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This Smart Buildings and Cities (SB&C) technological design project has been performed within the 

scope of “Werkelijk BOUWEN aan BIPV”, a collaborative framework that focuses on creating an 

effective and competitive Innovation Ecosystem for the entire building-integrated photovoltaic value 

chain in the Netherlands (BIPV Nederland, 2018). Deployment of BIPV technologies should be 

optimized through an appropriate mix of technology push from the solar energy sector and market 

pull from the construction industry (Osseweijer et al., 2018). Therefore, the main objective of the 

overarching project is to pursue the transition towards widespread integration of on-site photovoltaic 

systems in the built environment through optimizing their performance and business opportunities. 

In deciding on the subject of this PDEng design project, the aim was to create an “artefact” that would 

benefit the urban PV industry at large. It soon became clear that the area of solar resource assessment 

has a tremendous impact on the validity of PV performance predictions, and thus on the business 

opportunities of the BIPV industry, yet is still pretty much “terra incognita” with many assumptions 

that are simply being taken for granted. It is of the utmost importance to ensure that current design 

support methods and energy policy frameworks (NEN, 2018) rightly appraise the value of BIPV and 

thus stimulate the market demand for its deployment while driving the building stock towards a more 

energy-efficient and self-sustained one. 

Figure 1 illustrates the scope of the PDEng design project in relation to the key stakeholders involved: 

 

Figure 1 Scope of the PDEng design project in relation to the stakeholders 



 

The integration of photovoltaic (PV) systems in the built environment is one of the major elements of 

high-performance building design. To further stimulate the role of urban PV as a driver in the 

sustainable energy transition, it is important that risk-informed decision-making takes place to 

facilitate (i) proper selection of cost-optimal energy-efficient designs among competing alternatives, 

and (ii) appropriate sizing of such systems considering the multitude of technical and financial 

uncertainties involved. In this context, simulation-based design support methods are considered a 

powerful tool, but its success relies on the use of representative boundary conditions, such as weather 

data. 

The mainstream approach for representing weather data in energy simulations, the test reference year 

(TRY) method, was developed decades ago with a main focus on aiding building designers to reduce 

heating needs. Considering the growing role of solar energy in the design of building and cities, and 

the increasing interest in the guaranteed performance of such systems, it is questionable whether the 

best practices for solar resource assessment are aligned with the relevant challenges of the energy 

transition. 

The focus of this thesis is therefore on critically examining state of the art methods and proposing new 

approaches for fit-for-purpose solar resource assessment, with regards to (i) improving equitability of 

energy policy frameworks, (ii) enhancing future-proof design support of low-carbon buildings and (iii) 

increasing bankability of PV systems in the built environment. The key findings of the PDEng project 

include: 

 developing an innovative weather-driven spatial clustering method and applying it to the case 

of the Netherlands, which allowed to address the issue of underestimating electrical PV 

performance by up to 15 % in the coastal regions 

 proposing two adaptations to the EN-ISO 15792-4 methodology for constructing the test 

reference years to stimulate fair comparison between different building design alternatives 

 suggesting risk-based approaches for developing meteorological datasets intended for 

performance predictions of PV systems 

 exploring accuracy and trustworthiness of the four PVGIS satellite-based approaches to 

stimulate the use of reliable weather datasets with high spatial granularity allowing geo-

specific design support 

 creating a method for evaluating impact of intra-monthly sequences of cloudy days on load 

matching and utilization of on-site renewable energy for dwellings with PV-battery system 

The proposed improvements based on the meteorological considerations have then been tested 

applying a performance-based approach, with case studies under realistic conditions including a typical 

Dutch dwelling, the forthcoming energy efficient buildings policy framework and a number of available 

meteorological datasets for the Netherlands. These case studies have highlighted that utilization of 

more robust methods for design optimization is required. 

As the outcome of the work, all findings were synthesized into techno-economic implications for 

different target groups, including investors, occupants, SMEs from the PV industry, grid operators and 

society at large. Finally, the suggested actions for policy-makers to put these implications in practice 

and to move the building simulation industry towards fit-for-purpose utilization of weather data have 

been proposed. 



 

 

 

 

 

Since the dawn of the 21st century, the notion of the energy transition (ET) is deeply anchored in the 

energy agenda of all post-industrial societies (Verbong and Geels, 2007). Not merely political and 

societal concerns regarding climate change, but also innovations and technological developments 

targeted at improving energy and resource efficiency are commonly mentioned as the main drivers 

towards a sustainable energy transition (Bosman et al., 2014).  

The built environment occupies a key place among the contributors to greenhouse gas emissions, but 

at the same time has a tremendous potential for energy savings (Becchio et al., 2016). The most 

immediate and cost-effective way of moving the building stock towards reducing energy use is 

achieved through optimization of building envelope insulation levels, utilization of efficient HVAC 

installations and wider deployment of decentralized renewable energy systems (IEA, 2019).  

On the road towards achieving sustainability targets, modeling and simulation are considered as 

important key enablers for both facilitating the design support of high-performance buildings, and 

providing the basis for energy innovation policies (Clarke and Hensen, 2015; Qudrat-Ullah, 2015). 

Extending this towards risk-informed decision-making, it becomes possible to ensure the optimal 

selection of economically feasible energy-efficient designs among competing alternatives, and 

appropriate sizing of such systems under the wide range of technical and financial uncertainties (Hopfe 

and Hensen, 2011; Rezaee et al., 2015).  

It is important to note that the validity of the outcomes of building performance simulations strongly 

relies on the representativeness of the boundary conditions, such as weather data (Hensen, 1999). The 

current best practice for representing weather data in energy simulations is the test reference year 

(TRY) approach, implying creation of representative datasets by combining the most characteristic 

months from the long-term historical meteorological observations at a certain location (Crawley, 2007; 

Herrera et al., 2014). The main benefits of the TRY method include: 

 high accuracy in representing the average monthly meteorological conditions (Herrera et al., 

2014) 

 widespread global availability and compatibility with the majority of building performance and 

renewable energy simulation software packages (Hensen, 1999) 

 preserving natural cross-correlation of meteorological parameters associated with 

concatenation of TRY from the real typical months (Thevenard and Brunger, 2002)  

 significant reduction of the computational effort of the simulation and facilitation of the 

outcome analysis (De Miguel and Bilbao, 2005) 

 mitigating negative impacts of a missing and invalid data (Pernigotto et al., 2014) 

However, emphasizing the point that the TRY approach was developed decades ago with a main focus 

on aiding building designers to reduce heating needs (Pernigotto and Gasparella, 2018), pertinent 

questions regarding its applicability for the specific challenges of the current energy transition arise. 



 

Although one would expect that the TRY approach is also useful for solar energy applications, there is 

growing evidence that shows that this is not always the case (Garcia and Torres, 2015). As the focus 

point of energy-related issues evolves, the following aspects of the state-of-the art method should be 

reconsidered and reassessed with a view to further improvements: 

 In the context of regulatory frameworks, uniform parameters and boundary conditions are 

often assigned to relatively large geographical areas (Walsh et al., 2017). Considering the 

growing role of urban solar photovoltaics (PV) in the construction practices for net-zero energy 

buildings (Zahedi, 2006; Ferrari and Becalli, 2017), solar resource assessment acquires a special 

significance. Pernigotto and Gasparella (2018) outlined the importance of sub-clustering of 

European climates in accordance with the global horizontal irradiance (GHI), due to its 

significant spatial variability. Since solar irradiance variation substantially amplifies along 

coastlines and in foothills (Palz and Greif, 1996), it would be particularly important to 

reconsider the reliability of the existing approach to use a single TRY for representing the 

typical solar conditions in such instances.  

 To bring forth a standardized approach to create TRYs, the EN ISO 15792-4 technical standard 

(ISO, 2005) adopted a method for generating reference years based on FS-statistics 

(Finkelstein and Schafer, 1971). The approach was developed at a time when minimizing heat 

losses in building was a main concern (Garcia and Torres, 2015) and implies assigning similar 

weights for relative humidity, dry bulb temperature and solar radiation. Moreover, the final 

selection of the candidate months is driven by the wind speed, which is the subject of criticism 

due to its large local variability (Lund, 1974; Pernigotto et al., 2014). Therefore, it is of 

significant importance to reconsider whether the applied selection procedure is still valid for 

the modern-day environment and the shift towards (nearly) zero energy buildings (nZEB).  

 Typical reference years are constructed using ground-based measurements, since it is the most 

reliable and the least uncertain source of solar resource data (Sengupta et al., 2015). However, 

since availability of ground-based data is limited to the location of sites where measurements 

have been carried out, the new approaches of modelling solar irradiance using cloud cover 

retrieval from satellite imagery are becoming more popular (Palmer et al., 2018). Satellite-

based approaches allow to overcome the shortcomings of low spatial granularity of GHI by 

providing more location specific irradiance (Suri et al., 2008), and therefore they should be 

examined for further applicability.   

 One of the potential areas for TRY improvement corresponds to the adoption of risk-aware 

techniques towards improving the bankability of PV projects (Vignola et al., 2012). The current 

methodology for creating TRYs focuses on obtaining “typical” scenarios (P50). From the 

perspective of robust design, accounting for the extremes becomes particularly important, 

because climate change is likely to increase the frequency of occurrence of extreme 

environmental conditions (Herrera et al., 2014). From the business point of view, successful 

emergence of a “clean-tech” technology requires a simultaneous coexistence of favorable 

governmental policies and innovative business models (Johnson and Suskewicz, 2009). 

Creation of the extreme (P90) weather files might stimulate introduction of risk-based 

business models, such as providing of power production (kWh) guarantees ensured by the PV 

suppliers (Huijben, 2015).  

 The current synthesizing method for the TRYs is based on monthly averages and does not take 

into account the intra-monthly transition sequences of meteorological events (Li et al., 2017). 

It should, however, be noted that timing of energy demand and production becomes especially 

relevant when we consider future scenarios, where incentive schemes (e.g. net-metering) for 



 

electricity prosumers, are terminated (Comello and Reichelstein, 2017). Therefore, for the 

cost-effective sizing of energy storage solutions, it would be valuable to ensure that realistic 

spells of multiple overcast/sunny days are incorporated into the reference years.  

 

 

The main objectives of this PDEng project are: 

 To critically examine whether the best practices for solar resource assessment are aligned with 

the relevant challenges of the energy transition. 

 To reconsider and reevaluate the current state-of-the-art methods for the creation of typical 

meteorological years for building performance simulation of nZEBs. 

 To design adaptations for the best practices, with regards to improving equitability of energy 

policies, effectiveness of design support and increasing the risk-awareness of PV performance 

prediction in the built environment. 

 To test the proposed improvements with case studies under realistic conditions including a 

typical Dutch dwelling, the forthcoming energy efficient buildings policy framework and a 

number of available meteorological datasets for the Netherlands. 

 To provide recommendations on the fit-for-purpose use of weather data and to propose an 

action plan towards creating future-proof meteorological datasets, which meet most of the 

modern-day requirements. 

 

 

Figure 2 shows a graphical outline this PDEng report. 

Chapter 2 suggests the requirements for future-proof weather data and highlights its relevance for 

three key stakeholders: policy-makers, designers of low-carbon buildings and SMEs from the PV 

industry.  

From the stated requirements, five proposed improvements to the common-practice methods have 

been formulated and investigated in Chapter 3, through an iterative approach of making initial 

prototypes, collecting feedback and refining the design. In section 3.1 these improvements are 

investigated from a meteorological perspective, while section 3.2 takes a performance-based 

approach. 

The proposed improvements are targeted at (a) weather-driven spatial clustering, (b) creation of 

custom irradiance-based TRYs, (c) exploration of satellite-based approaches, (d) risk-based (P50/P90) 

analysis and (e) investigation of short-term meteorological spells. 

Subsections 3.2a – 3.2b contain two separate case studies: (a) an nZEB dwelling within the BENG policy 

framework (NEN, 2018), which is the Dutch implementation of the EPBD recast (2010) and (b) an 

energy flexible dwelling in the context of the impending net-metering abolishment. Throughout this 

section, the proposed improvements from the meteorological part are tested using the performance-

based energy assessment technique (Hensen, 2002).  

Project conclusions are separately discussed for four different target audiences in Chapter 4.  



 

An overview of the main contributions of this PDEng project is presented in section 4.1. 

Section 4.2 synthesizes findings retrieved from the meteorological and application-oriented analysis 

into the techno-economic implications for different recipients: building owners/investors, building 

users/occupants, SMEs from the PV industry, power grid operators and society at large. 

The suggested actions for policy-makers to put these implications in practice and to move the building 

simulation industry towards fit-for-purpose utilization of weather data are presented in section 4.3.  

The next steps to be taken by technological designers and researchers to further develop the future-

proof methods for solar resource assessment are summarized in section 4.4. 

 

Figure 2 Outline of the PDEng report



 

 

 

 

As mentioned in the introduction chapter of this report, the traditional TRY method for representing 

the typical meteorological conditions at a given location, has significant limitations in the energy 

transition context, therefore fit-for-purpose design of robust high-performance buildings imposes 

strict requirements on the weather data used for building performance simulations. 

In order to identify the priority directions for the development of new solar resource assessment 

methods, set of the requirements for future-proof weather data has been formulated. 

Table 1 provides an overview of the major requirements for meteorological data to be used in the 

energy assessment of low-carbon buildings with photovoltaic installations. These requirements are 

classified into two principal groups: (i) quality-related, which stimulate the improvement of 

meteorological data accuracy and (ii) practice-related that bring up soft criteria related to ease-of-use 

and practical applicability. Because of the different interests of stakeholders, the purpose of using the 

weather files can lead to multiple varying and often contradictory criteria. For instance, while primarily 

temporal and spatial representativeness is of the utmost importance for design support, the trade-offs 

between the accuracy and simplicity of use and implementation should be brought to the forefront in 

regards to energy policy making.  

A full description of the requirements for weather data is provided under the Table 1. 

Table 1 Requirements for weather data 

             Quality-related requirements            Practice-related requirements 

 Geographical representativeness 

 Spatial granularity 

 Representativeness for epoch 

 Short-term dynamics 

 Cross-domain validity 

 Equitability 

 Usefulness for risk-based assessment 

 Governability 

 Transparency 

 Ease of use 

 Credibility 

 Reflection of natural conditions 

 

Geographical representativeness is a critical issue for enabling accurate design support. From the 

design perspective, it is essential to ensure that weather data is suitable for the given location.  In order 

to accomplish this, the geographical resolution of the weather data should match changes in the local 

topography and microclimate. Therefore, energy policy-makers should ensure sufficient spatial 

granularity of weather data by applying the climatic zoning if spatial heterogeneity in meteorological 

conditions is observed. 

Being one of the major boundary conditions for building energy analysis, input meteorological data 

has to be inclusive and up-to-date. Besides the year-to-year variations, there are also longer term 

tendencies, associated with climate change. The requirement of representativeness for epoch deals 

specifically with the long-term trends. 



 

Besides the annual-based analysis, meteorological data is also often used for sizing purposes and 

assessing the short-term dynamics of system behavior, i.e. in relation to the load-matching and self-

consumption of PV installations. It is important to check if peculiar short-term spells of low-irradiance 

days and/or temperatures are actually captured in the typical meteorological datasets. Moreover, the 

temporal resolution of weather data should be sufficient to match the purpose of the analysis. 

The cross-domain validity requirement defines the applicability limits for weather files to avoid the 

usage of particular types of typical meteorological data for purposes other than intended. For instance, 

TMY3 weather files based on the Sandia method are inappropriate for (i) simulating wind energy 

applications, due to relatively low weighting for wind velocity (Wilcox and Marion, 2008), and (ii) for 

modeling overheating in buildings (Jentsch et al., 2014) or assessing thermal comfort (Yang et al., 2014) 

as its construction procedure that relies on identifying average weather patterns prevents it from 

including extreme weather events. 

The equitability requirement aims at avoiding unfair disadvantage for certain technologies, while 

performing building energy modeling. It attributes to the procedures describing the selection criteria 

for concatenating typical meteorological years. 

Knowing the nominal scenario is not always sufficient for the energy assessment. To help quantifying 

the risks associated with a solar energy project, it is imperative to evaluate both typical and extreme 

scenarios. This can be achieved by using either multi-year simulation to derive the long-term 

probabilities of exceedance, or performing simulation using a statistically-obtained conservative or 

optimistic meteorological year. Consequently, the bankability aspects are addressed with the 

usefulness for risk-based assessment requirement. 

Governability is an essential criterion for policy-making. The compliance procedures should be explicit, 

unambiguous and easy to check. The compliance rules should not be open to the interpretation of the 

user. 

To stimulate the fit-for-purpose usage of weather data, it is important to ensure that stakeholders are 

aware of how a weather file is constructed and are able to understand how it works, which is addressed 

with the transparency requirement. 

In practice, one of the main factors for successful implementation of the methodology is ease of use 

and integration into the existing workflow. For instance, in some cases the preference might be given 

to a single year simulation using data in a widely-applicable formats. 

In addition to the features above, meteorological files also need to fulfill the credibility requirement. 

It is important for the stakeholders when the applied method has a proven track record within the 

industry (Herrera et al., 2014). 

Preserving realistic cross-correlations between the meteorological parameters (i.e. temperature, solar 

radiation, and humidity) is critical for avoiding implausible side-effects while carrying out building 

performance simulations. The priority is often given to weather file construction procedures that 

ensure reflection of natural conditions. 

 



 

 

 

Three major stakeholders, who directly interact with the weather files for building energy modeling 

and performance simulation, are considered in this report: 

 Policy-makers (governmental entities), whose primary mission is to provide a regulatory 

framework that maintains the trilemma between energy supply security, environmental 

quality and economic efficiency (Kern and Smith, 2008). 

 Designers of low-carbon buildings (architects, energy engineers, environmental consultants) 

with a main task to ensure cost-effective, energy-efficient and environmentally-friendly design 

of high-performance buildings, with a preference for time-efficient design processes (Hensen 

and Lamberts, 2012). 

 Small and medium enterprises (SMEs) from the solar industry (manufacturers and providers 

of the turnkey solar energy solutions) offering life-cycle oriented business models (Shih and 

Chou, 2011), whose major focus is on the accurate and risk-aware performance prediction of 

PV systems in the built environment. 

Table 2 highlights the importance of different requirements related to use of a weather data, for the 

given stakeholders, whereas color-code indicates level of relevance (direct relevance (■), indirect 

relevance (■), low or no relevance (■)). 

Table 2 Relevance of the weather data requirements for the key stakeholders 

Requirements / stakeholders Policy-makers nZEB designers SMEs PV 

Geographical representativeness ■ ■ ■ 

Spatial granularity ■ ■ ■ 

Representativeness for epoch ■ ■ ■ 

Short-term dynamics ■ ■ ■ 

Cross-domain validity ■ ■ ■ 

Equitability ■ ■ ■ 

Usefulness for risk-based assessment ■ ■ ■ 

Governability ■ ■ ■ 

Transparency ■ ■ ■ 

Ease of use ■ ■ ■ 

Credibility ■ ■ ■ 

Reflection of natural conditions ■ ■ ■ 

 

From the analysis of requirements, it was possible to identify the points of particular focus for weather 

data improvement and to formulate five proposals for reevaluation and adaptation of the existing 

approaches, presented in the Chapter 2 of this report. 

In chapter 4.2, the focus will again turn to stakeholders, but in that instance the expected techno-

economic implications of the five proposed improvements will be described.  



 

 

 

Dutch technical standard NEN 5060: 2018 (NEN, 2018) based on the EN ISO 15927-4 (ISO, 2005) 

proposes a procedure for creating a single test reference year that is based on long-term climatic data 

measured at KNMI weather station De Bilt and is meant to reflect the typical conditions for the whole 

country. Selecting De Bilt as a representative location has been motivated by the availability of the 

long measurements record and its geographical position in the middle of the Netherlands (Brandsma, 

2004), however solar radiation conditions across the country are quite diverse due to the maritime 

influence. NEN5060: 2018 reference year is intended to be used for building energy assessment and is 

a part of NTA 8800 energy policy framework (BENG, discussed in Chapter 3.2a in details). 

As part of this PDEng project, analysis of spatial irradiance patterns has led to the disconcerting finding 

that, due to a meteorological phenomenon, De Bilt is located in an area of relatively low solar resource 

availability. Therefore, inability to capture the geographical spread of solar radiation accompanied by 

usage of a conservative weather file as a reference in the standards, potentially results in significant 

underestimation of solar photovoltaic potential for urban PV installations in the Netherlands. 

The fundamental methodological choice for creating a single representative weather dataset for the 

whole country, without climatic zoning, has to be reconsidered to stimulate the contemporary industry 

intention of enhancing sustainability in a built environment by increasing the share of distributed 

renewables. 

The majority of climatic zoning classifications has been initially developed within the framework of 

academic or institutional research (Briggs, 2003), being only subsequently embedded in mandatory or 

voluntary regulations after going through a process of validation and discussion. The first proposed 

improvement therefore focuses on evaluating and proposing a new method for weather-driven 

clustering in the Netherlands with an emphasis on energy policy making. 

 What is the geographical representativeness of De Bilt for the whole country? 

 Which weather station is the most representative for the Netherlands? 

 Can geographical representation be improved with the clustering-based climatic zoning? 

 



 

Climate has a large influence on both building thermal performance (Givoni, 1998; Li et al., 2012) and 

renewable energy generation (Ludig, 2011), and climate zoning is commonly regarded as an approach 

to rationally account for regional climate features (Walsh, 2017b). In the building construction sector, 

climate zones typically refer to designated regions with a minor variability in meteorological 

parameters, allowing to implement a set of uniform mandatory requirements or recommendations 

with regards to the building design. Therefore, energy efficiency programs are often formulated in 

accordance with pre-defined climate zones (ASHRAE, 2016). Parameters, which are individually 

specified for a climatic zone might include different thermal properties for building envelope 

components, passive design guidelines and performance-based energy use intensity (EUI) thresholds, 

with corresponding reference weather data to perform energy efficiency assessment.  

Early climatic classifications from the mid-20th century, such as Köppen-Geiger and Thornthwaite 

systems incorporate mostly temperature and precipitation information, in order to highlight mainly 

relations between the vegetation and climate, or to study animal species diversity (Conradie, 2012). 

While these classifications are particularly effective for determining the ecological systems and 

studying potential effects of a climate change, they have limited relevance to a building energy 

analysis, for the reason that solar irradiation, wind speed and other influencing meteorological 

parameters are not taken into account (Pernigotto et al., 2018). Geographical distribution of global 

solar radiation should be primarily considered for the definition of the climatic zones since it is a 

notable factor impacting all other climatic parameters (Budyko, 1969). 

Pernigotto et al. (2018) carried out a critical examination of an internationally widely adopted practice 

to implement the Köppen-Geiger climatic zoning for building energy analysis. The study demonstrated 

that the key characteristics of the Cfb group (temperate oceanic climate), which entirely covers the 

Netherlands, are minimal temporal and highest spatial spread among the European climates. From 

these findings, it can be concluded that the spatial heterogeneity for Cfb is approximately the same 

order of magnitude as the temporal variability of solar irradiation, and consequently, the sub-

classifying of the meteorological stations by GHI is of the utmost importance. 

Another commonly-adopted method for climatic zoning is the heating degree days (HDDs) approach. 

Owing to its simplicity, the degree-days technique has been widely used in the building construction 

industry. Particularly, HDDs serve as a reliable indicator of building energy use in cold climates, where 

wind speed, humidity and solar radiation have less impact on the heat balance of the building, than 

ambient temperature (Makhmalbaf, 2013). 

The implementation of clustering analysis for climatic zoning provides an opportunity to use specific 

meteorological and geographical variables that are particularly relevant for building energy 

performance. Two general approaches for applying data segmentation techniques for climatic zoning 

are: (i) weather-driven clustering, relying on classification of sites based on similarity of selected 

meteorological parameters and (ii) performance-based clustering drawing on outcomes of energy 

modelling of selected reference dwellings. The main advantages of the weather-driven clustering are 

its simplicity, customizability to relevant parameters and universal applicability for different building 

types. 



 

In order to perform climatic zoning for the Netherlands, a weather-driven clustering study was carried 

out for global horizontal solar irradiation and heating degree days. Subsequently, the proposed 

method has been validated using data from North Italy (see Appendix A). The detailed description of 

the applied method, clustering results and discussion are presented further in the relevant sub-

sections below. Following that, the practical applicability of the obtained clusters has been investigated 

in the case study 3.2a: BENG* dwelling. 

The new method for a weather-driven clustering comprises the following 15 steps:  

1. Multi-year hourly meteorological data for the Netherlands has been obtained from the KNMI 

database using a batch script for wget and post-processed using Matlab.   

2. Annual GHI values have been derived for 26 KNMI stations with the best data availability, for 

the time period from 1996 to 2015, which corresponds exactly to the time-range for NEN5060: 

2018 reference year. 

3. Cumulative distribution functions (CDFs) of GHI for the given KNMI stations have been plotted. 

4. Element-wise distance metrics (i.e. Euclidean distance) have been applied to the CDFs to 

acquire the dissimilarity score between the distributions of the solar irradiation.  

5. A 26x26 correlation matrix has been built in accordance with the distance metrics. 

6. Hierarchical clustering methods (i.e. SLINK, CLINK, UPGMA, WARD) have been applied to the 

correlation matrix to perform assembling of the KNMI stations into clusters. 

7. Dendrograms allowing to categorize stations into numerous clusters have been obtained for 

each of the clustering combinations. 

8. The appropriateness of several statistical methods to evaluate the clustering quality (i.e. 

Davies-Boulding Index, Silhouette index, Mann-Whitney U-test) has been investigated. 

9. A new indicator for defining the optimal number of clusters from the application perspective 

has been proposed. The percentage of year misclassified (PYM) index provides a better way 

of characterizing the captured share of historical irradiance conditions, than previously 

examined statistical measures. The thresholds of 5% and 10% to the mean irradiance have 

been applied to different clustering configurations in order to evaluate the relative 

improvement of PYM to the reference scenario, in which De Bilt represents the whole-country 

solar conditions. 

10. Two different methods for characterizing the weather conditions of the cluster were 

examined. The more advanced method implies creation of the TRY based on the combination 

of all historical meteorological conditions from all weather stations within the given cluster. 

The simplified method involves picking the most representative location for each individual 

cluster and creating TRYs that will serve as a reference for the whole cluster. The latter 

approach has demonstrated comparable accuracy to the complex one. 

11. A new methodology for selecting a representative station for the cluster has been proposed. 

It is based not solely on statistical quality indicators, but also on the socio-economic factors, 

such as population density. 

12. Spatial considerations have been introduced into the analysis by means of GIS-mapping. The 

categorized data have been plotted on the map of the Netherlands. The obtained clusters have 



 

been validated with satellite data. The clustering results have shown a good approximation 

with satellite retrievals. 

13. For validation purposes, the proposed clustering approach has been successfully applied to a 

dataset from North Italy. On top of that, our method has demonstrated its capability to enable 

detection of the unreliable meteorological observations.  

14. The same clustering procedure has been reproduced for the heating degree days as a main 

variable. There is a considerable overlap between the two examined methods for climatic 

zoning. 

15. With regards to the practice-related requirements for weather data, the conceptual idea to 

provide a supplementary graphical interface with an aid to increase the transparency of energy 

assessment, has been presented. Additionally, several ideas towards increasing governability 

and simplicity of use are summarized in the “discussion” section of this development.  

 

Historically, in order to capture the geographical spread of weather conditions across the Netherlands, 

the meteorological station has been settled in De Bilt, which is intended to be the representative 

location for the whole Netherlands due to its attractive position right in the very heart of the country 

(Figure 3) 

 

Figure 3 Location of the meteorological stations in the Netherlands (source: KNMI, 2019) 

In order to analyze the spatio-temporal variability of solar resources in the Netherlands, the annual 

values of global horizontal irradiation from 1996 to 2015 have been sorted in ascending order and 

plotted individually for the 26 examined locations, selected based on availability of high quality 

ground-measurements without data gaps. The innovative feature of the proposed method is 

performing clustering based on empirical cumulative density functions, allowing to take into account 

not only spatial, but also temporal variability of irradiance. Figure 4 demonstrates CDF for De Bilt 

relative to CDFs of other KNMI meteorological stations, where the ordinate axis represents the 

cumulative frequency and the abscissa specifies aggregated solar irradiation in kWh/m2 per year. 



 

 

Figure 4 CDFs of annual GHI for De Bilt comparing to other KNMI stations  

The data from Figure 4 indicates the following three aspects: 

 Spatial and interannual variabilities of GHI are of the same order of magnitude, which makes 

climatic sub-classification by solar irradiation a promising solution. 

 CDFs for KNMI sites barely intersect, so clear patterns for different locations are observed. 

 Unfavorably for PV system competitiveness, De Bilt is characterized by one of the lowest 

annual average solar irradiation values in the Netherlands. 

Even though simplicity of use is an important factor for methods underlying the creation of national 

building regulations (Walsh et al., 2017), De Bilt is not an appropriate choice for representing the 

irradiance conditions of the whole country. Therefore, either reconsideration of the reference location 

for the Netherlands, or introducing several climatic zones by means of irradiance-based clustering is 

required. 

Generally, any algorithm of the clustering analysis prescribes several common steps including selecting 

objects and variables, determining similarity/dissimilarity between the objects, grouping objects into 

several clusters, and finally evaluating the obtained clusters (Shirkhorshidi, 2015). Ideally, the division 

of meteorological stations into clusters should be characterized with a small inter-cluster and large 

intra-cluster variation in annual solar irradiation. 

In order to identify how data from different stations resemble each other, distance metrics have to be 

used. Figure 5 demonstrates the concept of applying Euclidean distance metrics by the example of 

CDFs for De Bilt (reference site - ●) and De Kooy (coastal site - ●), where Equation 1  is used. 

𝑑𝑖𝑠𝑡 (𝑎, 𝑏) =  √∑(𝑎𝑖 − 𝑏𝑖)2 

𝑛

𝑖=1

                                                    (1) 



 

 

Figure 5 Applying dissimilarity metrics to CDFs of GHI 

The outcome of applying distance metrics is a correlation matrix (Figure 6), which provides information 

on dissimilarity of solar irradiation between the examined KNMI stations. The highest dissimilarity is 

observed between Vlissingen in the South-West and Deelen in the East, while the most homogeneous 

distributions are observed for the meteorological stations Hoogeveen and Eelde from the Drenthe 

province in the North-East.   

 

Figure 6 Correlation matrix of GHI dissimilarity 

After calculating the GHI correlation matrix, the next step is to apply an agglomerative hierarchical 

linking approach, based on step-wise combining of meteorological stations into clusters in accordance 

with the distance metrics. Particularly, the first candidates to form a group are the two sites with the 

least Euclidean distance among themselves (i.e. Hoogeveen and Eelde), while further expansion of 

clusters depends on the selected linkage method.  

Four basic linkage methods for agglomerative hierarchical clustering have been considered, including 

single-linkage nearest neighbor (SLINK), complete-linkage furthest neighbor (CLINK), unweighted pair-

group method using centroid averages (UPGMA) and Ward’s method (Bouguettaya et al., 2015). 

From the bottom-up perspective, different linkage methods create various clustering combinations on 

the initial steps of aggregation, anyhow resulting in similar combinations at a higher level. Moreover, 

it has been noted that clusters created using year-by-year sequences of data are pretty similar to 



 

clusters based on empirical CDFs. Other things being equal, at this stage the priority has been given to 

Ward’s linkage method, since it tends to create larger groups, instead of partitioning individual sites, 

and therefore producing numerous outliers. This feature is particularly important, since keeping a 

minimum number of consistent climatic zones enables to support simplicity of regulatory standards. 

With the Ward’s method, groups are formed in such way that the pooled inter-group sum of squares 

is minimized. That is, at each step the two clusters are combined, which result in the least possible 

increase in the pooled within-group sum of squares. The linkage process can be comprehensively 

illustrated by means of dendrograms as is shown in Figure 7 by the example of four clusters obtained 

using the Ward’s method: 

 

Figure 7 GHI-based clustering: dendrogram for the Ward’s linkage method 

Figure 8 and Figure 9 demonstrate the empirical CDFs for the KNMI stations grouped into three and 

four clusters using the Euclidean distance metrics and Ward’s linkage method. 

 

Figure 8 CDFs of annual GHI for three clusters using Ward’s linkage method 

 

 

 



 

 

Figure 9 CDFs of annual GHI for four clusters using Ward’s linkage method 

As is demonstrated via color coding in Figure 8 and Figure 9, the proposed method can reliably divide 

stations into numerous numbers of clusters according to its similarity. While in the first case, almost 

no intersections between the data lines is observed, the introduction of the fourth cluster dissolves 

the biggest group M (●) into two quite similar sub-groups MA (●) and MB (●). The appropriate number 

of clusters has to be justified and the next challenge is to propose a suitable method to identify the 

optimum. 

There are several statistical indices to evaluate the clustering quality, while the notion of good 

clustering is relative and depends on point of view. For instance, the Davies-Bouldin Index evaluates 

intra-cluster similarity and inter-cluster differences, while the Silhouette Index measures the distance 

between each of the data points, the centroid of the cluster it was assigned to and the closest centroid 

belonging to neighboring cluster (Maulik and Bandyopadhyay, 2002). 

However, even though these methods might serve as a good indicator for clustering robustness and 

detecting outliers, they are not appropriate for evaluating the clustering quality in relation to policy-

making. The analysis of the outcome using aforementioned statistical indicators has led to 

identification of the requirements for a fit-for-purpose indicator to comply with: 

 Firstly, the appropriate clustering quality indicator shouldn’t rely on cross-cluster 

dependencies, but instead should reflect how each individual station correlates with the 

“reference” of its parent cluster; 

 Moreover, it should numerically describe an improvement from the baseline case (i.e. using 

De Bilt) and provide added value for the designers, such a probabilistic information based on 

historical measurements. 

 It should relate to the purpose/function of the investigation and explained in performance 

metrics  that are relevant for the stakeholder 

  



 

Given the shortcomings of the previous statistically-driven measures, the need arose to create a new 

indicator that characterizes the percentage of the captured share of historical solar irradiation 

conditions. By counting the number of years within a specific threshold (standard deviation, 

percentage, or kWh-based) from the mean GHI of a time series, it is possible to identify the percentage 

of years misclassified (PYM) for various clustering combinations, and therefore to account for both 

temporal variability and spatial heterogeneity of irradiance. Figure 10 illustrates the PYM method by 

example of baseline (no climatic zoning, NEN5060: De Bilt reference year) and proposed (three GHI-

based clusters obtained using Ward’s linkage) cases with a threshold of 5 %. 

 

 

Figure 10 Percentage of Years Misclassified (PYM) for baseline and proposed cases 

The following key observations have been made regarding the PYM method: 

 From a mathematical standpoint, the robust way of defining the most representative location 

for the cluster is picking a meteorological station with the most typical mean and the least 

standard deviation of GHI. However, other socio-economic factors might also play an 

important role in selection. Such factors will be presented in the discussion section. 

 The key PYM results for different clustering combinations are summarized in Table 3. The cells 

with the representative stations for specific clustering configurations are highlighted with the 

root color for the cluster. Values in the cells state for the percentage of historical years for the 



 

given meteorological station, captured within the 5 % threshold by the representative TRYs for 

a cluster. Multiple instances of x2, x3, and x4 correspond to the clustering configurations (full 

database dissolves into two clusters – x2 ● and x2 ●, the latter one dissolves into x3 ● and x3 

●, which subsequently dissolves into x4 ● and x4 ●) 

 Currently, the percentage of years misclassified amounts to 73% (assuming a range of ~+/- 25 

kWh/m2 annually or 5% or ~σ from the reference solar irradiation) when using De Bilt TRY 

based on the ISO 15792-4 procedure (▪) for the 26 KNMI stations and a time-range from 1996 

to 2015. If the designated “solar year” that corresponds to P50 (proposed in the sub-chapter 

3.1b) is used, the PYM will be 65% (●). This deviation has to do with the selection procedure 

for meteorological parameters. Moreover, if the task is to define the most representative 

location in terms of irradiance for the whole country, it should be either Rotterdam or 

Eindhoven with PYM equal to 54 %.  

 The optimal number of clusters relies significantly on the range of acceptable values. Assuming 

the PYM-threshold of 5%, introduction of a second cluster considerably improves the 

percentage of misclassified years from 54% to 46%. Addition of a third cluster is twice less-

effective, amounting to 42%, while a fourth cluster provides no additional improvement. 

Table 3 Percentage of years misclassified (PYM) for different clustering combinations 

Clustering 

configuration  
(i.e. X1 = 1 cluster; 

   - representative 
station) 

Threshold 5 % (+/- 26 kWh): % captured (1996-2015) 

▪ 
ISO 

● 
DE 

BILT 

ᴥ 
● 
X1 

● 
X2 

● 
X2 

● 
X3 

● 
X3 

● 
X4 

● 
X4 

Maximum of 

SEL
F X1 X2 X3 X4 

HOEK VAN HOLLAND 10 10 75 0 75 5 10 0 0 5 0 75 75 75 

VALKENBURG 5 5 55 30 50 25 5 30 30 25 30 50 50 50 

HOORN-TERSCHELLING 5 5 70 10 60 5 5 10 10 5 10 60 60 60 

VLISSINGEN 5 10 45 15 50 15 10 15 15 15 15 50 50 50 

DE KOOY 5 10 45 20 45 15 10 20 20 15 20 45 45 45 

HOOGEVEEN 50 55 55 50 5 55 55 50 50 55 50 55 55 55 

DEELEN 65 50 55 25 5 25 60 25 25 25 25 25 60 60 

EELDE 55 65 60 45 5 50 65 45 45 50 45 50 65 65 

ARCEN 45 45 55 55 5 55 40 55 55 55 55 55 55 55 

NIEUW BEERTA 35 55 50 50 10 55 55 50 50 55 50 55 55 55 

DE BILT 45 55 55 30 10 35 55 30 30 35 30 35 55 55 

TWENTHE 55 50 55 45 0 55 55 45 45 55 45 55 55 55 

HERWIJNEN 25 30 35 40 35 40 30 40 40 40 40 40 40 40 

ROTTERDAM 20 35 60 60 15 65 35 60 60 65 60 65 60 65 

WESTDORPE 25 35 50 50 20 55 35 50 50 55 50 55 50 55 

CABAUW 5 10 60 50 35 45 5 50 50 45 50 55 55 55 

MARKNESSE 20 35 55 60 15 60 40 60 60 60 60 60 60 60 

SCHIPHOL 20 30 65 65 15 65 30 65 65 65 65 65 65 65 

MAASTRICHT 25 35 60 60 20 55 35 60 60 55 60 55 60 60 

GILZE-RIJEN 30 40 45 55 10 50 40 55 55 50 55 50 55 55 

LELYSTAD 25 50 70 80 0 70 45 80 80 70 80 70 80 80 

LAUWERSOOG 35 40 55 60 15 55 40 60 60 55 60 55 60 60 

HUPSEL 25 40 50 55 10 55 35 55 55 55 55 55 55 55 

VOLKEL 20 35 55 65 10 60 40 65 65 60 65 60 65 65 

LEEUWARDEN 25 40 55 60 20 65 40 60 60 65 60 65 60 65 

EINDHOVEN 30 30 65 65 10 65 30 65 65 65 65 65 65 65 

 
27 35 56 Total % captured 46 54 58 58 

73 65 44 PERCENTAGE YEARS MISSCLASSIFIED 54 46 42 42 

 



 

Moreover, there are several assumptions underlying the PYM method that have to be taken into 

account, particularly:  

 The typical reference year for a cluster might be constructed by either taking into account (i) 

whole set of observations for the particular cluster or (ii) only a subset of observations for the 

most representative station of the cluster. Results have shown that statistically there are no 

benefits in creating the virtual mean meteorological datasets over picking the most 

representative location for a cluster. Subsequently, it is recommended to adopt the second 

method, since it is simpler to utilize and replicate.  

 Since stations with a higher magnitude of irradiance tend to capture bigger number of years 

due to having higher threshold range, it has been decided to normalize thresholds to provide 

an objective comparison. 

 It should be noted that sometimes self-capturing (ᴥ) of historical irradiance observations 

within the threshold range taken from the mean of individual station is less than capturing of 

its observations by range that is considered from P50 of another meteorological station. This 

paradox is explained by non-normality of irradiance distributions.  

 While considering the threshold range, the assumption was made that the GHI-based least 

Finkelstein-Schaffer selection method results in P50 irradiance, which is not always true. For 

instance, the effect of leap years is not taken into account. 

 The most representative meteorological stations for the cluster have been selected 

considering the highest number of years captured within the considered range. However, it 

might differ depending on the PYM threshold: some meteorological stations are characterized 

by a higher standard deviation. It might be meaningful to include this issue into further risk-

assessment analysis, since it is not addressed in the current method. 

 The PYM index is calculated by using the “best of available” weather files for a meteorological 

station (i.e. best of ●, ● and ● if there are three clusters). For instance, in case of Cabauw that 

is characterized by a quite unique irradiance pattern, the most appropriate weather file comes 

from a different cluster. Consequently, the possibility of selecting most suitable TRY for the 

location helps to overcome the clustering imperfections that might happen due to dealing with 

outliers. 

 Optimal PYM thresholds might be tuned according to stakeholder’s needs by assuming the 

tolerable risk.  

 Finally, the proposed PYM index serves as an indicator of a clustering quality and identification 

of an appropriate number of groups to be considered in climatic zoning. From the perspective 

of risk-based assessment, it might be valuable to further separate the indicator between the 

years over-predicted and years under-predicted. 

The following step is to introduce spatial considerations in order to investigate whether there are 

distinct geographical patterns of clustering groups. Good approximation of clustering information with 

satellite data might serve as a validation of the proposed irradiation-based classification method. 

As shown in Figure 11, the obtained clusters are well-aligned with the patterns of solar irradiation, 

which confirms the correctness of the applied method. The highest solar irradiance is observed in the 

coastal areas. Generally, besides the topography and latitude that are not influencing factors in the 



 

case of the Netherlands, solar irradiation patterns are influenced by coastlines due to different 

roughness of the sea and ground. Uplift of the air masses moves upwards and formation of clouds in 

the raised air takes place some distance from the coast (Palz, 1996). 

 
 

 

Figure 11 Spatial variation of GHI in the Netherlands (a) and GHI-based clustering outcome (b) 

A consistent trend of decreasing spatial irradiance is observed eastwards through the whole territory 
of the Netherlands, with an exception of the uncertain region located in the vicinity of De Bilt.  In the 
province of Utrecht, GHI values are significantly different from site to site, whereas solar irradiation 
data obtained from De Bilt meteorological stations is much lower than in its surroundings (Cabauw and 
Herwijnen).  
 
Bearing in mind the geographical proximity of these stations, three reasons that potentially might 
cause the offset in solar conditions, are:  
 

 Systematic difference in solar irradiance conditions, which has been captured by 
measurements. 

 Difference in measuring techniques for the three sites, i.e. non-uniform equipment used. 

 Influence of specific local conditions on measurements, i.e. effect of surroundings: different 
albedo, horizon shading. 
 

In order to get insights regarding the irradiance data validity, specifically with regards to significant 
variations between examined meteorological stations, a KNMI expert was contacted for clarifying the 
observed results. Key findings from the meeting outlined the trustworthiness of the irradiance ground 
measurements, since solar radiation measurements are very much standardized among the KNMI 
network, e.g. all stations have pyranometers of the same type, which are carefully calibrated. Also the 
conditions are representative and no shading has been observed. Since the variations in GHI observed 
using ground-based measurements go in line with the satellite retrieval (see Figure 12). It shows that 
the forested areas (Veluwe, Utrechtse Heuvelrug) have lower GHI compared to their surroundings. 
Consequently, cloud cover enhancement over the forested area (Teuling et al., 2017) might explain the 
lower values of GHI in the proximity of De Bilt.  
 
Figure 12 demonstrates correspondence of the proposed clustering algorithm with the satellite 
retrieval derived using the KNMI METEOSAT Second Generation Cloud Physical Properties (MSG-CPP) 
algorithm (Deneke et al., 2008) and with the SolarGIS (Suri et al., 2011) map to highlight the key solar 
variability patterns in the Netherlands. 



 

 

Figure 12 Validation of the obtained clusters with the satellite retrievals 

In addition to GHI-based clustering of meteorological stations in the Netherlands, the HDD-based 

clustering has been performed. 

Heating degree days have been calculated by subtracting the outdoor temperature from the reference 

(base) temperature, while taking into account only the positive values. The base temperature (18⁰ C 

for the Netherlands) is considered as the outdoor temperature above which there is no need for a 

building to be heated. Cooling degree days are disregarded from the analysis due to its lower 

importance under the local climatic conditions. 

Figure 13 demonstrates the set of empirical cumulative density functions for heating-degree days for 

the 26 locations in the Netherlands, while color retains the information of the site affiliation to the 

GHI-based clusters. A relatively good fit between the two clustering methodologies is observed. CDF 

for De Bilt is highlighted in red in Figure 14. It can be seen that considering the heating degree days 

with a base temperature of 18 ° C, the multiyear curve for De Bilt shows a pattern that is close to the 

average for the country. 

 

Figure 13 CDFs of annual HDD for the three GHI-based clusters 



 

 

Figure 14 CDFs of annual HDDs for De Bilt comparing to other KNMI stations 

The spatial maps based on the outcome of the two methods are presented in Figure 15, where circle 

markers correspond to the solar irradiation clustering and triangle markers belong to the heating 

degree days’ classification. A very good fit is observed between the two clustering configurations, 

which is a good sign for homogeneous climatic zoning. 

 

Figure 15 Spatial outcome for GHI-based clustering (a) and HDD-based clustering (b) 

The following are key observations regarding the HDD-based clustering: 

 As anticipated, De Bilt is a good representation of average temperature conditions for the 

Netherlands.  

 A clear spatial structure from the South-West to the North-East of the Netherlands is observed. 

The only spatial outlier is meteorological station Lauwersoog that is influenced by a maritime 

airflow from the North Sea. 

 Without regards for the 2-3 extremely-high and extremely-low years, interannual variability of 

heating-degree days is minimal as is seen from the steep cumulative density functions. 

 As observed in the maps, there is quite a large overlap between the climatic zones obtained 

with the two hierarchical clustering configurations. The homogeneous structure of the clusters 

is still preserved, with just minor differences in outcome between the two methods. 17 out of 

26 stations remained within the same group as for GHI-based clustering. Five stations shifted 



 

in-between green and blue clusters, while two sites switched from the red to the green group. 

Finally, only the most northern KNMI station Hoorn switched from the red to the blue cluster, 

which is not a primary matter for concern due to a low population of the Terschelling Island. 

 The highest intra-cluster variation in HDDs is observed for the GHI-based red cluster, where 

Vlissingen and Hoek van Holland sites are generally characterized by warmer winters than the 

more northerly locations. It is important to further investigate the impact of 20 % mean annual 

difference in the number of HDDs on the thermal performance of the buildings. 

It should be noted that analyzing solely meteorological information is not enough to conclude if spatial 

variability for temperatures could be negligible. Thermal calculations are needed to address the issue 

whether it is important or not to sub-divide the Netherlands into few climatic zones. The case study 

related to this point is presented in the section 3.2a. 

To increase the transparency of the weather-driven clustering approach and to assist in understanding 

of which variability is expected using certain weather files, a supplementary graphical materials can be 

added to support the informed utilization of TRYs. 

The information should be delivered to the designers of low-carbon buildings in a form that is: 
 

 User-friendly and convenient to utilize. 

 Recommendatory rather than prescriptive to provide fuel for thoughts. 

 Concise and contains comprehensive risk-aware information (see Chapter 3.1c for detailed 
description) regarding the historical irradiance conditions. 

 
Figure 16 illustrates the mockup of a supplementary map that is intended to provide guidance for 
selecting the appropriate weather file for building/PV simulation depending on the site location. This 
mockup has been presented and thoroughly discussed with a SME, whose business thrives on 
providing PV generation guarantees.  
 

 

Figure 16 Mockup of a weather file selection method based on the geographical location of the site 



 

In contrast to a purely prescriptive clustering representation (Figure 16a), data-bars contain 
probabilistic information based on historical conditions. Since using of one threshold is not capable of 
describing information regarding the data variability at a certain location, the data bars might be 
supplemented by additional thresholds (e.g. 5% and 10%) as is presented below by an example of 
Valkenburg weather stations, located in South Holland (Figure 17). The red-green-blue clustering 
sequence corresponds to the descending magnitude of reference irradiance in TRYs. Moreover, 
information containing the percentage of over/under- predicted year might be included in design, 
which might provide added value for stakeholders who are interested in performance of the system 
under conservative conditions. 

 

Figure 17 Mockup of risk-aware data bars to represent the historical irradiance variability 

 It is recommended to consider sub-dividing the Netherlands into three climatic zones to ensure 
providing a level playing field for PV systems in the different regions of the country. If simplicity 
of energy policies comes to the fore, then reference location should be reconsidered as solar 
radiation in the proximity De Bilt is strongly affected by weather phenomena and is not typical 
for the whole country. Statistically speaking, Rotterdam and Eindhoven are the most 
representative candidates for construction of a single TRY for the Netherlands.  

 Accurate calculation methods for building compliance frameworks are of the utmost 
importance for avoiding unintended economic, technical and environmental consequences for 
different stakeholder groups including building owners, SMEs from the PV industry, building 
occupants, power grid operators and society at large, which is discussed in detail in the section 
4.2. Assessment of the state-of-the art approach has shown that the current method is over-
simplified and climatic zoning is required to ensure equal conditions for the whole country. 
Reconsideration of the energy policy framework is also relevant for PV sellers and companies 
that implement more accurate methods for design support, than is stated in policy 
requirements. Even if the more advanced methods than using single TRYs for irradiance 
assessment (i.e. based on statistical processing of data obtained from satellite retrieval) are 
used for design support, the current regulatory environment with its methodological choices 
negatively affects the estimation of solar potential and undesirably impacts the demand pull 
for PV systems. 

 In order to ensure fair comparison of sustainable design alternatives for high performance 
building design, the prescriptive weather-driven clustering approach with a set of 
corresponding typical reference years should be proposed. It serves as a good alternative for 
the current method applied in energy policies, allowing to address the issue of 
underestimating electrical PV performance by up to 15 % in the coastal regions. GHI-based 
clustering and HDD-based clustering provide pretty much similar outcomes. Therefore, 
synergy between the two solutions may be achieved by making clusters based on the solar 
irradiance and constructing TRYs in accordance with the relevant meteorological parameters 
for building energy performance. Different procedures for creating typical reference years are 
thoroughly discussed from the meteorological perspective in the section 3.1b and tested with 
regards to the representativeness for assessing nZEB building performance in the section 3.2a. 



 

 It is important to take into account not only quality-related requirements for climatic zoning, 
but also some soft socio-technical criteria. Firstly, taking into account administrative division 
of provinces can improve ease of governability. As is discussed in the requirements for weather 
data, the compliance procedures should be explicit, unambiguous and easy to check. 
Therefore, a clear administrative division of clusters has potential to introduce clear 
boundaries between the climatic zones (Walsh, 2017). Moreover, another proposal is to take 
into account population density and size of the urban agglomeration while selecting 
representative weather files for clusters. The most accurate data should be available for the 
regions with a dynamically developing building stock. For instance, in Italy for creating TRYs 
for building performance simulation, the sites that are the closest to big cities (capitals of 
provinces) are chosen (Baggio et al., 2010). Consequently, it is recommended to perform the 
selection of the representative location for the cluster based on three criteria: (i) the most 
typical mean, (ii) the least standard deviation and (iii) location of the site in the most populated 
area – closest to big cities (or spatially in the “heart of the cluster”).  

 For future work, it is recommended to proceed from the weather-based clustering towards a 
performance-based approach. Analysis purely based on the weather data processing offers 
clear benefits such as transparency and simplicity of implementation, together with an ability 
to provide consolidated conclusions for different types of buildings and installations. However, 
introduction of a case study allows to validate the clustering quality based on realistic 
applications. For the case study in section 3.2a, a low-carbon dwelling with PV panels on the 
roof has been considered, therefore the analysis combines thermal demand assessment and 
on-site PV generation. As a future work proposal, it would be interesting to consider 
implementing of an “energy-transition clustering”, which takes into account both PV 
generation and thermal needs of a “reference sustainable buildings”. 

  



 

When using the TRY concept in the realm of forecasting or guaranteeing the expected annual yield of 

PV systems, it is necessary to obtain typical or representative meteorological data of the most common 

weather conditions at a certain location. For solar energy systems such as PV, it is of particular 

importance that solar irradiance conditions are well represented. 

According to Lund (1980), a high quality meteorological year should be characterized by: 

 True frequencies (i.e., the reference year should be a good approximation of the mean values 

derived from a long period of measurements). 

 True sequences (i.e., the weather situations must follow each other in a similar manner to the 

recorded data). 

 True correlations (i.e., the weather data are cross-correlated variables). 

The traditional approach implies the usage of typical reference years – artificial datasets, which are 

composed of the concatenation of 12 actual months of the time-series of historical meteorological 

measurements (ISO, 2015), thereby preserving true correlations. While the matter of true sequences 

is thoroughly discussed in the section 3.1e (short-term spells), this section investigates how typical are 

the cumulative values of meteorological parameters in TRYs, relative to multi-year time-series. 

As discussed in Chapter 1, the Dutch technical standard NEN 5060 (Hygrothermal properties of 

buildings) describes a procedure for creating reference climate data based on the EN ISO 15927-4 

method. As recommended by the TRY construction procedure, dry bulb temperature, relative 

humidity, global solar radiation and wind speed are considered as selectors that make up 

representative meteorological data sets, however the possibility of using different combinations of 

weighting factors is considered in the standard as well (ISO, 2005).  

In August 2018, the decennial revision of the NEN5060 standard took place: the most significant 

change involved utilizing of newer set of source weather data to better reflect the recent observations 

in the climate. NEN 5060: 2008 version is based on the period from 1986 to 2005, while the 2018 

revision is based on the time-range from 1996 to 2015.  

In light of the revision, it is particularly important to perform an impact assessment of the transition 
to utilization of the new TRY for the Netherlands. 
 

 What is impact of an update of the NEN 5060 reference years?’ 

 Does it provide a good representation of recent meteorological conditions? 

 Is it appropriate for PV energy assessment? 

 Does it require modifications in the construction procedure? 

  



 

To determine how representative the new reference year is compared to actual recorded weather 

data, the cumulative values from the NEN 5060 have been compared with the annual data from KNMI 

station De Bilt. Figure 18 demonstrates a comparison between the two revisions of NEN 5060 and the 

actual measured solar irradiation in De Bilt. The blue lines show the GHI for the reference years, where 

the line length represents the period that has been included in the different versions of the NEN 5060 

Standard. 

 

Figure 18  Annual variability of GHI in De Bilt together with the NEN 5060 reference values 

As can be seen from the Figure 18, higher values of solar radiation with hardly any data points below 

1000 kWh/m2 are observed since 2001. Most of the low-irradiance years fall within the period 1986-

1995, which is not included in the new NEN 5060: 2018 standard. The positive trend in global solar 

radiation in the Netherlands can be attributed to aerosol concentration decrease and cloud effects 

(Boers et al., 2017). 

Worryingly, the paradox of getting a lower reference annual irradiance value under the brightening 

trend has been observed in moving to the updated benchmark for meteorological data. Contrary to 

the general increase in annual solar irradiation, GHI in the newer reference year is lower by 1.7%. The 

cause for this counterintuitive tendency lies in the fact that TRY is based on several climatic 

parameters, and implies final selection of candidate months in accordance with the wind speed. 

This undesirable side effect can be strikingly noticed when looking at the probability-of-exceedance 

(POE) graph, which is based on taking the actual observations and fitting it to a normal distribution 

(see Figure 19). 



 

 

Figure 19 POE of GHI in De Bilt together with the NEN 5060 reference values 

With the NEN 5060: 2008 data, 75% of the measured values during the period 1986-2015 are below 

the NEN 5060: 2008 line; this indicates a probability of exceedance of 25%, which means that it is 

expected that in only 25% of cases the annual reference solar radiation of 1014 kWh/m2 is exceeded. 

In the revised NEN 5060 reference year, the POE value shifts to 60%. Therefore, with the same spread 

in solar radiation, in the greater part of the years there will be more actual solar radiation than might 

be expected on the basis of the new standard. Furthermore, when we only look at the period 2002 up 

to and including 2016, there was only one year in De Bilt in which the GHI was less than what would 

be factored in according to the calculations on the basis of NEN 5060: 2018. 

Consequently, these conservative estimates can have a negative influence on the competitiveness of 

solar energy systems in the Netherlands, and reassessment of the construction procedure for TRYs is 

required.  

Potential improvements of the weather representation for PV systems performance prediction is 

investigated further in this section, while the influence of the custom meteorological years on thermal 

load assessment is examined within the framework of the case study 3.2a (BENG* dwelling). 

The EN-ISO 15792-4 methodology for constructing the typical reference years prescribes the following 

steps (ISO, 2005): 

i. Calculation of daily means from the hourly values of «p» for each of the years of the time 

series. 

ii. For each calendar month, the long-term cumulative distribution function of the daily means 

over all the years of the data set is calculated for each parameter, by sorting all the values in 

increasing order and then using Equation (2). 

iii. For each year of the data set, the short-term cumulative distribution function of the daily 

means for each calendar month is calculated by sorting all the daily means for that month and 

that year in increasing order and then using Equation (3). 

iv. For each calendar month, the FS statistic is then calculated for each year of the data set by 

using Equation (4). 



 

v. For each calendar month, the individual months are then ranked from the multi-year record 

in order of increasing size of FS-statistic for each parameter. Then, the individual ranks of the 

three climate parameters are summed in order to calculate the total ranking. 

vi. For each calendar month, for the 3 months with the lowest total ranking, the deviation of the 

monthly mean wind speed from the corresponding multi-year calendar month mean is 

calculated. The month with the lowest deviation in wind speed is selected as the best month 

to be included in the reference year. 

Ф(𝑝, 𝑚, 𝑖) =
𝐾(𝑖)

𝑁 + 1 
                                                    (2) 

𝐹(𝑝, 𝑦, 𝑚, 𝑖) =
𝐽(𝑖)

𝑁 + 1 
                                                 (3) 

𝐹𝑠(𝑝, 𝑦, 𝑚) = ∑|𝐹(𝑝, 𝑦, 𝑚, 𝑖) − Ф(𝑝, 𝑚, 𝑖)|          (4)

𝑛

𝑖=1

 

 

In order to explore the effect of different selection procedures for creating meteorological years, two 

custom adaptations to the EN ISO 15792-4 methodology were proposed in the current project: a 

weather year for solar energy systems (100 % weight to irradiance) and a balanced PV/thermal 

simulation reference year (33 % weight to irradiance, dry bulb temperature and relative humidity):  

In particular, these adaptation prescribe: 

 Selecting the final months entirely depending on the impact of solar radiation to the total 

ranking once the dataset is arranged in increasing order of FS statistic (hereinafter referenced 

to 1FS). 

 Following the calculation of FS-statistics for global horizontal irradiance, dry-bulb temperature 

and relative humidity, instead of choosing the final month based on the deviation of wind 

speed, selecting candidate months solely based on the highest typicality for these three 

parameters (hereinafter referenced to 3FS). 

The third type of the weather year under consideration is our reproduction of the full ISO 15792-4 

methodology (hereinafter referenced to ISO). It should be noted that the prescribed procedure is 

sometimes ambiguous and open to the user interpretation, for instance is such aspects as humidity 

(ISO (2005) recommends to use relative humidity, while NEN (2018) prescribes utilization of absolute 

humidity), temperature is sometimes interpreted as dry-bulb or dew-point, the ranking method 

applied could be competition, ordinal or fractional, wind speed deviation might be taken from the 

monthly mean or from the yearly mean etc. (assumptions considered in the implemented algorithm 

are underlined). Finally, the original NEN5060: 2008/2018 test reference years are used for comparison 

as a baseline and hereinafter referenced to NEN.  

It is worth noting that our implementation of the ISO algorithm resulted in POE: 48 %, in contrast to 

27 % in NEN5060: 2008 (see Table 4), while for the NEN5060: 2018 version of the Standard both 

implementations provided POE value of 56 %. 

 



 

Table 4 Total monthly GHI for 4 types of TRYs in De Bilt (1986 – 2005)  

 Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec Tot POE 

Type 
Total monthly GHI, kWh/m2  

GHI 21 35 71 116 152 143 148 131 87 52 21 13 990 43 

3FS 20 35 59 116 152 144 156 125 94 52 21 15 990 43 

ISO 20 37 71 101 152 147 156 117 85 54 26 16 984 48 

NEN 20 36 59 116 158 162 145 138 85 54 23 16 1014 27 

            

Mean 980 

 
In order to gain a holistic view of the uncertainties in irradiance variability brought by different TRY 
creation procedures, a set of the proposed weather files have been constructed and statistically 
examined for few locations across the Netherlands. 
 
Considering the bigger picture, ISO-based meteorological years are generally within the range of +/- 

5% in terms of GHI (or from POE: 25 to 75 %), 3FS years are within +/- 2 % (POE: 35 to 65 %), and 1FS 

years never exceeded +/- 1 % deviation range (POE: 40 to 60 %). 

Thus, among the three types of TRY files that have been created for each location, the 1FS technique 

which gives highest priority to GHI in the FS ranking, is generally closer to a probability of exceedance 

of 50%, but it is not always the case.  

The following are major findings and ideas regarding the creation of typical reference years towards 

getting the representative meteorological dataset for PV simulation: 

 Low spread: even though the 1FS method provides the best outcome in terms of representing 

mean annual GHI, the annual average of ISO TRY has a maximum deviation within 5 % from 

the long-term mean (usually below 3 %). 

 In relation to the irradiance-based clusters (section 3.1a): the possibility to create test 

reference year for the representative station of each cluster has been considered. Since there 

are few stations available in each of the clusters, one of the options to avoid creating non-

typical years could be to select the available TRY with the highest proximity to P50 of GHI. 

 Building load assessment: another option could be to create 1FS or 3FS weather files for the 

most representative location of the cluster, since these files are characterized with higher 

certainty of providing typical irradiance. Analysis of the consequences of using solar-oriented 

weather data in relation to the cooling/heating load assessment, using the 1FS, 3FS, ISO and 

NEN weather data is performed for the Dutch residential nZEB dwelling is performed in the 

section 3.2a. 

 For the future work, it is important to move forward from horizontal irradiance towards plane-

of-array (POA) irradiance/reference yield for few reference installations (i.e. sloped 

roof/façade systems with different orientation) to explore how uncertainties propagate 

through the model chain. The annual bias can be amplified in varying degrees depending on 

direct/diffuse solar radiation ratio (Urraca et al., 2018).   



 

The vast majority of existing methods for creation of typical meteorological years are focused on 

reproducing conditions that are as typical or characteristic as possible. As a consequence, these 

methods do not allow for assessment of financial risks due to insufficient energy production associated 

with the low-irradiation years (Vignola et al., 2012). Bankability requirements have encouraged the 

solar industry to obtain weather data not only for a typical, but also for conservative annual scenarios, 

in order to provide financial institutes with a tool for risk assessment (Gueymard, 2014). When 

considering providing kWh guarantees to end users, it is of great importance to take inter-annual 

variability into account in view of predicting long-term performance. 

To help quantify the risks associated with a solar energy project and to evaluate the uncertainty of 

inter-annual variability of irradiation, confidence intervals allowing to characterize a probabilistic 

nature of possible estimation error, have to be applied. Thus, confidence intervals constructed from 

the standard deviations, can be used for calculating the most prominent statistical measures, notably 

different probabilistic scenarios. Consequently, the probability of exceedance characterizes the 

likelihood of annual solar irradiation being exceeded in a given time-period. 

Assuming annual irradiation follows a normal distribution, which is generally close to reality 

(Tjengdrawira and Richter, 2016), probability of exceedance can be derived straightforward from the 

tables of the error function (Petrucelli et al., 1999) as follows: 

 𝑃𝑂𝐸50 = 𝜇 

 𝑃𝑂𝐸75 = 𝜇 − 0.675 ∙ 𝜎 

 𝑃𝑂𝐸90 = 𝜇 − 1.282 ∙ 𝜎 , etc. 

There is still no consensus among the scientific community regarding the approach for creating solar 

years for any given probability-of-exceedance scenario. Existing methods to determine probabilistic 

scenarios rely on two basic philosophies: performing multi-year simulations using historical data 

(Rottinger et al., 2014; Fernandez-Peruchena et al., 2015), or carrying out a single simulation using a 

bankable dataset. The possibility of performing multi-year simulation for PV system design and its 

bankability assessment is considered in SolarPACES guideline, however it is still recommended to use 

(un)typical solar years for PV yield performance prediction (Hirsch et. al, 2017) due to simplicity of use, 

less computational effort and better integration with simulation software. 

Wey et al. (2012) proposed a simple method for creating P90 TMY, where candidate months have been 

selected based on analyzing of percentiles, representing inter-annual variability. The methodology is 

limited to a single meteorological parameter (relies on a monthly sum DNI) and involves concatenation 

of selected months into a single year, which does not guarantee obtaining a full year with POE 90 %. 

Cebecauer and Suri (2015) has proposed a modification to overcome this issue by introducing iterative 

fitting, which starts with selecting penultimate months in terms of total monthly irradiation for the 

first guess, and continues until convergence of the annual average irradiation of the obtained dataset 

with the required value of POE 90 % is reached. Within the framework of the AENOR panel of experts, 

a methodology for calculating a percentile for annual DNI series has been developed; particularly, that 

study demonstrates the method to derive any probability-of-exceedance value by the estimation of 



 

CDFs from long-term annual irradiation series (Fernandez-Peruchena, 2016). The solar year proposed 

by Fanego et al. (2017) includes only global horizontal and direct normal irradiation values and 

comprises twelve calendar months, whose absolute difference relatively to the monthly expected 

values (MEV) are minimal. Twelve MEVs are individually calculated through exceedance probabilities 

and its sum should be equal to the annual target value of solar energy. The intra annual statistics 

describing natural behavior of irradiance is also considered in the method through the use of a 

composition of weights that take into account both individual contributions of calendar months to the 

total annual energy, and variability of the seasonally-adjusted monthly distributions. 

 How to construct POE-based dataset that facilitates bankability of PV systems in the built 

environment? 

 

All state-of-art methods discussed previously, are mainly oriented on obtaining conservative DNI 

predictions for risk-assessment of large Concentration Solar Power (CSP) plants (Polo et al., 2016), 

which has much tighter requirements for the prediction accuracy, than photovoltaic systems in the 

built environment, due to being associated with higher financial risks. Rather, other factors, such as 

reproducibility of the methodology, or keeping consistency between and typicality of the 

meteorological parameters are moving to the foreground. 

The technique for generating conservative meteorological years with regards to solar irradiation 

proposed in the current work, is based on modification of the conventional Finkelstein-Schafer 

statistical method, and merely requires few additional steps, notably: 

 Removing “n” extreme upper-tail probabilities from CDF of annual irradiations, which is 

originally represent by “k” years. The desired probability of exceedance can be tuned by 

controlling number of years removed from the initial dataset. 

 Recalculating FS-statistics for shortened dataset of “k – n” years.  

 Concatenating conservative solar years from the months with lowest FS-statistics value for 

shortwave downward irradiations (optionally and cautiously: from minimum sum of FS-

rankings of few meteorological parameters, if the weather file is going to be used for different 

types of calculations). 

It should be noted that, in order to achieve better accuracy, a selection of data points to be removed 

could have been performed not on the basis of extreme years, but on the basis of the individual 

months, however a contribution of sunniest months to the total irradiation is so high that this 

assumption, together with the “normality” assumption, does not introduce a significant bias. So far, 

this method had been tested for a few KNMI locations and has demonstrated the ability to create 

meteorological years with pessimistic scenarios of GHI, as is demonstrated by the example of 

Rotterdam site in Figure 20. Since half of the dataset has been taken away (red data points), it is 

expected to shift from mean value (POE ~50 %) towards the region of conservative estimates (POE ~75 

%), which indeed occurred.  



 

 

Figure 20 CDF of GHI for Rotterdam, together with POEs of typical and conservative solar years 

As a final note, it is undoubtedly important to distinguish between inter-annual variability and 

uncertainty of the annual mean (Polo, 2019). The inter-annual variability can be expressed by two 

simulation runs, using average and conservative solar year to express the lenders’ and sponsors’ 

perspective. 

 Few methods to account for low-irradiance years have been discussed in this chapter and 

proof of concept (POC) for creating bankable datasets has been proposed. It can be used for 

as a means to help increase adoptability of photovoltaic systems in a built environment. 

 Considering the capability of modern software tools for renewable energy assessment to 

carry out batch multi-year simulations (e.g. SAM; Blair et al., 2014), there is a limited benefit 

of creating typical/untypical reference year to account for the extreme scenarios. 

 For some advanced Building Integrated Concentrating Photovoltaics (BICPV) technologies, it 

might be valuable to consider creating risk-aware datasets based on both GHI and DNI. 

 

 

 



 

The most reliable source of solar resource data is the use of ground measurements (Sengupta et al., 

2015), although it is limited to the certain locations where these measurements were performed. In 

turn, most abundant data on solar resource availability is based on satellite observations (Ernst et al., 

2016), therefore its utilization allows to obtain solar radiation data that is more geo-specific. In recent 

years, considerable attention has been given to satellite-derived solar irradiation databases due to 

their great progress in relation to providing spatially continuous data with high prediction accuracy for 

most locations across Europe (Polo et al., 2016; Sengupta et al., 2017) and increased integration with 

the online PV performance assessment tools (e.g. PVGIS, PVWatts, PV*Sol). However, it has been 

demonstrated that satellite-based approaches can yield an overestimation of the solar potential 

(Ineichen, 2011). 

With an aim to stimulate fit-for-purpose use of satellite-based approaches, Vernay et al. (2014) 

explored features of 16 available datasets for Europe by analyzing their spatio-temporal 

representativeness, data type and operative mode in terms of accessibility and cost. Palmer et al. 

(2018) proposed a data-informed approach to aid the decision-making process in selecting between 

interpolation of ground-based measurements and satellite-retrieved data to be used for creating site-

specific hourly irradiance time-series as input for PV simulations, and applied it to a case study in the 

UK. According to Suri and Cebecauer (2014), the risk-prone locations with regards to predictive 

performance of radiation models, where the expected annual bias of GHI and DNI values can reach up 

to ±8 % and ±12 %, respectively are: high latitudes above 50°, coastal zones up to 15 km from a shore 

and urbanized/industrialized regions, particularly with dynamically-changing concentration of 

aerosols. 

The little information is available regarding accuracy of satellite-based approaches for Dutch 

conditions and it is questionable whether this data is trustworthy. Therefore, for local photovoltaic 

actors, it is of particular importance to investigate how accurate and trustworthy such 

satellite/weather reanalysis models are. The main aspects to be explored are the uncertainty of 

predictions for different models, the spatial distribution of errors, and finally the inter-annual and 

intra-annual variability of global horizontal irradiation. 

 How trustworthy are the satellite-based approaches for solar resource assessment in the 

Netherlands? 

 Which satellite/reanalysis model demonstrates the highest approximation to KNMI ground-

based measurements?  

 What are the application limits and potential implications of the satellite-based approaches? 

It should be noted that solar radiation models cannot be validated to a greater accuracy than that of 

ground-based measurements (Kostylev and Pavlovski, 2011). Therefore, in our analysis, ground-based 

measurements of GHI obtained from the KNMI database serve as reference or truth values. Satellite-

based data has been derived for the same geographical positions, as locations of the KNMI stations to 

perform the cross-comparison of GHI.  



 

Such issues, as disadjustment, instrument drift, or lack of cleaning, increase uncertainty in measuring 

GHI, while decomposition of GHI into the direct/diffuse components and transposition it to the plane-

of-array (POA) further amplify the error propagation through the modeling chain (Urraca et al., 2018). 

Many literature references (Jolliffe et al., 2006; Tina et al., 2012) prescribe implementing statistical 

measures of an average inaccuracy traditionally used to assess estimation errors, such as Mean Bias 

Deviation (MBD), Mean Absolute Error (MAE) and Root Mean Square Error (RMSE), and the 

corresponding normalized ones. While MBD is useful for understanding errors of long-term (annual) 

estimates, the latter indices might be important to explore discrepancies between short-term (hourly, 

daily, monthly) predictions. 

Consequently, the annual relative bias deviation (%), together with relative annual absolute deviation 

(%) of monthly deviations have been calculated in order to analyze the suitability of each solar 

radiation database (i.e. CMSAF, COSMO, ERA5 and SARAH) for PV simulations, since feasibility of PV 

systems is commonly assessed based on annual yield predictions (Muller et.al 2016). The period under 

consideration is from 2010 to 2015, in accordance with the data availability for the databases 

examined.  

The deviations have been calculated for satellite/model-delivered data relative to the ground 

measurements, obtained as a benchmark for locations of 26 KNMI meteorological stations across the 

Netherlands, and are presented in Figure 21, where bubble color corresponds to mean bias deviation, 

while bubble size represents mean absolute deviation. The inter-annual variability is shown in Figure 

22 by plotting cumulative density functions of irradiation for each location, where color-code retains 

information about spatial cluster affiliation from section 3.1a (GHI-based clustering). Figure 23 retains 

information regarding the inter-annual variability of predictions for satellite-based approaches by 

separately plotting irradiance for individual years on the example of 12 representative locations. 



 

 

Figure 21 Spatial distribution of errors for the four examined satellite-based approaches 

  



 

 

 

Figure 22 CDFs of annual GHI for the given satellite-based approaches 



 

 

Figure 23 Comparison of interannual variations of GHI for the given satellite-based approaches 



 

 The mean value of solar irradiation obtained using SARAH satellite model is equal to that of 

measured on-site by KNMI. The estimates of irradiation for the Netherlands lie within a range 

from 950 to 1150 kWh/m2 per year, similarly to ground-based measurements. 

 Inter-annual variability of irradiation for individual stations is the highest out of all models 

under consideration (STDEV = 36 kWh/m2) and is almost twice higher than that of KNMI 

observations. Moreover, PVGIS-SARAH is the sole model where inter-annual variability 

exceeds spatial variability. 

 Classification of irradiance-based clusters are less distinguishable than in case of the ground 

observations. The pre-defined cluster composition is slightly mixed as boundaries between the 

clusters faded away. 

 A slight underestimation of irradiation for the northern locations (Leeuwarden, Hoorn, Nieuw 

Beerta, and Lauwersoog) can be observed, with a mean relative bias of about 2 %. 

 Sites on the South-East of the Netherlands (Arcen, Maastricht) are rather overestimated by 

approximately 3 %. The phenomenon of major difference between De Bilt and Cabauw is not 

captured to the full extent, due to over-prediction of irradiance in De Bilt. 

 Finally, it has been observed that even though mean annual bias is least, SARAH model over-

exaggerates the impact of cloudy and sunny years, particularly in the central regions (Hoek van 

Holland, Cabauw, and Deelen). Consequently, it provides quite reliable results in the long-

term, but does not guarantee good fit for any single year. 

 The PVGIS-CMSAF satellite model tends to overestimate annual irradiation by 5 %, on average. 

None of the locations are under-predicted, while relatively acceptable output is observed only 

for the southern latitudes with annual exceedance of solar irradiation below 4 %. 

 Turning to the degree of inter-annual variability, it is, with some exceptions, similar to ground-

based measurements, with a slight downward trend South to North. 

 Few coastal sites on the North and West (e.g. Hoorn, De Kooy) are extremely overestimated 

by up to 10 %. Similar values are observed for the "dark spot" between De Bilt and Deelen. 

 In some areas, uncertainty of GHI estimates is very significant. For instance, the difference in 

mean annual irradiation between the two neighboring sites in the North (Leeuwarden and 

Lauwersoog) is 8 %, while according to the KNMI data they are almost equivalent.   

 This method provides both record-low and record-high values with regard to mean absolute 

error, resulting in MAD values of 0.5 % and 10.1 % for Hoek-van-Holland and Hoorn-

Terschelling sites, respectively. 

 Considerable inter-annual variation for Vlissingen site amounts to 15 % (STDEV = 66 kWh/m2) 

for the six year of irradiation modelling, which is a peak value by far. 

 COSMO reanalysis model is characterized by the highest underestimation of annual solar 

irradiation, particularly for northern and western parts of the country. The values are generally 

within a range of 6-9 %. 



 

 Also, the spatial variation between the sites is lowest compared with the other models. In fact, 

spatial and inter-annual variations of GHI obtained using COSMO are approximately of the 

same magnitude. 

 There are three especially noticeable locations, characterized by low-irradiance located on the 

North-East: Hoogeveen, Eelde and Nieuw Beerta. 

 Similarly to CMSAF, ERA5 weather reanalysis model tends to overestimate northern 

(Leeuwarden, Lauwersoog and Eelde) and western (Rotterdam, Valkenburg) locations by 8 % 

and 6 %, respectively. 

 PVGIS-ERA5 has the lowest magnitude of inter-annual variation among all considered models, 

consequently, almost no intersections between CDFs can be observed. 

 This method provides the lowest MAD values out of all satellite-based approaches for a few 

mid-latitude locations (Volkel, Cabauw, Herwijnen, Hupsel) amounting to annual errors of less 

than 1 %.  

 Finally, it has very strong spatial patterns: coastal location are characterized by the highest 

values of irradiance (“red cluster” sites together with the few locations on the western shore), 

while sites on the East (Deelen, Twente, Hupsel) attribute to the lowest annual GHI. 

The following are conclusions regarding usage of the solar radiation databases: 

 Generally, weather station density is key for decision-making between ground-based 

measurements and solar radiation databases. Palmer et al. (2018) found out that for regions 

with significantly variable climates and landscapes, the greater amount of ground 

measurement sites is required to obtain plausible data for acceptable interpolation accuracy. 

Neither the landscape/climate variability, nor spatial measurements coverage/length of 

recorded data period are issues for the Netherlands. 

 Most of the solar radiation databases under investigation (CMSAF, COSMO, and ERA5) tend to 

systematically over/under predict solar irradiation in the yearly scale, and are characterized by 

controversial spatial trends. The relative annual bias of GHI estimates might be as high, as ± 10 

%, particularly in the coastal areas and northern latitudes, which perfectly goes in line with 

expected range of bias outside validation sites (Suri and Cebecauer, 2014). The “dark spot” in 

the proximity of De Bilt and Deelen is generally not captured and therefore over-predicted. 

For the continental locations, particularly East and South of the Netherlands, error magnitude 

is not so pronounceable and does not exceed ± 5 %, particularly for ERA5, characterized by 

typical error range of 1-2 %. 

 The SARAH satellite-based approach provides a very good approximation of the mean long-

term annual GHI. On top of that, its merits include integration with open web-access tools for 

PV performance assessment, such as PVGIS (that includes the feature of generating satellite-

based TMYs for specific locations, which will be studied with case study 2.2a) and finally high 

spatial coverage density. Satellite data itself is going to be further improved with the launch of 

the Meteosat 3-rd Generation series from 2021 onwards, providing images at higher spatial 

resolution grid, as well as higher quality atmospheric aerosol data (EUMETSAT, 2015). 



 

 As a database providing the best estimation of solar radiation in the Netherlands in the long 

run, SARAH could not be disregarded.  However, it is also characterized by the highest inter-

annual variability among all models, which is almost twice as high as variability of ground-

based measurements. Moreover, predominance of the inter-annual variability over spatial 

distribution is peculiar only to SARAH estimates. In order to define the application limits of 

SARAH, its predictive performance on hourly/daily/seasonal basis is yet to be investigated 

using MAE and RMSE, as recommended by Tina et al. (2012). 

 Urraca et al. (2018) demonstrated that databases with the smallest bias in global horizontal 

irradiance may not always be characterized by the least bias plane-of-array irradiance due to 

amplification caused by direct/diffuse split, so it would be interesting to apply a similar 

methodology in order to explore error propagation through the model chain. 

 

  



 

Due to highly intermittent nature of the solar resource (i.e. large variability of solar irradiance 

throughout days and seasons), the energy mismatch issue between on-site PV generation and building 

demand arises, which is particularly evident in Northern latitudes, where the period of low solar 

availability overlaps with the peak period of heating energy demand, and vice versa. One of the clearest 

and most powerful ways to improve the load-matching is installing coupled PV-battery systems that 

allow increasing energy self-consumption, thus reducing energy dependency of a dwelling on the 

power grid (Castillo-Cagigal at al., 2011).   

Various types of financial support schemes, such as feed-in tariffs or net metering are currently in 

operation in different countries to provide compensation for energy delivered to the grid (Ossenbrink, 

2017). However, driven by the falling prices for PV systems and the critical penetration of intermittent 

decentralized renewables in some areas, energy policy-makers are now contemplating to terminate or 

reform these incentives for electricity prosumers (Huijben and Verbong, 2013; Comello and 

Reichelstein, 2017). 

To get a competitive offering for PV-battery systems, it is crucial to design them is such a way that a 

high rate of energy storage utilization, and therefore load matching is achieved. This is quite a 

challenge, due to highly dynamic and stochastic diurnal variations of both meteorological parameters 

(i.e. solar irradiance sequences) and load profiles.  

Albeit being a very powerful tool for predicting the actual energy bill and selecting optimal design 

alternatives (Hensen and Lamberts, 2012), building performance simulation (BPS) is often used to 

facilitate informed decision-making by exploring trade-off in battery sizing (Khatib et al., 2016) towards 

minimizing grid dependency, while avoiding unnecessarily increasing the energy storage capacity and 

therefore its capital costs.  

As discussed in Chapter 3.1b, the ISO-based approach for creating TRYs based on implementation of 

the FS-statistics (Finkelstein and Schafer, 1971) method takes into account typicality of monthly 

cumulative values for selecting the most representative month. On the other hand, the construction 

procedure is blind to intra-monthly transition sequences of meteorological parameters (Li et al., 2017). 

As an example, Figure 24 demonstrates two samples of GHI sequences over a period of 10 days, which 

are characterized with an equal cumulative solar daily irradiation. For case A, a period of five 

consecutive sunny days is followed by a five-day cloudy spell, while for case B, low and high-irradiance 

conditions are alternating daily. When PV is connected to an energy storage system, the surplus 

electricity during the sunny period is buffered to be later used during low-GHI spells, thus reducing the 

amount of energy drawn from the electrical grid and therefore increasing self-reliance of the system. 

Hence, intra-monthly transition sequences might significantly affect the performance as well as sizing 

considerations of PV-battery installations. For example, while a user might suffer a multi-day blackout 

in case A, a battery system designed for daily storage is likely sufficient to cope with the short-duration 

cloudy period of case B. It is thus important to take the variability of daily-weekly irradiance variations 

into account when designing low-energy buildings with battery storage, but it should be noted that 

such considerations are not explicitly included in the TRY approach, and there is currently no 

understanding of how well such effects are taken into account. 



 

 

Figure 24 Intra-monthly transition sequences (short-term spells) 

Having a probabilistic representation of short-term irradiance spells in artificial meteorological time-

series enables more accurate sizing of energy storage and generation reserves, as well as provides 

valuable information for system operators in the smart grids context, in relation to load matching and 

self-consumption. Therefore, it is important to get insights into the representativeness of TRY with 

regards to intra-monthly transition sequences of solar conditions. In this chapter, a method is designed 

that can be used to assess the extremeness of short-term low-irradiance spells in reference year 

NEN5060: 2018 relative to the multi-year time-series, solely from a meteorological perspective. The 

case study of a residential Dutch dwelling equipped with PV-battery system is presented in Chapter 

3.2b: Energy Flexibility.  

 How to develop a procedure that evaluates representativeness of TRY in terms of short-term 
irradiance phenomena? 

 

The process of investigating the solar potential of a given day starts by introducing the clear sky index. 

This is done by dividing the sum of the daily irradiation values obtained via the Ineichen-Perez clear-

sky model (Ineichen, 2008) by ground-based KNMI measurements for the same time-range (Figure 25). 

In this way dimensionless daily clearness index values are obtained, ranging from 0.1 to 1. 

 

Figure 25 Calculation of a daily clearness index 



 

Following that, the initial clearness-index datasets get transformed into ten logical sub-sets with 

threshold values in increments of 0.1. Next, the record number of low-irradiance days at a spell has 

been calculated for all threshold values, serving as an input for duration curves obtained for NEN5060: 

2018, together with a multi-year dataset of 20 years, which served as a basis to construct the test 

reference year.  

This procedure is demonstrated in Figure 26, by the example of February 2004, specifically the 

February that is intended to be typical, according to NEN5060: 2018. As can be seen from the left-hand 

graph, the daily clearness index does not exceed the threshold value of 0.5 during the period from 10th 

to 20th of February, and even reaches a period of 16 days below the threshold just above 0.5. For this 

particular month, the periods with high irradiance are concentrated towards the end of the month, 

and as such it is still being considered by NEN5060:2018 as the most characteristic one based on 

monthly GHI, despite the very unconventional spell of long cloudy days.  It is impossible to determine 

generic threshold values for clearness index, because such values are very case-specific and depend 

on the specific building and energy system configuration at hand. Yet, it can be noted that a value of 

0.5 means that only half of the irradiance of a full sunny day was received, and thus it can be said that 

such a day was fairly cloudy. 

The duration curve at the right-hand side of Figure 26 represents the same information, but visualizes 

all thresholds for all considered datasets in one graph, with the month obtained from the TRY (2004) 

marked in blue color, and the median spell highlighted in green. This way of visualization allows 

evaluating typicality of the benchmark months with regards to sequences of low-irradiance periods. 

Particularly, a wide variation between median low-irradiance spells and the one contained in the TRY 

emphasizes the need to explore the irradiance sequence issue further. 

 

Figure 26 Daily clearness index and duration curves for low-GHI spells 

Because the selection of a suitable thresholds is such an application-specific task, it is not appropriate 

to pick one specific threshold as numerical indicator of the number of consecutive low-irradiance days. 

The single numerical indicator inspired by the hypervolume (Auger et al., 2012) principle (HYPER, 

onwards) has been proposed to overcome this issue. As is shown in Figure 27a, it integrates the total 

area below the threshold and can simply be identified for all candidate months. In this example, the 

yellow polygon represents the low-extreme month - February 2000, the red polygon characterizes the 

high-extreme - February 1996, the green polygon expresses the median spell, and finally the blue 



 

polygon states for the number of consecutive low-irradiance days in the month taken from TRY - 

February 2004.  

 

Figure 27 HYPER index for assessment of short-term irradiance spells 

The result of calculating HYPER through the year, for all representative (min, max, median, TRY) 

months individually, is presented in the form of a spider chart in Figure 27b. It should be noted that 

the month of February serves as an example to demonstrate how the approach works only, and the 

HYPER method can be applied to any given time-range under consideration.  

 

 A method to assess the extremeness of multi-day irradiance spells was developed to provide 

insights into typicality of meteorological datasets with regards to intra-monthly GHI 

sequences.  

 The results of the meteorological analysis have demonstrated that the NEN 5060: 2018 test 

reference year for De Bilt is quite extreme in terms of sequences of low-GHI days, relatively to 

the multi-year conditions.  

 One of the clear limitations of method is inability to capture transition spells between the 

consecutive months. There could be merit to considering record seasonal/yearly irradiance 

spells, however it should be kept in mind that TRYs selection procedure relies on picking 

individual months from the dataset, individually from each other. Nevertheless, the whole 

period of low solar availability from November to February can be used solely for the purpose 

of evaluating TRY against a multi-year time-series. 

 In order to construct reference years, which will be representative in terms of low-irradiance 

sequences, the approach based on clustering days using K-means method and defining 

transition rules using Markov chain (Li et al., 2017), might be considered for the future work. 

 As is discussed previously, the selection of a representative threshold can influence the results 

of the analysis. It is purely application-driven consideration that should be further explored via 

exemplary studies. In view of the above the need to proceed from the math-specific indicators 

to an actual case studies that are able to demonstrate the effectiveness of the proposed 

methodology, is paramount. The case study oriented on identification the influence of weather 



 

data on load-matching indices for different dwelling/storage designs is performed in the 

Chapter 3.2b - Energy Flexibility. 

 When looking at the broader picture of challenges in design support for low carbon buildings, 

co-occurrence of extreme values/spells of several meteorological parameters is also of 

particular interest for related stakeholders. For instance, co-occurrence of extremely low POA-

irradiance and temperatures is within a zone of interest for EU Envision Project, coordinated 

by TNO, and aimed at exploring electrical/thermal harvesting potential of different façade 

solutions. Moreover, co-occurrence of low-irradiance and wind speed is a critical issue while 

designing renewable-energy based microgrids. In recent years, several studies explored trade-

offs in designing PV-wind microgrids, from a meteorological perspective (Dujardin et al., 2017; 

Graabak and Korpas, 2016; Miglietta et al. 2017). There is a striking potential of extending the 

proposed methodology to accounting for the co-occurrence of extreme meteorological spells 

at both building and microgrid level, however this goes beyond the scope of current report.  

  



 

 

Analysis of the performance of an nZEB dwelling utilizing different types of typical reference years 

against multi-year simulations utilizing actual meteorological years (AMYs) can provide useful insight 

in relation to the fit-for-purpose usage of weather data. In terms of requirements, the potential 

findings of the investigation address: 

 Cross-domain validity and equitability: checking whether the usage of custom “solar years” is 
appropriate for the building needs assessment, and vice versa. 

 Representativeness for epoch: checking if performance of different TRYs correspond well to 
the multi-year data set with respect to the probabilities of exceedance, and whether the recent 
climatic phenomena are captured in the weather data. 

 Geographical representativeness and spatial granularity: exploring accuracy of weather files 
for different locations: 
 

a. NEN5060 
b. IWEC EPWs 
c. Satellite-based TMYs “SARAH” for the exact location 
d. TMYx for the exact location 
e. Custom TRYs for exact location based on KNMI data 
f. Custom TRYs for another site from the same cluster (cross-validation) 

 
Specifically, the list of the weather files under consideration is as follows: 

 Set of multi-year weather files for a few locations in the Netherlands with good geographical 
coverage: Maastricht (Beek), Groningen (Eelde), De Bilt, Twente, Vlissingen and De Kooy, from 
1996 to 2018.  

 Corresponding custom TRYs for six reference locations: ISO, 1FS and 3FS. 

 Corresponding satellite-based TRYs for reference locations: SARAH. 

 Corresponding TMYx weather files (available since 31st of March, 2019) for reference locations: 
TMYx-N (based on 2003-2017) and TMYx-O (based on all available period of observations). 

 Three available EnergyPlus weather files for the Netherlands: IWEC Beek, Groningen and 
Amsterdam. 

 Dutch typical reference years for De Bilt for two time-periods: NEN5060:08 (1986 - 2005) and 
NEN5060:18 (1996 - 2015). Weather files for energy simulations and for assessing of the 
overheating scenarios (OVH-1 and OVH-5 for two probabilities of exceedance).  

 



 

  

Figure 28 Location of the weather data sites for the case study 

Meteorological data for constructing AMYs and custom TRYs have been obtained from the KNMI 

database (KNMI, 2019) and post-processed in Matlab. Irradiance decomposition has been performed 

in Matlab PVLib using DirInt model (Ineichen et al., 1992). Irradiance transposition to Plane of Array 

(POA) have been done in SAM (Blair et al., 2014) using Perez model (Perez et al., 1990).  

At the start of the PDEng project, weather data granularity for TRYs was a significant issue and was 

limited to the NEN5060 reference year for De Bilt and three IWEC meteorological years (Figure 28). 

In March 2019, however, a new dataset of meteorological files for the Netherlands TMYx has become 

available. TMYx weather files are derived from the US NOOA’s ISD (Integrated Surface Database) and 

follow the general principles from the IWEC TMYs. 

A brief analysis of the weather files has been performed for 26 locations across the Netherlands and 

has demonstrated that the current data does not seem trustworthy and it is not recommended for use 

in building energy modeling. Particularly, comparing to KNMI ground-based measurements:  

 GHI in TMYx is vastly overestimated by up to 45 % annually (e.g. for Hupsel and Marknesse) 

 A reversed temporal trend is observed since files based on recent data have less irradiance 

comparing to files based on older years, i.e. if comparing periods 1949-2017 to 2003-2017 

 The spatial trend goes against ground observations and satellite models, whereas coastal sites 

are characterized by the least GHI values (i.e. Hoek-van-Holland – 1048 kWh/ m2/yr and Hupsel 

– 1480 kWh/m2/yr) 

 Selected data does not match with KNMI hourly data for the same time-period  



 

 

Figure 29 Spatial variability of GHI in the Netherlands according to TMYx weather files: a) selected based on all period of 
observations, b) selected based on period from 2003 to 2017 

After detecting these anomalies in the TMYx weather data, the developers of the TMYx dataset were 

contacted to initiate an additional quality control procedure through which errors in the construction 

procedure were found (i.e. related to the sky cover calculation). At the time of release of the final 

PDEng report, some of the weather files have been updated. 

From when the National Environmental Policy Plan (VROM, 2011) has been introduced, the Dutch 

energy system has been an important player in adopting the innovative governance approach for 

sustainability in an integral manner (Kemp, 2010; Smith and Kern, 2009).  Accordingly, the major 

challenge for policy-makers is to provide a policy framework that maintains balance between the three 

paramount goals of the Dutch energy strategy: supply security, environmental quality and affordability 

(Kern and Smith, 2008).  

The cornerstone of the European regulatory framework is the Energy Performance of Buildings 

Directive (EPBD), under which all new buildings have to be nearly Zero Energy Buildings (nZEBs) starting 

from 2021 (European Parliament, 2010). According to the EPBD, building regulation standards should 

increase demand for nZEBs, increase their market value, and thus stimulate building construction and 

renovation processes to be in line with the triple bottom line objectives (Slaper and Hall, 2011). By 

introducing the new policy framework, it is expected to drive market demand towards energy efficient 

dwellings. 

Starting from 2020, new energy performance requirements will apply for new construction projects in 

the Netherlands (Nieman and DGMR Bouw B.V., 2017).  New “Bijna Energieneutrale Gebouwen” 

(BENG) requirements are a tightening of the current “Energie Prestatie Coëfficiënt “(EPC).  

One of the major drawbacks of EPC is related to combining of all energy efficiency measures into one 

dimensionless indicator that provides little insights into the way in which energy performance has been 

achieved (Murphy, 2012). To overcome this issue, BENG will express the energy performance of a 

dwelling with the three indicators: BENG-1 (energy use intensity), BENG-2 (primary energy use) and 

BENG-3 (share of renewables), whereas the focus of this case study is on the latter criteria. Since the 

share of renewables (hereinafter referenced to energy sufficiency) is defined as a percentage of the 

building demand, energy performance assessment of both parameters is required. 



 

NTA 8800 (NEN, 2018) describes the calculation procedures for BENG and can be considered as a 

dedicated tool for building compliance. As such, it should not be used as a design/dimensioning 

instrument or energy consumption predictor, due to assuming uniform parameters and boundary 

conditions for the whole country. 

It should be noted that the BENG* indicators considered in this case study follow the same logic as 

BENG, but do not follow the exact calculation procedure as prescribed in NTA 8800. The BENG-3 

threshold for renewable energy fraction is calculated by dividing the amount of self-generated 

renewable energy by the total energy consumption, whereas the latter is the sum of imported 

electricity to cover the primary consumption (heating, cooling, domestic hot water) plus the renewable 

energy generated itself. For residential dwellings, lighting and equipment loads are not included. HVAC 

fan energy has been disregarded from the BENG-3 threshold calculation. 

In collaboration with a visiting post-doc researcher at TU/e, building performance simulation and 

thermal loads assessment have been carried out in EnergyPlus, while the PV system has been modelled 

in SAM. The building model is based on a multi-family low-rise apartment dwelling (IECC, 2012), 

adapted according to the requirements of NTA 8800 (NEN, 2018).  

Table 5 Parameters for the BENG* energy model 

Building geometry 3-storey residential dwelling (18 apartments, 110m2 each) 

Construction properties According to BENG-2018 (NTA 8800) 

Floor  R = 3.5 m2K/W 

Exterior walls R = 4.5 m2K/W 

Roof R = 6.0 m2K/W 

Windows U = 1.65 W/m2K 

Temperature set points heating: 20 °C, no cooling 

Infiltration and ventilation 0.4 dm3/s.m2; ventilation with heat recovery 

Lighting 5 kWh/m2 

DHW 45 tenants, 865 kWh thermal each 

Equipment  2600 kWh per apartment (excluded from BENG calculations) 

COP heating: 5, domestic how water: 1.8 

BENG thresholds 
building energy: 70 kWh/m2 
primary energy: 50 kWh/m2 
share of renewables: 40 % 

PV system c-Si modules (Canadian Solar, 2019) South-facing. Tilt 35° 

PV: South-oriented roof area 393 m2 available for PV 

PV: m2 per kWp 8 m2/kWp 

 

 

Figure 30 Geometry of the BENG* multi-family residential dwelling (IECC, 2012) 



 

Figure 31 shows spatial variability of HDDs and GHI in the Netherlands based on KNMI ground-

measurements post-processed in Matlab and plotted using ArcGIS. Selected locations cover all the 

geographical spread of meteorological conditions in the Netherlands.  

 

 

Figure 31 Spatial variability of: a) HDDs, b) GHI in the Netherlands from 1996 to 2015 based on KNMI ground measurements 

In order to explore whether global horizontal irradiance serves as an appropriate indicator for the 

prediction of PV systems yield, and whether HDD is an appropriate indicator for nZEB heating needs, 

an analysis was performed to define the correlation between these parameters.  

The results show that the annual PV yield is reasonably accurately correlated with the global horizontal 

irradiance (Pearson coefficient > 0.97). Variations of yield-to-GHI ratio become more pronounced for 

façade PV installations and non-optimal azimuths (Pearson coefficient drops to 0.8), which can be 

explained by misalignment of overcast-sky hours and sun elevation angles observed during different 

days of the years, as well as by the temperature factor.  

Figure 32 shows that the correlation between HDDs and heating needs of the nZEB dwelling is very 

strong (Pearson coefficient > 0.95), and therefore results of the further analysis might be 

approximately extrapolated to other locations. However, it should be noted that the optimal base 

temperature varies from building to building and this conclusion is very case-specific. McGilligan et al. 

(2011) argued that the way the HDD method is calculated assumes steady-state conditions, whereas 

each degree rise would result in an equal rise of indoor temperature. Obviously, outdoor ambient 

temperatures will vary from comfort levels experienced in buildings, each with different levels of 

insulation and HVAC technologies. 



 

 

Figure 32 Correlations between the HDDs and heating demand of the BENG* dwelling 

Figure 33 and Figure 34 show the interannual variability of heating needs and PV yield for the BENG* 

dwelling.  For most of the years, site ranking remain unchanged. PV generation exceeds reference 

values of NEN5060 and IWECs practically during all years in all locations since 2003. For instance, 

reference PV yield for AMYs in Beek and Eelde always exceeded its benchmarking IWEC data by 3-23 

%. Additionally, there are no "red cluster" stations presented in the IWEC database, so 

underestimation in the coastal sites is even higher. With few exceptions of extreme winters, heating 

needs remain at a steady level.  

 

Figure 33 Interannual variability of the heating needs for the BENG* dwelling 

 

Figure 34 Interannual variability of PV yield for South-facing roof-mounted installation 



 

Figure 35, Figure 36 and Figure 37 visualize relations between the building heating needs and PV 

generation obtained for the nZEB dwelling in De Bilt, Vlissingen and Eelde using different types of 

weather data. Each grey dot represents the annual performance of the BENG* dwelling, simulated with 

actual weather observations from the period 1996 – 2018, while the various other markers indicate 

the results for dedicated weather files. The main observations are:  

 There is high similarity between the outcomes of the three custom TRYs (i.e. 1FS, 3FS, ISO) 

 A good fit between the custom TRYs and multi-year average regarding both heating needs and 

PV yield is observed 

 The representativeness of SARAH TMYs is slightly worse than other weather files, but still 

within a plausible range (deviation 5-10 %) 

 An overestimation of heating needs using IWEC weather files is observed 

 There is a critical overestimation of PV yield using TMYx weather files 

 The inability of NEN5060 to represent the whole-country conditions is clearly outlined (i.e. 

underestimation of PV yield in Vlissingen and underestimation of heating needs in Eelde) 

 

Figure 35 Heating needs and PV yield for BENG* dwelling in De Bilt using different weather files 

 

Figure 36 Heating needs and PV yield for BENG* dwelling in Vlissingen using different weather files 



 

 

Figure 37 Heating needs and PV yield for BENG* dwelling in Eelde using different weather files 

While performing building simulation of the reference dwelling using the NEN5060: 2018 weather file, 

the required roof area to meet the BENG-3 threshold equals 138 m2. Introducing of the interannual 

variability using actual meteorological years for KNMI De Bilt station (from 1996 to 2018) allows to plot 

a cumulative density function, and therefore to derive the probability of exceedance. Figure 38a shows 

that the designed PV capacity obtained using multi-year ground measurements for De Bilt varies from 

115 m2 to 191 m2 and POE for the typical year NEN5060 is 38 %. 

Adding multi-year CDFs (see Figure 38b) for more location across the Netherlands enables to 

simultaneously evaluate interannual and spatial spread of the meteorological conditions, resulting in 

a range from 102 m2 (occurred in Vlissingen in 2014) to 217 m2 (happened in Eelde in 1996). Even 

though the BENG* case study demonstrates that the NEN5060 weather file provides a good 

approximation of the typical meteorological conditions in the Netherlands, from the perspective of 

accurate design support, it would be beneficial to consider more benchmark locations in order to 

address the spatial variability issue. However, for compliance purposes where the trade-off between 

accuracy and simplicity of use is of particular importance, the climatic zoning should be well-argued 

and clearly defined. For instance, Figure 38b communicates a message of proposing three climatic 

zones that goes in line with the outcome of the weather-driven clustering from Chapter 3.1a. 

Moreover, dashed lines in Figure 38b characterize PV sizing for the 3 EnergyPlus IWEC meteorological 

years. It is seen that PV systems designed in accordance with the simulations using IWEC data are 

generally oversized and correspond to very high probabilities-of-exceedance, particularly from 80% up 

to 100%. 

 



 

 

Figure 38 Designed PV roof area to meet the BENG-3 threshold: a) Interannual variability for De Bilt & POE for NEN5060, b) 
Interannual variability for six locations & POE for four TRYs 

A different angle of evaluating the suitability of input meteorological data is assessing the variability of 

interannual energy sufficiency (ES) while designing the PV system in accordance with the BENG* 

threshold, while using different sets of weather files. So, in other words, the primary goal is to identify 

the most appropriate weather datasets for carrying out building performance simulation and PV sizing 

in such a way as to minimize the bias between the target (40 %) and mean multi-year energy 

sufficiency. 

Figure 39 shows multi-year ES curves for the BENG* dwelling that is placed in different locations across 

the Netherlands and designed in compliance with NEN5060: 2018 for energy calculations. As can be 

seen from the curves, PV systems in the coastal locations on the West are oversized amounting to POEs 

of 83 % in Vlissingen and 77 % in De Kooy, while sites on the North-East are rather underestimated and 

characterized by POEs of 17 % in Twente and 13 % in Eelde. The inability of the current methodology 

to account for uneven distributions of solar irradiance and spatial temperature gradient from South-

East to North-West results in a 10 % discrepancy in energy sufficiency levels and poses the question of 

necessity of climatic zoning in the Netherlands, to create a level playing field for building developers, 

by either introducing additional weather files or tuning the thresholds depending on the location of a 

dwelling. The latter option is easier to implement, however it doesn’t fulfill requirements of 

transparency and governability stated in Chapter 2.1, since different buildings have various responses 

to weather conditions.  

 



 

 

Figure 39 Variation in energy sufficiency (ES) while designing PV system according to BENG-3 requirements using NEN5060: 
2018 weather file 

Digressing from the building compliance frameworks towards nZEB design support, a similar 

approach of using energy sufficiency curves can be applied for assessing the accuracy of accounting 

for interannual and spatial weather variability. 

While selecting the appropriate meteorological data to be used for building energy modeling, the 

technical designer has a certain flexibility, due to spatial spread of the available weather files to pick 

from. The most common approach for selecting weather data for simulation with an aim to provide 

design support involves using EnergyPlus IWEC files for the nearby location. In some cases, the 

designed building might lie equidistant between several locations of available typical meteorological 

years. Assuming that the user can choose from various alternative meteorological datasets, while one 

source of data is characterized by a higher spatial resolution (i.e. satellite-based approaches) and 

another is more accurate (i.e. ground-based measurements), the analysis of geographical 

representativeness addresses the issue of defining the most relevant alternative for the specific 

location. Figure 40 shows map of the Netherlands, on which the examined locations for the reference 

BENG* dwelling are indicated.  

 

Figure 40 Examined locations for the BENG* dwelling and locations of the IWEC sites 

Three circles drawn from the locations of IWEC sites with a radius of 170 km (distance from any location 

in the Netherlands to an IWEC site) cover the whole-country area and emphasize the potential dispute 

areas with regards to selecting weather data; for example, for a project in Vlissingen, it is certainly not 



 

evident which weather file to use. Particularly, each of the IWEC TMYs can serve as a benchmark for 

the four potential locations: IWEC Maastricht (Beek) for Maastricht, Vlissingen, De Bilt and Twente; 

IWEC Groningen (Eelde) for Groningen, De Kooy, De Bilt and Twente and IWEC Amsterdam (Schiphol) 

for Vlissingen, De Kooy, De Bilt and Twente.  

Figure 41, Figure 42 and Figure 43 show the variation in energy sufficiency while designing the PV 

system according to the 40 % threshold using IWEC: Maastricht (Beek), IWEC: Groningen (Eelde) and 

IWEC Amsterdam (Schiphol) weather files, which resulted in roof areas of 153.4 m2, 167.9 m2 and 148.2 

m2, correspondingly. In this case study, the term “energy sufficiency” is used to refer to the percentage 

of building energy consumption covered by PV generation in the given year, without regards to 

simultaneity of demand and supply (this issue is covered in Chapter 3.2b). 

In most of the cases, PV capacity is vastly overestimated, except for the Twente site designed according 

to the Amsterdam’s weather. For instance, the optimal designed PV area for the Vlissingen site to meet 

the target mean multi-year energy-sufficiency of 40 % is approximately one quarter less, than provided 

by simulations using IWEC weather files. More specifically, during all years since 1997, the target 

designed energy sufficiency has been exceeded. 

 

Figure 41 Variation in energy sufficiency (ES) while designing PV system according to BENG-3 requirements using IWEC: 
Maastricht (Beek) weather file 

 

Figure 42 Variation in energy sufficiency (ES) while designing PV system according to BENG-3 requirements using IWEC: 
Groningen (Eelde) weather file 



 

 

 

Figure 43 Variation in energy sufficiency (ES) while designing PV system according to BENG-3 requirements using IWEC: 
Amsterdam (Schiphol) weather file 

Figure 44, Figure 45 and Figure 46 show the ES curves for three types of custom meteorological years: 

ISO-based, 1FS and 3FS, which were developed in this project, as thoroughly described in Chapter 3.1b. 

In this case, the BENG* dwelling has been designed using the typical years that are constructed based 

on statistical processing of local weather from 1996 to 2015. All simulations, carried out in accordance 

with the three proposed methods, ensure a high degree of accuracy with POEs from 35 % to 79 %, 

while the highest accuracy has been obtained using the ISO-based weather files with POEs amounting 

to 52-61 %.  

From this, it can be concluded that all three types of TRYs meet the cross-domain validity requirement 

and perform slightly better or worse depending on the simulation objective (i.e. 1FS for solar 

simulations, ISO-based for thermal load simulations, 3FS as a balanced solution).  

It should be noted that probabilities-of-exceedance tend to be slightly higher than 50 % due to the 

fact, that construction procedure for the meteorological files is based on period from 1996 to 2015 

(similarly to NEN5060: 2018), whereas energy sufficiency curves additionally include recent years from 

2016 to 2018. This has been intentionally done to evaluate the ability of weather files to represent 

future conditions, as they are going to be implemented for few more years, until the next update. 

 



 

 

Figure 44 Variation in energy sufficiency (ES) while designing PV system according to BENG-3 requirements using ISO 15927-
based weather files for exact locations 

 

Figure 45 Variation in energy sufficiency (ES) while designing PV system according to BENG-3 requirements using 1FS (GHI-
based) weather files for exact locations 

 

Figure 46 Variation in energy sufficiency (ES) while designing PV system according to BENG-3 requirements using 3FS 
weather files for exact locations 



 

Since the proposed climatic zoning method (from Chapter 3.1a) is already based on subdivision of the 

sites depending on their typical solar irradiations, it is recommended to use the ISO-based TRYs as a 

representative weather files for the clusters. As is discussed previously, the spatial granularity 

requirement has to deal with the spatial heterogeneity in meteorological conditions. Figure 47 and 

Figure 48 illustrate energy sufficiency curves for the two contrary approaches: selecting KNMI data-

based weather file for another site of the same cluster, or selecting satellite-based PVGIS-SARAH TMY 

(discussed in Chapter 3.1d) for a particular location. This analysis seeks to address the trade-offs 

between the dataset accuracy and geographical proximity to the reference site. For the clustering 

cross-validation, stations from the most and least homogeneous clusters (i.e. so-called blue (●) – 

Twente and Eelde, red (●) – Vlissingen and De Kooy) have been taken into consideration. 

From the design point of view, the clustering method is characterized by plausible POEs close to 50 %, 

since PV capacities within the clusters vary by less than 10 m2. Performance of the PVGIS-SARAH 

method is a bit less accurate, particularly for De Kooy, resulting in an exceedance probability of only 

13 %. From the compliance perspective, the additional advantage of the irradiance-driven clustering 

method are ease of use and lower complexity of governability. The data quality assurance of three 

weather files is much simpler to perform than that of a dataset with numerous of TMYs that come with 

a spatial resolution of about 5x5 km.   

 

Figure 47 Variation in energy sufficiency (ES) while designing PV system according to BENG-3 requirements using satellite-
based PVGIS-SARAH weather files for exact locations 

 

Figure 48 Variation in energy sufficiency (ES) while designing PV system according to BENG-3 requirements using ISO 15927-
based weather files for another locations of the same cluster (cross-validation) 



 

Figure 49 and Figure 50 illustrate energy sufficiency curves obtained using TMYx weather files for the 

building performance simulations. For most of the locations, target thresholds for energy-sufficiency 

are never achieved, with a highest exceedance probability in De Kooy amounting to 17 % and 9 % for 

the two types of TMYx datasets. Extremely high values of solar irradiation in the TMYx files result in 

undersizing of PV capacity. Consequently, the inability of solar photovoltaic systems to meet technical 

expectations can lead to negative economic and social impacts, such as for instance, financial losses 

for the solar energy enterprises relying on ensuring kWh guarantees, or the shuttered trust in 

distributed renewables in the eyes of local consumers and the public at large. 

 

Figure 49 Variation in energy sufficiency (ES) while designing PV system according to BENG-3 requirements using TMYx 
(2003-2017) weather files for exact locations 

 

Figure 50 Variation in energy sufficiency (ES) while designing PV system according to BENG-3 requirements using TMYx (all 
period of observations) weather files for exact locations 

Building performance simulations are often carried out to make informed decisions with regards to 

not only increasing energy efficiency, but also improving occupants’ comfort. Overheating discomfort 

has been assessed in accordance with the adaptive method EN 15251 - class II acceptability limits (CEN, 

2007). Similarly to PV generation, discomfort due to overheating for the BENG* dwelling partially 



 

depends on the levels of GHI in the weather file, as expressed by the Pearson’s correlation coefficient 

which is within the range of 0.6 – 0.7 for different locations (see Figure 51).  

 

Figure 51 Correlation between the thermal discomfort and GHI 

Figure 52 represents a scatterplot with interannual variability of heating needs and thermal discomfort 

due to overheating obtained using actual meteorological years for De Bilt during the period of 33 years. 

A clear temporal trends of increasing discomfort levels and reducing heating needs are observed. 

 

Figure 52 Interannual variability of heating energy needs and thermal discomfort using actual meteorological years for De 
Bilt (1986 – 2018). 

Similarly, a scatterplot is shown in Figure 53, but different types of TMYs instead of actual 

meteorological years are plotted.  



 

 

 

Figure 53 Variability of heating energy needs and thermal discomfort using different types of typical reference years for De 
Bilt 

 NEN5060: 2018 and custom TRYs for 1996-2015 are more extreme in terms of overheating 

than NEN5060: 2008 and TRYs for 1986-2005 that go in line with interannual variability trends 

 Updated files for overheating scenarios are also more extreme both in terms of thermal 

discomfort and heating demand 

 Even though TMYx weather files are very extreme with regards to GHI, it is not captured in 

assessment of overheating discomfort using the adaptive thermal comfort model  

 In real buildings, occupants will just open the window (or vent panes will be automatically 

controlled by the outdoor temperature) to avoid the overheating discomfort. The purpose of 

the analysis is not to represent reality, but just to provide an analysis of weather files and to 

indicate the extremeness of summer temperatures for different AMYs and TMYs. 

 Energy sufficiency curves demonstrate rather large year-to-year variations in actual energy 

sufficiency, when PV systems are designed in accordance with the BENG* 40 % threshold. From 

the curves, it is seen how custom weather files (developed in Chapter 3.1b) for irradiance-

based clusters (proposed in Chapter 3.1a) improve accuracy of accounting for interannual and 

spatial weather variability, relative to NEN5060 TRYs, IWEC TRYs, PVGIS-SARAH TMYs and 

TMYx weather files. 

 Probabilities of exceedance analysis with ES curves provides recommendatory information for 

nZEB designers. Using the multi-year energy performance insights, these designers can make 

informed trade-off decisions between risk and performance. 

 It is not recommended to use IWEC and TMYx data for design support. All IWEC EPWs are 

based on quite outdated values (including data from the 1980s). Consequently, solar potential 

is underestimated and heating needs are significantly overestimated. TMYx weather data are 

characterized by abnormal temporal and spatial trends and significantly overestimate solar 

radiation by up to 45 %.  



 

 Proposed meteorological years (custom TRYs) are the most representative datasets for both 

PV simulations and thermal demand assessment. In comparison to interannual variability, the 

deviation between custom TRYs is negligible. Wind speed-based selection does not lead to 

increasing variation in simulation outcomes, particularly for nZEB buildings where infiltration 

has major influence on the building thermal loads.  

 Site ranking is mostly preserved when investigating interannual variability. Recent years are 

characterized by warmer winters and sunnier summers and it is well-captured by custom TRYs. 

 The approach of using TRYs for irradiance-based clusters has similar accuracy to using PVGIS-

SARAH TMYs (Chapter 3.1d), but is much simpler with regards to governability and the wider 

policy-making perspective.  

 For the simplicity of use, the possibility of tuning energy performance thresholds (i.e. BENG-3 

for percentage of renewable energy generation) depending on location, instead of adding 

extra weather files should be considered. This option is easier to implement, however it is 

questionable whether it fulfills requirements of transparency and governability, since different 

buildings have various response to weather conditions. 

 For future research, it is recommended to consider carrying out performance-based clustering. 

However, reference building models should be more precisely defined to better represent 

realistic conditions. Depending on the site location, different building typologies/case studies 

can be used (i.e. office buildings in the agglomeration of major cities and detached houses in 

rural areas). 

 With the comparison of different weather datasets as main goal of this case study, the 

complexity of the problem was kept limited by taking a relatively simple building model, and 

making assumptions that may not always represent the state-of-the-art in the current 

industry. However, this case study can later be reproduced using more realistic nZEB dwelling 

properties and a full list of actual BENG indicators. Various important lessons regarding the 

nZEB energy model have been learned through a few iterative modifications of the building 

and its HVAC systems, envelope properties and parameters of the occupied spaces:   

o Thermal insulation: The BENG* dwelling is extremely well thermally insulated and 

therefore is weather-proof. For less-insulated dwellings, the impact of the 

environmental conditions on thermal loads will be more pronounced, and 

consequently inter-annual variability of building heating needs will be higher. 

o Internal gains: following that, heating/cooling needs of the reference dwelling are 

very sensitive to the internal heat gains from lighting, equipment and occupants. 

o Infiltration: moreover, BENG* dwelling loads are very sensitive to the infiltration 

levels. In EnergyPlus, infiltration is a partly dependent on wind speed and temperature 

difference. In practice, wind flow patterns in urban environments are extremely 

difficult to predict without performing CFD simulations, and they barely correspond to 

the meteorological observations that formed a basis for the weather files. Therefore, 

the higher the reliance of building loads on wind speed, the bigger the uncertainty of 

energy load assessment is. High infiltration has a significant impact on the heat balance 

of the building model, up to reversing of a spatial ranking of the sites.  

o Overheating discomfort and occupant behavior: finally, the BENG* reference 

dwelling is prone to overheating, since heat is trapped inside the highly-insulated 

envelope. Sophisticated HVAC systems modeling with advanced controls is required. 

In reality, occupant’s behavior (i.e. windows opening) is expected to have a significant 



 

impact on building energy needs. As installation of air-conditioning units is not a 

common practice in the Netherlands, it has been decided not to model the cooling 

system, but implementation of the overheating discomfort indicators might be 

valuable to consider in future design research, together with the assessment of 

NEN5060 weather files for overheating scenarios.  

 

 

 

 

… 

 

 



 

This case study uses a building model of a typical Dutch residential, semi-detached terraced house 

(Figure 54) from RVO (2019) as described in (Mohammadi et al., 2019).  

 

Figure 54 Geometry of the typical Dutch residential semi-detached terrace house (RVO, 2019) 

In order to satisfy various building standards, design options related to building envelopes (i.e. window 

type, insulation level of envelopes, infiltration rate) are altered simultaneously to form two different 

renovation packages (RPs), whereas RP1 meets the energy label B requirements, and RP5 meets the 

Passive house standard. The main design parameters are summarized in Table 6. 

Table 6 Key design parameters for the Energy Flexible dwelling 

Renovation package  RP1    RP5 

RC-floor, m2k/W  2.5 10  

RC-wall, m2k/W  2.5  10  

RC-roof, m2k/W  2.5  10  

Window U-value, W/m2K  1.8  0.52  

Window g-value  0.61  0.58  

Infiltration, dm3/sm2  0.62 0.1 

 

PV panels with a module efficiency of 18% are chosen for the on-site energy generation system 

(Canadian Solar, 2019). The size of PV system is 25 m2 for all considered design configurations, as 

maximum PV capacity is limited by the available South-facing roof area. With regards to energy 

storage, two design options are considered to demonstrate the influence of irradiance spells: no 

electrical battery and electrical battery with a capacity of 22.5 kWh (Sonnen Batterie, 2019). The load 

managing control strategy prioritizes to use generated electricity by the PV system to meet the 

demand and then to charge the electric battery with surplus on-site renewable production. If there is 

no demand and the energy storage is fully charged, then excessive electricity will be exported to the 

power grid. 

  



 

In this case study, two performance indicators are applied to assess load matching.  

On-site energy matching (OEM) indicates the effectiveness of the utilization of PV energy generation 

related to the building energy demand (Salom et al., 2014), as follows: 

𝑂𝐸𝑀 =  
𝑠𝑒𝑙𝑓 − 𝑐𝑜𝑛𝑠𝑢𝑚𝑝𝑡𝑖𝑜𝑛 [𝑘𝑊ℎ]

𝑜𝑛 − 𝑠𝑖𝑡𝑒 𝑔𝑒𝑛𝑒𝑟𝑎𝑡𝑖𝑜𝑛 [𝑘𝑊ℎ]
 

 

On-site energy fraction (OEF) describes the virtue of on-site generation, i.e. how often demand is 

lower than supply, and vice versa, in accordance with the following equation: 

𝑂𝐸𝐹 =  
𝑠𝑒𝑙𝑓 − 𝑐𝑜𝑛𝑠𝑢𝑚𝑝𝑡𝑖𝑜𝑛 [𝑘𝑊ℎ]

𝑒𝑛𝑒𝑟𝑔𝑦 𝑑𝑒𝑚𝑎𝑛𝑑 [𝑘𝑊ℎ]
 

 

The higher OEM and OEF are, the better it is from both user’s and grid operator’s perspective. If OEF 

is low (winter-time issue) then it means that self-consumption is minimal due to PV/storage 

undersizing and the building user will have to import most of the electricity from the power grid, which 

affects the energy bill and causes negative environmental impacts. If OEM is low (summer-time issue), 

then surplus electricity will put extra stress on the power grid, which is problematic for grid operators, 

and the user’s perspective, it might results in significant financial losses, considering the fact net-

metering will sooner or later be abolished.  

 What is the impact of short-term meteorological spells – which are not explicitly accounted 

for in the conventional TRY approach – on the performance of PV-battery systems in terms of 

load matching and utilization of on-site renewable energy?   

 How representative is TRY NEN5060 for properly quantifying the energy flexibility in 

residential dwellings in the Netherlands to support future-proof nZEB design? 

 Which building designs are at the highest risk of over/under sizing of PV-battery system? 

 

As discussed in Chapter 3.1e, intra-monthly sequences of cloudy days might significantly affect 

effectiveness of on-site generation for PV-battery systems. The HYPER performance indicator was 

developed to assess the extremeness of short-term spells for particular months. Taking into 

consideration the various months of February from the multi-year time-series (1996-2015), it was 

detected that the most extreme month in terms of cloudy days sequence was February 1996. By 

comparing it to a month with a similar magnitude of irradiance and heating degree days, and 

subsequently evaluating simulated on-site fractions for the passive house building with battery 

storage, it is possible to put this theory to the test. Figure 55 demonstrates multi-year variations of 

OEF and GHI for twenty Februaries, in which February 1996 (with the highest HYPER) and February 

2010 (with one of the lowest HYPERs) are highlighted.  



 

 

Figure 55 Multi-year OEF variations in Februaries (1996 - 2015) 

As is seen from the Figure 55, the HYPER indicator performs well. February 1996 was a month with the 

highest HYPER score and is characterized by a second-lowest GHI, which is much less than the multi-

year average. 

Comparison of February 1996 with February 2010 (Figure 56), which is lower in GHI magnitude but has 

much higher OEF, demonstrates that the reason in discrepancy lies in the intra-monthly diurnal 

transition patterns.  

 
Figure 56 Clearness index for two month with different intra-monthly sequences of GHI 

The next task is to explore the representability of TRY against the set of AMYs in terms of short-term 

irradiance spells. Figure 57 shows the correlation between the energy demand and on-site energy 

fraction for building design RP5-S (Passive house with energy storage) using actual years from 1986 to 

2018 and TRY NEN5060: 2018 



 

 

Figure 57 Correlation between the energy demand and on-site energy fraction: AMYs vs TRY 

From the Figure 57, we can make the following observation regarding the representativeness of TRY: 

 Very significant variation in OEFs are observed per month, which means that very large 

differences in OEF between actual and design conditions can be expected for PV-battery 

systems. 

 In December and January, TRYs provide overly optimistic predictions, which might lead to an 

inappropriate sizing and non-future-proof design. 

 Therefore, design optimization should not be based on the mainstream TRY methodology. 

 

In the design optimization for increasing energy flexibility of a dwelling, we are looking towards finding 

design solutions that deliver robust performance, i.e. they are not overly sensitive to this type of 

variations. Therefore, as a final task, an exploration was performed to study how different envelope 

insulation/storage capacity levels help to minimize the dependency of a dwelling on the power grid. 

Moreover, from the multi-year OEM/OEF variations, it was possible to derived for which designs the 

risk of non-optimal sizing is amplified.  

Figure 58 shows the correlation between PV generation and OEM for four design options. 

  



 

 

 

 

 
 

Figure 58 Correlation between the PV generation and OEM for four design options 

 



 

The following are some observations from the PV generation/OEM correlation for the four design 

options: 

 From a design perspective, we can observe for which designs OEM has an improvement 

potential. The more horizontal the trend is, the more there is space for energy matching 

improvement. 

 Huge risk are associated with not accounting for multi-year variability, particularly for the 

designs with energy storage option. 

 Under similar PV generation, OEMs are different due to short-term spells. When storage 

capacity is bigger, the prediction uncertainty using TRY is higher as well.  

 Energy label B building is more heavily influenced by the weather conditions than the Passive 

house. Therefore multi-year variability for this design configuration is highest, especially in the 

shoulder season. 

 In the winter (particularly in December), non-simultaneity of demand and supply is tackled 

with an energy storage system. Low PV generation is easily stored on-site and self-consumed, 

resulting in low variation in OEMs. If there is no energy storage, then simultaneity plays a big 

role, resulting in the highest variation during the low-irradiance months, which is not a big 

issue from the practical point, considering low electricity generation during winter. For the 

mid-season, the difference in spells plays a very significant role and OEMs vary the most. 

However, the worst consequences for building user and power grid are considered to be 

associated with the summertime variability, which is quite high for the PV-battery case.  

Figure 59 shows the correlation between energy demand and OEF for four design options.  



 

 

 

 

 
 

Figure 59 Correlation between the energy demand and OEF for four design options 

 



 

 Similarly to OEM case, under the similar energy demand, very different OEFs are observed. 

The highest interannual variation takes place in winter for the designs with energy storage. 

 For the RP1 case, much higher variation in energy demand and stronger correlation between 

the energy demand and OEF is observed. 

 The HYPER method developed in Chapter 3.1e demonstrates its capability to detect extreme 

irradiance spells that significantly affect on-site energy matching for the PV-battery systems. 

For the months with similar monthly GHI and heating demand, there are instances with 

significantly different OEF/OEM that is due to impact of intra-monthly sequences of cloudy 

days. 

 The TRY method does not explicitly consider these short-term effects. If we use it for 

design/sizing, then we might inadvertently end up with a very sensitive/vulnerable design, 

which just works for TRY, but fails for more commonly occurring conditions. 

 However, it is neither a good idea to design residential system for the worst-case scenarios. 

Since optimal design methods should be risk-informed to explore the occurring sizing trade-

offs, the TRY approach does not meet this requirement due to containing conditions that are 

unreasonably optimistic or pessimistic. Since deployment of PV-energy storage systems is 

expected to increase in the nearest future, more robust methods for design optimization are 

required. 

 Energy-matching performance indicators should be considered in future energy policies to 

stimulate resilient design. 

 The new technique for construction of meteorological years with the presence of extreme 

sequences of meteorological events should be developed.  

  



 

 

 

 

This PDEng project has dealt with the development of new solar resource assessment towards 

improving state-of-the art approaches to ensure their alignment with the relevant challenges of 

sustainable energy transition. The proposed methods have been tested with case studies under the 

realistic conditions including Dutch energy policy-framework and set of currently available 

meteorological datasets. 

The following overview highlights the main contributions of this PDEng project: 

 A set of criteria for future-proof weather data has been formulated (Chapter 2.1) to serve as a 

benchmark for future developments in the area of solar resource assessment for building 

performance simulation.  

 An innovative weather-driven hierarchical clustering method based on cumulative distribution 

functions has been developed (Chapter 3.1a) and validated. It allows taking into account not 

only spatial, but also temporal variability of meteorological parameters. Moreover, its explicit 

visualization features have shown the capability of detecting non-reliable weather 

observations.  

 The application-oriented PYM method has been designed for evaluating the appropriate 

number of climatic zones and selection of representative stations for creating reference 

meteorological datasets (Chapter 3.1a).  

 The proposal was made to subdivide the Netherlands into three climatic zones for energy 

policy frameworks, based on applying the irradiance-based clustering (Chapter 3.1a). 

 The controversial and disconcerting issue of getting lower reference solar irradiance values 

under the brightening trend has been detected in moving to the updated benchmark for 

meteorological data NEN5060: 2018. (Chapter 3.1b). 

 Two adaptations to the EN-ISO 15792-4 methodology for constructing the typical reference 

years (ISO, 2005) have been proposed: a weather year for solar energy systems (1FS) and a 

balanced weather year for PV/thermal simulations (3FS) (Chapter 3.1b).  

 A set of meteorological data, created in accordance with the proposed methods (Chapter 3.1b) 

for the Netherlands based on KNMI ground-based measurements has been created and 

provided in the format that allows direct use in BPS. A link to the repository will follow in the 

version of the report that will go to the library. 

 A risk aware approach for assessing both typical and conservative solar availability scenarios 

using P50/P90 reference meteorological years, has been proposed to facilitate increased 

bankability of PV systems in the built environment (Chapter 3.1c).  

 The accuracy and trustworthiness of the four PVGIS satellite-based approaches has been 

explored for the Netherlands (Chapter 3.1d).  

 The HYPER method for evaluating extremeness of intra-monthly sequences of cloudy days 

have been designed (Chapter 3.1e).  

 The issue of presence of non-conventional low-irradiance sequences in the NEN5060: 2018 

reference year has been highlighted (Chapter 3.1e). 

 A performance-based method for (i) evaluating the representativeness of weather files and (ii) 

providing insights into the required spatial granularity of meteorological data has been 



 

proposed and tested using energy-sufficiency curves with a case study in the Netherlands 

(Chapter 3.2a).  

 The inability of NEN5060 reference year to represent the whole-country conditions has clearly 

been outlined by analyzing the performance of nZEB energy performance in multiple locations 

across the Netherlands (Chapter 3.2a). 

 Available meteorological datasets (IWEC, TMYx) for the Netherlands have been critically 

examined and issues regarding their non-representativeness have been highlighted (Chapter 

3.2a).  

 The findings of the weather data analysis have been communicated to the initiators and 

developers of the TMYx datafiles, which has led to a reconsideration of modelling techniques 

and has been translated into an update of the TMYx data for the Netherlands (Crawley and 

Lawrie, 2019) (Chapter 3.2a).  

 It has been highlighted that there is a large impact of intra-monthly daily sequences on the 

performance of PV-battery systems of a typical Dutch semi-detached dwelling in terms of load 

matching and utilization of on-site renewable energy (Chapter 3.2b). 

 The issue that the TRY-based approach is not well-suited for the design optimization of energy 

flexible buildings has been brought to the attention on the basis of results from a detailed case 

study (Chapter 3.2b).  

 

 

 

The developed methods for fit-for-purpose solar resource assessment intend to provide equitable 

calculation frameworks in order to facilitate selection of robust building design solutions. In turn, 

future-proof design helps to prevent a multitude of negative consequences on technological, economic 

and environmental levels. In this chapter, the techno-economic implications of the proposed solar 

resource assessment approaches are discussed from the perspective of different stakeholders. In 

contrast to Chapter 2.2, the focus is on the recipients of high-performance building design, rather than 

on the stakeholders who directly interact with the weather data during the design process. 

The recipients have been classified into five general groups: 

 building owner/investor, who is involved in the building design and investment process 

 SMEs from PV industry, who provide turnkey solar energy systems and ensures power 

production guarantees for the user 

 building user/occupant, who uses the building and pays the energy bill 

 society at large, who seeks a high-performance building stock and mitigation of CO2 emissions 

 grid operator, who operates the power grid and maintains electric supply security 

Techno-economic impact of the proposed methods on the recipient groups is summarized in Table 7 

(direct impact (■), indirect impact (■), low or no impact (■)).  

  



 

Table 7 Techno-economic impact of the proposed developments on the key recipients 

Proposed improvements / 
recipients 

Building 
owner 

SMEs PV 
industry 

Building 
user 

Society 
Grid 

operator 

Weather-driven clustering ■ ■ ■ ■ ■ 
Custom TRYs ■ ■ ■ ■ ■ 

P50/P90 years ■ ■ ■ ■ ■ 
Satellite-based approaches ■ ■ ■ ■ ■ 

Short-term spells ■ ■ ■ ■ ■ 
 

Techno-economic implications of the proposed solar resource assessment methods for different 

recipient groups are discussed below in more detail: 

 For the building owner, investing in suboptimal building design options has a negative 

economic impact. Inappropriate energy assessment might result in unnecessary oversizing of 

HVAC system and PV-battery capacity or spending extra funds on e.g. thermal insulation or 

high-performance glazing. Applying the weather-driven clustering method for climatic zoning, 

(proposed in Chapter 3.1a) allows to create equal boundary conditions for any given location 

across the Netherlands. Introducing flexible BENG thresholds depending on the geographical 

position of the site (Chapter 3.2a) stimulates creating a level playing field for nZEB design for 

any location in the Netherlands.  The methodology to create balanced PV/thermal reference 

years (from Chapter 3.1b) provides an equitable selection framework for different building 

design alternatives. The proposed approach of accounting for short-term irradiance spells 

(Chapter 3.1e) facilitates exploration of risk-informed sizing trade-offs towards increasing 

energy flexibility of buildings at a reasonable cost. The P50/P90 method (Chapter 3.1c) and 

exploration of the satellite-based approaches (Chapter 3.1d) provide valuable insights for 

informative design support. 

 Within the framework of designing net-zero energy buildings, the BENG-3 requirement paves 

the way for competition between various renewable energy technologies. Moreover, since the 

renewable fraction threshold is defined in percentage terms of building energy use (BENG-1), 

the actual competition can be seen as a cross-technological one. The irradiance-based 

clustering method (proposed in Chapter 3.1a) overcomes the issue of solar potential 

underestimation in NEN5060: 2018 method, exerting a positive effect on competitiveness of 

PV systems. The same impact is achieved via reconsideration of construction procedure for 

TRY (Chapter 3.1b). Most notably, the P50/P90 approach (developed in Chapter 3.1c) allows 

SMEs from PV industry to apply the risk-aware solar resource assessment and introduce risk-

based performance prediction towards increasing the bankability of solar energy systems in 

the built environment, which can serve as a unique selling point and basis for creating life-

cycle oriented business models relying on power production guarantees. Critical assessment 

of the satellite-based approaches (Chapter 3.1d) allows to fill the gap with regards to 

trustworthiness of satellite models in the Netherlands to stimulate the use of reliable weather 

datasets with high spatial granularity allowing geo-specific design support. The load-matching 

study (Chapters 3.1e and 3.2b) indirectly benefits demand pull for PV-battery systems. 

 For the building user, undersizing of PV system will lead to an increased energy bill associated 

with the need for buying additional electricity from the power grid. In the context of the 

impending net-metering abolishment, on-site energy matching is of the utmost importance 

for economic feasibility of PV-battery systems. Therefore, the methods developed in Chapters 

3.1a, 3.1b and 3.1e have a direct impact on the appropriate and risk-aware sizing of solar 



 

energy systems. In addition, if realistic environmental conditions significantly differ from the 

model’s boundary conditions, HVAC energy and operating costs that form a large portion of 

the building operating expenses might also increase, in order to meet the requirements for 

indoor thermal comfort, as is shown in Chapter 3.2a. P50/P90 methods (Chapter 3.1c) has 

indirect influence on the building user, as they might form a basis for future energy 

performance contracts.  

 For the society, new methods for solar resource assessment and creating the future-proof 

weather datasets developed in Chapters 3.1a, 3.1b and 3.1e provide equitable calculation 

methods behind the energy policies that go in line with the sustainable energy-transition 

challenges. It can stimulate robust renovation of the building stock, and results in positive 

tendencies of increasing energy-efficiency and greenhouse gas mitigation. Moreover, risk-

informed performance prediction is recommended to avoid situations when PV systems 

consistently do not meet the technical expectations, which undermines credibility and societal 

acceptance for renewables. 

 For the grid operator, incorporation of renewables requires additional integration efforts to 

deal with the intermittency of PV systems. Grid-level costs include both investments into 

upgrading/extending of the existing power grid (including dispatchable back-up generation 

reserves) and cost for a short-term balancing/long-term maintaining of the supply security 

(Keppler and Cometto, 2012). Chapter 3.2b highlights that with regards to expected increase 

in deployment of PV-battery systems, more robust methods for design optimization of PV-

battery systems are required to appropriately cope with the non-simultaneity of PV generation 

and building energy demand, thus reducing grid interaction levels.  

 

 

 

To put the techno-economic implications into practice, the following policy-making steps are 

suggested: 

 Introduce irradiance-based climatic zoning into Dutch energy policy frameworks to ensure 

equitability of requirements across the country. Take into account spread of meteorological 

conditions by either providing three reference meteorological datasets or tuning the energy 

targets depending on the locations of a designed building. 

 Take control of processing raw multi-year meteorological data from the KNMI database and 

publishing it in a format, directly useable for major simulation platforms to ensure that 

extreme conditions are represented in BPS simulations and the inherent climate variability 

does not affect decision-making. 

 Introduce energy flexibility requirements into energy policies to stimulate optimal design of 

low-carbon dwellings with PV-battery systems in terms of on-site energy matching.  

 Stimulate the further development of satellite-based approaches to increase the spatial 

granularity of high-quality weather data and enable geo-specific design support. Establish a 

procedure for checking the validity of PVGIS-SARAH, TMYx weather files and other 

meteorological databases with the local ground-based measurements.  

 Remove barriers for adopting risk-based energy assessment methods for PV systems in the 

built environment towards increasing their bankability. 

  



 

 

 

This section highlights the potential direction for developments to be performed by researchers and 

technological designers towards further improving solar resource assessment methods. 

 The validation of the weather-driven clustering method (Chapter 3.1a) should be more rigid. 

To further validate the climatic zoning approach, it is advisable to apply it to a bigger 

geographical area with a higher heterogeneity in solar resources. 

 For future research, it is recommended to consider carrying out performance-based clustering. 

However, reference building models should be precisely defined to better represent realistic 

conditions. Depending on the site location, different building typologies/case studies can be 

used (i.e. office buildings in the agglomeration of major cities and detached houses in rural 

areas). 

 More advanced methods for creating risk-aware bankable meteorological datasets (Chapter 

3.1c) for PV performance prediction should be proposed, based on analyzing of percentiles 

and considering not only global horizontal irradiance (as in Chapter 3.1b), but also direct 

normal irradiance as a selection criteria. This development might be useful for specific solar 

energy systems in the built environment, such as Building Integrated Concentrating 

Photovoltaics (BICPV). 

 Analysis of the satellite-based approaches can be extended to a higher temporal resolution 

(daily, monthly) in order to better understand the reasons for discrepancies between the 

outcomes of the different methods and further improve their accuracy.  

 The investigation of the short-term spells (Chapter 3.1e) can be extended to account for co-

occurrence of several meteorological events, e.g. (i) extremely low POA-irradiance and 

temperatures for PV/heat pump/energy storage system and (ii) low irradiance and wind speed 

for renewable energy-based microgrid. 

 In order to get more insights into the implications of energy sufficiency curves for energy policy 

frameworks, it is recommended to reproduce the case study from Chapter 3.2a with a more 

advanced and realistic building model and to evaluate on the basis of exact BENG indicators. 

Additionally, this case study can be extended to analyze uncertainties in energy performance 

contracts due to spatio-temporal variability of meteorological conditions.  

 For the energy flexibility case study (Chapter 3.2b), it is recommended to explore more 

precisely OEMs/OEMs not only on monthly, but on the daily level.  

 Finally, it is recommended to perform a detailed feasibility assessment and economic 

justification of the proposed improvements. 
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In order to assure the validity of the weather-driven clustering algorithm, the methodology has been 

tested with a set of measurements from several locations in North Italy.  Two regions in North Italy 

have been considered for validating GHI-based hierarchical clustering method: Lombardia and Emilia-

Romagna (Figure 60). Together, these two regions occupy more than 46 300 km2 and have a population 

of more than 14.5 million people. Selecting these two regions, the case study is approximately the 

same size as the Netherlands (more than 41 500 km2 and 17.2 million people). The area is located 

approximately between 8.5° E and 12.5° E and 43.5° N and 46.5° N.  

The analysis is based on data from 21 stations, with a time-series of 10 years each (2007-2013 and 

2015-2017), which is a minimum currently accepted requirement for creating TRYs. 

 

Figure 60 Location of meteorological stations in North Italy 

The dendrogram, obtained using Ward’s linkage method for cumulative density functions of GHI, is 

presented in Figure 61, together with the list of considered stations and their corresponding clusters. 

 

Figure 61 List of meteorological stations in North Italy, together with its clustering affiliation 



 

The outcome of the hierarchical clustering is a subdivision of meteorological stations into three 

distinguishable groups, where mountainous locations Filago and Lonate Pozzolo formed the low-

irradiance cluster (●), another five stations from Lombardy, together with Bologna shaped medium 

cluster (●), and the remainders consolidated into the biggest group (●), as is illustrated in Figure 62.  

 

 

Figure 62 Spatial outcome of the GHI-based clustering for North Italy: three and four clusters 

Further sub-clustering of the latter group accompanied by the detachment of coastal locations from 

Emilia-Romagna (except for Mulazzano, see Figure 62b) provides just a minor improvement, keeping 

in mind that interannual variability of irradiance in North Italy is quite significant. Particularly, while 

introduction of the 3rd cluster reduces percentage of years misclassified (PYM-10, with threshold 10 % 

from the mean) from 39 to 29 %, further sub-division yields in only 28 %. If we want to use one station 

as a single “reference” for the both regions, it might be either Vertemate con Minoprio or Landriano 

with PYM-10 of 44 %. Inappropriate selection of a reference station could bring big error, for instance 

using Filago site as a reference would bring to PYM-10 of 90 %. 

As a whole, in Emilia Romagna it can be observed a lower amount of annual solar irradiation for 

Bologna and Mulazzano, since they are located much closer to the Apennine Mountains compared to 

the other cities. The same can be observed for the localities close to the Alps and around the province 

of Milan, which is characterized by lower annual clear or partially clear sky hours due to meteorological 

phenomena. 

Figure 63 summarizes CDFs for the two obtained clustering configurations. As is seen from the graph, 

the proposed method appropriately classifies stations into the clusters, according to the magnitude of 

solar irradiance. 

Italy is characterized with an extensive network of meteorological stations, which enables double-

checking of irradiance data for the anomalous years with the data from neighbouring meteorological 

stations. As a result of quality assurance, 2016 year in Lonate Pozzolo has been identified as an outlier, 

since measurements were affected by reflections and changes of albedo for a long period of the year, 

resulting in annual GHI below 1000 kWh/m2. The remaining doubtful cases (i.e. low irradiance in 

Bergamo in 2013 and set of sunny years in Gonzaga) revealed to be consistent with other local data. 



 

 

 

Figure 63 CDFs of GHI for the two clustering classifications and corresponding PYM 

Comparing to the case of the Netherlands, meteorological stations in Emilia-Romagna and Lombardy 

have more variable topography and remoteness of the sites from the shore, therefore appropriate 

clustering of the locations gives an additional confidence in the proposed method. Moreover, the 

developed clustering approach demonstrated its usefulness for detecting spatial and temporal outliers 

in order to exclude doubtful meteorological datasets from the representative candidates. This added 

value of the proposed method is directly linked to its visual interface, allowing to transparently identify 

faulty data from the inconsistencies in spatial clustering configurations and cumulative density 

functions of irradiance.

● ● ● ● ● ● ● ● ● ● self

PYM 44% 39% 29% 28% 30%



 

 

 

 

 

 

 

 

 

 

 

 

 

 

  


