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ABSTRACT 

 

This thesis explores an approach to determine the optimal renewable generation capacities 

to achieve a 100 per cent renewable penetration in the island of Barbados by year 2030. 

Five renewable resources are considered: onshore wind, utility-scale solar PV, rooftop 

solar PV, dispatchable generation, and storage. A two-stage temporal optimization based 

on the concept of residuals and costs is used and modelled with the optimization software 

LINGO to solve the problem under different scenarios.    

The results show that by minimizing the residual variations it is possible to balance the 

need for backup generation and storage that will support the wind and solar integration. 

The more storage power capacity, the more wind and solar can be incorporated into the 

system. Different load demand forecasts or the presence of DSM and EV technologies 

significantly affect the outcome of the optimization. This work provides the boundaries 

and considerations needed to achieve the Barbados renewable target.  
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1 Introduction 

The primary objective of this research work is to determine possible combinations of 

renewable generation capacity to integrate 100 per cent renewable energy sources in the 

Caribbean island of Barbados by year 2030. This chapter presents the motivation of this 

work, the main objectives, and the organization of the document. 

1.1 Motivation 

Barbados is a small eastern Caribbean island located in the Atlantic Ocean. It has a 

population of 284,644 people in a total area of 432 𝑘𝑚2, which results in a densely 

populated country. In size, it is 34 km north-to-south and 23 km east-to-west. The capital 

city is Bridgetown in the south west, where 25% of the population lives. 

In the electricity sector, Barbados load demand reached 1,024 GWh in 2012, with a peak 

load demand of 167.5 MW. The generation mix is composed mainly of thermal generation 

units that use imported heavy fuel oil (85%) and diesel and jet fuel (15%) [1].  

Nowadays, due to a lack of local refining infrastructure, the island of Barbados imports 

100% of its fossil fuels to run the existing thermal generation, and that makes the cost of 

generating electricity very high and vulnerable to global oil price fluctuations [1]. For 

example, from 2006 to 2015 Barbados was importing 11,654 barrels of oil per day to meet 

its energy needs [2].  

To eliminate this problem, reduce Green House Gas (GHG) emissions that cause climate 

change, and secure affordable and secure energy supply in the long term, Barbados made 

the commitment to integrate 100 per cent renewable energy sources by year 2030 [2].  
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The transition to renewable energy will involve the integration of a large amount of 

Variable Renewable Energy (VRE), especially wind and solar. It will also require 

dispatchable generation and energy storage to support the integration of VRE [3].  

If a large amount of wind and solar is installed in the power system, a new concept of 

residuals arise. The residuals are defined as the instantaneous differences between the 

variable renewable generation (wind and solar) and the load demand. Figure 1.1 shows a 

typical example of using wind and solar generation to supply the load demand in Barbados. 

It can be seen that there are hours of the day with a generation surplus or positive residuals 

(in green) and hours with generation shortage or negative residuals (in red). 

The uncontrollable and intermittent nature of wind and solar cause uncontrollable and 

intermittent residuals in the system. These residuals require controllable generation and 

storage to support the integration of wind and solar sources. Dispatchable generation would 

cover the negative residuals and storage would store the positive ones.   

 

Figure 1.1. Example of residual energy when having wind and solar generation 
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Due to the uncontrollability and intermittency of the residuals, estimating the optimal 

generation mix among wind, solar, dispatchable, and storage generation capacities in an 

all-renewable power system becomes a challenge. 

This research work combines the concept of residuals with optimization techniques to 

obtain optimal capacities for the renewable resources that will make possible the 

integration of 100 per cent renewable energy in Barbados.  

1.2 Objectives 

The main objectives of this research work are:  

• To analyze the characteristics of the Barbados renewable generation resources and the 

forecast load demand profiles. 

• To develop an optimization model using residuals to determine the optimal wind and 

solar capacities. 

• To develop a cost optimization model to compare the results of wind and solar 

capacities obtained with those of the residuals method.  

• To develop a cost optimization model to determine the dispatchable generation and 

storage capacities. 

• To identify relationships among renewable generation resources. 

• To determine the impact of using different load demand forecasts, Demand Side 

Management (DSM) technologies and Electric Vehicles (EV). 

• To identify the benefits and limitations of the residuals-based optimization method. 
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1.3 Thesis organization 

• Chapter 1 introduces the motivation for the problem, describes the Barbados system 

and sets out the objectives and organization of the document. 

• Chapter 2 provides a description of the theory supporting the chosen methodology and 

also discusses research articles that are background for this research work. 

• Chapter 3 analyzes and compares all the forecasted load demand profiles available for 

Barbados to prepare the input data for the optimization models. 

• Chapter 4 analyzes the renewable resources available in Barbados to prepare the input 

data for the optimization models. 

• Chapter 5 describes the methodology, assumptions, input data, and mathematical 

formulation of the optimization models used in this work.  

• Chapter 6 shows the results for the wind and solar capacities obtained in the residual 

optimization  model under different scenarios. 

• Chapter 7 shows the results for the wind and solar capacities obtained in the cost 

optimization  model under different scenarios. 

• Chapter 8 shows the results for the dispatchable generation and storage capacities 

obtained in the cost optimization model under different scenarios. 

• Chapter 9 states the main conclusions gathered from the findings of the optimization 

models and gives some recommendations for future work. 
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2 Literature Review 

Optimization is used in several aspects of engineering such as design, operation, 

scheduling, finance, and many more. It helps in the decision-making process by selecting 

the best possible choice from a set of candidate alternatives. The solution method used for 

solving the optimization is an algorithm that depends on the form of the objective function, 

the form of constraints functions, and the number of variables and constraints [4]. 

The optimization of wind and solar capacities involves two decision variables in the 

problem with 8760 linear equations representing the power balance for every single hour 

of the year.  This kind of problem is called “overdetermined linear system” because it has 

many more linear equations than unknown variables and each linear equation is of low 

quality. If the additional equations are neglected to solve the linear system, the results 

obtained will be of poor quality [5]. Overall, this type of problems has no exact solution. 

Instead, an approximate solution can be obtained by solving a minimization problem [6]. 

According to [5], overdetermined linear systems are formulated as, 

 A𝐱̂ ≈ 𝐛 (1) 

 

Here 𝐴 is an m x n matrix (m > n), with “m” representing the number of equations and “n” 

the number of decision variables of the problem. In our case of power balance equations 

𝑚 =  8760 and 𝑛 =  2. The unknown decision variables are represented by an n-

dimensional vector 𝒙, in our case the wind and solar capacities, and 𝒃 is a known measured 

vector, in our case the hourly load demand.  

These type of problems can be solved by using the minimum 𝑙1, 𝑙2 or the 𝑙∞ norm 

approximate solution [5][7]. The 𝑙1 norm finds the approximate solution of the problem by 

minimizing the sum of the residual magnitudes. The 𝑙∞ norm minimizes the size of the 
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largest residual magnitude.  The 𝑙1 norm and the 𝑙∞ norm are hard to solve in an efficient 

and robust manner, requiring nonlinear programming methods to find the solution [6][7]. 

The 𝑙2 norm, also called the least squares method, is the simplest and most common 

approximate solution, and it can be solved by using a gradient method or quadratic 

programming. The least squares method finds an approximate solution by minimizing the 

sum of the squared residuals as shown in equation (2). 

 

min∑ (∑ Aij

n

j=1

∙ Xj − bi)

2
m

i=1

 (2) 

 

By using square terms, the larger residuals have a more significant impact on the solution 

which is desirable for the wind and solar optimization because it avoids too much excess 

or shortage in hourly power [7].  

Existing least squares algorithms (and software) are able to solve enormous problems, with 

hundreds of variables and constraints, and with high accuracy and reliability [4].  

Several research works have used the concept of residuals to obtain the renewable 

generation capacities in a power system such as [8][9][10][11][12][13].  

In the discussion paper [8] residual values were used to estimate the optimal capacities for 

Barbados by means of a simple simulation tool. The simulation tool computed the solar 

and wind power capacities necessary to meet the load demand every hour of the year. They 

used the solar radiation data from international databases and the wind speeds data from 

the island of Dominica which led to underestimating the wind resources. The final solution 

obtained was 195 MW solar, 200 MW wind, 3 GWh pumped hydro storage and 25 GWh 

biomass.  
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In [9] two models were developed to optimize renewable generation all over the western 

US. The first model uses the sum of the squared residuals to implicitly minimize the need 

for dispatchable generation and storage and obtaining the optimal values of wind and solar 

capacities. The model includes spatial optimization by considering 10,000 sites all over the 

western US, so different wind and solar profiles are necessary by location. The second 

model uses linear programming to minimize the operation of the backup generator and 

storage. The generator and storage capacities were not optimized because they were known 

variables in the model. Three main conclusions were reached in this study. The first one 

established that without storage, wind and photovoltaic (PV) generation could meet as 

much as 80% of the Western Electricity Coordinating Council (WECC) load only. Second, 

dispatchable generation can ensure that all loads are met and ramping requirements are not 

significant. Third, with a constrained storage significant amounts of wind and PV would 

have to be curtailed, especially in the spring when the wind blows and the load demand is 

low. 

In [11] the variance of the residual demand is minimized to obtain the optimal capacities 

for run-of-river hydro, wind, and solar PV. The capacity factors for each one of the VRE 

and one year of load demand are used. No storage was considered, so a constraint in the 

model limits the maximum instantaneous share of renewable generation at every instant to 

limit the curtailment to zero, avoiding the need for storage and only minimizing the thermal 

generation production.  

In [12] the objective is to minimize the standard deviation of the residual demand. Two 

renewables resources are considered in the model, onshore wind and solar PV. A spatial 

optimization is included by dividing the area into grid cells. No storage is considered.  
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In [13] the mix and spatial distribution of onshore wind, offshore wind, rooftop PV, and 

utility-scale PV capacities are optimized in Europe for the year 2050. The objective 

function minimizes the residuals. Europe is divided into 2000 grid cells to obtain the 

optimal results by location. The maximum penetration rate of wind and solar into the 

system reached 82% with a proportion of 74% wind, 26% solar PV, and 8% surplus. 

In terms of optimization software tools, Matlab is used in [10], Microsoft Excel is used in 

[12], and GAMS/CPLEX is used in [14]. 

Most of the previous studies [9][13][11][12] consider the power system as a copperplate 

or single bus, neglecting the transmission lines.  

To optimize the dispatchable generation and storage, an interesting approach is used in 

[14]. Linear programming is used in the optimization model, with several constraints that 

regulate the operation of the system and maintain the supply-demand balance. Two 

different types of models are tested and compared, a technical model called “load-matching 

optimization” and a cost minimization model that minimizes the cost of the system. The 

results are different for both models and the author states that cost optimization, has the 

disadvantage of being controlled by the price of the technologies. 

Linear programming, unlike nonlinear programming, is able to find the global optimum 

and solve systems with hundreds of variables and thousands of constraints, with high 

accuracy and high reliability [4]. The problem must be formulated with an objective 

function and constraints as linear functions of the decision variables. 

The literature review summarizes the references which are directly related to the 

optimization methodologies of the thesis. The remaining references are cited in context at 

appropriate points in the body of the document. 
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3 Load demand 

3.1 Introduction 

The load demand forecast for a 25-year planning horizon (2012-2036) was developed by 

Barbados Light and Power Company (BLPC) in its 2012 Integrated Resource Plan (IRP) 

[15]. Their estimation considered economic, demographic, and weather forecasts for 

Barbados for the next 25 years. Moreover, they included the following customer classes: 

residential, small commercial, large commercial, industrial, and streetlights. 

To reflect uncertainty in the forecast profiles, they developed four levels of load demand 

forecast: low, medium, high, and Demand Side Management (DSM). Figure 3.1 shows the 

load forecast according to [15], starting from a 2012 load demand of 981 GWh/yr. 

 

Figure 3.1. Load demand forecasts for Barbados (2012-2036).  

 

The high load demand forecast was estimated with a 3.0% average growth rate per year, 

the medium load demand with a 1.2%, and the low load demand with -0.4%.  

The load demand forecast with DSM technologies reduces the load demand significantly. 

This DSM forecast includes the energy efficiency initiatives shown in Figure 3.2 [15]. 
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Figure 3.2. Energy efficiency measures used for DSM load forecast (2012-2036). 

 

Another important technology that could affect the load demand in the Barbados forecast 

is the electric vehicles, which are penetrating the markets around the world in an 

exponential manner and are not considered in the IRP estimation.  

The University of New Brunswick developed the load demand estimation for electric 

vehicles in Barbados, assuming a vehicle fleet of 16,000 in the year 2030. Two EV charging 

strategies are included in the estimation: home charging and work charging. 

Table 3-1 shows the main characteristics of both EV profiles. Although the difference is 

negligible in the total annual numbers, the daily load patterns are different, and they have 

to be considered in the optimization model. Figure 3.3 compares both charging profiles on 

an average daily basis.  

Table 3-1. Electric vehicle demand characteristics 

 
 

Lighting  

Compact fluorescent lamps (CFLs) 

T8 fluorescent lamps with occupancy sensor 

T5 high output fluorescent lamps 

Street lighting technologies (LED and solar LED) 

Air Conditioning 
Efficient window A/C systems 

Efficient split A/C systems 

Refrigeration 
Efficient residential refrigerators 

Efficient retail refrigerators 

Mechanical 

Premium efficiency motors 

Variable frequency drives 

Efficient chillers 

Other 
LCD computer monitors 

Power monitors 

 

Parameter Unit Home Charging Work Charging

Annual Energy (GWh/year) 290,352 291,815

Peak demand (MW) 103.01 104.53

Average demand (MW) 33.15 33.31

Lowest  demand (MW) 0.00 0.00
Annual load factor % 32.18 32.87
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Figure 3.3. Comparison of daily electric vehicles charging profiles  

3.2 Load scenarios 

For the optimization model of this work, only the load demand profiles for the year 2030 

are considered. There will be a total of 12 possible load demand profiles that can be used 

for the optimization models by combining low, medium, high and DSM load demand 

profiles with the EV home charging and EV work charging load profiles. Table 3-2 

summarizes the load demand scenarios combinations. 

Table 3-2. Possible load demand scenarios for the year 2030 

 
 

Energy Peak Average Lowest Load factor

MWh/year MW MW MW %

1 Low 879,000 137.0 100.3 60.4 73.2

2 Medium 1,240,400 192.1 141.6 79.0 73.7

3 High 1,667,400 256.2 190.3 116.9 74.3

4 DSM 742,500 115.1 84.8 51.4 73.6

5 Low 1,169,352 232.4 133.5 60.4 57.4

6 Medium 1,530,752 280.4 174.7 79.5 62.3

7 High 1,957,752 347.2 223.5 116.9 64.4

8 DSM 1,032,852 211.6 117.9 51.4 55.7

9 Low 1,170,815 237.4 133.7 65.9 56.3

10 Medium 1,532,215 291.4 174.9 79.0 60.0

11 High 1,959,215 354.6 223.7 124.4 63.1
12 DSM 1,034,315 215.9 118.1 56.2 54.7

Home 

Charging EV

Work 

Charging EV

No EV

EV LoadScenario Load
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Figure 3.4, shows the forecasted load demand profiles on a daily average basis. The 

patterns have a similar shape. However, the energy and peak demand vary according to the 

category, from the lowest, the DSM load profile, to the high load demand.  

The effect of adding the EV load demand profile to the system and the difference between 

home charging and work charging are also shown. Home charging increases the peak 

demand during the evenings when people arrive home and charge their vehicles. Work 

charging increases the peak demand during the daytime or office hours. 

 

Figure 3.4. Variation of average load demand profiles with additional EV load  
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4 Renewable Energy Sources 

4.1 Introduction 

The following section describes the renewable energy sources considered for this research 

work. These are divided into four renewable generation categories: wind, solar, 

dispatchable generation, and energy storage. 

Wind and solar are uncontrollable sources of energy and therefore they need to be estimated 

based on historical weather data on the island.  The engineering company AWS Truepower 

developed the time series output data for these resources on the island of Barbados. They 

estimated the utility-scale solar PV, distributed or rooftop solar PV, and onshore wind data 

using historical weather data, rawinsonde (atmospheric) data, and land surface 

measurements [16]. These estimated profiles are analyzed in this section to get a better 

understanding of the resources. 

In the category of dispatchable generation, no generation profile is necessary because the 

generation of these units is fully controllable. This section describes some alternatives of 

renewable dispatchable generation for the island of Barbados.  

The last part of this section reviews some energy storage technologies that could be 

implemented on the island, but again without selecting any particular technology. 

4.2 Onshore Wind 

AWS Truepower assumed a wind farm located near the northern tip of the island on the 

windward side (east coast). This area has excellent wind potential according to Global 

Wind Data [17]; see Figure 4.1. The estimation of the onshore wind production data was 

developed using a mesoscale weather prediction model and the measurements from a 40m 
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tower nearby to adjust and validate the results. They modelled the wind plant at 50m hub 

height using the composite power curves of three types of wind turbines [16].      

 

Figure 4.1. Barbados wind map and wind farm site selected by AWS Truepower 

Source: Wind map obtained from “Global Wind Atlas 2.0”, https://globalwindatlas.info. 

 

The wind production data are available in the form of normalized hourly capacity factors 

for a year. Table 4-1 shows a summary of the main parameters of this dataset. The 

summation of all the hourly capacity factors, with a value of 2784.5, implicitly represents 

the total energy that the onshore wind can produce in the year per MW of installed capacity. 

The onshore wind will generate on average 32% of its installed power capacity, and there 

will be hours with a maximum production of 81% and hours with zero output. 

Table 4-1. Descriptive statistics of onshore wind dataset 

Descriptive statistics Value 

Summation 2784.5 
Mean 0.32 
Maximum 0.81 
Minimum 0.00 
Standard deviation 0.20 

 

 

https://globalwindatlas.info/
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Grouping the production data by month, it is possible to analyze the seasonal wind pattern 

of Barbados, as shown in Figure 4.2. Barbados only experiences two seasons, the “wet 

season” from June to November and the “dry season” from December to May [18].  The 

wind potential is low during the wet season, especially from August to October.  

 

Figure 4.2. Monthly mean capacity factor for onshore wind 

 

Figure 4.3, shows the hourly variation of the normalized wind power production. The 

intermittency and unpredictability of the wind resource cause daily, monthly, and seasonal 

differences. 

 

Figure 4.3. Hourly capacity factors for onshore wind in Barbados 
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Figure 4.4 illustrates the hourly wind capacity factors for two days of the year: These are 

with the lowest and highest average capacity factor. The worst day case has an average 

capacity factor of 0.35% which means that the wind farm will generate close to zero energy, 

requiring some other generation unit to cover the shortage. The best day has an average 

capacity factor of 70.52%. This big difference in power output confirms the need for 

operational flexibility in a power grid with wind generation. 

 

Figure 4.4. Best and worst days of the year for onshore wind production  

4.3 Central Solar PV 

AWS Truepower assumed a utility-scale solar PV farm near the northern part of the island 

and with a single-axis tracking system. The production data estimation was developed by 

combining a clear-sky model and a cloud model. The cloud coverage simulation captures 

the production ramp rates typical from solar farms [16]. Figure 4.5 shows the solar PV 

plant location and the solar potential for the island according to Global Solar Atlas Data 

[19]. The solar potential shown in the colour map is the long-term yearly averaged GHI 

(Global Horizontal Irradiation) potential expressed in kWh/m2. 
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Figure 4.5. Barbados solar map and solar farm site selected by AWS Truepower 

Source: Solar map adapted from Global Solar Atlas, owned by the World Bank Group and 

provided by Solaris. For additional information: https://globalsolaratlas.info  

 

The solar PV production data is available in the form of normalized hourly capacity factors 

for a year. Table 4-2 shows a summary of the main parameters of this dataset. The 

summation of all the hourly capacity factors, with a value of 1615, implicitly represents 

the total energy per MW of installed capacity. The plant will generate on average 18% of 

its installed power capacity, and there will be hours with a maximum production of 87% 

and hours with zero production, during cloudy days and especially at night. 

Table 4-2. Descriptive statistics for the utility-scale solar PV dataset 

Descriptive statistics Value 

Summation 1615 

Mean 0.18 

Maximum 0.87 

Minimum 0.00 

Standard deviation 0.27 
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Grouping the production data by month, it is possible to analyze the seasonal solar pattern 

of Barbados, as shown in Figure 4.6. Barbados is sunny and has a warm climate all year 

round with an average temperature of 30℃ during the day and more than 3,000 hours of 

sunshine in the year [20]. That is why the mean capacity factors are relatively uniform. 

 

Figure 4.6. Monthly mean capacity factor for utility-scale PV  

 

Figure 4.7 shows the hourly variation of the normalized central solar power production. It 

can be seen that the peak capacity factor varies from day to day.  

 

Figure 4.7. Hourly capacity factors for utility-scale solar PV 
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Figure 4.8 illustrates the central PV capacity factors for two days of the year. The days 

with the lowest and highest average capacity factor. The worst day case has an average 

capacity factor of 1.02% which means that the solar PV plant will generate close to zero 

power, requiring some other generation unit to cover the shortage. The best day has an 

average capacity factor of 24.68% with a peak value of 87.2% at midday. 

 

Figure 4.8. Best and worst days of the year for utility-scale solar PV production  

4.4 Distributed Solar PV 

According to [16], the distributed solar PV was assumed to be located mainly in urban 

areas, and they were aggregated and grouped by city and town. The distributed PV sites 

are shown in Figure 4.9. They were modelled with a fixed tilt axis at 30 degrees facing 

south [16]. The main advantage of rooftop solar installations over utility-scale solar PV 

farms is that they produce smoother power output during cloud coverage as the clouds only 

cover some locations at the same time and not the entire solar farm.  
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Figure 4.9. Distributed PV sites and density [16].  

 

The solar PV production data is available in the form of normalized hourly capacity factors 

for a year. Table 4-3 shows a summary of the main parameters of this dataset. The 

summation of all the hourly capacity factors, with a value of 1909.4, implicitly represents 

the total energy that the distributed solar PV installations can produce in the year. They 

will generate on average 22% of its installed power capacity, and there will be hours with 

a maximum production of 93% and hours with zero output, during cloudy days and 

especially at night. 

Table 4-3. Descriptive statistics for the distributed solar PV dataset 

Descriptive statistics Value 

Summation 1909.4 

Mean 0.22 

Maximum 0.93 

Minimum 0.00 

Standard deviation 0.29 
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The monthly average production of distributed PV is slightly higher and with a similar 

pattern to the central solar PV farm because the sunlight resource is identical for both. 

Figure 4.10 shows the monthly values.  

 

Figure 4.10. Monthly mean capacity factor for distributed solar PV  

 

Figure 4.11 shows a comparison between central and distributed solar PV for a week in 

terms of hourly variations of power production. Distributed solar PV has fewer power 

output fluctuations and reaches higher capacity values in comparison to central PV. This 

is because moving clouds in the sky cannot cover all the locations at the same time. 

 

Figure 4.11. Comparison between central and distributed PV production for a week 
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4.5 Dispatchable Generation 

Dispatchable resources can deliver power in a fully controllable manner to match the load 

demand at every instant. They become relevant in renewable power systems because they 

can be used to cover all the shortages in power supply due to the intermittencies from wind 

and solar resources, maintaining stability in the grid frequency and voltage [21].  

Most of the dispatchable technologies are non-renewable such as coal, gas, diesel, and 

nuclear power plants [22]. However, there are some renewable generation technologies 

that are controllable such as geothermal, hydropower, and biomass [21].    

Geothermal resources are usually near the boundaries of tectonic plates, use the natural 

underground hydrothermal energy, and can be detected by volcanoes, fumaroles, hot 

springs or geysers appearing on the earth’s surface [23]. According to [15][24], the island 

of Barbados has zero potential for geothermal generation unlike some of the volcanic 

neighbouring islands. 

The hydropower potential of the island is limited [24]. Hydropower energy depends on the 

availability of flowing water in rivers and the elevation difference. Barbados does not have 

any large rivers and is a relatively flat island [25].  

Biomass generation plants transform wood, agricultural residues, and animal and human 

waste into electric power by methods such as direct combustion, gasification, pyrolysis, 

and anaerobic digestion [26]. For Barbados, the use of the bagasse from the sugar cane 

production and the transformation into liquid biofuels by the pyrolysis method is the most 

recommended path according to [8], because the liquid biofuel can be easily stored and be 

used in combustion engines which have low startup times and high ramp rates. 
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If Barbados does not generate enough biomass resources to feed their biomass power 

plants, it can be imported but at a higher price. According to the BLPC Integrated Resource 

Plan [15], local biomass fuel cost is estimated as 6.81-10.21 $/MMBtu, and imported 

biomass is 29.80 – 38.03 $/MMBtu. 

The Barbados Cane Industry Corporation data shows that there is enough local sugar 

industry to sustain a 25MW biomass power plant [15]. However, it is important to highlight 

that the sugarcane production in Barbados has been decreasing steadily since 1968 as 

shown in Figure 4.12 [27].  

 

Figure 4.12. Historical sugarcane production quantity in Barbados 

4.6 Energy Storage 

Energy storage is fundamental for the integration of variable renewable generation because 

it can provide a wide range of grid services such as the ones shown in Table 4-4 [28]. 
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Table 4-4. Grid services provided by energy storage 

Bulk energy services 
Electric energy time shift (arbitrage) 

Electric supply capacity 

Ancillary services 

Regulation, spinning, and non-spinning reserves 

Voltage support 

Black start 

Transmission 

infrastructure services 

Transmission upgrade deferral 

Transmission congestion relief 

Distribution 

infrastructure services 

Distribution upgrade deferral 

Voltage support 

Customer energy 

management services 

Power quality and reliability 

Retail electric energy time shift 

Demand charge management 
 

 

For the purpose of this work, only bulk electric energy time shift and electric supply 

capacity grid services are considered to buffer the intermittencies of wind and solar 

generation and help maintain the supply-demand balance [21]. 

Energy storage technologies are defined by their power and energy capacities. For bulk 

energy-power applications there are only a few technologies that are feasible to use [29].  

 

Figure 4.13. Energy and power capacity of storage technologies 

 

According to Figure 4.13, the only technologies that can provide bulk energy shifting, long 

discharge times at high power capacity, for the power grid of Barbados are pumped hydro 
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storage (PHS), compressed air storage (CAES), and electrochemical batteries (BESS). 

CAES is an unfeasible solution because it requires large underground salt formations to 

form caverns and Barbados does not have them, as stated by [8]. Consequently, the only 

two technologies for storage in Barbados are PHS and BESS.  

Pumped hydro storage is a large and mature technology, making up 96% of the total storage 

installed capacity in the world [30]. PHS stores energy in the form of water in a high-level 

reservoir. To store the energy, water is pumped from a lower reservoir to the high reservoir, 

and to discharge the energy, the water is released through turbines to produce electricity 

[31]. There are two types of PHS technologies: open-loop when the system is incorporated 

into natural rivers, lakes or reservoirs, and closed-loop when it is constructed independently 

of existing natural sources [32]. This last one makes up only 1% of existing PHS 

installations in the world [32]. 

According to [33], pumped hydro storage projects may be sized up to 4000MW and with 

a lifetime in the order of 50-60 years. For reference, an upper reservoir of one kilometer in 

diameter, 25 meters deep and a head of 200 meters would hold enough water to generate 

10,000 MWh. In terms of costs of PHS, IRENA [28] estimates that the costs for PHS will 

remain stable until the year 2030, because the technology is already mature.  

The second option, electrochemical energy storage technologies or BESS, are developing 

rapidly and they refer mostly to lithium-ion batteries, lead-acid batteries, sodium-sulfur 

batteries, and flow batteries. The Li-ion batteries are the most common for grid-side 

applications related to renewable integration, with 93% of the total installed capacity, 

followed by lead-acid batteries with the remaining 7% [30]. In comparison to pumped 

hydro storage, BESS are faster to implement because they do not require much civil work. 
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5 Methodology 

5.1 Introduction 

The optimization problem is solved in two stages. The first stage determines the capacity 

of the variable renewable generation, in this case, wind and solar PV resources. The second 

stage determines the capacity of the back-up dispatchable generation unit and the energy 

storage system. The first stage is solved by using a residual optimization model and a cost 

optimization model for comparison of results. The second stage is solved by using a cost 

optimization model only. 

The models are developed in the modelling and optimization software LINGO version 

18.0. LINGO is a comprehensive tool designed to build and solve linear, nonlinear, 

quadratic, quadratically constrained, stochastic, and integer optimization models. It 

provides its own modelling language and built-in solvers. LINDO SYSTEMS INC. is the 

company that owns the optimization software and offers a six-month renewable 

educational research license for the unrestricted capacity version [34].  

A Microsoft Excel spreadsheet application was used as an interface with LINGO for 

handling and visualizing the input and output data. Figure 5.1 summarizes the procedure 

to be followed in this work.  

The optimization models neglect the transmission lines and the siting of the renewable 

power plants because the Barbados power system is geographically small, and therefore, 

for the purpose of this study is considered a “copperplate” system where generation and 

load are connected in a single bus.  
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Figure 5.1. Methodology flow chart 

5.2 Residual Optimization of Wind and Solar 

5.2.1 Method 

The residual optimization of VRES is done by using a linear least squares (LLSQ) method. 

This method minimizes the sum of the squares of the residuals which correspond to the 

residual demand values – the difference between the variable renewable generation 

(VRES) and the load demand – for every single hour. When minimizing the residual values, 

the model indirectly minimizes the back-up dispatchable generation and the storage 

required to cover the hourly load mismatches. 

This first model does not consider costs in the objective function which makes the results 

independent of technology costs [6]. 
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5.2.2 Data  

The input data correspond to the hourly load demand and the normalized hourly capacity 

factors for all the VRES resources to be included in the optimization.  

In the case of the load demand, there are different forecasts such as low, medium, and high 

load demand scenarios for the year 2030. There are also datasets including DSM and 

electric vehicle demand. Therefore, a sensitivity analysis can be carried out by using the 

different load demand datasets. 

The normalized hourly capacity factors, from 0 to 1, are available for central solar PV, 

distributed PV and onshore wind. 

5.2.3 Mathematical Formulation 

The objective function (3) minimizes the sum of the squares of the hourly residuals for one 

year with an hourly resolution where the terms of the equations are defined in Figure 5.2. 

 Objective function: 

 

min 𝑓(𝑊, 𝑆1, 𝑆2) = ∑ (𝑊 ∙ 𝐹𝑊(𝑡) + 𝑆1 ∙ 𝐹𝑆1(𝑡) + 𝑆2 ∙ 𝐹𝑆2 (𝑡) − 𝐿(𝑡))2

8760

𝑡=1

 (3) 

 

Subject to: 

Storage power constraint: 

 𝑊 ∙ 𝐹𝑊(𝑡) + 𝑆1 ∙ 𝐹𝑆1(𝑡) + 𝑆2 ∙ 𝐹𝑆2(𝑡) − 𝐿(𝑡)  ≤  𝑆        ∀ 𝑡 (4) 

 

The constraint (4) limits the maximum excess power residual for every time interval to the 

desired value of storage that can store that power. This constraint allows storing any or all 

the excesses of VRE generation in the storage system, avoiding curtailment with the latter. 

In the optimization, several values of storage power capacity are input.  



 

29 

 

Figure 5.2, shows a block diagram representation of this residual optimization model, 

including the outputs that can be computed with the results. 

 
Figure 5.2. Block diagram of residual optimization model of wind and solar 

5.3 Cost Optimization of Wind and Solar 

5.3.1 Method 

The cost optimization of wind and solar is modeled as a linear programming problem. The 

objective function minimizes the total cost of the system and the constraints enforce the 

maximum storage capacity limit and the desired renewable penetration level. 

Inputs

• Hourly load demand, 𝐿(𝑡)

• Hourly capacity factors for wind, 𝐹𝑊(𝑡)
• Hourly capacity factors for central solar,  𝐹𝑆1(𝑡)

• Hourly capacity factors for distributed solar, 𝐹𝑆2 (𝑡)

Parameters • Storage power, 𝑆

Constraints • Maximum hourly power excess   

Objective Function • Sum of squared residuals

Decision Variables

• Wind capacity, 𝑊

• Central solar PV capacity, 𝑆1

• Distributed solar PV capacity, 𝑆2

Outputs

•Power related

• Wind capacity, 𝑊

• Solar capacity, 𝑆1

• Maximum shortage residual

• Maximum excess residual

•Energy related

• Annual wind generation

• Annual solar generation

• Annual excess energy

• Annual shortage energy
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5.3.2 Data  

The fixed input data correspond to the hourly load demand and the normalized hourly 

capacity factors for the wind and solar resources.  

In the case of the load demand, there are different forecasts such as low, medium, and high 

load demand scenarios for the year 2030. There are also datasets including DSM and 

electric vehicle demand. Therefore, a sensitivity analysis can be carried out by using the 

different load demand datasets. 

Apart from fixed input data, it is necessary to input the desired renewable penetration level 

in % and the maximum storage power capacity of the system. The penetration level 

represents the percentage of load energy that will be covered by the wind and solar annual 

generation. The maximum storage power in MW limits the maximum generation surplus 

allowed in the system. The total costs for wind and solar technologies are also required. 

5.3.3 Mathematical Formulation 

The objective function (5) minimizes the capital cost of the wind and solar generation mix 

where the terms are defined inmediately below the equations. 

 Objective function: 

 min𝑓 =  𝐶𝑆 ∙ 𝑆1 + 𝐶𝑊 ∙ 𝑊 (5) 

 

Subject to: 

Storage power constraint: 

 𝑊 ∙ 𝐹𝑊(𝑡) + 𝑆1 ∙ 𝐹𝑆1(𝑡) − 𝐿(𝑡)  ≤  𝑆        ∀ 𝑡 (6) 

Energy penetration constraint: 

 

∑ (𝑊 ∙ 𝐹𝑊(𝑡) + 𝑆1 ∙ 𝐹𝑆1 (𝑡))

8760

𝑡=1

≥ 𝑅𝑃𝐿 ∙ 𝐸𝐿  (7) 
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Where 

𝐶𝑊 = Total cost of wind in $/MW 

𝐶𝑆 = Total cost of solar in $/MW 

𝐸𝐿  = Annual energy demand in MWh 

𝐹𝑆1(𝑡) = Hourly capacity factors for solar PV − central in per unit 

𝐹𝑊(𝑡) = Hourly capacity factors for onshore wind in per unit 

𝐿(𝑡) = Hourly load demand in MW 

RPL = Renewable penetration level in the system in % 

𝑆 = Optimal storage rated power capacity in MW 

𝑆1 = Installed power capacity for solar PV − central in MW 

𝑊 = Installed power capacity for onshore wind in MW 

 

The constraint (6) limits the maximum excess power residual for every time interval to the 

desired value of storage that can store that power. This constraint allows storing all the 

excesses of VRE generation in the storage system, avoiding curtailment. The optimization 

is run for several values of storage power capacity.  

The constraint (7) forces the system to have enough wind and solar capacities to cover the 

desired percentage of the annual load demand. The variable RPL represents the renewable 

penetration level. 

5.4 Cost Optimization of Dispatchable Generation and Storage 

5.4.1 Method 

This model optimizes the energy capability of the storage and the back-up dispatchable 

generation by minimizing the cost of the system. The resultant capacities will allow covering 

the shortages and excesses in the residual load hour by hour. The problem is modelled with 

linear programming employing five terms in the objective function. 
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The constraints regulate the operation between the dispatchable unit and the storage to cover 

the residual load values at every time interval. 

5.4.2 Data 

The main input datasets are the hourly power shortages and excesses in the residual load 

demand after computing the optimal wind and solar capacities from the first model. The 

excesses are either stored in the storage unit or curtailed. The shortages must be supplied 

by the dispatchable unit or the storage discharge. 

The capital and operational costs for the dispatchable generator and storage are also 

required. 

5.4.3 Mathematical Formulation 

The objective function (8) minimizes the cost of the system by optimizing the power 

capacity of the dispatchable generator, the energy capability of the storage, and the annual 

operation of these two units to supply the residual load at all times.  

The constraints regulate the hourly operation between the storage and dispatchable unit, 

and their maximum power and energy capacities. Figure 5.3, shows a block diagram 

representation of this cost optimization model and includes definition of the terms. 

Objective function: 

𝑚𝑖𝑛 𝑓 = 𝐶𝐶𝐺 ∙ 𝐺 + 𝐶𝐶𝐻 ∙ 𝐻 + 𝐶𝑂𝐺 ∙ ∑ 𝐺(𝑡)

8760

𝑡=1

+ 𝐶𝑂𝑆 ∙ ∑ 𝑆𝐷(𝑡)

8760

𝑡=1

+ 𝐶𝑂𝑆 ∙ ∑ 𝑆𝐶(𝑡)

8760

𝑡=1

 (8) 

 

Subject to constraints: 

Energy balance: 

 𝐺(𝑡) + 𝑆𝐷(𝑡) − 𝑆𝐶(𝑡) − 𝐶𝑢(𝑡) − 𝑅𝑆(𝑡) + 𝑅𝐸 (𝑡) = 0          ∀𝑡 (9) 
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Dispatchable generator annual energy: 

 

∑ 𝐺(𝑡)

8760

𝑡=1

≥ ∑ (𝑅𝑆(𝑡) − 𝑅𝐸 (𝑡) + 𝐶𝑢(𝑡))

8760

𝑡=1

 (10) 

 

Dispatchable generator capacity limits: 

 G𝑚𝑖𝑛 ≤ G(t) ≤ 𝐺          ∀𝑡 (11) 

 

 G𝑚𝑖𝑛 ≤ G ≤ G𝑚𝑎𝑥          (12) 

 

 G𝑚𝑖𝑛 = 0 MW (13) 

 

 G𝑚𝑎𝑥 = 400 MW (14) 

 

Curtailment: 

 𝐶𝑢(𝑡) ≥ 0          ∀𝑡 (15) 

 

 𝐶𝑢(𝑡) ≤ 𝑆         ∀𝑡 (16) 

 

 

∑ 𝐶𝑢 (𝑡)

8760

𝑡=1

= 𝐶𝑢𝑀𝐴𝑋 ∙ ∑ (𝑅𝐸 (𝑡))

8760

𝑡=1

 (17) 

 

Storage state of charge: 

 H(t) = H(t − 1) + 𝑆𝐶(𝑡) − 𝑆𝐷(𝑡)          ∀ t ≥ 2 (18) 

 

 H(1) = 0.5 ∙ H + 𝑆𝐶(1) − 𝑆𝐷(1)  (19) 

 

Storage energy capacity limits: 

 H𝑚𝑖𝑛 ≤ H(t) ≤ 𝐻       ∀𝑡 (20) 
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 H𝑚𝑖𝑛 ≤ H ≤ H𝑚𝑎𝑥         (21) 

 

 H𝑚𝑖𝑛 = 0 MWh (22) 

 

 H𝑚𝑎𝑥 = 40,000 MWh (23) 

 

Storage power charge  and discharge limits: 

 0 ≤ S𝐶(t) ≤ 𝑆          ∀𝑡 (24) 

 

 0 ≤ S𝐷(t) ≤ 𝑆          ∀𝑡 (25) 

 

 S𝐷(t) − 𝑅𝑆(𝑡) ≤ 0          ∀𝑡 (26) 

 

Storage annual charging energy: 

 

∑ 𝑆𝐶(𝑡)

8760

𝑡=1

≥ ∑ 𝑅𝐸(𝑡)

8760

𝑡=1

− ∑ 𝐶𝑢(𝑡)

8760

𝑡=1

 (27) 

 

Storage annual discharging energy: 

 

∑ 𝑆𝐷(𝑡)

8760

𝑡=1

≥ ∑ 𝑅𝐸 (𝑡)

8760

𝑡=1

− ∑ 𝐶𝑢(𝑡)

8760

𝑡=1

 (28) 
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Figure 5.3. Block diagram for cost optimization model of storage and generator  

Inputs
• Hourly residual power excess, 𝑅𝐸(𝑡)

• Hourly residual power shortage, 𝑅𝑆 (𝑡)

Parameters

• Storage power capacity, 𝑆

• Generator power capacity limits, 𝐺𝑚𝑖𝑛 𝐺𝑚𝑎𝑥

• Storage power capacity limits

• Storage energy capability limits, 𝐻𝑚𝑖𝑛 𝐻𝑚𝑎𝑥

• Storage charging and discharging limits

• Annual curtailed energy

• Capital and operational costs for generator, 𝐶𝐶𝐺 𝐶𝑂𝐺

• Capital and operational costs for storage, , 𝐶𝐶𝐻 𝐶𝑂𝑆

Constraints

• Energy balance or zero unserved energy

• Annual energy from dispatchable generator

• Generator power capacity limits

• Annual energy from storage unit

• Storage power and energy capability limits

• Storage charging and discharging operation

• Maximum annual energy curtailment

Objective Function • System Cost 

Decision Variables

• Generator power capacity, 𝐺

• Storage energy capability, 𝐻
• Hourly generator dispatch, 𝐺(t) 

• Hourly storage charge and discharge, 𝑆𝐶 𝑡 𝑆𝐷 𝑡

Intermediate 
variables

• Hourly power curtailment, 𝐶𝑢 𝑡

• Hourly storage state of charge, 𝐻(𝑡)

Outputs

• Generator power capacity, 𝐺

• Storage power capacity, 𝑆
• Annual dispatchable generation

• Annual storage charging and discharging generation

• Annual curtailed energy
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6 Residual Optimization of Wind and Solar 

6.1 Introduction 

In this section, we present results from a series of cases that were run in the residual 

optimization model, starting from the simplest unconstrained model and adding complexity 

in small steps. The first cases only consider two decision variables: onshore wind and 

utility-scale solar PV.  

The unconstrained model does not include any constraints, and it is used to show the 

properties of the model. The second case includes one annual energy constraint that forces 

the system to install enough wind and solar to supply the entire annual load demand. The 

third case includes a different constraint that limits the maximum excess power residual. 

The fourth case evaluates the effect of including distributed solar PV as a new decision 

variable in the problem and the last case assesses the impact of using different load demand 

profiles in the optimization. 

A refined final model is selected considering only relevant parameters and with the load 

demand profiles that can give extreme values in the solution, taking into consideration that 

the other scenarios should be covered by these boundaries.  

6.2 Unconstrained Case 

The formulation does not include any constraint in this case, and the objective is to find 

the optimal wind and solar capacities that will minimize the residuals and indirectly 

minimize the values of both storage and dispatchable generation. 

The objective function to be minimized is: 
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𝑓(𝑊, 𝑆1) = ∑ (𝐹𝑊(𝑡) ∙ 𝑊 + 𝐹𝑆1(𝑡) ∙ 𝑆1 − 𝐿(𝑡))2

8760

𝑡=1

 

The expression above represents the objective function to be minimized to obtain the 

optimal wind and solar capacities. For this case, the medium load demand was used. Figure 

6.1 shows the plot developed in Matlab for this function. The function is clearly convex so 

it has a global minimum which is the optimal point for the wind and solar capacities. 

 

Figure 6.1. Three-dimensional plot of the unconstrained objective function 

 

Figure 6.2 shows the contour graph that represents the three-dimensional surface shown 

previously. It can be seen that the surface is asymmetric. The global minimum is achieved 

when the wind capacity is 258.23 MW and the solar capacity is 153.29 MW. 
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Figure 6.2. Graphical solution for unconstrained case 

The values of wind and solar obtained in this unconstrained problem produce the following 

results in terms of power and energy: 

Table 6-1. Results for the unconstrained case 

 

 

Regarding the results in terms of power, the total installed VRE capacity reaches 411.52 

MW which is more than 2 times the maximum peak load demand. The wind installed 

capacity is 1.34 times the peak load demand, and the solar is 0.8 times. The wind-solar 

capacity ratio is 1.68.  

In terms of residuals, the maximum excess power amounts to 158.37 MW which represents 

82% of the peak demand. If the energy curtailment is kept to zero, this excess power must 

be stored by an equivalent size of storage system (158.37 MW). The maximum shortage 

MW % MWh/year %

Load demand 192.10 100.0 1,240,400 100.0

Total VRE 411.52 214.2 966,598 77.9

Solar 153.29 79.8 247,544 20.0

Wind 258.23 134.4 719,054 58.0

Residual -273,803 -22.1

Excess 158.37 82.4 107,976 8.7
Shortage -178.17 -92.7 -381,779 -30.8

Power Energy
Item
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power reaches 178.17 MW or 92.7% of the peak demand. This shortage of power must be 

supplied by a combination of storage and dispatchable generation power capacity.   

Based on the energy results shown in Table 6-1, the penetration of variable renewable 

energy sources reaches a value of 77.9% in terms of total annual energy. The wind 

generation has the largest share with 58% and solar generates 20% of the total energy.  

The residual energy shortage of 30.8 % has to be supplied by either a dispatchable generator 

or an energy storage system. The residual energy excess reaches 8.7% which in practice 

must be stored or curtailed. Ideally, if all of it is stored, then a storage system with an 

annual energy capacity of 107,976 MWh/year is required, this energy will supply part of 

the residual energy shortage and a generator of 273,802 MWh/year will be needed. 

6.3 Generator-Constrained Case 

The total energy constraint shown in equation (29) forces the solver to find the wind and 

solar capacities that will supply the entire annual load demand energy, which reflects a 

scenario of 100% penetration of VREs. It also makes the residuals in the solution to have 

the same amount of residual energy excess and residual energy shortage. This means that 

a storage system can be charged with the excess residual and discharge that excess when 

needed to supply the shortage, ending up with a zero net residual value at the end of the 

year. Theoretically, there is no need for dispatchable generation in this case. 

Annual energy constraint: 

 

∑ (𝑊 ∗ 𝐹𝑊(𝑡) + 𝑆1 ∗ 𝐹𝑆1 (𝑡))

8760

𝑡=1

≥ 𝐸𝐿           ∀ 𝑡 (29) 
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Figure 6.3 shows the plot developed in Matlab for the objective function and the constraint 

function. In this case, the optimal solution must be on the constraint line, and the wind and 

solar capacities will increase to cover the total annual energy. The optimal is achieved with 

a wind capacity of 339.4 MW and a solar capacity of 182.9 MW which amounts to a total 

VREs installed capacity of 522.3 MW. 

 

Figure 6.3. Graphical solution for the generator-constraint case 

 

The values of wind and solar capacities obtained produce the following results in terms of 

power and energy: 

Table 6-2. Results for generator-constrained case 

 
 

Regarding the results in terms of power, the total installed VRE capacity is 522.29 MW 

which amounts to 2.7 times the maximum peak load demand. The installed wind capacity 

MW % MWh/year %

Load demand 192.10 100.0 1,240,400 100.0

Total VRE 522.29 271.9 1,240,400 100.0

Solar 182.88 95.2 295,324 23.8

Wind 339.41 176.7 945,076 76.2

Residual 0 0

Excess 243.37 126.7 277,360 22.4
Shortage -176.15 -91.7 -277,360 -22.4

Item
Power Energy
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is 1.76 times the peak load demand, and the solar is 0.95 times. The wind-solar capacity 

ratio is 1.85.  

In terms of power residuals, even though the residual energy is equal to zero when summing 

the whole year, not all hourly power residuals are zero. There is maximum excess power 

of 243.4 MW and a maximum shortage power of 176.1 MW. If the energy curtailment is 

kept to zero value, this excess power must be stored by an equivalent size of storage system 

(243.37 MW) and the shortage of power must also be supplied by this storage. 

Based on the energy results shown in Table 6-2, the penetration of variable renewable 

energy resources reaches a value of 100% in terms of total annual energy. This is due to 

the constraint included in the optimization model that forces the total energy generated 

from wind and solar resources to be equal to the annual load demand. In this case, the wind 

generation has the largest share with 76.2% and the solar is 23.8%.  

The remaining residual energy is zero. The energy excess with a value of 22.4 % supplies 

the energy shortage of -22.4 %. Ideally, this can be done with a storage system that charges 

with the excess and then discharges it to supply the shortage. Such a storage system will 

need to have an energy capability of 277,360 MWh/year.  

6.4 Storage-Constrained Case 

The constraint shown in equation (30) forces the optimization solver to find the wind and 

solar capacities for which any excess in generation will never exceed the predefined storage 

power capacity S.  

Storage power constraint: 

 𝑊 ∗ 𝐹𝑊(𝑡) + 𝑆1 ∗ 𝐹𝑆1(𝑡) − 𝐿(𝑡)  ≤  𝑆        ∀ 𝑡 (30) 
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The values of wind and solar capacities obtained produce the following results in terms of 

power and energy: 

Table 6-3. Results for storage-constrained case 

 
 

Regarding the results in terms of power, the total allowable installed VRE capacity 

increases as the storage power capacity increases. The maximum shortage of power 

capacity remains almost constant because there will be hours during the year with neither 

wind nor solar resources and regardless of the amount of installed wind and solar the result 

will be the same. 

The energy generated by wind and solar resources goes up with the increase in storage size, 

increasing the renewable penetration in the system. With no storage, the penetration rate is 

36.3% and with a storage of 160 MW or larger, the penetration reaches 78%. It is 

interesting to note that for storage sizes greater than 158.4 MW the wind and solar 

capacities remain constant. 

Storage Solar Wind
Total 

VRE

Max. 

Excess

Max. 

shortage
Solar Wind

Total 

VRE

Annual 

Excess

Annual 

Shortage

0 66.0 123.6 189.6 0.0 -184.6 106,574 344,238 450,812 0 -789,587

20 75.7 148.8 224.5 20.0 -183.6 122,229 414,341 536,570 883 -704,712

40 81.4 174.0 255.4 40.0 -182.6 131,490 484,444 615,934 5,554 -630,020

60 82.2 199.2 281.3 60.0 -181.9 132,672 554,548 687,220 16,481 -569,661

80 91.5 216.0 307.5 80.0 -181.1 147,798 601,401 749,199 29,754 -520,955

100 107.3 226.8 334.1 100.0 -180.4 173,253 631,425 804,678 44,173 -479,895

120 123.1 237.6 360.6 120.0 -179.6 198,710 661,446 860,156 62,472 -442,716

140 138.8 248.3 387.1 140.0 -178.9 224,163 691,473 915,636 84,461 -409,225

160 153.3 258.2 411.5 158.4 -178.2 247,544 719,054 966,598 107,976 -381,779

180 153.3 258.2 411.5 158.4 -178.2 247,544 719,054 966,598 107,976 -381,779

Power (MW) Energy (MWh/year)
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6.5 Effect of Distributed Solar 

For this case, the decision variable “solar” is split into central solar and distributed solar 

(≤500 kW) keeping the same onshore wind. This means that the optimization problem will 

have three decision variables instead of two. 

The distributed solar has a slightly different hourly production profile than the central, with 

a higher capacity factor and smoother ramp rates in comparison to the central PV, as seen 

in chapter 4. However, the general shape of the production profile is similar to the central 

solar (the sun shines at the same time on the island), and consequently they cannot be 

directly optimized as independent variables because the solver solution will assign the 

maximum capacity to the distributed solar, leaving the central solar resources with a close 

to zero capacity value. 

To overcome this issue, the distributed solar is added in the problem with an upper capacity 

constraint that limits the maximum installed capacity according to an estimation of how 

much distributed solar it is possible to have on the island by year 2030, taking into account 

the number of residential, industrial and commercial buildings.  

Nowadays, Barbados has a distributed solar installed capacity close to 20 MW [35] [36]. 

Assuming the amount of distributed solar would increase on the island up to a maximum 

value of 50MW [35] by year 2030, we can run the optimization model for different levels 

of distributed solar to compare the results. 

To observe the effect of adding distributed solar capacity in the optimization, the results 

will be compared with the unconstrained case, in section 6.2. The results in terms of power 

values are shown in Table 6-4 and in terms of energy in Table 6-5. 
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Table 6-4. Power results for different levels of distributed solar PV 

 
 

As seen in Table 6-4, adding 50 MW distributed PV is marginally beneficial in terms of 

the total power capacity required reducing it by 4.4 MW. 

For every capacity value of distributed solar added, the central solar capacity is reduced by 

the same amount or more. This corroborates the assumption that these two variables are 

dependent. 

The maximum excess power residual does not vary significantly.  The maximum shortage 

power residual is reduced by around 7 MW which means less dispatchable generation 

capacity will be needed.  

Table 6-5. Energy results for different levels of distributed solar PV 

 
 

Distributed Solar PV

0 MW 20 MW 30 MW 40 MW 50 MW

Total VRE 411.52 409.76 408.88 407.99 407.11

Wind 258.23 257.02 256.41 255.80 255.19

Total Solar 153.29 152.74 152.47 152.19 151.92

Central Solar 153.29 132.74 122.47 112.19 101.92

Distributed Solar 0.00 20.00 30.00 40.00 50.00

Residual 

Excess 158.37 158.24 158.17 158.10 158.04

Shortage -178.17 -171.15 -171.00 -171.02 -171.03

Item

Power MW

Distributed Solar PV

0 MW 20 MW 30 MW 40 MW 50 MW

Total VRE 966,598 968,216 969,025 969,833 970,642

Wind 719,054 715,665 713,970 712,275 710,580

Total Solar 247,544 252,551 255,055 257,558 260,062

Central Solar 247,544 214,364 197,774 181,184 164,594

Distributed Solar 0 38,187 57,281 76,374 95,468

Residual -273,803 -272,185 -271,375 -270,566 -269,757

Excess 107,976 106,928 106,479 106,100 105,783

Shortage -381,779 -379,113 -377,854 -376,666 -375,540

Item

Energy MWh/year
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Table 6-5 shows the results in terms of energy. The total VRE generation increases by 

4,044 MWh/year when adding the distributed solar. The main driver for this increase is the 

solar generation that goes up by 5% or 12,518 MWh/year in comparison to the scenario 

without distributed solar. The wind generation decreases by 8,474 MWh/year because the 

installed capacity was reduced according to Table 6-4.    

In terms of residual energy, adding distributed solar is beneficial because it reduces the 

amount of residual energy by 4,046 MWh/year, with a 2,193 MWh/year reduction in excess 

energy and 6,239 MWh/year reduction in shortage energy. By decreasing this energy 

excess and shortage, the system will indirectly reduce the later storage and dispatchable 

generation usage. 

In summary, the inclusion of distributed solar in the model improves the results by a small 

margin and makes the final numbers more accurate, although it has to be included with the 

predefined value of 50MW. The distributed solar PV will be considered in the following 

optimization models as a predefined value. 

6.6 Effect of Load Demand 

Several load demand profile estimations are available for the year 2030 in Barbados as 

detailed in chapter 3.  

Using the unconstrained optimization model from section 6.2, and evaluating the 12 

different load profiles shown in Table 6-6, it is possible to visualize the effects of using 

different load demand forecasts.  
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Table 6-6. Load demand scenarios 

 
 

To carry out this analysis, the optimization is run for all 12 load demand scenarios, the 

distributed solar PV is set to 50MW, and the central solar PV and onshore wind are 

determined by the solver. The numerical results are shown in Appendix A, and the 

following figures summarize the results found. 

Figure 6.4 shows the optimal wind and solar capacities obtained in the optimization for the 

12 different load demand scenarios. It can be seen that the required VRE capacity increases 

when the load demand is higher. The load demand with Demand Side Management (DSM) 

technologies requires the least renewable capacity, and the high demand scenario requires 

the most. In general, having a high load demand will require 1.8 - 2.26 times more VRE 

capacity than having a low demand scenario with DSM. 

When adding the EV load demand, the required wind and solar capacities increase as well. 

However, the type of charging profile changes the wind-solar proportion. Home charging 

increases the need for wind power capacity because the EV load rises during the evenings 

when people arrive at home, and work charging increases the need for solar power capacity 

Energy Peak Average Lowest Load factor

MWh/year MW MW MW %

1 Low 879,000 137.0 100.3 60.4 73.2

2 Medium 1,240,400 192.1 141.6 79.0 73.7

3 High 1,667,400 256.2 190.3 116.9 74.3

4 DSM 742,500 115.1 84.8 51.4 73.6

5 Low 1,169,352 232.4 133.5 60.4 57.4

6 Medium 1,530,752 280.4 174.7 79.5 62.3

7 High 1,957,752 347.2 223.5 116.9 64.4

8 DSM 1,032,852 211.6 117.9 51.4 55.7

9 Low 1,170,815 237.4 133.7 65.9 56.3

10 Medium 1,532,215 291.4 174.9 79.0 60.0

11 High 1,959,215 354.6 223.7 124.4 63.1

12 DSM 1,034,315 215.9 118.1 56.2 54.7

Home 

Charging EV

Work 

Charging EV

No EV

EV LoadScenario Load
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as the cars are charged during the daytime when there is sunlight, and solar facilities 

generate electricity.  

Figure 6.5 shows the results in terms of the total energy generated in the year. The energy 

generated is proportional to the installed power capacity of wind and solar. Therefore the 

pattern is similar to Figure 6.4.  

 

Figure 6.4. Effect of load demand on the optimal wind and solar power capacities  

 

 

Figure 6.5. Effect of load demand on wind and annual solar energy generated 
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Figure 6.6 shows the excess and shortage power residual for the 12 load demand scenarios. 

The largest residual power shortage is present when the load demand is high, and when the 

EVs are charged at home. This happens because during the evenings the solar generation 

goes down and the load demand usually increases. If the EVs are charged in this period, 

the load demand will increase even further, creating a larger shortage power residual. The 

best case is the scenario with DSM technologies and no EVs or work charging EVs. 

Figure 6.7 shows the annual residual energy excess and shortage. In practice, the excess 

energy must be stored in a storage unit, and the shortage of energy must be supplied by a 

combination of dispatchable generation and storage. The highest energy shortages and 

excesses occur when the load demand is high and there is home charging EVs present. 

 

Figure 6.6. Effect of load demand on maximum excess and shortage power residual 
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Figure 6.7. Effect of load demand on wind and solar annual residual energy 

6.7 Selected Scenarios 

After determining the effects of different constraints and inputs to the optimization model  

in the previous sections, only the extreme cases are selected to carry the results to the next 

optimization model, where the storage energy capability and dispatchable generation 

capacity are optimized. 

The wind and solar are optimized using the residual optimization model which 

mathematical formulation is shown in section 5.2.3 with the constraint on the maximum 

residual power excess, for every hour. This constraint allows the values for storage power 

capacity S, to be predefined as an input parameter.   

The distributed solar PV is set to 50 MW, and the load demand scenarios considered are 

only the extreme cases shown in Table 6-7. Scenario 4, with the DSM load and no electric 

vehicles, gives the lowest wind and solar power capacities as a result. Scenario 7, with the 

high load and home charging EVs, gives the highest residuals in the results which will have 

to be covered by dispatchable generation and storage. Finally, scenario 11, with high load 

demand and work charging EVs, gives the highest solar and wind power capacities. 
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Table 6-7. Selected load demand scenarios 

 

 

Now, these three cases are run in the optimization solver with different values of storage 

power in the constraint. The results are shown in Appendix B and summarized in the 

following figures. 

Figure 6.8 and Figure 6.9, show the optimal solar and wind power capacities obtained in 

the solution. The results represent the minimum and maximum values of installed power 

capacities required on the island. Any values between the lower and upper lines contain the 

solutions for the other load demand scenarios. 

The amount of wind and solar capacities in the solution increase with the rise of storage 

power capacity. This is because storage allows the integration of more variable renewable 

resources. However, there is one point for each scenario at which the curve saturates. After 

the saturation point, no matter how much storage power capacity is added the amount of 

wind and solar capacities remain constant.  

It is also possible to conclude that EVs have a significant impact on the results. With work 

charging EVs, the system requires more solar power capacity and less wind because the 

cars can be charged during the day with the solar generation. With home charging EVs, the 

system needs the opposite, more wind and less solar. 

Energy Peak Average Lowest Load factor

MWh/year MW MW MW %

4 DSM Load + No EV 742,500 115.1 84.8 51.4 73.6

7 High Load + Home Charging EV 1,957,752 347.2 223.5 116.9 64.4

11 High Load + Work Charging EV 1,959,215 354.6 223.7 124.4 63.1

Selected 

Scenarios
Load Profile
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Figure 6.8. Optimal solar power capacity versus storage power, for the three load 

demand scenarios 

 

Figure 6.9. Optimal wind power capacity versus storage power, for the three load 

demand scenarios 

 

Figure 6.10 shows the total wind plus solar capacity versus the storage power. Three 

conclusions can be drawn from here. 

First, the higher the storage power capacity in the system the more VRE can be integrated.  

Second, there is a different saturation point for every load demand scenario. For the lowest 

load demand, saturation is reached at 244 MW, and for the other two scenarios the 

saturation point is reached at higher values.  
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Third, the load demand with work charging EVs requires the most VRE power capacity 

because solar capacity is demanded to charge the cars during office hours when the solar 

generation is available. 

 

Figure 6.10. Optimal VRE capacity versus storage power, for the three load demand 

scenarios 

 

Figure 6.11 shows the results in terms of the residual energy accumulated during the year.  

In this category, the high load demand with home charging EVs has the highest residual 

energy shortage and excess. This increases the need for dispatchable generation and storage 

to cover those residuals in the next cost optimization model. 

The residual energy excess must be stored in a storage unit to avoid curtailment of free 

energy. The residual energy shortage must be supplied by a combination of dispatchable 

generation and storage. 

The increase in the storage power capacity reduces the accumulated residual energy 

shortage until a saturation point is reached but increases the accumulated residual energy 

excess.     
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Figure 6.11. Annual generation excess and shortage versus storage power, for the three 

load demand scenarios 
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7 Cost Optimization of Wind and Solar 

7.1 Introduction 

In this section, the results of wind and solar obtained with the cost optimization model are 

shown and compare to the previous residual optimization results.   

7.2 Results 

The costs of wind and solar technologies considered for this model were obtained from the 

Emera 100/100 vision for Barbados report [37].  

𝑆𝑜𝑙𝑎𝑟 =  2.05 𝑀𝑖𝑙𝑙𝑖𝑜𝑛 𝑈𝑆𝐷/𝑀𝑊 

𝑊𝑖𝑛𝑑 =  2.50 𝑀𝑖𝑙𝑙𝑖𝑜𝑛 𝑈𝑆𝐷/𝑀𝑊 

Figure 7.1 represents the objective function solution space. It can be seen that the solution 

tends to go to zero wind and zero solar capacity values because of the slope of the plane. 

Figure 7.2 is the projection of the curve in the two dimensional plane of wind and solar 

power capacities, and the green point on it represents the optimal solution for this 

unconstrained case, which occurs at the origin. 

 

Figure 7.1. Three dimensional representation of objective function 
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Figure 7.2. Contour plot of the cost objective function solution space 

 

Because of the constraints included in the problem, the solution depends on the values of 

renewable penetration level and the storage power capacity. The optimization is run for 

several values of storage from 0 to 280 MW and several levels of penetration from 50% to 

100%, using the medium load demand without EVs as a reference case. 

Figure 7.3 shows the results for this cost optimization. The colored background represents 

the total cost of any possible combination of wind and solar in millions of dollars. The pink 

lines are the storage hourly constraints shown in the equation (6) of the mathematical 

formulation. These contraints are 8760 in total, representing every hour of the year, 

however, for simplicity, only the 2-3 more restricting hours (lines) are shown in the figure 

for every value of storage power. The solution is forced to be on or below these pink lines. 

The cyan lines represent the annual energy constraint shown in equation (7) of the 

formulation. Each line represent a desired percentage of renewable energy penetration. The 

solution is forced to be on these lines. 
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Therefore, the cost optimization chooses the solution with the lower cost according to the 

total cost represented in the colored background, below or on the pink lines depending on 

the storage value and on the cyan line depending on the desired renewable penetration. 

According to the results, It can be seen that the cost optimization is not very effective 

because the solutions tend to have more wind capacity and they quickly go to the extreme 

on the y-axis, leaving the system with zero solar capacity.  

The solution for the residual optimization using 160MW of storage is shown on the figure 

for reference. It can be calculated that for the same storage value, the cost of the residual 

solution is 45 Million USD more expensive than the solution from the cost optimization. 

The residuals-based solution requires 153.29 MW of solar and 258.23 MW of wind. In 

contrast, the cost optimization requires 54.03 MW of solar and 325.04 MW of wind. 

The cost optimization is based only on capital costs because wind and solar have no fuel 

cost. The figure obtained from the cost optimization model can be employed to visualize 

the cost sensitivity of different combinations of wind and solar with different renewable 

penetration levels and different storage power capacities. 

 

Figure 7.3. Cost optimization results for different values of storage and renewable level 
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8 Cost Optimization of Dispatchable Generation and Storage  

8.1 Introduction 

In this section, the results for the optimal values of dispatchable generation capacity and 

storage energy capability are shown.  

The first section, shows the results in terms of capacity and energy under different load 

demand profiles, storage power capacity and energy curtailment. A total of 90 model runs 

are summarized in the results. 

The second section, shows the operational results of the system to visualize the interaction 

of the different units during the year. An example case is shown as reference. 

Figure 8.1 shows the LINGO solver status for this model. The solver takes approximately 

34 seconds and 30,433 iterations to reach the optimum global value. The model contains 

43,802 variables and 122,649 constraints.  

 

Figure 8.1. Optimization solver status 
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8.2 Technology costs 

The main purpose of this research work is to develop the cost optimization model that will 

allow decision makers in Barbados to choose the optimal capacities for the all-renewable 

power system. Therefore, the costs presented here are from references and can be changed 

at any time to adapt to local costs on the island and to time. In this work, the costs used for 

the system are: 

Biomass [38]: 

Capital cost 𝐶𝐶𝐺          =  4.985 Million USD/MW 

Operational cost 𝐶𝑂𝐺   =  4.2 $/MWh 

Storage Lithium-Ion [39][38]: 

Power capacity cost 𝐶𝐶𝑆      =  2.4 Million USD/MW 

Energy capability cost 𝐶𝐶𝐻  =  0.65 Million USD/MWh 

Operational cost 𝐶𝑂𝑆           =  8 $/MWh 

8.3 Capacity Results 

The results presented in this section represent 90 model runs to compare the results under 

different levels of storage power, load demand and curtailed energy. The storage power 

and load demand scenarios are the same as used in the residual optimization for wind and 

solar. The amount of curtailed energy allowed is introduced as a variable, to compare the 

results without curtailment and with a 10 % curtailment. 

Figure 8.2 shows the optimal capacity for the dispatchable generation unit under the 

different scenarios. Four conclusions can be drawn from the results shown in this figure.  

First, the generator installed power capacity decreases with the addition of storage power 

in the system, until a point of saturation which depends on the load demand scenario. When 
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adding storage the residual shortage power is supplied by a combination of storage and 

generator installed power capacity. 

Second, the lower the load demand, the less generation power capacity required. The 

highest load demand scenario requires around three times more generation installed power 

capacity than the lowest demand scenario (DSM load) for low values of storage.  

Third, having home charging EVs in the load requires a larger generator power capacity. 

This is because work charging EVs can use the electricity coming from solar generation 

during the day and home charging EVs cannot, requiring a larger dispatchable power 

capacity to compensate when there is not enough wind capacity.  

Fourth, allowing some energy curtailment in the system increases the generator installed 

power capacity required. 

 

Figure 8.2. Optimal generator power capacity for different levels of storage power, load 

demand and curtailed energy level 
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Figure 8.3 shows the optimal storage energy capacibility under the same scenarios. Four 

conclusions can be drawn from this figure. 

First, increasing the storage power capacity rapidly increases the storage energy capability 

required in the system until a saturation point. This happens because the higher the storage 

power capacity, the more hourly excess is allowed to be stored at every time interval. 

Consequently, larger blocks of energy accumulate in the storage unit.  

Second, the storage energy capability required is smaller when the load demand is lower. 

The storage energy capacity can be up to 2.6 times greater when comparing the highest 

load demand against the lowest load demand scenario (DSM load).   

Third, work charging EVs require more storage energy capacity than home charging. This 

is opposite to the generator capacity results, where the capacity needed was higher for the 

load with home charging EVs. The storage energy capacity is bigger for work charging 

because the system has more solar capacity and therefore has more excess residual energy 

during the daytime that needs to be stored.  

Lastly, allowing some curtailment of energy significantly reduces the size of the storage 

energy capacity required in the system. By allowing 10% of annual curtailed energy, the 

storage energy capacity required can be reduced 2.5 times. 
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Figure 8.3. Optimal storage energy capacity for different levels of storage power, load 

demand and curtailed energy level 

 

Figure 8.4 shows the annual energy generated by the dispatchable unit. From the figure we 

can conclude the following: 

First, increasing the storage power capacity decreases the annual dispatchable generation 

until a saturation point.  

Second, the annual dispatchable generation is less when the load demand is lower. For the 

highest load demand scenario, the annual generation can be up to 2.7 times greater than in 

the lowest load demand scenario (DSM load).   

Third, having home charging EVs in the load requires more annual dispatchable generation 

than having work charging. This is because work charging EVs can use the electricity 

coming from solar generation during the day and home charging EVs cannot, requiring a 



 

62 

 

dispatchable generation to compensate when there is not enough wind generation. It can 

be estimated that 20% more dispatchable energy generation is necessary when having 

home charging instead of work charging EVs. 

Fourth, with curtailment of energy in the system the annual dispatchable energy generation 

increases to make up the curtailed energy difference. 

 

Figure 8.4. Annual Dispatchable generation for different levels of storage power, load 

demand and curtailed energy level 

 

Figure 8.5 shows the 10% curtailed energy values used for every scenario. The curtailed 

energy is higher for scenarios with higher residual energy excess. The scenarios with higher 

residual energy excess are the ones with larger storage power capacities. 



 

63 

 

 

Figure 8.5. 10% curtailed energy for different levels of storage power and load demand  

8.4 Operational Results 

The cost optimization model estimates an operational dispatch to supply the load demand 

at all times, under certain operational constraints. This operational result allows the model 

to obtain the optimal generation and storage capacities shown in the preceding section.  

As a consequence, the hourly operation dispatch is available for the 90 model runs 

presented previously. However, only one case is shown here as a reference. This scenario 

corresponds to high load demand, home charging EVs, 160MW storage and with zero 

energy curtailment.  

Figure 8.6 and Figure 8.7 show the residual values coming from the optimization of wind 

and solar capacities in the residual optimization model. These residuals must be supplied 

or stored at every time interval to avoid unserved energy. For this case the optimal wind 

power capacity is 351 MW and the solar power capacity is 132.7 MW. 
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The remaining figures show the hourly power dispatch of the dispatchable unit, the storage 

power discharge and charge, and the energy state of charge of the storage. For this case the 

optimal generator capacity is 179 MW and the storage energy capacity is 3,790 MWh. 

 

Figure 8.6. Monthly energy residuals for example case scenario 

 

 

Figure 8.7. Hourly power residuals for example case scenario 
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Figure 8.8. Optimal hourly generation power dispatch for example case scenario 

 

Figure 8.9. Optimal hourly storage power discharge for example case scenario 

 

Figure 8.10. Optimal hourly storage power charge for example case scenario 
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Figure 8.11. Optimal hourly storage state of charge for example case scenario 
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9 Conclusion 

9.1 Results and Discussion 

The results of this research work provide a framework for Barbados on how to obtain a 100 

per cent renewable generation power system, indicating how much generation capacity and 

the optimal mix that they need to have by year 2030. The study cases evaluated throughout 

this document do not provide a single solution, but instead set the boundaries for the 

optimal generation capacities under different scenarios. This gives a certain degree of 

freedom to decision-makers on the island so they can choose the solution that best 

represents more specific and local requirements. 

Regarding the methodology used, several significant conclusions can be extracted. The 

most important one is the fact that this methodology can be applied to any small islanded 

power system that wants to study their alternatives in terms of 100 per cent renewable 

energy penetration. 

The concept of residuals becomes relevant when having considerable amounts of variable 

renewable generation such as solar and wind because these resources are non-controllable 

and intermittent in nature.  

The residual optimization model successfully obtains the optimal values of wind and solar 

capacities under different scenarios. It provides a simple, straightforward and easy to 

understand method that gives plenty of flexibility to run different scenarios.  

The residual optimization model also shows that it is possible to indirectly minimize the 

need for storage and dispatchable generation that will support the wind and solar 

integration. 
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The main limitations of this method are two. First, it does not allow the optimization of 

dependent renewable resources. For example, if central and distributed solar are to be used 

in the model, the power capacity of one of the resources must be predefined so that the 

other can be optimized. This happens because the solar sunlight resource on the island is 

the same for both solar generation technologies, especially as Barbados is geographically 

small. The second limitation is that the results vary when using renewable resources with 

different capacity factors. Therefore, the models should be re-run to update the optimal 

generation capacities if different capacity factors are to be used. 

The cost optimization model for wind and solar shows that the optimal values tend to go 

to the extremes, favoring large amounts of wind capacity over solar in the solution.  

However, the cost model is useful as a reference to determine the cost variation for any 

combination of wind and solar obtained in the residual optimization model and it helps to 

visualize how far from the optimal cost is the technical solution.  

The cost optimization model for storage and dispatchable generation, although more 

complex and sensitive to variations in the formulation than the first one, provides the 

optimal generation and energy storage capacities.  

Concerning the combined results of both optimization models, the relationship among the 

different renewable resources is clear and consistent. The more storage power capacity, the 

more solar and wind can be integrated into the system and the smaller dispatchable 

generation power capacity is required to support the integration. However, the storage 

energy capacity in MWh increases to absorb the greater amount of excess energy residuals.  

Using different load demand forecasts significantly affects the results. Having a low 

demand forecast results in lower wind and solar capacities, lower dispatchable generation 



 

69 

 

power capacity and lower energy storage capability in the system. Therefore, it is important 

that Barbados makes sure to use the right load demand scenario to plan the renewable 

generation capacities for the year 2030. 

The integration of DSM technologies reduces the peak load demand of the system, and the 

optimization results show a reduction in the optimal capacities of all the generation 

resources: wind, solar, dispatchable generation and energy storage. 

Electric vehicles also affect the results of the optimization because they add load to the  

system. However, the magnitude of the effect depends on the charging strategy to be used 

for the electric vehicles. Two charging profiles are run in the models and compared: home 

charging and work charging. Home charging implies that most electric vehicles are charged 

in the evenings when people arrive home from work. This charging strategy requires less 

wind and solar generation capacity, less energy storage capacity but more dispatchable 

power generation. In contrast, having work charging EVs requires more VRE capacity, 

especially solar capacity, because the cars are charged during the day when solar generation 

is at a maximum. It also requires more storage energy capacity but less dispatchable 

generation.  

The last variable introduced in the models is curtailment. Ideally, curtailed energy should 

be zero because solar and wind energy are free and should not be wasted. However, a case 

with a 10% of energy curtailment was simulated, and the results show that the dispatchable 

generation capacity increases but the storage energy capability significantly decreases, 

which could be beneficial in practice due to the current high cost of storage technologies.  
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9.2 Recommendations for Future Work 

Based on the extensive number of model runs and sensitivity analysis cases carried out on 

this work, several recommendations can be made to improve the future models.  

For this work, wind and solar hourly capacity factor profiles were available for one year. 

However, it is possible to estimate more years of wind and solar production based on 

weather data and run the optimization models for more than one year. This will give more 

results, and the worst or average case can be chosen as the final solution.  

If the power system is geographically larger, it would be important to optimize the location 

of wind and solar plants or what it is called spatial optimization. This would require having 

the wind and solar production data profiles for all the selected locations. 

Regarding the optimization model for storage and generator, it is possible to add more 

constraints that can better represent the hour by hour operation of the generation resources, 

especially if the technology to be used is known in advanced. For example, if the 

dispatchable generator to be used is biomass, the minimum generation level, ramp rates 

and minimum downtimes can be included in the optimization model to improve the results. 

However, this changes the linear programming model to mixed integer linear programming 

model that requires more computer power and advanced optimization solvers.   

To avoid stability issues in the operation of the power system, a dispatchable generator 

may have to run all year round at a certain minimum level of output power. This is because 

the rotational unit can provide inertia to the system. If this is the case, a new case study can 

be easily run in the model including this constraint in the formulation. Another important 

measure necessary to ensure stability is the spinning reserves. The model can include the 

operating reserves as a constraint in the formulation as well. 
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To obtain more specific results using this methodology, Barbados should clarify some of 

the unknown variables in the system so that they can be included in the model as inputs. 

For example, if Barbados knows the amount of wind capacity to be installed, the 

technology and the corresponding production profiles, the results for solar and the other 

generation resources can be better estimated.  

Finally, different technology costs can be input into the cost optimization models to see the 

effects of cost variation, especially for the model that optimizes storage and dispatchable 

generation. 
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Appendix A 

Wind and solar capacity optimization results for all load demand scenarios 

 

Effect of load demand profile on results in terms of power capacities 

 
 

Effect of load demand profile on results in terms of energy capacities 

 
 

Wind Solar
Total 

VRE

Maximum

Excess

Maximum

Shortage

1 Low 179.3 106.7 286.0 111.7 -128.2

2 Medium 255.2 151.9 407.1 158.0 -171.0

3 High 344.4 200.4 544.8 211.3 -240.0

4 DSM 151.2 89.4 240.6 94.1 -107.8

5 Low 256.9 96.3 353.2 157.5 -228.1

6 Medium 332.8 141.5 474.3 203.9 -271.8

7 High 422.0 190.0 612.0 257.1 -339.0

8 DSM 228.8 79.0 307.8 140.0 -207.9

9 Low 204.4 230.8 435.2 136.1 -170.0

10 Medium 280.3 276.0 556.3 170.3 -230.3

11 High 369.5 324.5 694.0 223.5 -260.8

12 DSM 176.4 213.5 389.8 121.9 -155.5

Scen. Load EV Load

No EV

Home 

Charging 

EV

Work 

Charging 

EV

Power (MW)

Wind Solar
Total 

VRE
Excess Shortage

Total

Residual

1 Low 499,224 187,092 686,316 76,472 -269,156 -192,684

2 Medium 710,580 260,062 970,642 105,783 -375,540 -269,757

3 High 958,969 338,321 1,297,290 144,561 -514,671 -370,110

4 DSM 421,128 159,072 580,200 64,425 -226,725 -162,300

5 Low 715,309 170,267 885,576 148,454 -432,231 -283,777

6 Medium 926,665 243,238 1,169,903 174,227 -535,076 -360,849

7 High 1,175,053 321,498 1,496,551 210,711 -671,912 -461,201

8 DSM 637,213 142,249 779,462 137,696 -391,086 -253,390

9 Low 569,218 387,470 956,688 85,251 -299,378 -214,127

10 Medium 780,575 460,441 1,241,016 113,640 -404,840 -291,200

11 High 1,028,964 538,699 1,567,663 149,597 -541,149 -391,552

12 DSM 491,121 359,451 850,572 74,747 -258,489 -183,742

No EV

Home 

Charging 

Work 

Charging 

Annual Energy (MWh/year)

Scen. Load EV Load
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Appendix B 

Results of residual optimization model, wind and solar capacities, for the three selected 

scenarios  

Scenario 4. DSM load and No EV 

 

Scenario 7. High load demand plus home charging electric vehicles load 

 

 

 

Wind Solar
Total 

VRE

Max.

Excess

Max.

Shortage
Wind Solar

Total 

VRE
Excess Shortage

0 37.8 63.6 101.4 0.0 -109.0 105,187 117,477 222,664 0 -519,836

20 69.1 63.6 132.7 20.0 -108.5 192,420 117,370 309,790 258 -432,968

40 100.9 60.5 161.4 40.0 -108.2 280,824 112,476 393,300 4,978 -354,177

60 125.6 66.4 192.0 60.0 -108.0 349,848 121,866 471,714 21,937 -292,722

80 143.6 78.3 221.9 80.0 -107.8 399,931 141,104 541,035 46,657 -248,121

100 151.2 89.4 240.6 94.1 -107.8 421,127 159,073 580,200 64,425 -226,725

120 151.2 89.4 240.6 94.1 -107.8 421,127 159,073 580,200 64,425 -226,725

140 151.2 89.4 240.6 94.1 -107.8 421,127 159,073 580,200 64,425 -226,725

160 151.2 89.4 240.6 94.1 -107.8 421,127 159,073 580,200 64,425 -226,725

180 151.2 89.4 240.6 94.1 -107.8 421,127 159,073 580,200 64,425 -226,725

200 151.2 89.4 240.6 94.1 -107.8 421,127 159,073 580,200 64,425 -226,725

220 151.2 89.4 240.6 94.1 -107.8 421,127 159,073 580,200 64,425 -226,725

240 151.2 89.4 240.6 94.1 -107.8 421,127 159,073 580,200 64,425 -226,725

260 151.2 89.4 240.6 94.1 -107.8 421,127 159,073 580,200 64,425 -226,725

280 151.2 89.4 240.6 94.1 -107.8 421,127 159,073 580,200 64,425 -226,725

Annual Energy (MWh/year)
Storage 

MW

Power (MW)

Wind Solar
Total 

VRE

Max.

Excess

Max.

Shortage
Wind Solar

Total 

VRE
Excess Shortage

0 150.2 96.0 246.2 0.0 -342.8 418,177 169,723 587,900 0 -1,369,853

20 175.3 102.1 277.5 20.0 -342.2 488,209 179,640 667,849 132 -1,290,035

40 200.5 107.7 308.1 40.0 -341.6 558,242 188,587 746,829 1,322 -1,212,245

60 225.6 113.0 338.7 60.0 -341.0 628,275 197,233 825,508 5,452 -1,137,697

80 250.8 118.4 369.2 80.0 -340.4 698,307 205,879 904,186 14,161 -1,067,727

100 275.9 123.7 399.7 100.0 -339.8 768,340 214,525 982,865 27,375 -1,002,263

120 301.1 129.1 430.2 120.0 -339.2 838,372 223,171 1,061,543 45,193 -941,402

140 326.2 132.2 458.4 140.0 -339.0 908,405 228,156 1,136,561 66,457 -887,648

160 351.4 132.7 484.1 160.0 -339.0 978,438 229,056 1,207,494 90,332 -840,591

180 376.3 133.3 509.6 180.0 -339.0 1,048,470 229,955 1,278,425 117,182 -796,508

200 391.2 144.9 536.1 200.0 -339.0 1,089,284 248,788 1,338,072 140,148 -759,828

220 402.0 160.7 562.7 220.0 -339.0 1,119,313 274,240 1,393,553 162,843 -727,042

240 412.8 176.5 589.2 240.0 -339.0 1,149,336 299,696 1,449,032 187,773 -696,493

260 422.0 190.0 612.0 257.1 -339.0 1,175,054 321,497 1,496,551 210,711 -671,913

280 422.0 190.0 612.0 257.1 -339.0 1,175,054 321,497 1,496,551 210,711 -671,913

Storage 

MW

Power (MW) Annual Energy (MWh/year)
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Scenario 11. High load demand plus work charging electric vehicles load 

 

 

 

 

  

Wind Solar
Total 

VRE

Max.

Excess

Max.

Shortage
Wind Solar

Total 

VRE
Excess Shortage

0 161.9 213.5 375.4 0.0 -269.9 450,871 359,415 810,286 0 -1,148,929

20 187.6 220.9 408.5 20.0 -269.3 522,341 371,492 893,833 198 -1,065,579

40 201.8 241.0 442.7 40.0 -267.6 561,808 403,840 965,648 1,187 -994,754

60 222.8 248.7 471.5 60.0 -267.0 620,365 416,273 1,036,638 3,952 -926,528

80 244.4 255.4 499.8 80.0 -266.4 680,600 427,140 1,107,740 9,331 -860,806

100 266.1 262.1 528.2 100.0 -265.9 740,834 438,006 1,178,840 18,654 -799,028

120 287.7 268.8 556.5 120.0 -265.3 801,069 448,873 1,249,942 32,663 -741,936

140 310.9 273.0 583.9 140.0 -265.0 865,700 455,637 1,321,337 51,974 -689,853

160 335.3 274.4 609.7 160.0 -264.9 933,596 457,847 1,391,443 76,158 -643,929

180 346.1 290.2 636.2 180.0 -263.6 963,616 483,305 1,446,921 96,400 -608,693

200 356.9 305.9 662.8 200.0 -262.3 993,760 508,760 1,502,520 119,250 -576,065

220 367.6 321.7 689.3 220.0 -261.0 1,023,670 534,212 1,557,882 144,829 -546,162

240 369.5 324.5 694.0 223.5 -260.8 1,028,963 538,699 1,567,662 149,597 -541,149

260 369.5 324.5 694.0 223.5 -260.8 1,028,963 538,699 1,567,662 149,597 -541,149

280 369.5 324.5 694.0 223.5 -260.8 1,028,963 538,699 1,567,662 149,597 -541,149

Storage 

MW

Power (MW) Annual Energy (MWh/year)
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Appendix C 

LINGO Code 

Residual Optimization Model for Wind and Solar: 

MODEL: 

 

SETS: 

 

HOUR/1..8760/:  

FactorS1,   !Hourly capacity factors central solar PV %; 

FactorS2,   !Hourly capacity factors distributed solar PV %; 

 FactorW1,   !Hourly capacity factors for onshore wind %; 

 L;          !Hourly load demand MW; 

 

CAPACITY/1/:       

Wind1, !Optimal wind power capacity MW; 

 Solar1,     !Optimal central solar PV power capacity MW; 

 Solar2,     !Distributed solar PV power capacity MW; 

 SO;         !Input of storage power capacity; 

 

ENDSETS 

 

DATA: 

 

FactorS1,FactorS2,FactorW1,L= @OLE ('C:\ \Model2.xlsx'); !Inputs; 

 

@OLE ('C:\ \Model2.xlsx') = Wind1,Solar1,Solar2,SO; !Outputs; 

 

SO = ?; 

 

ENDDATA 

 

!Objective Function; 

MIN = @SUM(HOUR(t): (Wind1(1)*FactorW1(t)+ Solar1(1)*FactorS1(t) + 

Solar2(1)*FactorS2(t)- L(t))^2); 

 

!Hourly limit on residual power excess; 

@FOR(HOUR(t): Wind1(1)*FactorW1(t)+ Solar1(1)*FactorS1(t) + 

Solar2(1)*FactorS2(t) - L(t)<= SO(1));  

 

!Power capacity limits; 

Solar2(1) = 50; 

Solar1(1) >= 0; 

Wind1(1)  >= 0; 

 

END  
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Cost Optimization Model for Wind and Solar: 

MODEL: 

 

SETS: 

 

HOUR/1..8760/:  

FactorS1,   !Hourly capacity factors central solar PV %; 

FactorS2,   !Hourly capacity factors distributed solar PV %; 

 FactorW1,   !Hourly capacity factors for onshore wind %; 

 L;          !Hourly load demand MW; 

 

CAPACITY/1/:       

Wind1, !Optimal wind power capacity MW; 

 Solar1,     !Optimal central solar PV power capacity MW; 

 Solar2,     !Distributed solar PV power capacity MW; 

 SO;         !Input of storage power capacity; 

 

ENDSETS 

 

DATA: 

 

FactorS1,FactorS2,FactorW1,L= @OLE ('C:\ \Model2.xlsx'); !Inputs; 

 

@OLE ('C:\ \Model2.xlsx') = Wind1,Solar1,Solar2,SO; !Outputs; 

 

SO = ?; 

RPL = 0.9; 

 

ENDDATA 

 

!Objective Function; 

MIN = 2.05*Solar1(1) + 2.5*Wind1(1); 

 

!Hourly limit on residual power excess; 

@FOR(HOUR(t): Wind1(1)*FactorW1(t)+ Solar1(1)*FactorS1(t) + 

Solar2(1)*FactorS2(t) - L(t)<= SO(1));  

 

!Annual energy penetration; 

@SUM(HOUR(t):FactorW1(t))*Wind1(1) + 

@SUM(HOUR(t):FactorS1(t))*Solar1(1)+ 

@SUM(HOUR(t):FactorS2(t))*Solar2(1) > = RPL*@SUM(HOUR(t): L(t)); 

 

!Power capacity limits; 

Solar2(1) = 50; 

Solar1(1) >= 0; 

Wind1(1)  >= 0; 

 

END 
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Cost Optimization Model for Generator and Storage: 

MODEL: 

 

SETS: 

 

HOUR/1..8760/:  G,  !Hourly generator power dispatch MW;  

   SD, !Hourly storage power discharge MW; 

   SC, !Hourly storage power charge MW; 

   CU, !Hourly curtailed power MW; 

   H,  !Hourly SOC of storage MWh; 

   RE, !Hourly residual power excess MW; 

   RS; !Hourly residual power shortage MW;   

 

CAPACITY/1/:      

   GO, !Optimal generator installed power capacity MW; 

   HO, !Optimal storage energy capacity MWh; 

   SO, !Input storage power capacity MW; 

   FHinitial; !Initial state of charge of storage; 

ENDSETS 

 

DATA: 

 

RE,RS = @OLE ('C:\ \Model2.xlsx'); ! Inputs; 

 

@OLE ('C:\ \Model2.xlsx') = GO,SO,HO,G,CU,H,SC,SD,FHinitial; ! Outputs; 

 

Gmin = 0;            !Minimum generator power capacity MW; 

Gmax = 400;          !Maximum generator power capacity MW; 

FHmin = 0;           !Minimum state of charge allowed %; 

FHmax = 1;           !Maximum state of charge allowed %; 

FHinitial = 0.5;     !Initial state of charge of storage; 

Hmin = 0;            !Minimum storage energy capability MWh; 

Hmax = 40000;        !Maximum storage energy capability MWh; 

CUmaxE = 0;          !Maximum annual curtailed energy %; 

SO = ?;              !Input storage power capacity MW; 

COSTGCAP = 4985000;  !Capital cost of generator $/MW; 

COSTHCAP = 650000;   !Capital cost of energy storage capability $/MWh; 

COSTGOPE = 4.2;      !Operational cost of generator $/MWh; 

COSTSOPE = 8;        !Operational cost of storage $/MWh; 

 

ENDDATA 

 

! Objective function; 

[OBJ] MIN = COSTGCAP*@SUM(CAPACITY: GO(1))+ COSTHCAP*@SUM(CAPACITY: 

HO(1))  + COSTGOPE*@SUM(HOUR(t):G(t)) + COSTSOPE*@SUM(HOUR(t):SD(t)) + 

COSTSOPE*@SUM(HOUR(t):SC(t)); 

 

!Energy balance constraint; 

@FOR(HOUR(t): G(t) + SD(t) - SC(t) - CU(t) - RS(t) + RE(t)= 0); 

 

!Generator constraints; 

@SUM(HOUR(t): G(t)) >= @SUM(HOUR(t):RS(t)) - @SUM(HOUR(t):RE(t)) + 

@SUM(HOUR(t):CU(t)); 

@FOR(HOUR(t): G(t) <= GO(1)); 
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@FOR(HOUR(t): G(t) >= Gmin); 

GO(1) >= Gmin; 

GO(1) <= Gmax; 

 

!Curtailment constraints; 

@FOR(HOUR(t): CU(t) >= 0); 

@FOR(HOUR(t): CU(t) <= SO(1)); 

@SUM(HOUR(t): CU(t))= CUmaxE*@SUM(HOUR(t):RE(t)); 

 

!Storage Energy constraints; 

@FOR(HOUR(t)| t #GT# 1: H(t) = H(t-1) + SC(t) - SD(t)); 

H(1) = FHinitial(1)*HO(1) + SC(1) - SD(1); 

@FOR(HOUR(t): H(t) >= FHmin*HO(1)); 

@FOR(HOUR(t): H(t) <= FHmax*HO(1)); 

HO(1) >= Hmin; 

HO(1) <= Hmax; 

 

!Storage Power Constraints; 

@FOR(HOUR(t): SC(t) >= 0); 

@FOR(HOUR(t): SD(t) >= 0); 

@FOR(HOUR(t): SC(t) <= SO(1)); 

@FOR(HOUR(t): SD(t) <= SO(1)); 

@FOR(HOUR(t): SD(t) - RS(t) <= 0); 

@SUM(HOUR(t): SC(t)) >= @SUM(HOUR(t):RE(t)) - @SUM(HOUR(t):CU(t)); 

@SUM(HOUR(t): SD(t)) >= @SUM(HOUR(t):RE(t)) - @SUM(HOUR(t):CU(t)); 

 

END 
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