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Abstract 9 

Decomposition models of solar irradiance estimate the magnitude of diffuse horizontal irradiance from 10 

global horizontal irradiance. These two radiation components are well-known to be essential for the 11 

prediction of solar photovoltaic systems performance. In open-field agrivoltaic systems, that is the dual use 12 

of land for both agricultural activities and solar power conversion, cultivated crops receive an unequal 13 

amount of direct, diffuse and reflected photosynthetically active radiation (PAR) depending on the area 14 

they are growing due to the non-homogenously shadings caused by the solar panels installed (above the 15 

crops or vertically mounted). It is known that PAR is more efficient for canopy photosynthesis under 16 

conditions of diffuse PAR than direct PAR per unit of total PAR. For this reason, it is fundamental to 17 

estimate the diffuse PAR component in agrivoltaic systems studies to properly predict the crop yield. Since 18 

PAR is the part of electromagnetic radiation in the waveband from 400 to 700 nm that can be used for 19 

photosynthesis by the crops, several stand-alone decomposition models of solar irradiance are selected in 20 

this study to partition PAR into direct and diffuse. These models are applied and validated in three locations 21 

in Sweden: Lanna, Hyltemossa and Norunda, using the coefficients stated on the original publications of 22 

the models and locally fitted coefficients. Results showed weaker performances in all stand-alone models 23 

for non-locally fitted coefficients (nRMSE ranging from 29% to 95%). However, performances improve 24 

with re-parameterization, reaching highest nRMSE of 37.94% in Lanna. YANG2 decomposition model is 25 

the best-performing one, reaching lowest nRMSE of 24.31% in Norunda applying re-estimated coefficients. 26 

Country level sets of coefficients for the best-performing models, YANG2 and STARKE, are given after 27 

parameterization using joined data of the three locations in Sweden. These Sweden-fitted models are tested 28 

and showing nRMSE of 25.56% (YANG2) and 28.36% (STARKE). These results can be used to perform 29 

estimations of PAR diffuse component in Sweden where measurements are not available, and the overall 30 

methodology can be similarly applied to other countries.  31 
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1.  Introduction 33 

Solar radiation is the main driver of the planetary energy balance and photosynthesis (Oliphant and Stoy, 34 

2018). For the performance of solar photovoltaic (PV) systems it is necessary to distinguish the magnitude 35 

of solar global radiation arriving in its direct beam and diffuse beam forms. Likewise, the different relative 36 

levels of these two radiation components result in different irradiance patterns within plant canopies 37 

(Norman and Welles, 1983). While for PV systems the total global radiation is the key term, for crops, the 38 

analogous term is the photosynthetically active radiation (PAR). 39 

PAR is defined as the part of electromagnetic radiation that can be used as the source of energy for 40 

photosynthesis by the plants. PAR is technically defined as radiation in the waveband or spectral range 41 

from 400 to 700 nm (McCree, 1972, 1971). It can be expressed either in terms of photosynthetic flux density 42 

(PPFD, µmol photons/m2/s) since photosynthesis is a quantum process, or in terms of photosynthetic radiant 43 

flux density (PAR irradiance, W/m2) more suitable for energy balance studies (Mõttus et al., 2011). As 44 

mentioned, PAR reaching the ground surface has two primary incoming streams similar to the incoming 45 

total global irradiance: diffuse and direct, which values are essentially affected by the quantity of clouds 46 

and aerosols in the atmosphere.  47 

Photosynthesis in a canopy can be calculated from the amount of light absorbed by the canopy and the light 48 

response of the leaves. If the light absorption is averaged over the canopy and over the considered time 49 

interval, canopy photosynthesis would be overestimated because of the convex and asymptotic response of 50 

photosynthesis (Spitters et al., 1986) (see Figure 1). An important characteristic to be noticed is the fact 51 

Figure 1. Light-response curve for photosynthesis. The light compensation point is the minimum light intensity at which the plant 

shows a gain of carbon fixation. Net photosynthesis rate shows a linear rise in response to increased light in light-limitation region. At 

higher light intensities, saturation occurs (photo-saturation). Under excess of light intensity (photo-inhibition), net photosynthesis 

declines. Pmax is the maximum rate of photosynthesis. Adapted from (Benedetti et al., 2018; Ferro, 2019) 

 



that direct and diffuse PAR differ in the way they supply energy through plant canopies, hence, affecting 52 

canopy photosynthesis processes in a different way than what would take place at the leaf scale (Misson et 53 

al., 2005). Likewise, diffuse PAR fraction, understood as the ratio of diffuse PAR to the total (direct + 54 

diffuse) PAR, in the atmosphere has been positively correlated with higher light-use efficiency and 55 

increased CO2 assimilation in several studies (Alton, 2008; Cheng et al., 2015; Gu et al., 2003, 2002, 1999; 56 

Keppel-Aleks and Washenfelder, 2016; Knohl and Baldocchi, 2008; Mercado et al., 2009; Oliphant et al., 57 

2011; Still et al., 2009; Weiss and Norman, 1985), therefore, PAR is more efficient for canopy 58 

photosynthesis under conditions of diffuse than direct PAR per unit of total PAR. Within this context, in 59 

conventional open-field farming conditions, cultivated crops typically receive total PAR. However, under 60 

open-field agrivoltaic systems, that is the dual use of land for both agriculture and solar energy conversion 61 

into electricity, cultivated crops receive a combination of direct, diffuse and reflected PAR depending on 62 

the shadings caused by the solar panels installed (see Figure 2). Solar panels can be placed in different 63 

configurations: above the crops with a specific height or vertically mounted, among others. In all the 64 

systems, solar panels produce shadings distributed differently during the day above the crops, hence, the 65 

different locations where crops are growing receive different amount of direct, diffuse and reflected PAR. 66 

For this reason, in the assessment of agrivoltaic systems and specially crop modelling, it cannot be assumed 67 

that all crops receive the same amount of total PAR but an unequal proportion of direct, diffuse and reflected 68 

PAR relative to the crop region. Consequently, it is of paramount importance to accurately estimate these 69 

different components of PAR and in particular, diffuse PAR.  70 

Total PAR = direct + diffuse 

Mostly diffuse PAR 

Figure 2. Schematic illustration of the photosynthetically active radiation received at crop level in a vertical bifacial PV system. 

The picture shows the agrivoltaic system located in Kärrbo Prastgård (Sweden), under the research project “Evaluation of the first 

agrivoltaic system in Sweden”. Link to the project: (Mälardalens universitet, 2022)     

https://www.mdh.se/en/malardalen-university/research/research-projects/evaluation-of-the-first-agrivoltaic-system-in-sweden


Diffuse PAR can be measured similarly to measuring diffuse solar irradiation, by employing an array of 71 

photodiodes with a unique computer-generated shading pattern to measure incident solar irradiance and 72 

using a microprocessor to calculate the global and diffuse components of the radiation that determines the 73 

sunshine state (Delta T, 2022; Wood et al., 2003). However, site measurements of the solar irradiation 74 

diffuse component are not widely available and less common is to have measurements of diffuse PAR. 75 

Instead, diffuse PAR can be estimated by using simple atmospheric radiative transfer models like 76 

SPCTRAL2 (Bird and Riordan, 1986) and SMARTS2 (Gueymard, 1995) or by applying less complex 77 

models taken from global irradiance diffuse fraction models. Diffuse fraction models have been largely 78 

studied and developed for global solar radiation and very few models are actually developed from PAR 79 

data sets. Thus, many of these models developed for global solar radiation have been applied to convert the 80 

diffuse global solar irradiance fraction into diffuse PAR fraction (Gu et al., 2002; Ren et al., 2018).  81 

Decomposition modeling of solar irradiance is a class of models that estimates diffuse horizontal irradiance 82 

(DHI) from global horizontal irradiance (GHI). Decomposition models were mostly developed using hourly 83 

data and many are in the form of piecewise polynomial regressions. Likewise, to reduce the model 84 

dependency on the diurnal pattern of irradiance, decomposition models are usually developed using the 85 

diffuse fraction (i.e., ratio between the diffuse horizontal irradiance and the global horizontal irradiance) 86 

𝑘𝑑 =
DHI

GHI
, and the clearness index (i.e., the ratio of global solar irradiance measured at ground level (GHI) 87 

and its counterpart estimated at the top of the atmosphere or extraterrestrial irradiance on a horizontal plane, 88 

Eext (Liu and Jordan, 1960)) 𝑘𝑡 =
GHI

Eext
. The models are therefore often visualized using a scatter plot of 89 

diffuse fraction against clearness index (Figure 3). However, clearness index is not the only parameter to 90 

describe diffuse fraction, from Figure 3 it is clear that one 𝑘𝑡 value can be mapped to multiple 𝑘𝑑 values. 91 

Figure 3. Scatter plot of diffuse fraction vs clearness index. Data extracted from CAMS (“CAMS radiation service,” 2021) located 

in Hyltemossa (Sweden) for years 2015, 2017 and 2018 with a time resolution of 30-min.   



Therefore, additional meteorological parameters have been investigated, such as solar zenith angle, 92 

apparent solar time, or temperature among others; to estimate diffuse fraction in which the prediction curve 93 

is no longer a single-parameter model (line) but a multi-parameter model (hyperplane) (Yang and Boland, 94 

2019).  95 

Several decomposition models of solar global radiation have been proposed during the last decades 96 

(Mousavi Maleki et al., 2017) where the performance of the models changes across locations and climates. 97 

Gueymard & Ruiz-Arias (2016) analyzed 140 separation models in research-grade stations around the globe 98 

and concluded that ENGERER2 was a quasi-universal model. More recent models that appeared after the 99 

analysis made by Gueymard & Ruiz-Arias, such as YANG2 (Yang and Boland, 2019) showed even better 100 

performance than ENGERER2. Yang & Gueymard (2020) have suggested an Ensemble Model Output 101 

Statistics (EMOS) approach to further improve the prediction of diffuse fraction of global radiation based 102 

on several decomposition models. In this paper, seven decomposition models, namely: GU, ABREU, 103 

ENGERER2, PAULESCU, STARKE, YANG2, and EMOS-based are analyzed to find the most suited model for 104 

predicting the diffuse fraction of PAR in Sweden. These models are described in Section 2. As mentioned 105 

in Yang & Boland (2019), “empirical decomposition modeling has been the dominating research focus and 106 

practice in solar engineering, therefore it is possible that further improved models will come in the future 107 

by fine-tuning them. However, empirical models have limited improvement potential and physically laws 108 

governing the relationship between DHI-GHI should instead be emphasized”. Nevertheless, this discussion 109 

is out of the scope for the present study.  110 

While empirical models for the estimation of total PAR have been developed in the last decades, for instance 111 

the reader is referred to Noriega Gardea et al. (2020) for a review on several estimation methods, few works 112 

as far as for the authors’ knowledge has been made to compare decomposition models for solar global 113 

radiation applied to PAR. For example, the study by Oliphant & Stoy (2018) compared four semiempirical 114 

models for partitioning PAR into diffuse and direct beam components. However, only one model was 115 

strictly a decomposition model for solar global radiation (ERBS) while the rest were partitioning models 116 

formulated already to decompose PAR into direct and diffuse. Previous works have been using global 117 

radiation partitioning models into direct and diffuse flux, to similarly develop PAR partitioning models (Gu 118 

et al., 1999; Kathilankal et al., 2014; Ren et al., 2018; Spitters et al., 1986), some have roughly estimated 119 

diffuse PAR by multiplying PAR total and the diffuse fraction of solar global radiation (Goudriaan and Van 120 

Laar, 1994; Leuning et al., 1995). However, the diffuse fraction of global radiation is not equivalent to the 121 

diffuse fraction of PAR. For a clear sky, the scattered diffuse component in the PAR wavebands is 122 

significantly greater than that in the total global radiation, while under overcast sky both are almost 123 

equivalent (Ren et al., 2014; Spitters et al., 1986). To account for this difference, Spitters et al. (1986) 124 



developed a relationship to obtain the diffuse fraction of PAR from the diffuse fraction of global radiation 125 

(the reader is referred to section 2.1 for further details regarding this topic). This relationship has been 126 

applied previously in other works to determine the fraction of diffuse PAR (Gu et al., 1999; Ren et al., 127 

2018).   128 

The present work aims to find an accurate existing separation model for solar global radiation applicable to 129 

PAR, to partition PAR into its diffuse and direct components without having the need to have on-site 130 

measurements and only using commonly available inputs. To achieve that, the present work provides a 131 

comparison of some of the current best-performing global irradiance decomposition models when applied 132 

to PAR diffuse fraction. Furthermore, this study plans to give sets of coefficients fitted for Sweden for the 133 

most accurate decomposition models applied to PAR diffuse fraction that would be valuable for the 134 

estimation of PAR diffuse component. This will not only benefit agrivoltaic systems assessment but also in 135 

related required applications such as simulation models to estimate carbon gain and growth of vegetation 136 

(Wang et al., 2006). Finally, this work wishes to emphasize the importance of considering the diffuse 137 

component of PAR in agrivoltaic systems due to the shadings that the photovoltaic system can cause to the 138 

crops growing underneath and therefore the impact of this variable on the performance and optimization 139 

modelling of agrivoltaic systems. 140 

This study is structured as follows. Section 2 describes the six stand-alone decomposition models and the 141 

EMOS-based approach selected to be applied to partition PAR. Information on the procurement of the data 142 

and the quality control procedure is detailed. Evaluation metrics used for the comparison of the models and 143 

the methodology to re-parameterize the models are likewise explained in this section. Section 3 presents 144 

the comparison results of the models along with a discussion on which models are more suited for the 145 

studied locations. Sets of coefficients for the best-performing models for Sweden are introduced. Section 4 146 

summarizes the outcomes of this study.   147 

2. Methodology 148 

As mentioned in the introduction, the partitioning of PAR into its diffuse and direct components is critical 149 

in crop modelling and in agrivoltaic systems due to the shadings created by the solar modules non-150 

homogenously over the plant canopy with spatial and temporal variation. Campana et al. (2021) is one of 151 

the first works that incorporates PAR decomposition for determining crop yield in an agrivoltaic system. 152 

2.1. Decomposition models selected 153 

Before introducing the decomposition models selected in this study, to properly take into consideration the 154 

difference already explained in the introduction between the diffuse fraction of global radiation and the 155 



diffuse fraction of PAR, the relationship developed by Spitters et al. (1986) is employed. Therefore, the 156 

approach in this paper is the following: 1) selected decomposition models for solar global radiation are 157 

applied to determine diffuse fraction of solar global radiation, 2) the Spitters relationship (Eq.1) is applied 158 

to each relevant decomposition model to calculate diffuse fraction of PAR from the diffuse fraction of solar 159 

global radiation and, 3) the diffuse component of PAR is obtained from the diffuse fraction of PAR.  160 

𝑘𝑑_𝑃𝐴𝑅
𝑚𝑜𝑑𝑒𝑙 =

𝑃𝐴𝑅𝑑𝑖𝑓𝑓𝑢𝑠𝑒

𝑃𝐴𝑅𝑡𝑜𝑡𝑎𝑙
=

[1 + 0.3(1 −  (𝑘𝑑
𝑚𝑜𝑑𝑒𝑙)2)] 𝑘𝑑

𝑚𝑜𝑑𝑒𝑙

1 + (1 −  (𝑘𝑑
𝑚𝑜𝑑𝑒𝑙)2) 𝑐𝑜𝑠2(90 − 𝛽) 𝑐𝑜𝑠3 𝛽

 (1) 161 

In Eq.1, the superscript model refers to the decomposition model applied to obtain the diffuse fraction of 162 

global radiation, 𝑘𝑑, and 𝛽 is the solar elevation angle [º]. Several models are analyzed and explained in the 163 

following section. 164 

A total of seven decomposition models are evaluated in this study. Six stand-alone empirical models are 165 

selected and chosen to ensure diversity for the seventh model using EMOS approach (Yang and Gueymard, 166 

2020). Brief model formulations and justification of the selected models are given below. For detailed 167 

model formulations and development, the reader is referred to the models’ original publications. 168 

1. GU (Gu et al., 1999) referred as reference PAR partitioning model in this study, calculates the 169 

diffuse PAR by coupling a decomposition model with two predictors: clearness index and solar 170 

elevation angle. The model is based on Reindl et al. (1990) and the Spitters relationship as follows: 171 

𝐷𝐻𝐼

𝐸𝑒𝑥𝑡
= {

𝑘𝑡[1.020 − 0.254𝑘𝑡 + 0.0123𝑠𝑖𝑛𝛽], 0 ≤ 𝑘𝑡 ≤ 0.3

𝑘𝑡[1.400 − 1.749𝑘𝑡 + 0.177𝑠𝑖𝑛𝛽], 0.3 < 𝑘𝑡 < 0.78

𝑘𝑡[0.486𝑘𝑡 − 0.182𝑠𝑖𝑛𝛽], 𝑘𝑡 ≥ 0.78

(2) 172 

Where DHI is the diffuse horizontal irradiance [W/m2], 𝑘𝑡 is the clearness index, Eext is the 173 

extraterrestrial radiation [W/m2] and 𝛽 is the solar elevation angle [º]. To obtain the diffuse fraction 174 

of PAR, Gu et al. (1999) applies a slightly modified Spitters relationship: 175 

𝑘𝑑_PAR
GU =

PARdiffuse
PARtotal

=
[1 + 0.3(1 − 𝑞2)]𝑞

1 + (1 − 𝑞2) 𝑐𝑜𝑠2(90 − 𝛽) 𝑐𝑜𝑠3 𝛽
 (3) 176 

Where 𝑞 = (DHI Eext
⁄ )/𝑘𝑡. For more detailed explanation of the above equations refer to Reindl 177 

et al. (1990) and Spitters et al. (1986). This model is chosen as one of the first approaches to 178 

partition PAR into its diffuse and direct component based on a decomposition model for global 179 

radiation.  180 

2. ENGERER2 (Engerer, 2015) is the highest ranked decomposition model by Gueymard and Ruiz 181 

Arias (2016) analysis in performance and it has been often used as a benchmark since then. The 182 



multi-predictor model consists of five parameters developed from a logistic function (main effect) 183 

and a cloud-enhancement variable (trend component). ENGERER2 is given by: 184 

𝑘𝑑
ENGERER2 = 𝐶 +

1 − 𝐶

1 + 𝑒𝛽0+𝛽1𝑘𝑡+𝛽2AST+𝛽3𝑍+𝛽4∆𝑘𝑡𝑐
+ 𝛽5𝑘𝑑𝑒 , (4) 185 

∆𝑘𝑡𝑐 = 𝑘𝑡𝑐 − 𝑘𝑡 =
𝐺𝑐𝑠
𝐸𝑒𝑥𝑡

− 𝑘𝑡 , (5) 186 

𝑘𝑑𝑒 = 𝑚𝑎𝑥 (0, 1 −
𝐺𝑐𝑠
GHI

) , (6) 187 

Where 𝐺𝑐𝑠 is the clear-sky GHI [W/m2], 𝑍 is the solar zenith angle [°], AST is the apparent solar 188 

time [h]. The initial model in 2015 was fitted using Australia data. Four years later, an update using 189 

a global parameterization was provided by Bright and Engerer (2019) on the original ENGERER2 190 

model. The set of parameters used in this study refer to the global parameterization ones and are as 191 

follows: 𝐶 = −0.0097539, 𝛽0 = −5.3169, 𝛽1 = 8.5084, 𝛽2 = 0.013241, 𝛽3 = 0.00743356, 192 

𝛽4 = −3.0329, 𝛽5 = 0.56403. Likewise, Spitters relationship (Eq.1) is applied here to obtain the 193 

diffuse PAR fraction from ENGERER2 model,  𝑘𝑑_PAR
ENGERER2. 194 

3. PAULESCU (Paulescu and Blaga, 2016) developed seven linear regression models using different 195 

predictors. The models were fitted and tested on datasets from a single location in eastern Europe. 196 

PB5 model, as referred by the authors, is the one used in this study. This model uses as predictors 197 

clearness index, daily average of clearness index 𝑘day, clearness index persistence 𝜓 and the Julian 198 

day. The authors of the model emphasized that this model does not include meteorological 199 

predictors, thus, not requiring actual measurements. Furthermore, better performance was obtained 200 

compared for instance to REINDL (Reindl et al., 1990) and its four predictor model using clearness 201 

index, solar elevation angle, air temperature and relative humidity. PB5 model is given by: 202 

𝑘𝑑
PAULESCU = 𝛽0 + 𝛽1

𝑘𝑡𝑘𝑡 + 𝛽1
𝑘day

𝑘day + 𝛽3𝜓 + 𝛽4𝐽 + 𝛽2
𝑘𝑡(𝑘𝑡 − 𝐵𝑝1)𝜃(𝑘𝑡 − 𝐵𝑝1) +

𝛽2
𝑘𝑑𝑎𝑦

(𝑘day − 𝐵𝑝2)𝜃(𝑘day − 𝐵𝑝2) (7)
 203 

 204 

This model is segmented after both the clearness index 𝑘𝑡, and the daily average of clearness index 205 

𝑘day. The values of 𝑘𝑡 and 𝑘day at which the surface slope changes are known as breaking points, 206 

𝐵𝑝1 and 𝐵𝑝2. 𝜃 is the step function: 207 

𝜃(𝑥) = {
1, 𝑥 ≥ 0
0, 𝑥 < 0

(8) 208 

 209 

The daily average of the clearness index is defined as the average values of hourly clearness index 210 

in a given day where n is the number of hours within a day: 211 



𝑘day =
1

𝑛
∑𝑘𝑡,𝑖

𝑛

𝑖=1

 (9) 212 

The persistence of the sky conditions 𝜓 is defined as the average of a lag and a lead of the hourly 213 

values of the clearness index (Laurent et al, 2010). The regression coefficients fitted for the eastern 214 

European site in Romania are used as the reference ones in this study: 𝛽0 = 0.993, 𝛽1
𝑘𝑡 = 0.454, 215 

𝛽1
𝑘day

= −0.063, 𝛽3 = −0.2, 𝛽4 = −0.000217, 𝛽2
𝑘𝑡 = −1.796, 𝛽2

𝑘day
= −0.869, 𝐵𝑝1 = 0.248, 216 

𝐵𝑝2 = 0.417. Spitters relationship (Eq.1) is also applied here to obtain 𝑘𝑑_PAR
PAULESCU from 𝑘𝑑

PAULESCU 217 

(Eq.7). 218 

4. STARKE (Starke et al., 2018) is chosen as perhaps one of the most accurate of logistic-function-219 

based separation models which has been demonstrated to outperform ENGERER2 at several 220 

locations in Australia and Brazil. Starke decomposition model is given by: 221 

𝑘𝑑
STARKE =

{
 
 

 
 

1

1 + 𝑒𝛽7+𝛽8𝑘𝑡+𝛽9𝐴𝑆𝑇+𝛽10𝑍+𝛽11𝐾𝑇+𝛽12𝜓+
𝛽13𝐺𝑐𝑠
277.78

, 𝑘𝐶𝑆𝐼 ≥ 1.05 and 𝑘𝑡 > 0.65;

1

1 + 𝑒𝛽0+𝛽1𝑘𝑡+𝛽2𝐴𝑆𝑇+𝛽3𝑍+𝛽4𝐾𝑇+𝛽5𝜓+
𝛽6𝐺𝑐𝑠
277.78

, otherwise

(10) 222 

𝐾𝑇 =
∑ GHI𝑛
24
𝑛=1

∑ Eext𝑛
24
𝑛=1

 (11) 223 

Where 𝐾𝑇 is the daily clearness index (Eq.11), 𝜓 predictor is defined, in this work, as the three-224 

point moving average of clearness index since higher performance is obtained; 𝜓 used in the study 225 

by Starke et al., (2018) was instead defined as average of both lag and lead of clearness index, 𝑘𝐶𝑆𝐼 226 

is the clear-sky index understood as the ratio between GHI and 𝐺𝑐𝑠. 227 

Well analyzed by Yang & Boland (2019), STARKE model although having superior performance 228 

than ENGERER2, it has seven parameters and two of them, 𝐾𝑇 and 𝜓 are smoothing parameters that 229 

depend on future values of 𝑘𝑡. Thus, if a real-time predictor is to provide the same smoothing effect 230 

it would probably outperform STARKE. The original published set of coefficients also used in this 231 

work are: 𝛽0 = −6.70407, 𝛽1 = 6.99137, 𝛽2 = −0.00048, 𝛽3 = 0.03839, 𝛽4 = 3.36003, 𝛽5 =232 

1.97891, 𝛽6 = −0.96758, 𝛽7 = 0.15623, 𝛽8 = −4.21938, 𝛽9 = −0.00207, 𝛽10 = −0.06604, 233 

𝛽11 = 2.12613, 𝛽12 = 2.56515, 𝛽13 = 1.62075. 234 

Spitters relationship (Eq.11) is applied to the values of 𝑘𝑑
STARKE from (Eq.10) to finally obtain 235 

𝑘𝑑_PAR
STARKE. 236 

5. ABREU (Abreu et al., 2019) model is chosen to exemplify the single predictor decomposition model 237 

where many early researchers used clearness index as sole predictor for diffuse fraction. The model 238 



is developed from 1-min data, however in this study, 30-min data is used instead since the measured 239 

data falls in this temporal range. ABREU model is given by: 240 

𝑘𝑑
ABREU = {1 + [𝐴(𝑘𝑡 − 0.5)

2 + 𝐵(𝑘𝑡 − 0.5) + 1]
−𝑛}−

1
𝑛 (12) 241 

Where 𝐴, 𝐵 and 𝑛 are fitting parameters. Abreu used data from 48 worldwide radiometric stations 242 

belonging to different climate zones and proposes a set of parameters for each climate zone: Arid 243 

(AR), High Albedo (HA), Temperate (TM) and Tropical (TR) (Table 1). To obtain the diffuse PAR 244 

fraction applying Abreu model, 𝑘𝑑_PAR
ABREU , the authors of this paper also applied Spitters relationship 245 

(Eq.1) from the diffuse fraction of global radiation obtained above in Eq.12.   246 

Table 1. Reference parameters fitted for the model developed by Abreu et al., (2019) according to the different climate 247 

zones: Arid (AR), High Albedo (HA), Temperate (TM) and Tropical (TR). 248 

Parameters Climate Zone 

 AR HA TM TR 

A 11.39 7.83 10.79 11.59 

B -6.25 -4.59 -5.87 -6.14 

n 1.86 3.25 2.24 1.87 

 249 

6. YANG2 (Yang and Boland, 2019) model is selected since it appears to be the best performing stand-250 

alone decomposition model to date. The model is developed deriving out of ENGERER2 and STARKE 251 

models and is given by: 252 

𝑘𝑑
YANG2 = 𝐶 +

1 − 𝐶

1 + 𝑒𝛽0+𝛽1𝑘𝑡+𝛽2AST+𝛽3𝑍+𝛽4∆𝑘𝑡𝑐+𝛽6𝑘𝑑
(𝑠)
+ 𝛽5𝑘𝑑𝑒 , (13) 253 

Where 𝑘𝑑
(𝑠)

 is the satellite-derived diffuse fraction. The choice of this predictor is thought to be 254 

opportune by the authors of the model due to the worldwide availability of physically based 255 

satellite-derived irradiance data, the inclusion of physics aspects in decomposition modeling and it 256 

provides the smoothing effect that STARKE model has without relying on future values. The YANG2 257 

model coefficients have been fitted to seven SURFRAD stations from the United States of America, 258 

being 𝐶 = 0.0361, 𝛽0 = −0.5744, 𝛽1 = 4.3184, 𝛽2 = −0.0011, 𝛽3 = 0.0004, 𝛽4 = −4.7952, 259 

𝛽5 = 1.4414,  𝛽6 = −2.8396 and these are used as reference ones in this study. Here, the values 260 

of 𝑘𝑑
YANG2 (Eq.13) are also used in the Spitters relationship (Eq.1) to get 𝑘𝑑_PAR

YANG2 estimates. 261 

7. Ensemble model output statistics or EMOS based decomposition model is a parametric post-262 

processing framework to make probabilistic predictions, as opposed to deterministic predictions 263 

that the previously described stand-alone decomposition models are. EMOS takes the diffuse 264 

fractions of global radiation estimated by an ensemble of existing models and outputs a predictive 265 



distribution with parameters optimized by maximum likelihood estimation (MLE). Yang & 266 

Gueymard (2020) found out that EMOS post-processed predictions for several locations in the USA 267 

and Europe gave better results than the best stand-alone model YANG2. For further details on 268 

EMOS approach modelling procedure, the reader is referred to Yang & Gueymard (2020) and 269 

Gneiting et al. (2005). 270 

Briefly, for sample 𝑖 ∈ [1, 2, … , 𝑛] and 𝑚 decomposition models, 𝑋𝑖1, … , 𝑋𝑖𝑚, are the 271 

decomposition models estimates. Being 𝑌𝑖 the observations, the predictive distribution of 𝑌𝑖 should 272 

take the form of a multiple linear regression as suggested by Gneiting et al. (2005): 273 

𝑌�̂�~𝛮(𝑏1𝑋𝑖1 +⋯+ 𝑏𝑚𝑋𝑖𝑚, 𝑐𝑆𝑖
2), (14) 274 

𝑌�̂� is a normal distribution with mean 𝑏1𝑋𝑖1 +⋯+ 𝑏𝑚𝑋𝑖𝑚 and variance 𝑐𝑆𝑖
2, where 𝑐 is a scaling 275 

constant and 𝑆𝑖
2 is the ensemble variance given by: 276 

𝑆𝑖
2 =

1

𝑚 − 1
[∑𝑋𝑖𝑘

2

𝑚

𝑘=1

−
1

𝑚
(∑𝑋𝑖𝑘

𝑚

𝑘=1

)

2

] . (15) 277 

To ensure that the EMOS estimate is in the same range as the decomposition models estimates, an 278 

equality constraint ∑ 𝑏𝑚
𝑚
𝑘=1 = 1 to the EMOS model parameters, namely 𝑏1, … , 𝑏𝑚 is necessary. 279 

To ensure positivity of the variance, an inequality constraint, 𝑐 > 0, is applied. The EMOS model 280 

parameters and 𝑐 can be estimated by maximizing the log-likelihood in: 281 

ℓ𝑛(𝑏1, … , 𝑏𝑚, 𝑐) = 𝑙𝑜𝑔ℒ𝑛(𝑏1, … , 𝑏𝑚, 𝑐), (15)  282 

where the sample likelihood function of Eq.15 is: 283 

ℒ𝑛(𝑏1, … , 𝑏𝑚, 𝑐) =∏𝑓(𝑌𝑖; 𝑏1, … , 𝑏𝑚, 𝑐)

𝑛

𝑖=1

, (16) 284 

and 𝑓 is a normal probability density function (PDF): 285 

𝑓(𝑌𝑖; 𝑏1, … , 𝑏𝑚, 𝑐) =
1

(2𝜋𝑐𝑆𝑖
2)
1
2

𝑒𝑥𝑝 {−
[𝑌𝑖 − (𝑏1𝑋𝑖1 +⋯+ 𝑏𝑚𝑋𝑖𝑚)]

2

2𝑐𝑆𝑖
2 } . (17) 286 

Finally, with the estimated parameters, i.e., �̂�1, … , �̂�𝑚, �̂�, when a new set of decomposition model’s 287 

predictions take place, 𝑋∗1, … , 𝑋∗𝑚, the mean and variance of the EMOS estimate are respectively: 288 

𝔼(�̂�∗) = �̂�1𝑋∗1 +⋯+ �̂�𝑚𝑋∗𝑚, (18) 289 

𝕍(�̂�∗) = �̂�𝑆∗
2. (19) 290 

In this study, a similar approach as Yang & Gueymard (2020) is applied for the estimation of the 291 

diffuse fractions of PAR, 𝑘𝑑_PAR
model, via the six decomposition models described previously to obtain 292 

𝑘𝑑_PAR
EMOS . 293 



2.2. Data 294 

The dataset used for testing and validating the decomposition models with their reference parameters (i.e., 295 

extracted from the original publications of each model) and the dataset for training the models (i.e., to find 296 

fitting coefficients to each model) to the studied sites consist of multiple-year measurements of total PAR 297 

and diffuse PAR among other variables from the Integrated Carbon Observation System in Sweden (“ICOS 298 

Sweden,” 2021) network. Three locations in Sweden with available measured data were selected: Lanna, 299 

Hyltemossa and Norunda. as presented in Figure 4. The data refers to three years for each station at a time 300 

resolution of 30 minutes including global horizontal irradiance, PAR total and PAR diffuse. The 301 

measurements of PAR from ICOS stations are in units of flux density as a quantum process (PPFD), thus, 302 

the following conversion factor is applied when needed, 1 W/m2 ≈ 4.6 μmol/m2/s  (Langhans et al., 303 

1997).  The data for each location is divided in two sets: the training set with two years of data used to 304 

determine the fitting parameters of the chosen models for the site; and the validation or testing set with one 305 

year of data used to both test the models with their original parameters and with the newly fitted ones for 306 

the selected location. A detailed description of the considered sites and the annual data used in this study is 307 

presented in Table 2. The climate area is chosen according to the re-analyzed Köppen-Geiger map (Kottek 308 

et al., 2006; Rubel et al., 2017).  309 

Figure 4. Location of the ICOS-Sweden stations included in the analysis. 



Table 2. Information on the data of ICOS-Sweden stations studied. TM (Temperate). Last column indicates the number of 310 

validation points “samples” at each location applied for the training set and the testing set respectively. 311 

Station Latitude 

(ºN) 

Longitude 

(ºE) 

Elevation 

(m) 

Climate 

Area 

Data period Samples 

training/ testing 

Lanna 58º20’ 13º06’ 75 TM 2017-2019 14239/ 6423 

Hyltemossa 56º06’ 13º25’ 115 TM 2015, 2017- 2018 12016/ 5468 

Norunda 60º05’ 17º29’ 46 TM 2016-2018 11220/ 5339 

   312 

2.2.1. Other data 313 

The methodology to extract other input variables that are needed for the decomposition models and that are 314 

not given in the ICOS data sets is explained in this section.  315 

Extraterrestrial radiation on a horizontal plane needed for computing clearness index is calculated, as 316 

explained in Duffie & Beckman (2013), through the solar constant defined by Gueymard (2018), 𝑆𝐶 =317 

1361.1 W/m2, the Earth’s orbit eccentricity correction factor defined by Spencer’s equation (Spencer, J. 318 

W, 1971) and the zenith angle. The zenith angle is calculated through the solar elevation and the latter is 319 

obtained using the algorithm for solar position developed by Koblick (2021). Moreover, to account for the 320 

atmospheric refraction effects, the model from the ESRL Global Monitoring Laboratory (US Department 321 

of Commerce, 2021) is applied to correct the solar elevation angle. The clear-sky global horizontal 322 

irradiance needed for ENGERER2, STARKE and YANG2 is determined through the model developed by 323 

Robledo & Soler (2000). Furthermore, YANG2 requires the satellite-derived diffuse fraction. For European 324 

sites, the Copernicus Atmosphere Monitoring Service radiation service (“CAMS radiation service,” 2021; 325 

Gschwind et al., 2019; Lefèvre et al., 2013; Qu et al., 2017) developed by the European Centre for Medium-326 

Range Weather Forecasts has 15-min satellite-derived GHI and DHI data since 2004 and a spatial coverage 327 

of -66º to 66º in both latitudes and longitudes. The satellite-derived data is downloaded to match the spatial 328 

and temporal characteristics of the measured ICOS data.  329 

2.2.2. Quality control of observation data 330 

Observations with poor quality may offset the parameter values of estimation models affecting the quality 331 

of the generated PAR diffuse fraction and thus PAR diffuse estimation. Hence, after downloading the data 332 

from ICOS network, several quality control (QC) filters are applied to guarantee only the highest-quality 333 

data points are used during the comparison, validation, and further establishment of new fitting parameters 334 

of all the models. Since there is currently no ideal or widely accepted procedure for the optimal QC of 335 



irradiance data (Gueymard and Ruiz-Arias, 2016) neither there is a consensus for QC of measured PAR 336 

data (e.g., the reader is referred to the following publications for broad diversity of quality filters regarding 337 

measured PAR data (Cruse et al., 2015; Hu et al., 2007; Jacovides et al., 2010, 2003; Kathilankal et al., 338 

2014; Laccio et al., 2021; Oliphant and Stoy, 2018; Ren et al., 2018; S et al., 2017; Tsubo and Walker, 339 

2005; Wang et al., 2006)), in the present work, the quality checks are made according to the following 340 

criteria: 341 

1. GHI ≤ 1.2Eext, QC proposed by the European Commission’s Daylight project (Kathilankal et al., 342 

2014).  343 

2. GHI > 5 W/m2, QC proposed by the European Commission’s Daylight project (Kathilankal et al., 344 

2014). 345 

3. 𝑍 < 85°, (Gueymard and Ruiz-Arias, 2016) to avoid cosine response issues. 346 

4. PARtotal < PARext , (Hu et al., 2007) and the extraterrestrial PAR is derived from the extraterrestrial 347 

radiation, Eext (explained in Section 2.2.1) with a widely accepted fraction of 0.39 (Cebula et al., 348 

1996; Gueymard, 2004; Smith and Gottlieb, 1974), i.e. PARext = Eext × 0.39 [W/m
2]. 349 

5. 0.28 <
PARtotal

GHI
< 0.61, (Hu et al., 2007; S et al., 2017).  350 

6. Relative Humidity < 100%, otherwise measurement accuracy might be affected by water droplets 351 

formed on the sensor (Kathilankal et al., 2014). 352 

7. Precipitation < 2.5 mm, for half-hourly values otherwise measurement accuracy might be affected 353 

by water droplets formed on the sensor (Kathilankal et al., 2014). 354 

Those measured data points not respecting the above conditions were rejected and not considered for the 355 

analysis. Furthermore, 𝑘𝑑_PAR values higher than 1 and lower than 0 are also removed since measurements 356 

of diffuse PAR irradiance higher than total PAR irradiance are very questionable.  357 

2.3. Statistical indicators for models’ assessment 358 

For PAR measurement, there are no standard evaluation metrics accepted so far (Nwokolo, 2018). In this 359 

study, all the six stand-alone models and the EMOS reviewed in section 2.1 above are evaluated using three 360 

commonly applied error metrics described below taking the measured values from the ICOS stations as 361 

observations. It is noted that although all decomposition models estimate first 𝑘𝑑 (diffuse fraction of global 362 

solar radiation) and then apply Spitters relationship to obtain 𝑘𝑑_PAR (diffuse fraction of PAR), with the 363 

exception of GU and EMOS models that already estimates 𝑘𝑑_PAR, the errors are computed based on PAR 364 

diffuse component (PARdiff), i.e., PARdiff = 𝑘𝑑_PAR × PARtotal. These three statistical indicators are the 365 



normalized mean bias error (nMBE), normalized root mean square error (nRMSE), and the coefficient of 366 

determination (R2). 367 

nMBE =

1
𝑛
∑ [PAR̂diff(𝑡) − PARdiff(𝑡)]
𝑛
𝑡=1

1
𝑛
∑ PARdiff(𝑡)
𝑛
𝑡=1

× 100, (20) 368 

nRMSE =
√1
𝑛
∑ [PAR̂diff(𝑡) − 𝑃ARdiff(𝑡)]

2𝑛
𝑡=1

1
𝑛
∑ PARdiff(𝑡)
𝑛
𝑡=1

× 100, (21) 369 

R2 = 1 −
∑ [PARdiff(𝑡) − PAR̂diff(𝑡)]

2𝑛
𝑡=1

∑ (PARdiff(𝑡) −
1
𝑛
∑ PARdiff(𝑡)
𝑛
𝑡=1 )

2
𝑛
𝑡=1

 (22) 370 

Where n for each station is the number of validation (testing) points used and it is listed in the last column 371 

of Table 2. For nMBE, values closer to zero indicate a better model accuracy, for nRMSE lower values are 372 

preferred whereas for R2, values closer to one represent better model accuracy. 373 

2.4. Re-parameterization of coefficients 374 

Since one of the targets of this study is to provide accurate estimations of diffuse PAR for Sweden based 375 

on decomposition models, it is not enough to select the best model and apply their originally fitted 376 

coefficients since many of these models are suited for data from locations with very different weather and 377 

climate than Sweden. Hence, a re-parameterization to find fitted coefficients for the locations studied is 378 

deemed to not only improve the overall performances of the several models but also assist in the decision-379 

making of which of the decomposition models is the most suitable for northern latitudes.  380 

The training data as described in Table 2 for the three studied locations is used to estimate the new set of 381 

coefficients for each of the models. The coefficients are estimated via a nonlinear optimization solver-based 382 

approach from the programming and numeric computing platform MATLAB, specifically  solver 383 

(“MathWorks,” 2021) is employed. The target function or fitness function to minimize for the stand-alone 384 

models is chosen to be the mean absolute error (MAE) of the diffuse fraction of PAR, i.e., the ratio between 385 

the diffuse PAR and total PAR. For the EMOS approach, the target function in this case is the ignorance 386 

score (Eq.24), as explained by Gneiting et al. (2005) in their publication, the maximum likelihood 387 

estimation is equivalent to minimizing the ignorance score for the training data. 388 



MAE =
1

𝑛
∑|�̂�𝑖 − 𝑌𝑖|

𝑛

𝑖=1

, (23) 389 

IGN =
1

𝑛
∑[

1

2
𝑙𝑛(2𝜋𝑐𝑆𝑖

2) +
[𝑌𝑖 − (𝑏1𝑋𝑖1 +⋯+ 𝑏𝑚𝑋𝑖𝑚)]

2

2𝑐𝑆𝑖
2 ]

𝑛

𝑖=1

, (24) 390 

Where 𝑌𝑖 = 𝑘𝑑_PARi
measured, �̂�𝑖 = 𝑘𝑑_PARi

model  and 𝑛 for each station is the number of training points used and it is 391 

listed in the last column of Table 2. 392 

3. Results and discussion 393 

Brief analysis on the spatial and temporal distribution of measured PAR and GHI ratio is given for the three 394 

locations studied in this section. The performance comparison of the decomposition models analyzed for 395 

the locations studied both using the original coefficients as well as reparametrized coefficients are presented 396 

in this section following a discussion. The most accurate models are ranked and the sets of coefficients 397 

applicable for Sweden at country level are proposed for these. 398 

3.1. PAR/GHI distribution 399 

PAR/GHI ratio is known to show spatial and temporal variability (Hu et al., 2007) although a constant ratio 400 

is frequently assumed (Ferrera-Cobos et al., 2020). Figure 5 shows the mean monthly variation of the 401 

PAR/GHI ratio of the selected years in the studied locations. Effectively, there are variability between the 402 

locations, the months, and the years. In Noriega Gardea et al. (2020) review, this ratio generally exhibits its 403 

maximum values during the summer months and the lowest in the winter months. However, there are 404 

exceptions to this rule (Yu and Guo, 2016), as it can be seen in Figure 5, where the trend for some years 405 

shows lower fractions in the summer months and higher ones in winter months. Likewise, PAR/GHI 406 

Figure 5. Temporal distribution of PAR/GHI ratio in Lanna (left), Hyltemossa (center) and Norunda (right) for the analyzed years. Values are 

monthly averages. Note that Hyltemossa lacks data from November and December 2018. 



displays its highest variability in autumn and winter months for most of the locations and years, which 407 

agrees with the analysis performed by Noriega Gardea et al. (2020). The results from a study conducted by 408 

Xia et al. (2008) shows that the monthly values for the PAR/GHI ratio in temperate areas fall in the range 409 

of 1.87 to 2.08 mol/MJ (i.e., 0.40 to 0.45 using the conversion factor by Langhans et al. (1997)), which is 410 

very similar to the results displayed in Figure 5 (all values fall between 0.39 and 0.47). 411 

3.2. Decomposition models comparison 412 

Solar radiation decomposition modeling is useful when on-site diffuse measurements are not available or 413 

incorrect. The main goal for decomposition models is to predict DHI accurately at any arbitrary locations, 414 

and in the case of this study, to predict accurately PAR diffuse component. 415 

Table 3. The nRMSE [%], nMBE [%] and R2 of 6 stand-alone decomposition models (using original coefficients) validated at 3 416 
ICOS-Sweden stations over a period of 1 year (Lanna 2019, Hyltemossa 2018, Norunda 2018). The errors are computed between 417 
the predicted and measured 30-min PAR diffuse values. For EMOS, data from the two first years of each location described in 418 
Table 2 are used for parameter estimation, the errors are reported for the period of 1 year (same year as for the other models). 419 
Boldface denotes the best-performing model in a row. 420 

The error metrics for PAR diffuse component obtained for the three investigated locations using the selected 421 

seven models with their original parameters are shown in Table 3. By examining the results, one-parameter 422 

model ABREU and two-parameter model GU are insufficient to model the non-injective diffuse PAR 423 

component, this is also observable in Figure 6. For the other more complex models, surprisingly, ENGERER2 424 

(top-ranked model by Gueymard and Ruiz Arias (2016)) using global parameterization coefficients found 425 

by Bright and Engerer (2019) performs poorly particularly for Lanna (nRMSE of 42.51%) and Hyltemossa 426 

(nRMSE 42.54%), meaning that these globally fitted parameters are not representative for Swedish 427 

environments. PAULESCU also performs very poorly for Lanna (nRMSE of 49.57%) and in particular for 428 

Hyltemossa (nRMSE of 95.32%), since the model is based on a linear-regression technique, is it known 429 

Station GU ABREU 

(TM) 

ENGERER2 

(-) 

PAULESCU 

(Romania) 

STARKE 

(Brazil) 

YANG2 

(USA) 

EMOS 

nRMSE (%) 

Lanna 36.53 36.82 42.51 49.57 32.96 32.19 28.42 

Hyltemossa 37.8 37.42 42.54 95.32 37.47 33.96 31.5 

Norunda 33.03 31.29 33.2 30.91 30.44 29.65 26.6 

nMBE (%) 

Lanna -0.12 0.77 -4.22 -16.6 2.83 7.43 2.34 

Hyltemossa 15.68 17.18 18.53 13.16 16.65 11.53 13.76 

Norunda 3.95 7.04 0.47 -4.89 6.82 7.42 5.68 

R2 

Lanna 0.7 0.69 0.59 0.44 0.75 0.76 0.82 

Hyltemossa 0.61 0.65 0.55 -1.35 0.65 0.7 0.74 

Norunda 0.71 0.74 0.71 0.73 0.74 0.77 0.8 



that coefficients are highly subjective to fitting data. STARKE and YANG2, more recent models that claimed 430 

in their publications their superiority to ENGERER2, they are indeed proved in this study as well, being 431 

YANG2 the best performing stand-alone model for all three locations in terms of nRMSE and R2.  432 

Since EMOS model requires parameter fitting, the training data described in section 2.2 is firstly used for 433 

fitting the parameters. Afterwards, to make the EMOS model comparable to the rest, the same testing data 434 

is applied to compute the reported errors in Table 3. Based on nRMSE and R2, EMOS performs slightly 435 

better than the best stand-alone model (YANG2) for all the locations. Table 4 shows the estimated mixing 436 

weights of the 6 stand-alone models. As expected, the best performing stand-alone model, YANG2 437 

contributes significantly towards the mean of the final EMOS estimate. Surprisingly, GU model has also 438 

higher contribution which could be attributed to the poor performance of the other models for Swedish 439 

locations and the low nMBE of the model. Hence, Table 4 emphasizes the models low applicability to the 440 

locations studied and the need of locally fitted parameters for improved accuracy. 441 

 442 

Figure 6. Diffuse PAR fraction data plotted against clearness index for the Lanna station, overlaid with the results of six stand-alone 

decomposition models using their original coefficients. The total number of data points in each plot is the testing data sample listed in 

Table 2. 



Table 4. Station-specific EMOS parameters estimated using 30-min data from ICOS-Sweden stations (Lanna 2017-2018, 443 
Hyltemossa 2015 and 2017, Norunda 2016-2017). Parameters �̂�GU,⋯ , �̂�YANG2 are the estimated mixing weights for the 6 component 444 
models respectively, whereas �̂� is the estimated amount of scaling for the ensemble variance.   445 

Station �̂�GU �̂�ABREU �̂�ENGERER2 �̂�PAULESCU �̂�STARKE �̂�YANG2 �̂� 

Lanna 0.19 0.00 0.00 0.11 0.21 0.49 0.60 

Hyltemossa 0.50 0.00 0.00 0.01 0.00 0.49 0.60 

Norunda 0.37 0.00 0.00 0.06 0.23 0.34 0.06 

 446 

Table 5. The nRMSE [%], nMBE [%] and R2 of 6 stand-alone decomposition models (using locally fitted coefficients except GU) 447 
validated at 3 ICOS-Sweden stations over a period of 1 year (Lanna 2019, Hyltemossa 2018, Norunda 2018). The errors are 448 
computed between the predicted and measured 30-min PAR diffuse values. For EMOS, data from the two first years of each 449 
location described in Table 2 are used for parameter estimation and by using the newly fitted coefficients on the stand-alone models 450 
(except GU), the errors are reported for the period of 1 year (same year as for the other models). Boldface denotes the best-451 
performing model in a row. 452 

 453 

Sets of re-estimated coefficients using the training data sets described in section 2.2 for each location are 454 

likewise validated with the same testing data sets as in the previous case. The new validation results for 455 

PAR diffuse component prediction are shown in Table 5. For all models and locations, except GU that has 456 

not been re-parameterized since it was taken in this study as the reference PAR decomposition model, the 457 

newly estimated coefficients locally fitted give better performance when compared to the previous results 458 

in Table 3. However, the overall trend between the models is similar as explained in the case of non-locally 459 

fitted parameters: YANG2 is still the best stand-alone performing model in terms of nRMSE and R2 followed 460 

closely by STARKE, and ENGERER2 is in the third place. PAULESCU performance although showing great 461 

improvement with locally fitted parameters compared to non-locally fitted ones, the model still cannot 462 

explain the behavior of 𝑘𝑑_PAR to 𝑘𝑡 as well as the other more performing models (see Figure 7). Again, 463 

EMOS, attempting to optimize predictions by leveraging a collection of stand-alone models, outperforms 464 

all the other models. As contrary to the previous results, the new weighting estimates of the models shown 465 

Station GU ABREU 

(local) 

ENGERER2 

(local) 

PAULESCU 

(local) 

STARKE 

(local) 

YANG2 

(local) 

EMOS 

nRMSE (%) 

Lanna 36.53 36.72 33.72 37.94 28.54 26.23 25.67 

Hyltemossa 37.8 31.27 29.51 29.57 25.83 24.83 24.35 

Norunda 33.03 30.4 29.29 27.68 25.73 24.31 23.96 

nMBE (%) 

Lanna -0.12 -2.66 -3.3 -9.78 -4.12 -2.56 -3.32 

Hyltemossa 15.68 4.4 -2.13 -0.33 -3.82 -1.56 -1.96 

Norunda 3.95 2.38 -1.23 0.07 -5.63 -2.23 -3.51 

R2 

Lanna 0.7 0.69 0.74 0.67 0.81 0.84 0.85 

Hyltemossa 0.61 0.73 0.76 0.76 0.82 0.83 0.84 

Norunda 0.71 0.75 0.77 0.78 0.81 0.84 0.84 



in Table 6 are more in accordance with the literature and it demonstrates clearly the significant high 466 

contribution of YANG2 and STARKE suggesting that YANG2 and STARKE are already highly accurate stand-467 

alone models.  468 

Table 6. Station-specific EMOS parameters estimated using 30-min data from ICOS-Sweden stations (Lanna 2017-2018, 469 
Hyltemossa 2015 and 2017, Norunda 2016-2017). Parameters �̂�GU,⋯ , �̂�YANG2 are the estimated mixing weights for the 6 component 470 
models respectively (using new fitted coefficients to the station locations), whereas �̂� is the estimated amount of scaling for the 471 
ensemble variance.   472 

 473 

Out of the six stand-alone models compared in this study, YANG2 is found to have the highest accuracy 474 

under squared error, both with original coefficients and locally fitted ones. This high accuracy can be 475 

directly associated to the satellite-derived diffuse fraction parameter characteristic of this model. As 476 

explained by Yang & Boland (2019) themselves, satellite-based irradiance estimates are usually based on 477 

physical models, hence, they are efficient and effective in explaining the low-frequency variability in 478 

Station �̂�GU �̂�ABREU �̂�ENGERER2 �̂�PAULESCU �̂�STARKE �̂�YANG2 �̂� 

Lanna 0.00 0.00 0.00 0.04 0.28 0.68 1.47 

Hyltemossa 0.00 0.00 0.00 0.00 0.20 0.80 0.90 

Norunda 0.00 0.00 0.00 0.02 0.26 0.72 1.13 

Figure 7. Diffuse PAR fraction data plotted against clearness index for the Hyltemossa station, overlaid with the results of 4 stand-

alone and EMOS decomposition models using locally fitted coefficients (re-estimated). The total number of data points in each plot 

is the testing data sample listed in Table 2. 



diffuse irradiance component. Nevertheless, although satellite-augmented models are becoming more 479 

popular due to the worldwide availability of such data, there are still many locations where the resolution 480 

is not high enough, especially in high-latitude regions. 481 

As for the study of an agrivoltaic site, if the objective is to evaluate the performance of a site when carrying 482 

out site selection feasibility study, it is most probably that previously collected irradiance data would be 483 

used as opposed to real-time data. Hence, no future values of clearness index would, in this case, be 484 

necessary to compute parameters such as daily clearness index. Consequently, STARKE model could be 485 

seen as an accurate model to be applied for PAR diffuse component prediction, with respect of YANG2 if 486 

satellite-derived data cannot be found. 487 

Nonetheless, if there is data available that can satisfy all the inputs needed for the 6 stand-alone 488 

decomposition model in the selected location to build an agrivoltaic site, EMOS could be then applied to 489 

achieve further accuracy in estimating PAR diffuse component. To this extent, highest accuracy in 490 

predicting crop yield in the chosen site would be obtained, thus, bringing a better prognosis of the 491 

agrivoltaic site performance. Likewise, it is important to mention that in the present study, only six stand-492 

alone models are chosen for testing the EMOS approach. However, other different decomposition models 493 

could be contemplated, and the number of models could also be re-considered, e.g., adding more than six 494 

models in the ensemble. Therefore, EMOS with a different selection of component models and number is 495 

object to further studies, as well as to reevaluate and include in the best model pool each time a new high-496 

performance stand-alone decomposition model is suggested in the literature (Yang and Gueymard, 2020). 497 

 498 

3.3. YANG2 and STARKE re-parameterized for Sweden 499 

By thoroughly comparing the 6 stand-alone models and EMOS approach from the previous results section, 500 

and as one of the targets for this work, sets of coefficients for Sweden are proposed for the best performing 501 

stand-alone models: YANG2 as first, and STARKE as second. Explanation on why these two models are 502 

selected is made clear from the discussion presented above, the performance of the models is observable 503 

likewise in Table 5, thus, it will not be reiterated here again. The procedure in obtaining these coefficients 504 

is very similar to the one described in section 2.4. However, the training dataset in this case is the 505 

concatenation of the training data of the three locations (Lanna, Hyltemossa and Norunda) previously 506 

described in Table 2. The new sets of coefficients for YANG2 and STARKE for Sweden are shown in Table 507 

7. With these new coefficients, the model is validated using the new testing data set, in this case, also 508 

concatenated from the testing data sets of the three locations studied. Results are shown in Figure 8. Error 509 



metrics with nRMSE of 25.56% for YANG2, 28.36% for STARKE and both models with R2 above or equal 510 

to 0.8, present satisfactory accuracy results.  511 

Table 7. Model coefficients of YANG2 and STARKE fitting using 2-year data of 3 locations in Sweden of 30-min data concatenated 512 
and collected at ICOS-Sweden stations (Lanna 2017-2018, Hyltemossa 2015 and 2017, Norunda 2016-2017). 513 

YANG2 STARKE 

𝐶 = 0.0888 𝛽0 = −4.4310 𝛽7 = −1.8476 

𝛽0 = −2.6258 𝛽1 = 6.1760 𝛽8 = −0.2195 

𝛽1 = 7.2506 𝛽2 = −0.0822 𝛽9 = −0.0287 

𝛽2 = −0.0458 𝛽3 = 0.1358 𝛽10 = −0.0204 

𝛽3 = 0.0099 𝛽4 = 1.1433 𝛽11 = 1.3971 

𝛽4 = −0.0839 𝛽5 = 3.3757 𝛽12 = 3.4869 

𝛽5 = 0.5002 𝛽6 = −2.6396 𝛽13 = 0.5026 

𝛽6 = −2.1731   

 514 

4. Conclusions 515 

A comparison of six stand-alone plus EMOS approach decomposition models for solar global radiation 516 

applied to PAR has been performed in this work. The three sites chosen for the validation of the models are 517 

in Sweden. Since none of the stand-alone models in their original publications had used data from the 518 

Scandinavian country to fit their parameters, the comparison was fair. Results by employing the original 519 

coefficients of the selected models showed that all the stand-alone models are not accurate when 520 

implemented in the selected Swedish locations due to general weak performances in terms of nRMSE 521 

ranging between 30-95%, except perhaps for YANG2 (29-34%).  522 

In this context, re-parameterization of the models is highly recommended if measured data is available. Re-523 

parameterization gave better accuracy performance for all the stand-alone models in the three studied 524 

Figure 8. Diffuse PAR fraction data plotted against clearness index of the 3 stations in Sweden overlaid with the results of YANG2 

(left) and STARKE (right) decomposition models. The total number of data points in each plot is the sum of the testing data for each 

location listed in Table 2. 



locations in Sweden achieving nRMSE lowest as 24.31% and highest as 37.94%, improving therefore 525 

EMOS-based model as well (lowest nRMSE of 23.96%).  526 

If satellite-derived irradiance data is accessible and resolution is deemed adequate, YANG2 is without doubt 527 

the best decomposition model up to date to be used to predict PAR diffuse component. Otherwise, STARKE 528 

is seen as the second-best performing model to be selected in no real-time predictions applications, for 529 

example, when evaluating potential sites for building agrivoltaic systems by using previously collected 530 

data.  531 

EMOS can be applied in the event that wide amount of data is obtainable for a further accurate estimation 532 

of PAR diffuse component. To be noticed that EMOS parameters can also be fitted using other techniques 533 

and it is important to keep in mind that the performance of EMOS-based model depends on the accuracies 534 

of the decomposition models forming the ensemble.  535 

The sets of coefficients determined for Sweden in this study for the best-performing models, YANG2 and 536 

STARKE, can be applied to obtain an accurate first estimation of the amount of PAR diffuse component 537 

reaching the crops when evaluating site-selection of agrivoltaic systems. Site specific coefficients can be 538 

computed afterwards if measurements are available during the operation of the agrivoltaic system to have 539 

an even superior assessment of PAR and subsequently of crop yield. 540 

The overall methodology applied in this work for Sweden can be similarly executed for other countries. 541 
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