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Preface 

This thesis is comprised of a series of related papers, several of which have been published or 

accepted.  Each manuscript is intended to be a stand-alone article, and consequently some 

concepts, such as background material or descriptions of datasets, will be repeated between the 

separate chapters. 

 

This thesis has been formatted in accordance to The Australian National University’s College of 

Medicine, Biology and Environment guidelines for a ‘Thesis by Compilation’.  This includes a 

Context Statement at the beginning of this thesis.  The Context Statement should not be read as 

a comprehensive literature review.  It instead introduces the overarching framework and 

connections between the various research topics covered in the subsequent chapters.  

 

I completed the vast majority of the work presented in this thesis document, but there were 

contributions from other researchers and undergraduate students whom I supervised.  My 

supervisory panel (Franklin Mills, Janette Lindesay, Bob Williamson, Andrew Blakers) was 

important in refining my scientific questions and helping me construct the overall flow of the 

project.  Franklin Mills was involved closely with the development and authorship of two of my 

manuscripts.  There were also two students whom I supervised who contributed to several 

manuscripts that arose from this research.  For purposes of clarity, I’ve included a list of 

contributions for the manuscripts that emerged from this research below.  I have given further 

details at the beginning of the two chapters to which undergraduate students contributed most 

substantially.   
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Abstract 

The 4GW of solar energy installations in Australia is dominated by some 1.4m small-scale 

photovoltaic (PV) arrays, with average system sizes of 1.5kW in 2011, growing to 4.5kW by the 

end of 2014.  The vast majority of these installations are un-monitored, meaning that their 

minute-by-minute performance is not recorded, and only aggregate quarterly production values 

are available.  The consequence of this is that the contribution of these installations to the 

electricity grid is presently unknown, which, in turn, limits the number of PV systems that can 

be installed in a given region. 

 

Providing a method for estimating the power output from many thousands of PV systems is the 

focus of this thesis.  It begins with the development of a methodology for using a selection of 

monitored PV systems to produce estimates of the power output from nearby non-monitored 

systems called the “clear-sky index for photovoltaics”, KPV. This method is capable of handling 

the highly nuanced nature of these systems, which each have their own tilt, azimuth, de-rating, 

layout and module and inverter types.   

 

Validation of the available clear sky radiation models was required for the Australian continent, 

in order to support this method, as no previous validations were available.  Furthermore, it was 

necessary to demonstrate that the KPV method offered equivalent performance to radiation 

(pyranometer) based monitoring networks.  For this purpose, a new diffuse fraction radiation 

model capable of using sub-hourly data was developed and validated against Australian 

radiation data.  It was then possible to demonstrate the equivalent performance of the KPV 

approach to pyranometer based modeling, which is achieved when mean separation distance 

falls below 5km. 
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In order to scale up the KPV method to the simulation of many thousands of PV systems, it was 

necessary to develop robust quality control capable of:  determining the orientation of PV 

systems in space based on their power output, quality controlling their recorded power output, 

and making adjustments based on their soiling and shading profiles.  This was accomplished 

through the development of a new quality control routine: QCPV. 

 

It is then possible to scale the method up to many thousands of systems.  Using Canberra as a 

proof-of-concept, a city-wide distributed PV simulation of its 12,000+ embedded PV generators 

was created through the aforementioned advances.  This thesis ends with the simulation of 

critical collective ramp events, which are situations where the local meteorology causes large 

changes in collective PV power output over a short period of time – events which are the most 

likely to cause future grid stability problems.   

 

The thesis concludes with a brief vision for the future of the developed simulation system, 

which can run in real-time, for many tens or hundreds of thousands of distributed PV arrays.  

When such simulations are combined with detailed information about local electrical 

distribution infrastructure, it will allow for increased levels of distributed PV integration that 

were not previously possible.  Thus, this simulation system is a critical enabling tool for the 

integration of high-penetrations of distributed solar photovoltaic energy systems.   
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Context Statement 

Introduction 

The number of solar photovoltaic (PV) installations worldwide is growing rapidly. The 

International Energy Agency now estimates that by 2050, solar PV will generate 16% of the 

world’s electricity, exceeding 6000 TWh of electricity generation annually (IEA 2014). 

Furthermore, approximately half of this total installed capacity is expected to be small-scale, 

“rooftop” solar arrays.  Within Australia, the focus area of this thesis, total installed PV capacity 

reached 4.5 GW in June 2015, with an average system size of 4.5 kW, totaling more than 1.4m 

individual systems (APVI 2015).  This represents substantial growth from only 41 kW of 

capacity at the start of 2009.  As a result of this impressive uptake, 20% of Australian 

households now have a solar PV system installed at their residence (ABS 2014).  With the 

installed cost of PV at approximately $1.75/W for systems >10 kW, continued strong uptake is 

anticipated, particularly in commercial site applications (APVI 2015).  Moderate uptake 

scenarios from solar analytics company SunWiz project installed capacity to exceed 7 GW by 

2020 (SunWiz 2015).  For perspective, Australia’s largest electricity market, the National 

Electricity Market (NEM), has a total large-scale generation capacity of approximately 50 GW.  

 

What these statistics represent, is that distributed small-scale solar installations represent a fast 

growing and increasingly robust energy generation source in Australia.  Its penetrations of PV 

are among the highest in the world, with cost parity being reached throughout the continent 

(Chen & Franklin 2011).  However, these developments place Australia on the forefront of the 

challenges associated with high-penetration distributed PV integration into the electricity grid.  

At the time of the completion of this thesis, Australian utilities have already begun to ban grid 

export or limit the total installed capacity permitted per individual system (Ergon Energy 2015, 

Horizon Power 2012).  This represents the intermittency challenges faced by distributed solar 

resources, which are inducing  
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intolerable voltage fluctuations within Australian distribution networks (Noone 2013).   

 

Efforts to ameliorate such issues are limited by a lack of knowledge about the actual 

performance of these largely unmonitored distributed PV systems.  Research in this area is 

exceptionally limited with only a few relevant studies available.  The most relevant of which is 

Hoff & Perez 2011.  Despite its relevance, it did not actually work with any PV system data at 

all, but rather estimated the potential variability from arbitrary “fleets” (herein referred to as 

collectives) of PV systems using satellite derived solar irradiance estimates for three regions in 

the United States.  They demonstrated that the maximum variability in PV system power output 

from a given PV collective is equivalent to the total installed capacity divided by 2" where N 

is the number of PV systems in the collective.  There are a number of papers that have analysed 

the aggregate power output of small collectives of PV systems, but on larger spatial scales. 

Murata et al. 2009 analysed the collective variability and ramp rates of 52 PV systems 

distributed across Japan, and Wiemken et al. 2001 performed a comparable analysis for 100 PV 

systems distributed across Germany.  More recently, Keissl et al. 2012 and Jamaly et al. 2013 

analysed the aggregated ramp rates and variability in power output from 86 photovoltaic 

systems in southern California.  These studies are related to the subject of simulating and 

monitoring the distributed PV resource, but are limited in scale and the number of monitored 

PV systems analysed.  They fall short of estimating the total power output of all the PV systems 

installed in a given region, and they do not provide any method for applying these results to 

large collectives of unmonitored PV systems.   

 

The lack of published research work in this area represents a significant knowledge gap within 

the scientific community with respect to the real-world, real-time performance of large groups 

of distributed PV systems.  There is a particular need for understanding the aggregate behaviour 

of large, distributed networks of PV, as the characteristics of these collectives are likely to vary 

substantially from that of a single PV system or a small grouping of PV systems, due to the 

influences of geographic smoothing (Lave et al. 2011).  A substantial amount of research into 
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solar energy forecasting techniques has also emerged over the past several years, however most 

of these methods focus on large-scale solar installations, or single small-scale PV systems 

(Pelland et al. 2013).  Forecasting collective PV power output will only be possible when joined 

with distributed PV modeling, which as discussed previously, is not yet well developed. 

 

There have, very recently, been developments in this space in the industry sector.  Clean Power 

Research is now offering their “Solar Anywhere FleetView” product, which is being used by the 

California Independent System Operator (CAISO) operationally (Clean Power Research 2015).   

This product is a scalable model, targeted at utility customers, which is capable of predicting 

collective PV power output out to seven days ahead in the North American continent, and is 

built off of satellite and numerical weather prediction radiation estimates.  The approaches 

within this commercial product represent a separate, but synergistic approach, as methods based 

on surface level data, such as the one presented in this thesis, can be blended with them in the 

future, to provide the most accurate outcomes.  I discuss a potential future direction for such 

research in Chapter VII. 

 

This thesis establishes a method for estimating the power output from all of the distributed PV 

generators in a city-wide region.  Such a model is an absolutely essential scientific tool for 

understanding the behaviour of large PV collectives, as well as forecasting their collective 

contributions to the local energy market and distribution network.  From its initial 

conceptualization, this system has been designed to be deployed operationally, so as to be 

suitable for these purposes.  It uses radiation and PV modeling methods, which do not rely on 

lagged input data (such as satellite derived aerosol or turbidity estimates), and uses monitored 

PV power output as the primary input to the simulation system.  Its methods are also easily 

vectorised and computationally robust.  The remainder of this thesis will outline the methods 

used to develop this system, and provide the necessary scientific documentation to support its 

real-world use in both operational deployment and scientific investigation. 
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Overview of aims and methodologies 

The overall aim of this thesis was to explore the solar radiation and PV modelling tools required 

to create power output estimates from all of the distributed solar PV generators in a given 

region, and then implement them to create a city-wide simulation system.  It uses the city of 

Canberra, the capital city of Australia, as a case study, creating a version of this simulation 

system for its fleet of 12,000+ embedded PV generators.   

 

In Chapter I, I present a method for estimating a given PV array’s power output, through the 

performance of another nearby PV system.  This method is called KPV: the clear sky index for 

photovoltaics.  This development is novel in application, as it only requires the basic system 

characteristics (module and inverter type, array layout, orientation in space) in order for this 

estimate to be completed.  This means that no active monitoring of the system whose power 

output is being estimated is required.  This method instead uses a series of models to generate 

the clear sky power output of that PV system and the performance of a nearby monitored site, in 

order to create a power output estimate at the un-monitored site.  This development is profound, 

in that it allows for regional power output estimates from many thousands of sites to be 

generated, using only a few hundred, well-distributed PV systems in the given network.  

 

In Chapters II and III, I provide validation and development of the solar radiation modelling 

tools that are required for up-scaling of the KPV method to a city-wide region.  In particular, the 

validation of the clear sky radiation models in Chapter II is of fundamental importance, as a 

clear sky radiation estimate is a primary input to the KPV methodology.  

 

Chapter IV uses the modelling processes discussed in Chapters I-III to compare two methods of 

estimating distributed PV power output.  It compares my KPV methodology to a method based 

on pyranometers, which are research grade solar radiation sensors (Engerer 2011).  This process 

is used to provide affirmation that the KPV method is a suitable choice for the creation of the 

city-wide distributed PV simulation system.  
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In Chapter V, I confront one of the key challenges of using distributed PV data – quality 

control.  This required me to develop a series of algorithms.  First, I created an algorithm that 

extracts the tilt and azimuth from historical PV system power output.  This allows for the 

quality control of system metadata.  With (relatively) certain metadata, an accurate clear sky 

power output curve is then used to remove erroneous or physically improbable data from the 

power output time series through R-based software entitled “QCPV”.  This also enables 

simulations of systems whose characteristics are not known. 

 

I used Chapter VI to identify the meteorological phenomena that lead to large-scale, collective 

changes in all the PV generators in the Canberra region.  Using aggregate data from all available 

PV sites, these “critical collective ramp events” (those which exceed a 60% change in 60 

minutes or less) are organised by the categorical weather phenomena that cause them.  I then go 

on to use these events to demonstrate the usefulness of the city-wide distributed PV simulation 

system. 

 

The final chapter (VII) demonstrates how the modelling methods laid out in Chapters I-V are 

best used to develop city-wide simulations of distributed PV system power output.  Therein I 

detail how the KPV method can be applied at the required scale, exploring the assumptions 

necessary for the execution of the simulations. 

Summary of findings 

Chapter I: KPV: a clear-sky index for photovoltaics 

Firstly, this paper (Engerer & Mills 2014) was able to demonstrate the advantages of the newly 

proposed KPV method over the two similar, existing methods (Golnas et al. 2011, Lonij et al. 

2012).  The principal source of this improvement, was the pairing of a clear sky radiation model 

with a PV model to make clear sky estimates, rather than the statistical or radiation-only 

methods proposed elsewhere.  Next, this manuscript was able to demonstrate the fundamental 
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effectiveness of this method, using five PV systems in the Canberra region.  The method was 

well-behaved under all cloud cover conditions, but performed best under more uniform 

conditions (e.g. clear sky or total cloud cover).  It was also demonstrated to perform well under 

positive and negative ramp events.   

 

Chapter II: Validating nine clear sky radiation models in Australia. 

This paper (Engerer & Mills 2015) was able to clearly establish the accuracy of nine direct 

(beam) and nine global clear sky radiation models under Australian conditions, using simplified 

inputs, and was the first ever completed for Australia.  It used one-minute interval radiation data 

from the Australian Bureau of Meteorology for 20 sites across Australia, using up to ten years 

of data from each.  It extracted clear sky periods from the data to validate each model. Results 

showed that for global clear sky simulations, the Solis, Esra and REST2 approaches perform 

best, while the Iqbal, Esra and REST2 methods are the most proficient clear sky beam models.  

 

Chapter III: Minute resolution estimates of the diffuse fraction of global irradiance in 

southeastern Australia.  

This paper (Engerer 2015a) completed the largest and most complete analysis of “diffuse 

fraction” or “separation” models yet undertaken for Australian solar radiation data, and was the 

first ever to focus on one-minute resolution data.  It tested nine of the most prominent separation 

models against data from three datasets.  These datasets included one with cloud enhancement 

events removed, another with them retained, and a third with only clear sky observations.  It 

determined that only the Perez model performed satisfactorily. In response to this, it developed 

three new separation models, one for each dataset.  Each of these gave slight improvements over 

the Perez model and greatly exceeded the performance of all other existing model techniques. 

 

Chapter IV: Summarising text describing the manuscript “Estimating hourly energy generation 

of distributed photovoltaic arrays” 

This chapter (based on Tan et al. 2014) used two methods to estimate the hourly energy  
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generation from 29 distributed PV systems in Canberra, Australia.  The first method used 

pyranometer data and PV simulation models to produce estimates of energy generation at a 

given site. The second produced the estimate using neighboring PV systems by application of 

the KPV methodology.  This study found that the first method had a slightly better performance 

with rRMSE values of 15-20% compared to 20-25% for the second method.  But when 

separation distances reach 5km or less, the accuracy of the two methods is equivalent.  It 

concluded that both methods are viable for producing hourly energy generation estimates for 

distributed PV arrays.  

 

Chapter V: QCPV: A quality control algorithm for distributed photovoltaic array power output. 

This chapter (based on Engerer 2015b)  addressed the many issues present in PV power output 

data and PV system metadata.  It provides a comprehensive quality control routine, entitled 

QCPV, which uses physical limits and comparison between systems to curate the data produced 

by small-scale arrays.  It also provided an automated process for determining the azimuth and 

tilt of a given PV system.  Results show that this process can determine azimuth and tilts to 

within 8.3° and 2.5° (RMSE), respectively.  This means the KPV methodology can be applied to 

PV systems whose meta characteristics are not known, but for which there is historical data. 

They also showed that the QCPV routine and the provided de-rating algorithm can result in a 

0.07kW/kWp decrease in RMSE and 43% fall in Mean Absolute Percent Error (MAPE) over the 

raw data in KPV based estimates between sites.  

 

Chapter VI:  Summarising text describing the manuscript “Categorising the meteorological 

origins of critical ramp events in collective photovoltaic array output”. 

This chapter (based on Wellby & Engerer 2015) examined the changes in cloud cover that cause 

PV installations in Canberra to collectively increase or decrease their power output rapidly.  It 

categorised the weather events that cause at least a 60% change in collective PV power output 

(with respect to the clear sky potential) over a 60-minute period.   Throughout the period from  

January 2012 to July 2014, it identified 28 critical ramp events.  Sixteen of these events were 

positive collective ramp events, caused most frequently by Australian northwest cloud bands 
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and radiation fog dissipation.  Twelve negative collective ramp events were recorded, and were 

caused most frequently by the passage of cold fronts and thunderstorms.  

 

Chapter VII: City-scale simulations of critical collective ramp events using 12,000+ distributed 

PV systems in Canberra 

This capstone chapter unifies the findings and research efforts from the preceding chapters, to 

demonstrate how the KPV methodology may be used to generate city-wide estimates of PV 

power output.  It details the assumptions that are required to complete the simulations, which 

include statistically modelling the orientation of the unmonitored PV systems and randomly 

distributing them within their respective suburbs.  It also provides a simple formula for choosing 

the number of nearest neighbouring sites to use when estimating an unmonitored site, via 

minimisation of the RMSE between monitored sites.  The chapter concludes by simulating three 

critical collective ramp events, from those identified in Chapter VI, and detailing the changes in 

power output the distributed PV network undergoes during those periods of rapid change. 
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I: KPV: A clear-sky index for photovoltaics 

A fundamental challenge with distributed, small-scale PV systems is that their contributions 

to the electrical grid are not actively monitored, meaning that no central system records their 

“interval data”.  Herein, I refer to “interval data” as the power output or energy generation data 

that is recorded on a, for example, minute-to-minute or hour-by-hour basis.  Distributed PV 

systems are, of course, metered at the location where they are installed, but readings of these 

meters traditionally occur only at monthly, quarterly or in some cases annual resolutions.  While 

the electricity market is able to quantify the net demand, and thereby includes some 

consideration of the collective contributions of distributed PV, it is unable to separate the power 

production by these embedded generators from the actual demand, which is inclusive of only 

consumption.  Overall, this leaves the electricity market and its distributors ignorant of the 

current, past and future contributions of PV systems to the electrical grid at the interval level, as 

well as the actual electricity consumption of its customers.  Consequently, this is a major 

bottleneck in the global transition to higher penetrations of distributed small-scale solar.   

 Fortunately, this situation can be ameliorated through active monitoring of a sub-set of 

PV systems, using these data streams to estimate the performance of all the PV systems nearby 

which are not monitored.  This can be accomplished through the application of the KPV 

methodology, which is proposed in the following paper.  This method removes (through 

normalisation) the individual characteristics of a monitored PV system from its power output 

curve, including the array layout, module and inverter types, and most importantly, the azimuth 

and tilt.  The resulting value, I’ve termed KPV, the clear sky index for photovoltaics.  This value 

varies from 0 to 1 (and in some rare cases, slightly above 1), depending on the degree of 

cloudiness present, with 0 indicating completely opaque cloud cover (this does not occur) and 1 

being completely clear skies.  By multiplying this value by the simulated clear sky curves of 

nearby PV systems, the power output or energy generation at these nearby un-monitored PV 

systems can be estimated with very good accuracy for PV systems with fixed orientations and 

where the system metadata (tilt, azimuth, system layout and location) are known. 
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 For the purposes of clarity, the Linke turbidity (TL) values used in both this chapter and 

in Chapter 2 is obtained from the SoDa (SOlar radiation DAta) dataset, located at http://soda-

is.com.  TL represents the degree to which solar radiation is scattered by both liquid and solid 

particles and that diffused by the permanent atmospheric gases, and thus is an important 

quantity to either directly measure or estimate wherever radiation modelling is concerned.   

Within the SoDa dataset, TL is derived through a combination of ground based beam and global 

radiation measurements and satellite observations of aerosols (Remund et. al. 2003).  Also 

worthy to note, the turbidity, aerosol, water vapour and ozone information used in the radiation 

modelling in this Chapter, and in Chapters 2-3, is climatological in nature.  In the future, higher 

resolution data which is updated based on observed conditions from satellites may be readily 

incorporated.   

 Also of note, the published version of this document includes mis-numbered tables and 

figures.  To avoid confusion, the reader should be aware that Tables 3 & 4, should be labeled as 

2 & 3, respectively, and a missing Figure 7 results in the remaining figure references to be offset 

in the text.    In one final clarification related to these tables, Tables 2 & 3 both display 

percentage errors normalised to the mean values of the site whose power output is being 

estimated.  Additionally, the manuscript does not clearly define the meaning of “non-uniform” 

cloud conditions.  Herein, this term refers to a layer of cloud cover that is not complete in its 

coverage of the sky.   Lastly, while this paper does not provide a quantitative description of the 

ramp events presented in Figure 9, the reader can explore this topic in detail in Appendix B, 

where a formal definition for ramp events is presented.   
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Abstract

The rapidly growing installed base of distributed solar photovoltaic (PV) systems is causing increased interest in forecasting their
power output. A key step towards this is accurately estimating the output from a PV system based on the known output from a nearby
PV system. However, each PV system is unique with its own hardware configuration, orientation, shading, etc. Thus, the process of using
the power output from one system to estimate the power output of another nearby system is not necessarily straightforward. In order to
address these challenges, a modified clear-sky index for photovoltaics is proposed. This index is the ratio of the instantaneous PV power
output to the instantaneous theoretical clear-sky power output derived from a clear-sky radiation model and PV system simulation rou-
tine. This definition performs better than previous clear-sky indices when both PV systems’ characteristics are known and the two PV
systems have similar orientations. Through this index, the performance of a nearby PV system can be predicted quite accurately. This is
demonstrated through the analysis of power output data from five residential PV systems in Canberra, Australia.
! 2014 Elsevier Ltd. All rights reserved.

Keywords: Solar energy; Photovoltaics; Radiation; Clear-sky index

1. Introduction

The number of photovoltaic (PV) solar energy systems
installed worldwide has grown rapidly over the past dec-
ade. Current projections forecast global PV system capac-
ity will grow from 102.1 GW in 2012 to 422 GW by 2017
(Gaetan et al., 2013). However, the integration of these
systems into their regional electricity grids poses many
challenges, as their power output can be highly variable.
In Australia, PV systems are primarily rooftop-scale

arrays. There are more than 1 million individual systems
installed, with an average system size of approximately
2.4 kW (SunWiz, 2013). These distributed generator (DG)
sites pose additional integration challenges beyond those
experienced by large solar energy generation plants, as
most are not actively monitored. This is potentially trou-
blesome for grid operators, as these systems can collectively
generate large localized variations in power output and
voltage in response to meteorological variability. The
degree of variability experienced by collective groups of
PV systems has only very recently begun to be investigated
(Jamaly et al., 2013; Lave et al., 2013) and is not yet well
understood. Thus, in order to identify potential issues
and develop solutions for the successful integration of
DGs, accurate, low cost, scalable strategies must be
developed for generating estimates of current power
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contributions from these distributed PV systems and fore-
casting their future energy production.

A preliminary step is developing estimates of collective
power output. This is a challenging problem for a number
of reasons. First, the small-scale variations in the radiation
resource cannot currently be sampled with traditional
approaches. The solar radiation monitoring network main-
tained by the Australia Bureau of Meteorology (BoM) is
far too sparse, with several hundred kilometers of separa-
tion, on average, between sites. Satellite coverage from
the Japanese Meteorological Agency’s Multi-functional
Transport Satellites (MTSAT) gives better spatial resolu-
tion (0.5 deg), but these are still too coarse to measure dif-
ferences across suburb-level regions and thus insufficient
for this purpose. Although the next generation Himawari
satellites will deliver 10 min updates of 1 km resolution,
that level of coverage is only guaranteed for regions near
Japan. In some cases, fine-scale radiation sensor networks
have been deployed, such as in Ota City (Lave et al.,
2011b), Alice Springs (CSIRO, 2012), UC San Diego
(Lave et al., 2011a) and Oahu (Mills and Wiser, 2010).
However, these types of networks are too expensive to
establish in all locations with large concentrations of PV
systems. Second, even with an adequate assessment of the
local radiation resource, transposing this field to the
surface of each PV system (each having its own unique azi-
muth and tilt) is difficult and current modeling approaches
are not sufficiently accurate (Gueymard, 2009). Third, once
the radiation available at a given array is estimated/known,
the amount of power generated depends on the system’s
characteristics, environment and degradation. Finally, the
degree of coherence between locations depends on cloud
conditions.

One sensor network able to sample PV systems at suffi-
cient resolution with low additional cost is the PV systems
themselves. As the number of installed PV systems has
risen, the number of PV power output monitoring systems
and/or smart meters capable of recording interval level
data has also grown. This has led to unprecedented growth
in the amount of historical and live PV power output data
available for analysis globally. Currently, large amounts of
these data are being made publicly available through vari-
ous websites or can be provided by a central authority (e.g.
an electric utility) upon request. For example, pvoutput.org
has recorded over 2.2 million measurements from approx-
imately 12,000 sites (http://pvoutput.org, March 2013).
Another example is SMA’s SunnyPortal, which hosts data
from over 109,000 individual sites (http://www.sunnypor-
tal.com, March 2013). These data provide excellent infor-
mation about the real world performance of solar energy
systems and are often used for assessing measured versus
expected performance. However, few studies have gone
beyond these elementary applications.

One useful extension of this data is to use one PV sys-
tem’s power output to estimate the power output of
another, thereby turning monitored PV sites into “sensors”
of PV performance (Golnas et al., 2011; Lonij and

Jayadevan, 2012; Engerer, 2012). This type of estimation,
however, is not a straightforward process. As previously
discussed, each PV system has its own unique characteris-
tics, but most of these can be modeled with sufficient accu-
racy to remove their effects via normalization. In this
paper, we introduce a modified clear-sky index for photo-
voltaics: KPV . Like its predecessors, KPV normalizes a mea-
sured value by that PV system’s clear-sky output. Data
used to test this procedure are described in Section 2.
The details of the KPV calculation are presented in Section 3.
Results are discussed in Section 4.

1.1. Overview of clear-sky, clearness, and cloudiness indices

The concept of normalizing radiation measurements to
their clear-sky potential was first introduced by Black
et al. (1954), wherein the ratio of daily radiation measure-
ments to their theoretical values under a perfectly transpar-
ent atmosphere was used to develop regression equations
for estimating daily radiation from sunshine hour observa-
tions. However, the basis for most modern interpretations
of this concept are the formulations first suggested in Liu
and Jordan (1960). These are KT ;Kd and KD which respec-
tively represent the measured global, diffuse and beam
(direct) radiation received on a horizontal surface divided
by the horizontal extraterrestrial radiation. These were first
used as normalized coordinates for investigating the rela-
tionships among the three measurements in order to pro-
vide estimates of the daily diffuse and direct radiation for
a given location based on measured global radiation. It
was in the course of this investigation that KT was first
termed the “cloudiness index”. The usefulness of this index
for estimating the performance of tilted flat-plate solar col-
lectors was illustrated shortly thereafter in Liu and Jordan
(1963), and since that time the index, in various forms, has
remained of fundamental importance in estimating solar
energy system performance. It is important to note that
the term “clearness index” is often used interchangeably
with cloudiness index, as discussed in Duffie and
Beckman (2006), and will henceforth be referred to as such
herein.

A further evolution of the clearness index concept has
become possible with the development of proficient clear-
sky radiation modeling (e.g. Bird and Hulstrom, 1981).
By modeling the clear-sky radiation arriving at the surface
of the Earth, the denominator of the clearness index (pre-
viously the extraterrestrial component of irradiance) can
be replaced with this clear-sky estimate, thereby changing
it to the well-known “clear-sky index” which most modern
methods now utilize. The primary usefulness of this clear-
sky index is the removal of diurnal and seasonal signals
from a given set of radiation data to apply advanced anal-
ysis techniques such as wavelets (Woyte et al., 2007), or to
compute fluctuation power content (Lave et al., 2011a).
This method has been used in more modern assessments
of solar variability for solar energy purposes (Lave and
Kleissl, 2010; Lave et al., 2011a; Hoff and Perez, 2010)
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and as an input to and output from machine-learning-
based forecasts of solar radiation (Sfetsos and Coonick,
2000; Yang et al., 2012; Benghanem and Mellit, 2010). It
has also become a key variable within solar radiation mod-
eling (e.g. in transposition models (Reindl et al., 1990) or
for variability (Skartveit and Olseth, 1992)). It has even
been used to classify cloud types (Calbó et al., 2001;
Pages et al., 2003), in numerical weather modeling based
predictions (Mathiesen and Kleissl, 2011) and in the com-
putation of satellite derived irradiance estimates
(Zarzalejo et al., 2009). We hope the new formulation of
clear-sky index proposed herein will lead to the replication
and extension of many of these methods using the power
output from photovoltaic solar energy systems.

1.2. Review of previously utilized methods for PV based
power output estimation

The concept of using one PV system or set of PV sys-
tems as predictors for the power output of another system
or set of systems is not new. Golnas et al. (2011) first intro-
duced the concept of completing performance assessments
in the absence of pyranometer data by using PV system
power output. They proposed that the long term perfor-
mance of neighboring PV systems is correlated well enough
that one group of systems can be used to predict the power
output of another group of systems. They facilitated this
via a “Bird Performance Index” (BPI), which is defined
as the measured energy generation divided by the plane-
of-array irradiance as calculated by the Bird clear-sky
model (Bird and Hulstrom, 1981) (it should be noted that
the authors do not specify how the transposition from hor-
izontal to tilted surfaces is completed). They apply this
method using 15-min interval data from 55 systems (30–
500 kW p) in New Jersey to calculate the daily value of
BPI and then use the mean output value from a subset of
stations to estimate the BPI value at a given site. By com-
pleting this for n x n systems over a training period, they
were able to produce very good results for monthly and
weekly data with >75% of estimates being within 5% of
measured output. For time scales of a day, 2 h and
15 min, the number of estimates within 5% falls from
approximately 58% to 24% to 16%, respectively.

Another successful approach can be found in (Lonij
et al., 2012; Lonij and Jayadevan, 2012; Lonij et al.,
2013) in which the authors demonstrate a method of ana-
lyzing system performance for fleets of PV systems (80
PV systems in Tuscon, Arizona). They defined a system’s
clear-sky performance as the 80th percentile of the system’s
performance at the same time of day on the previous
15 days. This allowed them to identify outages, partial
shading and cloud occurrence within the fleet. They also
demonstrate a way to estimate system tilt and orientation
with the aid of a simple model for module power output
and measurements of global horizontal irradiance. A
clearness index (K) was proposed in which the measured
power output is divided by the clear-sky power output,

as defined above. The clearness index was used for power
output forecasts and interpolated spatially to intermediate
locations.

The present study differs from these previous studies pri-
marily because it explores a fully modeled approach for the
clear-sky reference, as first presented in Engerer (2012).
This means historical data are not required to generate
clear-sky estimates (as in Lonij and Jayadevan, 2012) and
the entire process from solar radiation to PV system power
output is simulated (in contrast to Golnas et al. (2011)).
Our approach requires detailed information on each PV
system but generates a more robust “clear-sky reference,”
and, thus, more accurate estimates of the power output
at nearby PV systems. Further advantages of our new
approach are discussed in more detail in Section 3.3.

2. Data

Publicly available PV power output time series were col-
lected for systems in Canberra, Australian Capital Terri-
tory, from http://pvoutput.org, a public webpage with
user submitted power output data. These data were submit-
ted via commercially available monitoring products (e.g.
the SMA ‘SunnyWebbox’) connected to the inverter system
by bluetooth, serial or ethernet connections. Power produc-
tion from the PV system is averaged over five minute inter-
vals before being time-stamped and reported to the
PVOutput.org servers. Users are also give the chance to
upload information about their system, including the rat-
ing, make and number of modules and inverters, as well
as the approximate orientation, tilt and shade conditions
of their installation. In order to undertake this study, five
of the highest quality stations were hand selected from
the available systems in Canberra. These PV systems
reported data from early 2011 through 2012, providing
an excellent source of real-world power output data. These
systems and their respective characteristics are presented in
Table 1. In total, the dataset analyzed herein contained
over 500,000 measurements.

Additionally, temperature and wind speed data were
obtained from the Canberra airport (BoM station 70351).
These measurements were incorporated into the perfor-
mance modeling detailed in Section 3.2 which includes cor-
rections for changes in module performance at different
temperatures and wind speeds (i.e. increased temperatures
reduce power output).

3. Methods

In order to calculate a clear-sky index for a PV system,
its theoretical clear-sky performance must be estimated.
This has two primary steps. First, the calculation of the
transposed clear-sky radiation available to the PV system,
and second, the simulation of the PV system given this
available radiation resource. In order to obtain these esti-
mates, a series of models were used. The ESRA clear-sky
model (Rigollier et al., 2000) was used to estimate beam,
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diffuse and global radiation components. The diffuse
component was then transposed to a tilted surface via the
formulae of Reindl et al. (1990). Finally, the PV and inver-
ter performances were modeled via the Sandia Performance
Model, developed by Sandia National Laboratories (King
et al., 2004, 2007). It is necessary to note that a wide variety
of clear-sky radiation models (Reno et al., 2012), transpo-
sition models (Gueymard, 2009) and PV simulation models
(Klise and Stein, 2009) are available, and could be used in
the KPV calculation to replicate the analyses completed
herein.

3.1. Estimated clear-sky radiation input

In order to generate estimates of the clear-sky perfor-
mance of the selected PV systems, the total (global) amount
of clear-sky radiation incident upon a tilted array surface
(Egtc) must be determined. Egtc consists of two components:
the tilted beam radiation (Ebtc) and tilted diffuse radiation
(Edtc). These are estimated by two radiation models. The
ESRA model computes both the clear-sky normal beam
component (Ebnc) and the horizontal diffuse component
(Edhc). Ebtc is computed based on the system’s geometry
(3.1.3). Edtc is estimated via the Reindl transposition model.

3.1.1. Clear-sky model selection
We are not aware of any published evaluation of clear-

sky models for Australia, so we compared six clear-sky
modeling techniques. They were chosen based on their rel-
ative simplicity (i.e. not requiring sparse measurements
such as the concentrations of particular atmospheric gases,
etc.) and good performance in northern hemisphere clear-
sky comparisons (Gueymard, 2003; Ineichen, 2006; Reno
et al., 2012). Model calculations of Ebnc were compared
with one minute interval solar radiation data from the

Australian Bureau of Meteorology Wagga Wagga station
(72150), which is approximately 160 km from Canberra,
for 82 mostly clear-sky days in 2011. The selected models
are Ineichen (1983); Ineichen and Perez (2002), Bird and
Hulstrom (Bird and Hulstrom, 1981), ESRA (Rigollier
et al., 2000), Molineaux (Molineaux et al., 1995) and
MAC (Davies and McKay, 1982).

Clear-sky periods were identified based on the two
conditions provided by Ineichen (2006), that:

Ebn P 0:9 ! Ebnc ð1Þ

and that the variability is 610%, where variability is
defined as:

MEbn ¼ En%1
bn þ Enþ1

bn

! "
=En

bn ð2Þ

and n % 1, n, and n + 1 represent three sequential points in
the 1-min data time series.

The results are shown in Fig. 1, which contains each
detected clear-sky period. Perfect predictions lie along the
identity line, and Mean Bias Error (MBE) and Root Mean
Square Error (RMSE) are provided as measures of their
accuracy. MBE and RMSE values have been accepted as
standards for evaluation of clear-sky solar radiation mod-
els (Badescu et al., 2012). Based on our analysis herein, the
Bird and ESRA models perform best, with MAPE values of
7.3% and 5.4%, and RMSE values of 71.8 and 60.1 W/m2,
respectively. However, the Bird model requires more input
values, including surface pressure, ozone, water vapor,
aerosol optical depth and surface albedo. Coincident
measurements of these parameters are not available so
climatological averages would need to be used. The ESRA
model, conversely, requires only an estimate of the Linke
turbidity coefficient which can be inferred from beam
radiation measurements (Ineichen and Perez, 2002). Given

Table 1
PV system sites used in this study. Information on the system was provided by the owner. Also listed are the module and inverter models from the Sandia
performance model database used to simulate their performance.

Site Module make Module simulated Inverter make Inverter simulated

1 215 W Suntech 215 W SunPower SMA SB 3000TL SMA SB 3000TL
2 235 W REC 235 W Suniva Titan SMA SB 3000TL SMA SB 3000TL
3 220 W Suntech 220 W Solar Semiconductor Xantrex GT2.8 Xantrex GT2.8
4 235 W REC 235 W Suniva Titan SMA SB 2000HF SMA SWR2100
5 190 W Suntech 190 W Evergreen SMA SB 3000TL SMA SB 3000TL

Site Rating (kW) # of Modules Azimuth (0!N) Tilt (!)

1 2.15 10 -40 22.5
2 3.055 13 -100 20
3 2.42 11 10 20
4 2.115 9 28 20
5 3.04 16 18 28

Site Latitude Longitude

1 %35.37 149.1
2 %35.39 149.05
3 %35.45 149.12
4 %35.42 149.08
5 %35.44 149.09

682 N.A. Engerer, F.P. Mills / Solar Energy 105 (2014) 679–693

             
                    16



their relatively similar performance, the ESRA model has
been chosen for its simpler implementation.

3.1.2. Clear-sky radiation
The ESRA clear-sky model calculates normal beam

radiation, Ebnc, from:

Ebnc ¼ En " expð$8:662 " T L " AMr " dRÞ ð3Þ

where En is the normal component of extraterrestrial
radiation, T L is the Linke turbidity coefficient, AMr is the
altitude corrected relative optical air mass as defined by
(Kasten, 1988) and dR is the path integrated Rayleigh
optical thickness.

The horizontal diffuse component of radiation (Edhc) is
computed according to:

Edhc ¼ Eh " T RðT LÞ " F Dðhz;AMrÞ ð4Þ

where Eh is the horizontal component of extraterrestrial
radiation, T R is the diffuse transmissivity as a function of
Linke Turbidity and F D is the diffuse angular function as
a function of air mass and solar zenith angle, hz.

The Linke turbidity coefficient; T L, is obtained by fitting
a curve to the monthly values retrieved from the SoDa
dataset (Rigollier et al., 2001). The fitted polynomial is
provided in Fig. 2.

3.1.3. Radiation available to the PV array
The two components of the radiation incident on a

tilted PV system are the titled beam and tilted diffuse com-
ponents. The first is computed as Duffie and Beckman
(2006):

Ebtc ¼ Ebnc " cosðhaÞ ð5Þ

Fig. 1. Measured and modeled beam radiation from 82 mostly clear days at Wagga Wagga for the Ineichen (1983) (A), Ineichen and Perez (2002) (B), Bird
and Hulstrom (1981) (C), ESRA (2002) (D), Molineaux et al. (1995) (E) and MAC (1981) (F) clear-sky radiation models. Perfect clear-sky predictions
correspond with the red identity line. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this
article.)
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with ha representing the angle of incidence for a given tilted
surface, determined by its tilt (am) and azimuth orientation
(/m) by:

cosðhaÞ ¼ cosðamÞ $ cosðhzÞ þ cosð/& /mÞ $ sinðamÞ $ sinðhzÞ
ð6Þ

with / representing the solar azimuth angle and hz the solar
zenith angle.

Modeling the amount of diffuse radiation available to a
tilted surface (transposition) is the subject of much discus-
sion within the literature as the determination is not
straightforward (Loutzenhiser et al., 2007; Hay and
McKay, 1988; Kambezidis et al., 1994; Gueymard, 2009).
Most debate focuses on correctly attributing diffuse radia-
tion to clouds. As we are only considering clear-sky condi-
tions, our choice is much more straightforward.

We based our selection of a diffuse radiation transposi-
tion model on the findings of Gueymard (2009), who com-
pared the performance of 10 transposition models. The
study found that the Reindl transposition model performed
quite well under clear-sky conditions, and particularly so at
lower sun angles as exhibited by comparing dual-axis
tracking surface predictions with observation. For these
reasons, and for its computational simplicity, we chose
the Reindl model:

Edtc ¼ Edhc

$ ð1&AiÞ $ ð1þ am=2Þ½ ( $ 1þ f $ sin3ðam=2Þ
! "

þAi $Rb
# $

ð7Þ

where Ai is the anisotropy index defined as Ai ¼ Ebn=En and
Rb is the geometric factor Rb ¼ cosðhaÞ=cosðhzÞ.

The global radiation resource incident on a PV array on
a clear day is computed:

Egtc ¼ Ebtc þ Edtc ð8Þ

3.2. System performance modeling

In order to provide an estimate of the clear-sky power
output of a given PV array, both the Photovoltaic Array
Performance Model (PAPM) (King et al., 2004) and the
Inverter Performance Model (IPM) (King et al., 2007)
developed by Sandia National Laboratories (SNL) were
forward integrated over the daily clear-sky curves gener-
ated as outlined in Section 3.1. The PAPM relies on empir-
ically derived coefficients (32 for each module) obtained
during field testing of individual modules. The IPM is sim-
ilar and was developed under field testing of grid-tied
inverters connected to appropriately sized PV arrays, and
contains 12 empirically derived coefficients. Studies which
have tested the accuracy of these models against measured
power output have absolute errors within 5% (Fanney
et al., 2006) and relative errors as low as )3% (Cameron
et al., 2008; Cameron et al., 2011). The success of these
models has led to their incorporation in the System Advi-
sor Model (SAM) (Gilman et al., 2008) developed jointly
by the U.S. National Renewable Energy Laboratory and
SNL. SAM is now being further developed as a part of
The Photovoltaic Performance Modeling Collaborative
(PVPMC) (Stein, 2012).

3.2.1. Photovoltaic array performance model
For each of the systems in the PVOutput.org dataset,

the owner provides information about the brand and rating
in watts of the PV modules used in their installation. Using
this information, modules at each site were matched with
the most similar module available in the Sandia Module
Database (available within distributions of SAM). If an
exact match was not available, the most similar was
selected based on material type (e.g. mono vs. poly-crystal-
line), peak power rating, short circuit current and open cir-
cuit voltage. The matches chosen are provided in Table 1.
Power output for a single module was estimated using
the maximum power formulae (King et al., 2004):

P mp ¼ Imp $ V mp ð9Þ
Imp ¼ Imp0 $ ðC0 $EeþC1 $E2

eÞ $ 1þ aImp $ ðT c & T 0Þ
! "

ð10Þ
V mp ¼ V mp0þC2 $Ns $ d T cð Þ $ ln Eeð Þ

þC3 $N s $ d T cð Þ $ ln Eeð Þ½ (2þ bVmp Eeð Þ $ ðT c& T 0Þ ð11Þ

Here, Ee is the solar irradiance available to the module
which includes module specific corrections to the radiation
input. Once modified for our clear-sky case it is:

Ee ¼ f1 AMað Þ $ Ebtc $ f2 hað Þ þ fd $ Edtc½ (=1000 ð12Þ

where f1 corrects for variations in the solar spectrum as a
function of the air mass and f2 accounts for optical influ-
ences as a function of ha. Their formulations can be found
in (King et al., 2004).

Array level maximum power P mpA is computed accord-
ing to

P mpA ¼ ðV mp $MsÞ $ ðImp $MpÞ ð13Þ

Fig. 2. Monthly values for Linke turbidity factor at Canberra. Points
represent values retrieved from the SoDa database (Rigollier et al., 2000),
with the line representing the corresponding fit used to obtain daily values.
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where Ms is the number of modules in series and Mp is the
number of strings in parallel. For further details, the reader
is referred to King et al. (2004).

3.2.2. Inverter performance model
Users of pvoutput.org also submit information about

their inverter system, including the brand and rating. As
in the previous section, these inverters were matched with
the most similar entry in the Inverter Module Database
(also included with SAM distributions) based on brand,
rating and maximum allowable power. These matches are
provided in Table 1. Direct current array peak power
(P mpA) is converted to alternating current power, less inver-
ter level losses, by:

P ac¼ P ac0=ðA#BÞ#C % ðA#BÞ½ ' % ðP mpA#BÞþC % ðP mpA#BÞ2

ð14Þ

where A;B and C are functions of DC voltage as defined in
(King et al., 2007) and P ac0 is the inverter’s rated capacity.

3.3. The clear-sky index for PV

The clear-sky index for PV is defined as:

KPV ¼
PV MEAS

PV CLR
ð15Þ

where PV MEAS is the measured power output from a system
and PV CLR is the simulated clear-sky power output.

3.3.1. Demonstrating the KPV calculation
Figs. 3 and 4 provide examples of KPV calculations for

clear and partly cloudy days, respectively, in September
2011 for the five PV sites in Canberra. In each figure, first
PV MEAS is plotted, followed by PV CLR with the ratio of the
two ðKPV Þ in the third. During clear-sky periods, the KPV

values are approximately one, as is expected, with small
variations occurring due to system level variations, possi-
bly from inefficiencies in the modules, inverters or wiring
(see Fig. 5).

Most differences among the station power output in
Fig. 3 are due to orientation and capacity. Stations 1 and
2 have northwest and southwest facing azimuths, while sta-
tions 3, 4 and 5 have northeasterly azimuths. These differ-
ences affect the timing of the peak power output and result
in significant differences in power output relative to capac-
ity. For example, stations 3–5 produce more power in the
first half of the day as compared to the westerly facing sta-
tions, with the opposite true in the afternoon/evening.
However, in the KPV calculation the effects of orientation,
tilt and system size are removed.

3.3.2. Shading detection
Completely clear-sky conditions, as depicted in Fig. 3,

provide a unique opportunity to identify the sources of
deviations from theoretical clear-sky performance that
are not due to clouds. The most obvious example is the
sharp drop in power production at higher zenith angles
for stations 3 and 4 in the morning, and station 5 in the
evening. These occurrences of shading (surrounding
obstructions were observed to be present in local aerial
imagery) are not as apparent in the power output time ser-
ies as they are in the KPV plot. Furthermore, upon closer
inspection, the KPV plot reveals much more subtle and
gradual instances of shading present for all of the given sta-
tions. This is shown by the gradual downward trends in
KPV values in the early morning and late evening periods
as increasing amounts of diffuse and direct sunlight are
obscured by, for example, topography and vegetation.

Using an approach similar to that of Reno et al. (2012),
we were able to detect instances of shading present within

Fig. 3. Clear-sky KPV calculations. From left to right, time series of five-minute average PV system power output, the simulated normalized clear-sky
performance and the clear-sky index KPV , are presented for the 5 systems listed in Table 1 on 18 September 2011; which was a clear day.
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time series of the clearest days. Periods of shading were
detected by identifying portions of the time series which
had variability exceeding 10% of the clear-sky curve, and
by identifying portions of the time series for which values
of the slope of power output differed from the clear-sky
curve by more than 5%, and finally, by eliminating any
KPV value less than 0.8. In order to be truly considered
an instance of shading, detected events were required to
display systematic behavior over multiple clear days; mean-
ing that they must occur at approximately the same solar
hour angle, so as to prove they were not caused by isolated
clouds. By recording which solar hour angles were known
to experience shading at a particular site during a selection
of the clearest days spanning an entire year, one is able to
remove all periods of shading from the dataset by exclud-
ing from analysis any portions of the time series known
to occur at those hour angles. In this manner, instances
of shading were removed from the analysis as shown in

Fig. 6. In future studies, a corrective model will be devel-
oped and employed for these instances of shading.

3.3.3. Estimating power output of another PV system
With the instances of shading removed, it is now possi-

ble to use the power output time series of one system to
estimate the performance of another nearby PV system.
Since the KPV value is independent of system size and ori-
entation, as long as the clear-sky curve can be generated
for the nearby system (which requires the approximate
location, system size and orientation), an estimate of tem-
porally coincident power output of the nearby system
(denoted as number 2) is calculated by:

PV EST 2
¼ PV MEAS1

PV CLR1

" PV CLR2
¼ KPV 1

" PV CLR2
ð16Þ

where PV CLR2
represents the clear-sky power output esti-

mate at the nearby station at the given time. The accuracy

Fig. 4. Partly cloudy KPV calculations. From left to right, time series of five-minute average PV system power output, the simulated normalized clear-sky
performance and the clear-sky index KPV , are presented for the 5 systems listed in Table 1 for a day with fair weather cumulus clouds in the afternoon, 17
September 2011.

Fig. 5. Clear-sky KPV calculations from 18 September 2011 (as presented in Fig. 3), with the original calculation on the left, and with data experiencing
shading removed on the right.
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of this calculation is dependent on distance, cloud cover,
cloud enhancement and system specific issues such as the
presence of shading, soiling or system level inefficiencies.
This is discussed further in Section 4.

4. Results and discussion

Using power output data collected from January 2011
through December 2012, KPV based estimates of PV system
performance were generated for each of the five sites using
the remaining four sites (e.g. site 1 used to estimate sites 2–
5, site 2 used to estimate sites 1, 3–5, etc.). The overall
results from this process are presented in Tables 3,4, as bro-
ken down for each site. RMSE and MAPE values range
from as low as 3.14% and 3.51% and as high as 9.77%
and 10.8%, respectively.

Through a more thorough analysis of these calculations,
we can assess the ability of the KPV approach to accurately
estimate the power output of a nearby PV system. To clar-
ify, the terminology ’nearby’ is limited to the present data-
set. These sites have a mean separation distance of 4.75 km
with no two sites being separated by more than 8.4 km. The
accuracy of this method beyond these distances remains
uncertain and will be the focus of future research. We will
also attempt to estimate the performance of the KPV

approach under various sky cover conditions by using
KPV values as a proxy for cloud cover.

4.1. KPV versus performance ratio based estimates

For the five sites, KPV based estimates are compared to
those based on a site’s performance ratio (kW r), which is
the observed power output divided by the rated capacity
of the system. Using a performance ratio based estimate
could be considered the current ’standard approach’ for
estimating the power output at one site using the power
output from another. A comparison of these two
approaches as computed for the period of March to Sep-
tember 2012 is presented in Fig. 7. The points are color-

coded according to the Variability Index (VI), which we
have adapted from Davy et al. (2010) who first proposed
it for wind power time series. They proposed a running
standard deviation computed over 6 h time windows as
an assessment of power output fluctuations from wind tur-
bines. Here, we have modified the time window to be
30 min in order to capture the finer fluctuations that occur
with scattered clouds. The shading is relative to the site
from which the prediction is being made. Darker regions
indicate lower VI values, lighter regions, increased values
of VI. The kW r based estimates reveal a much weaker cor-
relation between observed and predicted power output.
This is largely because the kW r based estimates do not con-
sider the orientation of the arrays. In contrast to this, the
KPV based estimates display a stronger linear relationship.
There are three distinct groupings in the KPV based scatter
plot. The first are those clustered around high kW r values,
which tend to have reduced variability (darker). This clus-
tering with low VI values shows the accuracy of the method
under clear to mostly clear skies. The second is the kW r val-
ues below 0.4, where again, a strong linear relationship is
present with lower VI values. This grouping indicates the
accuracy of the methodology under uniform, opaque cloud
cover conditions. Lastly, the weakness of the correlation at
mid level kW r values (approximately 0.5–0.7) shows, unsur-
prisingly, that under non-uniform, partly cloudy condi-
tions, the predictions are less certain. Here, the dark
points that lie along the identity line indicate periods in
which there are likely thin, more uniform cloud cover that
covers both sites. Conversely, points where the VI value is
larger tend to deviate away from the identity line. This is
because the cloud cover conditions are different between
the sites.

4.2. KPV based estimates and cloud cover

The main cause of errors in KPV based estimates are non-
uniform cloud conditions. The errors resulting from this
non-uniformity can be explored by using the KPV value as

Fig. 6. Using 5-min average power output data from the first 6 months of 2012, estimates of PV system performance are plotted against observed values as
computed for all sites. At left, the estimates were generated using the performance ratio. At right, KPV based estimates are provided.
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a proxy for cloud cover, as is done with other formulations
of the clear-sky index. This allows for the current cloud
conditions to be inferred from the instantaneous and aver-
aged KPV values, respectively.

Fig. 8 shows the absolute error of KPV based estimates
between sites in terms of two proxies for cloud cover.
The first is the instantaneous KPV value and the second is
the ratio of the total number of kilowatt-hours generated
throughout a given day versus those that would have been
generated on a clear day. This daily formulation is compa-
rable to the daily clear-sky index first proposed by Liu and
Jordan (1963), or the daily generation potential discussed
in McKenney et al. (2008). Herein it is entitled the ’Daily
Energy Ratio’ (DER).

In Fig. 8a, the Absolute Error (AE) is plotted against
the instantaneous values of KPV . There is a strong relation-
ship between higher KPV values and reduced AE, with the
exception of the scattering of points above KPV ! 1, which
can be attributed to mostly sunny days with scattered
clouds where clear conditions at one site are occasionally

not representative of another nearby system. As KPV values
fall, the AE tends to rise. The strong linear trend in AE ver-
sus KPV values is believed to be attributable to partly
cloudy to mostly cloudy conditions where there is increas-
ing cloud opacity, but within which breaks in the clouds
remain. This results in large errors in the KPV based estima-
tions. As the breaks in clouds close with thicker cloud
decks, the errors in KPV tend to fall, but have a large spread
attributable to non-uniform levels of cloud opacity.

Fig. 8b provides the Mean Absolute Error (MAE) plot-
ted against the Daily Energy Ratio (DER). The DER
allows for assessing the performance of the KPV based pre-
dictions over the course of an entire day in terms of its
overall cloudiness. Low DER (<0.4) values are indicative
of persistent opaque cloud cover, high values (>0.8), of
mostly clear conditions, with the inner range of DER val-
ues providing slightly less information. Mid-range (0.4–
0.8) DER values could arise from days with equal amounts
of partial cloud cover through the day, or, for example,
from days with strong ramp events. The MAE values in
Fig. 8b shows an increase in error with increasing DER
reaching a peak at around a value of 0.6, whereupon
MAE begins to fall as overall cloud cover decreases and
clear-sky conditions return.

It is also helpful to analyze the daily RMSE in terms of
the variability experienced at a given site. Fig. 9 presents
the daily RMSE as plotted against the observed standard
deviation at the site creating the estimate. An strong linear,
upward trend is present in the RMSE values with increas-
ing overall daily variability (as represented by the standard
deviation). The spread in the data also displays an increase
with increasing standard deviation. These two observations
reveal that with increasing variability in the time series
(increasing variability in cloud cover) there is an overall
reduction in the accuracy of the method and increase the
uncertainty of the estimates. It is likely that averaging mul-
tiple sites to produce an estimate at a single site will reduce
these issues, which we will explore in future work with this
method.

Fig. 7. In plot A, Absolute Error (kW =kW p) is plotted against the values of KPV for single site, single time-step estimates from 1st January – 31st March
2012. In B, daily Mean Absolute Error versus the Daily Energy Ratio (kWh=kWhc). These are calculated by using each site to estimate the remaining four
sites. The x-axis is indicative of the KPV or DER value at the site making the estimate. Shading is also present in the Figure, with darker areas indicative of
a higher density of points.

Fig. 8. Daily RMSE (%) for KPV based predictions (each site to every
other site) plotted against the daily standard deviation as measured at the
site producing the estimate as computed for data from 2012.
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4.3. KPV based estimates under various conditions

Specific cases also have been analyzed to provide insight
into the more nuanced behavior of the KPV based predic-
tions. In Fig. 10, four different cases are presented to show
the performance of the KPV based estimates relative to
highly variable, mostly stable and suddenly changing con-
ditions in the local radiation resource. For each of the four
plots provided in Fig. 10, KPV based estimates of the power
output at station 1 were calculated by using stations 2–5.

4.3.1. Highly variable opaque cloud cover
In Fig. 10a, highly variable conditions were present,

with nearly uniform cloud cover of highly non-uniform
opacity. There are significant disagreements between the
timing and magnitude of sudden swings in power output,
resulting in a fairly high MAPE of 49.8%. This is mostly

driven by a few large spikes in estimated power output that
were not observed at station 1. Accordingly, inter-site
RMSE was only 0.15 kW =kW p.

4.3.2. Clear-sky, stable conditions
In Fig. 10b a nearly opposite situation is present, with

clear, highly stable conditions from 24 February 2012.
The estimates of power output perform very well, with a
very small MAPE of 2.5% and an RMSE of 0.02
kW =kW p. This is likely attributable to system level ineffi-
ciencies that are not captured accurately by the modeling
framework. These could include soiling of the panels, poor
wiring or thermal inefficiencies that were inaccurately han-
dled by the performance model. Interestingly, these errors
are larger in the afternoon period than in the morning,
where the observed temperature in Canberra climbed to
30 degrees Celsius at the Canberra Airport. It should also

Fig. 9. KPV based predictions for station 1 as generated from stations 2–5 are compared with the actual power output from station 1. Plot A displays a
highly variable case of non-uniform opaque cloud cover from 27 February 2012. Plot B depicts a very stable day with no cloud cover from 24 February
2012. In C, a positive ramp event from 4 May 2012. In D, a negative ramp event from 1 April 2012.
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be noted that these errors are even lower than the overall
errors as computed in the clear-sky estimates from Table 2
(MAPE of 4.1% and RMSE of 4.06%).

4.3.3. Ramp events
Within solar energy research, sudden changes in power

output from a PV system are referred to as ramp events
(Lave and Kleissl, 2010). In Fig. 10c and d, positive and
negative ramp events are presented. The positive ramp
event took place on 4 May 2012, wherein an overcast day
saw a gradual decrease in cloud cover give way to mostly
clear skies by mid afternoon. The uniformity of the cloud
cover is apparent from the strong agreement among the
stations in both the magnitude and timing of the ramp
event. Conversely, in 10d, a negative ramp event from 1
April 2012 is presented. The sudden arrival of a uniform
opaque cloud deck is apparent from the agreement in the
magnitude and timing of the KPV based predictions, which
is only slightly less accurate than that in 10c, as shown by
the slight increase in RMSE from 0.07 to 0.10 kW =kW p.
This is mostly due to the small disagreements in the timing
of the event.

4.4. Comparison with previous methods for PV-based power
output estimation

The Bird Performance Index (BPI) (Golnas et al., 2011)
is defined as

BPI ¼ PV MEAS"G

Egtc=1000
ð17Þ

where PV MEAS"G is the measured 15-min energy value for
each system, Egtc is the 15-min clear-sky plane-of-array
irradiance estimated using the Bird Clear Sky Model
(Bird and Hulstrom, 1981), and the factor of 1000 converts
the irradiance to suns. After removing days with system
outages, the clear-sky BPI (CSBPI) for each system is
defined as the 93rd percentile of the set of BPI values in
the training set.

The clearness index of Lonij et al. (2012) is defined as

K ¼ Egt

Egtc
¼ PV MEAS"L

PV CLR"L
ð18Þ

where Egt is the plane-of-array irradiance, Egtc is the clear-
sky plane-of-array irradiance, PV MEAS"L is the measured
power output normalized by a system’s peak power, and
PV CLR"L is its clear-sky normalized power output. PV CLR"L

is defined as the 80th percentile of PV MEAS"L at the specified
time of day on the previous 15 days for a system Lonij et al.
(2012). System-specific factors, like shading, were then
removed by taking the 80th percentile of an ensemble of
80 systems spread across a 50 % 50 km2 region Lonij
et al. (2012).

The numerators in BPI and K are equivalent to that in
KPV : PV MEAS"G is energy while PV MEAS is power and
PV MEAS"L is normalized by peak power while PV MEAS is
not. The differences among these three indices lie in the

Fig. 10. PV system clear-sky power output estimates as produced by the PV CLR method from the present study, Lonij (Lonij et al., 2012) and Golnas
(Golnas et al., 2011). Estimates were computed using clear-sky periods extracted from 80 mostly clear days. Overall error metrics are reported in Table 2.

Table 2
Mean absolute percent error (%) as calculated for the 2011–2012 period.
Table is presented by displaying the sites being estimated presented by the
site being used to make the estimation.

Site used Site estimated

1 2 3 4 5

1 – 9.77 8.55 4.79 7.0
2 9.20 – 3.63 7.49 4.72
3 6.84 3.74 – 5.76 3.14
4 4.76 9.05 6.53 – 5.12
5 8.24 4.68 3.45 3.86 –

Table 3
Root Mean Square Error (%) as calculated for the 2011–2012 period.
Table is presented by displaying the sites being estimated presented by the
site being used to make the estimation.

Site used Site estimated

1 2 3 4 5

1 – 10.4 9.55 5.53 9.96
2 10.8 – 3.87 8.57 5.67
3 7.19 3.68 – 6.91 4.49
4 9.71 10.2 7.38 – 5.44
5 9.88 5.36 4.63 3.51 –
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denominators. The denominator in BPI (Egtc=1000) does
not include the performance of the PV system, although
Golnas et al. (2011) addressed the impact of this on sys-
tem-to-system estimations via the Conversion Profile, CP ij:

CP ij ¼
CSBPIi

CSBPIj
ð19Þ

for systems i and j. The CSBPI also can be adversely
affected by persistent cloud cover in the training data and
by shading. Multiple years of training data may potentially
be required for all sites in order to compute CP ij for a full
year. The denominator in K, PV CLR$L implicitly includes the
performance of the PV system, and K implicitly includes
shading in both the numerator and denominator. K, thus,
is a more accurate and robust estimator for system-to-sys-
tem estimations than BPI. However, K can be adversely
affected by persistent regional cloud cover in the training
data, and system-to-system estimations require data for
all sites to calculate PV CLR$L. The denominator in
KPV ; PV CLR, is entirely derived from model simulations. Sys-
tem performance factors and environmental conditions are
explicitly included in the simulations. Secular degradation
in system performance can be included, and historical data
are only required for system-to-system estimations in which
the performance of at least one system is significantly dif-
ferent from nominal. PV CLR is not affected by cloud cover
over a site. Consequently, KPV is a more robust estimator
for system-to-system estimations than either BPI or K if
the characteristics of all systems are known.

Given the equivalence of the numerators in BPI ;K, and
KPV , the relative accuracy of these indices will be deter-
mined by the accuracy of the denominators, i.e., their abil-
ity to generate accurate clear-sky estimates. In order to
compare these three methods for generating the clear-sky
estimates, we hand-selected 80 clear-sky days in Canberra
and extracted the clear-sky periods from them via the
methodology of Reno et al. (2012) and use each method
to generate clear-sky estimates. The results are compared
in Fig. 10 with a tabulation of four error metrics (MBE,
MAPE, RMSE, and Coefficient of Determination
(COD)) in Table 4. The PV CLR approach outlined in the
present study demonstrates superior performance in all
error measures. Of particular interest is the over-prediction
of Golnas et al. (2011) under increasingly bright sunshine,
which may be due to the lack of system level simulations
(e.g., module losses at higher temperatures). The Lonij
approach performs better than the Golnas approach and
does not require knowledge of PV system characteristics,
but it requires historical data and can be adversely affected
by clouds, shading, outages, etc., during the historical ref-
erence period. The PV CLR method can be applied to systems
for which no data has been recorded and can give the most
accurate estimates of clear-sky irradiance, Table 4, when
PV system characteristics are known.

The similarity of the three indices – BPI ;K, and KPV –
means their properties and utility are similar for spatial
interpolation, solar forecasting, cloud motion studies,

ramp rate analyses, and comparative generation estimates.
Consequently, the advanced analysis techniques and multi-
site estimation procedures discussed in Golnas et al. (2011);
Lonij and Jayadevan (2012); Lonij et al. (2012, 2013)
should work at least as well with KPV . In fact, one expects
the enhanced accuracy of the clear sky term in KPV , Fig. 10
and Table 2, should improve the performance of those
analysis techniques.

The limitations of the three indices also are similar. In
particular, all three rely on global plane-of-array irradiance
(either simulated or measured), so there is an implicit
requirement that all PV systems being considered should
have reasonably similar orientations. If the orientations
of two systems are not sufficiently similar, then it becomes
necessary to consider separately the contributions of diffuse
and direct irradiance to power generation under cloudy
conditions. This cannot be done with BPI or K. KPV , how-
ever, is based on model simulations of the radiation field
and the PV system response, so it conceivably can be mod-
ified to provide this separation. This will be examined in
future work.

5. Conclusion

Through the use of clear-sky radiation modeling, trans-
posing the radiation components to a tilted surface and
using the transposed modeled radiation as input to PV
and inverter modeling routines, the theoretical clear-sky
power output for a given PV system can be calculated, pro-
vided the characteristics of the PV system are known. Nor-
malizing the measured power output from a PV system by
this theoretical value, gives a PV clear-sky index, KPV ,
which can be used to estimate the power output of nearby
PV systems if their system characteristics are known. A sin-
gle PV system power output time series becomes quite use-
ful for estimating the performance of other nearby PV
systems. The accuracy of these estimates are strongly
related to cloud cover, with MAPE of a few percent under
clear skies, growing to % 50% or more under partly cloudy
skies, and then falling again to 10–20% under mostly
cloudy sky conditions. Power output during large scale
changes, such as strong ramp events, can be estimated with
inter-site RMSE of less than 0.10 kW =kW p using a single
system for several other sites.

KPV has been shown to be more accurate than the Bird
Performance Index, BPI, (Golnas et al., 2011) and the

Table 4
Error measures as reported after evaluating three methods for generated
PV system clear-sky power output: PV CLR from the present study and Lonij
(Lonij et al., 2012) and Golnas (Golnas et al., 2011). Estimates were
computed using clear-sky periods extracted from 80 mostly clear days and
are also plotted in Fig. 3.

MBE (%) MAPE (%) RMSE (%) COD

PV CLR 1.09 4.1 4.06 0.99
Lonij 2.58 8.1 6.15 0.98
Golnas 10.5 12.3 12.3 0.96
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clearness index, K, (Lonij and Jayadevan, 2012) because it
uses a more accurate method to estimate a PV system’s
clear-sky power generation. KPV also is expected to be a
more robust estimator than either BPI or K, particularly
in persistently cloudy conditions. KPV has the potential to
be modified in future work to handle PV systems with pan-
els at significantly different orientations, while BPI and K
cannot. These improvements are only possible if the PV
system’s characteristics are known.

Future research work will explore this estimation tech-
nique in greater detail by utilizing larger data sets and
employing input information from meteorological time ser-
ies. By investigating a larger data set, distance based errors
will be calculated as well as using averages of multiple sites
to reduce the scale of errors. It will also become possible to
apply this technique to estimate the power output for col-
lectives of non-monitored sites with known characteristics
using a selection of monitored ones. This could provide a
cost-effective method for estimating the power output from
all PV sites in a given area. Furthermore, we believe this
type of methodology will be very useful in PV system
power output forecasting, particularly when applied to
collective power output forecasts for tens, hundreds or
thousands of distributed PV systems.
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Calbó, J., González, J., Pagès, D., 2001. A method for sky-condition
classification from ground-based solar radiation measurements. J.
Appl. Meteorol., 2193–2199.

Cameron, C., Stein, J., Hansen, C., 2011. Evaluation of PV performance
models and their impact on project risk. In: PV Rollout Conference.

Cameron, C.P., Boyson, W.E., Riley, D.M., 2008. Comparision of PV
system performance-model predictions with measured PV system
performance. In: 2008 33rd IEEE Photovolatic Specialists Conference,
pp. 1–6.

CSIRO, 2012. Solar Intermittency: Australia’s Clean Energy Challenge.
Tech. Rep., June.

Davies, J., McKay, D., 1982. Estimating solar irradiance and components.
Sol. Energy 29 (1), 55–64.

Davy, R., Woods, M., Russell, C., Coppin, P., 2010. Statistical
downscaling of wind variability from meteorological fields. Bound.-
Layer Meteorol. 135 (1), 161–175.

Duffie, J.A., Beckman, W., 2006. Solar Engineering of Thermal Processes.
John Wiley & Sons.

Engerer, N.A., 2012. Estimating collective rooftop photovoltaic power
output. In: Australian Solar Council Solar 2012. Melbourne, Austra-
lia. <http://solarnick.info>.

Fanney, H., Davis, M., Dougherty, B., King, D., Boyson, W., Kratochvil,
J., 2006. Comparison of photovoltaic module performance measure-
ments. J. Sol. Energy Eng. 128 (2), 152.

Gaetan, M., Latour, M., Rekinger, M., Theologitis, L., Papoutsi, M.,
2013. Cloud cameras at the Pierre Auger Observatory. Tech. Rep.,
European Photovoltaic Industry Association.

Gilman, P., Blair, N., Mehos, M., Christensen, C., Janzou, S., Cameron,
C., 2008. Solar Advisor Model User Guide for Version 2.0. Tech. Rep.,
NREL.

Golnas, A., Bryan, J., Wimbrow, R., Hansen, C., Voss, S., Clemente, S.,
2011. Performance assessment without pyranometers: predicting
energy output based on historical Correlation. In: 37th IEEE
Photovoltaic Specialists Conference (PVSC), Sandia National
Laboratories.

Gueymard, C., 2003. Direct solar transmittance and irradiance predictions
with broadband models. Part II: Validation with high-quality mea-
surements. Sol. Energy 74, 381–395.

Gueymard, C., 2009. Direct and indirect uncertainties in the prediction of
tilted irradiance for solar engineering applications. Sol. Energy 83 (3),
432–444.

Hay, J., McKay, D., 1988. Calculation of Solar Irradiances for Inclined
Surfaces: Verification of Models Which Use Hourly and Daily Data.
Tech. Rep., International Energy Agency.

Hoff, T.E., Perez, R., 2010. Quantifying PV power output variability. Sol.
Energy 84 (10), 1782–1793.

Ineichen, P., 1983. Quatre annees de mesures d ensoleiilement a Geneve.
Ph.D. thesis, University of Geneva.

Ineichen, P., 2006. Comparison of eight clear sky broadband models
against 16 independent data banks. Sol. Energy 80 (4), 468–478.

Ineichen, P., Perez, R., 2002. A new airmass independent formulation for
the linke turbidity coefficient. Sol. Energy 73 (3), 151–157.

Jamaly, M., Bosch, J.L., Kleissl, J., 2013. Aggregate ramp rates of
distributed photovoltaic systems in San Diego County. IEEE Trans.
Sustain. Energy 4 (2), 519–526.

Kambezidis, H.D., Psiloglou, B.E., Gueymard, C., Energy, F.S., Canav-
eral, C., 1994. Measurements and models for total solar irradiance on
inclined surface in Athens, Greece. Sol. Energy 53 (2).

Kasten, F., 1988. Elimination of the virtual diurnal variation of the linke
turbidity factor. Meteor. Rdsch. 41, 93–94.

King, D., Boyson, W., Kratochvill, J., 2004. Photovoltaic Array Perfor-
mance Model. Tech. Rep. SAND2004-3535, Sandia National
Laboratories.

King, D., Gonzalez, S., Galbraith, G., Boyson, W., 2007. Performance
Model for Grid-Connected Photovoltaic Inverters. Tech. Rep.
SAND2007-5036.

Klise, G., Stein, J., 2009. Models Used to Assess the Performance of
Photovoltaic Systems. Tech. Rep. SAND2009-8258, Sandia National
Laboratories.

Lave, M., Kleissl, J., 2010. Solar variability of four sites across the state of
Colorado. Renew. Energy 35 (12), 2867–2873.

Lave, M., Kleissl, J., Arias-Castro, E., 2011a. High-frequency irradiance
fluctuations and geographic smoothing. Sol. Energy 86 (8), 2190–2199.

Lave, M., Kleissl, J., Stein, J.S., 2013. A wavelet-based variability model
(WVM) for solar PV power plants. IEEE Trans. Sustain. Energy 4 (2),
501–509.

692 N.A. Engerer, F.P. Mills / Solar Energy 105 (2014) 679–693

             
                    26

http://refhub.elsevier.com/S0038-092X(14)00215-1/h0110
http://refhub.elsevier.com/S0038-092X(14)00215-1/h0110
http://refhub.elsevier.com/S0038-092X(14)00215-1/h0110
http://refhub.elsevier.com/S0038-092X(14)00215-1/h0110
http://refhub.elsevier.com/S0038-092X(14)00215-1/h0115
http://refhub.elsevier.com/S0038-092X(14)00215-1/h0115
http://refhub.elsevier.com/S0038-092X(14)00215-1/h0115
http://refhub.elsevier.com/S0038-092X(14)00215-1/h0115
http://refhub.elsevier.com/S0038-092X(14)00215-1/h0120
http://refhub.elsevier.com/S0038-092X(14)00215-1/h0120
http://refhub.elsevier.com/S0038-092X(14)00215-1/h0125
http://refhub.elsevier.com/S0038-092X(14)00215-1/h0125
http://refhub.elsevier.com/S0038-092X(14)00215-1/h0125
http://refhub.elsevier.com/S0038-092X(14)00215-1/h0130
http://refhub.elsevier.com/S0038-092X(14)00215-1/h0130
http://refhub.elsevier.com/S0038-092X(14)00215-1/h0135
http://refhub.elsevier.com/S0038-092X(14)00215-1/h0135
http://refhub.elsevier.com/S0038-092X(14)00215-1/h0135
http://refhub.elsevier.com/S0038-092X(14)00215-1/h0140
http://refhub.elsevier.com/S0038-092X(14)00215-1/h0140
http://solarnick.info
http://refhub.elsevier.com/S0038-092X(14)00215-1/h0145
http://refhub.elsevier.com/S0038-092X(14)00215-1/h0145
http://refhub.elsevier.com/S0038-092X(14)00215-1/h0145
http://refhub.elsevier.com/S0038-092X(14)00215-1/h0150
http://refhub.elsevier.com/S0038-092X(14)00215-1/h0150
http://refhub.elsevier.com/S0038-092X(14)00215-1/h0150
http://refhub.elsevier.com/S0038-092X(14)00215-1/h0155
http://refhub.elsevier.com/S0038-092X(14)00215-1/h0155
http://refhub.elsevier.com/S0038-092X(14)00215-1/h0155
http://refhub.elsevier.com/S0038-092X(14)00215-1/h0160
http://refhub.elsevier.com/S0038-092X(14)00215-1/h0160
http://refhub.elsevier.com/S0038-092X(14)00215-1/h0165
http://refhub.elsevier.com/S0038-092X(14)00215-1/h0165
http://refhub.elsevier.com/S0038-092X(14)00215-1/h0170
http://refhub.elsevier.com/S0038-092X(14)00215-1/h0170
http://refhub.elsevier.com/S0038-092X(14)00215-1/h0175
http://refhub.elsevier.com/S0038-092X(14)00215-1/h0175
http://refhub.elsevier.com/S0038-092X(14)00215-1/h0175
http://refhub.elsevier.com/S0038-092X(14)00215-1/h0180
http://refhub.elsevier.com/S0038-092X(14)00215-1/h0180
http://refhub.elsevier.com/S0038-092X(14)00215-1/h0180
http://refhub.elsevier.com/S0038-092X(14)00215-1/h0185
http://refhub.elsevier.com/S0038-092X(14)00215-1/h0185
http://refhub.elsevier.com/S0038-092X(14)00215-1/h0190
http://refhub.elsevier.com/S0038-092X(14)00215-1/h0190
http://refhub.elsevier.com/S0038-092X(14)00215-1/h0195
http://refhub.elsevier.com/S0038-092X(14)00215-1/h0195
http://refhub.elsevier.com/S0038-092X(14)00215-1/h0200
http://refhub.elsevier.com/S0038-092X(14)00215-1/h0200
http://refhub.elsevier.com/S0038-092X(14)00215-1/h0200


Lave, M., Stein, J., Ellis, A., Hansen, C., Nakashima, E., November
2011b. Ota City: Characterizing Output Variability from 553 Homes
with Residential PV Systems on a Distribution Feeder. Tech. Rep.
SAND2011-9011, Sandia National Laboratories.

Liu, B., Jordan, R., 1960. The interrelationship and characteristic
distribution of direct, diffuse and total solar radiation. Sol. Energy 4
(3), 1–19.

Liu, B., Jordan, R., 1963. The long-term average performance of flat-plate
solar energy collectors. Sol. Energy 7 (2), 53–70.

Lonij, V., Brooks, A., Koch, K., Cronin, A., 2012. Analysis of 80 Rooftop
PV systems in the Tucson, AZ area. In: 38th IEEE Photovoltaic
Specialists Conference (PVSC).

Lonij, V., Jayadevan, V., 2012. Forecasts of PV power output using power
measurements of 80 residential PV installs. In; 38th IEEE Photovoltaic
Specialists Conference (PVSC).

Lonij, V.P., Brooks, A.E., Cronin, A.D., Leuthold, M., Koch, K., 2013.
Intra-hour forecasts of solar power production using measurements
from a network of irradiance sensors. Sol. Energy 97, 58–66.

Loutzenhiser, P., Manz, H., Felsmann, C., Strachan, P., Frank, T.,
Maxwell, G., 2007. Empirical validation of models to compute solar
irradiance on inclined surfaces for building energy simulation. Sol.
Energy 81 (2), 254–267.

Mathiesen, P., Kleissl, J., 2011. Evaluation of numerical weather
prediction for intra-day solar forecasting in the continental United
States. Sol. Energy 85 (5), 967–977.

McKenney, D.W., Pelland, S., Poissant, Y., Morris, R., Hutchinson, M.,
Papadopol, P., Lawrence, K., Campbell, K., 2008. Spatial insolation
models for photovoltaic energy in Canada. Sol. Energy 82 (11), 1049–
1061.

Mills, A., Wiser, R., 2010. Implications of Wide-Area Geographic
Diversity for Short-Term Variability of Solar Power. Tech. Rep.,
Lawrence Berkeley National Laboratory.

Molineaux, B., Ineichen, P., Delaunay, J., 1995. Direct luminous efficacy
and atmospheric turbidity – improving model performance. Sol.
Energy 55 (2), 125–137.

Pages, D., Calbo, J., Gonzalez, J., 2003. Using routine meteorological
data to derive sky conditions. Annal. Geophys. 21, 649–654.

Reindl, D., Beckman, W., Duffie, J., 1990. Evaluation of hourly tilted
surface radiation models. Sol. Energy 45 (1), 9–17.

Reno, M., Hansen, C., Stein, J., March 2012. Global Horizontal
Irradiance Clear Sky Models: Implementation and Analysis. Tech.
Rep. SAND2012-2389, Sandia National Laboratories.

Rigollier, C., Bauer, O., Wald, L., 2000. On the clear sky model of the
ESRA – European solar radiation atlas – with respect to the heliostat
method. Sol. Energy 68 (1), 33–48.

Rigollier, C., Lefevre, M., Wald, L., 2001. Heliosat version 2. Integration
and Exploitation of Networked Solar Radiation Databases for
Environment Monitoring (SoDa Project). Tech. Rep. <http://soda-
is.com>.

Sfetsos, A., Coonick, A., 2000. Univariate and multi-variate forecasting of
hourly solar radiation with artificial intelligence techniques. Sol.
Energy 68 (2), 169–178.

Skartveit, A., Olseth, J., 1992. The probability density and
autocorrelation of short-term global and beam irradiance. Sol. Energy
49 (6), 477–487.

Stein, J., 2012. The Photovoltaic Performance Modeling Collaborative
(PVPMC). Tech. Rep. SAND2012-4531, Sandia National
Laboratories.

SunWiz, 2013. PV Market Insights. Tech. Rep., SunWiz Consultants.
Woyte, A., Belmans, R., Nijs, J., 2007. Fluctuations in instantaneous

clearness index: analysis and statistics. Sol. Energy 81 (2), 195–
206.

Yang, D., Jirutitijaroen, P., Walsh, W.M., 2012. Hourly solar irradiance
time series forecasting using cloud cover index. Sol. Energy 86 (12),
3531–3543.

Zarzalejo, L.F., Polo, J., Martı́n, L., Ramı́rez, L., Espinar, B., 2009. A
new statistical approach for deriving global solar radiation from
satellite images. Sol. Energy 83 (4), 480–484.

N.A. Engerer, F.P. Mills / Solar Energy 105 (2014) 679–693 693

             
                    27

http://refhub.elsevier.com/S0038-092X(14)00215-1/h0205
http://refhub.elsevier.com/S0038-092X(14)00215-1/h0205
http://refhub.elsevier.com/S0038-092X(14)00215-1/h0205
http://refhub.elsevier.com/S0038-092X(14)00215-1/h0210
http://refhub.elsevier.com/S0038-092X(14)00215-1/h0210
http://refhub.elsevier.com/S0038-092X(14)00215-1/h0215
http://refhub.elsevier.com/S0038-092X(14)00215-1/h0215
http://refhub.elsevier.com/S0038-092X(14)00215-1/h0215
http://refhub.elsevier.com/S0038-092X(14)00215-1/h0220
http://refhub.elsevier.com/S0038-092X(14)00215-1/h0220
http://refhub.elsevier.com/S0038-092X(14)00215-1/h0220
http://refhub.elsevier.com/S0038-092X(14)00215-1/h0220
http://refhub.elsevier.com/S0038-092X(14)00215-1/h0225
http://refhub.elsevier.com/S0038-092X(14)00215-1/h0225
http://refhub.elsevier.com/S0038-092X(14)00215-1/h0225
http://refhub.elsevier.com/S0038-092X(14)00215-1/h0230
http://refhub.elsevier.com/S0038-092X(14)00215-1/h0230
http://refhub.elsevier.com/S0038-092X(14)00215-1/h0230
http://refhub.elsevier.com/S0038-092X(14)00215-1/h0230
http://refhub.elsevier.com/S0038-092X(14)00215-1/h0235
http://refhub.elsevier.com/S0038-092X(14)00215-1/h0235
http://refhub.elsevier.com/S0038-092X(14)00215-1/h0235
http://refhub.elsevier.com/S0038-092X(14)00215-1/h0240
http://refhub.elsevier.com/S0038-092X(14)00215-1/h0240
http://refhub.elsevier.com/S0038-092X(14)00215-1/h0245
http://refhub.elsevier.com/S0038-092X(14)00215-1/h0245
http://refhub.elsevier.com/S0038-092X(14)00215-1/h0250
http://refhub.elsevier.com/S0038-092X(14)00215-1/h0250
http://refhub.elsevier.com/S0038-092X(14)00215-1/h0250
http://soda-is.com
http://soda-is.com
http://refhub.elsevier.com/S0038-092X(14)00215-1/h0255
http://refhub.elsevier.com/S0038-092X(14)00215-1/h0255
http://refhub.elsevier.com/S0038-092X(14)00215-1/h0255
http://refhub.elsevier.com/S0038-092X(14)00215-1/h0260
http://refhub.elsevier.com/S0038-092X(14)00215-1/h0260
http://refhub.elsevier.com/S0038-092X(14)00215-1/h0260
http://refhub.elsevier.com/S0038-092X(14)00215-1/h0265
http://refhub.elsevier.com/S0038-092X(14)00215-1/h0265
http://refhub.elsevier.com/S0038-092X(14)00215-1/h0265
http://refhub.elsevier.com/S0038-092X(14)00215-1/h0270
http://refhub.elsevier.com/S0038-092X(14)00215-1/h0270
http://refhub.elsevier.com/S0038-092X(14)00215-1/h0270
http://refhub.elsevier.com/S0038-092X(14)00215-1/h0275
http://refhub.elsevier.com/S0038-092X(14)00215-1/h0275
http://refhub.elsevier.com/S0038-092X(14)00215-1/h0275


 

 28 

 

  



 

 29 

II: Validating nine clear sky radiation models in 
Australia 

With the creation of the KPV methodology, it became quite apparent that the accuracy and biases 

of the input clear sky radiation model were very important to determine.  However, upon review 

it became clear that no clear sky radiation model assessment had been completed for the 

Australian continent.  Thankfully, with the provision of 1-minute solar radiation data from the 

Bureau of Meteorology (via funding from the Australian Renewable Energy Agency), high 

quality solar radiation data were available for a model assessment.  In this paper, I used these 

data to test 11 of the most commonly used and highly recommended clear sky radiation models 

using Australian solar radiation data.  The result was Australia’s first assessment of clear sky 

radiation modelling routines, which will be useful for a wide variety of solar radiation 

modelling applications.  Within the context of this thesis, this assessment made it quite clear 

that the European Solar Radiation Atlas (Esra) model was the best choice for the clear-sky 

radiation input to the KPV methodology.  One correction for the published version of the 

manuscript is required: the Solis model is stated to have a positive bias at all apparent solar time 

(AST) values (Figure 4), however, it has a negative bias for all values of AST.   
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Abstract

There have been many validation studies of clear sky solar radiation models, however, to date, no such analysis has been completed
for Australia. Clear sky models are essential for estimating the generation potential of various solar energy technologies, the basic cal-
ibration of radiation measuring equipment, quality control of solar radiation datasets, engineering design (e.g. heating and cooling of
buildings) and in agricultural and biological sciences (e.g. forestry). All of these areas are of considerable interest to the Australian econ-
omy and will benefit from an assessment of clear sky radiation models. With the recent provision of one-minute interval radiation data
by the Australian Bureau of Meteorology for 20 sites across Australia, such a study can now be undertaken at a level not previously
possible. Using up to ten years of data from each of 14 of these sites, clear sky periods are extracted through an automated detection
algorithm. With these clear sky periods identified, nine of the most prominent beam and global clear sky radiation models are assessed
using the relative Mean Bias Error, relative Root Mean Square Error and Coefficient of Determination as metrics. Further testing
assessed model performance as a function of solar zenith angle and apparent solar time. Results show that for global clear sky simula-
tions, the Solis, Esra and REST2 approaches perform best, while the Iqbal, Esra and REST2 methods are the most proficient clear sky
beam models.
! 2015 Elsevier Ltd. All rights reserved.

Keywords: Solar energy; Radiation; Clear sky; Modeling

1. Introduction

A “clear sky model” is a grouping of formulae that are
capable of producing an estimate of the solar irradiance
arriving at the Earth’s surface. They may produce estimates
of the individual beam (Ebnc clear sky direct normal

irradiance) or diffuse components of clear sky radiation
(e.g. Edhc clear sky diffuse horizontal irradiance), or they
may produce a global estimate (Eghc clear sky global hori-
zontal irradiance). A global estimate is often generated
by an aggregation of the estimates from beam and diffuse
models, but the estimate can occasionally be produced
directly. Although these models most often produce broad-
band outputs, they must be capable of accounting for the
scattering, reflection and absorption that occurs within
given spectral bands, due to atmospheric constituents such
as water vapor, ozone, aerosols (etc.), and atmospheric
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processes such as turbidity. There is great variance in the
methods by which individual models account for these
influences, with some models using only one input variable,
with others requiring several. Many models are locally
tuned or based on arbitrary coefficients, and thus there
may be significant variations in their performance for dif-
ferent locations.

At the most basic level, clear sky models are used for the
design of solar energy systems, as they correspond with a
modeled device’s optimal power output. These models
are also similarly used in the design of the heating and cool-
ing systems of buildings (Hosobuchi et al., 2005), as well as
input to agricultural models (Gueymard, 1989; Svendsen
and Jensen, 1990) and in the validation of dynamic meteo-
rological models (Dehghan et al., 2014). Specifically within
the field of solar energy, clear sky radiation models are
paramount to most modern analyses. An accurate clear
sky estimate is very important for computing several of
the various forms of radiation clear sky index (e.g.
Kc; Kb), which are the basis for normalizing solar radiation
time series. This normalization is necessary in order to
undertake more in-depth analyses (e.g. wavelets (Lave
et al., 2011), variability (Woyte et al., 2007), extracting
cloud characteristics (Calbó et al., 2001)) as well as fore-
casting its future characteristics (Huang et al., 2013;
Yang et al., 2012) and thus emphasis on its accuracy can-
not be overstated. In a similar fashion, clear sky radiation
models have been used as inputs to photovoltaic (PV) mod-
eling routines, in order to calculate a clear sky index for
PV, making it possible to extend such analyses to PV data
time series (Engerer and Mills, 2014). Clear sky models are
also used in the retrieval of radiation characteristics from
satellite imagery (Ineichen, 2006) and to create clear sky
data sets for testing radiation separation models (e.g.
Engerer, 2015). Hence, a well validated study, even for a
particular region, will be quite useful.

1.1. Previous validation studies

Validation studies of many of these models have been
completed, however no such study has been completed in
manner specific to Australia. With the aim of completing
such a study, it is important to review previous validation
studies to identify the most commonly tested and best per-
forming models.

Validation of clear sky radiation models has been
around for over four decades (e.g. Atwater and Ball,
1978). While there have been many validations that exam-
ined a single model, (e.g. Louche et al., 1988, 2006, 2000),
this review will focus on those testing several models. In
reviewing and comparing the performance of the available
validation studies, several factors are of interest. One must
note the resolution and geospatial distribution of data, the
methodology for identifying clear sky periods for valida-
tion, the metrics used to assess model performance,
and, of course, which models were validated and which
performed best.

An early study is Gueymard (1993), wherein 11 clear sky
models were validated against both theoretical and mea-
sured values of hourly irradiance from seven sites from
North America, Europe and Asia. Clear sky periods were
extracted through “careful screening”, with no explicit
methodology provided. Models were evaluated using
Mean Bias Error (MBE) and Root Mean Square Error
(RMSE). Of these 11 models, four had RMSE below 6%
and 9% for global and beam radiation, respectively, and
were recommended for use in clear sky modeling: CPCR2
(Gueymard, 1989), Iqbal-C (Iqbal, 1983), EEC (Page,
1986) and PSI (Gueymard, 1989) (descending order).
Gueymard completed another, more in depth analysis of
18 models against 1-min resolution data from five test sites
from the Atmospheric Radiation Measurement (ARM)
network, the National Renewable Energy Laboratory’s
(NREL) Baseline Solar Radiation Network (BSRN) and
one from Saudi Arabia (Gueymard, 2012). The selected
sites were described to represent widely different climates.
Clear sky periods were extracted using an ensemble of
methods, with a primary focus on the Long-Ackerman fil-
ter (Long and Ackerman, 2000) with follow-up analysis of
the diffuse/beam ratio and use of automated sky cover
observations (discarding > 5% coverage). Evaluation of
performance was completed using Mean Bias Difference
(MBD) and Root Mean Square Difference (RMSD), which
are equivalent in computation to MBE and RMSE but
with a different name in consideration of possible system-
atic errors in instrumentation. In addition, an uncertainty
measure of the 95% confidence level was included, which
includes consideration of the standard deviation of the
observed data. Of the models tested the five most highly
ranked models were REST2 (Gueymard, 2008),
Simplified Solis (Ineichen, 2008), Hoyt (Hoyt, 1978), Bird
(Bird and Hulstrom, 1981) and Iqbal-C (in descending
order), each receiving MBD and RMSD of 4% and 5%
or less for the beam radiation estimates.

Several notable studies of comparable size adopted a
similar climatologically diverse focus. Ineichen (2006) com-
pared 8 “high performance” models against 16 data banks
(14 North American; 2 European), using observations with
time steps from 15 to 60 min. Clear sky periods were
selected empirically by using a 90% threshold of the clear
sky beam radiation as calculated using a simple air mass
model, and then limiting the absolute difference in variabil-
ity to 10%. Evaluation of model performance was com-
pleted using MBD, RMSD and standard deviation (SD),
with the analysis and conclusion broken into two cate-
gories. First a “simple” input variable category (e.g. requir-
ing only Linke turbidity and aerosol optical depth), where
the Esra (Rigollier et al., 2000) and Molineaux (Molineaux
and Ineichen, 1996) models performed best with MBD of
5% and 1%, respectively (RMSD of 28–29 W/m2) for beam
radiation. And secondly, a complex category (e.g. requiring
spectral radiation measurements), where the Solis model
had the best performance with a MBD of 2%, 10% and
11% for beam, global and diffuse radiation, respectively.
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Younes and Muneer (2007) used hourly data from six
measurement sites in Spain, India and the UK to test four
models; MRM (Muneer et al., 1998), Esra (Rigollier et al.,
2000), Yang (Yang et al., 2001) and REST2 (Gueymard,
2008). This study is also useful, as it compares nine differ-
ent clear sky period extraction methods, including the
Long and Ackerman (2000) and Ineichen (2006) methods.
In an initial investigation, they found poor results for
methods that use only cloud cover observations or sun-
shine factor, mixed results for the Long-Ackerman method
(noting that they used hourly data and the author recom-
mend sub-15 min data), and the best results from the
Ineichen method - choosing it for their study. After apply-
ing the Ineichen method, they evaluated models with six
metrics: R, slope, MBE, RMSE, skewness and kurtosis.
They concluded that the MRM model provided the most
accurate performance, but with a significant caveat in that
it requires local data to re-calibrate the model. The REST2
model closely followed and was concluded to be best choice
once versatility was considered.

Most recently, Reno et al. (2012) validated nine models
(Adnot et al., 1979; Daneshyar, 1978; Haurwitz, 1948;
Kasten and Czeplak, 1980; Ineichen, 2008; Atwater and
Ball, 1981; Gueymard, 2008; Robledo and Soler, 2000;
Badescu, 1997, Eq. (19)) using 10 min resolution data from
30 sites across the United States. In this study, a novel and
robust method for extracting clear sky periods is proposed,
which compares a clear sky radiation model estimate
against the observed data using five tests: a rolling mean,
a max limit test, variability in line length, variance in line
slope and deviation from line slope. This method is
employed in the present study and is discussed in more
detail in Section 3.2. Evaluation of the models was com-
pleted using MBE and RMSE. They concluded that the
REST2 model (Gueymard, 2008) performed best with an
RMSE of 4.7%, which is in agreement with other studies
(Younes and Muneer, 2007; Gueymard, 2012). A few other
models were comparable (RMSE of 5.0% and 7.3%) and
also recommended for use (Ineichen and Perez, 2002;
Robledo and Soler, 2000, respectively).

Other studies that focused on more geospatially limited
regions with similar climatologies deserve to be discussed
briefly. Alam (2006) performed an analysis of three models,
including the REST2 model, at four sites in India, using
hourly data restricted to non-monsoon conditions, con-
cluding the REST2 model performed best with an RMSE
of approximately 7%. Badescu (1997) validated five models
(Rigollier et al., 2000; Paltridge and Proctor, 1976; Kasten
and Czeplak, 1980; Adnot et al., 1979; Daneshyar, 1978)
for two Romanian sites, concluding that the regionally cal-
ibrated ABCG model (Adnot et al., 1979) performed best,
but noted that the other simpler models were comparable
in performance. Badescu et al. (2013) then examined 54
models in a study with the same two Romanian sites using
a ranking system to classify the models into “worst”,
“bad”, “good enough”, “good” and “best” categories. It
concluded that the Ineichen–Perez (Ineichen and Perez,

2002), Esra (Rigollier et al., 2000), REST2 (Gueymard,
2008) and METSTAT (Maxwell, 1998) models were the
best performers (RMSE 9.94–10.2% at the Bucharest site).
Another study (Ianetz et al., 2007), which used data from
three sites in Israel, validated the ABCG model along with
three others (Iqbal, 1980; Kondratyev and Manolova,
1960; Lingamgunta and Veziroglu, 2004) and concluded
the Kondratyev and Manolova (1960) model performed
best with a MBD of 5%.

1.2. Overview of the present study

The next sections discuss the models and data used in
this study, including the origin of the radiation measure-
ments, quality control, identification of the clear sky peri-
ods (and thereby clear sky days), and the manner in
which the input variables for the clear sky models were
handled. Validation through several error metrics will then
be provided and the performance results discussed. The
results provide a basis on which to select the “best” mod-
el(s) for use within Australia.

2. Models tested

The models chosen range in capability from one param-
eter models to complex, multi-band models and cover both
beam and global horizontal radiation. The selected models
were also chosen based on their presence and repeated test-
ing in prior studies providing the opportunity to compare
our results with previous validations. Finally, only models
which are easily implementable (open source, straightfor-
ward coding) were considered.

The models tested here are presented briefly, with the
reader referred to their original study for more detailed
descriptions and their full formulation. It is important to
note that some of these models either provide only a global
estimate, or only a beam estimate, but that the majority
provide both beam and global estimates. The experiment
was designed so that there are nine models in either the
beam or global categories of models. This study omits
direct testing of the diffuse estimates, which several of these
models produce, as by testing both the beam and global
measurements, the results of the diffuse model are implied.
This is also the case in the majority of clear-sky model val-
idation studies available in the literature.

2.1. Kasten

Kasten (1984) is the earliest of the global clear sky radi-
ation models tested herein. This model was one of the first
to include altitude based corrections in order to capture the
changes in atmospheric interactions that occur according
to height. The Kasten model takes the form:

Eghc ¼ 0:84 " Eextn " cosðhzÞ " expð%0:027 " AMÞ
" ðf h1 þ f h2 " ðT L % 1ÞÞ ð1Þ
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where f h1 and f h2 are coefficients based on altitude, AM the
air mass and T L the Linke turbidity. Additionally, hz repre-
sents the solar zenith angle, and Eextn the normal compo-
nent of extraterrestrial radiation. This notation will
appear throughout the remainder of the manuscript.

2.2. Ineichen

Using 12 clear sky days in Geneva, Ineichen (1983)
developed a clear sky beam radiation model based solely
on the air mass value (assuming a fixed Linke turbidity
set equal to 3):

Ebnc ¼ Eextn " expð$0:16$ 0:22 " AMÞ ð2Þ

2.3. Ineichen and Perez

The clear sky models developed by Ineichen and Perez
(2002) for beam and global horizontal radiation are based
on the approach taken by Ineichen’s first model
(Section 2.2). However, the new formulations include
empirical adjustments ðb; a1; a2Þ to Kasten’s altitude coef-
ficients and incorporate turbidity via the Linke turbidity
coefficient. The clear sky beam model appears as:

Ebnc ¼ b " Eextn " expð$0:09 " AM " ðT L $ 1ÞÞ ð3Þ

and the global horizontal clear sky model:

Eghc ¼ a1 " Eextn " cosðhzÞ " expð$a2 " AMÞ
" ðf h1 þ f h2 " ðT L $ 1ÞÞ ð4Þ

2.4. Bird

The clear sky model presented in Bird and Hulstrom
(1981) is one of the most well-known and widely used clear
sky models in the literature (Gueymard, 2012). Its required
inputs include aerosol optical depth, water vapor and
ozone abundances, in order to compute the transmittances
due to uniform gases (T U ), Rayleigh scattering (T R), ozone
(T O), aerosol (T A) and water vapor (T W ). It takes the form:

Ebnc ¼ Eext " 0:9662 " T A " T W " T U " T O " T R ð5Þ
Edhc¼Eext "cosðhÞ"0:79"T O "T U "T W "T AA

"ð0:5"ð1$T RÞþBA "ð1$T ASÞÞ=ð1$AMþðAMÞ1:02Þ ð6Þ

where BA is the forward scattering ratio, T AA aerosol scat-
tering and T AS ¼ T A=T AA. Additionally, Eext denotes the
horizontal component of extraterrestrial radiation.
Global radiation is then computed as:

Eghc ¼ ðEbnc " cosðhzÞ þ EdhcÞ=ð1$ RG " RSÞ ð7Þ

where RS is sky albedo and RG ground albedo.

2.5. Atwater and Ball

The Atwater and Ball model (Atwater and Ball, 1981) is
a transmittance based model:

Eghc¼Eextn " cosðhzÞ "T RT G "T W "T P " f =ð1$RA "RGÞ ð8Þ

It includes transmittance calculations for the uniform
gases T G, Rayleigh scattering T R, water vapor T W , and
the absorption and reflection of aerosols T P . It also
accounts for atmospheric albedo RA and ground albedo
RG. It requires input information about water vapor con-
tent and the aerosol optical depth.

2.6. MAC

The MAC model refers to the work detailed in Davies
and McKay (1982), which requires relative humidity, tem-
perature inputs, ozone content and aerosol optical depth as
inputs, in order to calculate transmittances for Rayleigh
scattering (T R), ozone (T O), aerosol (T A) and water vapor
(aw). It is capable of estimating both beam and global radi-
ation under clear skies:

Ebnc ¼ Eext " ðT O " T R $ awÞ " T A ð9Þ
Eghc ¼ Ebnc " cosðhzÞ þ EdR þ EdA ð10Þ

where EdR and EdA are the estimates of the diffuse radiation
from Rayleigh and aerosol scattering.

2.7. Molineaux

The Molineux model produces a beam radiation esti-
mate and was first presented in Molineaux et al. (1995).
It is an adaptation of the original Linke turbidity formula-
tion (Linke, 1922) in a clear dry atmosphere, but with an
adjustment for the uniform gases:

Ebnc ¼ Eext " expð$Mcda " T L " AMÞ ð11Þ
Mcda ¼ 0:124$ 0:0285 " logðAMÞ ð12Þ

where cda stands for “clear dry atmosphere”.

2.8. Simplified Solis

The initial version of the Solis model was spectral in nat-
ure, required sparsely measured inputs and was expensive
computationally. However, a simplified broadband version
was developed by Ineichen (2008) to accommodate circum-
stances in which such computations are not possible. This
broadband model is capable of producing clear sky esti-
mates for beam, global and diffuse radiation:

Ebnc ¼ E0ext " expð$sb=cosðhzÞbÞ ð13Þ
Eghc ¼ E0ext " expð$sg=cosðhzÞ gÞ " cosðhzÞ ð14Þ

Edhc ¼ E0ext " expð$sd=cosðhzÞdÞ ð15Þ

where E0ext; sb; sg; sd are all dependent on the aerosol optical
depth, while also requiring water vapor and atmospheric
pressure as inputs.

2.9. Esra

The Esra model was developed for the European Solar
Radiation Atlas and is presented in Rigollier et al.
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(2000). The model requires one major input, the Linke tur-
bidity (at AM = 2), in order to calculate Linke turbidity
transmittances (T L) and uses an air mass based parameter-
ization for Rayleigh optical thickness (dR). The model pro-
duces estimates of clear sky beam and diffuse solar
radiation:

Ebnc ¼ Eextn " expð$0:8662 " T L " AM " dRÞ ð16Þ
Edhc ¼ Eextn " T RdðT LÞ " F dðhz; T LÞ ð17Þ

where T Rd represents the diffusion of air molecules as a
function of Linke turbidity and F d is referred to as the “dif-
fuse angular function” which accommodates the increased
diffusion that occurs at increasing zenith angles (increasing
AM).

2.10. Iqbal-C

The Iqbal modeled tested here is the Iqbal-C version,
first reported in Iqbal (1983). For the computation of clear
sky beam radiation, it requires transmission estimates for
Rayleigh scattering (T R), uniform gas (T G), ozone (T O),
aerosols (T A) and water vapor (T W ):

Ebnc ¼ 0:975 " Eextn " T R " T G " T O " T A " T W ð18Þ

The global clear sky component can then be computed via:

Eghc ¼ ðEbnc " cosðhzÞ þ EdR þ EdAÞ " ð1=ð1$ Rg " RaÞÞ ð19Þ

where EdR and EdA are estimates of the diffuse radiation
from Rayleigh and aerosol scattering and RS is the sky
albedo and RG the ground albedo.

2.11. REST2

The REST2 model of Gueymard (2008) is unique among
the models tested here, in that it is separated into two
bands representing the broadband components of two sep-
arate series of spectra. It incorporates transmission esti-
mates for Rayleigh scattering (T Ri ), uniform gas (T Gi ),
ozone (T Oi ), nitrogen dioxide (T Ni ) and water vapor (T W i )
absorption, and finally, aerosol extinction (T Ai ), which
are calculated separately for each of the two bands. The
beam estimates for each band appear as:

Ebnci ¼ Eextni " T Ri " T Gi " T Oi " T Ni " T W i " T Ai ð20Þ

The diffuse clear sky estimate (Edi ) is broken into two
components within each band, incorporating a double
layer scattering approach. In the upper layer (Edpi

),
Rayleigh scattering (including forward scattering functions
BA and BR), ozone and uniform gas absorption are esti-
mated. For the bottom layer (Eddi ), aerosol, water vapor,
and nitrogen dioxide absorption and, separately, aerosol
scattering (T asi), ground and sky albedo (qGi

; qSi
) are used:

Edpi
¼ Eexthi " T Gi " T Oi " T Ni " T W i ½BRi " ð1$ T RiÞ

" T 0:25
Ai
þ BA " F i " T Ri " ð1$ T 0:25

asi Þ( ð21Þ

Eddi ¼ qGi"qSi
" ðEbni " cosðhzÞ þ Edpi

Þ=ð1$ qGi"qSi
Þ ð22Þ

and the total diffuse radiation on a horizontal surface:

Edhc ¼ Edpi
þ Eddi ð23Þ

3. Data and methods

The data used for model validation was obtained from the
Australian Bureau of Meteorology’s (BoM) 1-min radiation
dataset. The sites are professionally maintained by the BoM,
with the 95% uncertainty limits constrained to within 3% or
15 W/m2 (whichever is greater), with regular calibrations
undertaken according to research level standards (Forgan,
1996). Detailed information about the equipment used by
the BoM solar radiation network can be obtained by access-
ing the data portal webpage at http://reg.bom.gov.au/
climate/reg/oneminsolar/index.shtml.

The 14 sites chosen for the validation are spread across
the continent and represent all of the major climate regions
of Australia, which are quite diverse Peel et al. (2007). The
data periods selected are representative of all the available
one minute resolution observations available at the time
this study was initiated (early 2013). These sites, their sta-
tion number, altitude, location, data range and climate
classification are presented in Table 1. In addition to the
quality control undertaken by the BoM, the standard qual-
ity control methodology (QCRad) of Long and Shi (2006)
was applied to the dataset before analysis.

3.1. Atmospheric data

All tested radiation models require the solar zenith angle
as input (Table 2). All but two also require input that
describes atmospheric conditions. The greatest accuracy
will be achieved if the atmospheric parameters are based
on temporally and geographically coincident atmospheric
observations. However, appropriate local observations
are not available for most applications (particularly for
those operating in real time). To simulate the most typical
situation, we have the used standard data approximations
or climatological values for the atmospheric parameters.
These issues have also been discussed elsewhere (e.g.
Ineichen, 2006). As a result, the performance of the more
advanced models (e.g. REST2) may not be as good as that
reported in previous studies.

In the case of ozone, turbidity, aerosols and water
vapor, monthly mean values were extracted from the
SoDa dataset (Rigollier et al., 2001) and a polynomial fit
was used to obtain a value for each day (Ineichen, 2006;
Engerer and Mills, 2014). Further approximations and/or
simplifications are required in several instances. For precip-
itable water (required in the Bird, Iqbal, Atwater & Ball
and REST2 models), we compute an estimate using the
dewpoint temperature as the primary input (Garrison,
1992). We set ground reflectivity, required in the Bird,
Iqbal and REST2 models, to a constant of 0.3 which is
the approximate global land surface average. The transmis-
sivity of clouds was set to a value of 1.0 in the Atwater &
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Ball model (Atwater and Ball, 1981), and a standard atmo-
spheric value of 0.0002 was used for NO2 in the REST2
model (Gueymard, 2003).

As the result of these choices, the reader should be
aware, that without the high-level data required by some
of the more advanced models (e.g. REST2), their perfor-
mance may be reduced from that documented elsewhere
in the literature. It is not uncommon for the climatological
values of Linke turbidity, ozone, aerosol optical depth and
water vapor to be used in clear sky radiation modeling
studies (e.g. Ineichen, 2006; Younes and Muneer, 2007).

The reader should also understand that there are significant
variations possible in these input parameters within the
monthly resolutions used. More accurate estimates can be
obtained from other sources such as archived satellite data,
or surface based spectral imaging. At this time, there are
not presently any studies which quantify the differences
between these approaches, and thus the impact of our
assumptions is unknown. However, this modeling study
emphasizes ease-of-use and real-time usability, for which
the SoDa extracted climatological values are quite suitable.

3.2. Clear sky detection

As discussed in Section 1.1, there are a variety of
approaches for extracting the clear sky periods from the
observed radiation dataset, nine of which are reviewed in
Younes and Muneer (2007). With the minute resolution
data available, it assumed that clear sky extraction meth-
ods based on hourly data will be insufficient. This leaves
three methods from which to chose: Long and Ackerman
(2000), Ineichen (2006) or the newer approach in Reno
et al. (2012). Upon review, we decided to use the Reno
et al. (2012) approach, as it was easily tunable to our one
minute dataset, and appeared to be the most robust after
initial testing.

In the applied approach, the measured radiation time
series is compared to a modeled clear sky radiation time
series. In the present study, the Esra clear sky beam model
was used in accordance with the findings of its superior per-
formance for 2011 beam radiation data at Wagga Wagga,

Table 1
Site information for the 14 Bureau of Meteorology solar measurement stations providing the validation data. Climate classifications are based on Peel
et al. (2007).

Site Name Adelaide Alice Springs Broome Cape Grim Cairns

Station # 23,034 15,590 3003 91,148 31,011
Elevation (m) 2 546 7 95 113
Latitude !34.95 !23.80 !17.95 !40.68 !16.87
Longitude 138.52 133.89 122.24 144.69 145.74
Data start March 2003 April 2003 January 2001 January 2001 January 2001
Data end December 2011 December 2011 December 2011 December 2011 March 2004
Climate CSb BWh BSh Cfb Af

Darwin Kalgoorlie Learmonth Melbourne Mildura

Station # 14,015 12,038 5007 86,282 76,031
Elevation (m) 30 365 5 2 50
Latitude !12.44 !30.78 !22.24 !16.87 !34.24
Longitude 130.89 121.45 114.10 145.75 142.09
Data start January 2001 September 2002 October 2002 January 2001 January 2001
Data end December 2011 June 2006 June 2006 December 2011 December 2005
Climate Aw BSk BWh Cfb BSk

Mt. Gambier Rockhampton Tennant Wagga

Station # 26,021 39,083 15,135 72,150
Elevation (m) 63 10 376 212
Latitude !37.75 !23.38 !19.64 !35.16
Longitude 140.77 150.48 134.18 147.46
Data start January 2001 January 2001 January 2001 January 2001
Data end February 2006 December 2011 June 2006 December 2011
Climate CSb Cfa BSh Cfa

Table 2
Model inputs as provided to the models under consideration in this
validation study. Inputs are: the zenith angle hz, Linke Turbidity
coefficient T L, Angstrom Beta b, atmospheric water vapor w, atmospheric
ozone content uO, atmospheric nitrogen content un, ground reflectivity qg,
surface pressure P, ambient temperature T and dewpoint temperature T dpt.

Model hz T L b w uO un qg P T T dpt

fd
Kasten "
Ineichen "
Ineichen & Perez " "
Bird " " " " " " "
Atwater & Ball " " " " "
MAC " " " " " " "
Molineaux " "
Solis " " " "
Esra " " "
Iqbal " " " " "
REST2 " " " " " " " "
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Australia (Engerer and Mills, 2014). In order to be labeled
as a clear sky period, each subinterval was required to meet
the five criteria from Reno et al. (2012): running mean (E),
maximum value (Emax), line length (L), slope variance (rs)
and maximum deviation in slope (DSmax). These criterion
were tested for 5 point (6 min) intervals of data, with limits
set as presented in Table 3. The measure radiation must be
within these limits, as compared to the value calculated
from the clear sky model.

In order to be classified as “clear”, a given observation
time-step was required to pass the clear sky detection tests
for both the beam and global observations. Examples of
clear sky identification results are presented in Fig. 1. In
order for admission into the validation process, a day must
experience at least 90% clear-sky periods, in order to ensure
that skies are truly free of cloud cover. This 90% threshold
was selected according to the methods established by Reno
et al. (2012).

3.3. Performance metrics

Clear sky estimates from each of the models were com-
puted at all times in which clear sky periods were detected
for each of the 14 sites. There are nine global radiation
models and nine beam radiation models between the eleven
outlined in Section 2, and for each, model estimates were
compared to the measured radiation for each clear sky per-
iod instance using three error metrics. The first two, rela-
tive Mean Bias Error (rMBE) and Root Mean Square
Error (rRMSE) were chosen based on their frequent use
throughout many other validation studies (Section 1.1).
Thus, using these allows the results to be directly compara-
ble to those completed elsewhere. These are computed as:

rMBE ¼ 1

nO

Xn

i¼1

ðP i # OiÞ ð24Þ

rRMSE ¼ 1

O

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1

n

Xn

i¼1
ðP i # OiÞ2

r
ð25Þ

where P i is a given model estimate, Oi is the observed value
at time i; n is the total number of observations and O is the
mean over all data points. Note that we include the prefix
“r” in these measures, as the reported error is relative to the
mean value of the data tested. This is an equivalent compu-
tation to MBE and RMSE used in the studies previously
reviewed, but many of those studies did not make this
important distinction.

The third, the Coefficient of Determination (denoted
here as R) has been added as an additional model evalua-
tion tool. It is a direct expression of how well model

estimates match observed values, with a value of 1.0 being
a perfect correlation. It is evaluated as:

R ¼ 1#
Pn

i¼1ðOi # P iÞ2
Pn

i¼1ðOi # OÞ2
ð26Þ

In addition to computing these overall error measures for
the models considered, we have developed categories under
which model performance will be labeled “poor”, “aver-
age”, “good” and “excellent”. This was motivated by the
work of Badescu et al. (2013), in which 54 clear sky radia-
tion models were determined to be “good”, “good enough”
or “bad” through their rMBE and rRMSE values. “Good”
models had jrMBEj < 5% and jrRMSEj < 15% while “bad”
models had jrMBEj > 10% and jrRMSEj > 20%. We have
broken down our categories more finely, as the results from
the models were often very close, and adjusted the bounds
within which a model falls into these categories. These val-
ues can be found in Tables 4 and 5 for global and beam
radiation, respectively.

4. Global clear sky validation results

A total of nine clear sky models for global radiation
(Kasten, Ineichen–Perez, Atwater & Ball, Bird, MAC,
Solis, Esra, Iqbal, REST2) were tested for all clear sky peri-
ods for zenith angles < 85% and the overall error metrics
presented in Table 6. We also provide plots of the correla-
tion between observed and predicted global radiation at
Melbourne in Fig. 2, along with calculations of the
rRMSE.

The results shown in Fig. 2 suggest there are systematic
biases in the tested models. A clear systematic negative bias
is present in both the Atwater & Ball and Iqbal models
with the majority of plotted points appearing below the
identity line. The Bird, MAC and Kasten models also dis-
play this bias, but to a lesser degree. rRMSE scores were
lowest for the Ineichen–Perez, Esra and REST2 models
and highest for the Atwater & Ball, Iqbal and Bird models.

Table 6 reveals significant variation between sites in
overall model performance. Relative error metrics tend to
be highest in Cape Grim, Darwin and Melbourne and low-
est in Alice Springs, Kalgoorlie and Tennant Creek, but the
mean measured radiation is correspondingly lowest at the
first three and highest at the second three. The absolute
MBE and RMSE across all sites are more similar (in
W/m2).

Overall, the three most proficient models are the
Ineichen–Perez, Solis and REST2 models, each of which
had only one “average” score, with all the rest of them in
the “good” or “excellent” categories. Each of the three
poorest models, Kasten, Atwater and Iqbal reported at
least one “poor” score, with very few to no “excellent”
scores (Atwater). Although the Kasten model performed
well at the Rockhampton site.

The Esra, MAC and Bird models fit nicely into a middle
category of scoring consistently in the “good” category,

Table 3
Values set for the five clear sky criteria from Reno et al. (2012): running
mean (E), maximum value (Emax), line length (L), slope variance (rs) and
maximum deviation in slope (DSmax).

E Emax L rs DSmax

&100 W/m2 &75 W/m2 6 0.2 8 W/min
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each with a few instances of “average” and “excellent”
scores and none in the “poor” category.

4.1. Detailed investigation of the 6 best models

In order to understand which model is truly most profi-
cient, we further investigate the performance of the six best
models (Ineichen–Perez, Bird, MAC, Solis, Esra and
REST2). Of particular interest is how the accuracy of the
model estimates changes with zenith angle (e.g. Reno

et al., 2012). To investigate this, we have grouped model
estimates into 1! zenith angle bins and computed the
rRMSE for four locations with significantly different cli-
matic zones: Alice Springs, Melbourne, Rockhampton
and Wagga. The results are presented in Fig. 3.

At Alice Springs, the Ineichen–Perez model is consis-
tently the most accurate model, being closely followed by
the REST2, MAC and Esra models. There is no particu-
larly poor performance for any of the models, but the
Solis model does appear to lose accuracy at lower zenith

Fig. 1. A collection of three days from January 2005 at Wagga Wagga, in which clear sky periods are identified automatically. Beam radiation at left,
global radiation at right. The blue line is the clear sky model estimate (calculated by the Esra model), the black line is the measured radiation value and the
red lines are the identified clear sky periods. Here, only the first day (top) would be included in the model validation process, as 90% of the daytime period
was identified to be clear sky (Reno et al., 2012). (For interpretation of the references to colour in this figure legend, the reader is referred to the web
version of this article.)

Table 4
The four performance categories for clear sky global radiation model
estimates, color coded as reference to the results in Table 6.

Table 5
The four performance categories for clear sky beam radiation model
estimates, color coded as reference to the results in Table 7.
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angles while the remaining models improve. There is very
close agreement across the models in the error experienced
with rising zenith angle through approximately 80!. But at
very high zenith angles, the Esra, Ineichen–Perez and
REST2 models continue to climb in error, while the
remaining models fall.

For Melbourne, the performance of the models is nota-
bly varied through different zenith angles. At low zenith
angles, the low rRMSE values of the MAC, ESRA and
Solis models are notable, as is the upward progression of
error in the REST2 model with decreasing zenith angle.
For angles greater than 40!, the accuracy of the Esra and
MAC models worsens by 2–3%, the REST2 model error
falls and the Solis model remains consistent. All of the
models tested begin a steep climb in rRMSE at zenith
angles greater than 75!, reaching a peak at approximately
83! before falling sharply again.

The rRMSE scores at low zenith angle behave differ-
ently at Rockhampton, with model accuracy being quite
consistent from zenith angles of 10! through to approxi-
mately 75!, where once again the error climbs rapidly.
The Esra, REST2 and Solis models display the most accu-
rate and consistent performance in this range.

Whereas at Rockhampton it performed least well, the
Bird model performs best at Wagga Wagga. It is closely
followed by the MAC and Esra models. The REST2 model
also does well, but only for zenith angles greater than 40!.
The Ineichen–Perez model is a consistent under-performer,
with particularly poor performance in the 60–80! range.

These results are quite interesting for several reasons.
First, there is clearly significant site-to-site variation
amongst the models. Models which perform well in the
overall error analysis, have significant problems at particu-
lar times of day. The Ineichen–Perez model is an excellent
example. It has one of the best overall error results, but the
zenith bin analysis reveals that at three of the sites
(Melbourne, Rockhampton, Wagga Wagga) it consistently
underperforms for zenith angles of 60–80!. Thus, while the
overall analysis suggested the Ineichen–Perez, Solis and
REST2 models are best, this more detailed analysis sug-
gested the “best” models are Esra, Solis and REST2.

4.2. Choosing the best model

The final assessment we performed was to examine
model performance as a function of the Apparent Solar

Table 6
Evaluation of the nine clear sky global horizontal radiation models by site, with Mean Bias Error, Root Mean Square Error and the Coefficient of
Determination computed in each instance. Models are color coded according to ’poor’, ’average’, ’good’ and ’excellent’ categories, as denoted in the ’color
codes’ table (Table 6).
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Time (AST). To do so, we extracted two years worth
(726 days) of days randomly from each of the 14 sites
and computed the rMBE, rRMSE and R scores for
15 min bins of the AST. This allows the error to be ana-
lyzed in the context of solar time rather than the zenith
angle, meaning the distribution of data points in each bin
is more uniform and the sites, which have widely varying
latitudes, are placed in a more directly comparable context.
Within AST, a value of 12 is always solar noon. Values less
than 12 are in the morning, greater than 12 in the after-
noon/evening. The results are presented in Fig. 4. The
Solis model shows a positive bias for nearly all hours of
the day, while the Esra model is consistently underpredict-
ing clear sky radiation. The REST2 model over-predicts in
the early hours of the morning, but quickly approaches a
mean bias error near zero, before climbing again late in
the day. The REST2 model has the least biased

performance overall. The rRMSE scores are similar for
all three models, but the REST2 model again does best
with rRMSE scores reaching a minimum about solar noon.
For the R scores, we again observe similar performance
among all three models, with slightly better correlations
for the REST2 model.

5. Beam clear sky model validation results

Again, a total of nine clear sky models (Ineichen,
Ineichen–Perez, Bird, Molineaux, MAC, Solis, Esra,
Iqbal and REST2) were tested, this time for beam radia-
tion. Once again, we provide an analysis of the predicted
versus observed data in Fig. 5, using a random selection
of one-third of the available data from the Melbourne site.
It reveals much more varied results than those in the global
radiation analysis. First, relatively large positive biases are

Fig. 2. Predicted versus observed global radiation results for the nine global models tested at the Melbourne site (reported in kW/m2), using a random
selection of one-third of the available data. rRMSE (Root Mean Square Error) values are also reported for each of the models as a percentage.
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apparent in the Ineichen, Ineichen–Perez and Molineaux
models, with correspondingly high double digit rRMSE
scores for Ineichen and Molineaux. The MAC, Esra and
Bird models appear the most balanced in terms of their cor-
relation, while the Iqbal, REST2 and Solis models are neg-
ative biased. The overall lowest rRMSE scores were
received by the Bird, Esra and Solis models at 5.01%,
5.51% and 5.81% respectively.

The overall results are presented in Table 7. Despite the
more relaxed categories in the “excellent” through “poor”
rankings, there is a clear increase in models achieving
“poor” and “average” scores. This is attributable in part
to the overall higher mean radiation observations, which
are much higher in the case of the clear sky beam radiation
periods since the pyrheliometer tracks the sun across the
sky, recording a direct normal radiation value.

Fig. 3. Relative Root Mean Square Errors (rRMSE) from the six most proficient global clear sky models (Ineichen–Perez, Bird, MAC, Solis, Esra and
REST2) were computed for 1! zenith angle bins and plotted against the zenith angle for the Alice Springs, Melbourne, Rockhampton and Wagga Wagga
sites.
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Fig. 4. Performance measures for the three best global clear sky models, Solis, Esra and REST2 are plotted against Apparent Solar Time (AST). Models
were evaluated by Mean Bias Error (rMBE), Root Mean Square Error (rRMSE) and the Coefficient of Determination (R), using a random selection of
clear sky periods from all 14 Australian sites.
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There are four models which perform well: Esra, Bird,
Iqbal and REST2, each of which receives only 2 “average”
scores, several “excellent” and none that are “poor”. The
Esra model displays a notable advantage over the other
three models, with a majority of “excellent” scores and
none that are less than “good”. The poorest performers
are the Ineichen and Molineaux models, which are the only
beam models that do not have corresponding global or dif-
fuse counterpart. The Ineichen–Perez, Solis and MAC
models lie in between.

5.1. Detailed investigation of the 6 best models

Following the approach in Section 4.1, the six best
models (Ineichen–Perez, Bird, MAC, Esra, Iqbal and

REST2) are observed as a function of solar zenith angle
in Fig. 6. There is much more variation in model perfor-
mance among the four sites than was the case for the
global radiation models. Alice Springs, Rockhampton
and Wagga Wagga have similar results, with steady
model performance up to 60!. The Iqbal model appears
best followed by the REST2, Bird and Esra models. At
greater than 60!, model errors climb rapidly. In this
region the Esra and Iqbal models provide the most con-
sistent performance, with the Ineichen–Perez and REST2
models doing the least well. The performance of the Bird
and MAC models is less consistent. Thus, the three best
models are Iqbal, Esra and REST2, with the REST2
model chosen because of its accuracy at zenith angles
up to 60!.

Fig. 5. As in Fig. 2, but for beam radiation. Predicted versus observed radiation results for the nine beam models tested at the Melbourne site (reported in
kW/m2), using a random selection of one-third of the available data. rRMSE (relative Root Mean Square Error) values are also reported for each of the
models as a percentage.
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5.2. Choosing the best model

Once again, we extracted two years worth of days ran-
domly from each of the 14 sites, computed the rMBE,
rRMSE and R scores for 15 min bins of the Apparent
Solar Time (AST), and present the results in Fig. 7. The
growth in error as one moves out from solar noon is much
more rapid than in the global models. The Iqbal model dis-
plays a consistent positive bias, whereas the Esra model is
most often underpredicting clear sky beam radiation. Both
of these models approach a rMBE value of zero during
mid-day. The REST2 model over-predicts beam radiation
in the early/late hours of the day, before rapidly reducing
its error until it is slightly negative at solar noon. This
swing from positive to negative bias is perhaps the reason
why it displays very small bias overall in the bulk error
measures in Table 7. All three models display a very similar
pattern in rRMSE errors, with the Esra model performing
best, reaching a nadir of approximately 4% near solar
noon. Again, we observe large error values in the REST2
model in the early/later portions of the day. R scores are
particularly telling, with very poor correlations between
predicted and measured radiation near mid-day for the

Iqbal model and the Esra model having the strongest cor-
relations at all times of the day (see Table 8).

6. Conclusion

By extracting clear sky periods from the radiation time
series at 14 Australian measurement stations, we have been
able to compare and rank nine global and nine beam clear
sky models. First, bulk performance measures were calcu-
lated, by determining the overall relative Mean Bias Error,
relative Root Mean Square Error and Coefficient of
Determination for each model at each site. After classifying
their performance as “excellent”, “good”, “average” and
“poor”, we determined which models generally perform
the best/worst for each site. The six best were then subjected
to additional testing, which identified the best three as the
Solis, Esra and REST2 models. Of these, the REST2
model was found to have the lowest overall rMBE and
rRMSE scores and the highest R values, although its preci-
sion and accuracy varied strongly throughout the day.
Consequently, we conclude that the REST2 model is the
“best” model of those tested for global radiation, but that
the Esra and Solis models offer comparable, and in some

Table 7
Evaluation of the nine clear sky beam radiation models by site, with Mean Bias Error, Root Mean Square Error and the Coefficient of Determination
computed in each instance. Models are color coded according to ’poor’, ’average’, ’good’ and ’excellent’ categories, as denoted in the ’color codes’ table
(Table 7).
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cases more reliable, performance. The relative computa-
tional simplicity of the Esra model could be considered a
notable advantage. For the beam clear sky models, the same
analysis was undertaken. The three best models were Solis,
Esra and REST2. The REST2 model showed sharp swings
in model bias and accuracy throughout the day and poor
performance beyond 65! (Fig. 6). Iqbal model had very
good rMBE and rRMSE scores, but demonstrated very sig-
nificant problems with mid-day R values. This leaves the

Esra model as the clear choice for “best” beam model for
estimating clear sky beam radiation in Australia.
Summarily, the excellent performance of both the global
and beam components of the Esra model, suggest that it
should be considered the best overall clear sky modeling
approach in the Australian context, with the REST2 model
a clear second choice. These findings agree with other vali-
dation studies which have noted the proficiency of the
Esra and REST2 models (Younes and Muneer, 2007;

Fig. 6. Root Mean Square Errors (rRMSE) from six of the most proficient beam clear sky models (Ineichen–Perez, Bird, MAC, Esra, Iqbal and REST2)
were computed for 1! zenith angle bins and plotted against the zenith angle for both the Alice Springs, Melbourne, Rockhampton and Wagga Wagga sites.
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Fig. 7. As in Fig. 4, but for the three best beam clear sky models: Iqbal, Esra and REST2. Model error metrics are plotted against Apparent Solar Time
(AST). Error metrics chosen were the Mean Bias Error (rMBE), Root Mean Square Error (rRMSE) and the Coefficient of Determination (R). This figure
was built using a random selection of clear sky periods from all 14 Australian sites.

22 N.A. Engerer, F.P. Mills / Solar Energy 120 (2015) 9–24

             
                    43



Gueymard, 2012; Reno et al., 2012; Engerer and Mills,
2014). It is important to note that this testing used
sub-optimal inputs for many model parameters (e.g. nitro-
gen content is fixed, ozone depth is a climatological average,
etc.) as we believe this reflects the context within which most
of these models will be utilized. Therefore some of these
models may have performed less favorably than expected
(e.g. REST2). Future work should compare the results
herein to those which use more accurate, higher resolution
data. Of particular interest is the choice of this manuscript
to use a fixed Linke turbidity across all zenith angles. This
is likely the prime culprit behind the observed systematic
decrease in accuracy with increasing zenith angles. Finally,
we note that the beam radiation models performed worse
than the global radiation models, which suggests there
may be compensating problems in the diffuse components
of the global models for the conditions we used in our tests.
Future work should investigate these issues more fully.
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III: Minute resolution estimates of the diffuse 
fraction of global irradiance for southeastern 
Australia 

With the development of the KPV methodology, it is now possible to estimate the power 

output from unmonitored distributed PV systems.  The methodology itself has been 

demonstrated to be functional under a variety of cloud cover conditions, and the accuracy 

of the clear sky modeling input has been thoroughly tested.  However, there is a major 

outstanding question regarding the KPV methodology: namely, is it capable of achieving the 

accuracy and precision already available from alternative techniques, such as pyranometer 

based modelling routines?  Answering this question is the focus of Chapters III and IV.   

It is rather straightforward to test this research question, as most PV system modelling 

routines (including the ones used in the KPV method) are designed for incident radiation 

inputs.  However, environmental measurements of solar radiation in the plane-of-array are 

rarely available.  What is more common are global horizontal radiation measurements, 

recorded by a pyranometer.  In order to create a plane-of-array estimate of radiation from 

such measurements, both a separation and transposition model are required.  The separation 

model takes the global horizontal measurement and splits it into the beam (direct) and 

diffuse components of radiation.  The transposition model then takes the horizontal diffuse 

component and transposes it to the plane-of-array surface.  However, none of the 

separation models available in the literature were developed for sub-hourly data, and their 

suitability for use on sub-hourly data had not been fully explored.  This lack of available 

research meant that further validation of these models was required. 

For this purpose, I develop three new separation models based on data from the Australian 

Bureau of Meteorology’s radiation monitoring sites, while also validating the performance 

of nine hourly separation models for minute resolution data.  Furthermore, I specifically 

analyse the ability of these models to handle cloud enhancement events and  
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clear sky conditions.  The result is the first full validation of separation models on sub-

hourly data, as well as two new separation models that can be used operationally.  One of 

these is designed for use under clear sky conditions only, and the other for all-sky 

conditions. 
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Abstract

Separating global horizontal irradiance measurements into direct and diffuse components has been vigorously discussed over the past
half-century of solar radiation research leading to the creation of many models which attempt to compute these components with varying
degrees of success. However, over the course of this discussion, nearly all studies have focused on hourly values, with no studies that have
proposed a model for minute-level values of irradiance. As data-logging technologies have become much more prolific and their storage
capabilities much larger, solar radiation monitoring sites are more commonly logging data at intervals much less than one hour, but no
models exists that are designed to separate these measurements into direct and diffuse components. In Australia, the Australian Bureau
of Meteorology and the Australian Solar Institute have compiled a dataset of tens of millions of one-minute global, direct and diffuse
solar irradiance observations, comprising data from regions all around Australia. This dataset provides a unique opportunity to
investigate the relationships between global irradiance and its direct and diffuse components at higher resolution than has previously
been possible. Herein, the largest and most complete diffuse fraction model analysis yet undertaken for Australian solar radiation data,
and the first ever to focus on minute resolution data is reported. Nine of the most prominent diffuse fraction, or “separation”, models are
tested against minute resolution radiation data from three datasets. The first removed cloud enhancement events in accordance with
practices undertaken by the majority of studies in the literature. The second retains these events in order to assess which model would
be best suited for operational purposes. The third consisted of only clear sky observations, in order to assess the performance of diffuse
fraction models under clear skies. Through the course of this study only the Perez model was found to perform satisfactorily for minute
resolution data at sites in southeastern Australia. Three new diffuse models proposed in this study, one trained for each of the three data-
sets, were found to greatly exceed the performance of existing modeling techniques, with slight improvements over the Perez model.
! 2015 Elsevier Ltd. All rights reserved.

Keywords: Solar radiation; Diffuse fraction; Radiation model; Cloud enhancement; Validation; DNI

1. Introduction

The most common broadband solar irradiance measure-
ment is global horizontal irradiance (Egh). This

measurement records all of the solar radiation impinging
on a horizontal surface as received from the skyward hemi-
sphere, thereby including both beam (direct) radiation,
which is received directly from the sun, as well as diffuse
radiation, that which is scattered and reflected by atmo-
spheric constituents and neighboring surfaces. Most often,
the horizontal beam component is referred to in its normal
component form (Ebn) also commonly entitled direct
normal irradiance (DNI), whereas the diffuse radiation is
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only referred to in its horizontal form (Edh). Combining
these components gives the fundamental closure equation
for global horizontal irradiance, denoted as:

Egh ¼ Ebn " cosðhzÞ þ Edh ð1Þ

where hz is the solar zenith angle.
Although both of these components are included in the

Egh measurement, they must be handled separately in the
modeling of solar energy applications. For example, con-
centrating solar power technologies that require reflection
of solar radiation to a central receiver, such as those in
the parabolic troughs or single tower designs, are primarily
concerned with the beam component of radiation (e.g.
Hinkley et al., 2013). In solar photovoltaic (PV) technolo-
gies, which are most often tilted, the radiation arriving on a
non-horizontal surface cannot be determined accurately
without explicit knowledge of the beam and diffuse compo-
nents of radiation available, as they are modeled differently
(e.g. Reindl et al., 1990b). These components must also be
separated in studies sensitive to photosynthesis (Spitters
et al., 1986) and in the design of buildings (Lam and Li,
1996), which serves to further highlight their importance.

However, directly measuring beam and diffuse compo-
nents of radiation is quite costly. Beam radiation measure-
ments are taken by a pyrheliometer device that is mounted
on a sun tracker so that it can be directly pointed at the solar
disc. Diffuse radiation measurements are either taken by a
pyranometer fitted with a shadowball device mounted atop
a sun tracker unit, or by a shadowband. These devices are
expensive as they require sensitive equipment, are fitted atop
moving parts and require routine maintenance, cleaning
and cross-calibration (Stoffel and Reda, 2008). Such sites
can easily cost over $30 K USD to install. In comparison,
research grade pyranometers are cheap ($1–5 K USD),
and are fixed with no moving parts, thus requiring much less
maintenance with a complete installation with data logger
easily costing less than $5–10 K USD. For these reasons,
horizontally mounted pyranometers have become a
standard radiation measurement, and Egh the most readily
available type of standardized solar radiation data globally.

Yet, as previously mentioned, knowledge of the beam
and diffuse components of radiation are often required.
Thus, a great deal of scientific literature in the field has
been focused on creating models which can separate Egh

observations into their horizontal beam (Ebh) and horizon-
tal diffuse components. Therefore, it is appropriate to begin
with a review of such approaches, which are referred to
interchangeably in the literature as decomposition or
separation models. This study will adopt the latter
terminology for the duration of this work and will focus
on a diffuse fraction (Kd) modeling validation.

1.1. Review of available models

Here, the breakdown proposed by Lanini et al. (2010) is
adopted, introducing the Kd models in three foundational
categories: polynomial, exponential and logistic.

1.1.1. Polynomial models
The majority of Kd models operate by breaking up the

relationship between Kd and the clearness index (Kt) into
fitted polynomials in a piece-wise fashion. This approach
stemmed from the relationship between Kd and Kt first
discussed by Liu and Jordan (1960) who investigated the
relationship between global and diffuse irradiance at daily
intervals in Blue Hill, Massachusetts. Using this relation-
ship as applied to hourly data recorded in Canada, Orgill
and Hollands (1977) first suggested modeling Kd with a
piece-wise function in terms of Kt. This approach was fur-
ther refined by Erbs et al. (1982) for locations in the United
States. Each of them requiring only Kt as an input. For the
purposes of clarity, note that Kd and Kt are defined as:

Kd ¼
Edh

Egh
ð2Þ

Kt ¼
Egh

Eexth

ð3Þ

where Eexth is the horizontal component of extraterrestrial
radiation

However, later research studies noted that these models
did not accurately represent the spread in the Kd for given
values of Kt (e.g. see Fig. 4), and thus they began to include
additional variables. Skartveit and Olseth (1987), Bugler
(1977) and Iqbal (1980) incorporated the solar altitude
(a) in order to accommodate the shift in the distribution
of Kd values that occurs throughout a given day. Later,
Reindl et al. (1990a) added ambient temperature and
relative humidity as predictors in his Kd model in addition
to the solar altitude. Both of these modifications tended to
increase the accuracy of hourly Kd estimates.

Building on these works, numerous other polynomial
based relationships have been generated for unique regions
around the world including: Cordoba, Spain (Posadillo
and López Luque, 2009); the Northern Mediterranean
(De Miguel et al., 2001); Athens, Greece (Karatasou,
2003); India (Chandrasekaran and Kumar, 1994);
Singapore (Hawlader, 1984); and Sao Paulo, Brazil
(Oliveira et al., 2002). However, as these models are less
well-known and have not been widely validated, they will
not be described in further detail herein.

1.1.2. Exponential models
There are two models that complete the separation

through estimation of Ebn first, rather than directly estimat-
ing Kd as in the polynomial models. The seminal work in
this area was completed by Maxwell (1987) in the well-
known DISC model (Direct Insolation Simulation Code),
with a follow-on study extending this work completed by
Perez et al. (1992). The considered approach was based on
the Bird clear sky model (Bird and Hulstrom, 1981),
wherein the deviation from the modeled clear sky Kt was
modeled by an exponential fit according to air mass (AM).
The DISC model required only Kt; hz and AM as inputs.
Perez et al. (1992) added to this conceptual framework by
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including a stability parameter, which represented the vari-
ability in the Kt time series, and an estimate of precipitable
water content (W). Perez et al. (1992) actually proposed two
models, the first of which was a correction to the Maxwell
model and the second, a simple mathematical model that
allowed the conversion of global to direct beam radiation
via Kasten’s pyrheliometric formula (Kasten, 1980). Both
are based on look-up tables that are broken into bins by
input parameter. The Perez model is a widely used and
important model, as such, it is included in this validation
study.

1.1.3. Logistic models
The conceptual framework for use of the logistic model

in Kd estimation was developed by Boland et al. (2001) and
is of particular interest to this study as it forms the basis of
the current proposed minute resolution model. In their
study, the authors proposed two models, one for the
estimation of hourly Kd and the other for 15 min resolution
data, developed using data from Geelong, Australia. This
study represents an important step towards sub-hourly
Kd models, as it was the first to provide such estimates.
The choice of the logistic function was motivated by a
desire to remove the piece-wise estimations of the standard
approaches. It was also the first study to use apparent solar
time (AST) as a predictor variable, noting that the relation-
ship between Kd and Kt was in fact asymmetrical about
solar noon, thus suggesting that hz (or alternatively solar
altitude) would not accurately represent this.

This initial work has been expanded upon in two addi-
tional studies, both of which focused on hourly data
(Boland et al., 2008; Ridley et al., 2010). The first is a
generalized version of the logistic function that was depen-
dent only on Kt. The second, more recent study, developed
what is commonly referred to as the BRL (Boland–Ridley–
Lauret) model, included a total of five predictors:
Kt; a; AST , a mean daily value of Kt ( !Kt) and a stability
index (MKt). By including the additional predictors, the
BRL model was able to better predict the spread in hourly
data than its predecessors. After preliminary testing, the
generalized version (Boland et al., 2008) was found to have
the best performance for minute resolution data, and thus
is the form extensively tested herein.

Ruiz-Arias et al. (2010) also used a special form of the
logistic function and, after extensive review of radiation
from 21 stations from Europe and North America, estab-
lished a single parameter sigmoid function to calculate
the Kd . They chose to exclude all extra predictor variables
in pursuit of a model which did not require exogenous
data, basing their formulation on Kt and AM only. The
model is validated in the present study and is presented
in Section 2.5.

1.2. Previous validation studies

To date, there have been many studies which validate
the performance of the available Kd models. Most of these

validations have occurred within studies suggesting new
models, much like the present study. Datasets are often
region-specific, but several more recent studies have incor-
porated a worldwide database for model validation (e.g.
Lanini et al., 2010). The present review is best suited by
dividing these studies into two groups; those that investi-
gate model performance for hourly averages of data and
those that use sub-hourly data.

When exclusively considering hourly dataset validation,
the earliest validation study is that undertaken by J.W.
Spencer, who validated the performance of the Bugler
(1977), Liu and Jordan (1960) and Boes (1979) models
using radiation data from 12 sites in Australia (Spencer,
1982). A decade on, Perez et al. (1992) validated three mod-
els (Randall and Whitson, 1977; Maxwell, 1987; Erbs et al.,
1982) while developing a new parameterized model using
data from 18 sites in North America and Europe. They
found their new model outperformed existing models, with
the Maxwell model being next most accurate, followed by
the Erbs model. Worth noting are the comments specific
to the overestimations produced by the Maxwell model
under clear, but unstable conditions. In Muneer and
Munawwar (2006), hourly averages of data from nine sta-
tions, located in Europe, India and Japan, were used to test
and validate nine different models which contained varia-
tions of available weather and solar geometry variables.
They found that the most effective modeling technique
would incorporate the ratio of bright sunshine hours to
day length, cloud cover fraction, and AM in addition to
Kt. Jacovides et al. (2006) provided a very comprehensive
validation of 10 models (Chandrasekaran and Kumar,
1994; De Miguel et al., 2001; Erbs et al., 1982; Hawlader,
1984; Karatasou, 2003; Lam and Li, 1996; Louche et al.,
1991; Maxwell, 1987; Oliveira et al., 2002; Orgill and
Hollands, 1977; Reindl et al., 1990b; Skartveit and
Olseth, 1987; Soares et al., 2004; Vignola and McDaniels,
1986) on a single site dataset from Cyprus, but the study
did not clearly rank the models in terms of their relative
performance. In the development of their model, Ridley
et al. (2010) also validated three models (Reindl et al.,
1990b; Skartveit and Olseth, 1987; Perez et al., 1992) on
data from both the Northern and Southern Hemispheres,
finding the Skartveit model the next most proficient after
their own. The most recent study from Dervishi and
Mahdavi (2012) tested the ability of nine Kd models to cor-
rectly resolve the diffuse component on hourly data
recorded in Vienna. Of the models validated (Louche
et al., 1991; Erbs et al., 1982; Lam and Li, 1996;
Maxwell, 1987; Orgill and Hollands, 1977; Skartveit and
Olseth, 1987; Reindl et al., 1990b; Vignola and
McDaniels, 1986), there were three that were selected to
have superior performance: the Erbs, Reindl and Orgill
and Hollands models (RMSE of approximately 40 W/m2).

Presently, there are four studies that have looked at the
application of available models to both hourly and
sub-hourly data. Boland et al. (2001) developed a 15 min
resolution model, but did not test it against any other
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models. Ineichen (2008) validated three models (Skartveit
and Olseth, 1987; Erbs et al., 1982; Perez et al., 1992) on
5, 10, 15, 30 and 60 min averages of data collected from
22 sites in the United States, Europe and the Marshall
Islands. For hourly data, the three models were concluded
to have very similar precision (RMSE of 85–90 W/m2),
with a slightly better overall performance delivered by the
DirIndex model (Perez et al., 1992). On the sub-hourly
data, it was suggested that hourly models could be used
without losing much accuracy, but a specific value range
of this loss was not given. Lanini et al. (2010) tested four
models (Skartveit and Olseth, 1987; Reindl et al., 1990b;
Maxwell, 1987; Ridley et al., 2010) using hourly averages
of data from 39 sites, discovering that the Skartveit model
performed best. Additionally, a very simple validation with
sub-hourly data was undertaken at a single site in Payerne,
Switzerland, including some analysis of minute resolution
solar radiation data. The study found that model estimates
at sub-hourly time intervals have larger errors than hourly
ones with Mean Bias Error and Mean Absolute Error (see
Section 5) losing 1.8–3.6% and 7.6–10.1% of their accuracy,
respectively, as time resolutions increased from hourly to
minute resolution. Finally, (Gueymard, 2010), validated
18 different separation methods with data from four U.S.
sites (1-min and 3-min data). However, this study was
not able to identify a model that performed well consis-
tently under all-sky conditions, which provides clear
motivation for future studies of this nature.

1.3. Motivation

The first major motivation for the present study is to
further investigate the ability of currently available Kd

models to make minute resolution estimates of the diffuse
fraction and propose a new model specifically designed to
do so. Although both Ineichen (2008) and Lanini et al.
(2010) have briefly commented on 5-min and 1-min
resolution estimates, only (Gueymard, 2010) has under-
taken validation at such resolutions, and as previously
mentioned, was unable to select a consistently proficient
model. Further exploration and validation at these high
resolutions are becoming increasingly necessary, as data
storage technologies fall in cost and more frequent obser-
vations become much more plentiful. It is unknown
whether the presently available suite of hourly models will
provide satisfactory methods for differentiating beam from
diffuse radiation at finer resolutions. For this reason, a
detailed study using data from southeastern Australia is
undertaken to investigate the capability of nine (see
Section 2) of the most frequently used Kd models on minute
resolution data from the region.

The second motivation is to provide a new Kd model
framework that explicitly accounts for the upward climb
in the diffuse fraction for Kt values greater than 0.8.
Whereas a few studies have previously discussed this phe-
nomena (e.g. Orgill and Hollands, 1977), only one has
directly attempted to model it (Vazquez et al., 1991).

Vazquez was the first to attribute this to “unshaded sun
periods during partly cloudy conditions” rather than to dis-
miss it as anomalous and even attempted to model this
region as a straight line based on the difference between
Kt and Kd using hourly and monthly data. The present
study has found the source of this increase in Kd to be
attributed to cases in which global irradiance exceeds its
theoretical clear sky value. This can occur due to reflection
from the sides of clouds or in cases where a thin high-level
cloud deck scatters at high intensity while permitting some
beam radiation to still penetrate it. Such occurrences have
been termed elsewhere in the literature as “cloud enhance-
ment” events (Chow et al., 2011; Cazorla et al., 2008;
Luoma et al., 2012). In studies related to Kd models, cloud
enhancement was first observed and commented on by
Orgill and Hollands (1977), who correctly attributed the
increases in Kd above a Kt value of 0.8 to reflected beam
radiation from clouds. That this trend was observable in
their hourly dataset, and that these events occur in periods
of bright sunshine, suggest that large negative biases are
likely in real-world applications of these models (see
Lanini et al., 2010). However, all of the models (save the
one proposed by Vazquez et al. (1991)) thus far developed
(Orgill and Hollands, 1977; Erbs et al., 1982; Ridley et al.,
2010; Boland et al., 2008; Ruiz-Arias et al., 2010; Reindl
et al., 1990b) have either left these events out of their mod-
els fits, or set a fixed value for this region. Such choices are
most easily attributable to the relative rarity of cloud
enhancement events at the hourly time scale, thereby mean-
ing that the previous suite of hourly models were never
intended to model them. However, these events become
increasingly frequent and therefore important to model,
as the time resolution of the data averaging approaches
zero. So, while these may be considered a second-order
effect at hourly resolutions, for sub-hourly ones the impor-
tance of modeling these events is readily apparent. It is
therefore worthwhile to assess the errors incurred by these
models by this omission.

A third motivation is the assessment of Kd model perfor-
mance under clear skies. Diffuse irradiance can be very
broadly broken into three major sources – cloud cover,
the scattering and reflectance of the rest of the atmosphere
and by surrounding surfaces. By selecting periods during
which only clear skies are present, the behavior of Kd

models in the absence of clouds may be investigated. The
available diffuse fraction during these periods is important
in many applications, for example, solar energy resource
assessments (Reno et al., 2012) or clear sky photovoltaic
array simulations (Engerer and Mills, 2014). There has pre-
viously been limited validation work on clear-sky only
datasets, such as in Gueymard (2010) and in Gueymard
(2009), which have demonstrated that the best model for
all-sky and clear-sky conditions cannot be assumed to be
the same.

In order to properly validate existing models and
develop new models suited to the purposes described, this
study is completed using three separate minute resolution
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datasets. The first is a traditional dataset in which the cloud
enhancements events are removed, the second retains them,
and the third keeps only clear sky periods. The origin, qual-
ity control and selection of these datasets are detailed fur-
ther in Section 3 and the development of the new models
(Engerer 1, 2 and 3) are described in Section 4.

2. Separation models tested

In an effort to validate the performance of existing Kd

models on minute resolution data in southeastern
Australia, this study will test nine different approaches.

2.1. Orgill and Hollands

Orgill and Hollands (1977) developed a piece-wise fitted
polynomial from four years of data recorded at the
Toronto Airport, comprising 12,704 hourly measurements.
The independent variable for their polynomial function
was the classical form of the clearness index
Kt ¼ Egh=Eexth , where Eexth is the horizontal component of
extraterrestrial radiation. Their model for the Kd took the
following form:

Kd ¼1:557" 1:84 # Kt

0:35 6 Kt 6 0:75
ð4Þ

Kd ¼1:0" 0:249 # Kt

0 6 Kt < 0:35
ð5Þ

Kd ¼0:177

Kt > 0:75
ð6Þ

As a follow-on to this model, Spencer (1982) re-fit the
Orgill and Hollands approach to 12 sites in Australia,
including four of the sites considered herein: Melbourne,
Mildura, Mt. Gambier and Wagga Wagga. This is of
course quite relevant to the present study and thus these
modifications to the Orgill and Hollands model will also
be validated according to each site. For the two additional
stations, Adelaide and Cape Grim, the mean model coeffi-
cient values proposed by Spencer will be used.

2.2. Erbs

Noting regional differences and disagreements between
existing Kd models, Erbs et al. (1982) built his own Kd

piece-wise polynomial model using global and diffuse
radiation measurements from five climatologically diverse
sites across the United States. Once again, the independent
variable is Kt, but in this case, a fourth order polynomial
was used to better fit the transitions between the three
equations. The Erbs model takes the following form:

Kd ¼1:0" 0:09 # Kt

Kt 6 0:22
ð7Þ

Kd ¼0:9511" 0:1604 # Kt þ 4:388 # K2
t " 16:638 # K3

t

þ 12:336 # K4
t

0:22 < Kt 6 0:80

ð8Þ

Kd ¼ 0:165

Kt > 0:80
ð9Þ

2.3. Reindl

Reindl et al. (1990b) incorporated ambient temperature
and relative humidity as independent variables, while keep-
ing the three part piece-wise function form originally pro-
posed by Orgill and Hollands:

Kd ¼1:0" 0:232 # Kt þ 0:0239 # cosðhzÞ " 0:000682 # T a

þ 0:0195 # RH

0 6 Kt 6 0:3 for Kd 6 1:0

ð10Þ

Kd ¼1:329" 1:716 # Kt þ 0:267 # cosðhzÞ " 0:00357 # T a

þ 0:106 # RH

0:3 < Kt 6 0:78 for Kd P 0:1

ð11Þ

Kd ¼0:426 # Kt " 0:256 # cosðhzÞ þ 0:00349 # T a

þ 0:0734 # RH

0:78 6 Kt Kd P 0:1

ð12Þ

2.4. Skartveit

The Kd model outlined by Skartveit and Olseth (1987)
includes a as an input variable. The formulation varies
between the three Kt ranges.

Kd ¼ 1

Kt < 0:2
ð13Þ

f ðKtÞ ¼ 1" ð1" d1Þ # ð0:27 #
ffiffiffiffi
Q

p
þ 0:73 # Q2Þ ð14Þ

Q ¼ 0:5 # 1þ sin p # Kt " 0:2

k1 " 0:2
" 0:5

" #" #" #
ð15Þ

Kd ¼ f ðKtÞ for 0:2 < Kt < 1:09 # k1 ð16Þ

Kd ¼f ðKtÞ
0:2# < Kt < 1:09 # k1

ð17Þ

Kd ¼1" 1:09 # k1 # ð1" f ð1:09 # k1ÞÞ=Kt

1:09 # k1 < Kt
ð18Þ

k1 ¼ 0:87" 0:56 # expð"0:06 # aÞ ð19Þ
d1 ¼ 0:15þ 0:43 # expð"0:06 # aÞ ð20Þ

2.5. Maxwell

The Maxwell model fits the deviations from clear sky
values of transmittance of beam radiation as computed
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by the Bird clear sky model (Bird and Hulstrom, 1981)
using AM as the primary input parameter. It first calculates
a clear sky clearness index Knc:

Knc ¼ 0:866" 0:122 # AM þ 0:0121 # AM2

" 0:000653 # AM3 þ 0:000014 # AM4 ð21Þ

The direct beam transmittance is then computed as:

Kn ¼ Knc " MKn ð22Þ

where MKn represents the deviation from Knc and is:

MKn ¼ aþ b # expðc # AMÞ ð23Þ

and a, b, c are polynomial functions dependent on the clas-
sical clearness index Kt.

With the transmittance estimate computed, the direct
beam component is then calculated from the extraterres-
trial normal radiation component:

Ebn ¼ Eextn # Kn ð24Þ

2.6. Perez

The Perez model utilizes a unique approach based on
look-up tables for the transmittance index X. The input
variables include the a zenith angle independent clearness
index K 0t, a variability index of K 0t as DK 0t, precipitable water
W and the solar zenith angle hz. These four variables are
used to retrieve a value for the transmittance index, which
then is used to estimate the beam radiation via the Maxwell
model (denoted DISC, see previous Section 2.5):

Ebn ¼ EbnDISC # X ðK 0t; hz;W ;DK 0tÞ ð25Þ

where DK 0t is calculated by:

DK 0t ¼ 0:5 # ðjK 0ti
" K 0tiþ1

jþ jK 0ti " K 0ti"1
jÞ ð26Þ

in which i denotes the current time-step, and i + 1 and
i " 1 the following and previous one, respectively.

2.7. Boland

The generalized version of the logistic function devel-
oped in Boland et al. (2008) takes the form:

Kd ¼ 1=ð1þ expð"5:00þ 8:60 # KtÞÞ ð27Þ

2.8. Ruiz-Arias

The third model from Ruiz-Arias et al. (2010) is tested.
It uses a quadratic dependency on Kt and AM:

Kd ¼ 0:944" 1:538 # expð"ðexpð2:808" 5:759 # Kt

þ 2:276 # K2
t þ 0:125 # AM þ 0:013 # AM2ÞÞÞ ð28Þ

with the coefficients here being those from their global
model (G2) with corrected coefficients as listed in Table 4
in the 2010 publication.

3. Data

The data used for model validation in this study were
obtained from the Australian Bureau of Meteorology’s
(BoM) 1-min radiation dataset (http://reg.bom.gov.au/cli-
mate/reg/oneminsolar/index.shtml), which have recently
been made available via support from the Australian
Solar Institute (now part of the Australian Renewable
ENergy Agency – ARENA). Each site undergoes regular
calibration according to research level standards (Forgan,
1996). Ebn measurements are recorded using Kipp &
Zonen CH1 pyrheliometers. Global and diffuse horizontal
measurements are recorded using Kipp & Zonen CM11
pyranometers, with a shadow ball affixed to a sun tracking
unit in the latter case. In the case of the Mt. Gambier site, a
Carter Scott Mk1 pyranometer was used for the earlier
portion of the dataset (through March 2006).
Additionally, at Cape Grim a Carter Scott DN5 pyrhe-
liometer was in operation from March 2005 through
April 2006. No empirical corrections were included for this
portion of the dataset. These sites, their station number,
altitude, location and modified koppen climate classifica-
tion (Peel et al., 2007) are tabulated in Table 1.

3.1. Quality control

First, in accordance with BoM guidance on the provided
radiation data, accepted measurements were constrained to
no more than 3% or 15 W/m2 of uncertainty, whichever
was greater (uncertainty measures are provided for each
measurement in the dataset). Next, in order to test these
data more rigorously, the quality control (QC) methodol-
ogy of the QCrad routine (Long and Shi, 2006) was applied
to the dataset before analysis. This methodology is suitable
for 1-min resolution data, and has become the standard
quality control routine for the U.S. Atmospheric
Radiation Monitoring (ARM) program. Only the

Table 1
Information about the data provided by the six Bureau of Meteorology
stations in southeastern Australia.

Site name Adelaide Cape Grim Melbourne

Station # 23,034 91,148 86,282
Elevation (m) 2 95 113
Latitude "34.95 "40.68 "37.66
Longitude 138.52 144.69 144.83
Data start March 2003 January 2001 January 2001
Data end December 2011 December 2011 December 2011
Climate CSb Cfb Cfb

Mildura Mt. Gambier Wagga

Station # 76,031 26,021 72,150
Elevation (m) 50 63 212
Latitude "34.24 "37.75 "35.16
Longitude 142.09 140.77 147.46
Data start January 2001 January 2001 January 2001
Data end December 2005 February 2006 December 2011
Climate BSk CSb Cfa
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shortwave (SW dn) routines were applied, as this is the only
category of data tested in this study. As there were several
different locations at which radiation data were collected,
the configurable climatological tests were carried out with
respect to the observed climatological limits of each region.
This includes setting a maximum value of radiation based
on the observed at each site. Long and Shi (2006) provide
values as computed from U.S. datasets, but do not offer
any explanation at how they were obtained. As it is unli-
kely these are representative of radiation conditions in
southeastern Australia, these limits were determined herein
by limiting the maximum value of each component of
radiation to within a conservative 3 standard deviations
above the mean observed radiation value. An example of
the results from the QCrad routine using data from
Adelaide in 2011 is presented in Fig. 1. These images repro-
duce Figs. 4 and 5 from Long and Shi (2006).

Finally there were a few additional constraints placed on
the data based on observations of the data retained after
the QCrad procedure. These were based on Kd and Kt

values. Kd values less than 0 and greater than 1 were
removed, as the diffuse fraction values exceeding the global
horizontal measurement are highly suspect and their reten-
tion introduces unnecessary uncertainty into the model
validation results. The Kt lower limit was set to zero, with
the upper limit dependent on the dataset under considera-
tion (next Section 3.2). For the dataset removing cloud-en-
hancement events, a value of 1 was set as the maximum
allowable Kt. In the dataset retaining cloud-enhancement
events, a value of 1.5 was set, as this was the maximum
observed value of a cloud-enhancement event for zenith
angles less than 75!. This zenith angle threshold was chosen
to be consistent with those used in the QCrad routine.

3.2. Dataset creation

In accordance with the experimental procedures out-
lined in Section 4, the radiation dataset is split into three
categories. In each instance the QCrad routine was

followed in accordance to the process described in the pre-
vious section, with the additional constraints then applied.

The first dataset is termed the Non-Cloud Enhancement
dataset (NCE). It has all periods of cloud enhancement
removed by omitting all instances where Egh exceeds the
theoretical clear-sky value. Herein, the clear sky value
was determined by the REST2 model (Gueymard, 2008)
as simulated based on the work outlined in Engerer and
Mills (2015).

The second is termed the Cloud Enhancement dataset
(CE). In this dataset, the constraint based on the clear-
sky model was removed, with all values of Egh retained.

In the third dataset, only clear sky periods were
retained. In order to construct this dataset, the NCE data-
set was subject to another step of post-processing to extract
clear sky periods. These were detected using the approach
suggested by Reno et al. (2012) as applied to observed val-
ues of Egh. This algorithm uses the line length, slope and
variability of a provided clear-sky curve to identify periods
of observed data that are cloud-free. Further details on this
approach can be found in Engerer and Mills (2015).

An example of the results from these QC measures for
Kd at Adelaide in 2011 is presented in Fig. 2. After QC pro-
cessing was complete, the data were then available for
model development and validation.

4. Development of new models

As a result of the validation study undertaken in
Section 5, it was found that hourly Kd models were unsuit-
able for minute resolution data in southeastern Australia,
particularly in cases where cloud enhancement events are
retained. As a result, three new models were developed in
this study for each of the respective datasets. The first,
Engerer 1, is fit to the NCE dataset, the second, Engerer
2, is fit to the CE dataset and the third, Engerer 3, to clear
sky data only. Citing the success of previous studies using
the approach (Boland et al., 2008; Ridley et al., 2010), a

Fig. 1. Two QCrad tests (Long and Shi, 2006) as applied to a random selection of data from Adelaide in 2011. At left, the ratio between the observed
global horizontal radiation and the sum of the diffuse and beam components is shown. Red points represent the raw data, black the filtered data and the
blue lines the limits. The figure at right utilizes the same format, but instead displays the calculated diffuse fraction Kd . These figures utilize the same styling
as Figs. 4 and 5 from Long and Shi (2006). (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of
this article.)
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simplified version of the generalized logistic function was
used for model development:

Y ðxÞ ¼ C þ ðA% CÞ=ð1þ b0 & expðb1 þ b2 & xÞÞ ð29Þ

where C is the value of the lower asymptote, A the value of
the upper asymptote, x the independent variable and the
coefficients b0; b1; b2 are determined by regression.

However, several key differences exist between the pre-
vious studies which have used this approach and the pre-
sent study. The first is in the location of the lower
asymptote. In the previous studies, the parameter that sets
this value was either omitted or fit to a value of zero at
Kt ¼ 1. However, Kd will in no case have a value of zero
during daylight periods. Even under the clearest, driest
conditions, diffuse radiation will still be present due to scat-
tering from atmospheric molecules and aerosols (Kasten,
1980). For this reason, the C parameter is retained in the
regression.

The second major difference is the novel selection of the
predictor variables. First and foremost, the relationship
between Kd and Kt is included, as was first proposed in
the seminal work done by Liu and Jordan (1960). Next,
the hz is chosen as a predictor, based on the important
relationship between hz and Kd first suggested in
Skartveit and Olseth (1987), which has been further empha-
sized in subsequent studies. Additionally, AST is used as
the third predictor variable in order to include asymmetries
in the Kd about noon (Boland et al., 2001; Ridley et al.,
2010).

To further improve the model performance, a new vari-
able is incorporated, MKtc, which represents the deviation

of the observed Kt value from the clear sky value of the
clearness index Ktc:

MKtc ¼ Ktc % Kt ð30Þ

The choice of this additional variable was motivated by
two major factors. First, by the success of the “quasi-
physical” DISC model (Maxwell, 1987), which is apparent
in Section 5. It is referred to as quasi-physical because it

Fig. 2. Minute resolution radiation data from Adelaide in 2011. Grey points include the raw observed data, with the remaining data after the QCrad
routine in blue. At left, cloud enhancement events are removed by omitting all Egh values that exceed the clear-sky estimate from the REST2 model. In the
second case, at right, the cloud enhancements are retained. (For interpretation of the references to colour in this figure legend, the reader is referred to the
web version of this article.)

Fig. 3. MKtc is plotted against Kd . For data from Adelaide in 2011. Grey
points represent calculations for all of the data (in both NCE and CE
datasets) while the black shows the additional data present when cloud
enhancements are retained. There is a strong linear relationship between
these two variables. This relationship reverses sharply for MKtc which are
less than zero, where Kd values start increasing as cloud enhancement
events increase in intensity.
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directly utilizes the Bird model (Bird and Hulstrom, 1981)
to estimate beam radiation under clear skies before creat-
ing a fit to the deviation between observed and modeled
clear sky beam radiation. This approach allows the DISC
model to respond directly to cloud enhancement events
(e.g. Fig. 8). By using the proposed formulation of MKtc,
the newly developed models can also be considered
‘quasi-physical’ and are directly provided information
regarding cloud enhancement events as the value of MKtc

becomes negative in cases where Ktc < Kt.

Table 2
Coefficients for the three Engerer models. Engerer 1 is fit to the NCE
dataset, Engerer 2 the CE dataset and Engerer 3 the clear sky only data
set.

Engerer 1 Engerer 2 Engerer 3

C 0.1527 4.2336E!2 0.1090
b0 !4.1092 !3.7912 !2.0506E!2
b1 6.1661 7.5479 8.1249
b2 !2.2304E!3 !1.0036E!2 !3.6234E!2
b3 1.1026E!2 3.1480E!3 !4.1397E!2
b4 !4.3314 !5.3146 !5.1045
b5 – 1.7073 –

Fig. 4. Kd versus Kt plots for all ten Kd models. In each plot, grey points represent the post QC data as recorded at Adelaide in 2011 with cloud
enhancement events removed. The model estimates are shown in blue. (For interpretation of the references to colour in this figure legend, the reader is
referred to the web version of this article.)
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The second major motivating factor is the strong
relationship between the deviation from clear sky and the
diffuse irradiance. This relationship is shown in Fig. 3,
where MKtc is plotted against Kd for both cloud enhanced
and non-enhanced data. In the first (NCE) plot, as MKtc

grows, there is a clearly defined linear response in the
increase of the Kd . When cloud enhancement events are
retained, in the second plot, the opposite becomes true.
Once below zero, as MKtc falls, there is a corresponding
increase in Kd in response to cloud enhancement events.

In this study, Ktc is computed by the REST2 clear sky
model (Gueymard, 2008). The choice of the REST2 was

based on the superior performance of the model in predict-
ing clear sky global irradiance for sites in southeastern
Australia (Engerer and Mills, 2015). In the case of this
paper, the required information regarding atmospheric
constituents (e.g. aerosol optical depth or stratospheric
ozone content) was estimated using the SoDA database
(Rigollier et al., 2001) and surface weather observations
were taken from the automated weather stations co-located
with the radiation sites.

By incorporating the additional MKtc variable, along
with Kt, the final form of the first model fit to the NCE data
set is:

Fig. 5. Predicted versus observed values of Kd for each of the ten models as computed for 2011 data from Adelaide. Also included is the coefficient of
determination as R.
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Kd ¼ C þ ð1$ CÞ=ð1þ expðb0 þ b1 & Kt þ b2 & AST

þ b3 & hz þ b4 & MKtcÞÞ ð31Þ

Using combined observations from all sites, the coeffi-
cients for a “global” model were determined by non-linear
least squares regression on a random selection of approxi-
mately 50% the post QC data. The resulting coefficients are
presented in Table 2, and the model’s performance is fully
evaluated using the remaining 50% of data in Section 5.1.

4.1. Cloud enhanced

In order to create a true “all-sky” model for minute-level
data, the influences of cloud enhancements must be fully
considered. The primary usefulness of the aforementioned
Engerer 1 model structure is as an interim means to arrive
at a model which correctly captures the increase in Kd

caused by cloud enhancement events. Some modifications
to the Engerer 1 model are required to accomplish this.
Since the generalized logistic function is a sigmoid func-
tion, it will not rebound from its lower asymptote under
any condition imposed within that functional framework.
Thus, in order to create a model which was able to intro-
duce compensatory effects, a linear correction was added
to the sigmoid via a new variable, Kde.

Kde is the portion of the Kd that is attributable to cloud
enhancement events and is defined by:

Kde ¼ MAX 0; 1$ Eghc

Egh

! "
ð32Þ

where Eghc is the clear sky global horizontal radiation esti-
mate from the REST2 model.

By adding this variable as a linear correction, the Kd

model for the CE dataset, named Engerer 2, is:

Kd ¼ C þ ð1$ CÞ=ð1þ expðb0 þ b1 & Kt þ b2 & AST

þ b3 & hz þ b4 & MKtcÞÞ þ b5 & Kde ð33Þ

After incorporating this extra variable, the model was
again fit by a least squares regression to the post QC data
from each of the six sites using a random sample of
approximately 50% of the post QC data. These coefficients
are presented in Table 2. The model is fully evaluated using
the remaining 50% of the data in Section 5.2.

4.2. Clear-sky formulation

In order to directly accommodate circumstances in
which clear sky periods are of particular interest, the
Engerer 1 model was also refit to the data from the
extracted clear sky periods. The coefficients for the
Engerer 3 model are presented in Table 2.

5. Model validation

The origin of error in separation modeling is threefold.
First, there is error caused by structure of a given model

and its respective ability to model the observed radiation
components. Second, there is error which arises from local-
ization of the model coefficients, which often show up as
model bias. Finally, there is, of course, error in the model
inputs. Thus, in order to properly evaluate the performance
of these models and determine which models perform well
in both regards, a total of four error measures were chosen
based on those commonly present in solar radiation
research literature. These are the relative Mean Bias
Error (rMBE), relative Root Mean Square Error
(rRMSE), Mean Absolute Percent Error (MAPE) and
the coefficient of determination (R). These four measures
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were chosen to assess the overall bias of a model, its mean
error, the error in the data points distributed about the
mean and the correlation between modeled and observed
output. By assessing the combined performance of these
four measures using the approximately 50% of data not
used for fitting of the Engerer models, the model(s) most
proficient in estimating the minute resolution Kd for south-
eastern Australia may be chosen.

rMBE and rRMSE are the most common error mea-
sures used in the validation of solar radiation model perfor-
mance (Badescu et al., 2013; Mohammad et al., 2008;
Notton et al., 2006; Lanini et al., 2010; Perez et al.,
1990). When both of these measures are computed, they
can be used as a quantitative assessment of whether a
model has acceptable performance. In order to have a
“good” model, Gueymard and Myers (2008) recommends
an rMBE of less than 5% and an rRMSE less than 15%,
whereas a “bad” model will have rMBE exceeding 10%
and rRMSE greater than 20%. These error measures are
computed as:

rMBE ¼ 1

nO

Xn

i¼1

P i " Oi ð34Þ

rRMSE ¼ 1

O

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1

n

Xn

i¼1
ðP i " OiÞ2

r
ð35Þ

where P i is a given model estimate, Oi is the observed value
at time i; n is the total number of observations and O is the
mean over all data points. Herein, the validation is per-
formed on estimates and predictions of Edh.

To add further robustness to this analysis, two addi-
tional error measures were included. First, as a measure
of the overall absolute error of a given model, MAPE
was computed; and secondly, R, a measure of correlation
between predicted and observed values, was computed.

MAPE ¼ 1

n

Xn

i¼1

P i " Oi

Oi

""""

"""" ð36Þ

R2 ¼ 1"
Pn

i¼1ðOi " P iÞ2
Pn

i¼1ðOi " OiÞ
2 ð37Þ

5.1. Non cloud enhanced validation

The analysis commenced with the NCE dataset, by pro-
ducing model estimates using data from the Adelaide

Table 3
rMBE, MAPE, rRMSE and R as reported for the ten models. Models were tested on post QC data from each of the six test sites, in which periods of cloud
enhancement were removed.

Adelaide Cape Grim Melbourne
n = 5,666,243 n = 3,067,199 n = 5,759,938

rMBE MAPE rRMSE R rMBE MAPE rRMSE R rMBE MAPE rRMSE R

Mean Ed 180.6 216.3 170.1
Meas. DNI 0.09 0.05 0.49 99.99 0.27 0.2 0.95 99.96 0.15 0.08 0.69 99.98
Orgill "1.39 39.23 19.18 86.96 "6.83 28.82 17.87 84.78 3.55 44.17 19.66 86.8
Spencer 0.83 38.56 19.04 87.15 "13.01 25.76 20.22 80.51 "24.58 29.84 26.34 76.32
Erbs "1.41 35.37 18.7 87.6 "5.96 26.44 17.64 85.18 3.27 39.94 19.18 87.45
Reindl "1.23 43.43 18.72 87.71 "6.03 31.98 17.82 84.94 3.55 49.05 19.23 88.57
Skartveit 3.09 41.54 17.38 89.29 "2.51 28.33 15.86 88.01 7.88 46.92 18.26 88.62
Maxwell "8.89 25.54 17.81 88.76 "9.55 21.01 17.54 85.34 "5.57 25.07 17.02 89.98
Ruiz-Arias "14.67 28.19 21.85 83.24 "16.89 25.92 22.04 77.3 "11.27 29.36 20.71 85.53
Ruiz-Arias* "2.42 30.85 17.38 89.29 "4.82 23.77 16.71 86.7 1.00 33.33 17.96 88.99
Boland "3.33 34.77 19.81 86.09 "8.36 27.23 18.88 83.01 1.06 39.95 20.5 85.65
Boland* "1.89 30.96 19.79 86.11 "5.92 24.95 18.66 83.4 2.2 36.14 21.13 84.76
Perez "3.95 21.68 15.17 91.84 "4.77 18.02 14.88 89.45 "0.98 22.62 15.36 91.94
Engerer 1 "0.66 18.29 13.77 90.64 "2.4 11.26 12.57 90.54 1.68 18.69 15.41 92.11

Mildura Mt. Gambier Wagga
n = 5,549,738 n = 5,423,027 n = 5,764,314

Mean Ed 138.6 201.2 185.6
Meas. DNI 0.04 0.02 0.3 100 0.15 0.11 0.92 99.96 0.09 0.06 0.57 99.99
Orgill 7.2 52.86 21.98 83.77 "10.06 26.81 20.2 78.3 "4.91 28.19 17 87.01
Spencer "12.3 31.65 23.35 81.67 "7.75 25.9 20.04 78.64 "21.13 26.94 23.65 74.87
Erbs 6.29 47.71 21.3 84.75 "9.37 24.98 20.09 78.53 "4.21 25.66 16.7 87.47
Reindl 3.96 52.78 21.03 85.25 "9.49 29.97 20.33 78.19 "3.62 29.32 16.12 88.44
Skartveit 10.89 55.52 20.1 86.42 "5.5 26.29 18.08 82.62 "0.93 27.65 15.15 89.69
Maxwell "5.76 28.84 18.31 88.73 "13.34 23.74 20.97 76.61 "9 20.23 16.67 87.52
Ruiz-Arias "9.63 34.46 22.2 83.63 "20.38 28.39 25.12 66.91 "15.39 25.04 20.72 81.03
Ruiz-Arias* 3.52 41.03 19.58 87.12 "8.04 24.75 19.29 80.21 "3.88 23.76 16.29 88.08
Boland 4.74 48.47 22.79 82.55 "11.08 26.58 20.97 76.63 "6.27 27.51 18.09 85.3
Boland* 5.82 43.46 23.42 81.57 "8.58 25.97 20.61 77.42 "4.05 25.96 18.17 85.16
Perez "0.1 25.27 16.19 91.2 "8.26 19.79 17.63 83.48 "4.6 16.65 14.06 91.12
Engerer 1 7.15 23.55 17.05 91.26 "3.59 17.62 15.05 86.81 "1.08 13.41 12.4 87.54

* Models whose coefficients were re-fit using local data.
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station from the 2011 calendar year (only the testing data
points were used; not training data). These are presented
in Fig. 4. The Adelaide station was chosen in order to pro-
vide a detailed inter-comparison of model performance due
to it being the most thoroughly tested Australian site
among the various studies in the literature (Spencer,
1982; Boland et al., 2001; Ridley et al., 2010; Paltridge
and Proctor, 1976). In each of these plots, the observed
Kd is plotted against Kt in grey as computed from the qual-
ity controlled radiation data with cloud enhancements
removed. Model estimates of Kd values are calculated
and plotted as points in blue.

The differences between single and multi-variate models
are immediately apparent. Predictions from the Orgill,
Spencer, Erbs and Boland models appear as a single line,
while the Reindl, Skartveit, Maxwell, Ruiz-Arias and
Engerer 1 models include many possible Kd values for each
value of Kt. The general shape of the predicted versus
observed values appears to agree best in the Skartveit,
Maxwell, Perez and Engerer 1 models, but all save the
Engerer 1 model show a rebound from low Kd values at
Kt values exceeding !0.75. As the overall precision cannot
be inferred from this figure alone, the predicted versus
observed values correlations are also investigated. These

Fig. 8. As in Fig. 4, but with cloud enhancement events retained.
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are plotted against each other in Fig. 5. These are revealing,
with positive biases at low Kd apparent in the Orgill,
Spencer, Erbs and Skartveit models, and a negative bias
in the Reindl and Ruiz-Arias models in these regions (the
Ruiz-Arias model appears to have an overall negative bias
for all values of Kd ). The correlations are best for the
Skartveit, Reindl and Engerer 1 models, with R values of
0.86, 0.88 and 0.93, respectively.

Also of interest is an investigation into how the models
concerned perform throughout the day. In order to assess
this, the MAPE and rRMSE values are calculated and
plotted as a function of hz in Figs. 6 and 7 with error
calculations broken up into hz bins of 2.5!. Only bins with

at least 0.5% of the total available data were accepted into
this analysis, so as to ensure each bin contained a represen-
tative sample. In terms of MAPE values, model perfor-
mance throughout the day shows an overall gradual
decrease in model error with increasing hz. The MAPE
scores of the Engerer 1 and Perez are comparable
(15–25%), with the Maxwell model showing similar results
for hz greater than 45 degrees. The Reindl model does the
poorest overall in terms of absolute error, with the Orgill,
Spencer, Ruiz-Arias and Boland models with MAPE con-
sistently in the 25–30% range.

The rRMSE results are quite consistent, with a slight
overall decreasing trend with increasing hz. The Engerer 1

Fig. 9. As in Fig. 5, but with cloud enhancement events retained.
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and Perez model have indistinguishably similar accuracy
and a clear advantage over the remaining models. The
Skartveit model is clearly the third most accurate model.
The Orgill, Spencer and Erbs models also share very simi-
lar results, with the Ruiz-Arias model a clear outlier and
the worst overall accuracy except possibly for extreme hz

values. The convergence of all models with very high hz is
also noted.

It is of interest to note that the upward trend in model
error with decreasing zenith angle is the opposite of that
found in other separation model validation studies
(Lanini et al., 2010; Jacovides et al., 2006; Dervishi and
Mahdavi, 2012). As previous studies have been completed
with hourly data, this suggests that modeling undertaken
at sub-hourly (namely minute level) data resolutions experi-
ences a different error relationship with solar zenith angle
than has previously been found. Cloud enhancement events
are one obvious explanation for this change (Section 5.2),
but that alone cannot fully explain this phenomenon, as
the relationship change exists in the present dataset where
cloud enhancements have been removed. Further investiga-
tion is needed to understand why this is so.

In addition to these figures from Adelaide, results from
a much more comprehensive analysis are available in
Table 3. This table was constructed by evaluating all ten
models (including the new model, Engerer 1) at each of
the six stations using the four selected error measures.
Over 30 million data points were available to the analysis
with at least 3 million at each site.

Mean diffuse radiation measures were found to be
higher for areas that are cloudier and more temperate
(Adelaide, Cape Grim, Melbourne, Mt. Gambier) versus
those in more arid areas (Mildura and Wagga). All relative
error measures are presented with respect to these mean
values.

In analysis of the rMBE results, the overall trend in the
models is an overprediction of Kd at Melbourne and
Mildura, with underprediction at the remaining sites. The
Maxwell and Ruiz-Arias models are observed to have a
negative bias at all stations, while the bias becomes positive
for the Orgill, Erbs, Reindl and Skartveit models at
Mildura. The Engerer 1 model has the lowest rMBE values
overall (with the exception of a notable overprediction at
Mildura) which was expected, given that the model was
built on a dataset which is assumed to be representative
of that used for validation.

The variations in mean diffuse radiation between sites
are reflected in the MAPE values, which tend to increase
as the mean value falls. For this reason, larger MAPE val-
ues tend to be observed at Mildura and Wagga and the
lowest at Mt. Gambier. MAPE values tended to be in
excess of 20% for nearly all models and all sites, with the
exception of the Engerer 1 model at which scored below
20% at all sites except Mildura. The Perez model scored
below 20% at Cape Grim, Mt. Gambier and Wagga, indi-
cating a slightly increased absolute error over the Engerer 1
model overall. The remaining models have less consistent

results, with the Reindl, Spencer and Orgill models tending
to have the largest MAPE.

The rRMSE and R calculations are measures of the
“distance” between a model’s predicted value and the
observed value and thus are good measures of overall accu-
racy. Whereas a locally fit model will most often experience
lower MAPE and rMBE values, this it not necessarily true
of the rRMSE. The Engerer 1 and Perez models consis-
tently scores higher R and lower rRMSE values at all
stations, with all remaining models having rRMSE values
greater than 15% and R values below 90. The least accurate
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model overall appears to be the Spencer model, which
could be considered surprising as it was originally fit to
Australian data. Also of interest are the changes in results
with the Ruiz-Arias and Boland models after receiving re-
fit coefficients (again, denoted by *). The Ruiz-Arias model
shows consistent improvements, with rRMSE values falling
by as much as 5%. Changes in the accuracy of the Boland
model improvements were notably unremarkable. The
Engerer 1 and Perez models clearly demonstrate they are
the superior models for one minute data, with an overall
slight advantage in the Engerer 1 model results. These were
followed in accuracy by the Skartveit and Maxwell models.

With this analysis of the values provided in Table 3, the
best models for estimating Kd of minute resolution solar
radiation in southeastern Australia under non-cloud
enhanced conditions are the Engerer 1 and Perez models,
which have “good” results (Gueymard and Myers, 2008
rMBE < 5% and rRMSE < 15%) for many of the sites
tested.

5.2. Cloud enhanced validation

The analysis for the CE data set adopts the same
approach undertaken in the previous section, using
Adelaide as a point of inter-comparison.

Fig. 8 presents calculations for each model in a manner
equivalent to that of Fig. 4, but with the cloud enhance-
ments retained. Perhaps the most immediate difference is
the upturn in the modeled values of Kd that appear at Kt

values greater than !0.6. Five of these models (Orgill,
Spencer, Erbs, Ruiz-Arias and Boland) do not respond to
the increased observed Kd . The remaining four have vary-
ing levels of response, with the Maxwell, Perez and
Engerer 2 models appearing to perform best and the
Skartveit model appearing to be a bit too vigorous with
the cloud enhancement events. However, in order to prop-
erly assess which of the four models makes the best predic-
tions in this case, further analysis is needed. For that
purpose, Fig. 9 provides plots of predicted versus observed
values of Kd . As was noted in Section 5.1, several of the
hourly models systematically overestimate Kd at low values
of observed Kd , with the Ruiz-Arias model appearing to
underestimate for all values of Kd . The Engerer 2 model
and Perez models, conversely, have much more even dis-
tributions about the identity line, and the respective R val-
ues of 0.93 and 0.9 are the highest of those tested. The
Skartveit and Maxwell model also perform well, both with
an R value of 0.88.

Further insight can be drawn from the MAPE and
rRMSE plots as a function of hz, which show strong

Table 4
As in Table 3, but with periods of cloud enhancement retained.

Adelaide Cape Grim Melbourne
n = 5,966,243 n = 3,467,213 n = 5,959,945

rMBE (%) MAPE (%) rRMSE (%) R rMBE MAPE rRMSE R rMBE MAPE rRMSE R

Mean Ed 191.0 223.2 175.6
Meas. DNI 0.09 0.05 0.49 99.99 0.27 0.2 0.95 99.96 0.15 0.08 0.69 99.98
Orgill "1.39 39.23 19.18 86.96 "6.83 28.82 17.87 84.78 3.55 44.17 19.66 86.8
Spencer 0.83 38.56 19.04 87.15 "13.01 25.76 20.22 80.51 "24.58 29.84 26.34 76.32
Erbs "1.41 35.37 18.7 87.6 "5.96 26.44 17.64 85.18 3.27 39.94 19.18 87.45
Reindl "1.23 43.43 18.72 87.71 "6.03 31.98 17.82 84.94 3.55 49.05 19.23 88.57
Skartveit 3.09 41.54 17.38 89.29 "2.51 28.33 15.86 88.01 7.88 46.92 18.26 88.62
Maxwell "8.89 25.54 17.81 88.76 "9.55 21.01 17.54 85.34 "5.57 25.07 17.02 90.12
Ruiz-Arias "14.67 28.19 21.85 83.24 "16.89 25.92 22.04 77.3 "11.27 29.36 20.71 85.53
Ruiz-Arias* "2.42 30.85 17.38 89.29 "4.82 23.77 16.71 86.7 1 33.33 17.96 88.99
Boland "3.33 34.77 19.81 86.09 "8.36 27.23 18.88 83.01 1.06 39.95 20.5 85.65
Boland* "1.89 30.96 19.79 86.11 "5.92 24.95 18.66 83.4 2.2 36.14 21.13 84.76
Perez "3.95 21.68 15.17 91.84 "4.77 18.02 14.88 89.45 "0.98 22.62 15.36 91.94
Engerer 2 2.57 21.82 15.61 91.46 1.29 21.68 12.79 90.2 1.75 18.41 12.09 90.96

Mildura Mt. Gambier Wagga
n = 5,849,743 n = 5,621,021 n = 5,964,320

Mean Ed 141.1 213.8 192.2
Meas. DNI 0.04 0.02 0.3 100 0.15 0.11 0.92 99.96 0.09 0.06 0.57 99.99
Orgill 7.2 52.86 21.98 83.77 "10.06 26.81 20.2 78.3 "4.91 28.19 17 87.01
Spencer "12.3 31.65 23.35 81.67 "7.75 25.9 20.04 78.64 "21.13 26.94 23.65 74.87
Erbs 6.29 47.71 21.3 84.75 "9.37 24.98 20.09 78.53 "4.21 25.66 16.7 87.47
Reindl 3.96 52.78 21.03 85.25 "9.49 29.97 20.33 78.19 "3.62 29.32 16.12 88.44
Skartveit 10.89 55.52 20.1 86.42 "5.5 26.29 18.08 82.62 "0.93 27.65 15.15 89.69
Maxwell "5.76 28.84 18.31 88.73 "13.34 23.74 20.97 76.61 "9 20.23 16.67 87.52
Ruiz-Arias "9.63 34.46 22.2 83.63 "20.38 28.39 25.12 66.91 "15.39 25.04 20.72 81.03
Ruiz-Arias* 3.52 41.03 19.58 87.12 "8.04 24.75 19.29 80.21 "3.88 23.76 16.29 88.08
Boland 4.74 48.47 22.79 82.55 "11.08 26.58 20.97 76.63 "6.27 27.51 18.09 85.3
Boland* 5.82 43.46 23.42 81.57 "8.58 25.97 20.61 77.42 "4.05 25.96 18.17 85.16
Perez "0.1 25.27 16.19 91.2 "8.26 19.79 17.63 83.48 "4.6 16.65 14.06 91.12
Engerer 2 0.29 27.78 14.88 92.36 "3.38 17.82 17 84.76 0.24 21.48 13.97 91.32
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contrasts to the analogous plots presented in Figs. 6 and 7.
First, in Fig. 10, MAPE values are greatly increased at
lower hz when the sun is higher in the sky, and fall through-
out the day. The change in this plot is attributable directly
to the inclusion of cloud enhancement events. As such, it
can be inferred that during lower hz periods the influence
of cloud enhancement events is greater, as the models
which do not attempt to estimate them do particularly
poorly. The Engerer 2 and Maxwell models have the best
MAPE values overall.

In terms of the rRMSE plot in Fig. 11, large rRMSE
issues are apparent with the Ruiz-Arias model while the
Engerer 2 and Perez models maintain the best accuracy

at all hz. There is very similar and consistent accuracy
among the univariate Orgill, Spencer, Erbs and Boland
models. Model RMSE scores throughout the day, are over-
all, quite consistent with a slight trend toward reduced
errors with increasing hz.

Table 4 presents the overall result from model evalua-
tion on the CE dataset. There is a general increase in the
relative and mean errors over the previous suite of results
(Section 5.1) for those models that do not include con-
siderations for the increase in Kd originating from cloud
enhancement events (Orgill, Spencer, Erbs, Ruiz-Arias,
Boland). The strongest bias is in the Ruiz-Arias model
which was already apparent in the previous Figs. 8 and

Fig. 12. As in Figs. 4 and 8, but for clear sky periods only.
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9, which consistently underpredicts Kd by more than 9%.
This bias disappears once the re-fit coefficients are consid-
ered, however, indicating the model structure is not the ori-
gin of the error. Results across the six sites and remaining
models are notably inconsistent, but it is clear that overall
the Perez, Engerer 2 models have the least biased results,
with the Skartveit, Maxwell and Boland the next least
biased grouping. This suggests that the apparent upturn
in the Perez, Maxwell and Skartveit models for increased
Kt may indeed be accounting for cloud enhancement
events.

The Engerer 2 and Perez models are the only models to
receive MAPE values less than 20% at any site. The
Engerer 2 consistently has lower MAPE scores than the

Perez model, by as much as 6.7% (at Cape Grim). In the
remaining models, MAPE values are in the 20–40% range,
with several instances of values exceeding 50%. This is
indicative of the increased challenges present when
attempting to estimate Kd during cloud enhancement peri-
ods. The Maxwell model stands out from the remaining
models in the MAPE values, with all results in the 21–
28% range. Of note, the Skartveit model was one of the
worst performers when absolute error is considered, despite
having had relatively good rMBE scores.

rRMSE and R values clearly show the Engerer 2 and
Perez models have the best accuracy, followed by the
Maxwell model. Several of the models fall into the “bad”
category (Gueymard and Myers, 2008), with rRMSE

Fig. 13. As in Figs. 5 and 9, but for clear sky data only.
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values exceeding 20% at some of the sites. These are the
Ruiz-Arias, Spencer, Erbs, Reindl and Boland models.
However even the new model formulation in Engerer 2 fails
to meet the “good” category for rRMSE (<15%) values at
some of the sites (Melbourne, Mildura, Mt. Gambier),
which is indicative of the challenge of including and mod-
eling cloud enhancement events.

Overall, the Engerer 2 model will provide the best min-
ute resolution Kd estimates from global horizontal mea-
surements in southeastern Australia under real-world,
cloud enhanced conditions. The Perez model has nearly
equivalent performance, but with slightly increased
rMBE, MAPE and RMSE values. The Maxwell model also
does well overall in this cloud enhanced dataset, but the
Skartveit model’s initial promise was clearly misleading
once MAPE, RMSE and R are considered.

5.3. Clear sky validation

Finally, the clear sky dataset was evaluated following
the same approach given in Sections 5.1 and 5.2. Fig. 12
has the model predictions presented as in Fig. 4. Model
estimates from Orgill, Spencer, Erbs and Boland all show
systematic over-estimation of Kd for Kt values greater than
0.4, while the Skartveit model appears to have an overall
fairly poor fit to the data. The Engerer 2, Perez and
Maxwell models have a better fit, but produce an upward
turn in Kd values during clear-sky periods, which is erro-
neous as cloud enhancement events were removed by the
clear sky filtering process (Engerer and Mills, 2015).
Fig. 13 provides additional insight. Again, here the over-
estimation of Kd by the Orgill, Spencer, Erbs and Boland
models is even more apparent, earning them relatively
low R scores in the 0.83–0.84 range. The Maxwell, Perez
and Engerer 2 models appear to do quite well under clear
sky situations (0.91–0.93), but the Engerer 3 model does
best with an R value of 0.94 and the most balanced correla-
tion (with respect to the identity line).

Model error as a function of hz reveals very large MAPE
values for most models at low hz (Fig. 14). With the excep-
tion of the Ruiz-Arias, Boland and Engerer 3 models,
MAPE values climb above 60% for hz less than 40. Even
at increasing hz, MAPE values above 40% are routine.
Fig. 15 shows significant contrasts to the previous similar
figures in Sections 5.1 and 5.2, with rRMSE trends with
increasing hz being mixed. The Boland and Ruiz-Arias
models both see rRMSE climb with increasing hz, while
the Orgill, Spencer, and Skartveit models first fall and then
rise. Overall, there is a significant spread in the model error
values, with the Reindl model performing least well. Here
one can clearly see the benefit of having a model fit to clear
sky occurrences, as the Engerer 3 model maintains the most
consistent rRMSE score, falling below 20% for hz greater
than 45!. Both the Maxwell and Perez model have com-
parable performance to the Engerer 3 model for hz greater
than approximately 55!, but clearly the Engerer 3 clear sky

trained model is showing itself to be relatively useful for
use under clear sky conditions.

In Table 5, the results from all models at all sites are pre-
sented. In addition to the Engerer 3 model, the operational
Engerer 2 model is tested. An analysis of the rMBE values
shows many large positive biases in the tested suite of mod-
els, particularly at Mildura, which is the most arid of the
regions tested. Several models standout with lower rMBE
values, including the Maxwell, Perez, Engerer 2 and
Engerer 3, which was the least biased model. Also notable,
the Ruiz-Arias model appears to have benefited from its
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Fig. 15. As in Fig. 7, but for clear sky data.
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previous under-prediction of Kd with relatively small
rMBE values present.

Given that the dataset has now been reduced to clear sky
instances, the mean values of diffuse radiation are reduced.
Values are now approximately 1

3 of their all-sky values,
meaning that MAPE values are likely to be much higher
than in previous cases. This is clearly the case, with
MAPE ranging from 9.36% to 78%. In terms of the
MAPE results, no particular model was found to have con-
sistently larger absolute errors, but the clear sky trained
Engerer 3 model does routinely offer improvements over
the next best models – Perez and Engerer 2.

There is not a great deal of difference between models in
terms of rRMSE values. Which generally fall in the 10–25%
range across all sites and all models (with a few exceptions).
The clear sky trained Engerer 3 model does provide slight
improvements in accuracy overall, but this is not always
the case (e.g. Perez model at Melbourne has slightly, but
not significantly, higher accuracy). Once the R values are
considered, the generation of a clear sky specific Engerer
3 model does appear justified and useful, as it provides
increased performance across all metrics considered.

However in the absence of a clear sky trained model, the
Perez model proves itself as quite valuable once again,
and has “good” performance for estimating the clear sky
diffuse fraction (Gueymard and Myers, 2008 rMBE < 5%
and rRMSE < 15%). But is important to recall that the
Perez model absolute error grows very quickly once hz val-
ues fall below 40!.

6. Conclusion

In order to validate the performance of nine of the most
common diffuse fraction models in southeastern Australia,
minute resolution radiation data from the Australian
Bureau of Meteorology’s radiation sensor network were
retrieved from six locations and split into three datasets.
One with cloud enhancements removed, another with them
retained and a third for clear sky periods only – each of
them extensively quality-controlled in accordance with cur-
rent practice in the literature (Long and Shi, 2006). In
response to the apparent inability of these models to gener-
ate consistently accurate and precise estimates under the
various conditions imposed by these three datasets, three

Table 5
As in Table 3, but with periods of cloud enhancement retained.

Adelaide Cape Grim Melbourne
N = 874,160 N = 394,818 N = 721,003

rMBE MAPE rRMSE R rMBE MAPE rRMSE R rMBE MAPE rRMSE R

Mean Ed 69.4 63.5 68.3
Meas. DNI 0.13 0.06 0.83 99.98 0.32 0.3 1.36 99.81 0.15 0.08 0.82 99.98
Orgill 14.83 47.25 17.23 91.09 !1.58 15.34 12.19 83.51 13.74 46.96 19.65 87.42
Spencer 17.54 46.58 16.98 91.34 !5.42 14.62 12.86 81.66 !15.83 24.21 21.2 85.37
Erbs 13.56 40.53 15.44 92.84 0.53 13.25 11.76 84.66 13.38 41.42 18.76 88.53
Reindl 9.17 46.31 16.92 91.56 !5.04 15.24 13.54 79.73 6.4 40.28 18.5 90.61
Skartveit 15.16 52.18 16.67 91.65 !1.44 13.6 11.74 84.7 13.16 49.32 18.06 89.37
Maxwell !5.02 22.25 13.54 94.5 !5.07 11.81 13.51 79.74 !2.88 22.09 15.27 92.4
Ruiz-Arias !2.74 25.86 14.36 93.81 !9.5 15.08 14.88 75.45 !2.3 26.77 16.61 91.02
Ruiz-Arias* 5.97 33.48 12.92 94.98 !1.49 12.11 11.31 85.81 7.77 34.68 16.25 91.4
Boland 14.05 43.72 17.17 91.14 !1.18 14.87 12.31 83.2 13.33 44.09 19.83 87.19
Boland* 14.17 38.31 17.22 91.1 2.06 13.49 12.53 82.57 15.01 40.05 20.98 85.66
Perez !1.35 19.19 11.09 93.31 !1.87 10.71 11.86 84.4 0.65 19.69 14.38 93.27
Engerer 2 7.46 19.13 11.44 94.14 !0.97 11.01 10.99 86.7 7.91 18.97 15.46 93.45
Engerer 3 !0.85 15.75 9.52 97.33 !2.99 10.5 11.39 90.7 0.37 17.45 14.62 94.14

Mildura Mt. Gambier Wagga
N = 743,461 N = 347,110 N = 822,805

Mean Ed 66.9 62.2 68.3
Meas. DNI 0.07 0.02 0.36 100 0.41 0.32 2.15 99.81 0.11 0.06 1.02 99.97
Orgill 39.29 70.97 25.52 76.17 1.8 25.62 11.8 94.1 8.35 35.8 14.76 92.81
Spencer 9.12 30.78 17.15 89.24 5.25 24.32 11.34 94.55 !11.69 20.48 16.41 91.11
Erbs 35.16 62.2 23.28 80.17 2.73 21.51 10.56 95.27 8.08 30.25 13.35 94.11
Reindl 28.72 67.04 23.03 80.61 !1.17 27.98 14 91.79 3.33 35.22 14.87 92.88
Skartveit 39.33 78.26 24.36 78.29 1.85 27.9 12.64 93.22 7.67 37.85 14.17 93.37
Maxwell 4.39 30.57 14.8 91.99 !6.32 18.98 14.11 91.55 !6.96 18.18 13.6 93.89
Ruiz-Arias 11.7 36.17 16.33 90.24 !8.43 19.65 14.12 91.54 !6.54 19.47 13.95 93.57
Ruiz-Arias* 22.92 51.51 18.87 86.97 !0.37 22.92 11.3 94.59 1.96 24.68 11.84 95.37
Boland 36.77 63.65 25.12 76.91 2.02 24.86 11.87 94.03 7.92 32.3 14.7 92.86
Boland* 34.51 54.52 25.6 76.02 4.25 22.6 11.61 94.28 9.33 28.59 15.1 92.47
Perez 8.21 25.86 13.63 91.2 !3.51 15.75 11.43 94.46 !3.33 14.85 11.1 95.93
Engerer 2 8.73 30.29 14.75 90.14 0.64 13.92 10.15 95.69 3.13 14.91 10.49 96.46
Engerer 3 7.97 24.61 13.67 93.16 !3.73 11.45 9.36 96.33 !2.86 13.65 10.21 97.65
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new models have been developed - one for each set of con-
ditions. The new models utilize a logistical function frame-
work and include a new variable, MKtc, which is the
deviation from the clear sky value of Kt as calculated by
the REST2 model. In the cloud-enhancement model, a sec-
ond new variable is included to provide a linear correction,
Kde, which accounts for the portion of the diffuse fraction
resulting from cloud enhancement events. These models
are designated as the Engerer 1, Engerer 2 and Engerer 3
models, for the non-cloud enhanced, cloud-enhanced and
clear sky cases, respectively. The Engerer 1 model’s pri-
mary purpose was as the basis for the development of the
Engerer 2 model. As has been shown, cloud enhancement
events are quite common in minute level data datasets, so
in practice the Engerer 1 model is not actually useful in
the real-world context. This is, instead, the role of the
Engerer 2 model, which is an “all-sky” model suitable for
use on sub-hourly data, wherein cloud enhancements
should be explicitly modeled.

By testing these new models against nine models repre-
sentative of the state of the art in hourly separation model-
ing, it has been made clear that the new models offer more
precise and accurate performance in southeastern
Australia, but further validation will be require to deter-
mine the usefulness of their coefficients globally. This has
been demonstrated through the evaluation of four error
measures (rMBE, MAPE, rRMSE, R2). This clearly sug-
gests, but does not prove, that models fit to minute-res-
olution data are in fact better suited to make minute-
resolution estimates of the diffuse fraction. All three models
are capable of being used in real-time (operationally), in
that all of their input values can be obtained in real-time
(e.g. no information from future time steps required).

In addition to the development and validation of the
new models, several additional important conclusions can
be made. First, the Perez model is a clear stand out from
the other eight models being tested, achieving “good” per-
formance (rMBE < 5% and rRMSE < 15%) for the non-
cloud enhanced and clear sky datasets in the bulk error
measurements. It also scored well at most hz values in all
three categories, and was competitive with the newly fit
Engerer 1 and Engerer 2 rRMSE values. For this reason,
it is a conclusion of this manuscript that the Perez model
is quite suitable for use on 1 min resolution radiation data
within Australia, with the expectation that this likely to be
true in other regions. This is a novel finding as compared to
Gueymard (2010) which was unable to select a superior
model from the 18 models tested.

Secondly, in terms of a real-world operational model,
the ability to handle cloud enhancement events is quite
important, as they are increasingly common and significant
as the averaging interval of the observed data decreases.
Only four models demonstrated the capability to model
the cloud enhanced region of the KtKd relationship.
These were the Perez, Maxwell, Skartveit and Engerer 2
models. After the detailed analysis undertaken herein, the

Perez, Maxwell and Engerer 2 models were found to model
this region competently (matching the shape of the KtKd

relationship, achieving rMBE scores of <10% and
rRMSE scores of 15–20%), which is an important finding.
Still, it is important to note that with falling hz values,
MAPE scores grow quickly, exceeding 40% error for
hz < 30!.

Another conclusion is that a clear sky trained diffuse
radiation model is quite useful, as demonstrated by the
superior performance of the Engerer 3 model over the
other ten models tested, which was particularly noticeable
for hz values greater than 40! (during the brightest hours
of sunlight). Future work might attempt to divide datasets
into clear and cloudy conditions in real-time, using a differ-
ent separation model for each condition, as they are
fundamentally different in terms of radiation phenomena.

Finally, the author would like to announce that an R
package which will allow for the replication of these
results, including the REST2 model simulation and newly
introduced Engerer 1–3 models will be published to the
author’s website in mid 2015. The validation datasets will
also be made available. This will allow for future collab-
oration and additional testing, as well as future tuning of
the Engerer model coefficients, if required.
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