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Abstract 
The wind capacity factor calculator is developed to perform two main tasks: to estimate the annual energy 
production from the wind resource at any location in South Africa, and to compare the two datasets used in 
its operation with standard error analysis to determine whether both datasets are suitable for use. This paper 
focuses on how the software was developed and on error analysis between the CSIR PV/ wind aggregation 
study data and the latest Wind Atlas for South Africa data. The results will indicate the way forward after 
determining whether the error found between the two datasets is significant enough to replace the former 
with latter, going forward. 
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1. Introduction 
South Africa is endowed with both a profitable wind 
resource in the southernmost parts of the country 
and solar resources in the north-western parts. The 
wind resource is most prolific in the Eastern and 
Western Cape provinces, which include a large por-
tion of the 2 800 km long South African coastline 
[1]. Figure 1 illustrates the wind resource found in 
South Africa and the areas where it is most promi-
nent, as per the latest Wind Atlas of South Africa 
(WASA) high resolution wind resource results.  

Figure 1: High resolution wind resource map of 
the Wind Atlas of South Africa domain [2]. 

The Danish Technical University developed data 
for this wind resource, collected over a five-year pe-
riod at 15-minute intervals. A further dataset opti-
mised for photovoltaic (PV) and wind resources was 
developed by Fraunhofer for the Council for Scien-
tific and Industrial Research (CSIR) in 2016 to indi-
cate an optimised energy mix per 5x5 km pixel 
across South Africa. It is through the studies raw 
wind resource data that the wind capacity factor cal-
culator has been developed, using Python as the 
chosen programming language. The five-year 
timeseries data was averaged and then converted 
into a probability density function, which predictably 
resulted in a Weibull distribution. This data for four 
heights (50, 80, 100,150 m) above ground level 
could then be used in conjunction with existing 
power curves for various wind turbines to calculate 
the annual energy production (AEP) for a particular 
location in South Africa. 

The intention of the project is ultimately to build 
a tool which serves the wind industry by providing 
reliable information which can then be used to help 
determine whether to proceed with a pre-feasibility 
study for a wind-farm power plant according to a lo-
cation’s wind properties. By simply inputting the lo-
cation’s coordinates and turbine type, the user 
should be able to obtain a short report on the wind 

energy potential properties of the location. The wind 
capacity factor calculator (WCFC) is developed to 
perform two main tasks: determine the wind power 
output at any location in South Africa, and compare 
two datasets used in its operation to provide a metric 
for data reliability.  

2. Background  
The significance of being able to determine at a high 
level a site’s AEP from the wind resource can vastly 
affect the choice to pursue further feasibility studies 
or not. As a next step, wind prospectors can then use 
the measure, correlate and predict (MCP) method to 
simulate and determine more accurate results [3].  

2.1 Power curves and AEP  
 
Figure 3 demonstrates a standard power curve, 
showing the wind turbine power generated relative 
to the wind speed. This is used with the wind speed 
values to output the AEP of a particular position.  

Figure 2: Power output from wind turbine over 
varying wind speeds [4]. 

2.2 Capacity factor 
The capacity factor is an indicator of how well a par-
ticular wind turbine or wind farm can utilise the 
available wind resource. The capacity factor is cal-
culated as a percentage by taking the ratio of the 
AEP to the theoretical maximum output [5].  

3. Data and methods 
3.1 Data description 
The data used for the analysis comes from the CSIR 
PV/wind aggregation study’s raw wind resource data 
(dataset 1) and the latest WASA reduced data (da-
taset 2). There are four main methods to estimate 
the AEP: 

• PDF (probability density function); 
• CDF (cumulative distribution function); 
• survival function/ reliability function; and 
• hazard function 

Figure 3 illustratrates the graphical description of a 
Weibull plot with varying values of η and gammma 
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(referred to as the A and k parameters later in this 
paper) [9].  

Figure 3: Weibull plot of the probability density 
function [6]. 

3.2 Error metrics 
Error metrics are commonly used to express differ-
ences between two time series namely the predicted 
and measured value as shown in Equation 1. 

     𝜀𝜀𝑖𝑖 = 𝑥𝑥𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝,𝑖𝑖 − 𝑥𝑥𝑚𝑚𝑝𝑝𝑚𝑚𝑚𝑚,𝑖𝑖  (1) 

There are a number of common metrics, two of 
which will be presented in the sub-sections which 
follow.  

3.2.1 Root mean square error (RMSE) 
RMSE is the most popular evaluation metric used in 
regression problems. It follows an assumption that 
error is unbiased and follows a Weibull distribution 
[9]. Although an initial and rudimentary indicator, 
RMSE can be used to understand different error 
sources. It can be described as in Equation 2.  

     𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 =  �1
𝑁𝑁
∑ 𝜀𝜀𝑖𝑖2𝑁𝑁
𝑖𝑖=1   (2) 

3.2.2 Mean absolute error (MAE) 
MAE is the unaltered magnitude i.e. absolute value 
of each difference in a time series. It is described as 
shown in Equation 3. MAE can be considered the 
most natural and unambiguous measure of average 
error magnitude. For this reason and for the pur-
poses of this study, MAE is considered. 

    𝑅𝑅𝑀𝑀𝑅𝑅 =  1
𝑁𝑁
∑ |𝜀𝜀𝑖𝑖 |𝑁𝑁
𝑖𝑖=1   (3)  

3.2.3 Pearson correlation coefficient  
The Pearson correlation coefficient is often de-
scribed as the best measurement of the association 
between variables of interest and is shown in Equa-
tion 4 [7]. 

     𝑟𝑟 =  𝑁𝑁∑𝑥𝑥𝑥𝑥−(∑𝑥𝑥)(∑𝑥𝑥)
�[𝑁𝑁∑𝑥𝑥2−(∑𝑥𝑥)2][𝑁𝑁∑𝑥𝑥2−(∑𝑥𝑥)2]

  (4) 

Where: 
𝑁𝑁 = number of pairs of data points; 
∑𝑥𝑥𝑥𝑥 = sum of products of paired points; 
∑𝑥𝑥 = sum of x points; 
∑𝑥𝑥 = sum of y points; 
∑𝑥𝑥2 = sum of squared x points; 
∑𝑥𝑥2 = sum of squared y points. 

3.3 Power conversion  
The power conversion method used is simply a 
power curve applied to a particular location’s 
Weibull distribution. Generally, wind turbines begin 
operating at wind speeds between 4 and 6 m/s and 
can reach a maximum power output at around 15 
m/s. with safety cut-off speeds at approximately 25 
m/s. The average electrical production from a wind 
turbine occurs 70–85 % of the time but does not 
necessarily generate the maximum electrical power 
all the time, due to varying wind speeds [8]. This 
means that the capacity factor calculations only 
demonstrate the theoretical maximum which can be 
generated. 

The WCFC determines the Weibull distribution 
from A and k parameters derived from a reduced 
dataset. A Weibull distribution can be expressed in 
terms of the wind speed, as shown in Equations 5 
and 6. 

     𝑓𝑓(𝑉𝑉𝑤𝑤𝑖𝑖𝑤𝑤𝑝𝑝) = �𝑘𝑘
𝐴𝐴
� (𝑉𝑉𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤

𝑐𝑐
)𝑘𝑘−1 exp �− �𝑉𝑉𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤

𝐴𝐴
�
𝑘𝑘
�  (5) 

      𝑓𝑓(𝑥𝑥, 𝜆𝜆, 𝑘𝑘) =  𝑘𝑘
𝜆𝜆

(𝑥𝑥
𝜆𝜆

)𝑘𝑘−1 𝑒𝑒−�
𝑥𝑥
𝜆𝜆
�
𝑘𝑘

 , { 𝑥𝑥 ≥ 0, 𝑘𝑘 > 0,𝜆𝜆 > 0}  (6) 

Where:  
𝑓𝑓(𝑉𝑉𝑤𝑤𝑖𝑖𝑤𝑤𝑝𝑝) = probability of observing wind speed;  
𝑘𝑘 = dimensionless Weibull shape parameter; 
𝑀𝑀 = Weibull scale parameter; 
𝑉𝑉𝑤𝑤𝑖𝑖𝑤𝑤𝑝𝑝  = wind velocity (m/s). 

3.4 Types of wind turbines 
Table 1 displays the different types of turbines con-
sidered use within the WCFC. The turbine technical 
specifications are outlined 

3.5 Description of tool  
The WCFC is modelled through the programming 
language called Python [13]. Python version 3.7  
 



121    Journal of Energy in Southern Africa • Vol 30 No 2 • February 2019 

Table 1: Types of turbines considered for WCFC 
[9] [10] [11] [12]. 

 

was used, which suited the requirements for general 
purpose programming. The coding language was 
used for various reasons: It is open source, and ac-
cessible to anyone online; It is user-friendly with 
widely published explanatory documentation avail-
able; and it contains useful libraries for everything 
required in the WCFC development. The raw data 
being used from dataset 1 was analysed using the 
NetCDF Python libraries (network common data 
format).  

4. Methodology  
4.3 App development methodology  
The WCFC development methodology is outlined in 
the flow-diagram in Figure 4, which demonstrates 
the following critical steps:  

1. Raw data: 
CSIR PV/wind aggregation study wind timeseries 
data (dataset 1) in NetCDF format. 

2. Data reduction: 
a) Reduce the 15-minute time series data to yearly 

averages.  
b) Reduce the 15 MB NetCDF format to 1 KB txt 

files per GPS location, having parameters given 
in Table 2.  

3. Data analysis: 
a) ‘On the fly’ generation of the AEP and capacity 

factor results for the requested GPS location. 
b) Verification of the results attained, through the 

Pearson correlation coefficient and the RMSE. 
c) Dataset comparison between original and re-

duced dataset outputs.  

4. Build graphical user interface (GUI) and results: 
Build GUI for the tool to allow the user to log in GPS 
coordinates and select the turbine. This then outputs 
the AEP and frequency profile over the wind speed 
at all four heights. 

 Figure 4: App development methodology flow 
diagram. 

4.2 Data reduction process 
The main reason for reducing the large datasets was 
to develop a tool which is capable of easy download 
and operates faster. In order to reduce the data, the 
WCFC allows users to convert different data file for-
mats to the desired data file format, in this case from 
a 15 MB or raw data per file to a 1 KB file that carries 
all the critical information needed, i.e. the Weibull A 
and k parameters. Reduced data in this form allows 
future opportunity to convert the WCFC into an app 
which operates on both Android and Apple’s IOS.  

Table 2 shows the parameters by which the 
Weibull curve will be plotted. In turn, the AEP and 
the capacity factor over the four different heights will 
be determined as the desired outcome. As part of 
the reduction process error metrics, the Pearson cor-
relation coefficient and RMSE are generated. 
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Table 2: Reduced data format 
50m k A Ave. 

speed 
Ave.  

density 
Pearson RMSE 

80m k A Ave. 
speed 

Ave.  
density 

Pearson RMSE 

100m k A Ave. 
speed 

Ave.  
density 

Pearson RMSE 

150m k A Ave. 
speed 

Ave. 
density 

Pearson RMSE 

 
The flow diagram in Figure 5 demonstrates the 

process to operate the resultant WCFC.  

Figure 5: Operation of the app’s flow-diagram. 

4.3 Methodology of error analysis 
The error analysis was conducted by selecting 15 
random points to form part of a comparative study. 
The comparative study will analyse the difference in 
AEP and capacity factory output per location. The 
latest WASA is considered the more up to date da-
taset because, firstly, better verification was carried 
out during the data capturing process; and, sec-
ondly, Advanced research led to greater under-
standing on the effective methods of data capturing 
which aided the WASA data accuracy 

5. Results  
The figures below show the outputs given by the 
GUI and comparisons between dataset 1 and da-
taset 2 in terms of AEP and capacity factor for given 
turbines.  

5.1 Graphical user interface outputs  
The GUI and resulting power curve vs. Weibull dis-
tribution outputs are shown in Figures 6 and 7. 

Figure 6: Graphical user interface for generating 
results from the WCFC. 

 

Figure 7: WCFC displaying the AEP graph over 
four heights. 

5.2 Dataset comparisons  
5.2.1 Annual energy production  
Figures 8 to 11 display the AEP for each dataset over 
15 points at the preferred turbine height. 
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Figure 8: Vestas_V90 AEP at 100 m. 

Figure 9: Nordex N131 AEP at 100 m. 

Figure 10: GE Wind Energy 2.75 AEP at 80 m. 

Figure 11: Alstom ECO AEP at 100 m. 

5.2.2 Capacity factor 
Figures 12–15 display the capacity factor (%) for 
each dataset over 15 points at the preferred turbine 
height. 
 

 Figure 12: Vestas_V90 capacity factor at 100 m. 

Figure 13: Nordex N131 capacity factor at 100 m. 

Figure 14: GE wind energy 2.75 capacity factor 
at 80 m. 

Figure 15: Alstom ECO capacity factor at 100 m. 

5.3 Wind capacity factor calculator results 
discussion  
5.3.1 Reduced data 
When comparing dataset 1 to its reduced equiva-
lent, the major difference is that the original NetCDF 
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files were replaced with text files containing Weibull 
parameters to approximate the same data. What this 
means is that the data could be used with between 
90% and 99% confidence when using the Pearson 
correlation coefficient and RMSE generally close to 
zero. 

5.3.2 WCFC output verification 
To verify the outputs of the WCFC, the capacity fac-
tors provided were compared to already-calculated 
capacity factors for the CSIR pre-feasibility study 
conducted to determine whether a wind turbine in-
stallation for research purposes was possible at four 
possible locations across South Africa (see Table 3). 
Bar one instance, the WCFC has produced results 
within ~15 % of those already verified in the CSIR 
study, thus indicating acceptable operation. It is, 
however, suggested that further verification be con-
ducted.  
 

Table 3 PV/wind vs CSIR pre-feasibility  
WCFR capacity  

factor (%) 
CSIR pre-feasibility  
capacity factor (%) 

1 18 17 

2 10 26 

3 23 28 

4 35 33 

 

5.3.3 Comparison of datasets 1 and 2 
The results given in table 3indicate that in locations 
like point 1, 2, 7 and 10, difference between the two 
datasets is noticeable. It is suggested that this differ-
ence results from possible inaccurate pixel overlap 
of the two datasets. The difference in (XY) coordi-
nates centre points is impactful to the AEP and ca-
pacity factor values. Therefore, when interpreting 
the obtained results, one must consider the measure 
of overlap. 

6. Conclusion  
Since the report aimed to demonstrate whether both 
datasets are suitable for use, it can be deduced that 
when the coordinates from the latest WASA data 
(dataset 2) and the CSIR PV/wind aggregation study 
(dataset 1) data are same without overlap, the dif-
ference between the two datasets is within 5%. 
Some work still needs to be done at positions where 
this overlap is not exact however for high level use, 
it can be concluded that either dataset can be used 
to obtain reasonable high level results. Overall, 
WCFC operation has been verified at a high level 
against CSIR conducted studies, providing accepta-
ble results at this stage of its development.  
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