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Abstract 

The penetration of photovoltaic (PV) systems in existing power grids is 

increasing as they are considered attractive options for electricity generation in 

distribution networks. Due to the fact that they have a long productive life, operate 

silently, and are clean systems as well as the fact that they are becoming 

increasingly less expensive, they have become more competitive power generators 

compared to other generators (e.g. fossil fuel). However, a major operational 

challenge that exists for PV systems is the variability of their output power, which 

is mainly caused by the movements of clouds. This variability can be reduced 

through building several smaller PV systems distributed within an area, rather than 

a single, large PV system, often referred to as geographic smoothing. Geographic 

smoothing is defined as the smoothing that occurs in the output power variability 

of a particular PV plant during clouds events if the plant is distributed over a 

specific geographical area instead of being installed as a single block This 

smoothing can be expressed mathematically using the variability reduction index 

(VRI), which denotes the reduced level of variations in the output power of a group 

of neighbouring PV systems. VRI considers the size of the PV systems, the 

distances between them, as well as the mathematical correlation coefficient that 

reflects the timescale, along with the speed, direction and density of the clouds 

passing over the PV systems. The VRI and solar irradiance, measured at one 

location, can be used to estimate the power generated by a group of neighbouring 

PV systems. 

This thesis initially compares and assesses various VRI models through their 

application on a group of 16 small-scale neighbouring rooftop PV systems, 

distributed over a square kilometre area in Brisbane, Australia. Several approaches 

are then proposed to improve the estimation accuracy of the overall generated 

power by the group of neighbouring small-scale rooftop PV systems. This thesis 

reports on the improvement of several techniques for estimating the output power 

of an overall neighbourhood rooftop PV system distributed within an area of 

0.7 km2 using one pyranometer located close to the PV plant with a resolution of 

1 minute.  
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First, considering the differences in the output results of existing techniques, a 

new VRI technique is designed by considering the maximum values of the different 

existing techniques at different timescales. Then, using the Wavelet Transform 

(WT) method and this new model, the output power of overall neighbouring rooftop 

PV systems has been estimated. The impact of the location of the pyranometer on 

estimation accuracy has also been evaluated.  

Second, the Wavelet transform technique along with an Adaptive Neuro-Fuzzy 

Inference System are used to develop new models, denoted as the ANFIS-WT 

model in the course of this thesis, to estimate the PV system output power during 

cloud events. While the third and fourth models are developed by employing the 

Gene Expression Programming technique. The third model, referred to hereinafter 

as GEP-VRI, is used to correlate the distribution of the PV system and the irradiance 

measured by the pyranometer to calculate the VRI value and then estimate the total 

power generated by the PV systems using the GEP-VRI model and Wavelet 

Transform technique. The fourth model, referred to hereinafter as GEP-WT, uses 

the Gene Expression Programming technique directly without using the VRI model 

to estimate the output power of a group of neighbouring small-scale rooftop PV 

systems. The effective performance of each model proposed here is validated using 

real data collected by the Solar Project at the University of Queensland, Brisbane, 

Australia. The results reveal that the proposed technique using the Gene Expression 

Programming technique directly without using VRI is more accurate compared with 

existing approaches in the literature. In addition, a sensitivity analysis has been 

carried out to investigate the impact of the employed parameters in the new model. 
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 Azimuth Angle of The PV Array 

𝜃𝐴
solar Solar Azimuth Angle 

𝜇𝑀𝑗−2 and 𝜇𝑁𝑗
 They can be any fuzzy MF such as Gaussian and bell-

shaped 

𝜌m,n
Pearson Pearson’s Correlation Coefficient 

𝜌𝑚,𝑛
ACM ACM model 

𝜌𝑚,𝑛
Akinobu Akinobu model 

𝜌𝑚,𝑛
Hoff Hoff model 

𝜌𝑚,𝑛
Lave Lave model 

𝜌𝑚,𝑛
Lonij

 Lonij model 

𝜌𝑚,𝑛
Mills Mills model 

𝜌𝑚,𝑛
Perez Perez model 

π Fuzzy Operator such as AND or OR Operators 

𝛽 Mounting Coefficient 

𝜓(𝑡) Wavelet Mother Function 
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Chapter 1 Introduction 

This chapter discusses the background and motivation for the research presented 

in this thesis. The key research objectives and contributions of the thesis are 

summarised here. Finally, the organisation of the thesis and the key areas of each 

chapter are introduced. 

1.1. Background 

The Kyoto agreement raised the issue of global warming caused by greenhouse-

gas emissions and urged individual nations to reduce energy generated using fossil 

fuels through relying more on renewable energy generation, such as PV systems 

and wind energy [1, 2]. According to [2], the electricity generated in Australia is 

divided into 79% fossil fuel-based generation, while 21% is generated from 

renewable energy resources. The use of renewable energy sources continues to 

grow rapidly in Australia, with plans for it to produce 50% of all national electricity 

production by 2024 and 100% by 2032 [3]. PV systems are currently very attractive 

power generation units within the electricity industry; hence, they are becoming 

more serious competitors for coal and natural gas-based generators [4]. The main 

source for these systems is solar irradiance. Solar irradiance (W/m2) is a measure 

of the solar power (W) arriving within a certain area (m2). Energy from the sun is 

exposed to several attenuating factors, such as aerosols, air molecules, water vapour 

and clouds, during its long journey to the earth's surface after passing through the 

atmosphere. Therefore, part of this energy is scattered and absorbed by these 

attenuating factors [5]. There are different kinds of solar irradiance mentioned in 

the literature. The solar energy that strikes the ground is called a total solar 

irradiance or global irradiance, which is composed of three kinds of irradiance – 

direct, diffuse and ground-reflected [6]. Direct irradiance, also called direct normal 

irradiance, is the beam of solar irradiance that comes directly from the sun and that 

hits the earth's surface at a perpendicular angle. Diffuse irradiance is the irradiance 

that is scattered by the attenuating factors, including the clouds. Ground-reflected 

irradiance is reflected from the ground and other elements like surface albedo 

material. Moreover, if the global irradiance incidents on a horizontal plane, the 

irradiance is called global horizontal irradiance. If a pyranometer, which is a PV 
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sensor that captures the irradiance and weather parameters, such as humidity and 

temperature, is tilted to the same angle as the PV array and has the same orientation, 

its output is the irradiance incident on the plane of the array, denoted by POA [7]. 

Although PV systems have several advantages including easy implementation at 

both residential and commercial sites along with their low cost and reliable 

operation, it still comprises some issues owing to its intermittent nature. Due to the 

ambient conditions, PV generated power is not constant and varies with short (cloud 

movements) and long-term (daily and seasonal irradiance) variations. 

1.2. Research Problem and Motivation 

The output power of PV systems is a direct result of the variability of 

meteorological conditions [8-10]. According to [11-15], at any locality, there is a 

significant correlation between the solar irradiance, experienced by the PV arrays, 

and the ambient conditions, such as cloud movements and wind speed. The impact 

of the size and speed of the cloud on solar irradiance is presented in [11, 12], while 

the influence of wind speed and direction is discussed in [13-15]. The 

aforementioned studies have reported extreme variability in solar irradiance on 

partly cloudy days.  

Two types of output power variability are discussed for PV systems in the 

literature; long-term and short-term variability [16, 17]. The long-term variability 

refers to the movement of the sun during the daytime that results in the angle of the 

solar beams changing with respect to the PV panels [17, 18]. For example, the 

output power of a PV system in the mornings is different from midday, which is 

directly related to the irradiance exposed to the PV array throughout the day, 

represented by the parabola of Fig. 1.1 Therefore, it is easy to predict the long-term 

variability, and it is not a significant problem for electricity network operators [19]. 

On the other hand, the short-term variability in the output power of PV systems, 

currently a hot research topic for network operators [20], is related to the ambient 

wind speed, which changes the temperature of the PV modules [21-23], and the 

movement of the clouds passing over them. Fig. 1.2 shows typical short-term 

variability in the solar irradiance exposed to the PV arrays. 
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While the changes in the output of PV systems due to daily or seasonal variation 

in the ambient temperature can be easily predicted, fluctuations due to temporary 

cloud movements are less predictable [24, 25]. The short-term variability is a 

significant challenge for electricity network operators because of its low / 

unpredictability, for which providing preventive and improvement solutions is 

difficult or impossible [8, 19]. This challenge is more significant for large PV 

systems (especially when connected to weak power distribution networks [26]) than 

 

Fig. 1.1 Solar irradiance exposed to PV array at the St Lucia campus of the 

University of Queensland on a clear-sky day (01/01/2016). 

 

Fig. 1.2 Solar irradiance exposed to a PV array at the St Lucia campus of the 

University of Queensland on a partly cloudy day (22/03/2016). 
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small-scale rooftop ones, or when connected to a large interconnected stiff power 

grid. Such power fluctuations, if not properly regulated, may result in frequency 

instability [6]. Such utilities have set guidelines to limit the variability of the PV 

generated power to be less than 10% of the PV system capacity per minute [7]. The 

precise estimation of the power generated by PV systems during cloudy events 

facilitates the proper calculation of the required energy storage to mitigate the effect 

of power reduction and hence avoid further potential consequences. It will also 

facilitate proper planning for new utility-scale PV plants [8]. 

One widely accepted solution to overcome the short-term variability issue is 

employing energy storage systems, such as batteries and flywheels. Stored energy 

can smooth the output power of PV systems by compensating for the sharp 

variations in PV output power over a few minutes [17]. Another solution is through 

building multiple PV systems with smaller capacities spread over a reasonable 

distance from each other (e.g. a few hundred metres or kilometres), instead of a 

single large array. As all such systems will not simultaneously observe the same 

cloud movements, overall, they will have smoothed variability [16, 19, 28]. This 

mitigation technique is known as geographic smoothing. Geographic smoothing is 

defined as the smoothing that occurs in the output power variability of a particular 

PV plant during clouds events if the plant is distributed over a specific geographical 

area instead of being installed as a single block. As an example, Fig. 1.3 illustrates 

schematically the average irradiance seen by 5 and 23 PV systems, distributed 20–

450km from each other at the Southern Great Plains network, USA [29], versus the 

irradiance seen by an individual system in the same area. As can be seen from this 

figure, the average irradiance seen by 5 PV systems has lower variability versus 

that of a single PV system; as such, the overall power generated by all PV systems 

(25 PV systems), will also be much smoother than that of a single PV. 

From the above discussion, the current models, which presented to estimate the 

output power of the PV systems during clouds events, have been introduced with 

different precise estimations. The most accurate was introduced in [28] and 

displayed errors between 8% and 20%; however, this study only investigated two 

days. Another study presented a different mathematical method to estimate the PVs 

generated power with an estimation error range of 4% to 7%. While this model 
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results in higher estimation accuracy than the models presented in [28], this model 

is only valid for clouds passing at low speed (less than 0.5 m/s) and was validated 

using only 13 days [11]. Therefore, this thesis presents four models to estimate the 

generated power of PV systems during cloudy days by employing different methods 

that include machine learning techniques. One of the main advantage of machine 

learning is this technology’s capacity to analyse large volumes of data and recognise 

the relationships and tendencies that might not be noticed by a human, such as ANN 

and ANFIS techniques. Another technique has also been used in this thesis, which 

is Gene Expression Programming (GEP), which is a powerful evolutionary 

algorithm that can be employed to build a mathematical correlation between two or 

more non-linear variables [20]. 
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Fig. 1.3 Comparison of the variability in irradiance for one PV module, and a 

group of 5 and 23 PV systems at the Southern Great Plains network, USA. 

1.3. Research Objectives 

The main research objective is to develop an accurate technique for estimating 

the total power generated by a group of small-scale distributed rooftop PV systems 

when using only one pyranometer. Various approaches have been proposed and 

developed in this research that employ different types of machine learning tools. 

The major points can be summarised as 
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 Studying, analysing and comparing the accuracy of existing techniques in 

calculating and estimating the overall power generated by a group of 

neighbouring PV systems  

 Considering the maximum value of existing models, a new model has been 

developed to estimate the total power generated by a group of neighbouring 

PV systems. 

 Employing an artificial neural fuzzy inference system-based approach to 

develop and propose a new model to estimate the total power generated by 

a group of neighbouring PV systems.  

 Using a Gene Expression Programming-based approach to develop and 

propose two models: 

1- A VRI model to estimate the total generated power of a group of 

neighbouring PV systems. 

2- A power model to estimate directly the total generated power of a group 

of neighbouring PV systems to further increase the accuracy of the 

estimation technique. 

All the above-proposed models have been improved using one pyranometer and a 

Wavelet transform model. 

1.4. Outline of Research Contributions 

The main contributions of this thesis can be summarised as: 

 Comparing the accuracy of existing techniques in estimating the total power 

generated by a group of neighbouring PV systems. 

 Proposing and developing a simple but effective technique based on a 

Wavelet transform model to estimate the total power generated by a group 

of neighbouring PV systems. 

 Proposing and developing an artificial neural fuzzy inference system-based 

approach to directly estimate the total generated power and increase the 

accuracy of the estimation technique. 

 Proposing and developing a Gene Expression Programming-based approach 

to estimate the VRI to increase the accuracy of the estimation technique. 

 Proposing and developing a Gene Expression Programming-based approach 
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to directly estimate the total generated power and further increase the 

accuracy of the estimation technique. 

 Including more available weather parameters such as temperature and 

humidity to enhance the estimation accuracy and reliability of the proposed 

models. 

1.5. Organisation of the Thesis 

The remainder of the thesis is organised as follows: 

Chapter 2 surveys and critically analyses the relevant literature to establish 

the research problems and some possible solutions.  

Chapter 3 presents a comparison of the accuracy of existing techniques in 

estimating the total power generated by a group of neighbouring PV 

systems. As a result of this comparison, presenting a new model to estimate 

the output power of a group of PV systems using only one PV sensor, and 

using in-depth investigations to determine the best location for this sensor. 

Chapter 4 introduces the developed Wavelet Transform and artificial neural 

fuzzy inference system-based approach to estimate the total power 

generated by a group of neighbouring PV systems. 

Chapter 5 introduces the developed Wavelet Transform and Gene 

Expression Programming-based approach to estimate the total power 

generated by a group of neighbouring PV systems. At the end of this chapter, 

a comparison between existing models and the proposed models is also 

presented to illustrate the most accurate model. 

Chapter 6 highlights the key research findings and summarises the 

significant contributions. This chapter also suggests some future directions 

in this research area. 
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Chapter 2 Existing Methods for Estimating PV 

Output Power  

This chapter reviews the various existing techniques for estimating the power 

generated by neighbouring PV systems and highlights their key features and 

differences. It also provides examples of cases where existing techniques have been 

employed and tested. At the end of the chapter, research gaps will be highlighted 

and possible techniques for addressing those research problems suggested. 

2.1. Output Power Variability  

The main energy source for PV systems is the solar irradiance incident on these 

systems. The output power variability of PV systems is mainly caused by the 

variability of the solar irradiance. Many spatial and temporal factors influence solar 

irradiance variability, such as season, time of day, altitude, latitude, array tilt, and 

orientation as well as weather conditions. Although all of these factors impact the 

output power, only weather conditions, such as temperature, humidity, wind speed 

and size and shape of clouds, have a primary impact on short-term variability. 

There are multiple approaches to analysing and estimating the VRI published in 

the literature, including the Variability Index, System Advisor Model, Power 

Spectral Density, Fast Fourier Transform, Standard Deviation, Wavelet Transform, 

and Correlational Models. These techniques are reviewed briefly here while the 

correlational models are introduced and discussed in detail in the next section. VRI 

or geographic smoothing is discussed in several studies in the literature; for 

example, reference [30] introduced a model to determine the variability amount by 

dividing the length of the global horizontal irradiance by the length of the clear sky 

irradiance, named the variability index (VI). If the day being tested has a clear sky, 

VI is equal to one whereas a larger VI value refers to greater variability. For 

instance, if the value of VI is in the range 2 to 7, this day is considered as a low 

variability day, whereas it is considered as a medium variability day if the VI’s 

value is in the range 8 to13. If this value is in the range 14 to 20, the day is 

considered as a high variability day while it is considered of extremal variability if 

the value of VI is more than 20 [30]. Employing the VI model, four variability areas 
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are investigated; clear, overcast, mixed, and high variability. The study considered 

four days with different amounts of variability at Oak Ridge National Laboratory 

in the USA within a time resolution ranging from 1 to 10 mins. Similarly, another 

mathematic model is introduced by [31], which investigates the maximum 

variability on the output power and is called the Variability Score (VS) by 

considering a model that adopts the maximum value of the ramp rate multiplied by 

the probability of the ramp rate and scaled by 100 to score the variability. The model 

was applied by using 10 PV systems in the USA, with hundreds of kilometres of 

distance and a 30 sec resolution. The result in [31] stated that VS can be a useful 

metric to estimate variability, and that a high variability score has a large impact on 

voltage variability, while a low variability score has less impact. However, VS is 

not a good predictor for a plane of array irradiance or for tracking PV systems. Both 

VI and VS techniques were used by [32] to analyse and estimate variability. This 

study used two PV system locations around 400 km apart in Canada using 41 PV 

sensors within a 10 ms time resolution. The results of this study were that daily 

irradiance can be divided into four classes; clear, overcast, low and high frequency 

solar variability. This study using the VS and VI models reported other results and 

considered good metrics for investigating and distinguishing variability; however, 

they are not suitable for investigating the variability with a time resolution greater 

than 1 sec. Another study used VS methods to classify the variability into zones 

based on variability frequencies [33]. This study employing two kinds of data, 

satellite-derived data for almost the entire area of the USA and nine ground 

measurements of irradiance with time resolution ranging from 1 sec to 30 sec. This 

study illustrated that the variability zones are divided into several zones in which 

the zone ranging from 25 to 75 is considered low variability, while the zone labelled 

357 to 332 is considered very high variability. Table 2.1 summarizes the VS and VI 

methods presented above along with the key finding of each study. 

Similarly, power spectral density (PSD) and wavelet transform techniques have 

been employed to analyse, calculate and estimate output power variability. By using 

the discrete Fourier Transform, [34] analyse the variability of the output power by 

collecting data from 6 PV systems in Spain with a time resolution of  1 sec. The 

study introduced an empirical model to estimate the variability in the output power  
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Table 2.1. VI and VS methods published in the literature 

Ref. Investigated system Method Findings 

[30] USA, 3 PV systems 

locations, temporal 

analysis study, 1 

min to 10 mins 

VI -Introduced a new 

model called the 

Variability Index 

(VI) to determine 

the variability 

[31] USA, 10 PV 

systems, hundreds 

of km and 30 sec 

VS -Investigated the 

maximum variability 

on the output power  

-VS can be a useful 

method to estimate 

variability.  

-VS is not a good 

predictor for a plane 

of array irradiance 

or for tracking PV 

systems 

[32] Canada, 2 PV 

systems locations 

with 41 PV sensors 

400 km, 10 mins 

VI and VS -The daily irradiance 

can be divided into 

four classes; clear, 

overcast, low and 

high frequency solar 

variability. 

-The VS and VI 

models considered 

good methods for 

investigating and 

distinguishing 

variability; however, 

they are not suitable 

for investigating the 

variability amount 

with time resolutions 

of more than 1-sec. 

[33] USA, 6 PV systems 

6 to 60 km, 1 to 

30 sec 

VI and VS -Using the power 

distributions 

function, an analytic 

model was proposed 

to analyse and 

calculate the 

variability 
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for a large-scale PV plant. Another study used power spectral density and 

fluctuation factor methods to analyse the output of a 9 PV system in Japan with 

1 min resolution. This study stated that the irradiance on a cloudy day could be 

reduced to around 20 to 50% [35]. The PSD technique is used in [36] to analyse 

data with 10 sec and 10 mins time resolutions collected from two PV system sites 

located in Arizona, USA, which are distributed within 100 to 300 km from each 

other. The VRI was calculated using the solar irradiance data with resolutions of 

one and 10 mins. Similar work has been reported in [37], which defines the VRI 

between several PV systems, distributed within distances of between 20 and 150 km 

in Colorado, USA, with time resolutions of 1 to 5 mins. In [38], the authors used a 

signal decomposition hypothesis by introducing a low-pass filter approach to 

analyse the variability of 18 PV sensors distributed within a radius of 30 km in 

Nagoya using a Fast Fourier Transform analysing data sampled at 1 min resolution. 

The study demonstrated that the features of the average fluctuation can be evaluated 

using a low-pass filter method for different area sizes less than 20 km. In the same 

way, [39] analysed the PV system data using the PSD method and also employing 

the Fourier transform technique. In this work, the PV systems were distributed 

within 50 to 100 km at different locations in Gujarat, India, and using 1 min up to 

1 hr time resolutions. The results showed that variability is reduced by 23% and 

45% by using 1 hr and 6 hr resolutions respectively, in aggregate 20 PV plants. A 

new model to simulate the variability of the output power generated by a PV system 

using the PSD method considering a discrete Fourier model was also adopted in 

[40]. The model was created and investigated experimentally using 6 PV plants in 

Spain and 4 PV plants in the USA within an area 1100 km2 and 2400 km2 

respectively with data collected at a 1 sec resolution. The model was built based on 

the number of PV systems and their size. The probability density function and 

power spectra analysis were also employed in [41], which used the irradiance 

collected from five PV sites around the world (Germany, USA, Algeria and Spain) 

and resolutions of 1 sec to 15 mins and distances of 0.25 to 0.75 km between the 

systems. They found that variability can be mitigated only when the spatial area is 

increased; however, the non-Gaussian behaviour in the cumulative power of the 

overall PV systems location was maintained even with distributed PV systems. 

Table 2.2 illustrates the summary of these methods and some findings. 
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Table 2.2. Summary of the Discrete Fourier Transform methods used to estimate 

and analyse output variability  

Ref. Investigated system Method Findings 

[34] -Spain, PV plants, 1 

sec 

Discrete Fourier 

Transform 

-An empirical model to 

estimate variability  

[35]  -Japan, 9 PV systems, 

1 min  

power spectral density 

and fluctuation factor 

-The irradiance on a 

cloudy day could be 

reduced to around 20 

to 50% 

[36] -USA, 2 PV system 

sites, 100 to 300 km, 

10 sec and 10 mins 

power spectral density -Calculate and analyse 

VRI. The storage 

system is important to 

mitigate variability 

[37] -USA, 4 PV system 

sites, 20–150km, 1 to 

5 minutes 

power spectral density -No correlation, 

significant mitigation 

at timescale less than 

3-hour when the 4 PV 

systems site were 

averaged 

[38] -Nagoya, 18 PVs, 30 

km, 1 min 

Fast Fourier Transform 

analysing 

-Variability can be 

evaluated using FFT 

[39] -India, 20 PVs sites, 

50 to 100 km, 1 min to 

1 hr 

Fourier Transform 

analysing 

-Variability reduced by 

23% and 45% using 1 

hr and 6 hr resolutions, 

respectively using 20 

PV plants 

[40] -Spain, USA, 6 PV 

plants, 4 PV plants, 

1100 km2 and 

2400 km2, 1 sec 

discrete Fourier model -A new model to 

simulate variability  

[41] -Germany, USA, 

Algeria and Spain, 5  

PV sites, 0.25 to 0.75 

km, 1 sec to 15 mins 

Probability density 

function and power 

spectra analysis 

-Variability can be 

mitigated only when 

the spatial area is 

increased; however, 

the non-Gaussian 

behaviour in the 

cumulative power of 

overall PV systems 

location was 

maintained even with 

distributed PV systems 
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Likewise, the Wavelet transform (WT) technique has been employed in many 

studies. In [42], the WT technique was used to analyse solar irradiance within 5 sec 

resolutions in Belgium. The study calculated the fluctuation in the output power 

using the fluctuation power index. This study focused on storage systems and its 

results stated that the variability increased in scattered cloud cover compared with 

clear and overcast sky conditions. The same method is presented in [43]; however, 

the data were collected from three different locations in Belgium and Australia with 

time resolutions of 1, 5, 8 sec. This study also focused on storage systems using the 

fluctuation power index, which is considered a significant tool for the necessary 

energy storage capacity. The non-stationary process of the output power variability 

was proved in [44]. The study approached the WT technique to analyse a sample of 

data with 1 sec time resolution collected from a plant located in Navarra, Spain of 

800 PV systems. [56] Moreover, some studies have used a WT technique to 

investigate and distinguished variability characteristics. For instance, four 

conditions identified as clear, cirrus, partly cloudy and overcast were examined by 

implementing 99 PV sensors in Germany, distributed around a 10 to 12 km distance 

and a 1 sec resolution [46], whereas in [47], the study demonstrated global 

horizontal irradiance divided into two parts, direct and indirect irradiance, using 1 

min data in Thailand. While [48] analysed the output power of one central utility-

interactive PV plant in the USA by collecting data at 1 sec resolution to check the 

differences in the variability at two points; the closest point and the farthest point 

from the feeder source. The results showed that variability was higher at the end of 

the feeder source [48]. The WT technique was also used to study and compute 

geographic smoothing by considering 6 PV systems distributed within a 3 km 

distance in the USA using 1 sec resolution. The study stated that it detected an 

annual maximum ramp rate of around 60%, while the largest ramp rate was 40% in 

a 1 sec time series, whereas 5% ramps per second were never seen in the 10 MW 

PV plant [49]. Similar work was done by [50], using WT and averaging several PV 

sensor measurements distributed over a 2 km distance and a 1 sec resolution in the 

USA. The methods proved that it needs less than 25 PV sensors to obtain the same 

results obtained from WT methods to estimate PV variability. Similarly, a WT 

model used in [45] to estimate output power by calculating VRI at different 

timescales, then analysing the irradiance collected from one pyranometer located 
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close to the PV system in which the solar irradiance data are taken from two 

separate PV systems in Japan and the USA. Comparing the methods in [45, 48] with 

earlier ones, it can be seen that this method needs the solar irradiance data from one 

pyranometer, while the other techniques call for solar irradiance measurements at 

every PV system. A summary of the WT methods are presented in Table 2.3 

Moving in a different direction, other studies have examined and analysed 

variability using different techniques and approaches [51-60]. By considering the 

whole area of Japan, [57] divided the area into eight locations with 1 hr data 

resolution. Using a set of regression formulae, the variability was estimated and 

evaluated. The study found that the aggregation of several PV systems led to 

reducing the PV output variability. Cross-correlation and standard deviation 

methods have been used in [58]. The study’s data were collected from 100 PV 

systems distributed within 600 × 750 km in Germany using 5 mins resolution. The 

study revealed that considerable geographic smoothing has been achieved by 

aggregating several PV systems compared with observing PV systems separately. 

Considering the maximum and minimum observed variability values of the limited 

time windows of irradiance time series and using the power distribution function, 

an analytical model to analyse and calculate the variability was proposed in [51] by 

considering 6 PV systems within distances ranging from 6 to 60 km and 1 sec data 

time rate. A statistical-based approach called a Kriging tool was introduced in [52]. 

The Kriging tool was used with 1 sec irradiance time resolution and 45 PV sensors 

spread over 1.6 km in the USA. The achievements of this study indicate that the 

Kriging tool can give more accurate results using only four PV sensors within a 

short time ranged between 1 second and 1 min. Ref. [53] analysed irradiance data 

by employing a model called Multifractal Detrended Fluctuation Analysis, which 

is a time-series modelling method, especially for extreme events. The study 

achieved its results by considering several PV system sites around the world – in 

the USA using 17 PV sensors with 1 sec time resolution and distributed within an 

area of 0.56 km2, using 4 sensors in Spain and Algeria with 1 min time resolution, 

as well as in Germany with 1 min time resolution and a small PV plant. The study 

demonstrated that the irradiance time-series data have non-stationary variability. In 
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Table 2.3. Summary of Wavelet transform methods to estimate and analyse 

variability 

Ref. Investigated system Method Findings 

[42] -Belgium, 5 sec WT technique -Variability gets larger 

in the scattered cloud. 

[43] -Belgium, and 

Australia, 1, 5, 8 sec 

WT technique -A significant tool for 

the necessary energy 

storage system  

[44] -Spain, 800 PV 

systems, No distance, 

1 sec 

WT technique -Variability is a non-

stationary process. 

Classifying the 

irradiance into several 

levels 

[45] -Japan and Nevada, 

550 PV systems, 1 

km2 and 6 km2, 1 sec 

WT technique 

 

-Estimates the output 

power of two different 

layout plants 

[46] -Germany, 99 PV 

systems, 10 to 12 km, 

1 sec 

WT technique Four cases, clear, 

cirrus, partly cloudy 

and overcast 

[47] -Thailand, one PV 

sensor, one year data, 

1 min 

WT technique -The global horizontal 

irradiance divided into 

two parts, direct and 

indirect irradiance 

[48] -USA, one central 

utility-interactive PV 

plant, 60 km, 1 sec. 

WT technique -Differences in the 

variability the closest 

point and the farthest 

point  

-The results were the 

variability was higher 

at the end of the feeder 

source 

[49] -USA, 6 PV systems, 

3 km distance, 1 sec 

WT technique -60% of the ramp rates 

were detected, the 

largest ramp rate was 

40%. 

[50] -USA, 45 PV 

systems, 2 km,  1 sec 

WT technique -Requires at less 25 PV 

sensors to obtain the 

same results obtained 

from the WT method. 

the other study [54], PV system output power variability is analysed and evaluated 

using power intensity and ramp-rate methods. The study was conducted on 215 PV 
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house systems in Canada with 1 to 15 min time average and 1.5 km distance 

between each other for a centralised PV plant, and 83 km being the largest distance 

for the distributed PV plant. This study aimed to investigate the differences in the 

variability between distributed and centralised PV plants. The study confirmed that 

no significant difference exists in the variability within 15 minutes or greater 

timescales; however, the variability in the centralised PV system was found to be 

two times that of the distributed PV systems of equal capacity within timescales of 

5 minutes and less. In [55], an investigation proved that the distribution of the short 

time variability is similar to a Laplacian distribution and is non-Gaussian. The study 

was implemented using two methods, namely governor free control and load 

frequency control with 321 PV sensors distributed over the total Japanese territory 

with a time scale of 1 sec. Because the data used to study and analyse the output 

power variability is considered a significant factor, ref. [56] introduced a new 

method to generate synthetic PV system data using real data and a simulation model 

called the System Advisor Model, which is a free modelling program used in the 

PV power industry. The study presented three PV system sites in Hong Kong with 

distances ranging from 14.4 to 17.7 km and 1 min time resolution. The findings of 

this study demonstrated that the variability in several PV systems that were spatially 

distributed is less than the variability in a single PV system. An empirical model is 

presented in [59]. The model is derived using statistical methods to analyse the 

variability events. In this study, the authors collected their data from a PV system 

located in India with 1 min resolution. The study stated that the proposed model can 

be employed to evaluate the frequency of PV ramp events for diverse time intervals. 

In the same way, [60] used a method called Daily Aggregate Ramp Rate to evaluate, 

categorise, and compare variability across several PV systems. The data was 

collected from 6 PV plants located in the USA and Canada with 1 min resolution.  

The study observed that the maximum ramp rates for 80, 48, 21 and 5 MW are 0.43, 

0.53, 0.58 and 0.7 times the PV plants’ capacities, respectively. Table 2.4 

summarises these methods with some findings. 
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Table 2.4. Summary of different methods to estimated and analyse output 

variability  

Ref. Investigated system Method Findings 

[57] -Japan, 8 PV plants, 1 

hr 

-Regression formulae -aggregation of several 

PV systems led to 

reducing the PV output 

variability 

[58] -Germany, 100 PV 

systems, 600 × 750 

km, 5 mins 

-Cross-correlation and 

standard deviation 

-proved the smoothing 

geographic 

[51] -Spain, 6 PV plants 6 

to 60 km, 1 sec 

-Power distributions 

function 

-An analytic model 

was proposed  

[52] -USA, 45 PV sensors 

1.6 km, 1 sec 
-Kriging tool -Given more accurate 

results by using only 

four PV sensors. 

[53] -USA, Spain, Algeria 

and Germany, 21 PV, 

1 sec and 1 min 

-Multifractal Detrended 

Fluctuation Analysis 

-The irradiance is non-

stationary variability 

[54] -Canada, 215 PV, 

1.5–83 km, 1 to 15 

mins 

-Power intensity and 

ramp-rate methods 

-The variability in the 

centralised PV systems 

was found to be two 

times that of the 

distributed PV systems  

[55] -Japan, 321 PV 

systems, 1 sec 

-Governor free control 

and load frequency 

control. 

-Distribution 

variability is similar to 

a Laplacian 

distribution  

[56] -Hong Kong, 3 PV 

systems at sites 14.4 

to 17.7 km, 1 min 

-System Advisor Model 

(SAM) 

-A new method was 

introduced to generate 

synthetic PV systems 

data by using real data 

[59] -India, 1 PV plant, 1 

min 

-Statistical methods -The proposed model 

to evaluate the ramp 

rate 

[60] -USA and Canada, 6 

PV plants, 1 min 
-Daily Aggregate Ramp 

Rate 

-The maximum ramp 

rates for 80, 48, 21,5 

MW are 0.43, 0.53, 

0.58, 0.7 times the PV 

plant’s capacity, 

respectively 
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2.2. Correlational Coefficients 

As briefly discussed above, different techniques are proposed in the literature to 

define different approaches and techniques to analyse and estimate VRI models. 

VRI can also be defined using a correlation model between the irradiance at two or 

more PV system sites. Several numerical values that represent the correlation 

between the solar irradiance at the PV system at different locations were introduced 

in the literature. For instance, Pearson’s correlation coefficient model is a general 

mathematical technique to measure the linear relationship of the strength and 

direction of two random variables [61] and has been widely used to analyse statistic 

data in engineering, biology, finance, and market analyses [62]. It is formulated as 

ρm,n
Pearson =

covar (m[k] × n[k])

std (m[k]) × std (n[k])
 (2.1) 

in which 𝑚[𝑘] and 𝑛[𝑘] are the time-varying variables (i.e. the sampled solar 

irradiances in the context of this chapter) while covar(. ) and std(. ) are respectively 

the covariance and standard deviation functions. 𝜌𝑚,𝑛
Pearson ranges from –1 to +1 in 

which zero shows no correlation between the two solar irradiances while +1 and –

1 respectively show a positive and negative linear correlation [63]. As seen from 

(2.1), the Pearson model does not consider the distance between the PV systems, 

while [64] introduces a correlation model (referred to hereinafter as the Akinobu 

model) that considers this distance (denoted by Lm,n), and is given by: 

𝜌𝑚,𝑛
Akinobu = 1 −  exp (𝑎 −

𝑏 × 𝑇

(𝐿𝑚,𝑛)
𝑐) (2.2) 

in which the sampling frequency of solar irradiances is denoted by its corresponding 

interval 𝑇 (in minutes) and 𝑒𝑥𝑝(. ) denotes the exponential function. In (2.2), 𝑎 is 

a function of 𝑇, while 𝑏 and 𝑐 are constants, independent of 𝑇. The value of solar 

irradiance is not used directly in the Akinobu model. Instead, the maximum 

variation of the irradiance and its standard deviation, over a moving evaluation 

window with a period of 𝑇, are employed in determining the parameters of (2.2). 

This method is validated for three sites with PV systems across Japan [64]. 

Ref. [65] uses the standard deviation to present a new correlation model (referred 
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to hereinafter as the Mills method), which is given by:  

𝜌𝑚,𝑛
Mills = 0.5 [exp (

𝑎1 × (𝐿𝑚,𝑛)
𝑎2

𝑇
) − exp (

𝑎3 × (𝐿𝑚,𝑛)
𝑎4

𝑇
)] (2.3) 

where 𝑎1 to 𝑎4 are constants, defined by fitting the measured irradiance data in a 

specific location. This model is validated for 23 sites in Oklahoma and Kansas, 

USA, under 1-minute resolutions. 

Although the correlational models (2.1) to (2.3) consider the presence of a cloud 

passing over the pyranometers (which is indirectly included in the measured solar 

irradiances), neither of them considers the cloud’s speed. However, [66] introduces 

an empirical correlation model (referred to hereinafter as the Hoff model) that 

considers cloud speed (denoted by 𝑉𝑐), and is given by: 

𝜌𝑚,𝑛
Hoff =

𝑉𝑐 × 𝑇

𝐿𝑚,𝑛 + 𝑉𝑐 × 𝑇
 (2.4) 

This empirical model reflects the distance between two PV systems, as well as 

the corresponding interval, and the speed of the cloud passing over the 

pyranometers. By employing this model, the solar irradiance measured at three 

locations across the USA (i.e. Southwest, Southern Great Plains, and Hawaii) were 

analysed over a sample of 700,000 pairs for pyranometers, located at a distance of 

10–250 km from each other, under 1, 2, 3, and 4-hour intervals. 

Likewise, [9] also proposed another experimental method (referred to hereinafter 

as Perez’s model), in the form: 

𝜌𝑚,𝑛
Perez = exp (

𝐿𝑚,𝑛 ×  ln (0.2)

1.5 𝑉𝑐 ×  𝑇
) (2.5) 

in which ln(. ) is the natural logarithmic function. This model is used to analyse the 

solar irradiance with one-minute to hourly resolutions, for two locations across the 

USA while using satellite images to monitor cloud movements.  

Similarly, [45] employs another model (referred to hereinafter as the Lave model) 

to find the correlation between two PV systems, which is given by: 
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𝜌𝑚,𝑛
Lave = exp (

−𝐿𝑚,𝑛

0.5 𝑉𝑐 ×  𝑇
) (2.6) 

This model is used to analyse the solar irradiance data measured by 15 

pyranometers distributed over 1–12 km around a PV system in Boulder, USA, 

under 1-second intervals. The Lave model suffers from two limitations: (a) A 

negative correlation when 𝐿𝑚,𝑛 = 𝑉𝑐 × 𝑇 while clouds are moving from one 

pyranometer to the other, and (b) Zero correlation when 𝐿𝑚,𝑛 ≫ 𝑉𝑐 × 𝑇 while 

clouds are moving through two pyranometers without covering both 

simultaneously.  

Neither of the above-mentioned models considers cloud direction, while the 

model suggested in [11] (referred to hereinafter as the Anisotropic Correlation 

Model (ACM) model) considers the direction of clouds, and is expressed by: 

𝜌𝑚,𝑛
ACM =

2 × 0.5(2−𝐴1) − 0.5(2−𝐴2) − 0.5(2−𝐴3)

2 × (0.5 − 0.5(2−𝐴4))
 (2.7) 

where 𝐴1 to 𝐴4 are normalized values and are calculated considering the distance 

between the PV systems, as well as cloud speed, size and direction. This model is 

used to analyse the solar irradiance data from 17 pyranometers, distributed within 

1km2 in Hawaii, USA, under 10 and 60-second resolutions. Similarly, [15] 

introduces another empirical correlation model (referred to hereinafter as the Lonij 

model) which considers cloud direction, and is formulated as: 

𝜌𝑚,𝑛
Lonij

=
𝐵1 + 𝐵2 − 𝐵3

√(𝐵4 + 𝐵5 − 𝐵6) × (𝐵7 + 𝐵8 − 𝐵9) 
 (2.8) 

in which 𝐵1 to 𝐵9 are functions of distance and timescale, as well as cloud speed 

and direction. This model is used to study the correlation of residential rooftop PV 

systems, distributed over a 2,500 km2 area in Tucson, USA, under an interval of 

15 mins. Table 2.5 lists these methods, along with a brief summary of the 

information provided above. 
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Table 2.5 Comparison of the correlational coefficient models available in the 

literature 

𝜌𝑚,𝑛
𝑧   

Model 

Considered Parameters Model formula 

𝐿𝑚,𝑛 

Cloud  

𝑉𝑐 direction size 𝑇  

Pearson [61]      covar (m[k]×n[k])

std (m[k])×std (n[k])
. 

Akinobu [64]      
1 −  exp (𝑎 −

𝑏 × 𝑇

(𝐿𝑚,𝑛)
𝑐) 

Millsy [65]      
0.5 [exp (

𝑎1 × (𝐿𝑚,𝑛)
𝑎2

𝑇
)

− exp (
𝑎3 × (𝐿𝑚,𝑛)

𝑎4

𝑇
)] 

Hoff [66]      𝑉𝑐 × 𝑇

𝐿𝑚,𝑛 + 𝑉𝑐 × 𝑇
 

Perez [9]      
exp (

𝐿𝑚,𝑛 ×  ln (0.2)

1.5 𝑉𝑐 ×  𝑇
) 

Lave [45]       
exp (

−𝐿𝑚,𝑛

0.5 𝑉𝑐 ×  𝑇
) 

ACM [11]      2 × 0.5(2−𝐴1) − 0.5(2−𝐴2) − 0.5(2−𝐴3)

2 × (0.5 − 0.5(2−𝐴4))
 

Lonij [15]      𝐵1 + 𝐵2 − 𝐵3

√(𝐵4 + 𝐵5 − 𝐵6) × (𝐵7 + 𝐵8 − 𝐵9) 
 

2.3. Variability Reduction Index 

It is to be noted that the VRIs, calculated using various correlational models, can 

be different from each other because different models consider different factors, 

and some are only valid under specific conditions. Therefore, evaluating the 
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robustness of various correlation models is a research gap that is addressed in this 

thesis. Furthermore, the existing correlational models in the above studies only 

focus on large PV systems, except [45], which has discussed rooftop PV systems 

of a group of neighbouring households in a suburb or locality. As such, this thesis 

only focuses on distributed rooftop PV systems and compares the VRIs determined 

using different correlational models for such systems. This is an important research 

field as currently, evaluating the short-term variability of the output power of 

numerous rooftop PV systems within remote towns (which have weaker electrical 

power distribution networks, compared to those of large cities, and limited smart 

meters) is a challenge for electricity network operators around the world, including 

Australia [67].  

Geographic smoothing can be expressed mathematically using a coefficient, 

referring to VRI that shows the variance of the sensor point versus the variance of 

the entire PV power systems, based upon the correlation of the PV systems with 

each other [39, 49, 68]. The VRI can be calculated using either of the above-

mentioned correlational coefficient models. Given 𝑁system neighbouring PV 

systems, first, the correlation coefficient between every two PV systems has to be 

defined. Then, a single number, representing the overall (equivalent) correlation 

between all PV systems (denoted by (𝜌𝑚,𝑛
𝑧 )

eq
) can be determined as: 

(𝜌𝑚,𝑛
𝑧 )

eq
= ∑ ∑ 𝜌𝑚,𝑛

𝑧
𝑁system

𝑛=1

𝑁system

𝑚=1
 (2.9) 

using each correlational coefficient model (i.e., 𝑧 ∈ Akinobu, Mills, Hoff, Perez, 

Lave, ACM, Lonij}), in which the correlation of one PV system versus itself is 

unity (i.e., 𝜌𝑚,𝑚
𝑧 = +1). Equation (9) is then used to determine the VRI of the output 

power of all PV systems using each model, as in [66]. 

𝑉𝑅𝐼𝑧 =
𝑁system

2

(𝜌𝑚,𝑛
𝑧 )

eq (2.10) 

2.4. Summary 

This chapter has discussed and reviewed various approaches and techniques 

proposed in the literature to analyse and estimate the variability of the output power 
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such as the Variability Index, Power Spectral Density, Fast Fourier Transform, 

Wavelet Transform, Standard Deviation, System Advisor Models and Correlational 

Models. It has considered and identified the most interesting study gaps in the field 

and suggested several approaches and techniques to address those study gaps. On 

the basis of this literature review, suitable approaches and techniques will now be 

developed and expressed in the next chapters, which can calculate and estimate the 

VRI parameter then estimate the output power of a PV plant of several neighbouring 

PV systems distributed across 0.7 km2 and a 1 min resolution. The proposed 

approaches are more accurate than the models introduced in the literature. 
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Chapter 3 Proposed Correlational Model and 

Wavelet-Based Technique 

This chapter analyses and compares the accuracy of different existing techniques 

mentioned in chapter two to determine the correlation factors and the VRI for a 

group of small-scale rooftop PV systems in a suburban area. Considering the 

differences in the VRI results, an enhanced VRI model is presented. Then, by using 

a Wavelet-based transform model, the generated output power of a group of 

neighbouring PV systems within 0.7 km2 and irradiance data collected every one-

minute by employing only one pyranometer, is calculated and estimated. The 

impact of the pyranometer location on the estimation accuracy is also evaluated. 

The results and discussion are presented in detail below. 

3.1 Wavelet Transform  

The WT is a powerful mathematical tool to analyse time-varying data. It can 

divide a time-varying signal into wavelets (i.e. wave-like oscillations with an 

amplitude that begins at zero, increases, and then decreases back to zero). Unlike 

the Fourier transform that only constructs frequency representations of a signal (see 

Fig. 3.1a  a), the Wavelet transform can construct a signal’s time-frequency 

representation when the signal possesses a good time and frequency localisation 

(see Fig. 3.1 b). The Wavelet transform is suitable for localising both the time and 

frequency domains, and can also discover several properties of the signal, such as 

the direction, breakdown point, discontinuities and self-similarity [69, 70]. It is also 

reversible, and furthermore, it can detect the frequency spectrum and their 

corresponding timescales for both periodic and non-periodic signals. 
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Fig. 3.1a Sample illustration of the 

performance of a Fourier transform 

 

Fig. 3.1 b Sample illustration of the 

performance of a WT  
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Fig. 3.2 Sample illustration of various Wavelet mother functions 

The Wavelet transform for a continuous-time signal at a scale of 𝑢 > 0 and a 

time shift factor of 𝑔 > 0 is formulated as [71]: 
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𝑊𝑇cont(𝑢, 𝑔) =
1

√|𝑢|
∫ 𝜓 (

𝑡 − 𝑔

𝑢
) × 𝑥(𝑡) 𝑑𝑡

∞

−∞

 (3.1) 

in which 𝜓(𝑡) is referred to as the Wavelet mother function and is a continuous 

function in both the time and frequency domains. The Wavelet mother function 

detects the signal changes and can explain it in a frequency-time plane. Various 

Wavelet mother functions are available such as Harr, Daubechies, Biorthogonal, 

Symlets, Coiflets, Meyer, Morlet and Mexican Hat [72-74] (see Fig. 3.2). Using 

(3.1), the translated and scaled versions of 𝜓(𝑡) are referred to as sub or daughter 

wavelets. As the POA data, captured by a sensor in this study, is discrete, (3.1) is 

expressed in the discrete domain as: 

𝑊𝑇disc(𝑖, 𝑓) =
1

√2𝑖
∑ 𝜓 [

𝑘 − 𝑓 × 2𝑖

2𝑖
] × 𝑥[𝑘]

∞

𝑘=1
 (3.2) 

in which 𝑖 > 0 is an integer number that shows the modes of the discrete analysis, 

and 𝑓 is an integer and discrete signal. 

The WT model has been used in this thesis because the time-varying signal of 

the POA is discrete (due to the sampling intervals of a few seconds to a minute) and 

also non-periodic (due to the random variations caused by clouds passing). Thus, 

(3.2) is modified accordingly to derive the Wavelet model for the considered POA 

data, as depicted in (3.3). In addition, among various types of Wavelet mother 

functions, the Mexican Hat mother function has been used in this research, as its 

capability in yielding accurate results in the same field of study have been proven 

in [28, 49] versus other Wavelet mother functions. 

where 𝑊𝑇mode-𝑖[𝑘] refers to the resulting wavelet at mode-i (1 ≤ 𝑖 ≤ 6) while 𝜓[𝑘] 

denotes the considered Wavelet mother function; 𝑇mode-𝑖 is the considered timescale 

for the Wavelet analysis.  

3.2 Proposed Methodology  

A technique is proposed in this chapter that aims at improving the accuracy of 

estimating the overall generated power by a group of neighbouring small-scale 

𝑊𝑇mode-𝑖[𝑘] =
1

√𝑇mode-𝑖

∑ 𝜓 [
𝑘 − 𝑐 × 𝑇mode-𝑖

𝑇mode-𝑖
] × 𝑃𝑂𝐴[𝑘]

∞

𝑘=1
 

(3.3) 
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rooftop PV systems. To this end, first, using a pyranometer, the solar irradiance is 

measured at a single point, across the neighbourhood PV systems, over a day. If the 

pyranometer is tilted at the same angle as the PV array and has the same orientation, 

its output is the irradiance incident on the plane of the array [7, 75]. Given the output 

of the sensor as 𝑃𝑂𝐴[𝑘], the output power of a PV module (𝑃module
POA [𝑘]) at that 

location can be calculated from [76]: 

𝑃module
POA [𝑘] = 0.12 𝐴m 𝑃𝑂𝐴[𝑘] 

× [1 − 0.004 (𝑇𝑚𝑝[𝑘] +
0.32 𝛽 × 𝑃𝑂𝐴[𝑘]

8.91 + 2 𝑉w[𝑘]
− 25)] 

(3.4) 

in which 𝐴m is the area of the PV module; 𝑇𝑚𝑝[𝑘] and 𝑉w[𝑘] are respectively the 

ambient temperature and wind speed while 𝛽 is a mounting coefficient that equals 

1.2 and 1.8 for a flat and sloped PV array installation, respectively [76]. In (3.4), 𝑘 

denotes the discrete time index. It is to be noted that if the pyranometer is flat 

mounted, its output will be the global horizontal irradiance (GHI). If this value is 

employed in (3.4), slight accuracy issues (e.g., in the range of 1-3% [77]) or even 

higher accuracy issues (e.g. up to 18.75% [78]) will be imposed, depending on the 

PV panels’ tilt and azimuth. For such cases, the methods suggested in [7, 75] can 

be employed, which aim at finding more accurate methods to determine the POA 

from the GHI, as this projection is a highly non-linear transformation. 

𝑃𝑂𝐴[𝑘] is then normalized to define 𝑃𝑂𝐴nrm[𝑘] from: 

𝑃𝑂𝐴nrm[𝑘] =
𝑃𝑂𝐴[𝑘]

𝑃𝑂𝐴clr[𝑘]
 (3.5) 

using the clear sky POA of that day (denoted by 𝑃𝑂𝐴clr[𝑘]), which is computed 

from [77]: 

𝑃𝑂𝐴𝑐𝑙𝑟 = 𝑃𝑂𝐴𝑐𝑙𝑟
𝑑 + 𝑃𝑂𝐴𝑐𝑙𝑟

𝑔
+ 𝑃𝑂𝐴𝑐𝑙𝑟

𝑠  (3.6) 

where 𝑃𝑂𝐴clr
d , 𝑃𝑂𝐴clr

g
 and 𝑃𝑂𝐴clr

s  respectively denote the direct, ground-reflected 

diffuse and sky diffuse irradiances incident on the PV array, that are determined 

from the clear sky condition. Thus, both 𝑃𝑂𝐴 and 𝑃𝑂𝐴clr are the assumed input 

parameters for the proposed method. It is to be noted that some of the parameters 
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used in (3.4) and (3.6), such as the POA, the ambient temperature and wind speed, 

need to be measured by sensors; some, such as the size of the PV module, need to 

be checked from the PV catalogue; some, such as the tilt angle of the PV array, 

need to be defined by a site visit or by referring to the installation documents of PV 

arrays, while some, such as [79-81], need to be extracted from available resources 

on the internet for a locality’s latitude and longitude, as well as the time of year. To 

avoid disturbing the flow of the text, all the relevant parameters employed in the 

equations are listed in Table 3.1. This table also discusses the factors affecting these 

parameters, as well as the method for calculating or extracting them. 

𝑃𝑂𝐴nrm[𝑘] is then analysed using a discrete Wavelet transform model with a 

Mexican Hat type Wavelet mother function [28, 82]. This technique has been 

extensively employed on non-periodic signals in power engineering applications 

(e.g. in [83-85], as well as for analysing solar irradiance data in [11, 12, 28, 48, 49, 

86, 87]). Using the Wavelet transform, 𝑃𝑂𝐴nrm[𝑘] is decomposed into 6 modes 

using (3.3), where 𝑊𝑇mode-𝑖[𝑘] refers to the resulting wavelet at mode-i (1 ≤ 𝑖 ≤

6) as listed in Table 3.2. As seen from this table, 𝑃𝑂𝐴nrm is decomposed into modes 

1 to 6, which respectively show 2, 4, 8, 16, 32 and 64-minute timescales on which 

the study focuses. 

At the same time, (𝜌𝑚,𝑛
𝑧 )

eq
 is to be calculated from (2.9), for the Hoff, Perez, 

Lave, and ACM correlational models, introduced in chapter two, while replacing 𝑇 

with the above-mentioned figures for 𝑇mode-𝑖. This will express the overall 

correlational coefficient of the rooftop PV systems in the neighbourhood at the 

desired timescales. Then, (𝜌𝑚,𝑛
𝑧 )

eq
 will be used in (2.10) to define the VRI of those 

PV systems, at each assumed timescale. This process yields six values for VRI, 

each representing one of the assumed timescales, for each of the four utilized 

correlational models (i.e. a total of 4 × 6 = 24 VRIs). 

To improve the accuracy of the overall output power estimation, it is suggested to 

select the largest VRI, given by any of the models in (2.10) at each of the above-

mentioned timescales (denoted by 𝑉𝑅mode-𝑖
max ); that is: 
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Table 3.1 The definition and method for calculating or retrieving the parameters, 

employed in (3.4) and (3.6) 

Parameter Definition Dependence Measured by or 

calculated from 

𝐴m (m2) Size of a PV 

module 

 PV catalogue 

𝑃𝑂𝐴clr
d (W/m2) Direct 

irradiance 

incident on the 

PV array 

-Direct-normal 

irradiance (𝐷𝑁𝐼clr)* 

-Tilt angle of the PV 

array (𝜃T)# 

-Solar azimuth angle 

(𝜃𝐴
solar)* 

-Azimuth angle of the 

PV array (𝜃𝐴
array

)* 

-Zenith angle of the PV 

location (𝜃Z) @ 

= 𝐷𝑁𝐼clr ×

(cos(𝜃Z) × cos(𝜃T) +

sin(𝜃Z) × sin(𝜃T) ×

cos( 𝜃𝐴
solar − 𝜃𝐴

array
)) 

[77] 

𝑃𝑂𝐴clr
g

(W/m2) Ground-

reflected 

diffuse 

irradiance on 

the PV array 

-Clear-sky global 

horizontal irradiance 

(𝐺𝐻𝐼clr) * 

-Tilt angle of the PV 

array (𝜃T) # 

𝑃𝑂𝐴clr
g

= 0.1 𝐺𝐻𝐼clr ×

(1 − cos(𝜃T))                                

[77] 

𝑃𝑂𝐴clr
s (W/m2) Sky diffuse 

irradiance on 

the PV array 

-Clear-sky horizontal 

diffuse irradiance on 

ground level (𝐷𝐻𝐼clr)* 

-Tilt angle of the PV 

array (𝜃T) # 

𝑃𝑂𝐴clr
𝑠 = 0.5 𝐷𝐻𝐼clr ×

(1 + cos(𝜃T))                                

[48] 

𝑇𝑚𝑝(Celsius) Ambient 

temperature 

-Weather 
-Weather monitoring 

system 

 
𝑉w(m/s) Ambient wind 

speed 

-Weather conditions 

𝛽 Mounting -Mounting style of the -Respectively 1.2 and 
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coefficient PV array 1.8 for flat and sloped 

PV arrays  

* Retrieved for a PV location and day of the year from [81];       @ Retrieved for a 

PV location and day of the year from [79];    # retrieved from a PV site. 

𝑉𝑅𝐼mode-𝑖
𝑚𝑎𝑥 = 𝑚𝑎𝑥(𝑉𝑅𝐼mode-𝑖

𝑧 ) (3.7) 

where max(. ) is the maximum function. In such a scheme, the correlational 

coefficient model, which has the best representation of correlations among the PV 

systems at each timescale, will be employed. Therefore, the mismatch between the 

generated power by the PV systems and the estimated value, according to the 

proposed single-point POA, will be minimised.  

Table 3.2 Considered Wavelet modes and corresponding timescales in this chapter 

Mode-i Timescale (𝑇) 

1  21 = 2  minutes 

2  22 = 4  minutes 

3  23 = 8  minutes 

4  24 = 16  minutes 

5  25 = 32  minutes 

6  26 = 64  minutes 

At this stage, the resulting wavelets from decomposing 𝑃𝑂𝐴nrm[𝑘] using (3.3) are 

divided by √𝑉𝑅𝐼mode-𝑖
max  to derive the equivalent normalized POA, 

 (𝑃𝑂𝐴nrm
eq

)
mode-𝑖

[𝑘], seen by all PV systems in the neighbourhood over that 

timescale, as given by [28] 

(𝑃𝑂𝐴nrm
eq

)
mode-𝑖

[𝑘] =
𝑊𝑇mode-𝑖[𝑘]

√𝑉𝑅𝐼mode-𝑖
max

 (3.8) 

Now, the equivalent normalized POA over the considered day (𝑃𝑂𝐴nrm
eq

[𝑘]) can 

be calculated by properly merging the values given by (3.8) with each other, using 

an inverse discrete Wavelet function, presented as: 
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𝑃𝑂𝐴nrm
eq

[𝑘] =  ∑ (𝑃𝑂𝐴nrm
eq

)
mode-𝑖

[𝑘]
6

𝑖=1
 (3.9) 

At this stage, the equivalent POA seen by all PV systems in the neighbourhood 

can be determined from (3.10) and using the day’s clear sky POA, as given by: 

𝑃𝑂𝐴𝑒𝑞[𝑘] = 𝑃𝑂𝐴𝑛𝑟𝑚
𝑒𝑞 [𝑘] × 𝑃𝑂𝐴𝑐𝑙𝑟[𝑘] (3.10) 

Replacing 𝑃𝑂𝐴[𝑘] with  𝑃𝑂𝐴
eq

[𝑘] in (3.4) yields the approximate average 

output power of the PV modules in that neighbourhood over the considered day 

(denoted by 𝑃module
POAeq

). Multiplying this figure with the total number of PV modules 

available in the neighbourhood (denoted by 𝑁module) results in the estimated overall 

power of all rooftop PV systems, as given by: 

𝑃
eq

[𝑘] = 𝑁module × 𝑃module
POAeq

[𝑘] (3.11) 

Therefore, in summary, using the POA, measured at the location of one of the 

PV plants, and calculating the above-mentioned correlational factors, the 

aggregated overall power of all rooftop PV systems can be estimated, as detailed 

above. The above steps are schematically illustrated in the flowchart in Fig. 3.3. 

It is to be emphasised again that this chapter has only focused on geographical 

smoothing because of the PV systems distributed in an area that sees various 

irradiances because of cloud movement. Therefore, the proposed method is not 

applicable for a spatially persistent model in which the irradiance is the same across 

all the PV systems which can occur on (a) a clear sky day without any clouding 

events, (b) a cloudy day in which a significantly large and uniform cloud is not 

causing variation in irradiances for the PV systems throughout the day. In both 

cases, the cloud speed estimation technique will not determine any numerical value 

for the cloud speed. Therefore, the proposed technique is inapplicable. It should be 

noted here that this is not a limitation for the proposed technique but is expected, as 

one of its inputs is unknown, and therefore the technique cannot yield any numerical 

outcome for those days. 
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6
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Calculate the estimated 
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Start
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𝑒𝑞

[𝑘] 
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𝑧 )

eq
 𝑉𝑅𝐼𝑧  

𝑉𝑅𝐼mode-𝑖
𝑧  

𝑊𝑇mode-𝑖[𝑘] 

(𝑃𝑂𝐴nrm
eq

)
mode-𝑖

[𝑘] 

𝑃𝑂𝐴nrm
eq

[𝑘] 

𝑃𝑂𝐴
𝑒𝑞

[𝑘] 

𝑃
eq

[𝑘] 

 

Fig. 3.3 Flowchart of the proposed technique for estimating the overall power of a 

group of neighbouring PV systems 

3.3 Performance Evaluation 

The St Lucia campus of the University of Queensland in Brisbane, Australia, is 

situated at a longitude of 153°29'44'' E and latitude of 27o00'30'' S. This campus has 

16-rooftop PV systems with a total capacity of 2.14 MW distributed over 1 km2 

[27]. To obtain the highest output power, the PV modules face north and are tilted 

at 30o to be approximately equal to the site’s latitude. Table 3.3 lists these PV 

systems, along with their dimensions, types and capacities, while Fig. 3.4 shows 

their locations on the map. 

The city of Brisbane is characterised by humid subtropical weather and it 

experiences larger cloud coverage in summer than in winter. In winter, it is dry and 

middling warm and in summer, hot and humid.  

The ambient temperature recorded at the site is 20.4–30.3C over the summer 

(December–February), 13.7–29C in autumn (March-May), 10.2–21.9C in winter 

(June–August), and 13.8–28.4C in spring (September–November) [27]. In 

addition, the wind at the site each month has a dominant direction, as indicated in 

Table 3.4. 
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Table 3.3 Considered distributed rooftop PV systems at the studied site  

No Location Power rating 

(kWp) 

Array area 

(m²) 

Module size 

(m) 

𝑁module 

1 UQ Center* 4 33.44 2,956 1.65  0.99 1,806 

2 Multi-Level Carpark* 677.8 4,610 1.65  0.99 2,824 

3 Sir Llew Edwards * 89.76 612 1.65  0.99 374 

4 Prentice** 13.5 78 1.65  0.99 56 

5 Advanced Engineering* 95.75 640 1.67  1 383 

6 Learning and Innovation* 45.25 303 1.67  1 181 

7 Global Change Institute* 138 941 1.65 0.99 575 

8 General Purpose North* 66.5 432 1.64  0.99 266 

9 Warehouse* 164 1,065 1.64  0.99 656 

10 Queensland Bioscience 

Precinct** 

34.66 173 1.56  1 106 

11 Joyce Ackroyd* 54.3 342 1.65  0.99 209 

12 Colin Clark * 51.5 324 1.65  0.99 198 

13 Axon* 34.32 216 1.65  0.99 132 

14 GP South * 72.56 457 1.65  0.99 279 

15 Duhig North* 137.65 839 1.95  0.98 437 

16 Pedestrian Link Bridge* 15.25 97 1.96  0.99 50 

p-Si* = Polycrystalline Silicon,              m-Si** = Mono-crystalline Silicon     

kWp represents the peak power in killo-watt generated by the PV system at mid-

day (12:00 pm) where the irradiance is usually at its maximum level. 
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Fig. 3.4 The site of the study indicating the locations of the PV systems 

The distributed PV systems at the study site suit the main concept of this study 

well because of the availability of the POA, seen by each rooftop PV system, and 

their individual generated power, along with the availability of the ambient 

temperature and wind speed, at one-minute resolution. 

On the other hand, [27] and [77-81, 88] have been used to define the parameters 

employed in (3.4) and (3.6), considering the assumed locality and the focused time 

of the year. The cloud speed is also required in correlational coefficient models 

(2.4) to (2.7); however, because of the unavailability of this data, cloud speed is 

approximated in this study using the method proposed in [12], as detailed in section 

3.2 below.  

First, as mentioned above when calculating the correlational models (2.4)–(2.7), 

the cloud speed is required. This can be achieved by a commercially available 

product; however, this technology is now under development [89]. Therefore, many  
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Table 3.4 Dominant wind direction and range of ambient temperature at the study 

site for 2016–2017. 

Season Month Wind direction 
Ambient temperature 

(C) 

Autumn 

March 93% West 21.2–25.2 

April 92% West 20.3–25.3 

May 96% West 16.3–25 

Winter 

June 93% West 8.1–19.3 

July 20% South, 19% Southwest 11–23 

August 65% West 12.6–20.9 

Spring 

September 85% Southwest 12.6–19.7 

October 88% west 17.4–22.9 

November 74% west 21.7–26 

Summer 

December 50% west 22.1–27.7 

January 93% West 21.1–27.5 

February 47% West 23.4–29.3 

researchers use a technique to estimate the cloud speed. As an example, [12] and 

[13] estimate the cloud speed using two methods: The first method uses cross-

correlation models for POA between each pair of sensors while the second uses 

three sensors distributed around a specific area and considers the time delay and 

distance between the points. Similarly, [12] uses a number of pyranometers on the 

ground to derive a scaling factor from which the cloud speed is calculated while the 

method in [90] collects satellite images and analyses them for this purpose. Most 

researchers prefer the ground method because data acquisition and interpretation 

from satellite images are complex and challenging [12, 14]. In the studies of this 

chapter, the cloud speed is derived using the method from [12]. Some pyranometers 

are considered across the neighbourhood. Using the Wavelet transform model of 
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(3.3), their data are decomposed into six modes, and the correlation among every 

two sensors is determined using (2.1) in each mode. The defined correlational 

model is assumed to be equal to that given by (2.6), from which the cloud speed is 

approximated on the basis of: 

Vc[k] =
−2

T × Lm,n
ln (ρm,n

Pearson[k]) (3.12) 

 

 (a) 

 

(b) 

 

Fig. 3.5 Approximated cloud speed for eight days in different seasons: a) 

calculated correlation coefficient on 04/07/2016, b) the fitted results for seven 

sample days 

The POA data from 5 rooftop PV modules are collected for each of 312 days. 

Then, considering the different timescales, the correlation of these PV systems 
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versus exp(−Lm,n T⁄ ) is plotted, as shown in Fig. 3.5 a. The results are fitted with 

an exponential curve to determine the approximate cloud speed. Using the same 

technique, Fig. 3.5 b illustrates different cloud speeds captured for some of the day's 

under study, varying between 1.52 and 20 m/s. 

This information is used in correlational factors. It is to be noted that in this 

study, it is assumed that the speed, direction and shape of the cloud passing over 

one PV system is the same as that when it is passing over the other neighbouring 

PV systems during the same period [11, 20, 21]. This assumption is in line with 

other research in this field including research into cloud speed. The Wind Rose Rule 

is also used to define cloud direction based on which the direction of the wind is 

divided into eight directions of North (337.5–22.1o), Northeast (22.2–67.4o), East 

(67.5–112.4o), Southeast (112.5–157.4o), South (157.5–202.4o), Southwest (202.5 

–247.4o), West (247.5–292.4o), and Northwest (292.5–337.4o) [91]. 

 

The data from the pyranometer, installed next to PV site-7, is employed as the single 

POA measurement for the rest of this study. Fig. 3.6 shows the output power of the 

rooftop PV modules installed at the considered site on 6 March 2016. One of the 

curves in this figure corresponds to the generated power from one PV module 

(located at PV site-10), while the other two curves depict the average power, 

generated by a group of 7 and 16 PV modules across the studied site. As can be 

seen in Fig. 3.6, the power generated by the single PV module is larger than the 

average generated power by the group of 7 and 16 PV modules around 9:15 am. 

This is because a small cloud passes over the neighbourhood which has not 

blocked the solar irradiance exposed to the single PV module, but is blocking it for 

the pyranometer. However, it can be seen that around 2:56 pm, a large cloud is 

passing over the neighbourhood and the measured power, generated by the 

considered single PV module, closely matches the average of the generated power 

by the group of 7 and 16 PV modules. 

The proposed method with the flowchart in Fig. 3.3 is applied for this system 

over 312 days among 365 days in 2016 and 2017 (excluding clear sky days). The 

study considers days with large, intermediate and low variability to test the VRI 

during different ambient conditions.  
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Fig. 3.7 shows the average of the calculated VRIs from (2.10) for all considered 

rooftop PV modules for the days under study, using correlational coefficient models 

(2.4) to (2.7). The results are provided for each timescale (in Table 3.2) separately. 

 

Fig. 3.6 The power generated by the PV module at PV site-10, as well as the average 

power generated by 7 and 16 rooftop systems across the studied site 

Moreover, they are classified based on different ranges of the calculated cloud 

speed. Results show that for most days in the study, the trend in the correlational 

factors is the same for cloud speeds above 3.1m/s. Therefore, Fig. 3.7 has been 

categorised under cloud speeds of 0.2 ≤ 𝑉𝑐 ≤ 0.5, 0.6 ≤ 𝑉𝑐 ≤ 2.2, 2.3 ≤ 𝑉𝑐 ≤ 3 

and 𝑉𝑐 ≥ 3.1 m/s. If for one range, two different types of trends are observed for 

the correlational factors, both of them are presented. From this figure, it can be seen 

that different correlational models yield unequal VRIs at various modes and cloud 

speeds. For example, for Fig. 3.7a, mode-3 at a cloud speed range of 0.2≤V_c≤0.5 

m/s, the ACM model provided the largest value for all days, whereas at the cloud 

speed range of 0.6≤V_c≤2.2 m/s, the Lave model gave the largest value for some 

days (as shown in the first Figure) and the ACM model gave the largest value at the 

other days (as shown in the second Figure). Table 3.5 summarises the outcomes of 

Fig. 3.7 and shows that the ACM and Lave models yield the largest average VRI 

values for most of the modes. 
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Mode 
0.2 ≤ 𝑉c ≤ 0.5 m/s 

9% of days 
0.6 ≤ 𝑉c ≤ 2.2 m/s 

31% of days 
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Mode 
2.3 ≤ 𝑉c ≤ 3 m/s 

14% of days 
𝑉c  3.1 m/s 
46% of days 
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(b) 

 
Fig. 3.7 Average VRI calculated using the Hoff, Perez, Lave and ACM models for 

the considered site over 312 days at various cloud speeds and timescales 

a) for 0.2 ≤ 𝑉c ≤ 2.2 m/s     b) for 2.3 ≤ 𝑉c ≤ 3 m/s and 𝑉c  3.1 m/s 

It should be noted that the power generated can experience rapid and large 

fluctuations, which are an important issue in the operation of power systems; 

however, the proposed technique in this chapter is more a measurement (estimation) 
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type technique. The common practice of demonstrating the performance of 

techniques such as the one proposed in this chapter illustrates the mean absolute 

error (MAE) or the root mean square error (RMSE) between the measured power 

generated by all PV modules at the considered site and the estimated power using 

Table 3.5 The correlational coefficient models that yield the largest average VRI 

for the considered site during the period of the study 

Cloud speed (m/s) 0.2 ≤ 𝑉c ≤ 0.5  0.6 ≤ 𝑉c ≤ 2.2 2.3 ≤ 𝑉c ≤ 3 𝑉c  3.1 

Day’s ratio (%) 5.8 22 23 49.2 

M
o
d
es

 

1 ACM ACM ACM ACM/Lave 

2 ACM ACM ACM ACM/Lave 

3 ACM ACM/ Lave Lave Lave 

4 ACM ACM/ Lave Lave Lave 

5 ACM/Lave Lave Lave Lave 

6 ACM Lave Lave Lave 

each of the correlational models [8, 11, 77, 92]. Fig. 3.8 illustrates these two 

quantities for the period of the study at the considered site. As mentioned in Table 

2.5, the ACM model works for all modes if the cloud speed is below 0.5m/s. 

Therefore, the MAE and RMSE results in Fig. 3.8 for the ACM model are only 

shown for those days where the cloud speed is below 0.5m/s (and acceptable for the 

ACM model). From this figure, it can be seen that the proposed technique has the 

least MAE and RMSE and highest accuracy when compared with each of the 

existing correlational models. Table 3.6 summarises the findings from Fig. 3.8, and 

numerically compares the minimum and maximum observed MAE and RMSE for 

each correlational coefficient model versus the proposed method. From this table, 

it can be seen that the minimum observed MAE among the investigated 

correlational coefficient models varies between 2.6 and 3.7% (when the cloud speed 

is less than 0.5m/s) and between 1.2 and 1.4% (when the cloud speed is above 

0.5m/s). However, these figures are respectively 2.5 and 1.1% for the proposed 

method. Likewise, the maximum observed MAE among the investigated 
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correlational coefficient models varies between 14.2 and 16.5% (when the cloud 

speed is less than 0.5m/s) and between 16.5 and 17.6% (when the cloud speed is 

above 0.5m/s); however, for the proposed method, these figures are 13.9 and 16.2% 

depending on the cloud speed.  
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Fig. 3.8 Comparison of the error between the power generated and estimated using 

different VRI models, calculated under (a) MAE, and (b) RMSE 

As such, the proposed method demonstrates minimum and maximum 

improvements respectively of 1.8 and 48% in the accuracy of the estimated total 

power, versus each considered correlational model based on the MAE. Likewise, 

this table shows a very similar trend in the improvement using the proposed method 

when the RMSE criterion is in focus. It can be seen that the proposed method 

presents minimum and maximum improvements of respectively 1.8 and 32% under 

the RMSE criterion. Moreover, Eq. (3.7) uses the largest VRI, given by the Hoff, 

Perez, Lave, and ACM correlational models, at each mode of the Wavelet analysis 

in the proposed technique. This improves the accuracy of the estimated power using 

the proposed technique. 

To illustrate this, another study is conducted that demonstrates the direct 

relationship between the accuracy of the estimated power and VRI at each mode of 

the Wavelet analysis, as discussed below. 
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Let us consider a sample day. First, the overall power generated by all neighbouring 

PV systems at the considered study site is calculated and then converted into 6 

modes, using the Wavelet transform from (3.3).  

Table 3.6 Comparison of the MAE and RMSE for differenet correlation models 

Cloud speed (m/s) 𝑉c < 0.5 𝑉c  0.5 

Correlational coefficient 

model 

MAE RMSE MAE RMSE 

Min Max Min Max Min Max  Min Max 

Perez 3.6 16.2 6.6 17.4 1.3 17.0 1.8 18.9 

Hoff 3.7 16.5 7.4 18.0 1.4 17.6  1.9 19.6 

Lave 3.0 15.7 6.1 17.0 1.2 16.5 1.6 18.2 

ACM 2.6 14.2 5.7 16.0 N/A N/A 

Proposed method 2.5 13.9  5.6 15.0 1.1 16.2 1.5 17.7 

Minimum improvement 4 2.2 1.8 6.6 9 1.8 6.6 2.8 

Maximum improvement 48 18.7 32 20 27.2 8.6 26.6 24.6 

Then, the overall power is estimated using the proposed technique and the available 

POA measurement at a single PV location and the VRI defined by each 

correlational model. To this end, (3.7) has been deactivated. Then, these estimates 

of the power generated are passed through the Wavelet transform to yield the 

corresponding values in 6 modes. 

Fig. 3.9 a shows the VRI defined by each correlational model at each timescale, 

while the difference between the actual power in each mode versus that estimated 

by each correlational model is depicted in Fig. 3.9 b. As seen from this figure, in 

each mode, the correlational model that has the largest VRI delivers the greatest 

accuracy in the estimated power. Fig. 3.9 illustrates the results for one day only. 

Extending this study to all other days in the study, the analysis reveals the same 

finding. Therefore, a direct relationship is seen between the accuracy of the power 

estimation versus the VRI’s value, which has been employed using (3.7) in the 

proposed technique, to improve the accuracy of power estimation. This is because 
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a larger VRI represents a smoother (better averaged) POA that is seen by all PV 

systems in that area. When this value is used in the proposed technique, the resulting 

estimated power is much smoother and thus closer to the overall actual power of 

the PV systems, yielding better estimation accuracy. 
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Fig. 3.9 (a) VRI defined using the studied correlational models at each mode, (b) 

The difference between the anticipated overall power generated by each 

correlational model and the measured power  

It is also important to discuss the accuracy of the available POA data and provide 

a study to demonstrate the accuracy of the measured POA and ambient temperature 

by using them in (3.4), and comparing its outcome with the actual power, measured 

by the wattmeter, at the output of the PV array. The results of this comparison are 

provided in Fig. 3.10 for 6 sample days. This figure shows an MAE of 0.27–0.45% 

for the studied days. This finding is also valid for the other sample studied days at 

the considered site. 

The above study demonstrates an MAE of less than 0.5% in the case of using 

one pyranometer per PV system. As seen in Table 3.6, the MAE varies between 1.2 

and 17.6% depending on the employed correlational factor. It is to be noted that this 

increase in the MAE is mainly due to the use of a single pyranometer for the whole 

neighbourhood, which involves less capital expenditure. The proposed technique 

reduces the MAE to between 1.8 and 48%, depending on the cloud speed. 

It is worth mentioning that the best calibration reported for the accuracy of 

pyranometers is 3% [90]. However, there is no officially recognised standard that 

is used to determine the net accuracy of a pyranometer measurement in the field for 

any given measurement condition. It is reported in [91] that the accuracy 

estimations published by pyranometer manufacturers are subjective because they 

do not conform to any standardized test method. Some manufacturers characterise 
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certain instrument offset characteristics in the lab; however, it is not always possible 

to transfer such test data from the laboratory environment to the real world  

 

Fig. 3.10 Error and MAE of the calculated power using (11) and the power 

measured by the wattmeter for the PV array located next to the pyranometer over 

6 sample days 

Ultimately, to evaluate the impact of the location of the pyranometer on the 

accuracy of the estimated total output power, another study has been conducted. In 

general, the location of the most suitable point for installing the pyranometer, when 

a single POA measurement point is considered, highly depends on the ambient 

factors and needs to be evaluated for any considered site. In this chapter, the 

location of the pyranometer is assumed to be varied among 8 points across the 

considered site (i.e. next to PV sites 4, 7, 8, 9, 10, 11, 13, and 16 in Fig. 3.4) in an 

exhaustive search analysis. The remaining PV sites are not considered because they 

are very close to one of the above-mentioned selected sites. In each analysis, the 

above considered 312 days are re-analysed using the proposed method, and the 

percentage of days that the proposed method observes an accuracy above 90% in 

the estimated total output power is determined. This percentage is provided in Table 

3.7 for each assumed location of the pyranometer. From this table, it can be seen 
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that when the pyranometer is located on either the northern or southern parts of the 

investigated site (e.g. PV sites 8, 11 and 13), the proposed method has an overall 

high accuracy during the investigated period. Among those when the pyranometer 

is located at PV site 8, the proposed method has an accuracy above 90% on 81% of 

the studied days. On the other hand, when the pyranometer is located on the western 

side of the studied site (e.g. PV sites 7 and 16), the proposed method has the least 

accuracy. As an example, for the pyranometer at PV site 16, the proposed method 

has an accuracy above 90% on only 20% of the studied days. Therefore, PV site 8 

is found to be a very suitable location for the installation of the pyranometer for this 

case study.  

Table 3.7 Percentage of days in which the proposed method has an accuracy of over 

90% when the pyranometer is located at various PV sites. 

Pyranometer located at site- Percentage of days (%) 

4 51 

7 25 

8 81 

9 60 

10 40 

11 75 

13 74 

16 20 

 

3.4 Summary 

This chapter presented several models to express the correlation between two PV 

systems located in one area. These correlational models are used to determine the 

VRI of the power generated by these PV systems and estimate their overall 

generated power. This chapter focuses on defining the accuracy of various 
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correlational models in the literature when applied to a group of small-scale rooftop 

PV systems, distributed in a small area, versus large PV systems distributed over 

large areas, for which these models were developed and validated. Employing these 

models for the real system under consideration revealed that no single analysed 

correlational model always results in the most accurate estimation. The chapter then 

proposed a technique, which combines the outcomes of the existing correlational 

coefficient models, to improve the estimating accuracy. The Wavelet transform 

model with six modes has been used, which maximises the estimation accuracy by 

selecting a VRI from a model that has the highest value at each timescale. The 

developed method is validated by comparing the measured power generated by a 

group of 16 neighbouring small-scale rooftop PV systems, with the estimation 

results from the proposed method. The results show that the proposed method 

improves the accuracy by at least 1.8% and up to 32 or 48% (depending on whether 

the MAE or RMSE are employed) for 312 non-clear sky days of a single year. It 

must be noted that this technique uses a single pyranometer for the considered 

distributed PV systems. Hence, a study has also been conducted to investigate the 

location impact of the pyranometer on the results, and hence, the most appropriate 

location has been identified. 
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Chapter 4 ANFIS-Based Approach 

This chapter presents a machine learning application by using the Adaptive 

Network-based Fuzzy Inference System (ANFIS) and Wavelet transform model to 

improve a model to estimate the output power of a group of neighbouring rooftop 

PV systems within 0.7 km2. The model is derived by employing one pyranometer 

located close to the PV systems. The results of the model validation are also 

introduced. This chapter demonstrates that the accuracy of the proposed model is 

better than the existing models mentioned in the literature. A discussion and 

sensitivity analysis of the model parameters have been demonstrated and plotted. 

4.1 ANFIS 

Traditional mathematical modelling methods are inappropriate tools for dealing 

with stochastic and uncertain data, such as solar irradiance. More accurate 

modelling can be achieved based on the integration of the artificial neural network 

(ANN) and fuzzy control system (FCS) features to form ANFIS, which is a 

powerful technique that can map the relationship between a set of input and output 

variables [93]. ANFIS combines the features of ANN and FCS and can function in 

a noisy, uncertain and indefinite environment. In this technique, the ANN provides 

the FCS with learning capabilities, while the FCS provides ANN with an organised 

structure with well-established fuzzy rules reasoning and thinking [94]. The two 

learning algorithms adopted in the ANFIS technique are the back-propagation and 

hybrid approaches that act to reduce the error between real and estimated data [95]. 

FCS is a key system for making decisions in a fuzzy logic system as a primary 

function by using IF-THEN rules and by using OR or AND functions to map the 

essential decision function. Two famous models are presented in FCS – Mamdani 

and Sugeno’s models. Sugeno’s model is computationally more effective and more 

compact than Mamdani’s models with sample data-based fuzzy functions, adaptive 

and optimization approaches [96]. The output of Sugeno’s FCS is crisp and has 

mathematically intractable defuzzification. Therefore, Sugeno’s FCS merged with 

the ANN technique can be used to model data that have a stochastic trend, such as 

solar irradiance. Sugeno’s FCS uses a database that determines the membership 
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function (MF), which is used in the fuzzy rules. The membership function is a 

structural block of a fuzzy system employed for a particular problem since they 

affect a fuzzy inference system. They can have various shapes such as Gaussian, 

triangular and trapezoidal. It should be noted that the MF’s values must vary 

between 0 and 1. Each MF takes only one rule, so the number of MFs should be 

equal to the number of FCS rules. To illustrate the ANFIS architectonics, the 

example below has been considered. In this example, a first-order Sugeno function 

and two IF-THEN rules are used [93]: 

Rule-1 

𝐼𝐹 𝑥𝑜 𝑖𝑠 𝑁1 𝐴𝑁𝐷 𝑦𝑜 𝑖𝑠 𝑀1, 𝑇𝐻𝐸𝑁  

 

(4.1) 

 

𝑓1 = 𝑎1𝑥𝑜 + 𝑏1𝑦𝑜 + 𝑟1  

 

(4.2) 

 

Rule-2 

𝐼𝐹 𝑥𝑜 𝑖𝑠 𝑁2 𝐴𝑁𝐷 𝑦𝑜𝑖𝑠 𝑀2, 𝑇𝐻𝐸𝑁 (4.3) 

 

𝑓2 = 𝑎2𝑥𝑜 + 𝑏2𝑦𝑜 + 𝑟2 

 

(4.4) 

where 𝑥𝑜 and 𝑦𝑜 are the input variables, 𝑁𝑗 and 𝑀𝑗 are fuzzy sets, 𝑓𝑗 the output 

variable, while 𝑎𝑗 and 𝑏𝑗 are parameters evaluated through the training mode. The 

ANFIS architectonics by using the Sugeno function, which is the main function 

used in the ANFIS modelling technique, can be depicted in Fig. 4.1 [95]. In this 

depiction, the square nodes refer to adaptive nodes, which are the parameters that 

have to learn, whereas the circular nodes are fixed nodes, which are the parameters 

that have to be fixed through the learning mode. ANFIS consists of five layers, and 

each one is explained below. 

Layer-1: This is the first layer that obtains the input variables. The outputs of 

this layer are the fuzzy MF grade of the input variables given by: 

𝑂1,𝑗 = 𝜇𝑁𝑗
(𝑥𝑜) (4.5) 
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where 𝑗 = 1,2 

𝑂1,𝑗 = 𝜇𝑀𝑗−2(𝑦𝑜) (4.6) 

where 𝑗 = 3,4 

Where 𝑥𝑜  and 𝑦𝑜 are the input variables to node 𝑗, while 𝑁𝑗 and 𝑀𝑗 are the 

linguistic labels (e.g high, low, etc.) linked with this node function and 𝜇𝑁𝑗
(𝑥𝑜) and 

𝜇𝑀𝑗−2(𝑦𝑜) can be any fuzzy MF, such as Gaussian and bell-shaped as stated below, 

respectively [95]: 

𝜇𝑁𝑗
(𝑥𝑜) =

1

1+[(
𝑥𝑜−𝑐𝑗

𝑙𝑗
)

2

]𝑚𝑗

 
(4.7) 

 

𝜇𝑁𝑗
(𝑥𝑜) = exp [−(

𝑥𝑜−𝑐𝑗

𝑙𝑗
)

2

] (4.8) 

where 𝑗 = 1,2 and 𝑐𝑗, 𝑙𝑗, and 𝑚𝑗 are the MF parameters.    

Layer-2: This layer contains fixed nodes which involve a fuzzy operator such as 

AND or OR operators indicated by π. The output of this layer can be illustrated as:  

𝑂2,𝑗 = 𝑊𝑗 = 𝜇𝑁𝑗
(𝑥𝑜) ∗ 𝜇𝑀𝑗

(𝑦)  (4.9) 

 

These outputs of the two layers are called rules firing strengths. 

Layer-3: This layer contains fixed nodes, as well as the indicator Nor referring 

to the normalisation stage, so this layer is called normalised firing strengths. The 

output of this layer can be given by: 

𝑂3,𝑗 = 𝑊𝑗 =
𝑊𝑗

𝑊1+𝑊2
  (4.10) 

Layer-4: The nodes in this layer are adaptive. The output of this layer is the 

product of the output of layer-3 (normalised firing strengths) and the first-order 

polynomial (for the first order of the Sugeno function) which can be given by:  

𝑂4,𝑗 = 𝑊𝑗  𝑓𝑗 = 𝑊𝑗  (𝑎𝑗𝑥 + 𝑏𝑗𝑦 + 𝑟𝑗)  (4.11) 
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Layer-5: This is the output of the ANFIS technique. It contains only one fixed 

node indicated by the ∑ sample. This node explained the summation of all output 

signals illustrated by [93]  

𝑂5,𝑗 = ∑ 𝑊𝑗  𝑓𝑗 =
∑ 𝑊𝑗𝑓𝑗𝑗

∑ 𝑊𝑗𝑗
𝑗    (4.12) 

 

Nor

Nor

𝑥  

𝑦 

𝑁1  

𝑁2  

𝑀1  

𝑀2  

π 

π 

𝑥  𝑦 

𝑥  𝑦 

𝑊1  

𝑊2  

𝑊1  

𝑊2  

𝑊1  𝑓1  

𝑊2  𝑓2  

𝑓  

Layer-1

Layer-2 Layer-3

Layer-4

Layer-5

∑ 

 

Fig. 4.1 ANFIS architectonics 

 

The two learning algorithms adopted in the ANFIS technique are the back-

propagation and hybrid approaches that act to reduce the error between real and 

estimated data [95]. Since the back-propagation algorithm is relatively slow [97], 

the hybrid-learning algorithm is adopted to train the proposed ANFIS model in this 

chapter. 

In summary, there are several features [93, 94] that make the ANFIS technique 

eligible for estimating and predicting models involving uncertain and stochastic 

data; for example, ANFIS:   

 does not need previous human skills; 

 uses FCS rules to describe complex systems; 

 entails fast and accurate learning; 
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 contains the desired data, several MFs to employ, and excellent illustration 

facilities using fuzzy rules; 

 can be used for problem-solving with both numeric and linguistic 

information. 

4.2 Proposed Methodology  

The proposed technique in this chapter is a combination of a Wavelet transform 

and an ANFIS. To build a model that aims at improving the accuracy of estimations 

of the output power of several rooftop PV systems using ANFIS, it is important to 

identify the input parameters that influence the output power variability such as 

ambient temperature (𝑇𝑚𝑝), humidity (𝐻u), PV plant area (𝐴𝑑
𝑝𝑣

), PV system site 

power capacity (𝑃𝑑
cap

), cloud speed (𝑉𝑐) as well as the solar irradiance. Some of 

these parameters are collected using a PV pyranometer located close to the PV 

systems, while other parameters are obtained based on the PV system properties. In 

the developed model, the input data are divided into three categories as below. 

1. PV system properties data: The developed model considers the PV areas 

(𝐴𝑑
𝑝𝑣

) which is divided into 6 sub-areas with specific power capacity (𝑃𝑑
𝑐𝑎𝑝

) for each 

area ((𝐴1
pv

, 𝑃1
cap

), (𝐴2
pv

, 𝑃2
cap

), (𝐴3
pv

, 𝑃3
cap

), (𝐴4
pv

, 𝑃4
cap

), (𝐴5
pv

, 𝑃5
cap

), (𝐴6
pv

, 𝑃6
cap

)). 

In which, (𝐴6
pv

) represents the entire PV plant area while 𝐴pv and 𝑃
cap

 are used to 

calculate the power density per unit area (𝐷𝐴
cap

= 𝑃
cap

/𝐴pv). This division 

facilitates the application of the proposed model on various PV plants of different 

areas and capacities. The division is selected based on various parameters, such as 

the number of PV systems, their capacities and the layout of the area in which the 

PV systems are spread. The aim of this division is to improve the model's accuracy 

in estimating the generated power by each small area. The value of 𝑉𝑐 can be 

calculated using the method described in [12] 

2. PV sensor data: This includes 𝑇𝑚𝑝 and 𝐻u that can be directly collected 

from the pyranometer sensor installed at the PV system site. 

3.  𝑊𝑇 data: obtained using wavelet timescales (modes) analysis. When the 

pyranometer is installed with the same tilt and orientation as the PV systems, the 
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output irradiance of the PV sensor will be a plane of the array (𝑃𝑂𝐴) [45]. Let 

𝑃𝑂𝐴[𝑘] denote the output of the pyranometer, in which 𝑘 is a time index. 

To improve the ANFIS accuracy in estimating the output power, the time-series 

(𝑃𝑂𝐴) for each day is divided into five sub-time-series. This procedure enables the 

proposed technique to correlate the input and output variables at a specific period 

of the day more precisely due to the dynamic change in weather conditions over the 

day. For each sub-time series, the module output power can be calculated using 

(3.4) [76], in which the output of (3.4) is indcated by 𝑃POA
mdu−in[𝑘]. 

The average of the total output power of the PV plant (𝑃Eq
mdu−out[𝑘]) is calculated 

by assuming each module is providing the same share of the overall power. Then, 

𝑃POA
mdu−in[𝑘] and 𝑃Eq

mdu−out[𝑘] are normalised by dividing each by 𝑃POA
clr [𝑘] (output 

power under clear sky conditions), which can be calculated by replacing 𝑃𝑂𝐴[𝑘] in 

(3.4) by 𝑃𝑂𝐴𝑐𝑙𝑟 from (3.6). 

Then, (4.13) and (4.14) can be derived as: 

𝑃nrm
POA−in[𝑘] =

𝑃POA
mdu−in[𝑘]

𝑃clr
POA[𝑘]

  (4.13) 

𝑃nrm
POA−ou𝑡[𝑘] =

𝑃Eq
mdu−out[𝑘] ]

𝑃clr
POA[𝑘]

  (4.14) 

Using (3.3), 𝑃nrm
POA−in[𝑘] and 𝑃nrm

POA−ou𝑡[𝑘] can be decomposed into three 

timescale functions. Thus, 𝑊𝑇mode-𝑖 analysis of 𝑃nrm
POA−in[𝑘] yields three high-

frequency modes (𝑃mode−𝑖
HF−in [𝑘]) and three low-frequency modes (𝑃mode−𝑖

LF−in [𝑘]). In the 

same way, 𝑃nrm
POA−ou𝑡[𝑘] is analysed into three high-frequency (𝑃mode−𝑖

HF−out[𝑘]) and 

low-frequency (𝑃mode−𝑖
LF−out [𝑘]) modes. It is to be noted that from the inverse Wavelet 

transform, the first and second low-frequency modes can be ignored as they have 

no impact on the inverse wavelet process as explained in (4.15) below[97]. 

𝑃nrm−𝑜𝑢𝑡
Eq−ANFIS

= 𝑖𝑛𝑣(𝑃𝑚𝑜𝑑𝑒−1
HF−ANFIS[𝑘]) + 𝑖𝑛𝑣(𝑃𝑚𝑜𝑑𝑒−2

HF−ANFIS[𝑘]

+ 𝑖𝑛𝑣(𝑃𝑚𝑜𝑑𝑒−3
HF−ANFIS[𝑘] + 𝑖𝑛𝑣(𝑃𝑚𝑜𝑑𝑒−3

LF−ANFIS[𝑘]) 
(4.15) 

𝑃mode−𝑖
HF−in [𝑘] and 𝑃mode−𝑖

LF−in [𝑘] along with the parameters mentioned in points 1 and 

2 above will be the ANFIS input parameters, whereas 𝑃mode−𝑖
HF−out[𝑘] and 𝑃mode−𝑖

LF−out [𝑘] 
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are the outputs, as shown in Table 4.1. In Table 4.1, the first and second columns 

represent the input and outputs of the ANFIS technique while the third column 

represents the ANFIS models after the training stages. 

The results of the ANFIS modelling process comprise four ANFIS models, each 

one represents the ANFIS- WT model at a certain wavelet mode. For example, 

𝑃mode−1
𝐻F−ANFIS[𝑘], 𝑃mode−2

HF−ANFIS[𝑘] and 𝑃mode−3
HF−ANFIS[𝑘] represent the equivalent wavelet 

analysis of mode-1, mode-2, and mode-3 for high-frequency signals, respectively, 

while 𝑃mode−3
LF−ANFIS[𝑘] represents the equivalent wavelet analysis of mode-3 for a low-

pass signal as shown in Table 4.1. 

Then, by applying the inverse WT as in (4.15), the estimation of the equivalent 

normalised output power of a number of rooftop PV systems distributed within a 

certain area is evaluated. 

Table 4.1 ANFIS input and output data and models after the training stage 

Input parameters Output ANFIS models after 

training   

𝐷𝐴
𝑐𝑎𝑝

(could be for 𝐴1
pv

,  𝐴2
pv

,  

𝐴3
pv

, 𝐴4
pv

, 𝐴5
pv

 or  𝐴6
pv

), 𝑉c 

𝑇𝑚𝑝[𝑘], 𝐻u[𝑘] 

𝑃mode−1
HF−in [𝑘] 𝑃mode−1

HF−out [𝑘] 𝑃mode−1
HF−ANFIS[𝑘] 

𝑃mode−2
HF−in [𝑘] 𝑃mode−2

HF−out [𝑘] 𝑃mode−2
HF−ANFIS[𝑘] 

𝑃mode−3
HF−in [𝑘] 𝑃mode−3

HF−out [𝑘] 𝑃mode−3
HF−ANFIS[𝑘] 

𝑃mode−3
LF−in [𝑘] 𝑃mode−3

LF−out [𝑘] 𝑃mode−3
LF−ANFIS[𝑘] 

By multiplying the results of (4.15) by 𝑃clr
POA[𝑘] and the number of PV modules 

(𝑁module), the equivalent output power seen by the entire PV plant can be estimated 

as follows: 

𝑃out
Eq−ANFIS

= 𝑃nrm−out
Eq−ANFIS

× 𝑃clr
POA[𝑘] × 𝑁module (4.16) 

Fig. 4.2 illustrates the flowchart of the main steps of the ANFIS-WT technique 

proposed in this chapter. 
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Fig. 4.2. The proposed methodology for the proposed ANFIS-WT technique 

Because variability is the main concern of power operators and planners, the 

variability power index (𝑉𝑝𝑖) has been introduced as a mathematical tool to show 

the amount of power fluctuation at each 𝑊𝑇 mode. First, 𝑃nr−out
Eq−ANFIS

 is analysed 

into six timescales 2, 4, 8, 16, 32 and 64-min using the 𝑊𝑇 method. To calculate 

the power for each period, the wavelet periodogram has been used as below [49]: 

𝐼𝑤[𝑘] =
|𝑃𝑚𝑜𝑑𝑒−𝑖

𝐻𝐹−𝐴𝑁𝐹𝐼𝑆[𝑘]|
2

𝑇𝑚𝑜𝑑𝑒−𝑖
 (4.17) 

then, 

𝑉𝑝𝑖(𝑇mode−𝑖) =
∫ 𝐼w[𝑘]𝑑𝑘

𝑇𝐿

0

𝑇L
 (4.18) 

where 𝑇L is the length of the time data. 

According to [49], 𝑉𝑅𝐼 can be calculated using (4.19) 

𝑉𝑅𝐼 =
𝑉pi(𝑇mode−𝑖)py

𝑉pi(𝑇mode−𝑖)ave
 (4.19) 

4.3 Performance Evaluation of the proposed technique 

Data from 445 days through 2016 and 2017 with different amounts of 

variabilities (days with a completely clear sky are eliminated) have been used to 

develop the proposed model. Data are collected from PV rooftop systems of 2.14 

MW power capacity distributed within 0.7 km2 at the University of Queensland in 
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(4.3)

𝑃nr −out
Eq −ANFIS

 
De-normalization 

(4.4)

𝑃out
Eq −ANFIS

 

pyranometer and 

PVs properties data 

Training and 

Testing Data (Inputs 

and Output) ANFIS 

Modelling Stage

Table 4.1

𝑃mode −1
HF −ANFIS [𝑘] 

𝑃mode −2
HF −ANFIS [𝑘] 

𝑃mode −3
HF −ANFIS [𝑘] 

𝑃mode −3
LF −ANFIS [𝑘] 

4
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Brisbane, Australia. The PV site is located at 153°29'44'' east longitude and 

27o00'30'' south latitude. All PV systems face north at an inclination angle of 30o to 

produce maximum possible power. Brisbane city weather is described as humid, 

and warm all over the year. The temperature in summer and winter ranges between 

21 to 35 oC, and 11 to 21 oC respectively, while it is 15 to 25 oC in autumn and 

spring. Brisbane's sky exhibits several more passing cloud events in summer than 

in winter [27]. 

The varied weather over the 4 seasons in Brisbane city and PV systems 

distributed around the University of Queensland makes it a suitable site for this 

study. PV sensor data have been collected from the PV located at site-7 in Fig. 4.3. 

The collected data from 445 days comprise small, medium and large levels of 

variability. For ANFIS training and testing data, 330 days have been used and the 

rest of the data are used in the validation stage. To improve the ANFIS performance 

during the training stage, each day is divided into five sub-time series, the first sub-

time series is assumed to start at 7:00 am and ends at 8:59 am, the second sub-time 

series is from 9:00 am to 10:59, the third sub-time series is from 11:00 am to 12:59 

pm, the fourth sub-time series is from 1:00 to 2:59 pm and the fifth sub-time series 

is from 3:00 pm to 5:00 pm. The times of sunrise and sunset have been taken into 

account in this division. Also, the PV plant was divided into six small areas, namely 

the whole PV plant (𝐴6
pv

), 𝐴1
pv

= 0.227 km2 with 1.82MW, 𝐴2
pv

= 0.37km2 with 

1.9MW, 𝐴3
pv

= 0.17km2 with 0.606 MW, 𝐴4
pv

= 0.162km2 with 1 MW, 𝐴5
pv

=

0.275km2 with 1.82 MW and 𝐴6
pv

= 0.7km2 with 2.14 MW. 

Following the methodology steps in Fig. 4.2 and using the input and output data 

in Table 4.1, the ANFIS model can be built and trained. Since the back-propagation 

algorithm is relatively slow [97], the hybrid-learning algorithm is adopted to train 

the proposed ANFIS model. Fig. 4.4 shows the error in estimating the output power 

when different MFs are employed. The results show that the gaussmf membership 

function is more accurate than other types after 100 epochs in training mode and 

hence it is employed in the ANFIS model. 
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Fig. 4.3 Layout of the six PV plants under study 
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Fig. 4.4 Resulted in errors of different membership functions 
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Fig. 4.5 Errors after 100 ANFIS epochs for each sub-time series 

Fig. 4.5 shows the Root Mean Square Error (RMSE) for the last epoch at each 

ANFIS model and each sub-time series. Four ANFIS models have been developed 

as shown in Table 4.1, third column.  

The model is validated using the remaining 115 days. Four signals 

(Pmode−1
HF−ANFIS[k],Pmode−2

HF−ANFIS[k], Pmode−3
HF−ANFIS[k] and Pmode−3

HF−ANFIS[k]) represent the results 

and by applying (4.15)and (4.16), the estimated PV systems output power can be 

obtained. Fig. 4.6 depicts the error in the estimated power of the developed model 

for 115 days using MAE and RMSE in comparison with other methods mentioned 

in chapter 2 such as Hoff, Perez, Lave as well as the GEP-VRI models from the 

next chapter (Chapter 5). Table 4.2 and Table 4.3 summarises the results of Fig. 4.6 

using the average values of the MEA and RMSE, respectively, for each of the 

models along with the proposed technique in this paper. These tables also illustrate 

the minimum and maximum improvement values attained by the proposed 

technique when compared with existing models. It can be seen from these results 

that the proposed method is more accurate than other models published in the 

literature. Considering the MAE, the minimum improvements attained by the 

proposed technique for the five sub-time series are 11.4, 8.9, 7.5, 9.0 and 10.4; 

respectively whereas the maximum improvements for the same sub-time series are 
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36.9, 28.6, 24.1, 28.81 and 33.1; respectively. Similarly, the results reveal a very 

similar tendency in the enhancement attained by the proposed technique when the 

RMSE metric is considered. 
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Fig. 4.6 Comparison of the MAE and RMSE of the proposed ANFIS-WT model 

and other models in the literature 

The estimation improvement strategy adopted in this study is based on dividing the 

time-series data into several sub-time series (five sub-time series in this study) along 

with employing the wavelet transform method. ANFIS is employed to accurately 
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map the relationship between the input and output data set. Dividing the time-series 

data into five segments helps the ANFIS algorithm map the correlation between the 

input and output data rapidly and precisely due to the fact that, within each selected 

period, the environmental conditions such as temperature, zenith angle and output 

power won’t change much. Likewise, the division conducted by the Wavelet 

transform method on each sub-time series into low and high-frequency bands 

reduces the ANFIS confusion during the training process to map the relationship 

between input and output data. The results of the proposed technique in this chapter 

reveal its high accuracy when compared with other estimation models published in 

the literature. The results in Fig. 4.6, Table 4.2 and Table 4.3 also show a 

comparison of the model proposed in this chapter and our recent GEP-VRI 

technique [98]. It can be observed that both GEP and ANFIS techniques provide 

more accurate results than other techniques in the literature [99, 100]. Ref [98] 

employed the GEP technique to develop a VRI model, whereas, in this chapter, an 

ANFIS-WT model is used to estimate the output power directly without calculating 

the VRI as per the strategy of all existing models in the literature. This reduces the 

calculation complexity and improves the estimation accuracy.  

Table 4.2 Comparison of MAE [%] average values for different VRI models 

including the proposed model in this chapter 

Model 

7:00-8:59  9:00-10:59  11:00-12:59  13:00-14:59  15:00-17:00  

MAE MAE MAE MAE MAE 

Hoff 10.1 12.2 13.9 12.3 9.8 

Perez 9.5 11.6 13.4 11.8 9.3 

Lave 8.8 10.9 12.7 11.0 8.7 

GEP-VRI 8.2 10.3 12.1 10.4 8.1 

ANFIS-WT 7.2 9.5 11.3 9.6 7.4 

Minimum 

improvement 
11.4 8.9 7.5 9.0 10.4 

Maximum 

improvement 
36.9 28.6 24.1 28.8 33.1 
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Table 4.3 Comparison of RMSE [%] average values for different VRI models 

including the proposed model in this chapter 

Model 

7:00-8:59  9:00-10:59  11:00-12:59  13:00-14:59  15:00-17:00  

RMSE RMSE RMSE RMSE RMSE 

Hoff 12.1 15.5 15.8 14.6 12.6 

Perez 15.8 14.9 15.2 14.1 12.0 

Lave 10.9 14.2 14.5 13.4 11.4 

GEP-VRI 10.2 13.6 13.9 12.8 10.8 

ANFIS-WT 9.5 12.8 13.0 11.9 10.0 

Minimum 

improvement 
7.6 6.6 6.4 7.1 7.8 

Maximum 

improvement 
27.3 21.2 20.8 22.7 25.8 

The results show that the ANFIS model proposed in this chapter attains a minimum 

and maximum improvement of 6.4% and 11.4% when compared with the GEP-VRI 

model by considering the MAE metric. The same results are achieved using the 

RMSE metric. 

Ultimately, to calculate the VRI parameter, the output power has been analysed 

into six wavelet modes using (3.3) then the wavelet periodograms factor in (4.17) 

is employed at each wavelet mode. Using (4.18), the amount of power involved in 

the variability 𝑉𝑝𝑖(𝑇mode−𝑖) at each mode and each sub-time series can be 

evaluated. Fig. 4.7 shows an example for one day, 3 Dec 2017, that is chosen to 

explain this step. The blue line in Fig. 4.7 represents 𝑉𝑝𝑖(𝑇mode−𝑖) for one PV 

system (No.7), while the black and red lines represent 𝑉𝑝𝑖(𝑇mode−𝑖) for the actual 

and predicted output power for 16 PV systems, respectively. From these plots, the 

distance between the blue line (one PV system) and black and red lines (16 PV 

systems) characterises the geographic smoothing or the VRI value. The 𝑉𝑅𝐼 can be 

calculated using (4.19) as shown in Fig. 4.8. These figures attest that VRI can be 

changed during the day. For example, the value of the VRI at mode-1 is 8.2 at sub-
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time series 7:00–8:59 am, while it is 6.2, 7, 7, 7.5 at sub-time series 9:00–10:59 am, 

11:00–12:59 pm, 1:00–2:59 pm and 3:00–5:00 pm; respectively. This is attributed 

to the change in the ambient parameters affecting the 𝑉𝑅𝐼 such as 𝑉𝑐, 𝑇𝑚𝑝, and 𝐻𝑢 

during the day. 
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Fig. 4.7 𝑉𝑝𝑖 for an individual PV system (blue), entire actual PV systems (black) 

and predicted (red) 
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Fig. 4.8 The actual (black) and predicted (red) VRI values, 3 Dec 2017 

 

4.3.1 Sensitivity Analysis 

Following the validation of the proposed model’s accuracy in the above section, 

this section is aimed at investigating the sensitivity of the parameters used in the 

proposed model. In this regard, each parameter is changed within an expected range 

as listed in Table 4.4, while maintaining all other parameters unchanged [101]. The 

effect of such a change on the output power is analysed using the standard deviation 

(SD) metric. To standardise the model sensitivity analysis, SD is divided by the 

average value of the measured parameter. Fig. 4.9 shows the impact of each 

parameter for different sub-time series. It can be seen that the input power parameter 

has a more significant impact than the ambient temperature while humidity, cloud 

speed and the ratio of the PV plant capacity to plant area have approximately the 

same impact. Table 4.4 illustrates the minimum and maximum values for each 

parameter considered during the sensitivity analysis. 
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Table 4.4. Minimum and maximum values for each model parameter 

Parameters Minimum Maximum 

𝑃nrm
POA−in[𝑘] 1 0 

𝐻u[𝑘] 10 95 

𝑉c 1 13 

𝑇𝑚𝑝[𝑘] 8 36 

𝐷𝐴
𝑐𝑎𝑝 3 8 

 

Tmp 𝐻𝑢  
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Fig. 4.9 . Sensitivity analysis for each model parameter for each sub-time series 

4.4 Summary 

This chapter has investigated a new method that used Wavelet-based and ANFIS 

modelling approaches to improve the new PV system output power estimation 

models. The developed models are employed to estimate the generated power of a 

group of PV systems distributed over 0.7km2  using irradiance data from one PV 

sensor located near the PV system. Parameters such as PV area, capacity, cloud 

speed, temperature and humidity are considered as the inputs to the proposed model. 

Real data collected from the PV system in Brisbane, Australia are used to train the 

proposed model. The results reveal the high accuracy of the developed model when 
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compared with existing estimation models in the literature. The proposed model 

demonstrated 6.4 and 11.4% as minimum and maximum improvement levels when 

compared with the GEP-VRI model by employing the MAE approach. The 

sensitivity analysis of each parameter reveals that the output power collected from 

the PV sensor has the largest impact on estimating the output power of the entire 

PV system using the developed model. The impact of ambient parameters – 

humidity, cloud speed and the power capacity of the overall PV system – are similar 

and all have less impact on the estimated power. 

 

 

 



Chapter 5. GEP-based approaches 

 

66 
 

 

Chapter 5 GEP-Based Approach 

This chapter introduces an artificial intelligence technique, called GEP, to 

improve two models for estimating the total power generated by a group of 

neighbouring PV systems, spread over a distribution network using a single 

pyranometer for measuring the solar irradiance. The first model is employed to 

estimate a VRI value by correlating the distribution of the PV systems and the 

irradiance measured by the pyranometer. The model is then used to estimate the 

total power generated by the PV systems. While the second model is directly used 

to estimate the total generated power. Both proposed techniques consider the 

geographic variability reduction features and employ the WT technique to develop 

the proposed model and estimate the generated power. The effective performance 

of the proposed models are validated using real data collected by the Solar Project 

at the University of Queensland in Brisbane, Australia. The results reveal that the 

proposed techniques yield more accurate results when compared with other existing 

approaches in the literature. However, the model that estimated the total generated 

power directly is more accurate than the one that estimated the VRI value. 

Additionally, a sensitivity analysis has been carried out to investigate the impact of 

the employed parameters in the new models. 

5.1. GEP Technique 

This chapter aims to further enhance the accuracy of the output power 

estimations in the previous stage by using artificial intelligence or evolutionary 

programming techniques. Artificial intelligence techniques such as ANN and 

ANFIS, mentioned in chapter 4, are becoming significant machine tools to simulate, 

model and find correlations between non-linear data. Similarly, Genetic algorithm 

(GA), Genetic programming (GP), and GEP are powerful evolutionary computer 

programming techniques that can be used for the same purposes. Such techniques 

have been employed for various power systems applications [102-105]. 

The GEP technique is considered in this chapter, since it aims at developing two 

mathematic models: first, for VRI without needing the other correlation models 

(Hoff, Perez, Lave and, ACM), and second, directly for estimating the total  
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Fig. 5.1 Flowchart of the GEP algorithm 

generated power. 

The GEP technique is inspired by two early genetic techniques – GA and GP. 

Similar to these two techniques, the GEP technique selects solutions (individuals or 

chromosomes) based on several metrics and presents solutions at each stage based 

on a number of genetic operators [106]. However, while the solutions in the GA are 

of fixed length and linear strings and in the GP approach are of non-linear shapes 

and sizes, the solutions in the GEP are of fixed length, non-linear entities, different 

sizes and shapes, which combines the benefits of the GA and GP approaches [107, 

108]. The main characteristic of the GEP technique is its ability to describe a 

mathematical model between dependent and independent parameters with high 

accuracy [109]. GEP is a powerful evolutionary technique that can be used to 

construct a mathematical model by training non-linear data to find the correlation 

between the considered input and output parameters [106, 110]. This technique can 

analyse, estimate, forecast and optimise the provided data set [111]. Fig. 5.1 shows 

a general flow chart for the GEP algorithm, which starts with generating random 
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solutions and evaluating their fitness. Each solution is modified using several 

genetic operators that change the form of the solution by changing the position of 

the codes (mutation operator), reversing the direction of the solution (inversion 

operator) or/and changing two segments between two different solutions 

(recombination operator). The process is continued until the best solution (a model 

with the least errors) is determined [108]. The outcomes of the GEP algorithm can 

be in three formats – data series, sub-expression trees (ETs) and mathematical 

formats, which are shown in the examples in Table 5.1. 

Table 5.1. Creating an Initial Solution using a GEP algorithm 

Function Example 

Randomly created 

population or solution (a 

group of chromosomes) 

consists of a head and tail, 

contains some parameters 

of functions set (e.g. +, -, 

*, /, AND, OR etc.) and 

terminals set (variables and 

constants), while the tail 

contains only some 

terminals set. 

 0  1  2  3  4  5  6  7  0  1  2  3  4  5  6  7  
Q / +     a c a b Q     + + c b a a *

Head Tail

Chromosome  

data series format 

Q

/

ca a b

_+

Q

bc a a

+

*

+

 

sub-expression tree format 

 

√(𝑎 + 𝑐) ÷ (𝑎 − 𝑏) + √(𝑐 + 𝑏) ∗ (𝑎 + 𝑎) 

Mathematical format 

The key stages of the GEP process are explained below: 

First, an initial population (i.e. a group of chromosomes) is created randomly to 

represent the first suggested solution. Each chromosome consists of a head and a 
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tail in which the head comprises functions (e.g. +, –, ×, , AND, OR) and terminals 

set (i.e. variables and constants), whereas the tail involves only terminals set. The 

solution is also expressed in sub-expression trees (see Table 5.1) 

In the second stage, functions are used to measure how much the solution (the 

chromosomes) satisfies the fitness function (i.e. how closely the solution matches 

the actual output power measured from the PVs in the case of this study). GEP uses 

a few fitness function metrics, such as number of hits, precision and selection range, 

root mean square error (RMSE), and R-square. The fitness process is applied to 

each chromosome and rates them based on these metrics. The GEP selects the 

chromosomes according to a roulette-wheel rule in which each chromosome is 

given a slice based on the fitness process. Then, the roulette-wheel spins several 

times equal to the number of chromosomes. Finally, the largest slice is most likely 

to be selected, Table 5.2 illustrates this stage. 

Table 5.2. Second stage: Selecting the best solutions 

Function Example 

Choose a number of 

chromosomes which 

succeed in the fitness test 

using the roulette-wheel 

rule; each chromosome is 

given a slice based on the 

fitness process then the 

roulette-wheel is spun 

several times equal to the 

number of chromosomes so 

the largest slice is more 

likely to be chosen. 

Q   +
 *

/ Q* +
 

+
 / +

 

a
0

c db cbaa
da c ab*Q+

 

c cbaa

Q/ +
 

ac abQ*     cbba  
+
 

/Q / a c ba Q* +
 

+
 

cb ac

1 2 34567 0 1 234567
-[1]= 3
-[2]= 5
-[3]= 2
-[4]= 1
-[5]= 6

Q   +
 

c Q* +
 

+
 

ac db cdaa-[6]= 8

+
 

+
 /+

 
da c ab*Q+

 

c cbaa*

Fitness values

Largest 
fitness value

 

Chromosome No. 6 has the largest fitness value 

which equals 8 

The selected chromosomes are then passed to the modification pattern. This 

pattern consists of several genetic operators to make appropriate changes to the 

selected chromosomes. The modification pattern consists of several operators that 
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work to make simple or essential changes depending on the type of operator to 

change the format of the chromosomes (solutions) to find an appropriate solution. 

The operators, which make minor changes, are replication, mutation and inversion 

operators. Minor changes include changing one or more codes and pasting them in 

another place in the same chromosome, more details are listed in Table 5.3.  

Table 5.3. Modification pattern: Replication, Mutation and Inversion operators and 

some work details and examples 

Function Example 

Replication Operator: copies the selected chromosomes which are passed from 

the fitness step and passes them into modification mode  

Mutation Operator: change 

one or more than one code 

in the head or tail of the 

chromosome, randomly 

  
Q   +

 
/ Q* +

 
+
 

a
0

c db cbaa
1 2 34567 0 1 234567

-[1]= 3
Q   +

 
c Q* +

 
+
 

ac db cdaa-[8]= 5
 

Represent chromosomes No. 1 and 8, code No. 5 

(green colour (b)) in the second gene subjected to 

mutation operator to change into d code 

Inversion operator: work 

only in the head area. It 

works to select randomly 

part of the head of the gene 

then returns it to the same 

place after reversing all its 

parameters. 

 
Q   +

 
/ Q* +

 
+
 

a
0

c db cbaa
1 2 34567 0 1 234567

-[1]= 3
Q   +

 
c Q* +

 
+
 

ac db cdaa-[8]= 5* / +
 

da c ab*Q+
 

c cbaa-[2]= 5
-[3]= 2/+

 
da c ab*Q+

 

c cbaa*  

Represent chromosomes No. 1 and 8, code No. 5 

(green colour (b)) in the second gene subjected to 

mutation operator to change into d code 

The other operators that cause major changes are Transposition Operators (IS, RIS 

and whole gene operators). These operators randomly select and copy a group of 

codes in the solution (serial codes) and paste them in the chromosome head (for 

more details see Table 5.4).  
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Table 5.4 Modification Pattern: Transposition Operators 

Function Examples 

IS 

+ + a b c a c a d  d d a b c c
0 1 2 3 4 56 7 8 1 2 3 4 6 780 5

+ + a b c a c a d       

  

d d a  

Head Tail 
The place 

which chosen 

to put the 

segmet

Elements 
deleted

Chosen segment 
to copy by the 

operator

d d a

 

Copy a small section from the chromosome randomly and 

put it in any location in the head of the gene except at the 

beginning of the chromosome (the root of sub-ET) 

RIS 

+ + a b c a c a d          d d a b c c
0 1 2 3 4 5 6 78 1 2 3 4 6 7 80 5

+ + a b c a c a d       d d          d d   

Head Tail 

The place which 

chosen to put the 

segmet

Elements 
deleted

Chosen segment to copy 
by the operator

 

Copy a segment from a target gene that should start with 

a function element for another random position in the 

gene, then locate this segment in the first part of the gene 

so that the root of this gene is always a function element 

whole genes 

transposition operator 

The gene which chosen to move by 
gene transposition operator 

+ + / b c a c a d *          d d a b c c + / Q b c a c a b
0 1 2 3 4 5 6 7 8 1 2 3 4 6 780 5

Head Tail 

1 2 3 4 6 7 80 5

+ / Q b c a c a b          d d a b c c*

These genes are moved 
one step forward

The place which 

chosen to put the 

segmet

+ + / b c a c a d

 

Moves the whole gene to the beginning of the 

chromosome in which, in contrast to IS and RIS operators, 

the moved segment will be deleted from its original place 
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Table 5.5 Modification Pattern: Recombination Operators 

The second type of this group of operators is the Recombination operators (OPR, 

TPR, and GR operators), which randomly select two solutions (parent) and 

exchange some codes between them to create two new solutions (offspring), see 

Table 5.5 for more details. All these operators randomly apply appropriate 

modifications to the chromosomes. At the end of the modification stage, new 

Function  Examples 

One-point 

Recombination 

 

Q + / b c a c a d *          d d a b c c
0 1 2 3 4 5 6 7 8 1 2 3 4 6 780 5

Head Tail 

+ / Q b c a c a b + + / a b d c a c

Points are chosen by One 
point Recombination

+ + / b c a c a d *          d d a b c c
0 1 2 3 4 5 6 7 8 1 2 3 4 6 780 5

Head Tail 

Q / Q b c a c a b + + / a b d c a c

Change the position by the 
operator

Parents

Offsprings

 
 The operator chooses one point on each of the two 

chromosomes randomly and exchanges them to make two 

new chromosomes 

Two-point 

Recombination 

 

Q + / b c a c a d *     d d a b c c
0 1 2 3 4 5 6 7 8 1 2 3 4 6 780 5

+ / Q b c a c a b + + / a b d c a c

Q + / b c a c a b

*     d b d c a c

0 1 2 3 4 5 6 7 8 1 2 3 4 6 780 5

+ / Q b c a c a d
+ + / a  d a b c c

Parents

Offspring

The segment between 
two points chosen by 
two points operator

 

 Two points will be chosen by this operator on two 

chromosomes randomly. Then the segment between these 

points on the parent are exchanged with each other. 

Gene 

Recombination 

 

Q + / b c a c a d *  d d a b c c
0 1 2 3 4 5 6 7 8 1 2 3 4 6 780 5

+ / Q b c a c a b + + / a b d c a c

Q + / b c a c a d
*         d d a b c c

0 1 2 3 4 5 6 7 8 1 2 3 4 6 780 5
+ / Q b c a c a b

+ + / a b d c a c

Parents

Offsprings

The genes which chosen 
by Gene Recombination 

operator to exchange 
between the parent

Offspring

 

 The whole gene will be exchanged between two 

chromosomes (parent). The result will be two new 

chromosomes (offspring) 
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chromosomes are introduced and they will be passed again to the fitness function 

to select the best solution. 

5.2. GEP-VRI Model 

This section presents a new VRI model by employing the GEP technique 

detailed below: 

5.3. Proposed Methodology 

Using the VRI calculated in (2.10), the total power generated by a group of 

distributed rooftop PV systems can be estimated based on the solar irradiance data 

of one pyranometer using only the WT function [45, 112]. This includes several 

stages, as summarised below: 

Step 1 

First, the solar irradiance data of the pyranometer are collected. The measured data 

include the irradiance incident on the plane of the array (POA), instead of the global 

horizontal irradiance (GHI) to further increase the accuracy of the estimation [45]. 

Step 2 

The measured POA data are normalised (𝑃𝑂𝐴nrm[𝑘]) against the clear sky 

condition using (3.5) 

Step 3 

𝑃𝑂𝐴nrm[𝑘] can then be decomposed into several modes (i.e. 6 modes in this study 

to denote timescales of 2, 4, 8, 16, 32 and 64 minutes) using the Wavelet transform 

in (3.3). 

Step 4 

Finally, as in (3.4), the total power generated by the number of PV modules, each 

with a cross-section of 𝐴m, and experiencing an ambient temperature of 𝑇𝑚𝑝[𝑘] is 

calculated from: 

𝑃module
POA [𝑘] = 0.12 𝐴m × 𝑁module × 𝑃𝑂𝐴

equ
[𝑘] 

× [1 − 0.004 (𝑇𝑚𝑝[𝑘] +
0.32 𝛽 × 𝑃𝑂𝐴

equ
[𝑘]

8.91 + 2 𝑉c[𝑘]
− 25)]    

(5.1) 

in which  
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𝑃𝑂𝐴
equ

[𝑘] = 𝑃𝑂𝐴𝑐𝑙𝑟[𝑘] × ∑
𝑊𝑇mode-𝑖[𝑘]

√𝑉𝑅𝐼mode-𝑖
max

6

𝑖=1
 (5.2) 

The proposed technique consists of two stages of training the GEP model and 

testing it after being educated. These stages are discussed below: 

The considered input parameters that impact of the VRI are the number of the 

PV systems (𝑁system), the area covered by these systems (𝐴𝑑
𝑝𝑣

), cloud speed (𝑉c) 

and timescale (𝑇mode-𝑖). These parameters are commonly used in VRI calculations 

in the existing literature as discussed in Chapter 2. In addition, the ambient 

temperature (𝑇𝑚𝑝) and humidity (𝐻u) have also been considered in the input 

parameters.  

To facilitate the application of the proposed model for PV systems in different 

areas and different sizes, the area under study should be divided into several sub-

areas. This area division depends on various factors, such as the number of PV 

systems, their capacities and the area of land across which the PV systems are 

distributed. The aim of this division is to create a reasonable number of areas with 

various shapes and different numbers of PV systems and capacities to increase the 

ability of the model to estimate the generated power on the basis of the PV system 

with diversified PV numbers, capacities, areas, etc. 

Having the input and output variables as discussed above, the system model can 

be formulated by setting and training the GEP technique. The settings of the GEP 

technique include: 

 Choosing a fitness function. The fitness function should present the error of 

the power estimation in comparison with the real (measured) values. Various fitness 

functions can be employed such as the RMSE, MAE and R-square as below [2, 28] 

𝑅𝑀𝑆𝐸 = √
∑ (𝑃total[𝑘])𝑗 − 𝑃act[𝑘])𝑗)

2𝑁data
𝑗=1

𝑁data
      (5.3) 

𝑀𝐴𝐸 =
∑ |𝑃total[𝑘])𝑗 − 𝑃act[𝑘])𝑗|

𝑁data
𝑗=1

𝑁data
 (5.4) 
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𝑅2 = 1 −
∑ (𝑃total[𝑘])𝑗 − 𝑃act[𝑘])𝑗)

𝑁data
𝑗=1

2

∑ (𝑃total[𝑘])𝑗 − 𝑃act
avg[𝑘])𝑗)

2𝑁data

𝑗=1

 (5.5) 

where 𝑁data is the number of the power data set in a day (between sunrise and 

sunset), 𝑃act[𝑘] is the real (measured) total power generated by all PV systems 

during this period, while 𝑃act
avg[𝑘] is its average value. 

 Determining the terminal and function elements: This study has 6 

independent variables (inputs) and one dependent output variable, as summarised 

in Error! Reference source not found. 

 Selecting the GEP’s chromosome details (i.e. the number of chromosomes, 

head length and the number of genes and the linking function of the genes) and the 

type and rate of the genetic operators. More details are provided in Table 5.6. 

After determining the settings, the GEP technique can be trained by providing a 

sufficient amount of real input and output data. The training stage is deemed 

finalised when a negligible error is achieved between 𝑃act[𝑘] and the determined 

power (denoted by 𝑃total[𝑘]) in all timescales. 

After the training of the GEP model has been finalised, it can be tested by 

employing it to calculate the total power generated by the group of PV systems at 

the considered site. To this end, 𝑉𝑅𝐼mode−𝑖

GEP  will replace 𝑉𝑅𝐼 in (5.2) to determine a 

more accurate 𝑃𝑂𝐴
equ

[𝑘]. 

The flowchart in Fig. 5.2 summarises all the above steps. 
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Calculate                      for six 

Timescale (5.6)                   

GEP Modelling 

Process

Calculate Correlation models (Hoff, 

Perez, Lave, ACM)

(2.4)-(2.7)

Calculate VRI 

(2.10) 

Calculate the largest 

VRI (3.7)Normalisation 

(3.5)

Wavelet Analysis 

(3.3)

GEP Input 

parameters

Inverse Wavelet and De-

normalised  (5.2)

End
Calculate 

                

Calculate Clear 

sky Irradiance

GEP Output

𝑃𝑂𝐴
equ

[𝑘]  

𝑃𝑂𝐴[𝑘]  

𝜌𝑚 ,𝑛
𝑥  

𝑉𝑅𝐼mode-𝑖
max  

𝑉𝑅𝐼mode −𝑖

GEP  

𝑉𝑅𝐼mode −𝑖

GEP  

𝑃𝑂𝐴, 𝑁𝑠𝑦𝑠𝑡𝑒𝑚 , 𝐴𝑝𝑣 , 𝑉𝑐 , 𝑇𝑚𝑝, 𝐻𝑢 , 𝑇𝑚𝑜𝑑𝑒 −𝑖  

𝑉𝑅𝐼𝑥  

𝑃𝑂𝐴clr [𝑘] 

𝑃𝑂𝐴nrm [𝑘] 

𝑉𝑅𝐼mode −𝑖

GEP  

𝑊𝑇mode-𝑖 [𝑘] 

𝑃POA eq
[𝑘] 

 

Fig. 5.2. Flowchart for the calculation of 𝑉𝑅𝐼𝑚𝑜𝑑𝑒−𝑖

𝐺𝐸𝑃  using GEP and estimating the 

overall power of a small-scale PV plant 

5.3.1. Performance Evaluation 

To evaluate the performance of the proposed technique, the 16 PV systems 

distributed across 0.7 km2 at the St Lucia campus of the University of Queensland 

in Brisbane, Australia, as illustrated in Fig. 4.3 is considered in this study. Table 

3.3 lists the specifications of these systems [27]. It is assumed that the pyranometer 

is installed next to PV system number 7. 

The total area is divided into 6 sub-areas, each containing less than 9 PV systems 

of different capacities, as showing in Fig. 4.3. The developed GEP model is trained 

using the measured POA next to PV system-7 for 220 days in 2017 in a per minute 

range. The selected days covered various ambient conditions and seasons. The 

numbers of chromosomes, head length and the number of genes in the proposed 

GEP model are set at 30, 10 and 5, respectively.  

The independent genes are linked through an addition function. The data of the 

developed GEP model is shown in Table 5.6. This table also shows the assumed 

types of genetic operators employed and their numerical values. The developed 

empirical-based model is tested by employing another set of data collected on 

different days. This testing stage did not result in any significant change between 

the predicted and measured power. The developed VRI equation on the basis of the 



Chapter 5. GEP-based approaches 

 

77 
 

 

GEP model for the system under study is formulated in ( 5.6). 

Table 5.6 Data for the GEP model 

Number of chromosomes 30 

Head size 10 

Number of Genes 5 

Linking function Addition 

Genetic Operator rate Genetic Operator rate 

Mutation 0.044 One-point recombination 0.3 

Inversion 0.1 Two-point recombination 0.3 

IS Transposition 0.1 Gene recombination 0.1 

RIS Transposition 0.1 Gene transposition 0.1 

It must be noted that there is no straight way to derive this equation and this is 

the fundamental reason that the GEP technique has been employed in this study, as 

this technique can derive such an empirical-based mathematical model based on the 

given input and output data. 

The trained GEP is subsequently validated by employing it to determine the total 

power generation over 90 days of various ambient conditions during 2016. Fig. 5.3 

illustrates the MAE and RMSE of the estimated POA using the developed GEP 

technique when compared with the real value over different days. In Fig. 5.3, the 

performance of the proposed technique is compared with the results that are 

revealed by the Hoff, Perez and Lave correctional coefficient models. Table 5.7 

lists these errors as well as the minimum and maximum in the estimation accuracy 

improvement using the proposed technique. This table also shows the percentage 

of the studied days that each method has an accuracy of over 90%. As seen in Fig. 

5.3 and Table 5.7, the proposed technique has the least errors compared with the 

other existing approaches. 
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VRImode−i

GEP = exp (−
3 𝑉c

4

2
− (1 +

3 𝑉c

2
) − 𝐴𝑝𝑣) 

    + exp (√𝑁system − √(0.263 log(0.67 𝑇mode-𝑖))3 − 0.67 𝑉c) 

    +𝐴𝑝𝑣 +
𝑇𝑚𝑝 × 𝑁system

(1.11 𝑇mode-𝑖) + 𝑇𝑚𝑝 + (1.5 𝑉c × 𝑇𝑚𝑝)
 

+((11.12 − 𝐴𝑝𝑣) −  (4.46 log(1.5 𝑉c))) ×
𝑁system

𝑇mode-𝑖 − 0.67 𝐻u
 

 + (
(2 𝑁system

2 − 17.7 𝑁system)

exp(𝑁system)
)

1
9⁄

 

( 5.6 ) 

 

For example, considering the MAE metric, the maximum and minimum 

improvements using the proposed technique are respectively 43.7 and 8%, while 

the resulting improvements when using the RMSE metric are 51.4 and 8.4%, 

respectively. The proposed technique has also been able to estimate the total power 

for 82.3% of the studied days at an error rate of less than 10%, while this figure for 

the other approaches is between 57.6 and 67%. The reduction of the errors in the 

estimations using the proposed method is mainly because of the use of an artificial 

intelligence-based technique on top of existing empirical methods, which overtime 

tries to reduce the errors. 

(b)(a)
0

5

10

15

20

25

30
MAE [%]  RMSE[%]

LavePerezHoff Proposed Technique

 

Fig. 5.3. MAE and RMSE for different techniques estimating the total power 

generated by the considered PV systems 
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Table 5.7 The improvement using the proposed technique over other models 

Models MAE[%] RMSE[%] 

Standard 

deviation 

Percentage of 

days that have 

accuracy more 

than 90%. 

Min Max Min Max 

Hoff 2.6 17.3 4.8 25.2 3.2 57.6 

Perez 2.4 17.0 4.4 25.0 3.1 62.3 

Lave 2.2 16.3 3.9 23.9 2.9 67.0 

𝐕𝐑𝐈𝐦𝐨𝐝𝐞−𝐢

𝐆𝐄𝐏   1.8 15.1 3.2 22.1 2.5 82.3 

Maximum Improvement[%] 43.7 14.8 51.4 14.2 

 

Minimum Improvement[%] 19.1 8 21.6 8.4 

One important criterion for achieving highly accurate results using the proposed 

technique is ensuring proper training. Fig. 5.4 and Table 5.8 show the variation in 

the results of the proposed technique when a data set of 140 to 220 days is used in 

steps of 20. As seen from this figure and table, a data set of 220 has resulted in an 

acceptable level of accuracy and as such, is deemed to be suitable for finalising the 

training stage in the proposed technique. 

The error in the method in this chapter is calculated as the difference between 

the powers recorded by the smart meters against that estimated by the proposed 

technique. In general, the smaller the error, the more accurate the proposed power 

estimation approach. For over 82% of the studied days, the estimation error of the 

proposed model was below 10%. It must be noted that all the existing and proposed 

methods are empirical, and as is expected from any empirical method, there will be 

errors if the employed assumptions are varied throughout the study period or if the 

assumptions are slightly different than the real values. Therefore, on those days that 

the error was above 10%, the error can be attributed to a change in the various 

assumptions used in the proposed approach, such as the change in cloud speed 

throughout the day (because in the considered study, cloud speed over a day is 

assumed to be constant).  
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Table 5.8. Various stages of the GEP model training 

Modelling stage days RMSE Average (%) MAE Average (%) R2 

140 14.2 12.55 0.80 

160 12.02 10.62 0.83 

180 11.21 10.5 0.84 

200 9.8 10.1 0.87 

220 9.5 9.8 0.90 
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Fig. 5.4. Evaluation of modelling stages of the VRImode−i

GEP  model 

Also, wind direction (cloud direction) can change in a day which may cause an 

error (again because in the proposed approach, it was assumed that wind/cloud 

direction remains the same throughout a day). These assumptions are in line with 

such assumptions used in the literature on power estimation 

5.3.2. Sensitivity Analysis 

In the above studies, the standard values for the input parameters of the 

developed empirical model are 25°C (ambient temperature), 50% (humidity), 0.5 

km2 (for a group of PV systems in an area), 16 (number of PV systems), 2-min 

(timescale), and 2 m/s (cloud speed). This section discusses the influence of each 

considered input parameter when determining VRImode−i

GEP  using the proposed 
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technique. 

The sensitivity of the developed model for each influencing parameter can be 

measured by varying the considered parameter within an acceptable range while all 

other input parameters are kept unchanged. For example, to evaluate the sensitivity 

of the proposed technique against variations in the ambient temperature, this 

parameter is changed between 5 to 36 °C. In the same way, humidity is varied from 

5 to 95%, the area and number of all PV systems are varied respectively from 0.1 

to 0.7 km2 and from 9 to 16. Likewise, the timescale of the Wavelet model is varied 

from 2 to 64 minutes while cloud speed is varied from 0.5 to 10 m/s. 

Fig. 5.5 illustrates the sensitivity analysis results for the parameters used to 

calculate VRImode−𝑖

GEP . It can be seen from Fig. 5.5a that 𝑇𝑚𝑝 has a slightly linear 

impact on the model, resulting in an increase from 11 to 14.8 for VRImode−𝑖

GEP  when 

it increases from 5 to 36 °C. On the other hand, increasing the humidity factor 

results in an exponential increase from 12 to 19 when the humidity is changed from 

5 to 95%, as seen in Fig. 5.5b. It should be highlighted that the 𝑇𝑚𝑝 and 𝐻u 

parameters were neglected in the calculation of VRI models in the literature but  
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Fig. 5.5. Sensitively of the VRImode−i

GEP  model for each model parameter 
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have been considered in this work for the first time. This is one of the reasons for 

the improved accuracy of the power estimation by the proposed model. 

The parameters which demonstrate the highest impact on the proposed 

calculation approach are cloud speed and Wavelet model timescale. Fig. 5.5c and 

Fig. 5.5d demonstrate a very sharp (exponential-type) variation in the output of the 

proposed technique after an increase in these two parameters. As such, more 

accurate results will be achieved by employing more accurate values for these 

parameters. This finding is in agreement with the findings of previous studies, such 

as [11, 66, 113]. Fig. 5.5e and f also demonstrate a linear increase in the output of 

the proposed model after increases in the number and area of the considered PV 

plants. This change is much sharper for the number of PV systems versus their area 

factor. As above, this finding is in agreement with the findings in [11, 66, 113]. 

5.4. GEP-WT Model 

In this section, a new model considering the GEP and WT techniques is 

presented to estimate the generated output power of a group of PV systems directly, 

as detailed below. 

5.4.1. Proposed Methodology 

The GEP-WT methodology as shown in Fig. 5.6 is employed to improve the 

estimation of the output power of a group of PV systems distributed within 0.7 km2. 

In this context, input and output variables along with other parameters influencing 

these models must be accurately identified as elaborated below. 

In order to improve the accuracy of the GEP model, the input and output 

variables along with other parameters influencing the model must be thoroughly 

prepared and identified as elaborated below. 

A- Data Preparation stage 

 PV pyranometer parameters (such as 𝑇𝑚𝑝 and 𝐻u) are collected from a PV 

pyranometer sensor located close to the PV plant. 

 PV plant properties: These parameters can be identified from the PV plant 

specification such as 𝐴𝑑
𝑝𝑣

 and 𝑃𝑑
𝑐𝑎𝑝or through calculations such as 𝑉𝒄. In the 
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proposed model in this chapter, the PV area (𝐴𝑑
𝑝𝑣

) is divided into 6 sub-areas 

with a specific power capacity (𝑃𝑑
𝑐𝑎𝑝) to improve the estimation accuracy. 

Several considerations are taken into account in dividing the area of the PV 

plant. This includes the geometrical shape of the site area, the number of PV 

systems and the overall PV capacity of each area, and the distance between 

each two PV systems. The purpose of this division is to facilitate the application 

of the proposed model to an area less than 1 km2 to enhance the estimation 

accuracy. In this study, the considered PV plant is divided into 6 rectangular 

areas with specific capacities (𝐴𝑑
𝑝𝑣

, 𝑃𝑑
𝑐𝑎𝑝

 ; d =1 to 6) as shown in Fig. 4.3. 

 WT parameters: The purpose of using WT analysis is to decompose the original 

time-series signal into several sub-signals with specific frequencies and time 

series to develop a precise correlation between the input and output variables. 

The parameters that are processed using WT include the output power of each 

plant. Since the PV pyranometer is installed in the same direction and tilt as the 

PV modules, its output represents the plane of the array (POA) [112]. Let 

𝑃𝑂𝐴[𝑘] denotes the output of the pyranometer, in which 𝑘 is a time index. 

Then the equivalent module output power (𝑃𝑃𝑂𝐴
mdu−in[𝑘]) can be given by (3.4) 

[112]. 

Subsequently, the average of the total output power of the PV plant 

(𝑃Eq
mdu−out[𝑘]), which is equivalent to the output power of each PV module, can be 

calculated by assuming that each module is providing the same share of the overall 

power. Then, 𝑃𝑃𝑂𝐴
mdu−in[𝑘]) and 𝑃Eq

mdu−out[𝑘] are normalized using (4.13) and (4.14) 

to yield 𝑃nrm
POA−in[𝑘] and 𝑃nrm

POA−ou𝑡[𝑘], respectively. 

At this end, using (3.3), 𝑃nrm
POA−in[𝑘] and 𝑃nrm

POA−ou𝑡[𝑘] can be decomposed into 

three timescales. Therefore, WT analysis of 𝑃nrm
POA−in[𝑘] yields three high-frequency 

modes (𝑃mode−𝑖
HF−in [𝑘]) and three low-frequency modes (𝑃mode−𝑖

HF−in [𝑘]. In the same way, 

𝑃nrm
POA−ou𝑡[𝑘] is analysed into three high-frequency (𝑃mode−𝑖

HF−out[𝑘]) and low-frequency 

modes (𝑃mode−𝑖
LF−out [𝑘]). These low and high frequency modes are used as input and 

output data for the proposed GEP-WT model. 
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power (3.4)
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whole PV system 
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from one sensor
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(4.1) and (4.2)

4
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(3.3)
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(5.7)
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(5.8)

𝑃out
mdu −GEP

 

pyranometer and 

PVs properties data 

End

Table 5.6
4

𝑃𝑂𝐴[𝑘] 

𝑃Eq
mdu −out [𝑘])  

𝑃𝑃𝑂𝐴
mdu −in [𝑘] 

𝑃clr
POA [𝑘] 

𝑃nrm
POA −in [𝑘] 𝑃nrm

POA −ou 𝑡 [𝑘] 

𝑃mode −𝑖
HF −in [𝑘] 

𝑃mode −3
LF −in [𝑘] 

𝑃mode −𝑖
HF −out [𝑘] 

𝑃mode −3
LF −out [𝑘] 

𝑃HF −mode −𝑖
GEP [𝑘] 

𝑃LF−mode −3
GEP [𝑘] 

𝑃nrm −out
Eq −GEP

 

 

Fig. 5.6. GEP modelling methodology and estimating the overall output power of a 

group of rooftop PV systems distributed within 0.7 km2 

Training and testing the data for the GEP technique results in four GEP models, 

each represents one of the Wavelet modes. Table 5.9 shows the input and output 

variables of the GEP training and testing stages as well as the GEP models after the 

modelling stages in which 𝑃HF−mode−1
GEP [𝑘], 𝑃HF−mode−2

GEP [𝑘]], and 𝑃HF−mode−3
GEP [𝑘] 

are the equivalent GEP-WT mode-1, mode-2, and mode-3 for the high-frequency 

modes, respectively while 𝑃LF−mode−3
GEP [𝑘]is the equivalent GEP-WT of mode-3 for 

the low-frequency mode. 

B- Application of the proposed GEP-Wavelet Model  

To estimate the output power of the investigated PV plant, the inverse wavelet 

transform using three high frequency and one low-frequency modes is employed as 

below [114]: 

𝑃nrm−out
Eq−GEP

= 𝑖𝑛𝑣(𝑃HF−mode−1
GEP [𝑘]) + 𝑖𝑛𝑣(𝑃HF−mode−2

GEP [𝑘] 

                      +𝑖𝑛𝑣(𝑃HF−mode−3
GEP [𝑘] + 𝑖𝑛𝑣(𝑃LF−mode−3

GEP [𝑘]) 

(5.7) 

By de-normalizing the result of (5.7) using 𝑃clr
POA[𝑘], Eq. (5.8) can be derived 

𝑃out
mdu−GEP = 𝑃nrm−out

Eq−GEP
× 𝑃clr

POA[𝑘]  (5.8) 

Then, the overall output power can be calculated by multiplying (5.8) with 𝑁module 
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Table 5.9 GEP input and output variables as well as the resulting GEP models 

Inputs Output 

GEP Models after 

Training and 

Testing running 

𝑇𝑚𝑝[𝑘], 𝐻u[𝑘] , 𝑉𝒄, 𝐴𝑖
𝑝𝑣

and 𝑃𝑖
𝑐𝑎𝑝

 as  

(𝐴1
𝑝𝑣𝑃1

𝑐𝑎𝑝
), (𝐴2

𝑝𝑣𝑃2
𝑐𝑎𝑝

), (𝐴3
𝑝𝑣𝑃3

𝑐𝑎𝑝
), 

(𝐴4
𝑝𝑣𝑃4

𝑐𝑎𝑝
), (𝐴5

𝑝𝑣𝑃5
𝑐𝑎𝑝

), 𝐴6
𝑝𝑣𝑃6

𝑐𝑎𝑝
) 

𝑃mode−1
HF−in [𝑘] 𝑃mode−1

HF−out [𝑘] 𝑃HF−mode−1
GEP [𝑘] 

𝑃mode−2
HF−in [𝑘] 𝑃mode−2

HF−out [𝑘] 𝑃HF−mode−2
GEP [𝑘] 

𝑃mode−3
HF−in [𝑘] 𝑃mode−3

HF−out [𝑘] 𝑃HF−mode−3
GEP [𝑘] 

𝑃mode−3
LF−in [𝑘] 𝑃mode−3

LF−out [𝑘] 𝑃LF−mode−3
GEP [𝑘] 

 

𝑃out
Eq−GEP

= 𝑃out
mdu−GEP × 𝑁module (5.9) 

Fig. 5.6 shows a flowchart for the above process. 

5.4.2. Performance Evaluation 

The validation of the proposed technique is conducted on rooftop PV systems 

located at the University of Queensland in Brisbane, Australia. Data collected over 

220 days with 1 min resolution are used for the GEP training and testing stages, 

while data collected over 90 days are used for the validation stage. Data are 

collected in the course of the years 2016 and 2017. Data have been collected from 

16 PV systems locations distributed within 0.7 km2 with an output power capacity 

of 2.14 MW. The days in which a clear sky or overcast sky was observed are not 

considered in developing the models. The University of Queensland site features 

are presented in the last chapter [27]. The PV sensor, which the data are collected 

from, is located at site-8 shown on Fig. 4.3. As mentioned in chapter 4, to enhance 

the estimation accuracy of the model, the PV plant is divided into six sub-PV plants 

with different areas and power capacities. In addition, for each individual day, the 

𝑃𝑂𝐴 time-series signal is divided into three time segments in which the first time 

series is between 8:00 and 10:59, the second time series is between 11:00 to 13:59 

and the third time series starts at 14:00 and ends at 17:00. The main variables of the 

GEP model are the terminal elements (inputs and output) and the function elements. 
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The 30 chromosomes with 3 genes each and 8 codes as head size and a maximum 

of 1000 generations are set for the proposed model. The genetic operator’s impact 

rates are listed in Table 5.6. These features are fine-tuned several times to obtain 

the best possible results. 

12

8

4

0

16

R
M

S
E

 [
%

]

8:00-10:59 11:00-13:59 14:00-17:00

𝑃HF −mode −1
GEP  𝑃HF −mode −2

GEP
 𝑃HF −mode −3

GEP
 𝑃LF−mode −3

GEP
 

 

Fig. 5.7. The RMS errors for the estimated generated power during the GEP training 

process for various Wavelet modes 

Fig. 5.7 shows the RMSE for the PV estimated power using the proposed GEP 

modelling of each Wavelet mode at each sub-time series. While Table 5.10,  

Table 5.11, Table 5.12 and Table 5.13 list the developed mathematical models 

resulting at the end of the GEP modelling stage.  
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Table 5.10 Developed 𝑃𝐻𝐹−𝑚𝑜𝑑𝑒−1
𝐺𝐸𝑃 [𝑘] wavelet model 

Time Gene Mathematic Modes 
8
:0

0
-1

0
:5

9
 

1 
 𝑃mode−1

HF−in [𝑘]

3.5
+ (4.7𝑇𝑚𝑝[𝑘] × ( 𝑃mode−1

HF−in )2)2 

2 

 𝑃mode−1
HF−in [𝑘]

√𝑉c + 𝑃mode−1
HF−in [𝑘] +

𝑇𝑚𝑝[𝑘] × 𝑝𝑐𝑎𝑝2

𝑉c

 

3 
 𝑃mode−1

HF−in [𝑘] × √𝐻u[𝑘] + 8.6

 𝑃mode−1
HF−in [𝑘] − 2𝐴𝑝𝑣 + 𝑇𝑚𝑝[𝑘] 

 

1
1
:0

0
-1

3
:5

9
 

1 𝑒−10𝐴𝑝𝑣
×

( (𝑃mode−1
HF−in [𝑘])3 × 𝑇𝑚𝑝[𝑘])

𝐴𝑝𝑣
 

2 
𝑒−12.7𝐴𝑝𝑣

×  (𝑃mode−1
HF−in [𝑘] × ( 𝑃mode−1

HF−in [𝑘] + 𝐻u[𝑘]

− 𝐴𝑝𝑣)) 

3 𝑒𝐿𝑜𝑔(𝑝𝑐𝑎𝑝)−𝑉c ×
 𝑃mode−1

HF−in [𝑘]

−15𝐴𝑝𝑣
 

1
4
:0

0
-1

7
:0

0
 

1 (
𝐻u[𝑘]

27𝐴𝑝𝑣
× 𝑇𝑚𝑝[𝑘] − 0.5𝑉c)0.5) ×  𝑃mode−1

HF−in [𝑘] 

2 
 𝑃mode−1

HF−in [𝑘]

𝐶𝑎𝑝 + 𝐻u[𝑘] − 8
 

3 
0.02𝐻u[𝑘]

𝑇𝑚𝑝[𝑘]
×  𝑃mode−1

HF−in [𝑘] 
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Table 5.11 Developed 𝑃𝐻𝐹−𝑚𝑜𝑑𝑒−2
𝐺𝐸𝑃 [𝑘] wavelet model 

Time Gene Mathematic Modes 

8
:0

0
-1

0
:5

9
 

1 
𝑃mode−2

HF−in [𝑘]

(−5.7𝑃mode−2
HF−in [𝑘] − 5.7𝑇𝑚𝑝[𝑘])2

+ 𝑃mode−2
HF−in [𝑘] 

2 
𝑃mode−2

HF−in [𝑘]

−3.6 + (𝑇𝑚𝑝[𝑘])
1
3

 

3 
𝑃mode−2

HF−in [𝑘]

𝑒3𝑝𝑐𝑎𝑝 + 𝑃mode−2
HF−in [𝑘] 

1
1
:0

0
-1

3
:5

9
 

1 
𝑃mode−2

HF−in [𝑘]

(−5.7𝑃mode−2
HF−in [𝑘] − 5.7𝑇𝑚𝑝[𝑘])2

+ 𝑃mode−2
HF−in [𝑘] 

2 
𝑃mode−2

HF−in [𝑘]

−3.6 + (𝑇𝑚𝑝[𝑘])
1
3

 

3 
𝑃mode−2

HF−in [𝑘]

𝑒3𝑝𝑐𝑎𝑝 + 𝑃mode−2
HF−in [𝑘] 

1
4
:0

0
-1

7
:0

0
 

1 
𝑃mode−2

HF−in [𝑘]

(2𝑉c × 𝑃mode−2
HF−in [𝑘]) − 𝑉c − √𝑒𝑉c

 

2 
𝑃mode−2

HF−in [𝑘]

𝑝𝑐𝑎𝑝 + 𝐿𝑜𝑔(𝑝𝑐𝑎𝑝) − 13
 

3 (𝑃mode−2
HF−in [𝑘])2 
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Table 5.12 Developed 𝑃𝐻𝐹−𝑚𝑜𝑑𝑒−3
𝐺𝐸𝑃 [𝑘] wavelet model 

Time Gene Mathematic Modes 
8
:0

0
-1

0
:5

9
 

1 𝑃mode−3
HF−in [𝑘] +

𝐴𝑝𝑣

3
 

2 √Log (√𝑇𝑚𝑝[𝑘] + 30𝑃mode−3
HF−in [𝑘]) +

𝐴𝑝𝑣

50
 

3 √Log((17𝐴𝑝𝑣)
2
3) −

𝐻u[𝑘]

0.5𝑉c − 𝐻u[𝑘]
 

1
1
:0

0
-1

3
:5

9
 

1 −0.32   𝑃mode−3
HF−in [𝑘] × 𝐿𝑜𝑔(𝑉c) 

2 (
𝐴𝑝𝑣

10
× 𝑃mode−3

HF−in [𝑘])4 × (
𝐴𝑝𝑣

10
− 𝑇𝑚𝑝[𝑘] +

1

𝑝𝑐𝑎𝑝
) 

3 (𝑃mode−3
HF−in [𝑘] − √0.2𝐴𝑝𝑣 × 𝑃mode−3

HF−in [𝑘]) 

1
4
:0

0
-1

7
:0

0
 

1  0.5(𝑃𝑚𝑜𝑑𝑒−3
HF−in [𝑘] + 𝐴𝑝𝑣) 

2 (𝑃mode−3
HF−in [𝑘])2 × (((−𝑃mode−3

HF−in [𝑘]) × 𝑉c − 𝐴𝑝𝑣) × (−6)−4) 

3 

−𝑝𝑐𝑎𝑝

𝐻u[𝑘]

𝑃mode−3
HF−in [𝑘]

+ 𝑉c
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Table 5.13 Developed 𝑃𝐿𝐹−𝑚𝑜𝑑𝑒−3
𝐺𝐸𝑃 [𝑘] Wavelet model 

Time Gene Mathematic Modes 
8
:0

0
-1

0
:5

9
 

1 
𝑇𝑚𝑝[𝑘]

400
+

𝐴𝑝𝑣

40
 

2 
(𝑒

𝑉c
𝐴𝑝𝑣×𝑇𝑚𝑝[𝑘]

−𝑝𝑐𝑎𝑝3

)

14.6𝐻u[𝑘] × 𝐴𝑝𝑣 × 𝑃mode−3
LF−in [𝑘]

1
3

 

3 𝑃mode−3
LF−in [𝑘] 

1
1
:0

0
-1

3
:5

9
 

1 (
𝑇𝑚𝑝[𝑘]

400
+

0.5𝐴𝑝𝑣

𝑇𝑚𝑝[𝑘]
) 

2 
(𝑒

𝑉𝑐
14.6𝐴𝑝𝑣) − 𝑝𝑐𝑎𝑝

14.6𝐻u[𝑘] × 𝐴𝑝𝑣 × 𝑃mode−3
LF−in [𝑘]

 

3 𝑃mode−3
LF−in [𝑘] − 0.54 

1
4
:0

0
-1

7
:0

0
 

1 𝑃mode−3
LF−in [𝑘] 

2 
0.5𝑃mode−3

LF−in [𝑘] − 0.5𝑒
𝐴𝑝𝑣−√((

𝐴𝑝𝑣×𝐻u[𝑘]
27

−𝐴𝑝𝑣)×𝐴𝑝𝑣)+𝑝𝑐𝑎𝑝

 

3 𝑒𝐴𝑝𝑣
×

𝑃mode−3
LF−in [𝑘]

(𝑇𝑚𝑝[𝑘] − (20𝑝𝑐𝑎𝑝 × 𝐴𝑝𝑣)
 

The above tables show the mathematical models for the PHF−mode−1
GEP [k], 

PHF−mode−2
GEP [k], 𝑃HF−mode−3

GEP [𝑘] and P𝐿𝐹−𝑚𝑜𝑑𝑒−3
𝐺𝐸𝑃 [𝑘] wavelet models, respectively 
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based on 220 days of training and testing data. As an example to clarify the models 

in these tables, for the sub-time series 8:00–10:59,  𝑃HF−GEP
mode−1[𝑘] is calculated from 

𝑃HF−GEP
mode−1[𝑘] = (Gene_1) + (Gene_2) + (Gene_3), which is the same for the other 

frequency modes. Then, the output power of this sub-time series can be estimated 

using (5.7). The same procedure is used to estimate the generated power for each 

sub-time series. 

The validation of the GEP-WT model has been achieved using two different 

methods. First, employing 90 data samples not used in developing the proposed 

model in this chapter, which are collected during different time-series on three 

different days in different seasons in Australia. Numerical collected data along with 

the estimated power of various models as well as the MAE and its average for each 

model are listed in Table 5.14 to Table 5.22. The average MAE for each 10 samples 

of data, which represent sub-time series, is also plotted in Fig. 5.8 to Fig. 5.16. From 

these tables and figures, it can be seen that the average estimation errors (MAE) for 

the GEP-WT ranges from 3.2% to 8.1%, whereas the average estimation errors 

(MAE) for the other models are in the range of 6.5% to 14.9%. The results reveal 

the superiority of the proposed model (GEP-WT) over other models published in 

the literature in terms of PV power estimation accuracy.  

Table 5.14 Comparison of the proposed model and other published models using 

10 samples for the first sub-time series ranging from 8:01 to 8:10, 1 January 2018 

1 January 2018, first sub-time series 

Model 

Parameters 

Time 8:01 8:02 8:03 8:04 8:05 8:06 8:07 8:08 8:09 8:10 

𝑇em 27.2 27.2 27.2 27.1 27.1 27.1 27 27 26.9 26.9 

𝐻u 64.6 64.3 64.4 64.2 64.5 64.5 64.4 64.5 64.4 64.6 

𝑉c  1.34 1.34 1.34 1.34 1.34 1.34 1.34 1.34 1.34 1.34 

𝑃mdu−in
POA   41.83 37.75 35.59 34.41 32.79 30.1 27.5 25.06 24.49 25.78 

𝑃mdu−out
𝐸𝑞𝑢

  46.46 41.03 38.97 37.33 35.62 32.14 29.01 26.91 26.11 27.78 
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Estimated 

Power 

Hoff 46.35 41.12 38.85 37.43 35.55 32.25 29.15 26.74 26.19 27.66 

Perez 46.36 41.12 38.87 37.41 35.52 32.24 29.13 26.76 26.17 27.68 

Lave 46.39 41.09 38.88 37.4 35.53 32.23 29.12 26.77 26.16 27.7 

𝑉𝑅𝐼T
max 46.4 41.09 38.89 37.39 35.53 32.22 29.11 26.77 26.16 27.7 

GEP-WT  46.42 41.06 38.9 37.4 35.54 32.2 29.1 26.89 26.14 27.72 

MAE [%] 

Hoff 10.57 8.47 11.61 10.53 7.12 11.06 13.54 16.66 8.32 11.76 

Perez 9.61 8.84 9.76 8.44 9.79 9.17 11.32 15.28 6.33 10.05 

Lave 7.29 5.53 8.8 6.61 9.22 8.17 10.32 13.78 5.23 8.1 

𝑉𝑅𝐼T
max 6.29 5.33 8.1 6.21 8.76 7.56 9.8 13.46 4.56 7.89 

GEP-WT  3.79 2.53 6.8 7.11 8.22 5.67 8.82 1.78 2.93 5.9 

Average 

MAE [%] 

Hoff 10.96          

Perez 9.86          

Lave 8.31          

𝑉𝑅𝐼T
max 7.8          

GEP-WT  5.36          
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Fig. 5.8.Average MAE error for Table 5.14 



Chapter 5. GEP-based approaches 

 

93 
 

 

Table 5.15 Comparison of the proposed model and other published models using 

10 samples for the second sub-time series ranging from 12:01 to 12:10, 1 January 

2018 

1 January 2018, second sub-time series 

 Time 12:01 12:02 12:03 12:04 12:05 12:06 12:07 12:08 12:09 12:10 

Model 

Parameters 

𝑇em 30.8 30.7 30.8 31 31.1 31.1 31.1 31.2 31.2 31.3 

𝐻u 52.6 52.8 53 52.8 52.9 53.1 52.3 52.2 52.1 52.1 

𝑉c   1.34 1.34 1.34 1.34 1.34 1.34 1.34 1.34 1.34 1.34 

𝑃mdu−in
POA  124 131 152 139 112 98 110 210 207 201 

𝑃mdu−out
𝐸𝑞𝑢

 133 149 160 140 127 141 182 188 196 192 

Estimated 

Power 

Hoff 120 135 167 124 119 130 160 164 180 182 

Perez 122 137 166 126 120 132 162 166 181 181 

Lave 124 139 169 131 122 135 165 169 184 185 

𝑉𝑅𝐼T
max 121 130 169 133 123 137 166 174 185 189 

GEP-

WT  
130 143 164 135 132 150 175 192 190 190 

MAE [%] 

Hoff 13 14 7 16 8 11 22 24 16 10 

Perez 11 12 6 14 7 9 20 22 15 11 

Lave 9 10 9 9 5 6 17 19 12 7 

𝑉𝑅𝐼T
max 12 19 9 7 4 4 16 14 11 3 

GEP-WT  3 6 4 5 5 9 7 4 6 2 

Average 

MAE [%] 

Hoff 14.1          

Perez 12.7          

Lave 10.3          
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𝑉𝑅𝐼T
max 9.9          

GEP-WT  5.1          
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Fig. 5.9. Average MAE error for Table 5.15  

 

Table 5.16 Comparison of the proposed model and other published models using 

10 samples for the third sub-time series ranging from 15:01 to 15:10, 1 January 

2018 

1 January 2018, third sub-time series 

Model 

Parameters 

Time 15:01 15:02 15:03 15:04 15:05 15:06 15:07 15:08 15:09 15:10 

𝑇em 31.3 31.4 31.3 31.2 31 30.8 30.8 30.8 30.9 30.9 

𝐻u 53.5 54 53.9 54 54.1 54.5 54.9 55 54.8 55 

𝑉c  1.34 1.34 1.34 1.34 1.34 1.34 1.34 1.34 1.34 1.34 

𝑃mdu−in
POA   98 96 98 57 53 73 54 68 80 73 

𝑃mdu−out
𝐸𝑞𝑢

  117 101 86 68 63 64 68 82 100 77 

Estimated 

Power 

Hoff 103 114 69 56 50 55 75 73 85 71 

Perez 102 113 72 58 54 54 77 75 87 71 
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Lave 106 111 72 59 54 56 77 73 85 71 

𝑉𝑅𝐼T
max 124 93 74 78 51 71 74 60 109 70 

GEP-WT  121 99 81 67 59 60 63 79 102 75 

MAE [%] 

Hoff 14 13 17 12 13 9 7 9 15 6 

Perez 15 12 14 10 9 10 9 7 13 6 

Lave 11 10 14 9 9 8 9 9 15 6 

𝑉𝑅𝐼T
max 12 19 9 7 4 4 16 14 11 3 

GEP-WT  4 2 5 1 4 4 5 3 2 2 

Average 

MAE 

[%] 

Hoff 11.5          

Perez 10.5          

Lave 10          

𝑉𝑅𝐼T
max 9.9          

GEP-WT  3.2          
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Fig. 5.10. Average MAE error for Table 5.16 

Table 5.17 Comparison of the proposed model and other published models using 



Chapter 5. GEP-based approaches 

 

96 
 

 

10 samples for the first sub-time series ranging from 9:01 to 9:10, 17 Sept. 2017 

17 Sept. 2017, first sub-time series 

Model 

Parameters 

Time 9:01 9:02 9:03 9:04 9:05 9:06 9:07 9:08 9:09 9:10 

𝑇em 18.7 18.7 18.7 18.7 18.7 18.6 18.7 18.7 18.7 18.7 

𝐻u 50.2 50.3 50.5 50.6 50.5 50.5 50.8 50.6 50.9 50.8 

𝑉c  2.03 2.03 2.03 2.03 2.03 2.03 2.03 2.03 2.03 2.03 

𝑃mdu−in
POA   70 70 66 65 69 66 69 69 64 65 

𝑃mdu−out
𝐸𝑞𝑢

  75 75 73 71 74 73 75 75 71 71 

Estimated 

Power 

Hoff 24 24 24 24 24 24 24 24 24 24 

Perez 97 97 68 67 55 69 97 97 67 67 

Lave 95 95 68 66 55 69 95 95 66 66 

𝑉𝑅𝐼T
max 89 89 68 63 59 69 89 89 63 63 

GEP-WT  71 71 68 61 54 69 79 73 80 79 

MAE [%] 

Hoff 99 99 64 67 52 63 99 99 67 67 

Perez 22 22 5 4 19 4 22 22 4 4 

Lave 20 20 5 5 19 4 20 20 5 5 

𝑉𝑅𝐼T
max 14 14 5 8 15 4 14 14 8 8 

GEP-WT  4 4 5 10 20 4 4 2 9 8 

Average 

MAE [%] 

Hoff 14.9          

Perez 12.8          

Lave 12.3          

𝑉𝑅𝐼T
max 10.4          

GEP-WT  7          
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Fig. 5.11. Average MAE error for Table 5.17 

 

Table 5.18 Comparison of the proposed model and other published models using 

10 samples for the second sub-time series ranging from 12:01 to 12:10, 17 Sept. 

2017 

17 Sept. 2017, second sub-time series 

Model 

Parameter 

Time 12:01 12:02 12:03 12:04 12:05 12:06 12:07 12:08 12:09 12:10 

𝑇𝑒𝑚 22.6 22.6 22.5 22.5 22.5 22.5 22.4 22.5 22.5 22.5 

𝐻𝑢 43.1 42.9 43 43.1 43.2 43 43 43.1 43.1 43.1 

𝑉𝑐  2.03 2.03 2.03 2.03 2.03 2.03 2.03 2.03 2.03 2.03 

𝑃𝑚𝑑𝑢−𝑖𝑛
𝑃𝑂𝐴   168.55 168.95 166.28 142.68 165.6 160.26 167 162.56 163.35 164.3 

𝑃𝑚𝑑𝑢−𝑜𝑢𝑡
𝐸𝑞𝑢

  194.98 196.3 190.5 176.01 191.83 192.25 194.53 191.41 191.16 191.66 

Estimated 

Power 

Hoff 195.12 196.45 190.62 176.1 191.99 192.38 194.64 191.28 191.26 191.58 

Perez 195.11 196.44 190.62 176.09 191.97 192.37 194.63 191.3 191.25 191.59 

Lave 195.11 196.43 190.6 176.08 191.95 192.36 194.63 191.31 191.24 191.59 

𝑉𝑅𝐼T
max 195.1 196.42 190.6 176.07 191.95 192.36 194.62 191.32 191.24 191.6 
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GEP-WT  194.91 196.4 190.44 176.07 191.72 192.33 194.47 191.5 191.22 191.61 

MAE [%] 

Hoff 14.1 15.29 12.17 9.01 15.73 13.08 10.34 12.87 9.97 8.66 

Perez 13.08 14.3 11.99 8.43 13.26 12.12 10.14 11.48 9.31 7.65 

Lave 12.48 13.52 10.77 7.51 11.81 11.41 9.4 10.1 8.33 7.02 

𝑉𝑅𝐼T
max 12.28 12.52 10.18 6.51 11.34 10.82 8.98 9.2 7.54 6.2 

GEP-WT  7.09 10.06 5.55 6.47 11.27 8.22 6.16 8.82 5.97 5.31 

Average 

MAE [%] 

Hoff 12.12          

Perez 11.18          

Lave 10.24          

𝑉𝑅𝐼T
max 9.56          

GEP-WT  7.49          

 

 

Hoff

Perez

Lave

GEP-VRI 

GEP-WT  

Fig. 5.12. Average MAE error for Table 5.18 
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Table 5.19 Comparison of the proposed model and other published models using 

10 samples for the third sub-time series ranging from 14:31 to 14:40, 17 Sept. 2017 

17 Sept. 2017, third sub-time series 

Model 

Parameters 

Time 14:31 14:32 14:33 14:34 14:35 14:36 14:37 14:38 14:39 14:40 

𝑇em 22.6 22.9 22.9 22.9 22.8 22.7 22.6 22.6 22.5 22.4 

𝐻u 41.7 42.1 41.9 42.3 42.4 42.5 42.9 43 43.2 43.3 

𝑉c  2.03 2.03 2.03 2.03 2.03 2.03 2.03 2.03 2.03 2.03 

𝑃mdu−in
POA   111 109 110 110 109 73 57 36 35 38 

𝑃mdu−out
𝐸𝑞𝑢

  135 135 137 140 140 122 106 66 55 67 

Estimated 

Power 

Hoff 120 120 125 126 126 106 94 51 55 55 

Perez 124 124 127 125 125 108 95 52 51 53 

Lave 122 122 129 125 126 109 97 53 53 56 

𝑉𝑅𝐼T
max 124 124 130 127 129 110 99 55 45 51 

GEP-WT  131 131 132 131 132 114 102 69 50 59 

MAE [%] 

Hoff 15 15 12 14 14 16 12 15 0 12 

Perez 11 11 10 15 15 14 11 14 4 14 

Lave 13 13 8 15 14 13 9 13 2 11 

𝑉𝑅𝐼T
max 11 11 7 13 11 12 7 11 10 16 

GEP-WT  4 4 5 9 8 8 4 4 5 8 

Average 

MAE 

[%] 

Hoff 12.5          

Perez 11.9          

Lave 11.1          

𝑉𝑅𝐼T
max 10.9          
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GEP-WT  6.8          
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Fig. 5.13. Average MAE error for Table 5.19  

 

Table 5.20 Comparison of the proposed model and other published models using 

10 samples for the first sub-time series ranging from 10:01 to 10:10, 18 March 2017 

18 March 2017 first sub-time series 

Model 

Parameters 

Time 10:01 10:02 10:03 10:04 10:05 10:06 10:07 10:08 10:09 10:10 

𝑇em 28.3 28.2 28.2 28.2 28.2 28.4 28.5 28.4 28.5 28.5 

𝐻u 51 51 51.1 50.8 50.2 50.3 50 49.8 50 49.8 

𝑉clou  4.12 4.12 4.12 4.12 4.12 4.12 4.12 4.12 4.12 4.12 

𝑃mdu−in
POA   148 149 151 153 155 159 154 152 154 153 

𝑃mdu−out
𝐸𝑞𝑢

  142 150 145 156 156 153 157 158 160 159 

Estimated 

Power 

Hoff 129 141 130 142 143 147 148 150 146 155 

Perez 134 144 133 142 145 149 149 151 144 152 

Lave 136 136 136 136 136 136 136 136 136 136 

𝑉𝑅𝐼T
max 137 148 134 145 146 153 155 155 145 153 
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GEP-WT  139 139 139 139 139 139 139 139 139 139 

 

MAE [%] 

Hoff 13 9 15 14 13 6 9 8 14 4 

Perez 8 6 12 14 11 4 8 7 16 7 

Lave 6 3 10 12 8 2 4 3 16 5 

𝑉𝑅𝐼T
max 5 2 11 11 10 0 2 3 15 6 

GEP-WT  3 5 6 5 8 1 2 7 5 4 

Average 

MAE 

[%] 

Hoff 10.5          

Perez 9.3          

Lave 6.9          

𝑉𝑅𝐼T
max 6.5          

GEP-WT  4.6          
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Fig. 5.14. Average MAE error for Table 5.20 
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Table 5.21 Comparison of the proposed model and other published models using 

10 samples for the second sub-time series ranging from 13:51 to 14:00, 18 March 

2017 

18 March 2017, second sub-time series 

Model 

Parameters 

Time 13:51 13:52 13:53 13:54 13:55 13:56 13:57 13:58 13:59 14:00 

𝑇em 30.2 30.2 30.2 30.3 30.4 30.4 30.3 30.3 30.3 30.2 

𝐻u 46.1 46.2 46.2 45.9 45.9 46 46.3 46.5 46.8 46.8 

𝑉c  4.12 4.12 4.12 4.12 4.12 4.12 4.12 4.12 4.12 4.12 

𝑃mdu−in
POA   50 65 192 76 62 59 54 52 53 60 

𝑃mdu−out
𝐸𝑞𝑢

  71 89 110 73 79 77 70 70 79 84 

Estimated 

Power 

Hoff 65 75 95 60 65 63 63 63 65 60 

Perez 68 79 99 67 69 62 63 63 62 61 

Lave 69 83 101 67 71 64 65 62 63 65 

𝑉𝑅𝐼T
max 69 84 103 68 73 65 66 63 63 64 

GEP-WT  74 93 116 79 84 83 80 80 90 101 

MAE [%] 

Hoff 6 14 15 13 14 14 7 7 14 24 

Perez 3 10 11 6 10 15 7 7 17 23 

Lave 2 6 9 6 8 13 5 8 16 19 

𝑉𝑅𝐼T
max 2 5 7 5 6 12 4 7 16 20 

GEP-WT  3 4 6 6 5 6 15 10 11 12 

Average 

MAE 

[%] 

Hoff 12.8          

Perez 10.9          

Lave 9.2          
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𝑉𝑅𝐼T
max 8.4          

GEP-WT  8.1          
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Fig. 5.15. Average MAE error for Table 5.21 

 

Table 5.22 Comparison of the proposed model and other published models using 

10 samples for the second sub-time series ranging from 16:01 to 16:10, 18 March 

2017 

18 March 2017, third sub-time series 

Model 

Parameters 

Time 16:01 16:02 16:03 16:04 16:05 16:06 16:07 16:08 16:09 16:10 

𝑇em 28.7 28.8 28.7 28.7 28.7 28.6 28.6 28.6 28.6 28.6 

𝐻u 56.9 56.4 56.3 56.4 56.5 56.5 56.7 56.9 57.2 57.3 

𝑉c  4.12 4.12 4.12 4.12 4.12 4.12 4.12 4.12 4.12 4.12 

𝑃mdu−in
POA   29.16 20.4 18.54 15.68 13.78 64.89 13.63 11.35 10.49 53.41 

𝑃mdu−out
𝐸𝑞𝑢

  46.33 32.34 29.97 37.8 34.74 31.25 31.77 22.16 23.31 39.7 

Estimated 

Power 

Hoff 46.45 32.44 30.19 37.72 34.84 31.36 31.64 22.07 23.21 39.53 

Perez 46.44 32.43 30.16 37.73 34.83 31.36 31.65 22.08 23.22 39.54 
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Lave 46.43 32.43 30.15 37.74 34.82 31.35 31.66 22.09 23.23 39.55 

𝑉𝑅𝐼T
max 46.43 32.42 30.15 37.76 34.81 31.35 31.68 22.11 23.24 39.57 

GEP-WT  46.41 32.29 29.84 37.79 34.7 31.19 31.84 22.2 23.39 39.6 

MAE 

[%] 

Hoff 12.24 10.3 21.99 8.5 9.96 10.81 12.36 8.42 10.2 16.29 

Perez 10.9 9.25 19.31 7.47 8.45 10.44 11.84 8.09 9.12 15.57 

Lave 10.1 9.13 18.21 6.02 8.11 9.52 10.97 6.75 8.28 14.53 

𝑉𝑅𝐼T
max 9.93 8.43 18.14 4.07 7.24 9.45 9.02 5.29 7.18 12.86 

GEP-WT  7.92 4.74 12.67 1.03 4.21 6.24 7.32 4.12 7.91 9.56 

Average 

MAE 

[%] 

Hoff 12.11          

Perez 11.04          

Lave 10.16          

𝑉𝑅𝐼T
max 9.16          

GEP-WT  6.57          
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Fig. 5.16. Average MAE error for Table 5.22 

The second way to illustrate the validation of the GEP-WT model is by employing 

90 days using two error metrics – MAE and RMSE. Fig. 5.17 shows the errors of 
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the existing models (Hoff, Perez, Lave and GEP-VRI models) including the GEP-

WT model. As shown in Fig. 5.17, the GEP-WT model results in the least errors 

when compared with other estimation models. 

Table 5.23 lists the average numerical values for MAE and RMSE as well as the 

maximum and minimum enhancement due to the application of the GEP-WT 

approach compared with the other approaches. It can be seen that the maximum 

accuracy improvements of the GEP-WT approach using the MAE metric are 14.38, 

12.46 and 6.62% at sub-time series of 8:00–10:59 am, 11:00–1:59 pm and 2:00–

5:00 pm, respectively. While the maximum accuracy improvements of the GEP-

WT approach are 47.61, 46.72, and 31.10% at sub-time series of 8:00–10:59 am, 

11:00–1:59 pm and 2:00–5:00 pm, respectively. The same results can be illustrated 

using the RMSE metric. 
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Fig. 5.17. Error comparison between the estimated and the actual power using 

various models published in the literature and the model proposed in this chapter 

(GEP-WT) 

It must be noted that the enhancing strategy adopted to model the output power 

of a neighbourhood PV system is based on dividing the daily POA time-series data 

into three sub-time-series. Also, along with the WT technique, the relationship 

between the input and the output variables are quickly mapped. Both approaches, 

dividing the POA data and the WT, assist the GEP algorithm in drawing the 

correlation between the input and output variables promptly and precisely. As a 
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result of that, within each selected period, the environmental weather conditions, 

such as zenith angle, temperature, humidity and output power would not change 

much. Furthermore, the separation conducted by the WT approach on each sub-

time series into high and low-frequency groups decreases the GEP confusion 

throughout the training progression to draw the relationship between the input and 

output variables. 

Therefore, the proposed technique improved in this section demonstrated a high 

accuracy compared with the other models mentioned in Chapter 2 (Hoff, Perez and 

Lave) and Section 5.2 (GEP-VRI).  

Table 5.23 Comparison of the minimum and maximum errors for the main VRI 

models published in the literature and the proposed GEP-WT model 

Models 

8:00–10:59 a.m. 11:00–1:59 p.m. 2:00–5:00 p.m. 

MAE RMES MAE RMES MAE RMES 

Hoff 8.93 11.36 9.38 12.34 9.94 12.46 

Perez 8.44 10.79 8.80 11.43 9.18 11.08 

Lave 7.89 9.84 8.15 10.88 8.88 10.65 

GEP-VRI 6.92 9.42 7.19 10.32 8.08 10.18 

GEP-WT 6.05 8.09 6.39 9.49 7.58 9.50 

Minimum 

improvement (%) 14.38 16.42 12.46 8.74 6.62 7.10 

Maximum 

improvement (%) 47.61 40.38 46.72 30.07 31.10 31.19 

5.4.3. Sensitivity Analysis 

To investigate the sensitivity of the parameters used in the developed models in 

Table 5.24, each parameter in the model is changed within a range of maximum and 
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minimum limits while keeping all other parameters unchanged [101]. The effect of 

such a change on the output power is analysed using the standard deviation (SD). 

To standardise the sensitivity analysis of the model, the SD is divided by the 

average value of the measured parameter. Fig. 5.18 shows the sensitivity of each 

model parameter for each sub-time series. The results show that the most influential 

factor is the input power which represents the output power of the PV sensor 

followed by the area of the PV system and then the ambient temperature, whereas 

humidity, cloud speed and the power capacity of the overall PV system have less 

impact. 

Table 5.24 Maximum and minimum values of the estimated model used in the 

sensitivity analysis 

Parameters  Minimum Maximum 

𝑃nrm−out
Eq−GEP

 1 0 

𝐻u[%] 10 90 

𝑉𝑐[m/s] 0.5 13 

𝐴j
pv

 [km2] 0.1 0.7 

𝑇𝑚𝑝[ Co ] 10 36 

𝑃𝑗
cap

 [Mw] 0.15 2 
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Fig. 5.18. Sensitivity analysis of the estimated model parameters 

5.5. Comparison of the Proposed Models vs Existing Models in the Literature 

Finally, this section presents a comparison of the existing models (Hoff, Perez 

and Lave) and the models improved in this thesis. Table 5.25 illustrates the final 

average errors using MAE and RMSE metrics calculated using the proposed models 

in this thesis (GEP-VRI, ANFIS-WT and GEP-WT) compared with the well-known 

existing models (Hoff, Perez and Lave). Fig. 5.19 illustrates graphically the average 

errors of each of the models investigated in this thesis as well as the maximum and 

minimum accuracy improvements of the GEP-WT model compared with the other 

models. From Table 5.25 and Fig. 5.19, it can be seen that by using MAE, the 

minimum improvements of the GEP-WT models range 8.65% (compared with the 

ANFIS-WT model) to 33.65% (compared with the Hoff model) whereas the 

maximum improvements of the GEP-WT models range from 15.2% (compared 

with the ANFIS-WT model) to 56.8% (compared with the Hoff model). 
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Table 5.25 Comparison of the minimum and maximum average errors calculated 

by each model (existing and proposed models) in this study 

Models [%] 
Minimum [%] Maximum [%] 

MAE RMSE MAE RMSE 

Hoff 9.8 12.1 13.9 15.8 

Perez 9.3 12 13.4 15.8 

Lave 8.7 10.9 12.7 14.5 

GEP-VRI 8.1 10.3 12.8 13.9 

ANFIS-WT 7.2 9.5 11.3 13 

GEP-WT 6.25 8.52 10.4 12.23 

GEP-WT model Improvement compare 

with Hoff 
56.8 42.02 33.65 29.19 

GEP-WT model Improvement compare 

with Perez 
48.8 40.85 28.85 29.19 

GEP-WT model Improvement compare 

with Lave 
39.2 27.93 22.12 18.56 

GEP-WT model Improvement compare 

with GEP-VRI 
29.6 20.89 23.08 13.65 

GEP-WT model Improvement compare 

with ANFIS-WT 
15.2 11.50 8.65 6.30 
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Fig. 5.19. The maximum and minimum improvements of the GEP-WT model 

compared with other models using a) MAE and b) RMSE  

In summary, it can be concluded that the GEP algorithm could be more suited to 

dealing with the variability of the solar irradiance, especially with small-scale PV 

plants. 
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5.6. Summary 

This chapter has presented two new models using the GEP technique. The first 

model is the GEP-VRI which is derived by employing the 𝑉𝑅𝐼mode-𝑖
max  model, which 

was introduced in Chapter 3, as an output variable, and the area of the PV plant, 

cloud speed, humidity, number of PV systems, ambient temperature and timescale 

as input variables. While the second model – GEP-WT – was simulated by 

employing the average output power of the overall PV plant analysed using WT as 

an output variable, and the output power of the pyranometer analysed by employing 

WT, the PV plant area, cloud speed, humidity and temperature as input variables. 

The validation results demonstrated the GEP-WT has greater accuracy than the 

GEP-VRI model because they have different training strategies. From the 

comparison results listed in Table 5.25, it can be seen that the minimum 

enhancements of the GEP-WT model, compared with the GEP-VRI model, are 

15.2% and 8.65%. While the maximum enhancements of the GEP-WT model, 

compared with the ANFIS-WT model, are 29.6% and 23.07%. The accuracy of the 

GEP-WT model is due to the use of a strategy to provide accurate and specific data 

by dividing the time series for each day into a set of sub-time series in which some 

weather conditions are mostly the same during this sub-time series, such as 

temperature, humidity, zenith angle and solar irradiance. Employing the Wavelet 

transform technique to analyse the data and separate it (time-series data) into low 

and high frequencies, the confusion of the GEP algorithm will be reduced 

throughout the learning stage. Moreover, the strategy of dividing the PV plant into 

several sub-plants with different capacities and shapes helped produce a model 

capable of estimating the output power of PV plants of different sizes and capacities 

within 1 km2 
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Chapter 6 Conclusion and Recommendations 

This chapter summarises the main findings of this thesis. Based on different 

findings and observations, some recommendations are also made for future 

research. 

6.1. Conclusions 

The study presented in this doctoral thesis focused on creating models using 

several approaches and several scientific strategies. The study was implemented by 

using several neighbouring rooftop PV systems distributed within approximately 1 

km2 and solar irradiance data with 1 minute resolution. The proposed models have 

also been created to estimate the generated power of the PV plant using only one 

PV pyranometer located close to the PV plant. The validation data was collected 

from the rooftop PV systems located in the University of Queensland in Brisbane, 

Australia. 

The major scope of this study, the thesis structure, the study motivation and main 

subjects were explained in Chapter 1. In Chapter 2, several models and studies have 

been introduced. These studies and models from existing literature express 

correlations between two PV systems located in one area. These correlational 

models are used to determine the VRI of the power generated by these PV systems 

and estimate their overall generated power. This chapter also included two tables to 

summarise the approaches and the results obtained from these studies. 

Chapter 3 focused on defining the accuracy of various correlational models in 

the literature when applied to a group of small-scale rooftop PV systems, distributed 

in a small area, versus large PV systems distributed over large areas, for which these 

models were developed and validated. Employing these models for the actual 

system under consideration revealed that no single correlational model always 

results in the most accurate estimation. Accordingly, a new model was introduced 

by adopting the maximum value of each of the previous models (Hoff, Perez, Lave 

and ACM) at each timescale, individually. Using the WT technique, POA data have 

been analysed into six modes and then compared with a maximum VRI model to 

estimate the overall output power of neighbouring PV systems. The developed 

method is validated by comparing the power generated by a group of 16 
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neighbouring small-scale rooftop PV systems, with the estimation results from the 

proposed method. It can be noted that the minimum error observed using MAE was 

2.5 and 1.1 for the  𝑉𝑅𝐼mode-𝑖
max  model and between 2.6 and 1.2% for the other models. 

The results also show that the proposed method improves the accuracy by at least 

1.8% and up to 32 or 48% (depending on whether the MAE or RMSE are employed) 

for 312 non-clear sky days of a year. Furthermore, since this technique uses a single 

pyranometer for the distributed PV systems in the study, the impact of the location 

of the pyranometer on the results has also been investigate and the most appropriate 

location has been identified. 

In Chapter 4, using the Wavelet-based ANFIS modelling approaches, new PV 

system output power estimation models are presented. Parameters such as PV area, 

capacity, cloud speed, temperature and humidity are considered as inputs for the 

proposed model. Real data collected from the PV plant in Brisbane, Australia are 

used to train the proposed model. The results reveal the high accuracy of the 

developed model compared with the existing estimation models in the literature. 

For example, the minimum and maximum improvement using the ANFIS model 

are 11.4 and 36.9% compared with the other models (Hoff, Perez, Lave and GEP-

VRI). Sensitivity analysis for each parameter reveals that the output power 

collected from the PV sensor has the greatest impact on estimating the output power 

of the entire PV system using the developed model. Ambient parameters including 

humidity, cloud speed and the power capacity of the overall PV plant all have less 

impact on the estimated power.  

Chapter 5 aimed to propose two techniques with higher accuracy compared to 

similar existing techniques for estimating the total power generated by a group of 

neighbouring PV systems in a locality using the VRI. Existing techniques use 

mathematical approaches based on the correlation coefficient between every two 

PV systems. The two new techniques proposed here present a GEP-based artificial 

intelligence technique which merges the benefits of the GA and GP techniques to 

derive the correlation between the input parameters, such as the number and size of 

the PV panels, and the ambient conditions, such as the temperature and humidity 

and the POA, measured at one point only, and the total power generated across the 

neighbourhood. The first technique used the 𝑉𝑅𝐼mode-𝑖
max  parameter as an output 
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variable, and using the resulting model (GEP-VRI) and the WT approach, the 

overall generated power was estimated. The results have demonstrated that the 

proposed technique has a minimum and maximum improvement of 8 (or 8.4) and 

43.7 (or 51)% using the MAE (or RMSE) metric. The proposed method has also 

demonstrated an accuracy of over 90% for 82% of the studied days which is far 

better than the accuracy of other techniques in the literature (i.e. 57.6 to 67%). In 

the second technique, the overall generated power has been modelled directly using 

the WT and GEP approaches. The result of this technique demonstrated a minimum 

and maximum improvement of 14.38 (or 16.42) and 47.61 (or 40.38)% using the 

MAE (or RMSE) metric. The sensitivity analysis of the second model shows that 

the output power collected from the PV sensor has the largest impact on the output 

power estimated by the GEP models. Ultimately, the thesis demonstrates that the 

GEP-WT model is the more accurate of the models for estimating the output power 

of a group of rooftop PV systems distributed within 1 km2 using only one PV sensor 

and 1-minute solar irradiance data compared with existing models (Hoff, Perez and 

Lave models) and the other models suggested in this thesis (ANFIS-WT and GEP-

VRI models). 

6.2. Recommendations for future work 

Based on the findings from this research, the points below can be suggested as 

potential future research subjects: 

 Based on the results of this thesis, VRI could change during the daytime if 

cloud speed is not constant during that period. So it would be interesting to study 

the VRI parameter by dividing the data for each day into several sub-time series to 

calculate cloud speed at each sub-series time, the VRI for each sub-time series and 

then using the usual methods to estimate the generated power. 

 This thesis focused on one-minute resolution; by using ANFIS and GEP 

techniques, it is possible to create other models using different time resolutions such 

as 2, 3, 4, 5 …15-mins.  

 This thesis also focused on a small-scale PV plant. It would also be 

interesting to use ANFIS and GEP techniques to model the generated power of 

medium and large-scale PV plants with different time resolutions. 
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 The Wavelet transform model is a good tool to analyse and evaluate 

uncertain and random data. More accurate results could be yielded when 

considering the more accurate Mother wavelet function. The author recommends 

using and comparing these different Mother functions to calculate and estimate the 

output power of PV systems. 

 Because cloud speed plays an important role in estimating and analysing the 

output variability, the author recommends considering cloud speed at different 

times of the day. For example, cloud speed should be calculated from 7:00 to 10:00 

and then also using the time series 10:01 to 13:00 and 13:01 to 16:00 and so on. 

 Using the Machine Learning Technique, a model can be built to describe 

the size and speed of clouds by collecting a massive amount of data from different 

PV plants and locations. This will help the planner obtain more information when 

building new PV plants and appropriate storage systems. 
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