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BSTRACT 
 

ased on a la r ge and recently developed 
ting Machine Leaming {ML) techniq

omponents are estimated from 1 min g
nsembles of linear and ensemble.s of no
sing XCBoost to overaU improve the r.i
redicrJon error Is essenclally achieved by
odels. Most of these 26 n'Oclels use at l

irectly from che inputs m me sepa.radon
hese 14 inputs could be used with appro
ation datasets ,ue not collocated. the R
e of 1 min irradiance and an.ciHary data observations ac 54 V!.'Orld scadons. chis study uses the grOOienr 
mprove the process of components separation, through which the direct and diffuse solar radiation 
orizontal irradi.lnre d,1t,1. Here. the XCBoost implementation of gradM'nt boosting is used both with
r \\'t"Jk prediction models. Th.e predictions of 140 sep,1r.1tion models of the literature .1.re combined 
rrors of the predictions of the individual sep-ar.ition models at any of the validation sites. The minimum
ination of 26 out o f  the original 140 models, with no meani.ngfol reductJon in elTOr by combinJng n.1ore
ree inputs in addltk>n co cle:urness index. In parallel, XCBoost Is also usOO to separace the com ponents 
s. From che 24 possible Inputs used In the orig inal 140 separation models, only 14 are found relevant. 
formalism to subsequently develop a better separation model. It is found that when the training and val 
r the (Kedictions increases. oa average. 2% with respect to the c.ase of collocated d.itasets. Overall, the 
.ipproach combining a limited mDTiber of existing models can l>e used to consider.ibly decrease t.he 
ch models when used separ.nely at high temporal frequency. 
1. lntroduction

Knowledge of the global horizontal irradiance (GHI) at the plan 
etary surface is important in many disciplines, including agricul 
ture, forestry, hydrology, or climatology. GHI is obviously also an 
essential variable for all solar energy applications. for them. how 
ever. additional information is most generally necessary. in the 
fonn of the components of GHI: Direct horizontal irradiance and 
diffuse horizontal irradlance (Dlf). Nonetheless. because the direct 
component is typically measured with a pyrheliometer on a plane 
normal to the sun rays. direct irradiance is most usually reported in 
tenns of direct normal irradiance (ONT} Knowledge of ONT alone is 
essential to evaluate the solar resource for any type of solar 
concentrating thermal or photovoltaic technology. The simultane 
ous knowledge of DNI and DI F is required to evaluate the irradi 
ance incident on any receiver. such as p hotovoltaic panels. 
thermal collectors. or building fenestration. Typically. the two 
components are �arately necess.iry to evaluate the global tilted 
irradiance (Gll) incident on the plane of array (POA) in flat plate 
photovoltaic (Pl/) technologies, for instance. In that case, GTI is 
the magnitude required to evaluate the energy production of such 
collectors. Since Gn measurements are normally not available at 
the POA before a solar power plant is designed, GTI has to be mod 
eled from the direct and diffuse components with an appropria te 
transposition model. Previous investigations (e.g., Cucumo et aL 
2007; Gueymard. 2009; Yang et al., 2013) have shown that Gll's 
accuracy is in large part conditioned by that in the main inputs 
to the transposition model. i.e .. ONT and Olf. 

GHI is usually measured with pyranometers at a large number 

of radiometric stations over the world. In contrast. the measure 
ment of DNI or DIF is more difficult and costly than that of GHI 
(since it normally requires a sun tracker and additional equip 
ment), making such data scarce . As a result. it is common to use 
separation models to estimate the direct and diffuse irradiances 
from GHI observat ions. Moreover, GHI and its components are 



often required in remote areas with potential for solar energy

exploitation but with complete lack of solar radiation

measurements. In that case, solar radiation has to be modeled from

ancillary observations, including those obtained from space. Nowa

days, the most widespread modeling method uses cloud reflec

tance imagery from satellite sensors combined with semi

physical modeling approaches (Perez et al., 2013). Unfortunately,

these approaches only allow the estimation of GHI, thus making

the use of separation models necessary to evaluate its components.

This additional step contributes to the overall uncertainty of the

method (Cebecauer et al., 2011).

The need to model the components of GHI in basically all solar

energy applications has fueled a relentless interest for the develop

ment of empirical separation methods, which started with the

seminal study ofLiu and Jordan (1960). Countless engineering

type relationships (usually referred to as ‘‘separation”, ‘‘decompo

sition” or even ‘‘diffuse fraction” models for a reason that will

become clear in Section2.1) have thus been regularly proposed

in the literature. Based on locally measured data from one or many

stations in diverse climatic regions of the world, these models tar

get various solar radiation temporal resolutions (e.g., hourly, daily

or monthly). However, because of their underlying empirical nat

ure, their application is normally considered ‘‘safe” only over those

areas where they were initially developed. Spatial extrapolation

could lead to significant regional deviations in results. Hence, the

search for a ‘‘universal” formula i.e., a model providing accurate

results at any location must rely on validation studies undertaken

at widely different sites. Many such studies have appeared over the

years and have typically involved a relatively small number of rela

tionships at a limited number of sites. Among the literature of the

last ten years, the reader is referred to, e.g., (Bertrand et al., 2015;

Bilbao et al., 2014; Dervishi and Mahdavi, 2012; Engerer, 2015;

Gueymard, 2010; Gueymard and Ruiz Arias, 2014; Ineichen,

2008; Magarreiro et al., 2014; Padovan et al., 2014; Tapakis et al.,

2016a; Yang et al., 2013). Recently,Gueymard and Ruiz Arias

(2016), hereafter GRA16, have expanded this concept of validation

to test 140 separation models at 54 research class stations under 4

climate groups over 7 continents. The results of that study by far

the most ambitious of its kind showed that none of the single sep

aration model then analyzed could be considered as truly ‘‘univer

sal”, although a few of them could generate reasonable estimates

of DNI at 1 min resolution at most sites, at least in the absence

of snow. The study also clearly indicated which models could per

form well under which specific climate.

In parallel, the use of Machine Learning (ML) techniques has

rapidly developed in recent years, with the potential of providing

better empirical relationships than the usual regressive techniques.

In particular, the artificial neural network (ANN) approach has

been shown to improve the determination of DIF at various time

scales (Alam et al., 2009; Elminir et al., 2007; Tapakis et al.,

2016b), but its use requires a higher expertise than more tradi

tional approaches, while still not guaranteeing good ‘‘universal”

results.

Following the study in GRA16, and using the same sets of both

observational data and separation models, as briefly described in

tion2, the potential benefits of the use of ML over the traditional

methods are investigated in various ways. In particular, it can be

construed that an ML based combination of different separation

models could expand their individual applicability from just one

climate zone to many, toward the goal of developing a truly ‘‘uni

versal” model. This avenue is explored here in detail, using a tech

nique known as gradient boosting (Friedman, 2001, 2002), whose

details are provided in Section3. An approach for the combination

of existing separation models is further developed in Sections4

and 5, with the goal of improving their individual results. In partic

ular, the capability of gradient boosting for ranking the impact of
its input variables is advantageously used to ascertain which sep

aration models are more relevant. Taking advantage of the avail

ability of data from many different climatic regions, another

avenue of research is also developed by constructing a new empir

ical model which, given the same inputs as the existing separation

models, is able to predict DNI directly. This direct model construc

tion is developed in Sections4 and 6. Additionally, in this case, a

study about the relevance of the possible input variables is carried

out. Finally, Section7examines the models’ performance at loca

tions different from those where they have been trained. This con

stitutes an essential step in the process of verifying the desired

‘‘universal” quality of suchamodel.
2. Separation models and observational data

2.1. Separation models

The complete list of separation models, with detailed descrip

tion, can be found in GRA16 and references therein. The list encom

passes models developed since the 1960s, starting with the

pioneering work ofLiu and Jordan (1960). Most of them have been

devised to separatehourlyGHI data; however, some were also

developed for 1 min, daily, or monthly average values. Note, how

ever, that they have all been tested in GRA16 using data at high

temporal resolution (1 min time steps most generally), which is

a time frame with increasing interest in the current context of solar

applications (Bright et al., 2015; Engerer, 2015; Fernández

Peruchena et al., 2015; Gansler et al., 1995; Ngoko et al., 2014;

Yang et al., 2015).

The main modeling approach among the existing separation

models is the calculation of the diffuse fraction,K= DIF/GHI, from

the clearness index,KT= GHI/E0h, whereE0his the extraterrestrial

horizontal irradiance readily calculated for the same time and loca

tion as GHI. Many models also use additional variables such as

solar zenith angle, optical air mass, temperature, relative humidity,

or custom GHI variability indexes, to name just a few. It is worth

mentioning that a few models rather predict the fraction of direct

irradiance (i.e., DNI/GHI or DNI cos(Z)/GHI, depending on model)

instead ofK, whereZis the solar zenith angle. From a pure physical

standpoint, the two approaches are equivalent by consideration of

the closure equation GHI = DNI cos(Z) + DIF.

In this work, the individual 1 min predictions of 140 separation

models analyzed in GRA16 at the 54 validation sites described in

Section2.2are combined together using the AI techniques pre

sented in Section3.
2.2. Observational data

The observational dataset, which is thoroughly described in

Section3of GRA16, and to which the reader is referred for further

information, consists of independent observations of the three

solar radiation components (i.e., GHI, DNI and DIF) at 54 radiomet

ric stations and at 1 min resolution for the vast majority of them.

The observations are gathered using thermopile radiometers. DIF

is measured with a shading ball attached to the sun tracker also

supporting the pyrheliometer measuring DNI.Table 1, adapted

fromTable 3in GRA16, summarizes important information about

the 54 stations used in the present work. Most of the stations

(49) belong to the Baseline Surface Radiation Network (BSRN,

http://bsrn.awi.de/;Ohmura et al., 1998), a project of the Global

Energy and Water Cycle Experiment (GEWEX) under the umbrella

of the World Climate Research Programme (WCRP). The rest is

obtained at stations operated by the National Renewable Energy

Laboratory (NREL) (three stations), the German Aerospace Agency

(DLR) (one station), and the Masdar Institute (one station). The
2



Table 1

Information on the 54 stations used for validation, including: station code, latitude and longitude in degrees, climate zones (acronyms are: AR, HA, TM, and TR for Arid, High

albedo, Temperate, and Tropical, respectively), and mean measured values of GHI and DNI in W/m2.

Code Station Latitude Longitude Climate Mean GHI MeanDNI

ALE Alert 82.49 62.42 HA 234.5 389.0

ASP Alice Springs 23.80 133.89 AR 499.5 611.2

BER Bermuda 32.27 64.67 TM 548.8 448.0

BIL Billings 36.61 97.52 TM 486.5 504.1

BON Bondville 40.07 88.37 TM 592.6 533.7

BOU Boulder 40.05 105.01 TM 529.8 529.3

BRB Brasilia 15.60 47.71 TR 428.8 361.6

CAR Carpentras 44.08 5.06 TM 399.1 476.8

CNR Cener 42.82 1.60 TM 403.6 421.0

CLH Chesapeake Light 36.91 75.71 TM 405.7 417.5

COC Cocos Island 12.19 96.84 TR 498.2 410.9

DOM Concordia Station 75.10 123.38 HA 399.1 846.0

DAR Darwin 12.43 130.89 TR 531.5 469.6

DWN Darwin Met Office 12.42 130.89 TR 481.9 450.1

DAA De Aar 30.67 23.99 AR 518.7 656.0

DRA Desert Rock 36.63 116.02 AR 688.9 794.6

EUR Eureka 79.99 85.94 HA 221.3 304.1

FLO Florianapolis 27.53 48.52 TM 446.6 438.6

FPE Fort Peck 48.32 105.10 TM 583.1 576.8

FUA Fukuoka 33.58 130.38 TM 350.7 273.4

GVN Georg von Neumayer 70.65 8.25 HA 308.1 272.4

GOB Bobabeb 23.56 15.04 AR 582.2 732.1

GOL Golden-NREL 39.74 105.18 TM 458.2 558.0

GCR Goodwin Creek 34.25 89.87 TM 564.3 514.6

ILO Ilorin 8.53 4.57 TR 256.6 72.1

ISH Ishigakijima 24.34 124.16 TM 367.7 246.2

IZA Izaña 28.31 16.50 AR 617.9 791.4

KWA Kwajalein 8.72 167.73 TR 544.0 433.5

LAU Lauder 45.05 169.69 TM 371.7 402.1

LER Lerwick 60.14 1.19 TM 204.6 131.0

LIN Lindenberg 52.21 14.12 TM 279.9 255.8

MAS Masdar 24.44 54.62 AR 506.0 552.5

MNM Minamitorishima 24.29 153.98 TM 477.7 451.9

MAN Momote 2.06 147.43 TR 504.2 383.7

NAU Nauru Island 0.52 166.92 TR 539.5 439.7

NYA Ny-Alesund 78.93 11.93 HA 189.8 209.9

PAL Palaiseau 48.71 2.21 TM 304.7 280.2

PAY Payerne 46.82 6.94 TM 378.0 356.5

PTR Petrolina 9.07 40.32 TR 528.7 485.4

PSA PSA-DLR 37.09 2.36 AR 457.0 89.0

REG Regina 50.21 104.71 TM 362.9 394.6

PSU Rock Springs 40.72 77.93 TM 499.5 420.1

SMS Sao Martinho daSerra 29.44 53.82 TM 435.4 444.2

SAP Sapporo 43.06 141.33 TM 325.4 267.6

SBO SedeBoqer 30.86 34.78 AR 607.2 642.9

SXF Sioux Falls 43.73 96.62 TM 582.7 602.3

SOV Solar Village 24.91 46.40 AR 567.3 580.4

SON Sonnblick 47.05 12.96 HA 367.7 296.7

TAM Tamanrasset 22.79 5.53 AR 589.1 622.5

TAT Tateno 36.05 140.13 TM 332.8 277.2

TIK Tiksi 71.59 128.92 HA 260.2 238.7

TOR Toravere 58.25 26.46 TM 239.6 126.4

TUC Tucson 32.23 110.96 AR 557.3 694.9

XIA Xianghe 39.75 116.96 TM 420.8 376.0
dataset spans three years at each station, with the exception of the

DLR’s PSA station (two years only), and spreads over four broad cli

matic classes (11 under arid climate, 27 under temperate climate, 9

under tropical climate, and 7 under high albedo climate i.e., sites

surrounded by snow most of the time).

The data underwent a quality control process that is based on

the BSRN guidelines (Long and Shi, 2008; Roesch et al., 2011), with

additional quality tests (GRA16). Among other things, this addi

tional filtering process rejects data points recorded at low solar

altitude (<5), because they are of marginal importance in solar

applications and correspond to significantly increased uncertainty

in both observations and models.

As commented in Section2.1, a significant fraction of the pool of

140 separation models uses more inputs than just GHI (or actually

KT). Some of these inputs are readily available deterministic
variables, such asZor optical air mass,m. Some models also require

other atmospheric or surface variables that are not always observed

at the same temporal frequency as GHI, or not even observed at all.

In particular, many models require temperature and relative

humidity observations. These variables are usually observed at

lower temporal resolution than the solar irradiance components

and are here interpolated to 1 min time step to match the solar

radiation time grid. Other variables, such as ground albedo or atmo

spheric aerosol turbidity, are also required by a few models. Due to

lack of local observations, this information is extracted frommod

eleddatabases: The ground albedo is obtained from NASA’s

Modern Era Retrospective Analysis for Research Applications

(MERRA) reanalysis, and the Linke turbidity factor from the SoDa

service (http://www.soda is.com/eng/services/climat_free_eng.

php#c5). Further details are provided in Section3of GRA16.
3
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the daily GHI at locations where it is not measured (Urraca et al.,

2017).

4. Methodology

Two families of XGBoost models are developed in this work: (i)

the combination ofexistingseparation models to separate GHI in

the direct and diffuse irradiances (hereinafter referred to asindirect

model); and (ii) the separation of GHI using anewmodel uniquely

based on GB (hereinafter referred to asdirect model). In both cases,

model versions using linear and non linear weak learners are eval

uated. In addition, two validation approaches are considered: (i)

using collocated training and validation data; and (ii) using train

ing and validation data from different sites.

4.1. Models construction

For the first family of models, XGBoost is used to obtain a best

performing combination of 140 conventional separation models

extracted from the pool of models investigated in GRA16 (here

inafter this approach will be referred to asindirect model,as

opposed to the direct approach introduced below). The aim of

the indirect model is to study whether the performance of individ

ual separation models can be improved by combining them effi

ciently so as to provide one single prediction of even higher

accuracy. Here, this combination is learned separately by means

of both linear and non linear learners. Their performance is later

on compared in Section5. The specific value of DNI at timetis

approximated by:

DNIðtÞ Fðp1ðtÞ;p2ðtÞ...p140ðtÞÞ ð3Þ

wherep1(t),p2(t),...,p140(t) are the predictions of the 140 separa

tion models at timet. Recall from Section1that, once DNI is known,

DIF can be computed by subtracting DNI cos(Z) from GHI.

In parallel, XGBoost is also used to develop a GB separation

model from the variables originally used as predictors for the

140 separation models. Hereinafter, this approach will be referred

to asdirect model. In this case, the aim is to ascertain whether the

conventional separation models or even their combination using

the indirect model described just above can be outperformed by

a new GB model learned directly from the same variables that were

originally used as inputs to the 140 separation models. To this end,

based on GRA16, a total of 24 variables is considered here. This

total is made of those 4 variables already defined in Section2

(E0h,Z,mandKT), and of 20 additional variables: observed global

horizontal irradiance (E), clear sky global horizontal irradiance

(Ec), clear sky direct normal irradiance (Ebnc), dry bulb temperature

(T), dew point temperature (Tdp), relative humidity (RH), atmo

spheric pressure at the surface (P), ground albedo (q), modified
clearness index (KTp), mean dailyKT(KTm), Linke’s turbidity (TL),

and nine solar radiation variability indices (V1...V9). Detailed

information on their origin or calculation can be found in GRA16.

Therefore, if D is the direct model, its prediction of DNI at timet

would be:

DNIðtÞ Dðx1ðtÞ;x2ðtÞ...x24ðtÞÞ ð4Þ

wherexi(t) represents theith of the 24 input variables (mentioned

just above) at timet. Like in the case of the indirect model above,

the performances of the linear and non linear learners are

compared.

4.2. Model training and evaluation

In the context of ML, separate data sets are used to train and

evaluate models. The training data set is used to fit the model,
whereas the test data set serves to evaluate its generalization capa

bility. In this work, every model is first trained and then tested on

different data for each station. The method to obtain the training

and test partitions is described below. Finally, the test results

obtained for each station are averaged over all stations to evaluate

the overall model’s performance.

Each observational station provides radiation data for 3 years

(with the only exception of the DLR’s PSA station, which features

2 years). The training samples are obtained by aggregating data

from the first two thirds of the dataset (in chronological order).

The remaining third is used for testing. The training partition that

is necessary to build the model (and in particular, to select the

hyper parameters, see Section4.3) is the result of joining the train

ing data from all stations. The same process is also applied for the

test partition. Since the size of the training partition is still too

large (approximately 17,647,919 samples for the 54 stations com

bined), it is subsequently sub sampled to maintain reasonable

training times. To this aim, the original training dataset is down

sampled by randomly selecting 10% of the 1 min samples. In order

to reduce the training dataset size even further, one every four

days is selected. After all these operations, the final training dataset

is reduced to only 459,908 samples. Note that the test data set is

not sub sampled, contrarily to what is done with the training data

set, and is made of 8,823,962 samples.

The performance of the different GB models generated here is

evaluated using the usual mean bias difference (MBD) and RMS dif

ference (RMSD) statistics, to be consistent with the results in GRA16.

The comparative results between the conventional separation mod

els and the XGBoost models developed here are presented in terms

of theRMSD skill score(or, simply, skill score or SS) defined as:

SS
RMSDsep RMSDXGBoost

RMSDsep
; ð5Þ

whereRMSDsepandRMSDXGBoostare the RMSD counterparts for any

one of the 140 separation models and the XGBoost model, respec

tively. Positive (negative) skill scores occur whenever the XGBoost

model outperforms (underperforms) the conventional separation

model. A perfect XGBoost model would result in unity skill scores.

A zero skill score occur when both the conventional separation model

and the XGBoost model performs identically (in terms of RMSD).

4.3. Selection of XGBoost’s hyper parameters

Since the XGBoost algorithm is controlled by various hyper

parameters, a proper selection of their values is important toward

obtaining accurate results. To find the best hyper parameters in

each case, an exhaustive search over a grid of values is carried

out and the best performing case is retained.Table 2shows the

hyper parameters values explored for each type of learners.

In order to compare the performance of XGBoost for different

combinations of hyper parameters and ultimately select the best

one, a fraction of the training data set is extracted and used as val

idation set. Samples corresponding to the time span between the

first and the 24th day of each month are used to train the model.

The remaining samples are used as the validation subset. The best

combination of hyper parameters is defined as the one providing

the smallest RMSD for the validation set. Then, specifically, the val

idation subset is used to obtain an independent evaluation of the

hyper parameter selections, whereas the separate test subset is

reserved for the final model evaluation.
5. Results for the indirect modeling approach

The aim of this section is to report the results obtained with the

indirect modeling approach using XGBoost ensembles of both lin
5



Table 2

Hyper-parameters for linear and non-linear learners, description, and grid search

values.

Parameter Description Grid values

Linear learners

M Number of models in the ensemble 100, 200, 300, 400, 500

Lambda L2 regularization term on weights 0, 0.25, 0.5, 0.75, 1

Alpha L1 regularization term on weights 0, 0.25, 0.5, 0.75, 1

Lambda bias L2 regularization term on bias 0, 0.25, 0.5, 0.75, 1

Non-linear learners

M Number of trees in the ensemble 100, 200, 300, 400, 500

Eta Step-size shrinkage or learning rate 0.05, 0.1, 0.3, 0.5

Max depth Maximum depth of the tree 1, 2, 3, 4, 5, 6, 7, 8, 9

Table 3

Average and standard deviation (within brackets) of the station-wise RMSD and MBD

scores over all stations, expressed in percent after normalization by the mean

observed DNI. Results are shown for the linear and non-linear learners in the indirect

model and the combination of best separation models at each station.

Boosting method RMSD MBD

Linear learners 24.1% (12.8%) 0.2% (6.6%)

Non-linear learners 20.0% (10.8%) 0.8% (5.2%)

Combined best separation models 27.6% (16.1%) 2.7% (9.4%)
ear and non linear learners. In addition, the relative importance of

each separation model in the indirect model’s performance is

ranked using specific XGBoost capabilities.

Following the empirical approach described in Section4.3, the

best selection of hyper parameters, when using linear learners, is

found to be M = 500, Lambda = 1, Alpha = 0.5, and Lambda bias = 0,

although other combinations provide similar results. Similarly, for

the non linear learners, the best selection is M = 500, Max

depth = 9, and Eta = 0.1. Again, similar results are obtained with

other combinations. Thus, both the linear and non linear learners

do not show a strong sensitivity to the selection of hyper

parameters. Using the configurations just mentioned, XGBoost is

trained and evaluated using the methodology described in

Section4.2.

Table 3shows the overall averages and standard deviations of

station wise RMSD and MBD values. The ‘‘combined best separation

model” is computed by selecting for each station the separation

model that features the lowest RMSD out of the 140 separation

models tested here. Thus, it is a best virtual case in the sense that

it is made up of the best performance model at each station, which

may vary station wise. Overall, it is found that the indirect model

using non linear learners is much better than either the one using

linear learners or the combination of best separation models. The

latter is also outperformed by the indirect model using linear

learners. These results hold for both RMSD and MBD. Note also

that, as discussed in GRA16, the separation models with the lowest

RMSD usually have 5 or 6 input variables. Despite the reduced

noise compared to simpler separation models, the results in

GRA16 also showed that some of the more complex separation

models have a tendency to overpredict DNI, particularly in arid,

temperate and high albedo climates. This is consistent with the

high MBD value shown inTable 3for the combined best separation

models.

In order to analyze whether XGBoost performs better than any

individual separation model, the test RMSD obtained by XGBoost at

each station is compared to the test RMSD of the best separation

model at that same station using the SS parameter defined in Eq.

(5).Figs. 2 and 3show the SS value for these two RMSD values at

each station for the indirect model with both linear and non

linear learners, respectively.Fig. 2reveals that the indirect model

with linear learners performs better than the best existing separa
tion model at most of the stations. However, there are some sta

tions where the best separation model is not improved: At 3 of

them (Sede Boquer, Lauder and Brasilia) the results are very simi

lar, whereas at 5 stations (Alice Springs, Toravere, Alert, Concordia

Station and Eureka) the indirect model with linear learners is even

worse. (Note that the last three are in a high albedo climate.) In

contrast,Fig. 3shows that an indirect GB model based on non

linear learners performs always better than the best separation

model of the literature at any station. In most cases, this improve

ment is remarkably larger (on average, twice as much or even

more in the case of high albedo sites) than that of the indirect

model using linear learners. Interestingly, note that, on average,

the model improvement is highest at temperate sites, followed

by the arid and tropical sites.

Still using the indirect modeling approach, the third and final

aspect evaluated here consists in determining which separation

models are contributing the most to the performance of the GB

model alternative using non linear learners. The goal here is to

determine whether a similar modeling error can be achieved with

a smaller subset of separation models. This is equivalent to asking

which ones of the 140 separation models are the most relevant for

the overall performance of the indirect model. To this aim, 140 dif

ferent versions of the indirect model with non linear learners are

trained adding separation models successively from 1 to 140,

ordered according to the ranking provided by XGBoost.

Using the same training and test datasets as before, the training

and test RMSDs for each of the 140 indirect model versions are

shown inFig. 4. It can be observed that the same RMSD can be

achieved by using only 26 separation models rather than all the

140 original separation models a remarkable reduction of inputs

and complexity by a factor of 5.3. (The training errors with both

26 and 140 separation models are equal to 15.8%, whereas the test

errors are 20.1% and 20.0%, respectively.) Hence, a combination of

these 26 separation models using non linear learners can be used

to reach a similar performance than using the entire set of 140 sep

aration models. The top 26 separation models (following the nam

ing convention of GRA16) are: BUGLER,ENGERER1, KUO1, MAGARREIRO,

SKARTVEIT3, BOLAND5, PEREZ1, ENGERER2, POSADILLO5, HAY,SPENCER,PEREZ2,

KUO4, REINDL,TAMURA,CHENDO3, CUCUMO,HOLLANDS2, RIDLEY2, BOLAND2,

OUMBE,TURNER,TAPAKIS2, STAUTER,SKARTVEITand SUEHRKE. Details on each

model can be found inTables 1 and 2of GRA16. As underlined in

tion3, the ordering obtained here is purely relative to the XGBoost

model, and thus should not be interpreted as a measure of the

importance of the separation models taken individually. Thus, a

separation model might appear here with a much higher ranking

compared to some other, even though the latter may be known

of equal or better irradiance separation performance, based e.g.

on conventional validation tests of the literature. This explains

why this ranking is apparently quite different from that in

GRA16, for instance. Note that a much faster indirect GB model

could be constructed by using only the 26 ‘‘best” models listed

above with, virtually, no loss of accuracy. Out of the first 10 sepa

ration models, seven have at least 4 inputs. In contrast, only four of

the remaining ones have 4 or more inputs. All the 26 top models

listed above use more inputs than justKT. Hence, in general, sepa

ration models with many inputs (thus, more complex) have higher

impact on the overall performance than those that depend only on

KT, which is consistent with most results reported in the literature.
6. Results of the direct modeling approach

As in the previous section, an exhaustive computational search

is carried out, first to establish the best combination of hyper

parameters and then to train the XGBoost models. In this case,

the best values obtained for the hyper parameters of the model
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reduction. Most of the top models in this subset have at least 4 pre

dictors, indicating that conventional separation models with fewer

predictors have less generalization potential. Analogously, a simi

lar performance of the direct model could be achieved using only

14 particular inputs out of the 24 possible variables included in

the initial data set.

It is emphasized that the indirect and direct GB models devel

oped here are dynamic and data driven. Thus, they offer a parallel

pathway to exploit the current rapid increase in solar resource data

volume. Unfortunately, this data driven ML approach means they

can be hardly formulated as, e.g., a deterministic multi linear com

bination of existing models, which would be very convenient for

most engineering applications. Despite this limitation, the present

results can help develop better practical models in the future, at

least by delineating the best functional forms (presumably those

used in the 26 ‘‘best” models) and the inputs with the best predic

tion potential (presumably the 14 ‘‘essential” variables).

Overall, the present results suggest that advanced ML tech

niques, such as gradient boosting, can also significantly improve

the performance of single conventional separation models by con

sidering ensembles, and can considerably expand the original geo

graphical or climatological area of application of any single

separation model. Although the models developed here aim at uni

versality, their development is still empirical. It can be anticipated

that different combinations of separation models would have been

obtained with different observational data sets. Further studies

should therefore be conducted to compare the performance of

the best models developed here to that of alternate models based

on data from stations in other regions or under completely differ

ent climates.
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