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0. Abstract 

Several methodologies exist for the prediction of the solar resource at remote locations, based either 

on satellite imagery analysis or the interpolation of ground based measurements. This paper compares 

5 irradiance datasets; 1 measured and 4 predicted; across 10 different sites and models the 

performance of a 4 kW PV system at each. Datasheet values from a commercially available PV module 

and inverter are used as the basis for a simple system behaviour model. Although net annual irradiation 

is a useful metric for assessing the quality of irradiance datasets for PV performance prediction, further 

attention should be given to the distribution of the irradiance bins as this impacts significantly on the 

system behaviour. Relative system output energy to annual irradiation variations of 2% are found even 

with the simple behavioural model applied herein.  

 

1. Introduction 

The primary consideration in the performance prediction of a photovoltaic (PV) system is the available 

solar energy at site. For the majority of PV system installation proposals there is limited information on 

the solar resource. A number of methodologies exist for the prediction of the solar resource at remote 

locations, based either on satellite imagery analysis or the interpolation of ground based measurements. 

There is significant disagreement between these methodologies, adding much uncertainty to PV system 

energy yield modelling. Minimising such uncertainty is key in reducing the financial risk and ultimately 

the levelized cost of energy (LCOE) of PV systems. 

 

This work presents a case study of the effects of irradiance modelling variability on PV system 

performance prediction. 10 sites across the UK are used in this case study. They have been chosen 

due to their geographic spread and the availability of UK Met Office recorded data [1]. 4 different 

predicted irradiance datasets are compared against the recorded data for the year 2014. Each dataset 

shows spatial differences in deviations from ground based measurements. The 10 site locations and 

an example normalised RMSE map of such differences are presented in Figure 1. 
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(a) Case Study Site Locations (b) Example Spatial Difference Variability 

Figure 1: Site Locations & Spatial Difference Example 
 

2. Irradiance 

Net annual irradiation is often used as a metric in the quality assessment of irradiance prediction 

models. 4 models are explored here a terrestrial measurement interpolation technique herein referred 

to as Kriging, detailed in [2] and 3 popular satellite models; namely: Solargis[3], CAMS[4] and 

SARAH[5]. Net annual irradiation, as the sum of the hourly average global horizontal irradiances, 

variation is shown in Figure 2. In this work, global horizontal values are used throughout so as not to 

introduce bias from transposition algorithms. A variation of approximately ±25% can be seen. 

 

 

Figure 2: Variation in Net Annual Irradiation across Models & Sites 



 

Further insight into the variations among the methodologies is given in Figure 3, Figure 4, Figure 5 & 

Figure 6. These figures present the aggregate data of all sites. Histograms showing the frequency 

distribution of irradiance bins are given alongside line plots of net irradiation contribution. Total net 

annual irradiation values across all 10 test sites are given for reference. Significant variation in the 

distribution of irradiances can be seen over the different methodologies, particularly regarding the 

contribution of low irradiance values. 

 

 

Figure 3: Kriging Irradiance Variation (All 10 Sites) 
 

 

Figure 4: Solargis Irradiance Variation (All 10 Sites) 
 



 

Figure 5: CAMS Irradiance Variation (All 10 Sites) 
 

 

Figure 6: SARAH Irradiance Variation (All 10 Sites) 
 

3. System Output 

PV system output is here modelled simply using datasheet values of module performance parameters 

for a commercially available, namely: voltage at maximum power point, current at maximum power 

point, temperature coefficient of voltage at maximum power point, temperature coefficient of maximum 

power, linearity and nominal operating cell temperature (NOCT). A representative 4 kW system formed 

of 2 parallel connected 2 kW strings of 8 250 W modules each is modelled with no interconnection 

losses. This system is connected to an inverter for DC/AC conversion. The inverter performance 

parameters are also taken from the datasheet of a commercially available inverter, namely: maximum 

power point tracking linearity, parasitic power and efficiency matrix. The inverter efficiency matrix is 



interpolated and extrapolated to operating conditions, as shown in Figure 7. Detailed information on 

inverter performance and systems losses can be found in [6]. 

 

 

 

Figure 7: Inverter Efficiency Matrix at Operating Conditions 
 

Satellite derived ambient temperatures are used for the satellite based irradiance datasets and 

interpolated terrestrial measurement data used for the Kriging model. The difference in temperature 

distribution is shown in Figure 8. 

 

 

Figure 8: Tenoerature Distribution Comparison 
 



The energy generated by system is then a function of the irradiance & ambient temperature, the PV DC 

behaviour and the inverter DC to AC conversion. The variation in net annual system output across 

methodologies and sites is shown in Figure 9. A variation of approximately ±25% can be seen. 

 

Figure 9: Variation in Net Annual System Output across Models & Sites 
 

Further insight into the variations among the methodologies is given in Figure 10, Figure 11, Figure 12 

& Figure 13. These figures present the aggregate data of all sites. Histograms showing the frequency 

distribution of system power generation bins are given alongside line plots of net irradiation contribution. 

Total net annual generation values across all 10 test sites are given for reference. Significant variation 

in the distribution of irradiances can be seen over the different methodologies, particularly regarding the 

contribution of low irradiance values. 

 

 

Figure 10: Kriging Energy Generation Variation (All 10 Sites) 



 

 

Figure 11: Solargis Energy Generation Variation (All 10 Sites) 
 

 

Figure 12: CAMS Energy Generation Variation (All 10 Sites) 

 



 

Figure 13: SARAH Energy Generation Variation (All 10 Sites) 
 

4. Relative Variations 

It is clear from a comparison of Figure 2 and Figure 9 that choice of irradiance model is the principal 

factor in the prediction of PV performance. However, significant deviations in system output relative to 

net annual irradiation value are found across all sites and models, with a notable trend relative to model 

choice. This is shown in Figure 14, where a 2% variation is visible.  

 

 

Figure 14: Relative Variation in Net Annual System Output to Net Annual Irradiation across Models & 
Sites 

 

These deviations are expanded on as probability distribution of system efficiency relative to module at 

STC in Figure 15. 



 

Figure 15: Efficiency Distributions across Irradiance Models 
 

The variations in these distributions can be considered as deriving from the variations in Figure 3, Figure 

4, Figure 5 and Figure 6; according to the distribution of relative efficiencies with irradiance shown in 

Figure 16. 

 

Figure 16: Efficiency Distributions across Irradiance Bins 
 

Significant irradiance dependencies on conversion efficiency are found here, highlighting the 

importance of irradiance distribution generated by irradiance prediction models. 

 

5. Conclusions 

Although net annual irradiation is a useful metric for assessing the quality of irradiance datasets for PV 

performance prediction, further attention should be given to the distribution of the irradiance bins as this 



impacts significantly relative system behaviour, relative system output energy to annual irradiation 

variations of 2% are found even with the simple behavioural model applied herein. Furthermore, 

whereas no specific trends can be found across the models for net annual irradiation values, trends are 

visible when considering relative performance. 

 

This paper presents a simple overview of this problem, using low temporal resolution data and basic 

electrical behaviour modelling. It has been shown previously that irradiance modelling is sensitive to 

time resolution[7] and this sensitivity must be considered in a robust analysis of this problem. In future 

work, the authors will expand on the accuracy and resolution of the models used in this paper. 

 

6. Acknowledgements 

This work has been conducted as part of the research project ‘Joint UK-India Clean Energy Centre 

(JUICE)’ which is funded by the RCUK's Energy Programme (contract no: EP/P003605/1). The projects 

funders were not directly involved in the writing of this article. The underlying data may be available on 

request from the authors.  

 

7. References 

[1] UK Met Office, 2006. MIDAS: UK Hourly Weather Observation Data. NCAS British Atmospheric 

Data Centre [WWW Document]. URL 

http://catalogue.ceda.ac.uk/uuid/916ac4bbc46f7685ae9a5e10451bae7c 

[2]  Palmer, D., Cole, I., Betts, T., Gottschalg, R., 2017. Interpolating and Estimating Horizontal Diffuse 

Solar Irradiation to Provide UK-Wide Coverage: Selection of the Best Performing Models. Energies. 

doi:10.3390/en10020181 

[3] Amillo, T. Huld, and R. Müller, “A New Database of Global and Direct Solar Radiation Using the 

Eastern Meteosat Satellite, Models and Validation,” Remote Sens.,vol.6,no.9,pp.8165–8189, 

Aug.2014. doi:10.3390/rs6098165 

[4]  M. Schroedter-Homscheidt, “The Copernicus Atmosphere Monitoring Service (CAMS) Radiation 

Service in a nutshell,” no. 2015, 2016 

[5]  Kleissl, J., Perez, R., Cebecauer, T., Šúri, M., 2013. Chapter 2 – Semi-Empirical Satellite Models, 

in: Solar Energy Forecasting and Resource Assessment. pp. 21–48. doi:10.1016/B978-0-12-

397177-7.00002-4 

[6] Goss, B. (2015). Design Process Optimisation of Solar Photovoltaic Systems. Loughborough 

University. Retrieved from https://dspace.lboro.ac.uk/2134/19418 

[7] Gibson, K., Cole, I. R., Goss, B., Betts, T. R., & Gottschalg, R. (2017). Compensation of temporal 

averaging bias in solar irradiance data. IET Renewable Power Generation, 1–7. 

https://doi.org/10.1049/iet-rpg.2016.0903 


