaction. The results are shown in Figure 16. We observe that for the 

optimized and non-optimized case, a 19.6kWh and 35.28kWh battery, respectively, suffices to 

fully meet the demand. As a result, using the optimization model, a 44% smaller battery can be 

used to meet the energy demand.  

 

 
19B 

20BFigure 1.16  Impact of battery capacity on demand satisfaction (%) between the Opt. case and  

21BNon-opt. case of AU-S scenario when PV capacity = 11.2kW 

 

1.7 Conclusion 

946BWe proposed an energy scheduling model of the stand-alone PV system and battery in an 

isolated residential house. We showed that is possible to optimize the use of direct solar energy 

and battery capacity for powering appliances in an off-grid situation. The model was tested under 

four scenarios based on the geographical location and season. The results showed that the battery 

capacity is more influential than the PV array capacity on meeting the demand. In addition, the 

Auburn-scenarios required a larger PV array and smaller battery capacity than the Phoenix-

scenarios. The contribution of the proposed optimization was demonstrated by comparing the 

results to a non-optimized case. Under the same PV array capacity, the results showed that using 
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the optimization to schedule appliances, the energy demand can be fully met with a smaller battery 

capacity than the non-optimized case.  
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  Designing a Residential Off-Grid Photovoltaic System 

2.1 Abstract 

947BSolar irradiance is abundant, eco-friendly, sustainable, and one of the most promising energy 

sources to address the shortage of energy in the future. In isolated areas where access to the grid 

is limited or restricted, a stand-alone photovoltaic (PV) system is particularly effective. In such a 

system, the available electrical energy mainly depends on the solar irradiance and the capacities 

of the PV array and battery. In this paper, we propose a Nelder-Mead algorithm for designing a 

residential off-grid PV system. The algorithm determines the capacities of the PV array and battery 

for cost-effectively operating the system. We use a mixed-integer programming model to day-

ahead schedule the daily usage of appliances according to forecasted solar irradiance. The schedule 

is executed on a Monte Carlo simulation that considers the uncertainty of solar irradiance. The 

algorithm is tested using solar irradiance data at two locations in the USA. We perform a sensitivity 

analysis on the system by changing the penalty cost of non-served energy and the cost of the battery.  

 
 
 

948BKeywords: Off-grid PV system, PV array capacity, Battery capacity, Residential PV system, 

Nelder-Mead algorithm 

  



34 
 

2.2 Introduction 

According to a recent report from the U.S Energy Information Administration (EIA), the 

world electricity generation will grow by 69% from 21.6 trillion kWh (2012) to 36.5 trillion kWh 

(2040). The growth in electricity generation is forecasted to occur in non-Organization for 

Economic Co-operation and Development (non-OECD) countries where the infrastructures are 

still under development, and population size is growing rapidly. The rising living standard of 

emerging nations is increasing the energy demand in all sectors, including home, commercial 

service, and industry. The electricity generation is estimated to increase an average of 2.5% per 

year over the next 20 years and only an average of 1.2% per year in the OECD countries [1]. 

However, approximately 840 million people who live in rural areas in these countries still have no 

access to electricity [2]. Renewable sources such as solar, wind, and hydro are attractive solutions 

to the problem of providing access to energy. In addition, renewable energy plays a significant role 

in mitigating greenhouse gas (GHG) emissions as well as global warming issues caused by the 

increasing use of conventional fossil fuels [3]. Particularly, an off-grid renewable energy system 

is considered to meet energy demand in isolated areas where extending the grid network is 

unrealistic due to extreme cost and technical difficulties. Among various renewable energy 

systems, a stand-alone PV system is one of the most viable solutions since solar is an abundant, 

environmentally friendly, and sustainable energy source. However, when looking at off-grid PV 

systems, time-related factors, and geographical location should be considered since solar energy 

generation strongly depends on the availability of solar irradiance during a day [4]. To face the 

time and location dependency of solar energy, an off-grid PV system would require energy storage 

in a battery. The optimal design of an off-grid PV-battery system would also be necessary to use 
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the available solar energy efficiently and satisfy the user's energy demand in terms of optimal 

capacities of PV array and battery storage. 

Many publications have proposed methods (i.e., an intuitive, numerical, analytical, artificial 

intelligence, commercial computer tools) for the optimal sizing of an off-grid PV system [5]. In 

[6], intuitive methods were studied to estimate the optimal capacity of an off-grid PV-battery 

system for providing the electrical loads in a residential house in Egypt according to energy 

demand. The author compared the life-cycle cost of the PV-battery system with a diesel generator. 

In [7], an intuitive method for determining the optimal capacity of the off-grid PV-battery system 

was proposed. The author estimated daily load demand, optimal tilt angle, and the capacity of PV 

array and battery using simple calculations. In [8], numerical methods for determining the PV 

module tilt angle and PV array size and battery capacity were implemented based on hourly 

meteorological data and energy demand using MATLAB. Loss of load probability (LLP) for the 

system designed by the proposed method was compared with the result of an intuitive method. In 

[9], a novel optimization method using the loss of power supply probability (LPSP) was presented 

to determine the size of an off-grid PV-battery system. The optimal design of the energy system 

was proposed based on the lowest levelized cost of energy. In [10], the authors represented a novel 

analytical model for optimal sizing of stand-alone PV systems. Algebraic equations for optimal 

PV array capacity, battery storage capacity, and the constant of integration were formulated. The 

optimal capacities of the PV array and battery are determined by various load demands and loss of 

load probability (LLP). In [11], the authors represented a new analytical method for determining 

the optimal capacity of an off-grid photovoltaic (PV) system. In order to derive mathematical 

formulations for optimal sizing of the energy system, MATLAB fitting tool was used to fit the 

resultant sizing curves after analyzing the energy flow of the energy system. In [12], an 
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optimization simulation model was developed to find an optimal PV array size to supply the 

lighting load using the renewable energy software HOMER. The authors compared the initial cost, 

the net present cost of the system, and energy cost with diesel generator operating cost. In [13], 

the authors proposed the method to find the optimal capacities of PV array and battery as a solution 

to supply the irrigation systems in six farming facilities of Spain. Photovoltaic-diesel hybrids and 

diesel systems were found to be the optimal energy generation solution by the software HOGA 

(Hybrid Optimization by Genetic Algorithms). In [14], the author represented fuzzy logic for the 

optimal sizing of a solar array and a battery in a stand-alone PV system. The fuzzy logic was 

developed using Matlab/Simulink in which the consumed energy and the monthly average of daily 

solar radiation of the region were used to determine the optimal capacity of the energy system. In 

[15], a hybrid method for optimal sizing of a stand-alone PV-battery system was proposed using 

analytical sizing equations with long-term performance. The authors used deterministic hourly 

load demand and solar irradiance. In [16], the authors proposed a new approach to determine the 

optimal capacity of an off-grid PV system using the combination of an analytical method and a 

machine learning approach for a generalized artificial neural network (GRNN). The GRNN helped 

to predict the optimal size of a PV system using the geographical coordinates of the targeted site 

instead of using mathematical formulas. In all of the studies, the primary objective was to 

determine the optimal capacity of the energy system without considering solar irradiance 

uncertainty and energy consumption patterns.  

In this paper, we use the Nelder-Mead (N-M) optimization algorithm for the design of a 

residential stand-alone PV system. The objective of the optimization is to minimize the annual 

equivalent cost (AEC) of the capacities of the PV array and battery while satisfying the annual 

appliance-usage of a user. The non-served energy is included as a penalty cost in the objective cost 
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function. A mixed integer programming method is used to schedule the daily operation of 

appliances [17]. Since when the actual amount of solar irradiance is realized, the schedules may 

not be executed as planned, a Monte Carlo simulation that considers the uncertainty of the solar 

irradiance evaluates the actual operation.  

The remainder of this paper is organized as follows: Section 2 presents the problem 

description. Section 3 proposes the energy system operation and simulation model. Section 4 

details the solving algorithm, and Section 5 shows the case studies and simulation results. Finally, 

Section 6 ends with concluding remarks. 

 

2.3 Problem description 

A residential off-grid energy system is composed of energy generation units, energy storage, 

and energy demand by appliances. In an off-grid PV system, available solar irradiance mainly 

affects on satisfying energy demand. The daily energy scheduling model provides a day ahead of 

schedule for appliance operation based on forecasted solar irradiance. It pre-schedules to maximize 

the operation of higher priority appliances. However, when the amount of forecasted solar 

irradiance is less than actual solar irradiance, some appliances may not operate as it is pre-

scheduled. An energy system manages a balance between available energy and energy demand by 

not operating low-priority appliances. The energy required by not operated appliances is 

considered as non-served energy. It is assumed that annual non-served energy becomes a penalty 

cost to increase the AEC of the energy system by multiplying it with the average electricity rate. 

The cost-efficient capacity of the energy system is determined by the AEC that minimizes the cost 

of PV array, battery, and non-served energy. 
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In Figure 2.1, the problem is solved with mixed-integer programming, Monte Carlo 

simulation, and the N-M algorithm. Under randomly generated capacities of PV array and battery, 

annual non-served energy is obtained by the energy scheduling model (step 1) and simulation (step 

2) for actual energy system operation. The N-M algorithm (stet 3) provides the near-optimal 

capacities of the PV array and battery that minimizes the AEC of the energy system.  

 

 
35BFigure 2.1  Problem-solving procedure 

 

2.3.1 Residential off-grid energy system 

950BIt is assumed that the residential energy system consists of a PV array, a battery, a PV charging 

controller, and an inverter to supply power to all appliances in the residential home (Figure 2.2). 

The solar irradiance is converted into solar energy through the PV array. The generated solar 

energy is either used to operate appliances or stored in the battery. The battery supplies energy to 

operate appliances when the available solar energy is insufficient.  

 

22B  

35BFigure 2.2  A residential off-grid energy system 
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951BThe appliances at the residential home are classified as flexible/inflexible, uninterruptible, weekly-

required operation, and dependent operation. Flexible appliances can operate anytime during a day, 

while inflexible appliances can only operate during fixed periods defined by the user. For example, 

a dishwasher is a flexible appliance, but a light bulb is an inflexible appliance. An uninterruptible 

appliance does not stop until it completes its operation cycle. A weekly-required appliance should 

operate once a week. Dependent operation implies that at least one other appliance precedes an 

appliance.  A clothes washer is an example of an uninterruptible and weekly-required appliance.  

In addition, a clothes washer precedes a clothes dryer, exhibiting a dependent operation. 

 

2.3.2 Daily energy scheduling model 

952BTo improve the efficiency of the solar energy system, the daily energy-scheduling model 

described in [17] is used. The model is a mixed-integer optimization problem and pre-schedules 

the daily operation of appliances a day ahead based on appliances priorities, energy consumption 

patterns, and solar irradiance forecasts.  The optimization model is given in Eqs. (2.1) - (2.20).  

 

maximize  ��Wa
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∗ 𝑥𝑥𝑎𝑎,𝑡𝑡
app_state
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                                                   (2.1) 

E𝑡𝑡PV = S𝑡𝑡PV ∗ CPV                                                                    (2.2) 

E𝑡𝑡PV = 𝑒𝑒𝑡𝑡
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loss_pv                                                   (2.3) 
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                             (2.5) 
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 SMIN ≤  𝑠𝑠𝑡𝑡bat ≤  SMAX                                                             (2.7) 

𝑦𝑦𝑡𝑡chr +  𝑦𝑦𝑡𝑡dch ≤ 1                                                                 (2.8) 

𝑒𝑒𝑡𝑡
app_bat ≤  𝑦𝑦𝑡𝑡dch ∗ RMDC ∗ CBAT                                                   (2.9) 

 𝑒𝑒𝑡𝑡chr ≤  𝑦𝑦𝑡𝑡chr ∗ RMCH ∗ CBAT                                                    (2.10) 

�𝑥𝑥𝑎𝑎,𝑡𝑡
app_state

T

t=1

≤  T𝑎𝑎                                                              (2.11) 

�𝑥𝑥𝑎𝑎,𝑡𝑡
app_state

T

t=1

= T𝑎𝑎 ∗ 𝑧𝑧𝑎𝑎                              ∀ 𝑎𝑎 ∈ Uapp       (2.12) 

 𝑥𝑥𝑎𝑎,𝑡𝑡
app_state ≤  P𝑎𝑎,𝑡𝑡                                                                (2.13) 

T𝑎𝑎∗ −�𝑥𝑥𝑎𝑎∗,𝑛𝑛
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app_state�           ∀ 𝑎𝑎 ∈ S,𝑎𝑎∗ ∈ S𝑎𝑎, and N = 1,2, . . , 𝑡𝑡    (2.14) 

𝑥𝑥𝑎𝑎,1
app_state = 0                                             ∀ 𝑎𝑎 ∈ S        (2.15) 

𝑥𝑥𝑎𝑎,𝑡𝑡
app_state ≤ 1 − 𝑥𝑥𝑎𝑎,𝑡𝑡

app_end                            ∀ 𝑎𝑎 ∈ Uapp       (2.16) 

𝑥𝑥𝑎𝑎,𝑡𝑡−1
app_state − 𝑥𝑥𝑎𝑎,𝑡𝑡

app_state ≤ 𝑥𝑥𝑎𝑎,𝑡𝑡
app_end                   ∀ 𝑎𝑎 ∈ Uapp       (2.17) 

𝑥𝑥𝑎𝑎,𝑡𝑡−1
app_end ≤  𝑥𝑥𝑎𝑎,𝑡𝑡

app_end                                 ∀ 𝑎𝑎 ∈ Uapp       (2.18) 

𝑒𝑒𝑡𝑡
app_bat, 𝑒𝑒𝑡𝑡chr, 𝑒𝑒𝑡𝑡

loss_pv, 𝑒𝑒𝑡𝑡
app_pv, 𝑠𝑠𝑡𝑡bat ≥ 0                        ∀ 𝑡𝑡        (2.19) 

𝑦𝑦𝑡𝑡chr,𝑦𝑦𝑡𝑡dch, 𝑥𝑥𝑎𝑎,𝑡𝑡
app_state, 𝑥𝑥𝑎𝑎,𝑡𝑡

app_end, z𝑎𝑎 ∈ {0,1}                   ∀ 𝑎𝑎, 𝑡𝑡       (2.20) 

 
973BIn Eq. (2.1), the objective of the model is to maximize the operation of higher priority 

appliances. The capacities of the PV array and battery, CPV and CBAT respectively, are known 

parameters. Eq. (2.2) calculates the amount of forecasted solar energy. Eq. (2.3) ensures that the 

amount of forecasted solar energy is equal to the sum of the energy to operate appliances by the 
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PV array, the energy to charge the battery, and the energy loss. Eq. (2.4) enforces the fact that the 

sum of the total energy used by appliances and the reserved energy are equal to the sum of the 

energy from the PV array and the energy discharged from the battery. Eq. (2.5) represents the state 

of charge (SOC) of the battery during the current period. Eq. (2.6) sets a lower limit for the SOC 

during the last period. Eq. (2.7) constraints the SOC at all periods. Eq. (2.8) ensures that the battery 

cannot be charged and discharged during the same period. Eqs. (2.9) - (2.10) impose maximum 

limits on battery charging and discharging. Eq. (2.11) ensures that the appliances are scheduled to 

operate within the number of periods defined by the user. Eq. (2.12) represents uninterruptible 

appliances that either operate the entire required periods or do not operate at all. Eq. (2.13) enforces 

that the appliances are scheduled only during the user-defined preferred periods. Eqs. (2.14) - (2.15) 

describe the appliance operation sequencing. Eqs. (2.16) - (2.18) enforce the operation of 

uninterruptible appliances.  

 

2.3.3 Energy system Monte Carlo simulation 

974BA simulation model is developed to emulate the daily energy scheduling and the actual 

operation of the appliances. The simulation model emulates the operation of appliances by 

considering the uncertainties associated with the actual solar irradiance. In Figure 2.3, a pseudo-

code of the simulation model is presented. The simulation model obtains the pre-schedules of the 

appliances from the energy-scheduling model and operates the energy-consumption system based 

on the actual amount of solar irradiance. The amount of generated solar energy is calculated every 

hour based on actual solar irradiance.  
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35BFigure 2.3  Simulation model pseudo-code  

 

INPUT   Capacities of PV array and battery  

FOR   Week 1 to 52 

 FOR   Day 1 to 7 

                          # Pre-schedule appliances 

  OBTAIN   24-hour forecasted solar irradiance data 

    READ   Appliance parameters according to the type of the day: weekday, weekend, holiday 

  COMPUTE   24-hour appliance schedule 

                          # System Operation  

  FOR   Hour 1 to 24 

                           OBTAIN   Actual Solar irradiance for this hour 

                                     CALCULATE   Amount of energy generated by PV based on the solar irradiance  

                                     # Operate appliances 

                           IF   Available energy from the PV + battery   <   Total pre-scheduled energy 

    Re-schedule operating appliances by switching off low-priority appliances  

    Compute new amount of energy margin (if it is required) 

                         ENDIF    

                           COMPUTE   Total energy used by the appliance from the PV and battery,  

                                                           energy charged to the battery, SOC level and energy loss 

  ENDFOR   Hour 

                          # Weekly operation of appliances 

  IF   Appliance has completed its weekly operation THEN 

   Remove appliance for the rest of the week 

  ELSE 

   Increase priority of the appliance so it can operate the next day 

  ENDIF   

  Update   Initial SOC for the next day  

 ENDFOR   Day 

ENDFOR   Week 

OUTPUT   Annual demand satisfaction (%), Annual unmet demand (kWh) 
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For simplicity, the actual solar irradiance is simulated by sampling from a normally distributed 

random variable where the mean equals the forecasted solar irradiance, and the standard deviation 

equals 5% of the mean. If the sum of actual solar energy generated by the PV array and available 

energy in the battery is less than the total amount of energy consumed by the pre-scheduled 

appliances during each period, the simulation model adjusts the operation of appliances by turning 

off lower priority appliances. Based on the actual operation of appliances, some variables that have 

an influence on the operation of appliances in the next period are recalculated and updated. If a 

weekly required appliance is operated on a day, the simulation model assigns a “0” value to its 

priority for the next day. It avoids operating the appliance for the rest of the week. Otherwise, it 

gradually increases its priority to ensure that it is more likely to operate the next day. The SOC 

during the last period becomes the initial SOC the next day. The priorities of appliances are 

initialized every first day of the week. The simulation model iterates the energy- scheduling model 

for 365 days to compute annual user demand satisfaction, which is the percentage of supplied 

energy to appliances compared to the total energy demanded. The simulation model also provides 

the annual non-served energy, total energy demanded minus the supplied energy. 

 
975B  

2.4 Sizing the energy system 

976BThe Nelder-Mead algorithm described in [18] is used to determine a cost-efficient solution to 

the design of the PV system. The simplex method of linear programming is used to find a local 

minimum of an objective function of multiple variables. It has been proven successful in many 

applications [19]. In the design of the PV system, the objective is to minimize the annual equivalent 

cost (AEC) of the PV array and battery plus a penalty cost of non-served energy. The decision 

variables are the capacities of the PV array, 𝑥𝑥PV = CPV and battery, 𝑥𝑥BAT = CBAT. The algorithm 
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starts by randomly generating three pairs (𝑥𝑥PV, 𝑥𝑥BAT). For each pair, the Monte Carlo simulation 

in Figure 2.3 is executed. At each simulated day, the simulation calls the energy scheduling 

optimization model described in Eq. (2.1) - Eq. (2.20). The simulation outputs the annual non-

served energy 𝑥𝑥NS. The AEC of the energy system is computed by Eq. (21). 

 
 𝑓𝑓(𝑥𝑥PV, 𝑥𝑥BAT, 𝑥𝑥NS)  =  PVCOST ∗ 𝑥𝑥PV  +  BATCOST ∗ 𝑥𝑥BAT  +  NSCOST ∗ 𝑥𝑥NS               (2.21) 

 
978BThe parameter NSCOST ($/kWh) is the unit penalty cost of non-served energy. The parameters 

PVCOST ($/kW) and BATCOST ($/kWh) are the AEC of the PV array and battery, respectively. The 

AEC is computed by Eq. (2.22).  

 

𝐴𝐴𝐴𝐴𝐴𝐴 = 𝑁𝑁𝑁𝑁𝑁𝑁 ∗
𝑖𝑖(1 + 𝑖𝑖)N

(1 + 𝑖𝑖)N − 1
                                                 (2.22) 

 
Where i is the market interest rate, N the lifetime of the PV array (NPV) and battery (NBAT), NPV 

represents the net present value of the investment and operation costs. The pseudo-code of the N-

M algorithm for solving the PV sizing problem is presented in Figure 2.4. 
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35BFigure 2.4  Nelder-Mead algorithm pseudo-code for sizing the PV system  

Randomly generate 3 initial solutions: 𝑣𝑣1(𝑥𝑥1
PV, 𝑥𝑥1

BAT),𝑣𝑣2(𝑥𝑥2
PV, 𝑥𝑥2

BAT),𝑣𝑣3(𝑥𝑥3
PV, 𝑥𝑥3

BAT) 
Evaluate demand loss and objective function value for each solution: f(𝑣𝑣1), f(𝑣𝑣2), f(𝑣𝑣3) 
REPEAT 

Identify the highest (W: worst), second highest (G: good) and lowest (B: best) solutions  
based on objective function values f(W), f(G), f(B), respectively 
Obtain a solution M = (G + B)/2, Evaluate demand loss(M), f(M) 
Perform reflection: 

Obtain a solution R = 2*M- W, Evaluate demand loss(R), f(R)  
IF f(R) < f(G):  

IF f(B) < f(R):  

Replace W ← R, f(W) ← f(R) 
ELSE:  

Perform expansion:  
Obtain a solution E= 2*R – M  
Evaluate demand loss(E), f(E)  

IF f(E) < f(R): 

Replace W ← E, f(W) ← f(E) 
ELSE:  

Replace W ← R, f(W) ← f(R) 
ELSE:  

IF f(R) < f(W): 

Replace W ← R, f(W) ← f(R) 
Perform contraction:  

Obtain a solution C1= (W + M)/2, solution C2= (M + R)/2 
Evaluate demand loss(C1), demand loss(C2), f(C1), f(C2)  

Obtain a solution C ← min(f(C1), f(C2)) 
IF f(C) = f(C1): 

Replace C ← C1, f(C) ← f(C1), 
ELSE: 

Replace C ← C2, f(C) ← f(C2) 
IF f(C) < f(W): 

Replace W ← C, f(W) ← f(C) 
ELSE: 

Perform shrink toward a solution B: 
Obtain a solution S = (B + W)/2  
Evaluate demand loss(s), f(s) 

Replace W ← S, G ← M, f(W) ← f(S), f(G) ← f(M) 

UNTIL �1 −
𝑓𝑓(𝐵𝐵)
𝑓𝑓(𝑊𝑊)

�  × 100 < 0.1% 
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2.5 Case studies and results 

982BTo verify the model under different annual solar irradiance profiles, we create two case studies 

given in Table 2.1. All models are solved on a 3.2GHz Core i5 processor with 8GB of memory. It 

takes 7.2 minutes in each case to obtain the solutions.  

 
26BTable 2.1  Case studies 

Name City State 

AU Auburn Alabama 
PH Phoenix Arizona 

 
 

2.5.1 System Data 

983BIn these case studies, we consider 364 days (7 days/week*52 weeks). The numbers of days 

per day type are given in Table 2.2.  

 
27BTable 2.2  Number of days per day types 

Type  Days  Description 

Weekday 245  Monday - Friday 
Weekend 97  Saturday, Sunday 

Holiday 22 

 National holidays in the U.S. (7) 
 Summer vacation (7) 
 Thanksgiving break (4) 
 Christmas break (4) 

 
 
984BWe consider a 3-bedroom and 2-bathroom house with a 4-person household. We divide a 

typical day into 24 equal periods of 1-hour length. During the weekday, we assume that the family 

wakes up at 6 AM, leaves for school and work at 8 AM, returns home at 6 PM and goes to bed at 

11 PM. During the weekend, they wake up and go to bed at the same time as the weekdays, but 

they stay at home all day. We also assume that the family leaves home on holidays. The energy 

consumptions (kWh) of 15 appliances in the house are given in Table 2.3.  
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Table 2.3  Appliance energy consumption 

Short Name Full name Energy Consumption (kWh) 

CLW Clothes Washer (Warm wash, Cold rinse) 2.300 
CLD Clothes Dryer (Light Load) 2.500 
DIW Dish Washer 1.200 
CFB CFL Bulb (11W) 0.011 
LEB LED Bulb (10W) 0.010 
HAB Halogen Bulb (40W) 0.040 
INB Incandescent Bulb (40W) 0.040 
REF Refrigerator (17 cu. ft., frost-free) 0.049 
TOO Toaster Oven 0.750 
EOS Electric Oven/Range (Surface) 1.000 
EOR Electric Oven/Range (Oven) 2.300 
COM Coffee Machine (Brew, Warmer on) 0.400 
DOL Desktop or Laptop 0.020 
TVD LED TV (40''-49'') / Satellite Dish  0.056 
IMW Internet Modem / Wireless Router  0.014 
REN Reserved Energy 0.500 

 
 
985BWe consider the washer, dryer, and dishwasher flexible appliances and the washer and 

dishwasher uninterruptible appliances. The washer and dryer are required once a week, and the 

electric oven/range is required at noon only on weekends. During a holiday, only the refrigerator 

operates. 0.5kWh of energy (REN) is reserved for unexpected usage of appliances such as charging 

a cell phone or operating a hairdryer. The requested operations of the appliances are shown in 

Tables 2.4-2.5. We create twenty-one additional appliances to represent appliances that are 

requested to operate more than once during a day. For example, during the weekdays, we represent 

the TVD by two different appliances. One appliance operates in the morning (TVD-Morning), and 

another appliance operates in the evening (TVD-Evening). We arbitrarily create preferred 

operation periods and priorities. We give the specifications of the PV-battery system in Tables 2.6-

2.7. The life expectancy of the Lithium-ion battery is normally 5 to 15 years; however, we assumed 

that it is five years since the battery would be highly used under the off-grid situation. Additionally, 
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it is assumed that the degradation of PV array and battery are considered in the annual equivalent 

cost. 

 
29BTable 2.4  Requested operation periods (weekday) 

Appliance Qty 
Ta (H) P𝑎𝑎,𝑡𝑡 

W𝑎𝑎 Appliance Qty 
Ta (H) P𝑎𝑎,𝑡𝑡 

W𝑎𝑎 Summer 
(Winter) 

Summer 
(Winter) 

Summer 
(Winter) 

Summer 
(Winter) 

CLW 1 2(2) 1(1) - 24(24) 8 HAB (Evening) 10 4(5) 20(19) - 23(23) 6 
CLD 1 1(1) 1(1) - 24(24) 6 INB (Evening) 10 4(5) 20(19) - 23(23) 4 
DIW 1 2(2) 1(1) - 24(24) 7 REF  1 24(24) 1(1) - 24(24) 10 
CFB1 (Morning) 6 1(2) 7(7) - (8) 10 TOO 1 1(1) 7(7) - 8(8) 9 
CFB2 (Morning) 6 1(2) 7(7) - (8) 3 EOR  1 1(1) 19(19) - 20(20) 9 
LEB1 (Morning) 6 1(2) 7(7) - (8) 6 COM (Morning) 1 1(1) 7(7) - 8(8) 6 
LEB2 (Morning) 6 1(2) 7(7) - (8) 3 COM (Evening) 1 1(1) 20(20) - 21(21) 5 

HAB1 (Morning) 5 1(2) 7(7) - (8) 5 DOL 1 7(7) 
7(7) - 8(8) or 

19(19) - 23(23) 7 

HAB2 (Morning) 5 1(2) 7(7) - (8) 3 TVD (Morning) 1 2(2) 7(7) - 8(8) 6 
INB1 (Morning) 5 1(2) 7(7) - (8) 4 TVD (Evening) 1 5(5) 19(19) - 23(23) 8 
INB2 (Morning) 5 1(2) 7(7) - (8) 3 IMW (Morning) 1 2(2) 7(7) - 8(8) 7 

CFB (Evening) 12 4(5) 
20(19) - 
23(23) 

10 IMW (Evening) 1 5(5) 19(19) - 23(23) 7 

LEB (Evening) 12 4(5) 20(19) - 
23(23) 

8 REN 1 7(7) 7(7) - 8(8) and 
19(19) - 23(23) 

- 

 
 

30BTable 2.5  Requested operation periods (weekend) 

Appliance Qty 
Ta (H) P𝑎𝑎,𝑡𝑡 

W𝑎𝑎 Appliance Qty 
Ta (H) P𝑎𝑎,𝑡𝑡 

W𝑎𝑎 Summer 
(Winter) 

Summer 
(Winter) 

Summer 
(Winter) 

Summer 
(Winter) 

CLW 1 2(2) 1(1) - 24(24) 8 HAB (Evening) 10 4(5) 20(19) - 23(23) 8 
CLD 1 1(1) 1(1) - 24(24) 6 INB (Evening) 10 4(5) 20(19) - 23(23) 4 
DIW 1 2(2) 1(1) - 24(24) 7 REF  1 24(24) 1(1) - 24(24) 10 
CFB1 (Morning) 6 1(2) 7(7) - (8) 5 TOO 1 1(1) 7(7) - 8(8) 9 
CFB2 (Morning) 6 1(2) 7(7) - (8) 3 EOS 1 1(1) 12(12) - 13(13) 9 
LEB1 (Morning) 6 1(2) 7(7) - (8) 10 EOR  1 1(1) 19(19) - 20(20) 9 
LEB2 (Morning) 6 1(2) 7(7) - (8) 3 COM (Morning) 1 1(1) 7(7) - 8(8) 8 
HAB1 (Morning) 5 1(2) 7(7) - (8) 6 COM (Noon) 1 1(1) 12(12) - 13(13) 6 
HAB2 (Morning) 5 1(2) 7(7) - (8) 3 COM (Evening) 1 1(1) 20(20) - 21(21) 5 
INB1 (Morning) 5 1(2) 7(7) - (8) 4 DOL (All day) 1 17(17) 7(7) - 23(23) 7 
INB2 (Morning) 5 1(2) 7(7) - (8) 3 TVD (All day) 1 17(17) 7(7) - 23(23) 8 

CFB (Evening) 12 4(5) 
20(19) - 
23(23) 

6 IMW (All day) 1 17(17) 7(7) - 23(23) 7 

LEB (Evening) 12 4(5) 20(19) - 
23(23) 

10 REN 1 17(17) 7(7) - 23(23) - 
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31BTable 2.6  PV array specifications  

Parameter Value Description 

PVCOST 102.78($/kW) AEC of PV electricity per kW 
PVCF 0.0736 Capital recovery factor of PV array 
NPV 20(years) Life expectancy of PV array 
i 4% Market interest rate 
INVE 99% Inverter efficiency  

32 

 
 

Table 2.7  Battery specifications 

Parameter Value Description 

BATCOST 163.37($/kWh) AEC of battery energy per kWh 
BATCF 0.2246 Capital recovery factor of battery 
NBAT 5(years) Life expectancy of battery (Lithium Ion) 
i 4% Market interest rate 
SISC 30% Initial amount of energy in the battery 
SESC 30% End amount of energy in the battery 
SMIN 5% Minimum SOC 
SMAX 95% Maximum SOC 
RCHR 99% Charging efficiency 
RDCH 0.139% Self-discharging efficiency 
RMCH 51% Maximum charging power  
RMDC 51% Maximum discharging power 

 
 

2.5.2 Forecasted and actual solar irradiance  

986BFor daily forecasts of solar irradiance, we use historical solar irradiance from the National 

Solar Radiation Database [20]. To represent variability and uncertainty in the actual solar 

irradiance, we use Monte Carlo random sampling. In Figures 2.5-2.6, we plot the forecasted and 

actual (Monte Carlos sampled) hourly solar irradiances corresponding to January 1 in AU and PH.  
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987B 

35BFigure 2.5  Forecasted and actual solar irradiance on January 1 in AU 

 
989B 

35BFigure 2.6  Forecasted and actual solar irradiance on January 1 in PH 

 
991BIn Figure 2.7, we show the annual amount of forecasted and actual electrical energy generated by 

a PV array of capacity 11.2kW. In AU, 0.01% more solar energy was forecasted than actually 

generated. In contrast, in PH, 0.07% less solar energy was forecasted than actually generated. The 

plot also shows the annual energy requested by the appliances (7,389.28kWh).  
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992B 

35BFigure 2.7  PV solar forecasted, generated and requested energy by location 

 

2.5.3 Sizing the PV array and battery capacity 

993BWe use the Nelder-Mead algorithm to find cost-efficient capacities for the PV array and 

battery. For the penalty cost of non-served energy, we use 0.13 ($/kWh) from the U.S. Energy 

Information Administration [21]. We do not consider incidental costs such as operation and 

maintenance. Thus, Eq. (2.23) becomes: 

 
𝑓𝑓(𝑥𝑥PV, 𝑥𝑥BAT, 𝑥𝑥NS) = 102.78𝑥𝑥PV + 163.37𝑥𝑥BAT + 0.13𝑥𝑥NS                   (2.23) 

 
995BThe Nelder-Mead algorithm starts by randomly generating three solutions. After executing 

the simulation model for the three solutions, the values of annual non-served energy 𝑥𝑥NS are 

obtained. Then, Eq. (2.23) is computed for each solution. Table 2.8 shows the values for the first 

iteration of the algorithm. The solution 𝑣𝑣1 is infeasible and therefore it is not considered in the next 

iteration.  
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34BTable 2.8  First iteration of the Nelder-Mead algorithm 

996BSolutions 𝑥𝑥PV 𝑥𝑥BAT 
𝑥𝑥NS 𝑓𝑓�𝑥𝑥PV, 𝑥𝑥BAT, 𝑥𝑥NS� 

1001BAU 1002BPH 1003BAU 1004BPH 
𝑣𝑣1   1006B1.59kW 

1007B37.12kWh 1008B- 1009B- 1010B- 1011B- 
𝑣𝑣2 1013B14.08kW 

1014B43.81kWh 1015B39.29kWh 1016B14.70kWh 1017B$8,606.09 1018B$8,606.14 
𝑣𝑣3 1020B23.99kW 

1021B31.31kWh   1022B5.43kWh   1023B2.50kWh 1024B$7,581.38 1025B$7,581.00 

 
 
1026BIn Figures 2.8-2.9, we show the iterations of the Nelder-Mead algorithm. Figure 2.10 shows 

the convergence of the Nelder-Mead algorithm. The algorithm converges after 42 iterations for the 

AU case and 35 iterations for the PH case. 

 

1027B  
35BFigure 2.8  Nelder-Mead algorithm iterations for AU case 
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1028B  
35BFigure 2.9  Nelder-Mead algorithm iterations for PH case 

 

 
1029B 

37BFigure 2.10  Convergence of the Nelder-Mead algorithm 

 
1030BIn Table 2.9, we present the results. In AU, the energy system consists of a 10.31kW PV array 

and 5.83kWh battery with the AEC of $2,011.87. In PH, the energy system consists of an 8.39kW 

PV array and 5.18kWh battery with the AEC of $1,708.02. 
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38BTable 2.9  Nelder-Mead algorithm results 

1031BCase 1032B# of iterations 1033BPV capacity 1034BBattery capacity Non-served energy Annualized system cost 

1037BAU 1038B42 1039B10.31kW 1040B5.83kWh 1041B2,961.15kWh 1042B$2,011.87 
1043BPH 1044B35   1045B8.39kW 1046B5.18kWh 1047B3,294.21kWh 1048B$1,708.02 

 
 

2.6 Nelder-Mead results simulation  

1049BWe execute the simulation model for the solutions provided by the Nelder-Mead algorithm 

(Table 2.9). We assume that the energy-scheduling model is solved every midnight at 12:00 a.m. 

The operation of the appliances for the next twenty-four hours is simulated using actual solar 

irradiance (Monte Carlo samples) and the pre-schedules from the scheduling optimization model. 

The model simulates the operation of the appliances during one year. In Figure 2.11, we show the 

number of days in which appliances operated as pre-scheduled. In AU, the appliances operated as 

pre-scheduled for 319 days while in PH the appliances operated as pre-scheduled for 318 days.  

 

 
1050B 

39BFigure 2.11  Days that appliances operated as pre-scheduled 

 
1051BTable 2.10 illustrates a pre-schedule and actual operation of appliances during the fifth day of 

week 2 in AU.   
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40BTable 2.10  Pre-schedule and actual operation of appliances in AU 

1052BAppliance 
1053BResults 

1054BAppliance 
1055BResults 

1056BPre-schedule 1057BActual operation 1058BPre-schedule 1059BActual operation 
1060BCLW 1061B- 1062B- 1063BHAB (Evening) 1064B19 - 22 1065B19 - 22 
1066BCLD 1067B- 1068B- 1069BINB (Evening) 1070B- 1071B- 
1072BDIW 1073B12 - 13 1074B12 - 13 1075BREF  1076B1 - 24 1077B1 - 24 
1078BCFB1 (Morning)  1079B7 - 8  1080B7 - 8 1081BTOO 1082B- 1083B- 
1084BCFB2 (Morning)  1085B7 - 8  1086B7 - 8 1087BEOR  1088B- 1089B- 
1090BLEB1 (Morning)  1091B7 - 8  1092B7 - 8 1093BCOM (Morning) 1094B7 1095B7 
1096BLEB2 (Morning)  1097B7 - 8 1098B7 1099BCOM (Evening) 1100B- 1101B- 
1102BHAB1 (Morning)  1103B7 - 8  1104B7 - 8 1105BDOL 1106B7 - 8, 19 - 23 1107B7 - 8, 19 - 23 
1108BHAB2 (Morning) 1109B7 1110B7 1111BTVD (Morning)  1112B7 - 8  1113B7 - 8 
1114BINB1 (Morning)  1115B7 - 8  1116B7 - 8 1117BTVD (Evening) 1118B19 - 23 1119B19 - 23 
1120BINB2 (Morning) 1121B- 1122B- 1123BIMW (Morning)  1124B7 - 8  1125B7 - 8 
1126BCFB (Evening) 1127B19 - 23 1128B19 - 23 1129BIMW (Evening) 1130B19 - 23 1131B19 - 23 
1132BLEB (Evening) 1133B19 - 23 1134B19 - 23 1135BENM 1136B7 - 8, 19 - 23 1137B7 - 8, 19 - 23 

 
 

1138BThe LEB2 (morning) appliance was pre-scheduled to operate during periods 7 and 8. However, 

the appliance did not operate during period 8 because the amount of actual available energy was 

less than the forecasted available energy. Table 11 shows similar data for PH on the second day of 

week 41. The LEB2 (morning) and CFB2 (morning) appliances were pre-scheduled to operate 

during periods 7 and 8. However, they only operated during period 7. 

 
Table 2.11  Pre-schedule and actual operation of appliances in PH 

1139BAppliance 
1140BResults 

1141BAppliance 
1142BResults 

1143BPre-schedule 1144BActual operation 1145BPre-schedule 1146BActual operation 
1147BCLW 1148B- 1149B- 1150BHAB (Evening) 1151B19 - 20 1152B19 - 22 
1153BCLD 1154B- 1155B- 1156BINB (Evening) 1157B- 1158B- 
1159BDIW 1160B12 - 13 1161B12 - 13 1162BREF  1163B1 - 24 1164B1 - 24 
1165BCFB1 (Morning)  1166B7 - 8  1167B7 - 8 1168BTOO 1169B- 1170B- 
1171BCFB2 (Morning)  1172B7 - 8 1173B7  1174BEOS 1175B12 1176B12 
1177BLEB1 (Morning)  1178B7 - 8  1179B7 - 8 1180BEOR  1181B- 1182B- 
1183BLEB2 (Morning)  1184B7 - 8 1185B7 1186BCOM (Morning) 1187B7 1188B7 
1189BHAB1 (Morning)  1190B7 - 8  1191B7 - 8 1192BCOM (Noon) 1193B12 1194B12 
1195BHAB2 (Morning)  1196B7 - 8  1197B7 - 8 1198BCOM (Evening) 1199B- 1200B- 
1201BINB1 (Morning)  1202B7 - 8  1203B7 - 8 1204BDOL (All day) 1205B7 - 8, 19 - 23 1206B7 - 8, 19 - 23 
1207BINB2 (Morning)  1208B7 - 8  1209B7 - 8 1210BTVD (All day) 1211B7 - 8, 19 - 23 1212B7 - 8, 19 - 23 
1213BCFB (Evening) 1214B19 - 23 1215B19 - 23 1216BIMW (All day) 1217B7 - 8, 19 - 23 1218B7 - 8, 19 - 23 
1219BLEB (Evening) 1220B19 - 23 1221B19 - 23 1222BENM 1223B7 - 8, 19 - 23 1224B7 - 8, 19 - 23 
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1225BTable 2.12 shows the annual operation rate of the appliances. It is defined as the percentage 

of annual operating hours of an appliance divided by its annual required operation hours.  

 
42BTable 2.12  Appliances annual operation rate  

1226BAppliance 1227BAnnual required hour (H) 
1228BAnnual operated hour (H) 1229BAnnual operation rate (%) 

1230BAU 1231BPH 1232BAU 1233BPH 
1234BCLW 

1235B102 1236B101 1237B102 1238B99.02% 1239B100.00% 
1240BCLD 

1241B51 1242B47 1243B49 1244B92.16% 1245B96.08% 
1246BDIW 

1247B684 1248B648 1249B667 1250B94.74% 1251B97.51% 
1252BCFB 

1253B2,559 1254B964 1255B637 1256B37.67% 1257B24.89% 
1258BLEB 

1259B2,559 1260B1,960 1261B1,030 1262B76.59% 1263B40.25% 
1264BHAB 

1265B2,559 1266B742 1267B351 1268B29.00% 1269B13.72% 
1270BINB 

1271B2,559 1272B556 1273B219 1274B21.73% 1275B8.56% 
1276BREF 

1277B8,736 1278B8,554 1279B8,304 1280B97.92% 1281B95.05% 
1282BTOO 

1283B342 1284B215 1285B158 1286B62.87% 1287B46.20% 
1288BEOS 

1289B97 1290B88 1291B94 1292B90.72% 1293B96.91% 
1294BEOR 

1295B342 1296B0 1297B0 1298B0.00% 1299B0.00% 
1300BCOM 

1301B781 1302B348 1303B263 1304B44.56% 1305B33.67% 
1306BDOL 

1307B3,364 1308B3,183 1309B3,272 1310B94.62% 1311B97.27% 
1312BTVD 

1313B3,364 1314B3,061 1315B2,890 1316B90.99% 1317B85.91% 
1318BIMW 

1319B3,364 1320B3,322 1321B3,327 1322B98.75% 1323B98.90% 

 
 

1324BThe average operation rate of all appliances is 69.57% in AU and 68.76% in PH. When there is 

not enough energy, the lower priority appliances requiring less energy and longer operation periods 

such as TVD and IMW are more likely to be selected than higher priority appliances that need 

more energy for shorter operation periods. This is the reason why the operation rate of the 

appliance EOR is 0% in AU and PH even though its priority (9) is higher than the other appliances. 

1325BFigure 2.12 shows the average hourly SOC over the year. The charging/discharging periods 

are different in AU and PH. However, the battery always maintained its maximum SOC (95%) 

during period 17 and 18, to operate appliances during the evening. 
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1326B 

43BFigure 2.12  Annual average SOC of the battery  

 
1327BTable 2.13 shows the annual demand satisfaction calculated as the percentage of actual PV 

energy used by the appliances compared to the energy demanded. The annual demand satisfaction 

in AU is 1.05 times more than in PH even though the total generated solar energy in PH is 1.0009 

times more than in AU. This discrepancy is because the amount of solar irradiance in AU is 1.79 

times more than in PH during periods 7 and 8. In these periods, several appliances such as the 

toaster oven and coffee machine are requested to operate. Although sufficient solar energy was 

generated in AU and PH, annual energy demanded was not fully satisfied, mainly because the 

penalty cost of non-served energy is more cost-efficient than increasing the capacity of the battery 

needed for running appliances during the evening. 

 
Table 2.13  Annual energy and demand satisfaction 

1328BCase 1329BEnergy demanded 1330BPV energy used Non-served energy 1332BDemand satisfaction 

1333BAU 1334B7,389.08kWh 1335B4,427.49kWh 1336B2,961.15kWh 
1337B59.92% 

1338BPH 1339B7,389.08kWh 1340B4,094.82kWh 1341B3,294.21kWh 
1342B55.42% 

 
 
Table 2.14 summarizes the annual energy usage from the PV-battery system. In AU, 1.08 

times more energy is consumed than in PH. Moreover, 1.06 times more unused energy occurred 

in PH than in AU due to the higher solar irradiance in PH. Notice a large amount of unused energy 
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occurring in AU and PH even though the demand satisfaction is 59.92% and 55.42%, respectively. 

It is more cost-efficient to curtail the energy demand for evening appliances than to increase the 

capacity of the battery. Therefore, we perform a sensibility analysis of the penalty cost for non-

served energy. 

 
45BTable 2.14  Total energy usage  

1344BCase 1345BAppliances from PV 1346BAppliances from battery 1347BConversion losses 1348BUnused energy 

1349BAU 1350B2,729.27kWh 1351B1,698.22kWh 1352B90.36kWh 1353B12,186.34kWh 
1354BPH 1355B2,508.25kWh 1356B1,586.57kWh 1357B83.57kWh 1358B12,915.80kWh 

 
 

2.7 Sensitivity Analysis  

To evaluate the effect of the penalty cost of non-served energy, we change the value NSCOST 

from 0.13($/kWh) to 20.13($/kWh) in increments of 0.5($/kWh). Table 2.15 gives the system 

characteristics in AU for different penalty costs of non-served energy. The table shows that the 

AEC of energy system increases as the penalty cost of non-served energy increases.  

 
46BTable 2.15  PV array and battery capacities versus Non-served energy cost (AU) 

Penalty cost of non-served energy 
($/kWh) 

PV capacity 
(kW) 

Battery capacity 
(kWh) 

Non-served energy 
(kWh) 

Annualized cost 
($) 

0.13 10.31   5.83 2,961.15 2,012.09 
0.63 10.31   9.84 2,022.35 2,667.18 
1.13 10.38 17.49    566.80 3,924.12 
1.63 10.68 17.73    503.16 3,994.16 
2.13 11.52 18.54     372.01 4,212.83 
⋮ ⋮ ⋮ ⋮ ⋮ 

5.13 17.86 18.78     148.20 4,903.66 
7.13 19.84 19.67       97.77 5,252.57 

10.13 24.16 19.57       45.65 5,680.24 
⋮ ⋮ ⋮ ⋮ ⋮ 

14.13 28.30 20.27       14.30 6,220.11 

⋮ ⋮ ⋮ ⋮ ⋮ 

20.13 28.35 20.32         9.40 6,233.40 

 



59 
 

When the penalty cost of non-served energy equals 1.13($/kWh), non-served energy sharply 

decreases from 2,022.35kWh to 566.80kWh. When the penalty cost of non-served energy reaches 

20.13($/kWh), almost all energy requested is fulfilled.  

To evaluate the effect of the cost of the battery, we change BATCOST from 163.37($/kWh) to 

32.67($/kWh) in decrements of 32.67($/kWh) (20% of 163.37). We set the cost of non-served 

energy to 0.13($/kWh). Table 2.16 gives the system characteristics for different values of the 

parameter BATCOST. The table shows that non-served energy is not significantly affected by the 

cost of the battery when the penalty cost of non-served energy is 0.13(S/kWh). 

 
47BTable 2.16  PV array and battery capacities versus Annualized battery cost (AU) 

1436BAEC of the battery 
($/kWh) 

1437BPV capacity 
1438B(kW) 

1439BBattery capacity 
1440B(kWh) 

Non-served energy 
(kWh) 

Annualized cost 
1444B($) 

1445B32.67 1446B10.30 1447B9.03 1448B2,207.41 1449B1,353.65 
1450B65.35 1451B12.15 1452B5.71 1453B2,920.23 1454B1,621.94 
1455B98.02 

1456B10.30 1457B6.27 1458B2,853.47 1459B1,673.23 
1460B130.70 1461B10.41 1462B5.91 1463B2,938.28 1464B1,842.39 

              1465B163.37 1466B10.31 1467B5.83 1468B2,961.15 1469B2,012.12 

 
 
1470BTo study how the cost of the battery and penalty cost of non-served energy relate to non-

served energy, we change simultaneously the parameters BATCOST  and NSCOST . Figure 2.13 

shows that at the higher and lower costs of non-served energy, the cost of the battery does not 

significantly affect non-served energy. 1472BWe do not perform a sensitivity study on the price of the 

PV arrays because most of the demand occurs at the evening hours where the capacity of the 

battery is more relevant. 
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1471B 

48BFigure 2.13  Effect of  𝑈𝑈𝑈𝑈𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶  and 𝐵𝐵𝐴𝐴𝐵𝐵𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶  on 𝑥𝑥𝑁𝑁𝐶𝐶 

 

2.8 Conclusion 

1473BWe proposed an off-grid PV system design approach that considers energy consumption 

scheduling and system operation under solar irradiance uncertainty. The solution method 

combined the Nelder-Mead algorithm, mixed-integer programming, and Monte Carlo simulation. 

We determined a cost-efficient solution for the PV array and battery capacities at two geographical 

locations, AU and PH. Because AU had less solar irradiance than PH, a more costly system was 

required in AU. To meet the demand, the capacity of the battery was more influential than the PV 

array capacity in both locations.  The sensitivity analysis showed that the opportunity cost of the 

non-served energy is a key factor in order to meet the demand with solar energy. 
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  A Stochastic Optimization Model for Determining the Capacity of a Residential 

Off-grid PV-Battery System 

3.1 Abstract 

1474BElectricity generation by renewable energy sources represents a promising solution to most 

isolated areas. Renewable energy is an environmentally friendly, sufficient and sustainable energy 

resource that can solve the energy deficit of the present and future. Among various renewable 

energy sources, solar power is applicable everywhere as long as there is solar irradiance. It is 

particularly useful for isolated areas where there is no access to any other source of electricity. 

However, the inherent uncertainty of solar irradiance and climate changes may result in a high 

initial investment cost that could make this energy system uneconomical. In this paper, we propose 

a stochastic optimization model for determining the capacity of a residential off-grid energy system 

that considers solar irradiance uncertainty and hourly energy consumption patterns. The energy 

system consists of a PV array, battery, and a diesel generator. We use a mixed-integer 

programming method that uses scenarios to represent the uncertainty of solar irradiance. The 

optimization model determines the system capacity to supply the energy demanded at each period 

by minimizing the AEC of investment and the fuel cost of using a diesel generator. We compare 

the optimized case with the non-optimized case to assess the effect of scheduling. The effect of 

number of scenarios on the solutions is evaluated by changing the number of scenarios considered. 
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1475BKeywords: Off-grid PV system, PV array capacity, Battery capacity, Solar irradiance uncertainty, 

Energy consumption scheduling, Mixed integer programming, Stochastic optimization 

 

3.2 Introduction 

1476BAs the technology of PV array and battery is becoming more affordable, the propagation of 

stand-alone PV systems is rapidly growing across the world. It is expected that world solar energy 

generation will rise by 641.71% from 1,298.26 billion kWh (2020) to 8,331.10 billion kWh (2050) 

according to a recent report from the U.S Energy Information Administration (EIA) [1]. 

Nevertheless, a major challenge in PV applications is the determination of the optimal relationship 

between PV array and battery capacity to supply energy when it is needed. Determining an optimal 

configuration of an off-grid PV energy system can ensure efficient utilization of the solar energy 

in terms of economic and environmental factors. In addition, the amount of solar irradiance is 

unpredictable and largely affected by weather and climates changes. For over several decades, 

various approaches and methodologies have been developed to study the sizing of an off-grid PV 

system. In [3], the author used simple calculations to estimate the size of a PV array and the battery 

combination in a residential house in Egypt. The author compared the life cost of 1kWh generated 

energy from the designed PV system with a diesel generator. In [4], the size of a PV array and 

battery was calculated based on a mathematical model that takes into account factors such as 

estimated load demand, the tilt angle of the PV array. In [5], a time-series energy balance algorithm 

was used to create a cost versus reliability curve to find the optimal combination of a PV array size 

and the battery capacity that minimized system cost while maintaining user comfort. In [6], the 

Firefly Algorithm was used for sizing an off-grid PV system by minimizing the loss of power 

supply probability. The algorithm was tested under two different charge-controller cases. In [7], 
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the amp-hour method was used to determine PV array and battery capacities based on the loss of 

power supply probability (LPSP). An economic analysis was done to determine the levelized cost 

of energy for the proposed system. In [8], Borowy’s method was used to investigate the optimal 

size of an off-grid PV-battery system under the conditions of a fixed tilt angle and various 

configurations of the PV array and battery. The optimal size combination at the minimum system 

cost was obtained given the LPSP. In addition to these studies, in [9], an artificial neural network-

based genetic algorithm model was developed for creating the sizing curve for off-grid PV systems 

given the LPSP. The effectiveness of the proposed approach was tested by comparing with the 

results of numerical methods. In these studies, the primary objective was to determine the optimal 

size of the energy system without considering solar irradiance uncertainty and energy consumption 

patterns.  

1477BSeveral studies have examined the optimal sizing of an off-grid PV system under solar 

irradiance uncertainty. In [10], a techno-economic sizing methodology of a stand-alone PV system 

was implemented to optimize the system size given solar radiation generated by a Markov 

transition matrix. In [11], a design space approach was used for the optimal sizing of PV-battery 

system using the chance constrained programming method. The author compared the result of the 

deterministic case with the stochastic case. In [12], the authors developed stochastic analysis 

methods including the Markov chain and beta probability density function in order to optimize the 

size of the PV array and energy storage. In [13], a fast sizing approach was proposed to optimize 

the size of a PV system. This method created climate cycles including the extreme climate 

condition, calculated the size of the PV array and the battery for a given climate cycle. The optimal 

configuration of the PV array and battery was determined based on the minimum total annual cost 

of the system. In [14], the author optimized the capacity of energy storage given the PV array size 
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in three different locations in the U.S. and found the optimal combination of PV size and battery 

capacity by limiting the battery size and sunlight availability. In all of these studies, the authors 

considered the uncertainty of solar irradiance, but energy consumption pattern was not considered. 

 1478BIn this paper, we propose a stochastic optimization model for determining the capacity of an 

off-grid PV-battery system to ensure a minimum annual equivalent cost (AEC). Since the energy 

supplied by an off-grid PV-battery system depends on the daily solar irradiance, we add a home-

backup diesel generator to supply energy when the PV-battery system is insufficient. We use 

scenarios to represent the uncertainty of solar irradiance. The objective of the model is to determine 

the cost-efficient capacity of an off-grid PV-battery system to satisfy the energy consumption 

schedule of home appliances over a time horizon of one year. The contributions of this paper are:  

1479B- A mathematical model to determine an optimal capacity of an off-grid PV-battery system at 

minimum AEC with expected diesel fuel usage 

1480B- A model that considers uncertainties of solar irradiance and user energy consumption 

patterns  

1481B- An extensive analysis to evaluate the effect of scheduling and number of scenarios  

1482BThe remainder of this paper is organized as follows: Section 2 presents the problem 

description. Section 3 discusses problem formulation. Section 4 presents the experimental results. 

Finally, Section 5 ends with concluding remarks. 

 

3.3 Problem description 

1483BPV array and battery capacities depend on available solar irradiance, ambient temperature, 

and energy demand during the day. It is especially important to consider various solar irradiance 

occasions to better estimate the PV-battery system capacity because of inherent solar irradiance 
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uncertainty. The well-optimized capacity of a PV-battery system provides energy efficiently to 

satisfy energy demand by operating required appliances. However, the worst solar irradiance day 

of the year can primarily affect the determination of an energy system capacity since solar energy 

is the only energy source. It leads to having larger PV array and battery capacities compared to 

those required during ordinary daily energy consumptions. An oversized energy system causes 

high AEC to invest and makes an energy system uneconomical since it generates an unnecessary 

amount of energy on most days. Meanwhile, a small-sized energy system can save the investment 

cost but does not assure generating enough amount of energy to satisfy energy demand when there 

are sudden weather changes during the day. A home-backup diesel generator allows for a balance 

between a stable supply of energy and having a cost-efficient energy system capacity. It also 

ensures that the diesel generator mitigates an oversizing problem of an energy system by supplying 

the required amount of energy when there is not enough energy from the PV array and battery. 

Thus, the optimal use of a diesel generator can contribute to determining a cost-efficient capacity 

of an energy system. Energy consumption management is also indispensable in achieving higher 

system efficiency and user comfort. 

 

3.3.1 Residential off-grid energy system with a diesel generator 

1484BIn Figure 3.1, a residential off-grid PV-battery system consists of PV arrays, a PV charge 

controller, an inverter, a battery, a home-backup diesel generator, and energy demand required by 

using appliances at home. PV arrays convert solar irradiance into available electrical energy. A 

PV charging controller prevents the battery from being overcharged and an inverter changes DC 

power into AC power. A battery stores the remaining energy and enables appliances to be operated 

when there is not enough solar irradiance. A diesel generator is scheduled to provide energy to 

https://en.dict.naver.com/#/entry/enko/08ccbda7889441079e17d271ecf8e5d4
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appliances when energy from PV arrays and the battery are limited. It is assumed that all appliances 

including a diesel generator operate in a binary manner “on (=1)” or “off (=0)”. 

 

1485B  
49BFigure 3.1  A residential off-grid energy system with a diesel generator 

 

3.3.2 Creating solar irradiance scenario 

1486BTo represent various occasions of solar irradiance uncertainty and variability, s-scenario of 

annual hourly forecasted solar irradiance profiles are created. We use the 12-year of typical 

metrological year (TYP) data between the year 1994 and the year 2005 from the National Solar 

Radiation Database [15]. In Figure 3.2, we divide all annual hourly solar irradiance data into four 

categories based on seasons - Winter (Dec.-Feb.), Spring (Mar.-May), Summer (Jun.-Aug.), Fall 

(Sep.-Nov.) -.  

 

 
50BFigure 3.2  Create forecasted solar irradiance scenario 
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We combine seasonal hourly solar irradiance profiles from randomly chosen years to create a 

yearly solar irradiance scenario. Among a total 124 possible profile configurations, s-profile are 

randomly chosen and considered as forecasted solar irradiance scenarios. It is assumed that the 

probability of solar irradiance scenario occurrence (P𝑠𝑠) is equal to 1 
s
. 

 
1487B 

3.3.3 Modeling energy consumption scheduling 

1488BDaily energy demand is determined by the energy consumption rate and required operation 

periods of appliances. Energy consumption scheduling contributes to estimating the cost-efficient 

capacity of an energy system by shifting operation periods of some appliances anytime based on 

user preferred operation periods during the day. The proposed optimization model considers the 

operation schedule of appliances determine the optimal capacities of the PV array, battery and the 

usage of diesel fuel at the minimum AEC. 

 

3.3.3.1 Appliance operation period 

1489BA day is divided into L equal periods of T = 24 
L

 hours. It is assumed that period 𝑡𝑡 represents 

a timeframe between period 𝑡𝑡 − 1 and period 𝑡𝑡. For instance, when T equals 1-hour, period 6 

represents a timeframe from period 5 to period 6. Required operation periods of appliance 𝑎𝑎 during 

day 𝑑𝑑 are determined by the number of T𝑑𝑑,𝑎𝑎. If  T𝑑𝑑,𝑎𝑎 of appliance 𝑎𝑎 equals 1 and the user preferred 

operation period of appliance 𝑎𝑎 is period 6, appliance 𝑎𝑎 starts operation at period 5 and completes 

at period 6. 
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3.3.3.2 Appliance operation type 

1490BIt is assumed that there are two types of appliances, schedulable and non-schedulable. A 

schedulable appliance can be operated at a time based on the user preferred operation period of the 

appliance. A washing machine and a dishwasher are examples of a schedulable appliance. In 

contrast, a non-schedulable appliance cannot change its operation periods. A light bulb and 

refrigerator are examples of a non-schedulable appliance. We define the set Sapp , NSapp to group 

the schedulable and non-schedulable appliances. 

 
Sapp = {𝑎𝑎1,𝑎𝑎2, …𝑎𝑎s} where 𝑠𝑠 ∈ {1,2, … , A} 

NSapp = {𝑎𝑎1∗ ,𝑎𝑎2∗ , … 𝑎𝑎s∗} where 𝑠𝑠 ∈ {1,2, … , A} 

 

3.3.3.3 Uninterruptible appliance 

1493BAn uninterruptible appliance can stop operation when it completes the required operation 

period. For instance, a dishwasher cannot stop once it starts operation. We define the set Uapp  to 

group the uninterruptible appliances. 

 
Uapp = {𝑎𝑎1,𝑎𝑎2, … 𝑎𝑎𝑠𝑠} where 𝑠𝑠 ∈ {1,2, … ,𝐴𝐴} 

 

3.3.3.4 Appliance operation sequencing 

1495BSome appliances cannot start operation before completing the operation of a particular 

appliance. For example, a dryer cannot start before finishing the operation of a washing machine. 

We define the set SQapp to include all appliances that are preceded by at least one appliance and 

the set SQ𝑎𝑎
app to describes the appliances that precede 𝑎𝑎. 

 
SQ𝑎𝑎

app = {𝑎𝑎1,𝑎𝑎2, … 𝑎𝑎𝑠𝑠} where 𝑠𝑠 ∈ {1,2, … ,𝐴𝐴} and 𝑎𝑎 ∈ SQapp 
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3.3.3.5 Operation period preference 

1497BUser preferred operation period of appliances are represented by a binary matrix P. The entry 

P𝑑𝑑,𝑎𝑎,𝑡𝑡 of the matrix is equal to “1” if the user prefers to operate the appliance a during period 𝑡𝑡 of 

day 𝑑𝑑. Each column represents an operation period 𝑡𝑡 from 1 to L and each row describes preferred 

operation periods of an appliance. For example,  P1,1,1 = 1 represents that the user prefers to turn 

on appliance 1 during period 1 of day 1. If an appliance requires to operate twice during different 

periods of a day, it is represented by two appliances in each row, respectively. Figure. 3.3, 

represents examples of preferred operation periods of three appliances on day 1 when L equals 24 

(1 period = 1-hour). If it is assumed that all T1,𝑎𝑎 equals 2, Appliance 1 requires an uninterruptible 

operation and is a schedulable appliance that can be operated at any two consecutive periods during 

a day. Appliance 4 is schedulable and operates two periods during period 6 and 7 or during period 

20 and 21. Appliance 20 is non-schedulable and should operate during periods 6 and 7, as well as 

periods 20 and 21. 

 
1498B

 

51BFigure 3.3  Operation period preference matrix 𝑁𝑁1,𝑎𝑎,𝑡𝑡 

 

3.3.3.6 Diesel generator operation 

1499BA diesel generator provides electrical energy to appliances when energy supply of the PV 

array and battery is limited. It also deals with unexpected climate change in isolated areas. In order 

to maximize the lifespan of a diesel generator, we limit maximum daily operation time and assume 
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that it receives preventative maintenance on a regular basis. Operation of a diesel generator during 

period t of day d under scenario s is described by a binary variable 𝑧𝑧𝑠𝑠,𝑑𝑑,𝑡𝑡
DG (1 = “on” or 0 = “off”). 

When the required energy is supplied by diesel fuel during period t of day d under scenario s 

(𝑒𝑒𝑠𝑠,𝑑𝑑,𝑡𝑡
F > 0), it is considered that the diesel generator operates during period t of day d under 

scenario s (𝑧𝑧𝑠𝑠,𝑑𝑑,𝑡𝑡
DG = 1). It is scheduled to operate within the maximum daily operation time (TDG) 

during a day. If a diesel generator operates at least once under scenario s (𝑥𝑥𝑠𝑠F > 0), AEC of a diesel 

generator occurs (𝑧𝑧𝑠𝑠DG = 1).  

 

3.4 Optimization model 

1500BThe proposed optimization model is given in Eq. (3.1) to Eq. (3.22). It can be solved by a 

mixed integer programming method. The formulation of the problem includes the objective 

function and all of the energy system constraints. Considering the number of randomly selected 

scenarios, the solution of the problem provides the optimal capacities of the PV array, battery and 

the expected diesel fuel cost at the minimum AEC of an energy system. 

 

minimize  CPV ∗ 𝑥𝑥PV + CBAT ∗ 𝑥𝑥BAT + �Ps ∗ (CDG ∗ 𝑧𝑧𝑠𝑠DG + CF ∗
S

𝑠𝑠=1

 𝑥𝑥𝑠𝑠F)                  (3.1) 

E𝑠𝑠,𝑑𝑑,𝑡𝑡
PV = S𝑠𝑠,𝑑𝑑,𝑡𝑡 ∗ BPV ∗ 𝑥𝑥PV                                                   (3.2) 

E𝑠𝑠,𝑑𝑑,𝑡𝑡
PV = 𝑒𝑒𝑠𝑠,𝑑𝑑,𝑡𝑡

app_pv +  𝑒𝑒𝑠𝑠,𝑑𝑑,𝑡𝑡
chr + 𝑒𝑒𝑠𝑠,𝑑𝑑,𝑡𝑡

loss_pv                                               (3.3) 

𝑥𝑥𝑠𝑠F = ��𝑒𝑒𝑠𝑠,𝑑𝑑,𝑡𝑡
F

T

𝑡𝑡=1

D

𝑑𝑑=1

                                                          (3.4) 

𝑥𝑥𝑠𝑠F ≤ M ∗ 𝑧𝑧𝑠𝑠DG                                                               (3.5) 

𝑒𝑒𝑠𝑠,𝑑𝑑,𝑡𝑡
F ≤  M ∗ 𝑧𝑧𝑠𝑠,𝑑𝑑,𝑡𝑡

DG                                                           (3.6) 
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�𝑧𝑧𝑠𝑠,𝑑𝑑,𝑡𝑡
DG

𝐶𝐶

𝑡𝑡=1

≤  TDG                                                           (3.7) 

� E𝑑𝑑,𝑎𝑎 ∗ 𝑥𝑥𝑠𝑠,𝑑𝑑,𝑎𝑎,𝑡𝑡
app_state

𝑎𝑎

+ � E𝑑𝑑,𝑎𝑎∗ ∗ Pd,𝑎𝑎∗,t
𝑎𝑎∗

+ E𝑑𝑑,𝑡𝑡
R = �𝑒𝑒𝑠𝑠,𝑑𝑑,𝑡𝑡

app_pv + 𝑒𝑒𝑠𝑠,𝑑𝑑,𝑡𝑡
app_bat� ∗ RINV +   𝑒𝑒𝑠𝑠,𝑑𝑑,𝑡𝑡

F     

∀ 𝑎𝑎 ∈ Sapp,𝑎𝑎∗ ∈ NSapp  (3.8) 

𝑒𝑒𝑠𝑠,𝑑𝑑,𝑡𝑡
bat = 𝑒𝑒(𝑠𝑠,𝑑𝑑,𝑡𝑡−1)

bat ∗ (1 − RDCH) + 𝑒𝑒𝑠𝑠,𝑑𝑑,𝑡𝑡
chr ∗ RCHR − 𝑒𝑒𝑠𝑠,𝑑𝑑,𝑡𝑡

app_bat                  (3.9) 

SMIN ∗ BBAT ∗ 𝑥𝑥BAT ≤  𝑒𝑒𝑠𝑠,𝑑𝑑,𝑡𝑡
bat ≤  SMAX ∗ BBAT ∗ 𝑥𝑥BAT                     (3.10) 

𝑦𝑦𝑠𝑠,𝑑𝑑,𝑡𝑡
chr +  𝑦𝑦𝑠𝑠,𝑑𝑑,𝑡𝑡

dch ≤ 1                                                       (3.11) 

𝑒𝑒𝑠𝑠,𝑑𝑑,𝑡𝑡
chr ≤  RMCH                                                              (3.12) 

𝑒𝑒𝑠𝑠,𝑑𝑑,𝑡𝑡
app_bat ≤  RMDC                                                          (3.13) 

𝑒𝑒𝑠𝑠,𝑑𝑑,𝐶𝐶
bat ≥ SESC ∗ BBAT ∗ 𝑥𝑥BAT                                               (3.14) 

𝑒𝑒𝑠𝑠,𝑑𝑑,𝐶𝐶
bat = 𝑒𝑒𝑠𝑠,𝑑𝑑+1,1

bat                                                             (3.15) 

�𝑥𝑥𝑠𝑠,𝑑𝑑,𝑎𝑎,𝑡𝑡
app_state

T

t=1

=  T𝑑𝑑,𝑎𝑎                             ∀ 𝑎𝑎 ∈ Sapp      (3.16) 

𝑥𝑥𝑠𝑠,𝑑𝑑,𝑎𝑎,𝑡𝑡
app_state ≤  P𝑑𝑑,𝑎𝑎,𝑡𝑡                              ∀ 𝑎𝑎 ∈ Sapp      (3.17) 

𝑥𝑥𝑠𝑠,𝑑𝑑,𝑎𝑎,1
app_state = 0                                   ∀ 𝑎𝑎 ∈ SQapp    (3.18) 

T𝑑𝑑,𝑎𝑎∗ −�𝑥𝑥𝑠𝑠,𝑑𝑑,𝑎𝑎∗,𝑛𝑛
app_state

N

𝑛𝑛=1

≤ M ∗ �1 − 𝑥𝑥𝑠𝑠,𝑑𝑑,𝑎𝑎,𝑡𝑡+1
app_state�   

∀ 𝑎𝑎 ∈ SQapp,𝑎𝑎∗ ∈ SQ𝑎𝑎
app, and N = 1,2, . . , 𝑡𝑡    (3.19) 

𝑥𝑥𝑠𝑠,𝑑𝑑,𝑎𝑎,𝑡𝑡
app_state ≤ 1 − 𝑥𝑥𝑠𝑠,𝑑𝑑,𝑎𝑎,𝑡𝑡

app_end                    ∀ 𝑎𝑎 ∈ Uapp      (3.20) 

𝑥𝑥𝑠𝑠,𝑑𝑑,𝑎𝑎,𝑡𝑡
app_state − 𝑥𝑥𝑠𝑠,𝑑𝑑,𝑎𝑎,𝑡𝑡+1

app_state ≤ 𝑥𝑥𝑠𝑠,𝑑𝑑,𝑎𝑎,𝑡𝑡+1
app_end              ∀ 𝑎𝑎 ∈ Uapp      (3.21) 

𝑥𝑥𝑠𝑠,𝑑𝑑,𝑎𝑎,𝑡𝑡
app_end ≤  𝑥𝑥𝑠𝑠,𝑑𝑑,𝑎𝑎,𝑡𝑡+1

app_end                       ∀ 𝑎𝑎 ∈ Uapp      (3.22) 
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1525BThe objective function in Eq. (3.1) minimizes the AEC of the energy system. The parameters 

CPV and CBAT are the AEC of a single PV array and battery. The integer decision variables 𝑥𝑥PV 

and 𝑥𝑥BAT represent the numbers of PV arrays and battery modules, respectively. The parameter 

CDG represents the AEC of a diesel generator and CF is the diesel fuel cost per kWh. Based on the 

occurrence probability of scenario s (P𝑠𝑠), a binary variable 𝑧𝑧𝑠𝑠DG represents the operation status of 

the diesel generator and the decision variable 𝑥𝑥𝑠𝑠F its annual amount of electrical energy generated 

by using diesel fuel. All other costs are excluded.  

1526BThe constraint in Eq. (3.2) ensures that the forecasted solar irradiance is converted into 

available electrical energy as PV arrays where BPV is the capacity of a basic single PV array. The 

constraint given in Eq. (3.3) shows that the PV output (E𝑠𝑠,𝑑𝑑,𝑡𝑡
PV ) equals, at any period 𝑡𝑡 of day 𝑑𝑑 

under scenario 𝑠𝑠, the sum of energy to operate the appliances (𝑒𝑒𝑠𝑠,𝑑𝑑,𝑡𝑡
app_pv), the energy to charge a 

battery (𝑒𝑒𝑠𝑠,𝑑𝑑,𝑡𝑡
chr ) and energy loss (𝑒𝑒𝑠𝑠,𝑑𝑑,𝑡𝑡

loss_pv). In Eq. (3.4) states that annual electrical energy generated 

by a diesel generator is derived from the sum of generated energy at period 𝑡𝑡 of day 𝑑𝑑 under 

scenario 𝑠𝑠. Eq. (3.5) ensures that AEC of a diesel generator occurs (𝑧𝑧𝑠𝑠DG = 1) only if diesel fuel is 

used at least once under scenario s where variable 𝑧𝑧𝑠𝑠DG is a binary variable and M is a big number. 

Eq. (3.6) enforces that a diesel generator is operated (𝑧𝑧𝑠𝑠,𝑑𝑑,𝑡𝑡
DG = 1) only if a diesel fuel is consumed 

during any period 𝑡𝑡 of day 𝑑𝑑 under scenario 𝑠𝑠 where variable 𝑧𝑧𝑠𝑠,𝑑𝑑,𝑡𝑡
DG  is a binary variable and M is a 

big number. To guarantee a durable life of a diesel generator, Eq. (3.7) ensures that it only operates 

within the daily maximum operation time defined by the user (TDG). Energy demand consists of 

required energy by schedulable and, non-schedulable appliances and reserved energy during 

period 𝑡𝑡  of day 𝑑𝑑  under scenario 𝑠𝑠 . The constraint given in Eq. (3.8) represents the energy 

consumed by all appliances and that reserved energy are derived from the PV array (𝑒𝑒𝑠𝑠,𝑑𝑑,𝑡𝑡
app_pv) 
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and/or a battery (𝑒𝑒𝑠𝑠,𝑑𝑑,𝑡𝑡
app_bat) and/or a diesel fuel (𝑒𝑒𝑠𝑠,𝑑𝑑,𝑡𝑡

F ) during each period 𝑡𝑡 of day 𝑑𝑑 under scenario 

𝑠𝑠. The parameter E𝑑𝑑,𝑎𝑎(𝑎𝑎∗) is the energy required by schedulable (𝑎𝑎 ∈ Sapp) or non-schedulable 

appliances (𝑎𝑎∗ ∈ NSapp) of day d. E𝑑𝑑,𝑡𝑡
R  is reserved energy for the occasional operation of small 

appliances such as a cell phone charger. The available energy in a battery is calculated by Eq. (3.9). 

We assume that energy starts with 30% of battery capacity. In order to guarantee a desirable 

lifespan of a battery, the available energy in a battery should be between SMIN and SMAX of battery 

capacity at all periods in Eq. (3.10). The Eq. (3.11) enforces that a battery cannot charge and 

discharge at the same period where the variables 𝑦𝑦𝑠𝑠,𝑑𝑑,𝑡𝑡
chr  and  𝑦𝑦𝑠𝑠,𝑑𝑑,𝑡𝑡

dch   are binary and represent 

charging (𝑦𝑦𝑠𝑠,𝑑𝑑,𝑡𝑡
chr = 1) or discharging (𝑦𝑦𝑠𝑠,𝑑𝑑,𝑡𝑡

dch = 1) of a battery, respectively. Eq. (3.12) ensures that 

the energy charged to a battery must be less than or equal to the maximum charging rate (RMCH) 

of the battery capacity at all periods. Similarly, in Eq. (3.13), the energy discharged from the 

battery must be less than or equal to the maximum discharging rate (RMCH) of battery capacity at 

all periods. To ensure enough amount of energy in a battery for the next day, in Eq. (3.14), the 

available energy in a battery at the last period (𝑒𝑒𝑠𝑠,𝑑𝑑,𝐶𝐶
bat ) should be greater than or equal to battery 

end SOC (SESC) of battery capacity. Eq. (3.15) states that the available energy in a battery during 

the last period (𝑒𝑒𝑠𝑠,𝑑𝑑,𝐶𝐶
bat )  should be the available energy in a battery during the first period of the 

next day (𝑒𝑒𝑠𝑠,𝑑𝑑+1,1
bat ). In Eq. (3.16), all schedulable appliances should satisfy daily required operation 

periods (T𝑑𝑑,𝑎𝑎) where the binary variable 𝑥𝑥𝑠𝑠,𝑑𝑑,𝑎𝑎,𝑡𝑡
app_state represents the operation state of the appliances. 

Eq. (3.17) ensures that all schedulable appliances will only operate within user-defined preferred 

operation periods (P𝑑𝑑,𝑎𝑎,𝑡𝑡 = 1). For appliances in the set SQapp , the sequential operation of an 

appliance is defined by Eq. (3.18) - (3.19) where M is a big number. In Eq. (18), appliance a in the 

set SQapp  cannot operate during any of the first periods since it can be “on” only after the 
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completion of at least one appliance in the set SQ𝑎𝑎
app. Eq. (3.19) ensures that appliance a cannot 

operate until the operation of appliance 𝑎𝑎∗  is completed (T𝑑𝑑,𝑎𝑎∗ − ∑ 𝑥𝑥𝑠𝑠,𝑑𝑑,𝑎𝑎∗,𝑛𝑛
app_stateN

𝑛𝑛=1 > 0) at each 

period. If appliance 𝑎𝑎∗  has finished the operation until period 𝑡𝑡  (T𝑑𝑑,𝑎𝑎∗ − ∑ 𝑥𝑥𝑠𝑠,𝑑𝑑,𝑎𝑎∗,𝑛𝑛
app_stateN

𝑛𝑛=1 = 0), 

appliance 𝑎𝑎 can be “on” or “off” after period 𝑡𝑡. For appliances in the set Uapp,  Eq. (20)-(22) ensure 

that an appliance will not stop after it starts operations [16]. In Eq. (3.20)-(3.21), appliance 𝑎𝑎 

finishes operation at period 𝑡𝑡  (𝑥𝑥𝑠𝑠,𝑑𝑑,𝑎𝑎,𝑡𝑡
app_state = 1  and 𝑥𝑥𝑠𝑠,𝑑𝑑,𝑎𝑎,𝑡𝑡

app_end = 0 ), the status of appliance 𝑎𝑎  is 

changed from “on ” to “off ” at period 𝑡𝑡 + 1 (𝑥𝑥𝑠𝑠,𝑑𝑑,𝑎𝑎,𝑡𝑡+1
app_state = 0 and 𝑥𝑥𝑠𝑠,𝑑𝑑,𝑎𝑎,𝑡𝑡+1

app_end = 1). Eq. (3.22) ensures 

that the operation of appliance 𝑎𝑎 cannot resume after period 𝑡𝑡 if it completes the operation at 

period 𝑡𝑡. 

 

3.5 Experimental results 

1527BTo verify the proposed optimization model under the considered number of solar irradiance 

scenarios, we use 12-year historical solar irradiance data of Auburn, AL, U.S.A. We assume that 

L equals 24, with one day divided into 24 periods. We solve all models with Gurobi version 9.0 of 

Python Pyomo on a workstation with AMD Ryzen 3900X processor and 32GB of RAM [17]. It 

takes up to 96 hours to obtain the solutions. 

 

3.5.1 Solar irradiance scenario 

1528BWe randomly choose 20 solar irradiance scenarios in Auburn, AL from 124 of all possible 

solar irradiance profile configurations. In Table 3.1, we sort 20 scenarios in descending order by 

the amount of annual solar irradiance. We assume scenario 1 is the best scenario and scenario 20 

is the worst scenario. The average scenario is obtained by averaging hourly solar irradiance data 
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of 20 scenarios. The average annual solar irradiance of 20 scenarios equals to 1,615.69 (kW/𝑚𝑚2). 

In the best scenario, there is 92% less solar irradiance on the worst day than the best day. Similarly, 

in the worst scenario, there is 95% less solar irradiance on the worst day than the best day. 

 
52BTable 3.1  Solar irradiance of 20 scenarios and average scenario  

Scenario Yearly total (kW/𝑚𝑚2) Daily avg. (kW/𝑚𝑚2) Best day (kW/𝑚𝑚2) Worst day (kW/𝑚𝑚2) 
1 

426B1,795.96 427B4.92 428B7.97 429B0.65 
2 

430B1,759.64  431B4.82 432B7.96 433B0.77 
3 

434B1,752.91  435B4.80 436B7.96 437B0.58 
4 

438B1,718.43  439B4.71 440B7.96 441B0.66 
5 

442B1,689.44  443B4.63 444B8.01 445B0.63 
6 

446B1,666.51  447B4.57 448B8.12 449B0.63 
7 

450B1,661.85  451B4.55 452B7.87 453B0.65 
8 

454B1,643.18  455B4.50 456B7.99 457B0.58 
9 

458B1,638.17  459B4.49 460B7.83 461B0.65 
10 

462B1,632.73  463B4.47 464B7.91 465B0.65 
11 

466B1,620.94  467B4.44 468B7.99 469B0.63 
12 

470B1,620.87  471B4.44 472B7.94 473B0.77 
13 

474B1,595.78  475B4.37 476B7.91 477B0.56 
14 

478B1,571.36  479B4.31 480B7.88 481B0.61 
15 

482B1,567.23  483B4.29 484B7.95 485B0.68 
16 

486B1,551.71  487B4.25 488B8.00 489B0.68 
17 

490B1,505.15  491B4.12 492B7.94 493B0.58 
18 

494B1,488.10  495B4.08 496B7.94 497B0.69 
19 

498B1,427.59  499B3.91 500B7.75 501B0.65 
20  

502B1,406.26  503B3.85 504B7.69 505B0.42 
Average scenario 1,615.69  4.43 6.99 1.79 

 

1529BIn Figures 3.4-3.7, we represent seasonal hourly solar irradiance profiles of the best, worst 

and average scenario. 
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1530B  
53BFigure 3.4  Seasonal hourly solar irradiance profiles of best, worst and average scenario in winter 

 

1531B  
54BFigure 3.5  Seasonal hourly solar irradiance profiles of best, worst and average scenario in spring 

 

1532B  
55BFigure 3.6  Seasonal hourly solar irradiance profiles of best, worst and average scenario in summer 
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1533B  
56BFigure 3.7  Seasonal hourly solar irradiance profiles of best, worst and average scenario in fall 

 
1534BIn Figures 3.8-3.9, we represent hourly solar irradiance profiles of the best (worst) day under 

the best, worst and average scenario. On average, hourly solar irradiance reaches the peak during 

period 12 and, no solar irradiance exists after period 20 under all scenarios. 

 
1535B 

57BFigure 3.8  Hourly solar irradiance of best day under best, worst and average scenario 
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1536B 

58BFigure 3.9  Hourly solar irradiance of worst day under best, worst and average scenario 

 

3.5.2 System data 

1537BIn the experiment, we consider 365 days of one year to determine the optimal capacity of the 

energy system at the minimum AEC. We represent the number of days based on the types of the 

day. In Table 3.2, weekdays (Mon.-Fri.)  and weekends (Sat., Sun.) are dived into “season name-

weekday” and “season name-weekend”, respectively.  

 
59BTable 3.2  Number of days based on day types 

Day type  Days Description 

Spring & Summer- Weekday 123 
March, April, May, June, July, August 

Spring & Summer - Weekend 50 
Fall & Winter - Weekday 122 

September, October, November, December, January, February 
Fall & Winter - Weekend 47 

Holiday 23 
National holidays in the U.S. (7), Summer vacation (7), 
Thanksgiving break (4), Christmas break (5) 

 

1538BWe assumed a residential house with 3-bedrooms and 2-bathrooms. 4-family members leave 

home at 8 AM and return home at 6 PM during the weekdays but stays at home during the 

weekends. Family members wake up at 6AM and go to bed at 11PM every day. They leave home 

during the holidays. Home appliance information is represented in Table 3.3. There are 15 physical 
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appliances and we add 2 appliances for weekdays (COM, TVD) and weekends (COM) that require 

to operate at least once during a day, respectively. For example, one TVD is represented TVD - 

1and TVD - 2. We have 9 schedulable appliances - CLW, CLD, DIW, TOO, EOS, EOR, COM, 

DOL, TVD - that can be scheduled to operate at any period during the day based on user preferred 

operation period. CLW and DIW require uninterruptible operation. Additionally, CLW and CLD 

operate sequentially every Sunday, DIW operates every two days. 0.5kWh of reserved energy is 

assigned to operate occasionally required appliances such as a cell phone charger or a hairdryer. 

Only the refrigerator operated for 24 hours during the holidays.  

 
60BTable 3.3  Appliances  

Label Full name Characteristics Energy consumption (kWh) 

CFB CFL Bulb (11W) Non-schedulable 0.011 
LEB LED Bulb (10W) Non-schedulable 0.010 
HAB Halogen Bulb (40W) Non-schedulable 0.040 
INB Incandescent Bulb (40W) Non-schedulable 0.040 
REF Refrigerator (17 cu. ft., frost-free) Non-schedulable 0.049 
IMW Internet Modem / Wireless Router  Non-schedulable 0.014 
CLW Clothes Washer (Warm wash, Cold rinse) Schedulable / Uninterruptible 2.300 
CLD Clothes Dryer (Light Load) Schedulable / Sequencing 2.500 
DIW Dish Washer Schedulable / Uninterruptible 1.200 
TOO Toaster Oven Schedulable 0.750 
EOS Electric Oven/Range (Surface) Schedulable 1.000 
EOR Electric Oven/Range (Oven) Schedulable 2.300 
COM Coffee Machine (Brew, Warmer on) Schedulable 0.400 
DOL Desktop or Laptop Schedulable / Interruptible 0.020 
TVD LED TV (40''-49'') / Satellite Dish  Schedulable / Interruptible 0.056 
REN Reserved Energy Non-schedulable 0.500 

 

1539BIn Tables 3.4-3.5, we arbitrarily define the required operation period and user preferred 

operation period of appliances based on types of days. Based on user energy consumption patterns 

in Tables 4-5, total yearly energy demand by all appliances and reserved energy equals 

6,719.69kWh. Specifications of a PV array, battery, and a diesel generator are represented in 

Tables 3.6-3.8. 
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61Table 3.4  Operation period preference (weekday) 
      62BPreferred period (Fall and Winter only)  63BPreferred period (All seasons) 

64BAppliance 65BQty 
 𝐵𝐵𝑑𝑑,𝑎𝑎 𝑁𝑁𝑑𝑑,𝑎𝑎,𝑡𝑡 : weekdays 
 Spring-Summer Fall-Winter 

68B1 69B2 70B3 71B4 72B5 73B6 74B7 75B8 76B9 77B10 78B11 79B12 80B13 81B14 82B15 83B16 84B17 85B18 86B19 87B20 88B21 89B22 90B23 91B24 
92BCFB 93B12  

94B5 95B7                         

96BLEB 97B12  
98B5 99B7                         

100BHAB 101B10  
102B5 103B7                         

104BINB 105B10  
106B5 107B7                         

108BREF 109B1  
110B24 111B24                         

112BIMW 113B1  
114B8 115B8                         

116BCLW 117B1  
118B2 119B2                         

120BCLD 121B1  
122B1 123B1                         

124BDIW 125B1  
126B2 127B2                         

128BTOO 129B1  
130B1 131B1                         

132BEOR 133B1  
134B1 135B1                         

136BCOM - 1 137B1  
138B1 139B1                         

140BCOM - 2 141B1  
142B1 143B1                         

144BDOL 145B1  
146B6 147B6                         

148BTVD - 1 149B1  
150B1 151B1                         

152BTVD - 2 153B1  
154B4 155B4                         

156BRSE 157B1  
158B7 159B7                         

 
160BTable 3.5  Operation period preference (weekend)  

      161BPreferred period (Fall and Winter only)  162BPreferred period (All seasons) 

163BAppliance 164BQty 
 𝐵𝐵𝑑𝑑,𝑎𝑎 𝑁𝑁𝑑𝑑,𝑎𝑎,𝑡𝑡 : weekend 
 Spring-Summer 

167BFall-Winter 
168B1 169B2 170B3 171B4 172B5 173B6 174B7 175B8 176B9 177B10 178B11 179B12 180B13 181B14 182B15 183B16 184B17 185B18 186B19 187B20 188B21 189B22 190B23 191B24 

192BCFB 193B12  
194B5 195B7                         

196BLEB 197B12  
198B5 199B7                         

200BHAB 201B10  
202B5 203B7                         

204BINB 205B10  
206B5 207B7                         

208BREF  
209B1  

210B24 211B24                         
212BIMW  

213B1  
214B17 215B17                         

216BCLW 217B1  
218B2 219B2                         

220BCLD 221B1  
222B1 223B1                         

224BDIW 225B1  
226B2 227B2                         

228BTOO 229B1  
230B1 231B1                         

232BEOS 233B1  234B1 235B1                         
236BEOR  237B1  238B1 239B1                         
240BCOM - 1 241B1  242B1 243B1                         
244BCOM - 2 245B1  246B1 247B1                         
248BCOM - 3 249B1  250B1 251B1                         
252BDOL  253B1  254B12 255B12                         
256BTVD - 1 257B1  258B4 259B4                         
260BTVD - 2 261B1  262B10 263B10                         

264BRSE 265B1  
266B17 267B17                         

268B 
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Table 3.6  PV array specifications 
Parameter Value Description 

BPV 0.315(kW) Basic PV array capacity 
CPV 32.38($) AEC of basic PV array capacity 
FPV 0.0736 Capital recovery factor of PV array 
NPV 20(years) Life expectancy of PV array 
i 4% Market interest rate 
RINV 98% Inverter efficiency rate 

 
269BTable 3.7  Battery specifications 

Parameter Value Description 

BBAT 3.3(kWh) Basic battery capacity  
CBAT 539.11($)  AEC of basic battery capacity 
FBAT 0.2246 Capital recovery factor of battery 
NBAT 5(years) Life expectancy of battery 
i 4% Market interest rate 
SISC 50% Initial amount of energy in the battery 
SESC 30% End amount of energy in the battery 
SMIN 5% Minimum SOC 
SMAX 95% Maximum SOC 
RCHR 99% Charging efficiency 
RDCH 0.0139% Self-discharging efficiency 
RMCH 5(kWh) Maximum charging power  
RMDC 5(kWh) Maximum discharging power  

 
270BTable 3.8  Diesel generator specifications 

Parameter Value Description 

BDG 15(kW) Home backup diesel generator capacity 
CDG 1,031.80($) AEC of diesel generator 
FDG 0.0947 Capital recovery factor of diesel generator 
NPV 14(years) Life expectancy of diesel generator (operated max. 4 hrs/ day) 
i 4% Market interest rate 
CF 0.30($/kWh) Cost of diesel fuel  

 

3.5.3 Result 

1540BWe run the model between Jan 1. 00AM and Dec 31. 12PM. The model is solved under 20 

scenarios. It is assumed that the initial amount of energy in the battery equals 30% of the battery 

capacity and the amount of energy in the battery at the last period (T) of the day d is the same as 
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the first period of day d+1. We also assume that the amount of diesel fuel to generate 1kWh energy 

equals 0.099 gallons/kWh, the price of 1-gallon diesel fuel equals $3.05/gallon to calculate the 

expected annual diesel fuel cost. 

1541BIn Table 3.9, we present the results of the model considering 20 scenarios. The optimal energy 

system consists of a 18.27kW PV array and 9.9kWh battery. The system has the AEC of $4,946.13 

by taking into consideration the AEC of a diesel generator and expected diesel fuel cost.  

 
271BTable 3.9  Experimental results 

1542BPV capacity 1543BBattery capacity 
1544BExpected AEC 

1545BPV array 1546BBattery 1547BDiesel generator 1548BAvg. diesel fuel 1549BTotal 
1550B18.27kW 1551B9.9kWh 1552B$1,877.81  1553B$1,617.32 1554B$1,031.80 1555B$419.21 1556B$4,946.13 

 

1557BWe prove the effectiveness of the stochastic optimization model by comparing results to one 

scenario model. Firstly, we solve the model under one average scenario of 20 scenarios and obtain 

optimal capacities of 5.99kW PV array and 9.99kWh battery. We fix PV array and battery 

capacities by one average scenario, run the model under each scenario (1-20), respectively. 

However, the model represents infeasible solutions under every scenario. The reason is that fixed 

capacities of the PV array, battery and limited operation time of a diesel generator cannot provide 

sufficient energy under the worst day of each scenario. As a result, the stochastic model better 

estimates the optimal capacities of the PV array, battery and operation schedule of a diesel 

generator at minimum AEC of energy system since it considers many possible solar irradiance 

scenarios. If we consider few scenarios to estimate the capacity of the energy system, it would not 

satisfy energy demand under other possible solar irradiance scenarios. 

1558BIn Table 3.10, we represent average energy usage under all scenarios. A total of 6,719.69kWh 

of energy is required by appliances. On average, 29,518.68kWh of energy is generated by the PV 

array, the PV array supplies 2,566.28kWh, the battery provides 2,760.37kWh and 1,393.03kWh 
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of energy is powered by a diesel generator. Notice that an average of 24,049.00kWh of unused 

energy is observed. It is the summation of PV energy loss (𝑒𝑒𝑠𝑠,𝑑𝑑,𝑡𝑡
loss_pv)  after operating appliances 

and, charging the battery. It primarily occurs during daytime periods when generated solar energy 

is greater than the required energy by appliances and the battery.  

 
272BTable 3.10  Annual energy usage under 20-scenario model 

506BScenario 
507BTotal energy 

generated by PV 
(kWh) 

508BAppliances from 
PV and battery 

(kWh) 

509BAppliances from 
diesel generator 

(kWh) 

510BConversion 
511Blosses  

512B(kWh) 

513BUnused 
514Benergy  
515B(kWh) 

516BEnergy demand 
by appliances 

(kWh) 
517B1    518B32,812.12     519B5,410.16     520B1,309.53        521B143.72     522B27,254.13  523B6,719.69 
524B2    525B32,148.60    526B5,399.75     527B1,319.94        528B143.48     529B26,601.28  530B6,719.69 
531B3    532B32,025.67     533B5,418.98     534B1,300.71        535B143.74     536B26,458.84  537B6,719.69 
538B4    539B31,395.79     540B5,397.66     541B1,322.03        542B143.77     543B25,856.34  544B6,719.69 
545B5    546B30,866.05     547B5,347.07     548B1,372.62        549B142.19     550B25,378.77  551B6,719.69 
552B6    553B30,447.17     554B5,389.59     555B1,330.10        556B143.06     557B24,916.50  558B6,719.69 
559B7    560B30,361.94     561B5,331.99     562B1,387.70        563B141.48     564B24,890.07  565B6,719.69 
566B8    567B30,020.90     568B5,323.46     569B1,396.23        570B141.36     571B24,551.99  572B6,719.69 
573B9    574B29,929.46     575B5,342.89     576B1,376.80        577B141.65     578B24,445.08  579B6,719.69 

580B10    581B29,829.90     582B5,345.22     583B1,374.47        584B141.76     585B24,338.83  586B6,719.69 
587B11    588B29,614.59     589B5,315.26     590B1,404.43        591B140.79     592B24,159.47  593B6,719.69 
594B12    595B29,613.31     596B5,315.10     597B1,404.59        598B141.42     599B24,152.70  600B6,719.69 
601B13    602B29,154.86     603B5,348.04     604B1,371.65        605B141.71     606B23,667.09  607B6,719.69 
608B14    609B28,708.80     610B5,324.35     611B1,395.34        612B141.22     613B23,245.21  614B6,719.69 
615B15    616B28,633.24     617B5,301.70     618B1,417.99        619B140.82     620B23,192.50  621B6,719.69 
622B16    623B28,349.78     624B5,321.04     625B1,398.65        626B141.50     627B22,883.15  628B6,719.69 
629B17    630B27,499.18     631B5,252.94     632B1,466.75        633B140.73     634B22,105.83  635B6,719.69 
636B18    637B27,187.66     638B5,317.40     639B1,402.29        640B141.46     641B21,724.71  642B6,719.69 
643B19    644B26,082.12     645B5,185.60     646B1,534.09        647B139.72     648B20,752.72  649B6,719.69 
650B20    651B25,692.37     652B5,144.94     653B1,574.75        654B138.57     655B20,404.81  656B6,719.69 

 

1559BIn Figures 3.10-3.13, the operation schedule of schedulable appliances represented by time 

period under the worst (best) day of the worst scenario and best scenario, for instance. Under all 

scenarios, we observe that all schedulable appliances are scheduled to operate based on the 

preferred operation period of each appliance. 
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1560B  
273BFigure 3.10  Operation schedule on worst day of best scenario (weekday) 

1561B  
274BFigure 3.11  Operation schedule on best day of best scenario (weekday) 

1562B  
275BFigure 3.12  Operation schedule on worst day of worst scenario (weekend, even day) 
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1563B  
276BFigure 3.13  Operation schedule on best day of worst scenario (weekday, even day) 

 
1564BIn Figure 3.14, we represent the average ratio of hourly energy generated by the diesel 

generator to daily energy generated by a diesel generator. The diesel generator operates the most 

between period 21 and period 23. Becasue there is not enough energy from the PV arrays and 

battery to operate all required appliances. Operating the diesel generator during these periods can 

prevent the battery from unnecessary increase in its capacity. 

 

1565B  

277BFigure 3.14  Average. ratio of hourly diesel fuel usage to daily diesel fuel usage 

 
1566BIn Figure 3.15, we represent the average hourly SOC for the battery under all scenarios. We 

observe that the battery charges/discharges throughout the whole day, but the battery maintains a 

maximum SOC during period 18 to supply power to required appliances during the evening. 
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1567B 

278BFigure 3.15  Average hourly SOC of the battery 

 

3.5.4 Effect of energy consumption scheduling 

1568BTo evaluate the effect of scheduling, we compare the results of the optimized versus the non-

optimized case. It is assumed that the appliance operation preferences for the non-optimized case 

(P𝑠𝑠,𝑑𝑑,𝑎𝑎,𝑡𝑡
non−opt. ) are arbitrarily fixed and equal to the required operation period (T𝑑𝑑,𝑎𝑎 ). Preferred 

operation periods for the non-optimized case are shown in Table 3.11.  

 
279BTable 3.11  Appliance operation preference under non-optimized case 

    280BPreferred period (weekend only)  281BPreferred period (all days) 

282BAppliance 
𝐵𝐵𝑑𝑑,𝑎𝑎 𝑁𝑁𝑑𝑑,𝑎𝑎,𝑡𝑡  

Weekday Weekend 
285B1 286B2 287B3 288B4 289B5 290B6 291B7 292B8 293B9 294B10 295B11 296B12 297B13 298B14 299B15 300B16 301B17 302B18 303B19 304B20 305B21 306B22 307B23 308B24 

309BCLW 310B2 311B2                         

312BCLD 313B1 314B1                         

315BDIW 316B2 317B2                         

318BTOO 319B1 320B1                         

321BEOS 322B- 323B1                         

324BEOR 325B1 326B1                         

327BCOM  328B2 329B3                         

330BDOL 331B6 332B12                         

333BTVD 334B5 335B14                         

 

1569BAfter running both cases, we obtain the results showing in Table 3.12. We observe that the 

optimized case satisfies energy demand at lower capacities of the PV array, battery and 4.34% less 
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diesel fuel cost. Notice that the AEC of the optimized case is 20.02% less than the non-optimized 

case. 

 
336BTable 3.12  Energy system characteristics under the optimized case and non-optimized case under 20 scenarios 

 1570BPV capacity 1571BBattery capacity 1572BAvg. diesel fuel cost 1573BAEC 

1574BOpt. case 1575B18.27kW 1576B9.9kWh 1577B$419.21 1578B$4,946.13 
1579BNon-opt. case 1580B24.89kW 1581B13.2kWh 1582B$438.23 1583B$6,184.15 

 

3.5.5 Effect of number of scenarios 

1584BTo assess how the number of scenarios affects the results of models, we change the number 

of scenarios considered from scenario 1 (best scenario) to scenario 20 (worst scenario) in 

increments of 5 scenarios. In Table 3.13, we obtained solutions for PV array and battery capacities 

under 1-scenario (scenario 1), 5-scenario (scenario 1-5), 10-scenario (scenario1-10), 15-scenario 

(scenario 1-15) and 20-scenario (scenario 1-20) models, respectively. In order to satisfy energy 

demand under an increased number of scenarios, more PV arrays are required, but the battery 

capacity remains at the optimal battery capacity 9.9kWh ensuring the minimum AEC of the energy 

system under all models. 

 
337BTable 3.13  Energy system capacity under different number of scenarios 

1585BModel 1586BPV capacity 1587BBattery capacity 

1588B1-scenario 
1589B13.86kW 1590B9.9kWh 

1591B5-scenario 
1592B14.18kW 1593B9.9kWh 

1594B10-scenario 
1595B17.64kW 1596B9.9kWh 

1597B15-scenario 
1598B17.64kW 1599B9.9kWh 

1600B20-scenario 
1601B18.27kW 1602B9.9kWh 

 

We fix PV array and battery capacities and, solve the model under each scenario. In Table 3.14, 

some models represent infeasible solutions under particular scenarios except for the 20-scenario 

model since the energy system capacity cannot satisfy energy demand. Compared to other models, 
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it is demonstrated that the more-scenario model (i.e. 20-scenario model) meets energy demand 

better under various solar irradiance scenarios since it has optimal PV array and battery capacities 

considering variations in solar irradiance occurrence.  

 
338BTable 3.14  Annual diesel fuel cost under each scenario 

Scenario 1-scenario model 5-scenario model 10-scenario model 15-scenario model 20-scenario model 

1 $429.02 $425.87 $398.23 $398.23 $394.08 
2 $435.88 $432.43 $401.49 $401.49 $397.21 
3 $433.03 $429.05 $396.12 $396.12 $391.43 
4 $442.07 $437.97 $402.87 $402.87 $397.84 
5 infeasible $447.27 $417.63 $417.63 $413.06 
6 $437.61 $434.31 $404.78 $404.78 $400.27 
7 infeasible infeasible $421.82 $421.82 $417.61 
8 infeasible $457.16 $424.81 $424.81 $420.17 
9 $451.80 $448.43 $418.81 $418.81 $414.32 
10 $442.87 $440.35 $417.19 $417.19 $413.62 
11 $460.26 $456.90 $427.10 $427.10 $422.64 
12 $455.39 $452.70 $426.79 $426.79 $422.69 
13 $450.77 $447.35 $417.26 $417.26 $412.77 
14 infeasible $453.60 $424.37 $424.37 $419.90 
15 $472.96 $468.59 $431.74 $431.74 $426.72 
16 $455.98 $452.91 $424.98 $424.98 $420.91 
17 infeasible infeasible $445.97 $445.97 $441.40 
18 $460.90 $458.35 $426.45 $426.45 $422.00 
19 infeasible infeasible $465.85 $465.85 $461.65 
20 infeasible infeasible infeasible infeasible $473.90 
Expected 
diesel fuel cost - - - - $419.21 

 

3.6 Conclusion 

1604BWe proposed a stochastic optimization model that determines PV array and battery capacities 

by considering solar irradiance uncertainty and appliance operation scheduling. Solar irradiance 

uncertainty was represented by 20 scenarios that were randomly chosen from the 12-year historical 

solar irradiance data. We integrated a diesel generator into an off-grid energy system to power 

appliances when there is not enough solar irradiance. A diesel generator also prevents the capacity 
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of the energy system depending on the worst solar irradiance day of the year. We tested the model 

in Auburn, AL. The model determined the optimal capacities of the PV array, battery and diesel 

fuel usage at the minimum AEC of the energy system under the probabilities of all-scenario 

occurrence. The contribution of the proposed optimization was demonstrated by comparing the 

results to one scenario model. Under the fixed capacity of the energy system obtained by an 

average scenario, one scenario model did not satisfy energy demand and represented infeasible 

solutions under every scenario. The effect of scheduling appliances was demonstrated through 

comparison of the results with a non-optimized case. Using optimization to schedule appliances 

satisfied the energy demand with less diesel energy usage and a more economical AEC than a non-

optimized case. The effect of number of scenarios was evaluated by investigating models that 

consider the different number of scenarios. The results showed that the 20-scenario model was 

more effective than the less-scenario models since it has the optimal energy system capacity to 

satisfy energy demand under many possible solar irradiance occurrences.  
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Conclusion 

1605BWe proposed three optimization models for off-grid PV systems. First, we developed a daily 

energy consumption scheduling model of the residential stand-alone PV-battery system in an 

isolated area. The results showed that it is possible to optimize the use of available solar irradiance 

for powering appliances at home. In an off-grid situation, the battery capacity is more influential 

than the PV array capacity on satisfying the energy demand. In addition, under the same PV array 

capacity, results showed that using the optimized case to schedule appliances can fully satisfy 

energy demand with a smaller battery capacity than the non-optimized case.  

1606BSecond, we studied an off-grid PV system design approach that considers energy consumption 

scheduling and system operation under solar irradiance uncertainty. The solution was obtained by 

integrating the Nelder-Mead algorithm, mixed-integer programming, and Monte Carlo simulation. 

The results showed that the N-M algorithm is able to determine cost-efficient PV array and battery 

capacity based on an available amount of solar irradiance. To meet the demand, the capacity of the 

battery is more influential than PV array capacity.  The sensitivity analysis showed that the 

opportunity cost of non-served energy is a key factor in order to meet the demand with solar energy.   

Third, we proposed a stochastic optimization model that determines PV array and battery 

capacity by considering solar irradiance uncertainty and appliance operation scheduling. We 

integrated a diesel generator into an off-grid energy system to power appliances when there was 

not enough solar irradiance. The model determined the optimal capacities of the PV array, battery 



96 
 

and expected diesel fuel usage at the minimum AEC of an energy system under the probabilities 

of all-scenario occurrence. The effect of scheduling was evaluated by comparing the results of the 

optimized with the non-optimized case. The result showed that the optimized case satisfies energy 

demand at lower capacities of the PV array, battery and less diesel fuel cost. 1584BThe effect of number 

of scenarios is assessed by changing the number of scenarios considered. The result demonstrated 

that the more-scenario model meets energy demand better than less-scenario models under various 

solar irradiance scenarios. 
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Appendix A: Nomenclature for Chapter 1 

1608BIndices 
a Appliance (a = 1...A) 
t Time period (t = 1…T) 

 

1609BParameters 
APV Area of PV array (m2) 
RPV PV array efficiency rate (%) 
RINV Inverter efficiency rate (%) 
E𝑡𝑡PV Forecasted PV array energy during period t (kWh) 
E𝑡𝑡M Energy margin to operate occasionally used appliances during period t (kWh) 
S𝑡𝑡PV Forecasted solar radiation incident on the PV array during period t (kWh/m2) 
RDCH Battery self-discharging rate (%) 
RCHR Battery charging efficiency rate (%) 
CBAT Battery capacity (kWh) 

SMAX Battery maximum SOC (%) 
SISC Battery initial SOC (%) 
SESC Battery end SOC (%) 
RMCH Battery maximum charging energy (kWh) 
RMDC Battery maximum discharging energy (kWh) 
E𝑎𝑎 Energy consumption of appliance a (kWh) 
T𝑎𝑎 Required number of periods to operate appliance a  
W𝑎𝑎 Priority weight (1, 2, ...,10) of appliance a  
P𝑎𝑎,𝑡𝑡 Time preference (0/1) to operate appliance a during period t  
P𝑎𝑎,𝑡𝑡
non−opt. Time preference (0/1) to operate appliance a during period t in the non-optimized case  

P𝑎𝑎,𝑡𝑡
opt. Time preference (0/1) to operate appliance a during period t in the optimized case  

 

1610BSets 
S Set of all appliances that are preceded by at least one appliance 
S𝑎𝑎 Set of all appliances that precede a 
Uapp Set of all uninterruptible appliances 
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1611BVariables 
𝑒𝑒𝑡𝑡
app_bat Energy discharged from the battery to operate the appliances during period t (kWh) 
𝑒𝑒𝑡𝑡chr Energy from the PV array used to charge the battery during period t (kWh) 
𝑒𝑒𝑡𝑡
loss_pv Energy loss from the PV array during period t (kWh)  
𝑒𝑒𝑡𝑡
app_pv Energy from the PV array to operate the appliances during period t (kWh) 
𝑠𝑠𝑡𝑡bat Battery SOC during period t (%) 
𝑦𝑦𝑡𝑡chr Binary variable to indicate that the battery is charging during period t  
𝑦𝑦𝑡𝑡dch Binary variable to indicate if the battery is discharging during period t 
𝑥𝑥𝑎𝑎,𝑡𝑡
app_state Binary variable to indicate the operating state of appliance a during period t  
𝑥𝑥𝑎𝑎,𝑡𝑡
app_end Binary variable to indicate that appliance a finished operation at the end of period t  
𝑧𝑧𝑎𝑎 Binary variable to determine the operation periods of uninterruptible appliance a   

 
  



99 
 

 

 

 

Appendix B: Nomenclature for Chapter 2 

Indices 
a Appliance (a = 1...A) 
t Period (t = 1…T) 

 

Parameters 
CPV Capacity of PV array (kW) under Standard Test Condition (STC., i.e., for 1 kWh/m2 of incident solar 

radiation) 
CBAT Battery capacity (kWh) 
INVE Inverter efficiency rate (%) 
E𝑡𝑡PV Forecasted PV array energy during period t (kWh) 
E𝑡𝑡R Reserved energy to operate occasionally used appliances during period t (kWh) 
S𝑡𝑡PV Forecasted solar radiation incident on the PV array during period t (kWh/m2) 
RDCH Battery self-discharging rate (%) 
RCHR Battery charging efficiency rate (%) 
SMIN Battery minimum state of charge (%) 
SMAX Battery maximum state of charge (%) 
SISC Battery initial state of charge (%) 
SESC Battery end state of charge (%) 
RMCH Battery maximum charging energy (%) 
RMDC Battery maximum discharging energy (%) 
E𝑎𝑎 Energy consumption of appliance a (kWh) 
T𝑎𝑎 Required number of periods to operate appliance a  
W𝑎𝑎 Priority weight (1, 2, ...,10) of appliance a  
P𝑎𝑎,𝑡𝑡 Preference (0/1) to operate appliance a during period t  
NPV Life expectancy of PV array (years) 
NBAT Life expectancy of battery (Lithium-ion, years) 
PVCOST AEC of PV electricity per kW ($/kWh) 
BATCOST AEC of battery energy per kWh ($/kWh) 
NSCOST Penalty cost of non-served energy ($) 
PVCF Capital recovery factor of PV array 
BATCF Capital recovery factor of battery 
i Market interest rate (%) 
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Sets 
S Set of all appliances that are preceded by at least one appliance 
S𝑎𝑎 Set of all appliances that precede a 
Uapp Set of all uninterruptible appliances 

 

Variables 
𝑥𝑥PV Capacity of PV array (kW) for the N-M algorithm under STC. 
𝑥𝑥BAT Battery capacity (kWh) of for the N-M algorithm  
𝑥𝑥NS Amount of non-served energy (kWh) for the N-M algorithm 

𝑒𝑒𝑡𝑡
app_bat Energy discharged from the battery to operate the appliances during period t (kWh) 
𝑒𝑒𝑡𝑡chr Energy from the PV array used to charge the battery during period t (kWh) 

𝑒𝑒𝑡𝑡
loss_pv Energy loss from the PV array during period t (kWh)  
𝑒𝑒𝑡𝑡
app_pv Energy from the PV array to operate the appliances during period t (kWh) 
𝑠𝑠𝑡𝑡bat Battery state of charge during period t (%) 
𝑦𝑦𝑡𝑡chr Binary variable to indicate that the battery is charging during period t  
𝑦𝑦𝑡𝑡dch Binary variable to indicate if the battery is discharging during period t 
𝑥𝑥𝑎𝑎,𝑡𝑡
app_state Binary variable to indicate the operating state of appliance a during period t  
𝑥𝑥𝑎𝑎,𝑡𝑡
app_end Binary variable to indicate that appliance a finished operation at the end of period t  
𝑧𝑧𝑎𝑎 Binary variable to determine the operation periods of uninterruptible appliance a   
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Appendix C: Nomenclature for Chapter 3 

1616BIndices 
 s Scenario (s = 1…S) 
 a Appliance (a = 1…A) 
 d Day (d = 1…D) 
 t Time period (t = 1…T) 

 

1617BParameters 
CPV AEC of basic PV array capacity ($) 
CBAT AEC of basic battery capacity ($) 
CDG AEC of diesel generator ($) 
CF Cost of diesel fuel ($/kWh) 
BPV Basic PV array capacity (kW) 
BBAT Basic battery capacity (kWh) 

RINV Inverter efficiency rate (%) 
E𝑑𝑑,𝑡𝑡
R  Reserved energy to operate occasionally used appliances during period t of day d (kWh) 

S𝑠𝑠,𝑑𝑑,𝑡𝑡 Forecasted solar radiation incident on the PV array during period t of day d under scenario s (kWh/m2) 
RDCH Battery self-discharging rate (%) 
RCHR Battery charging efficiency rate (%) 
SMIN Battery minimum SOC (%) 

SMAX Battery maximum SOC (%) 
𝑆𝑆ISC Battery initial SOC (%) 
SESC Battery end SOC (%) 
RMCH Battery maximum charging rate (kWh) 
RMDC Battery maximum discharging rate (kWh) 
E𝑑𝑑,𝑎𝑎 Energy consumption of appliance a on day d (kWh) 
T𝑑𝑑,𝑎𝑎 Required number of periods to operate appliance a on day d 
TDG Maximum allowable number of operation periods of diesel generator per day  
P𝑑𝑑,𝑎𝑎,𝑡𝑡 Time preference (0/1) to operate appliance a during period t of day d 
P𝑠𝑠 Probability of scenario s occurs 

 

 

 



102 
 

1618BSets 
Sapp Set of all schedulable appliances 
NSapp Set of all non-schedulable appliances 
SQapp Set of all appliances that are preceded by at least one appliance 
SQ𝑎𝑎

app Set of all appliances that precede appliance a 
Uapp Set of all uninterruptible appliances 

 

1619BVariables 
𝑥𝑥PV Number of basic PV module (ea.) 
𝑥𝑥BAT Number of basic battery (ea.) 
𝑥𝑥𝑠𝑠F Annual amount of energy generated from diesel fuel under scenario s (kWh) 
Es,d,t
PV  Forecasted PV array energy during period t of day d under scenario s (kWh) 
𝑒𝑒𝑠𝑠,𝑑𝑑,𝑡𝑡
app_pv Energy from the PV array to operate the appliances during period t of day d under scenario s (kWh) 
𝑒𝑒𝑠𝑠,𝑑𝑑,𝑡𝑡
app_bat Energy discharged from the battery to operate the appliances during period t of day d under scenario s (kWh) 
𝑒𝑒𝑠𝑠,𝑑𝑑,𝑡𝑡
chr  Energy from the PV array used to charge the battery during period t of day d under scenario s (kWh) 
𝑒𝑒𝑠𝑠,𝑑𝑑,𝑡𝑡
loss_pv Energy loss from the PV array during period t of day d under scenario s (kWh)  
𝑒𝑒𝑠𝑠,𝑑𝑑,𝑡𝑡
F  Energy generated by a diesel fuel during period t of day d under scenario s (kWh) 
𝑒𝑒𝑠𝑠,𝑑𝑑,𝑡𝑡
bat  Available energy in the battery during period t of day d under scenario s (kWh) 
𝑦𝑦𝑠𝑠,𝑑𝑑,𝑡𝑡
chr  Binary variable to indicate that the battery is charging during period t of day d under scenario s 
𝑦𝑦𝑠𝑠,𝑑𝑑,𝑡𝑡
dch  Binary variable to indicate if the battery is discharging during period t of day d under scenario s 
𝑥𝑥𝑠𝑠,𝑑𝑑,𝑎𝑎,𝑡𝑡
app_state Binary variable to indicate the operating state of appliance a during period t of day d under scenario s 
𝑥𝑥𝑠𝑠,𝑑𝑑,𝑎𝑎,𝑡𝑡
app_end Binary variable to indicate that appliance a finished operation at the end of period t of day d under scenario s 
𝑧𝑧𝑠𝑠DG Binary variable to determine if the diesel generator is operated or not under scenario s 
𝑧𝑧𝑠𝑠,𝑑𝑑,𝑡𝑡
DG  Binary variable to determine if the generator is operated or not during period t of day d under scenario s  
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