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 A B S T R A C T

Solar radiation components are required by most solar applications, but global horizontal irradiance (GHI) 
is the only measurement or model output that is usually available. Empirical component separation models 
separate GHI into its components and are the only practical solution that can ensure the availability of the solar 
components on a global scale. The growing availability of public observed datasets and the rise of machine 
learning (ML) have paved the way for a new modeling framework, where conventional and ML-based models 
now coexist. Many ML techniques have been proposed so far, but they have not been clearly found to improve 
the best conventional models on a global scale. Moreover, the complexity of some ML approaches is out of 
the reach of normal users, which is detrimental to their practical adoption in regular applications. This study 
investigates whether a basic artificial neural network (ANN) with a reduced number of easily accessible input 
variables can outperform the best conventional separation models on a global scale. Three ANN versions with 
different input combinations are tested using a global database of 117 radiometric stations, and are evaluated 
against 13 of the best conventional models. Although two of the ANN models are not conclusively better 
than the best conventional separation model, proving that ML-based models are not necessarily better than 
conventional models, the third one is consistently better at nearly all ground sites, reducing the average root 
mean square error of the predicted direct normal irradiance from ≈16% with the best conventional model to 
≈14%.
1. Introduction

Solar applications are ultimately sustained by solar radiation, which 
is the principal energy factor determining their performance. Thus, 
a detailed quantitative and qualitative knowledge of the local solar 
resource is necessary, which also includes the precise separation of 
total solar irradiance into its direct and diffuse components. The direct 
component is traditionally measured in the normal direction to the Sun, 
thus being customarily referred to as direct normal irradiance (DNI), 
and is the main driver in concentrating solar applications [1,2]. In 
contrast, planar photovoltaic applications require both DNI and diffuse 
horizontal irradiance (DIF), from which both the total solar irradiance 
incident on a horizontal surface (GHI) and on the tilted plane of the 
photovoltaic array are evaluated [3–6]. However, independent mea-
surements of DNI and DIF are scarce and much less common than those 
of GHI because they involve more sophisticated, expensive, and delicate 
instruments, as well as more stringent maintenance protocols [7]. In 
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parallel, most satellite-based solar resource databases, which constitute 
an essential part of any solar resource assessment, can evaluate GHI 
from satellite imagery [8], but not their DNI and DIF components. 
In such a context, methods to separate the observed or modeled GHI 
into its DNI and DIF components are required to make full use of the 
available GHI data streams.

Alternatively, DNI and DIF could be directly evaluated from radia-
tive transfer models that are based on universal physical principles. 
However, they require a description of the atmosphere that is rarely 
available, either because the relevant atmospheric variables are not all 
known or because they are known with insufficient accuracy. This is 
typically the case for variables related to cloudiness. Moreover, the us-
age of physical atmospheric models is cumbersome and requires consid-
erable computing resources that are usually beyond the reach of solar 
engineers in their daily practice [9]. In this context, GHI component-
separation models—hereafter, separation models—have been widely 
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used wherever ground-based observations of components are perma-
nently or temporarily unavailable and physical modeling is not feasible 
[10]. This is the case virtually everywhere because observations of solar 
components and/or of atmospheric constituents for physical model-
ing are rarely available at the specific sites of interest, which leaves 
empirical separation methods as the only possible practical approach.

Traditionally, separation models have been composed of three 
tightly integrated elements: (1) a primary transfer function with ad-
justable coefficients, (2) a set of explanatory variables that are ideally 
accessible everywhere, and (3) an empirical fitting method using ob-
servations from a few sites to adjust the coefficients. This empirical 
structure has traditionally made these models inherently local and 
somewhat lacking in generalization. However, it is worth noting that 
element (2) should always be a primary design constraint to ensure 
the global scope of the separation model. Otherwise, it would suffer 
from similar issues as physical models. In contrast, improvements in 
elements (1) and (3), which are related to model complexity and 
training scope, respectively, constitute the main current research trends 
to improve separation models, which have been favored by the increase 
in the number of available public radiometric sites and the rise of arti-
ficial intelligence (AI) and machine-learning (ML) methods. It is worth 
mentioning also that the temporal resolution of interest for separation 
models has historically evolved throughout the last six decades from 
monthly or daily, through hourly, and, since the 2010s, minutely. The 
reason, apart from the increase in instrumental, computational, and 
financing resources, is that photovoltaic (PV) solar power production 
is vulnerable to rapid solar radiation fluctuations originating mainly 
from transient clouds [11,12]. The intensity and frequency of these 
fluctuations, which are barely detectable if the temporal resolution is 
longer than ≈5 min [13], need to be taken into account at the design 
stage of PV systems [14,15].

The evolution just discussed explains why many new 1-min sep-
aration models have been introduced since Engerer’s, published in 
2015 [16], although the very first study on 1-min separation modeling 
actually dates back to 1988 [17]. The most notable state-of-the-art 
1-min separation models have been extensively discussed and tested 
in prominent works of the literature [10,18,19]. However, in parallel 
to the evolution toward fine-scale separation, new ML-based mod-
els have been steadily proposed. For instance, Aler et al. [20] used 
the predictions of 140 conventional separation models, most of them 
designed for hourly data, as inputs to an extreme gradient boosting 
model (XGB) [21] to separate 1-min GHI observations at 54 radio-
metric stations worldwide. They found that a pool of only 26 of these 
conventional separation models was sufficient to significantly improve 
their individual results, as was also the case when directly training 
the XGB model with a set of 14 explanatory variables of those used 
by the conventional separation models, which reduced the average 
root mean square deviation (RMSD) of DNI from ≈27% with the best 
separation models at each site to ≈19% with the XGB model. More 
recently, Ramadhan et al. [22] tested five ML techniques, among which 
support vector regression was the best performer, to separate the GHI 
components using six atmospheric inputs, including relative humidity, 
dew point and dry bulb temperatures, wind speed and cloud amount. 
Overall, these inputs help to improve the performance of the models, 
but at the cost of restricting their application scope to only places 
and situations in which such observations are available. Furthermore, 
the study was conducted at a single location in South Korea, which 
prevents any conclusion about the potential universality of the results. 
Later, using data from that specific station [22], and thus sharing 
the same locality issue, Rajagukguk and Lee [23] obtained the best 
results with long-short-term memory models, also evaluated in [22], 
at various temporal resolutions from 1 min to 1 h. In a subsequent 
work, the same authors used data from 10 BSRN stations to train and 
validate three boosting-based ML approaches, obtaining the best results 
with a 9-parameter CatBoost model [24]. Oh et al. [25] used data 
from 20 stations in temperate areas and 5 stations in South Korea to 
2 
train light gradient boosting, XGB, and artificial neural network (ANN) 
models. The latter outperformed the other two ML approaches, the Aler 
et al. [20] ML-based approach discussed above, as well as a collection 
of 21 conventional separation models. All these results highlight a 
typical finding in studies involving separation modeling with ML-based 
techniques, to the effect that it is not easy to establish a consistently 
best-performing technique.

An additional specific aspect discussed in the literature is the gener-
alizability of ML-based models. For instance, Rodríguez et al. [26] has 
recently discussed the generalization achieved by a deep neural net-
work (DNN) model when trained to separate 1-min GHI observations, 
in this case, using observations from 49 radiometric stations along five 
climate zones. In particular, multiple versions of the DNN model were 
trained for each climate zone using data from a single radiometric 
site at a time and validated with data from the remaining sites for 
that climate zone. The authors hypothesize that the level of general-
ization achieved by DNNs can be assessed on the basis of the best 
performing model in each climate zone, concluding that DNN-based 
separation models can be considered universal, or ‘‘quasi-universal’’. 
The generalizability of DNNs, however, is conditioned by the number 
of sites selected for training (in this case, only one site). Local data 
subsampling could seriously limit the desired universality. In contrast, 
Ruiz-Arias and Gueymard [19] have conducted a benchmark analysis 
based on data from more than 100 radiometric sites from all continents, 
where data from about half of the sites were used, to a greater or 
lesser extent, to train the benchmarked models, and the data from the 
other half remained unseen for all models, with the only exception 
of Yang5 [27]. The models are thus trained using data from multiple 
locations and validated at unseen locations on a global scale. Overall, 
the benchmark comprises 13 conventional separation models for 1-min 
GHI observations, including four versions of the very recent GISPLIT 
separation model [28], two of which use XGB to separate GHI under 
highly variable sky situations [29], the most challenging situations 
for separation models. Overall, the climate-agnostic GISPLIT version, 
assisted with XGB, was the best, or nearly the best, performer in all 
climate zones, thus being promulgated as the best universal separation 
model out of this benchmark pool.

In a more ambitious study aiming to compare conventional and ML-
based separation models, Chu et al. [30] compared 10 conventional 
state-of-the-art and 10 ML-based separation models using 5 years of 
data, but only at 12 radiometric stations. Data from 7 radiometric 
stations were used to train and validate the models, while the remaining 
three were kept for independent evaluation. The study found that, 
on average, the site-wise error of the ML models is from 15.2% to 
22.6% lower than that of the conventional models at training locations 
and from 7.9% to 17.6% lower at unseen locations, concluding that 
‘‘data-driven models demonstrate enhanced overall performance’’ (over 
conventional models). Although this might be true, some important 
aspects were apparently overlooked there. In particular, the results 
revealed that Yang4, the conventional model with the smallest RMSD 
at the sites used to train the data-driven models, has higher RMSD than 
the best data-driven model (XGB). However, the results are surprisingly 
reversed at the three unseen sites, that is, Yang4 has RMSD smaller than 
XGB, indicating probable overfitting and/or lack of generalization in 
the latter, provided that the data from the training and the validation 
sites have similar statistical properties, as expected.

Just recently, a novel and extremely convoluted deep-learning 
approach, IIF-IMCSM, has been proposed, which combines multiple 
convolutional neural networks and other AI techniques [31]. It has 
shown some accuracy gain over conventional and ML-based separation 
models, which are otherwise much simpler, easily reproducible, and 
portable. However, the modest improvement in model accuracy does 
not appear to justify the massive increase in complexity, which further 
prevents any subsequent replication by potential users, all the more 
so that its code, or even a binary file, has not been made publicly 
available, to the best knowledge of these authors. This raises an 
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important question about the real impact of any such complex model, 
which is in practice a black box that cannot be tested or reproduced by 
real users. Just like with physical models, an excessive complexity can 
prevent or restrict the use of the model in real applications.

In general, more global benchmark studies of conventional and 
ML-based separation models are needed, particularly to address the 
question of whether the best conventional separation models can be 
surpassed by universal ML-based approaches. In this sense, it is im-
portant to emphasize that ML models must always follow three design 
principles: (1) limited complexity to guarantee widespread adoption in 
real applications, (2) the use of a limited set of explanatory variables 
that are easily accessible everywhere, and (3) the use of a training 
dataset on a global scale. Only these three principles combined can 
guarantee true model universality, which must consider not only global 
coverage (second and third principles), but also a global user reach 
(first principle). Moreover, considering that (2) is an inviolable princi-
ple, the gain in accuracy resulting from an increase in model complexity 
might not be significant or might occur at the expense of excessive loss 
of usability.

This contribution aims at providing a global benchmark for conven-
tional and ML-based separation models that draws conclusions about 
the most suited universal approach subject to the three previous de-
sign principles. To do so, only ANN models with simple and easily 
reproducible architectures are considered, using a set of only three ex-
planatory variables, typically used in component separation modeling, 
over a worldwide radiometric dataset made up of 117 ground stations 
across all continents.

2. Observational database

The observational database includes measurements of GHI, DIF, 
and DNI with minutely resolution from 117 research-class stations that 
belong to two distinct datasets and have already been used in a previous 
study [28], to which the interested reader is referred for more details. 
Here, only a brief summary is presented for conciseness.

The first dataset is made up of 52 stations from the Baseline Surface 
Radiation Network [BSRN, 32] with 5 calendar years of data per station 
(except for two of them, Petrolina in Brazil and Solar Village in Saudi 
Arabia, which both have only four years of data). This dataset is divided 
into a subset for model validation, hereafter referred to as Valid dataset, 
which is made up of the data from the last calendar year at each radio-
metric station, and a subset for model training, hereafter referred to as
Train dataset, which is made up of the remaining four years of data at 
each radiometric station. With respect to the original dataset [28], two 
stations (Lerwick and Camborne in the United Kingdom) are excluded 
here because too many observations from their respective validation 
years were flagged during the preliminary data quality control process.

The second dataset is made up of 65 stations from various pub-
lic and private stations put together through a collaborative effort 
of the Solar Resource for High Penetration and Large-Scale Applica-
tions Working Group of the International Energy Agency’s Photovoltaic 
Power Systems (PVPS) Program Task 16. This dataset, whose sites are 
not collocated with the sites in the Train or Valid datasets, constitutes 
an independent source of validation data, hereafter referred to as Indep. 
The data at all the Indep sites have been partly published [33] and 
span one calendar year of 1-min observations of GHI, DIF and DNI. 
With respect to the original dataset used in [28], one station (Cal Poly 
Humboldt, in the United States) is excluded here because too many 
observations were flagged during the quality control process.

The Train, Valid and Indep datasets spread across all continents and 
all primary Köppen–Geiger (KG) climates (namely, Tropical, or type 
A, with 10 Valid and Train stations and 9 Indep stations; Arid, or type 
B, with 10 Valid and Train stations and 21 Indep stations; Temperate, 
or type C, with 16 Valid and Train stations and 26 Indep stations; 
Continental, or type D, with 8 Valid and Train stations and 9 Indep
stations; and Polar, or type E, with 8 Valid and Train stations and no
3 
Indep stations). After quality control [28,29], a total of ≈40 million data 
points with solar zenith angle below 85◦ remain in the Train dataset, 
≈10 million in the Valid dataset, and 14 million in the Indep dataset. 
The spatial distribution of the stations in the two databases is shown 
in Fig. 2 of Ruiz-Arias and Gueymard [28].

3. Methodology

The evaluation of all ANN and benchmark models is based on 
conventional error metrics, such as mean bias error (MBE) and root 
mean square error (RMSE) [34], calculated from measurements at all 
observation stations (Section 3) and stratified by sky conditions. A 
performance ranking is also provided following the methodology used 
in a previous benchmark analysis [19], to which the interested reader 
is referred for further details.

3.1. ANN models

The GHI separation is intentionally performed with a basic mul-
tilayer feedforward ANN model [35,36]. Although more advanced 
ANNs might produce better results [37–40], that would be at the 
cost of increased complexity and reduced universality, as discussed in 
Section 1.

A multilayer feedforward ANN processes its input unidirectionally 
across various data processing layers. The input layer has one neuron 
for each ANN input feature. The subsequent layers, customarily known 
as hidden layers, transform and transfer their inputs to the following 
layers. The last is the output layer, which returns the response of the 
model. In this study, the neural architecture, which is implemented in 
Python using the Tensorflow framework, is composed of an input layer, 
two hidden layers of 64 and 32 neurons, respectively, and an output 
layer. The mean square error is used as both the loss function and the 
target metric in a conventional randomized cross-validation to evaluate 
the optimal ANN hyperparameters. The training is carried out for 30 
epochs using a batch size of 256 samples and the Adam optimizer with 
a learning rate of 0.001.

With that methodology, three versions of the ANN model are trained 
using the Train dataset (Section 2). The first model, hereafter referred 
to as N1, requires the primary KG climate class [41], solar zenith 
angle at the prediction time, and the 1-min clearness index, 𝐾𝑇 , within 
the preceding 30-min time window, where 𝐾𝑇  is, conventionally, GHI 
normalized by its extraterrestrial solar irradiance counterpart. Specif-
ically, the 𝐾𝑇  input vector of 30 values conveys information on the 
short-term variability of GHI, which is critically important to improve 
the separation accuracy, as demonstrated by GISPLIT [19]. (A range 
of window lengths, from 10 to 60 min, was considered in a set of 
preliminary tests, which indicated that the 30-min window provided 
the best results in terms of performance and feasibility.) The second 
ANN model, referred to as N2, is a climate-independent version of N1, 
in the sense that it does not require the local KG climate class. The 
last model, referred to as N3, is similar to N2 but adds the clear-sky 
index (defined as the ratio between GHI and its estimated clear-sky 
GHI counterpart) as an additional input. The clear-sky solar irradiance 
is evaluated with the SPARTA model [42] as described in Ruiz-Arias 
and Gueymard [28].

3.2. Benchmark models

All separation models considered here provide predictions of the 
diffuse fraction, 𝐾 = DIF/GHI. From 𝐾, DNI is simply obtained from 
the fundamental closure equation: DNI = (GHI – DIF)/cos𝑍, or DNI =
(1 – 𝐾)GHI/cos𝑍, where 𝑍 is the solar zenith angle [43].

The present analysis assesses the performance of the three ANN 
separation models described above against a robust benchmark consti-
tuted of the 13 high-performance models that were already evaluated in 
Ruiz-Arias and Gueymard [19]. These 13 models have been described 
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in detail in previous publications, and their inputs are summarized in 
Table 2 of Ruiz-Arias and Gueymard [19]. For conciseness, they are just 
succinctly cited here in chronological order of publication (indicated 
within brackets, just after the model abbreviation used hereinafter), 
using the conventional small-cap notation to indicate the first author:
Perez2 (P2, 2002) [44], Engerer2 (E2, 2015) [16], Paulescu1 (P1, 2019) 
[45], Abreu (AB, 2019) [46], Starke3 (S3, 2021) [47], Yang4 (Y4, 2022) 
[18], Paulescu2 (M1, 2023) [Eq (6) in48], Paulescu3 (M2, 2023) [Eq 
(5) in48], Yang5 (Y5, 2024) [27] and GISPLIT1 (G1), GISPLIT2 (G2),
GISPLIT3 (G3) and GISPLIT4 (G4, 2024) [28].

Perez2, which is sometimes also referred to as DIRINDEX, is the 
only model of this benchmark to have been developed from hourly 
irradiance data; it is included here because it was considered for a long 
time the best separation model until the results in Gueymard and Ruiz-
Arias [10] were published, where Engerer2 was found to be the best. 
The original fitting coefficients of Engerer2 (obtained exclusively from 
Australian data) were later updated to reflect a more global coverage 
[49].

4. Results

A first overview of the actual performance of the three ANN models,
N1, N2 and N3, can be inferred from Fig.  1, which displays the 
predictions of the three ANN models for all Valid sites combined. 
All three provide very similar data distributions in the 𝐾𝑇 –𝐾 space 
(Fig.  1a–c). N1, which is stratified by primary KG climate, appears to 
provide a slightly better coverage of the observed 𝐾𝑇 –𝐾 distribution 
(underlying gray tones) than the KG-independent N2. However, it does 
not appear clearly superior to N3, which is KG-independent like N2 but 
adds clear-sky global irradiance as an additional predictor. This result 
suggests that the additional information provided by the predictions of 
a high-performance clear-sky radiation model provides similar benefits 
to those from climate stratification. As an expected consequence, the 
use of clear-sky global irradiance as a predictor in N3 also leads to 
slightly better predictions under cloudless situations.

To visually assess the relative performance of the ANN models 
against the benchmark models, Fig.  2 compares N3 to the two best con-
ventional (non-ML) models according to previous benchmark studies,
Yang5 [27] and GISPLIT1 [19]. N3 sweeps a wider range of observed 
𝐾𝑇 –𝐾 values than the two conventional models. It also provides a 
generally better fit of the modeled DNI to observations, as shown, for 
instance, in the case of cloudless DNI (values above ≈800 W/m2 in Fig. 
2d) with Yang5.

4.1. Overall error metrics

Tables  1–4 show the MBE and RMSE metrics of the ANN and 
benchmark models at all Valid sites combined and at all Indep sites 
combined, all also stratified by KG primary climate. Note that polar 
sites (KG type E) are excluded from the average in column AD to make 
this column truly comparable between the Valid and Indep datasets (the 
latter dataset does not have any polar site, whereas the former includes 
eight of them). No clear best model is found in terms of MBE, but N3
is clearly the best performing model in terms of RMSE for both DNI 
and DIF, for the Valid and Indep datasets, and for all KG climates. The
N3 RMSE results for climates A–D combined are consistent between the
Valid and Indep sites for both DNI (≈14%) and DIF (≈24%). N3 improves 
the best conventional model for DNI (G2, 16.5% and 16.9% in theValid
and Indep datasets, respectively) and DIF (G2, 28.4%, and G1, 29.9%, in 
the Valid and Indep datasets, respectively). Note that G3 and G4 cannot 
be considered truly conventional separation models because they both 
make use of XGB to separate GHI under highly variable sky situations. 
At arid sites, N3 yields the smallest RMSE for DNI and the highest for 
DIF. This is just an artifact of the normalization approach, since the 
mean observed DNI (DIF) is greater (smaller) at arid sites than at those 
in other climate zones.
4 
4.2. Site error metrics

Fig.  3 shows the sitewise mean bias error (sMBE) and sitewise 
root mean-square error (sRMSE) values for all models and all sites in 
climates A–D (making the Valid and Indep datasets truly comparable). 
The trend in both sMBE and sRMSE clearly reveals a performance 
improvement from the oldest model (Perez2, leftmost boxplots) to the 
newest ANN models (N1–N3, rightmost boxplots). As discussed above,
N3 is clearly the best overall performer. It is also remarkable that 
neither N1 or N2, which produce very similar results to each other, 
are clearly better than any of the four GISPLIT model versions. This 
indicates that the specific clear-sky information ingested by N3 (but 
not by N1 or N2) is highly relevant, even when using ML techniques. 
Fig.  3 also shows that, prior to Yang5, all models typically produced 
sitewise irradiance estimates with nonnegligible positive bias for DNI 
and negative bias for DIF. That was likely caused by a combination of 
two factors: (i) locality, because such models were traditionally trained 
with data from very few locations, and (ii) stiffness, because they were 
based on too simplistic functional forms. As a result, these older models 
are generally less robust than Yang5 and the more recent models, as 
shown by the number of outliers beyond the plot limits in Fig.  3b and 
d. In fact, the only models without outliers beyond these limits are the 
four GISPLIT versions and N3. This finding indicates greater robustness 
in these five models than in all 11 others.

Fig.  4 shows the individual sMBE and sRMSE values for both 
DNI and DIF considering all models and sites, which confirm the 
results found in Fig.  3 and, in particular, the remarkable improve-
ments achieved by GISPLIT and the ANN-based models. In addition 
to Alert (ALE), a polar station where irradiance measurements can be 
affected by errors [50,51], some sites appear particularly challenging 
for all models, such as FUU (Fukuoka, Japan) and, even more so, CHB 
(Chiba, Japan). These two locations are characterized by an unusual 
low fraction of cloudless days and by high solar radiation variability 
induced by very unstable cloudiness. However, the bias at CHB is so 
large and consistent (beyond ≈20% for DNI and ≈ −20% for DIF, for 
all models) that it might alternatively suggest undetected issues with 
the radiometers. Other locations, such as ADR (Adrar, Algeria) and XIA 
(Xianghe, China), also challenge the models, but this is likely because 
their specific aerosol regimes are widely different from those at most 
other sites, which directly affects the magnitude of the clear-sky DNI 
and DIF. A similar issue is apparent at SHA (Shagaya, Kuwait) and 
SOV (Solar Village, Saudi Arabia) because N1 and N2 provide biased 
estimates of both DIF and DNI (see Fig.  4), whereas N3 is unbiased, or 
only slightly biased, precisely because it benefits from the additional 
information brought by the clear-sky index.

4.3. Error metrics by sky type

Fig.  3 indicates that, in general, the sMBE is positive and negative 
for DNI and DIF, respectively, with all models older than Yang5, except
Abreu. The reason is revealed in Fig.  5 as an inability of those models to 
correctly predict the diffuse fraction under scattered clouds and cloud 
enhancements [29], when the short-term variability of solar radiation 
is highest. This confirms the importance of considering an appropriate 
measure of temporal variability as a model input. Fig.  5 suggests that 
every model has a specific response signature to sky conditions. For 
instance, Paulescu1 overestimates (underestimates) DNI (DIF) under 
all sky conditions, Abreu strongly underestimates (overestimates) DNI 
(DIF) under cloudless skies, whereas Yang4 yields unbiased, or nearly 
unbiased, results for overcast, thick and thin clouds, as well as cloud 
enhancements. Overall, only the four GISPLIT versions and the three 
ANN models are capable of providing unbiased or nearly unbiased 
results for all six sky conditions. This could be expected with GISPLIT 
because it was specifically developed as a metamodel made up of six 
submodels, one for each of these sky conditions. The three ANN models 
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Fig. 1. Comparison of modeled and observed solar radiation components at all the Valid sites combined, except those with primary KG climate E, using models
N1 (leftmost column), N2 (central column) and N3 (rightmost column). (a–c) Observed 𝐾𝑇  vs. observed 𝐾 (gray) and modeled 𝐾 (color). (d–f) Observed DNI vs.
modeled DNI.

Fig. 2. As Fig.  1 but for models Yang5, GISPLIT1 and N3.
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Table 1
DNI MBE and RMSE metrics for the Valid dataset and all separation models. The results are stratified by climate (the column 
labeled AD combines climates A to D), and are relative to the mean observed DNI, in percent. The lowest error value for each 
climate is bold-faced.
 MBE (%) RMSE (%)
 A-D A B C D E A-D A B C D E

 P2 6.4 13.2 −2.0 6.3 7.9 17.4 22.9 29.9 13.8 22.3 26.4 48.3 
 E2 3.4 5.4 −2.2 3.0 8.6 17.0 24.3 27.4 16.4 24.4 30.4 41.1 
 PB 6.2 5.3 7.1 4.1 11.2 18.2 24.3 26.3 17.8 23.4 32.0 45.2 
 AB −2.9 −0.5 −8.1 −3.3 1.3 7.6 26.1 27.8 19.8 26.6 30.7 42.7 
 S3 3.0 0.3 3.5 2.2 7.8 19.5 19.9 22.3 13.9 19.4 25.7 41.9 
 Y4 1.2 1.6 −1.0 0.6 5.1 11.7 20.2 22.5 13.8 20.1 25.6 37.1 
 M1 3.1 −0.7 5.4 2.0 8.1 21.7 19.7 21.5 14.4 18.9 25.9 44.0 
 M2 3.2 3.2 2.5 1.7 7.4 15.9 22.4 24.9 15.5 22.0 28.9 42.5 
 Y5 1.8 2.4 −1.8 1.7 5.8 2.7 19.8 21.9 13.7 19.8 24.8 31.1 
 G1 −0.1 0.4 −2.7 0.4 1.3 7.6 16.9 19.6 11.2 16.9 20.5 28.6 
 G2 0.1 0.7 0.4 −0.3 −0.4 0.4 16.5 19.2 10.4 16.7 20.1 25.5 
 G3 −0.0 0.0 −2.2 0.7 1.2 4.6 16.0 18.5 10.5 16.1 19.5 26.4 
 G4 0.0 0.7 0.4 −0.3 −0.5 0.4 15.7 18.2 9.8 16.0 19.1 24.3 
 N1 0.9 2.5 −0.0 0.7 0.2 −0.4 15.8 17.5 10.9 15.8 19.5 26.3 
 N2 −0.3 −2.3 −0.6 −0.3 2.7 8.5 16.2 18.9 11.2 15.9 19.7 30.4 
 N3 0.1 0.4 −2.0 0.6 1.7 3.9 14.1 16.3 9.1 14.1 17.3 23.7 
Table 2
As Table  1 but for the Indep dataset.
 MBE (%) RMSE (%)
 A-D A B C D E A-D A B C D E

 P2 8.5 18.2 4.6 8.6 8.2 – 23.4 34.9 15.9 25.2 25.2 – 
 E2 2.4 7.2 0.3 2.1 4.0 – 23.4 27.2 18.1 25.5 26.9 – 
 PB 9.1 6.1 12.5 6.8 10.4 – 24.2 24.5 21.9 24.4 29.4 – 
 AB −3.8 0.1 −5.3 −4.0 −3.4 – 25.5 27.5 20.4 27.7 30.0 – 
 S3 4.1 2.0 6.9 1.8 6.4 – 19.8 21.7 17.1 20.4 23.4 – 
 Y4 0.6 3.8 0.7 −0.3 −0.1 – 19.0 22.6 14.9 20.2 22.4 – 
 M1 4.6 1.2 7.8 2.3 7.4 – 19.2 20.0 16.7 19.6 24.1 – 
 M2 4.6 4.4 6.1 3.0 5.9 – 21.6 23.8 18.0 22.4 26.3 – 
 Y5 1.3 2.2 1.5 0.6 1.8 – 18.5 20.6 14.5 19.8 22.6 – 
 G1 2.0 4.2 1.6 1.8 1.6 – 16.9 20.2 12.5 18.7 19.6 – 
 G2 2.0 2.9 3.6 0.2 2.2 – 16.9 19.1 12.8 18.8 19.7 – 
 G3 1.9 2.7 1.8 1.8 2.0 – 16.2 18.7 12.1 18.0 18.8 – 
 G4 1.8 2.9 3.6 0.0 1.7 – 16.4 18.2 12.4 18.3 19.0 – 
 N1 0.5 4.2 1.8 −0.6 −2.7 – 15.9 18.0 13.0 16.9 18.2 – 
 N2 −0.6 −1.9 1.1 −1.4 −1.0 – 16.2 19.0 12.8 17.6 17.8 – 
 N3 1.8 2.2 1.4 1.9 2.1 – 14.0 16.1 10.5 15.5 16.2 – 
Table 3
As Table  1 but for DIF.
 MBE (%) RMSE (%)
 A-D A B C D E A-D A B C D E

 P2 −8.2 −19.2 6.2 −9.2 −9.6 −13.7 40.2 46.3 40.9 38.8 33.9 44.5 
 E2 −1.6 −5.4 11.0 −2.6 −10.0 −17.0 43.2 39.4 51.1 42.6 39.9 46.9 
 PB −13.2 −7.7 −20.2 −10.9 −17.1 −24.6 42.7 36.9 52.7 40.6 42.4 54.4 
 AB 8.2 0.4 27.1 7.1 −3.2 −1.1 47.5 38.7 62.8 47.6 39.4 55.3 
 S3 −4.5 1.1 −7.9 −3.5 −10.2 −24.6 34.2 31.2 40.5 32.9 33.0 52.4 
 Y4 −0.6 −1.2 4.9 −0.6 −6.8 −14.1 36.4 32.9 42.5 36.1 33.7 45.4 
 M1 −7.4 2.4 −16.3 −6.1 −11.8 −31.7 35.8 31.8 43.9 34.0 35.0 59.2 
 M2 −6.9 −5.4 −6.5 −5.8 −12.0 −21.1 38.4 34.6 45.4 37.0 37.4 50.4 
 Y5 0.5 −1.0 9.9 −1.1 −6.2 −1.8 35.8 31.9 43.6 35.5 32.0 36.2 
 G1 0.9 0.6 6.5 −1.0 −1.7 −8.0 28.9 29.0 31.4 28.8 26.1 32.9 
 G2 −0.0 −0.2 −0.4 0.2 0.3 0.9 28.4 28.7 30.2 28.4 25.6 28.8 
 G3 0.6 0.8 5.2 −1.2 −1.4 −4.4 27.4 27.3 29.6 27.3 24.6 29.3 
 G4 0.0 −0.4 −0.5 0.3 0.5 0.8 26.9 27.1 28.7 27.0 24.2 27.2 
 N1 −0.6 −3.0 2.5 −1.4 0.2 0.2 27.6 25.2 32.9 27.2 24.8 31.3 
 N2 0.5 3.7 1.2 0.0 −3.5 −9.3 27.8 27.0 32.1 27.2 24.8 35.3 
 N3 0.9 0.2 6.4 −0.7 −1.8 −2.8 24.2 23.9 26.4 24.1 21.8 27.0 
perform in a similar way without the need for submodeling, which 
constitutes a significant advantage compared to GISPLIT.

The RMSE results in the lower-row panels of Fig.  5 confirm that both 
scattered-cloudiness and cloud-enhancement situations are the most 
challenging cases and that all models struggle with them. Unexpectedly, 
cloudless skies also appear challenging in general, but Perez2, GISPLIT, 
and N3 clearly provide superior results in that case.
6 
4.4. Error metrics by clearness index

Fig.  6 describes the performance of the separation models in terms 
of 𝐾𝑇 . It reveals that N3 performs best for intermediate 𝐾𝑇  values, 
typically corresponding to highly variable situations, while G3 performs 
better in the case of cloud enhancements, as also confirmed in Fig.  5. 
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Table 4
As Table  3 but for the Indep dataset.
 MBE (%) RMSE (%)
 A-D A B C D E A-D A B C D E

 P2 −12.5 −24.9 −9.0 −11.8 −10.8 – 40.8 50.1 38.2 40.9 37.0 – 
 E2 −2.2 −8.6 1.3 −2.1 −5.0 – 42.8 39.0 45.9 41.8 41.9 – 
 PB −19.4 −10.4 −32.7 −12.0 −17.8 – 44.8 34.2 56.2 38.9 45.0 – 
 AB 6.5 −2.1 12.2 5.2 4.6 – 45.7 37.8 51.2 43.4 46.6 – 
 S3 −6.6 −2.5 −14.1 −1.0 −9.1 – 34.7 29.4 40.1 31.8 34.7 – 
 Y4 −1.4 −5.4 −2.2 0.3 −0.8 – 34.9 32.8 38.3 33.0 34.8 – 
 M1 −9.7 −1.3 −19.4 −3.4 −12.9 – 35.7 28.0 42.5 31.7 38.2 – 
 M2 −10.0 −8.2 −15.3 −5.9 −10.8 – 38.7 33.1 44.7 35.3 39.9 – 
 Y5 −1.0 −2.2 −2.0 0.4 −1.7 – 34.0 30.1 36.9 32.5 35.1 – 
 G1 −2.9 −4.9 −3.9 −1.6 −2.3 – 29.9 28.5 30.4 30.1 29.6 – 
 G2 −3.3 −4.3 −8.6 1.1 −2.8 – 30.4 27.8 31.2 30.7 29.8 – 
 G3 −3.1 −3.9 −4.4 −1.9 −2.5 – 28.8 26.7 29.5 29.2 28.3 – 
 G4 −3.1 −4.5 −8.2 1.3 −2.1 – 29.5 26.4 30.4 30.0 28.5 – 
 N1 −0.4 −5.7 −2.3 1.6 3.8 – 28.4 25.5 32.3 26.6 27.0 – 
 N2 0.3 2.2 −3.3 2.5 0.6 – 28.5 26.2 31.7 27.4 26.1 – 
 N3 −2.7 −3.4 −3.2 −2.2 −2.5 – 24.8 23.2 25.8 24.8 24.1 – 
Fig. 3. Sitewise error metrics relative to the mean observed DNI and DIF in each case for all Valid and Indep sites in climates A–D. (a) MBE for DNI, (b) MBE for 
DIF, (c) RMSE for DNI and (d) RMSE for DIF. The upper and lower bounds of the boxes extend from the lower to the upper quartiles. The whiskers extend 1.5 
times the inter-quartile range from the box. The mean value is indicated with a black horizontal line within the boxes. The figures in the upper side of panels 
(b) and (d) indicate the number of outliers beyond the plot limits for each model. The models are sorted chronologically by publication date.
This suggests that the discrimination of cloud enhancement situations 
among highly variable conditions is not as efficient in N3 as in G3.

4.5. Model ranking

For practical purposes, solar analysts need to know which model 
is best under global or specific conditions, hence model ranking has 
become an important part of performance analyses for this purpose 
[10,18,19,27]. Here, like in Ruiz-Arias and Gueymard [19], models are 
sorted using the sitewise mean linear rank and Diebold–Mariano rank, 
both evaluated from the daily-mean square errors. The results appear 
in Table  5 and Fig.  7, revealing that N3 ranks first in all categories. 
It can thus be referred to as the indisputable best performer relative 
to this benchmark. Its superiority over N1 and N2 comes from the 
addition of the estimated clear-sky GHI as a key input. Furthermore, the 
three ANN models and the four GISPLIT versions rank in the first seven 
positions for both ranking methods and for both DNI and DIF, although 
with different orderings. Interestingly, the mean linear ranking reveals 
a notable numerical gap between ranks 7 and 8.
7 
From these results, it is clear that ANN models and ML can help 
improve the conventional (non-ML) modeling approaches, because the 
four top spots are always filled by one or more of them. Nevertheless, 
using ANN or other ML techniques is not always a guarantee of im-
provement. For instance, G1 and G2 are better than N2 at predicting 
DNI and DIF according to the Diebold–Mariano ranking. This is be-
cause, in particular, G2 is better than N3 at various stations, such as 
CAP (Cape Grim, Australia), SBO (Sede Boker, Israel), TAM (Taman-
rasset, Algeria), or XIA (Xianghe, China) (Fig.  4). All this suggests that 
the core GISPLIT modeling approach already represents the state-of-
the-art in terms of conventional separation, which the ANN approach 
can surpass at most sites only if a good estimate of the clear-sky GHI is 
also used as input.

5. Discussion

This section discusses the variance of the performance of the dif-
ferent models throughout the observational sites, as is graphically 
evidenced in Fig.  4 and numerically in Tables  A.1–A.8. To simplify the 
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Fig. 4. MBE (marker’s color) and RMSE (marker’s size) for each site and model. The left panel is for DNI and the right panel is for DIF. The values are in % 
with respect to the mean DNI at each site (left panel) and the mean DIF at each site (right panel). Note that this explains why the magnitudes of MBE and RMSE 
are generally higher for DIF than for DNI. (The mean of DNI is normally higher than the mean of DIF.) Sites from the Valid dataset are highlighted in boldface.
analysis, the discussion focuses on the sRMSE metric, which is expected 
to be low at sites where the radiative climate is only marginally 
affected by complex cloud situations, under which separation models 
struggle most (i.e., Sc and Ce sky classes, per Fig.  5). Unsurprisingly, 
therefore, many dry sunny sites in arid climates (KG class B) end up 
with a favorable score in Tables  A.1–A.8. However, the quality of the 
measured irradiance at some sites might be an additional factor in 
explaining why not all stations in class B have low sRMSE.

In general, N3 obtains the best mean DNI sRMSE in each KG 
class for the Valid and Indep sites combined (Table  6), generally by 
a significant margin compared to its closest competitor (typically N1
8 
or G4). Moreover, for KG classes A and E, N3’s mean DNI sRMSE is 
half that of Perez2, which is noteworthy. The largest mean sRMSE is 
for stations with KG class E, which is not surprising because of the 
specific conditions there: low mean DNI, low sun geometry, significant 
cloudiness, and harsh conditions that can seriously impact measure-
ment quality [50,51]. The three ANN models, but especially N3, and 
the GISPLIT family achieve a low standard deviation of sRMSE in each 
KG class, indicating that they are not too sensitive to climate variability 
within each KG class. For N3, this standard deviation is less than half 
that of Perez2 on average, for example.
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Fig. 5. Error metrics by sky type at all Valid and Indep sites combined (excluding sites with KG primary climate E). The error is normalized with respect to the 
mean observed GHI to prevent normalizing by very small DNI under overcast conditions. As defined in [29], the six possible sky types are overcast (Ov), thick 
clouds (Tk), scatter clouds (Sc), thin clouds (Th), cloudless (Cs) and cloud enhancement (Ce).

Fig. 6. Error metrics as a function of 𝐾𝑇  for all Valid and Indep sites combined (excluding climate-E sites).

Fig. 7. Pairwise comparison of model predictions for both DNI (left panel) and DIF (right panel). The numbers in the cells represent the percentage of prediction 
instances for which Model A is better than Model B (e.g., GISPLIT1 is better than Starke3 for 58% of the DNI prediction instances, and for 58% of the DIF prediction 
instances). The prediction instances are daily averages for the observational sites of the Valid and Indep datasets combined. Cells shaded in gray indicate that the 
corresponding Diebold–Mariano test is not significant.
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Table 5
Model ranking based on the mean square error for the combined Valid and the Indep datasets. The mean linear rank is evaluated 
from the sitewise mean square errors. The Diebold–Mariano rank uses the daily mean square errors for all sites. For the mean 
linear rank, the number in parenthesis is the mean rank value of each model. For the Diebold–Mariano test rank, it is the fraction 
of evaluation days in which the model is better than the following in the rank (e.g., for DNI, G4 is better than G3 for 51% of 
the days).
 Position Mean linear rank Diebold–Mariano test rank
 DNI DIF DNI DIF

 1 N3 (1.2) N3 (1.2) N3 (59) N3 (59) 
 2 N1 (3.8) N2 (4.0) GISPLIT4 (51) GISPLIT4 (51) 
 3 GISPLIT4 (3.9) GISPLIT3 (4.1) GISPLIT3 (53) GISPLIT3 (53) 
 4 GISPLIT3 (4.0) N1 (4.1) N1 (51) N1 (51) 
 5 N2 (4.5) GISPLIT4 (4.2) GISPLIT2 (51) GISPLIT2 (51) 
 6 GISPLIT2 (5.9) GISPLIT2 (6.2) GISPLIT1 (53) GISPLIT1 (53) 
 7 GISPLIT1 (6.2) GISPLIT1 (6.3) N2 (59) N2 (59) 
 8 Yang5 (8.7) Starke3 (9.4) Yang4 (52) Yang4 (52) 
 9 Yang4 (9.6) Yang5 (9.4) Starke3 (53) Starke3 (53) 
 10 Paulescu3 (10.0) Paulescu3 (10.0) Yang5 (51) Yang5 (51) 
 11 Starke3 (10.8) Yang4 (10.3) Paulescu3 (55) Paulescu3 (55) 
 12 Perez2 (12.3) Paulescu2 (12.1) Paulescu2 (61) Paulescu2 (61) 
 13 Paulescu2 (12.4) Perez2 (12.6) Paulescu1 (52) Paulescu1 (52) 
 14 Engerer2 (13.7) Engerer2 (13.8) Engerer2 (53) Engerer2 (53) 
 15 Paulescu1 (14.2) Paulescu1 (13.9) Perez2 (50) Perez2 (50) 
 16 Abreu (14.8) Abreu (14.5) Abreu (–) Abreu (–)  
Table 6
DNI site sRMSE metrics by climate, and for climates A–D combined (columns A–D), relative to the mean observed DNI, in percent, 
for the Valid and Indep datasets combined and all separation models. The number of samples is given in millions (106). The lowest 
value for each climate is bold-faced.
 Climate A-D A B C D E A-D A B C D E

 # sites 109 19 31 42 17 8 109 19 31 42 17 8  
 # samples 22.4 3.8 6.5 8.9 3.2 1.3 22.4 3.8 6.5 8.9 3.2 1.3  
 sRMSE Mean (%) Standard deviation (%)
 P2 23.2 32.3 15.3 24.2 25.7 48.3 9.0 8.4 4.6 8.1 5.1 15.3 
 E2 23.8 27.3 17.6 25.1 28.5 41.1 7.4 7.6 4.0 6.8 5.5 13.5 
 PB 24.2 25.4 20.7 24.0 30.6 45.2 6.7 6.1 5.5 6.5 5.0 10.4 
 AB 25.8 27.7 20.3 27.3 30.3 42.7 6.1 6.0 3.4 5.1 4.9 11.5 
 S3 19.9 22.0 16.2 20.0 24.5 41.9 5.8 4.9 4.8 5.5 4.5 9.7  
 Y4 19.5 22.6 14.6 20.2 23.9 37.1 6.1 6.7 3.9 5.1 4.6 10.2 
 M1 19.4 20.8 16.1 19.3 24.9 44.0 5.5 4.6 4.5 5.1 4.5 9.6  
 M2 21.9 24.4 17.2 22.3 27.5 42.5 6.5 5.9 4.8 6.1 4.5 10.1 
 Y5 19.0 21.3 14.3 19.8 23.6 31.1 5.6 5.6 3.4 5.1 4.1 9.3  
 G1 16.9 19.9 12.1 18.0 20.0 28.6 5.3 4.3 3.2 4.9 3.7 9.7  
 G2 16.7 19.1 12.1 18.0 19.9 25.5 5.2 4.1 3.4 4.9 4.0 8.2  
 G3 16.1 18.6 11.6 17.3 19.1 26.4 5.0 4.0 3.1 4.8 3.6 9.2  
 G4 16.1 18.2 11.7 17.4 19.0 24.3 5.1 4.0 3.3 4.9 3.8 7.9  
 N1 15.9 17.8 12.4 16.5 18.8 26.3 5.1 5.1 3.9 5.1 2.8 7.4  
 N2 16.2 18.9 12.3 17.0 18.6 30.4 5.1 4.7 3.9 5.0 3.2 8.4  
 N3 14.0 16.2 10.1 15.0 16.7 23.7 4.5 3.7 2.7 4.5 3.2 8.2  
Table 7
As Table  6 but for DIF.
 Climate A-D A B C D E A-D A B C D E

 # sites 109 19 31 42 17 8 109 19 31 42 17 8  
 # samples 22.4 3.8 6.5 8.9 3.2 1.3 22.4 3.8 6.5 8.9 3.2 1.3  
 sRMSE Mean (%) Standard deviation (%)
 P2 40.5 48.2 38.9 40.2 35.6 44.5 6.9 8.1 4.9 5.9 3.9 14.7 
 E2 43.0 39.2 47.4 42.1 41.0 46.9 6.8 1.8 7.1 6.8 5.2 12.9 
 PB 44.0 35.6 55.2 39.5 43.8 54.4 12.4 7.0 11.0 10.0 10.0 22.7 
 AB 46.4 38.2 54.5 45.0 43.3 55.3 14.3 3.0 14.1 16.1 7.7 25.3 
 S3 34.5 30.3 40.2 32.2 33.9 52.4 7.9 3.1 7.3 7.9 6.3 22.4 
 Y4 35.5 32.8 39.5 34.1 34.3 45.4 7.3 1.6 6.5 8.7 5.6 16.0 
 M1 35.7 29.9 42.9 32.5 36.7 59.2 9.5 4.6 8.1 9.0 8.3 28.6 
 M2 38.6 33.9 44.9 36.0 38.7 50.4 8.1 4.7 7.0 7.5 7.2 18.6 
 Y5 34.7 31.0 38.8 33.6 33.6 36.2 7.5 2.8 7.5 8.2 5.3 9.8  
 G1 29.5 28.7 30.7 29.6 28.0 32.9 4.7 2.9 4.4 5.6 3.8 9.1  
 G2 29.6 28.2 30.9 29.9 27.9 28.8 4.9 3.0 4.6 5.5 4.3 7.3  
 G3 28.3 27.0 29.5 28.5 26.6 29.3 4.6 2.6 4.4 5.2 3.8 7.2  
 G4 28.5 26.8 29.9 28.9 26.5 27.2 4.8 2.8 4.5 5.5 4.1 6.6  
 N1 28.1 25.3 32.5 26.8 26.0 31.3 6.0 1.9 6.0 6.1 4.1 9.3  
 N2 28.3 26.6 31.8 27.3 25.5 35.3 6.2 2.6 6.9 6.5 3.7 11.2 
 N3 24.6 23.6 25.9 24.5 23.0 27.0 4.3 2.4 3.8 5.3 3.0 7.3  
10 
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Table 8
Mean and N3 sRMSE values for benchmarking and problematic sites with their respective KG climate classes (except sites with 
KG class E which have all large sRMSE values).
 Reference ‘‘safe’’ sites for benchmarking Most ‘‘problematic’’ sites
 Code Station KG class sRMSE (%) Code Station KG class sRMSE (%)
 Mean N3 Mean N3  
 GOB Gobabeb (NA) B 8.6 5.8 MIY Miyako (JP) A 30.1 22.3 
 ASP Alice Springs (AU) B 8.9 5.8 KIR Kiruna (SE) D 33.1 24.2 
 RVD Richtersveld (ZA) B 9.2 5.9 FUU Fukue (JP) C 35.1 27.5 
 DAA De Aar (ZA) B 10.3 6.9 TIR Tiruvallur (IN) A 38.1 27.4 
 DRA Desert Rock (US) B 11.2 7.4 CHB Chiba (JP) C 39.0 30.7 
Table A.1
DNI MBE in percent by site in each climate class, relative to the mean observed DNI, for the Valid dataset and for all separation models. The lowest error for 
each site is bold-faced.
 Site P2 E2 PB AB S3 Y4 M1 M2 Y5 G1 G2 G3 G4 N1 N2 N3

 Köppen-Geiger climate A
 BER 13.7 10.6 26.5 3.8 14.0 7.3 16.2 18.8 7.8 4.5 6.4 4.6 5.5 4.7 2.6 3.8 
 COC 14.2 5.3 4.2 0.5 0.2 0.4 −1.7 3.1 0.1 −0.1 0.3 0.1 0.8 1.6 −1.7 1.2 
 DAR 5.0 −2.2 −1.4 −8.0 −4.3 −2.5 −4.5 −2.5 −0.4 −2.6 −2.3 −2.8 −2.3 0.5 −5.2 −2.5 
 DWN 6.0 −1.3 −2.7 −7.3 −4.1 −2.5 −5.4 −3.4 −0.4 −2.5 −2.6 −2.8 −2.5 0.9 −4.2 −2.8 
 ISH 14.5 11.5 7.5 5.1 3.5 6.5 1.7 5.8 6.4 1.3 1.8 1.0 1.8 7.0 2.1 1.5 
 KWA 17.5 8.8 21.0 3.4 9.9 4.9 10.6 15.5 4.3 2.5 3.2 1.7 2.2 4.6 1.1 1.1 
 MAN 22.2 5.4 1.7 0.5 −3.1 −0.2 −5.1 0.7 −0.5 4.8 4.2 3.6 3.7 1.1 −4.4 2.5 
 MNM 10.7 1.3 0.7 −3.0 −1.6 −2.0 −4.4 −0.5 0.7 −1.7 −2.0 −1.2 −1.0 −1.1 −3.9 −0.4 
 NAU 16.0 1.9 2.6 −3.6 −2.8 −2.7 −3.4 1.5 −3.0 0.3 −0.1 −0.4 −0.1 −1.8 −5.7 0.5 
 TIR 16.3 26.4 1.0 12.4 −3.6 17.0 −4.1 −0.4 18.4 −0.0 0.1 −3.0 1.1 14.6 −0.8 0.2 
 Köppen-Geiger climate B
 ASP −1.3 −8.0 −1.8 −13.0 −2.2 −6.2 −1.0 −4.5 −5.0 −2.6 −0.9 −2.4 −0.9 −3.6 −3.7 −2.3 
 BOS 3.2 −0.5 15.1 −6.9 7.4 −0.8 10.9 7.2 2.3 −1.1 2.7 −0.7 2.2 0.0 −1.4 0.1 
 DAA −0.7 −7.3 0.7 −13.6 −0.5 −5.4 2.1 −2.5 −3.8 −3.1 −0.8 −2.6 −0.5 −4.1 −4.9 −2.0 
 DRA 0.6 −4.3 12.7 −10.2 5.8 −1.6 8.5 3.9 0.6 −1.4 1.5 −1.0 1.2 −1.2 −2.0 −1.1 
 FPE 6.6 4.4 15.4 −2.8 9.8 4.4 11.2 9.4 5.6 1.6 5.7 1.3 5.1 3.2 1.4 0.8 
 GOB −2.8 −5.0 2.1 −9.9 1.5 −3.3 1.5 −0.8 −7.5 −1.3 0.4 −1.2 0.5 −0.2 0.1 −2.3 
 PTR 9.6 1.1 0.1 −4.6 −4.6 −4.0 −4.5 −0.9 −4.0 −1.4 0.3 −0.6 0.5 −4.3 −4.6 0.3 
 SBO −11.9 −3.5 5.4 −8.7 1.0 −0.6 4.2 1.4 −5.4 −8.7 −3.6 −7.2 −2.7 −1.1 −1.6 −6.0 
 SOV −11.8 7.2 16.2 0.8 13.3 9.6 14.8 11.6 3.6 −3.7 0.7 −2.2 0.7 10.4 10.3 −2.8 
 TAM −5.9 −5.6 4.2 −11.8 1.9 −3.4 6.1 −0.2 −3.2 −8.0 −2.0 −7.4 −2.0 −2.8 −4.8 −7.1 
 Köppen-Geiger climate C
 BIL 5.2 −1.0 6.9 −6.5 2.2 0.7 3.4 2.4 3.4 −0.8 −1.9 −0.5 −1.7 −1.5 −2.6 −0.1 
 CAB 11.5 9.8 2.4 1.8 4.7 4.8 2.6 1.7 7.0 3.3 2.6 3.7 2.4 5.0 3.3 4.4 
 CAR 2.8 −2.0 −2.9 −8.0 −2.4 −1.6 −3.0 −3.7 1.3 −1.1 −2.0 −0.9 −2.1 −2.1 −3.4 −1.2 
 CLH 10.0 4.2 10.6 −0.8 7.6 3.4 5.8 7.5 2.7 3.2 3.0 3.1 2.9 2.0 0.8 1.6 
 CNR 5.5 3.6 0.7 −2.8 0.4 0.3 0.2 −0.6 1.4 −0.1 −0.7 0.3 −0.8 0.6 0.1 0.6 
 E13 5.2 −0.1 4.8 −6.0 1.8 0.8 2.9 1.8 3.7 −0.3 −1.1 0.0 −1.0 −0.5 −1.5 0.0 
 FLO 10.9 2.7 5.6 −2.5 1.1 −0.4 0.4 2.4 −0.3 1.7 0.9 1.6 0.8 −1.6 −2.0 0.9 
 FUA 7.6 8.6 2.0 2.1 1.5 6.0 0.2 0.8 5.9 0.9 −1.7 1.1 −1.7 4.0 3.0 1.2 
 GCR 6.4 1.6 23.0 −2.7 8.6 2.5 11.6 11.7 1.6 −1.1 −2.2 −1.1 −2.5 −1.5 −2.1 −0.9 
 IZA −2.9 −3.9 10.0 −12.9 1.9 −5.6 8.6 3.7 −3.7 0.8 1.5 1.1 1.6 1.6 −0.2 0.7 
 LAU 5.0 2.3 2.6 −4.7 1.9 −3.3 2.7 2.3 −1.5 0.7 1.5 0.9 0.7 −1.6 −2.7 0.5 
 LRC 5.3 0.5 1.8 −4.4 0.6 −1.5 −1.1 −0.2 −1.6 −2.1 −2.6 −2.1 −2.6 −1.5 −2.3 −2.1 
 PAL 10.2 7.7 2.3 0.2 3.6 2.4 1.7 1.6 4.0 2.2 1.5 2.5 1.4 3.6 2.6 3.0 
 PAY 10.3 5.6 4.7 −0.3 5.0 3.3 3.7 3.2 3.9 4.2 4.0 4.6 3.9 4.2 2.7 3.9 
 SMS 2.4 −2.5 1.5 −8.1 −1.7 −4.3 −1.2 −1.7 −4.1 −3.3 −3.9 −2.8 −3.7 −4.2 −4.4 −2.5 
 TAT 5.6 7.0 0.7 0.9 1.6 2.6 −1.3 0.0 3.2 −1.4 −3.1 −1.3 −3.1 3.0 2.0 −1.6 
 (continued on next page)
A relatively similar situation is depicted in Table  7 for the corre-
sponding DIF results, with even a much larger improvement for N3
in KG class E. However, climate classes B and E are where the mean 
DIF sRMSE is maximum and minimum, respectively, thus mirroring the 
results for DNI discussed just above.

The remarkable spread in station-wise results observed in
Tables  A.1–A.8 is somehow inherent to separation models because of 
their simplicity and sensitivity to complex cloudiness situations. It is 
encouraging, though, that the station-wise sRMSE spread, measured 
by its standard deviation, tends to decrease in newer, more effective 
models.

From another perspective, it is desirable to identify stations at the 
two extremes of the performance range, i.e., with either outstanding or 
poor separation performance. This information can prove highly useful 
11 
when developing more in-depth assessments of the performance of var-
ious types of radiation models, including (but not limited to) separation 
models. Table  8 shows the top-5 ‘‘safest’’ and ‘‘most problematic’’ sites 
within the whole 117-site database, according to the model-wise mean 
sRMSE criterion applied to DNI.

At the five safest sites (all in climate class B), the N3 sRMSE remains 
low and ≈30% less than the mean of all models. It is highly likely 
that these stations record high-quality irradiance time series, since all 
except RVD belong to BSRN (Section 2), and any decent radiation 
model should be expected to perform well there. In contrast, the five 
most problematic sites are affected by high sRMSE, about four times 
larger than those of the safest sites. None of these sites are in KG 
Class B, while 3 belong to the Skynet network in Japan (see Table 2 
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Table A.1 (continued).
 Site P2 E2 PB AB S3 Y4 M1 M2 Y5 G1 G2 G3 G4 N1 N2 N3

 Köppen-Geiger climate D
 BON 7.1 3.8 16.4 −1.8 8.6 3.6 10.5 9.6 4.1 0.4 −1.0 0.5 −1.0 −2.8 0.2 0.5 
 LIN 9.5 9.1 8.3 1.4 4.9 1.6 3.8 4.3 4.4 −0.2 −1.4 0.3 −0.9 −0.4 1.4 1.6 
 PSU 8.7 7.6 22.6 1.4 10.8 4.8 13.8 14.4 5.9 −0.0 −1.3 −0.0 −1.6 −0.8 1.4 0.6 
 REG 6.9 7.0 11.6 −0.1 9.5 2.9 10.4 8.9 5.2 2.2 2.7 1.6 1.7 0.4 2.7 1.4 
 SAP 6.8 11.9 2.3 5.0 3.6 6.3 2.6 2.3 8.2 −0.3 −3.0 0.4 −2.5 2.4 5.4 1.4 
 SXF 6.6 5.5 26.0 0.1 13.9 6.7 17.4 15.7 7.4 1.4 −0.4 1.0 −0.9 −1.4 1.7 1.2 
 TOR 4.6 3.4 −3.1 −4.0 −0.3 −1.2 −1.9 −3.7 1.0 −1.7 −2.6 −1.5 −2.5 −2.8 −1.3 −0.6 
 XIA 14.4 19.5 20.8 8.8 18.6 18.9 18.3 17.4 12.2 9.8 4.5 7.7 4.4 6.2 10.0 7.9 
 Köppen-Geiger climate E
 ALE 22.6 27.3 28.1 20.8 29.9 20.1 30.4 27.8 9.5 13.9 5.8 10.6 5.0 5.3 17.0 8.8 
 DOM 14.0 10.7 27.8 −7.5 20.1 11.0 31.0 20.2 2.2 4.2 −0.1 3.0 0.6 1.6 3.6 −0.0 
 EUR 4.2 9.9 7.0 1.9 13.9 6.8 11.4 7.7 −1.0 1.7 −3.8 0.6 −3.6 −2.7 4.4 0.5 
 GVN 32.4 26.4 36.3 16.4 36.2 22.2 41.2 32.0 8.1 12.2 1.3 4.0 −0.0 5.4 17.3 3.8 
 NYA 22.5 20.7 0.6 14.0 11.0 7.7 3.9 1.1 −2.0 12.3 4.9 10.3 6.1 −3.3 7.0 9.2 
 SON 15.3 11.5 24.4 1.7 13.5 4.8 22.8 18.7 7.8 5.3 −1.8 3.5 −0.8 −4.5 4.0 5.4 
 SYO 25.8 21.6 28.1 13.3 30.8 22.4 35.9 25.6 3.3 11.1 0.7 5.6 −0.3 4.3 15.5 6.2 
 TIK −2.7 1.2 −8.6 −7.4 −5.8 −6.6 −3.1 −9.9 −9.1 −5.0 −8.7 −6.8 −8.6 −13.7 −5.2 −8.6 
Table A.2
Same as Table  A.1 but for RMSE.
 Site P2 E2 PB AB S3 Y4 M1 M2 Y5 G1 G2 G3 G4 N1 N2 N3

 Köppen-Geiger climate A
 BER 27.8 30.0 39.4 29.6 27.2 24.2 27.6 33.1 24.2 20.3 20.6 19.2 19.7 17.9 18.4 16.9 
 COC 29.3 26.3 23.2 26.1 20.6 20.9 19.7 22.1 20.7 18.9 18.8 18.0 17.9 16.7 17.6 15.9 
 DAR 20.2 18.4 16.3 21.8 15.0 15.1 13.8 16.1 14.2 13.6 12.9 12.9 12.1 11.6 14.3 11.2 
 DWN 20.6 18.4 17.0 21.7 15.6 15.3 15.1 16.8 14.6 13.8 13.3 13.1 12.6 11.9 14.0 11.1 
 ISH 34.4 35.7 30.3 34.4 25.9 27.5 24.6 30.0 27.0 23.3 23.5 22.4 22.5 22.9 23.1 19.8 
 KWA 31.2 27.2 34.0 26.5 25.2 23.4 24.5 29.4 23.0 19.9 19.7 18.6 18.7 17.3 17.7 16.9 
 MAN 42.4 31.2 30.4 31.1 26.2 26.4 25.9 28.8 25.8 24.8 24.0 23.0 22.6 19.8 22.1 20.1 
 MNM 23.5 22.4 21.2 23.0 18.1 17.6 18.4 19.9 17.7 16.2 16.6 15.5 15.7 14.7 16.1 13.7 
 NAU 33.3 25.1 25.4 25.9 23.0 22.1 21.5 23.9 21.5 20.4 19.5 19.1 18.6 16.3 19.1 16.9 
 TIR 46.2 53.7 38.0 49.7 38.2 46.3 34.6 42.5 42.1 32.1 29.6 29.5 28.3 36.2 35.6 27.4 
 Köppen-Geiger climate B
 ASP 8.4 12.8 10.4 17.8 8.4 9.9 8.2 10.0 9.2 7.3 6.7 6.8 6.4 7.2 7.2 5.8 
 BOS 14.9 18.3 24.5 21.5 17.1 15.1 19.0 19.2 15.0 13.3 13.1 12.7 12.6 11.5 11.6 10.5 
 DAA 9.2 14.3 11.9 20.2 9.1 11.1 9.5 11.7 10.5 8.7 8.1 8.2 7.7 8.6 9.2 6.9 
 DRA 10.4 13.6 18.5 17.7 12.4 10.6 13.7 13.5 10.8 9.1 8.6 8.5 8.2 8.0 8.4 7.4 
 FPE 21.9 23.9 31.0 25.9 24.1 21.3 25.2 26.9 22.1 16.4 18.6 15.8 17.7 16.8 15.8 13.7 
 GOB 8.8 11.1 10.5 15.2 8.4 9.0 8.4 9.5 12.0 6.6 6.5 6.3 6.2 6.3 6.3 5.8 
 PTR 23.9 22.8 21.4 25.2 18.6 18.5 17.6 20.5 17.9 17.0 16.8 16.2 15.8 16.5 15.7 13.4 
 SBO 17.6 18.6 16.8 21.3 14.4 15.9 14.4 16.0 16.3 15.6 11.6 13.9 10.5 12.0 13.0 11.7 
 SOV 16.2 17.2 22.4 17.6 19.2 17.4 19.6 18.9 13.6 11.1 9.2 9.9 8.6 15.7 16.4 9.4 
 TAM 15.2 20.6 16.9 25.9 14.0 16.7 15.8 15.9 16.1 16.2 11.8 15.9 11.6 13.0 14.0 13.4 
 Köppen-Geiger climate C
 BIL 18.4 19.9 22.8 22.5 16.4 15.8 16.4 19.4 15.9 13.3 13.4 12.7 12.9 12.7 13.1 11.1 
 CAB 30.1 33.4 28.0 33.9 25.3 26.3 23.7 27.6 26.2 22.3 21.8 21.6 21.1 21.2 21.2 19.3 
 CAR 16.7 20.4 19.0 24.2 16.0 16.2 15.2 18.9 15.8 13.7 13.8 13.1 13.3 13.6 14.0 11.6 
 CLH 21.0 20.7 22.5 20.9 18.5 18.6 17.5 20.6 18.5 14.9 14.4 14.1 13.9 13.5 13.3 12.3 
 CNR 21.9 27.2 23.5 29.4 20.6 21.6 19.9 23.5 21.2 18.7 18.6 18.0 17.9 16.6 16.7 15.0 
 E13 17.9 19.7 19.0 22.3 15.3 16.2 14.8 18.0 16.3 13.0 13.0 12.5 12.6 12.5 12.8 11.2 
 FLO 27.8 27.8 29.2 29.5 22.0 22.6 22.4 25.8 22.7 19.9 19.7 18.8 18.6 17.1 17.3 15.5 
 FUA 26.2 28.5 25.3 28.1 23.1 24.8 22.1 26.3 23.3 18.9 18.2 17.9 17.4 20.0 19.5 16.0 
 GCR 20.8 20.5 31.6 21.0 18.0 16.6 19.7 22.9 16.2 14.4 14.4 13.8 14.0 13.2 13.5 11.4 
 IZA 12.5 14.0 16.0 22.3 14.2 15.4 14.1 13.2 14.4 10.7 9.6 9.6 8.4 11.1 11.3 9.5 
 LAU 22.6 25.6 27.5 30.2 21.2 22.1 21.6 25.1 22.0 19.2 19.0 18.2 17.9 16.1 16.2 14.9 
 LRC 19.5 19.9 17.9 22.1 15.3 16.1 14.8 16.9 16.1 14.3 14.2 13.7 13.7 13.1 13.4 12.5 
 PAL 27.3 29.7 25.7 31.0 23.1 23.2 21.4 24.9 22.9 20.5 20.3 19.8 19.5 19.2 19.1 17.2 
 PAY 24.3 26.6 24.1 27.6 20.0 21.3 19.3 23.4 21.6 18.6 18.6 18.0 17.8 17.3 16.7 15.8 
 SMS 19.0 22.1 20.0 26.5 16.3 17.5 16.1 19.1 17.8 15.4 15.5 14.6 14.9 14.0 14.5 13.0 
 TAT 27.1 28.8 24.9 29.1 21.3 23.5 21.0 24.2 22.5 19.3 19.0 18.4 18.4 18.5 18.5 16.4 
 (continued on next page)
in Ruiz-Arias and Gueymard [28]). Although a particular cloud regime 
might be impairing better performance there, it is also quite likely 
that their measurement quality is impacted by more-or-less severe 
inconsistencies that current QC protocols are not able to flag. This 
12 
finding should prompt the stations’ principal investigators to reevaluate 
their equipment and maintenance procedures, and the solar radiation 
modelers to develop more effective modeling strategies and better QC 
algorithms.
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Table A.2 (continued).
 Site P2 E2 PB AB S3 Y4 M1 M2 Y5 G1 G2 G3 G4 N1 N2 N3

 Köppen-Geiger climate D
 BON 21.9 24.0 30.0 25.9 21.0 19.7 21.7 24.8 19.6 16.1 15.9 15.4 15.3 16.4 15.8 13.7 
 LIN 30.5 35.2 33.2 36.2 26.1 26.8 25.0 30.0 26.8 24.0 24.1 23.4 23.3 22.1 21.9 20.8 
 PSU 26.0 29.5 37.7 30.0 24.2 23.5 26.0 31.0 23.3 20.0 20.0 19.3 19.4 18.0 17.7 16.1 
 REG 25.3 26.9 29.1 27.9 26.0 24.0 27.4 27.2 25.1 18.5 18.7 17.4 17.2 19.0 18.6 15.4 
 SAP 29.7 36.3 31.3 35.1 27.9 29.2 27.5 31.4 28.9 23.7 24.0 22.5 22.6 21.8 22.3 19.5 
 SXF 21.5 24.2 36.8 24.9 25.2 21.6 27.7 29.0 21.9 17.0 17.0 16.6 16.4 16.4 16.1 13.9 
 TOR 25.3 28.6 27.3 31.6 23.6 23.2 22.7 26.5 23.3 20.1 19.9 19.4 19.2 19.7 19.4 16.8 
 XIA 27.6 34.5 35.2 29.7 30.7 34.1 29.9 32.1 26.3 21.9 18.0 19.3 16.8 19.5 22.7 19.3 
 Köppen-Geiger climate E
 ALE 51.6 48.6 48.5 44.8 50.3 43.5 49.8 48.4 34.1 31.5 27.0 29.2 25.7 26.5 35.8 26.2 
 DOM 29.1 20.4 33.6 29.1 29.5 21.2 35.5 27.1 14.5 13.7 12.4 12.9 11.8 13.6 15.7 11.1 
 EUR 25.4 29.2 30.5 29.0 31.1 25.6 31.2 30.1 24.6 19.4 19.6 19.0 19.0 21.4 22.1 15.9 
 GVN 62.1 45.3 54.7 46.4 52.7 43.3 58.7 50.8 30.7 29.8 24.7 24.3 23.2 25.2 35.3 22.9 
 NYA 68.5 64.3 60.0 63.0 51.9 51.6 49.3 55.6 46.5 46.3 41.3 44.1 39.6 39.4 41.6 38.5 
 SON 48.6 40.0 48.0 47.6 39.1 36.6 43.6 43.1 37.5 30.8 26.9 28.1 25.9 29.5 30.8 26.8 
 SYO 51.0 43.8 48.4 44.5 46.6 42.8 52.1 47.5 30.0 30.2 25.1 25.9 23.8 24.5 34.8 24.2 
 TIK 32.5 30.4 36.3 32.9 29.9 29.8 31.0 36.1 27.4 24.3 24.3 24.3 23.3 29.9 24.9 23.1 
6. Conclusion

The separation of solar radiation components has attracted consid-
erable interest during the last six decades. Until recently, nearly all 
models presented in the literature have used relatively simple transfer 
functions indirectly relating GHI to the diffuse fraction, 𝐾, through the 
clearness index, 𝐾𝑇 . In many scientific disciplines and in the everyday 
practice of solar engineering, this type of calculation is of critical 
importance and needs to be done routinely at a large number of sites. 
This highlights the need to investigate new avenues that have the 
potential to improve the accuracy of the separation procedure beyond 
the current methods, while maintaining a minimal model implemen-
tation effort. One of these avenues consists in using machine-learning 
(ML) techniques, which are now becoming prevalent in data-driven 
problems.

In general, ML techniques are most powerful when there is a lot of 
information available and the hidden relationship between inputs and 
outputs is complex. In the separation of GHI, although the relationship 
between GHI and the diffuse fraction is often complex, the amount of 
significant information (observed variables) at each time step is limited. 
Thus, ML techniques miss some of their most potential strengths, 
although they can still outperform conventional techniques.

Here, three novel global separation models (N1–N3) based on well-
established basic artificial neural network (ANN) architectures have 
been developed. N1 requires only three inputs: solar zenith angle, the 
1-min clearness index within the preceding 30-min time window, and 
the Köppen–Geiger climate class, which recently became popular to im-
prove performance in conventional separation models. N2 is a simpler, 
climate-independent version of N1. N3 is based on N2 but also requires 
the clear-sky index (i.e., the ratio between GHI and its ideal clear-
sky counterpart). The three new models have been compared to 13 
conventional separation models known for their high performance. To 
that effect, a large database of ≈64 million 1-min irradiance data points 
from 117 high-quality radiometric world stations has been assembled. 
Various statistical metrics have been used to evaluate the individual 
performance of the models and to rank them impartially with the 
best-known methods.

In general, the performance of N1–N3 has been found to be com-
parable to, or better than, that of the best conventional models, led by 
those in the GISPLIT family. N3 has been found to be more effective 
than N1, indicating that the clear-sky index has a more positive impact 
than the climate class segregation used in N1. Over the whole database, 
excluding polar sites, the 1-min DNI N3 predictions are affected by a 
13 
low RMSE of ≈14%, compared to ≈16% for N2 and N3, and ≈23%, 
≈19%, and ≈16% for Perez2, Yang5, and G3, respectively.

Based on the large validation database used here, it is concluded 
that N3 is a dominating separation model by a small but significant 
margin over the best non-ML model (G1). It also covers a wider range 
of observed 𝐾𝑇 –𝐾 values than any other model, and generally provides 
a better fit to DNI observations, particularly under cloudless conditions. 
Under scattered clouds and cloud enhancement conditions, when solar 
irradiance is highly variable, N3 provides the highest accuracy, indi-
cating that it successfully draws valuable variability information from 
the observed 𝐾𝑇  values during the preceding 30-min time window. 
This approach is similar to the one adopted in GISPLIT, with the 
difference that the latter depends on CAELUS to perform the sky-type 
classification, whereas N3 somehow manages this internally through 
the sheer power of its ML underpinning. In contrast, older models that 
do not consider any measure of temporal variability are comparatively 
inaccurate under such circumstances.

From a historical perspective, a significant increase in model perfor-
mance has been observed since Engerer2 was published in 2015. In fact, 
the DNI RMSE has decreased from ≈24% with Engerer2, to ≈16% with 
GISPLIT and ≈14% with N3. Overall, these results indicate that the best 
conventional separation models have reached a level of maturity and 
sophistication that makes them competitive against many ML models, 
which are not always able to surpass the conventional ones and, if so, 
only by a narrow margin.

A handicap of ML for GHI separation is that the number of input 
explanatory variables to the models must be kept to a minimum to 
maximize their usability (e.g., at remote locations) and ease of use, 
which means that ML models cannot exploit all their potential. The 
accuracy increase normally expected with sophisticated ML approaches 
will likely be impaired by such a reduced number of variables and will 
likely result in only marginal improvements that might not be justified 
by the increase in complexity. To exploit the full potential of such 
complex ML approaches, the set of input features must be increased, 
which comes at the expense of reduced model usability. However, this 
could constitute the best solution for local applications that require 
maximum accuracy.

Although it is very likely that more complex ML models might 
overpower N3 in terms of prediction accuracy, such apparent im-
provements could be counterproductive for this application, where 
simplicity, usability, and execution speed are of paramount importance 
in practice.
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Table A.3
Same as Table  A.1 but for the Indep dataset.
 Site P2 E2 PB AB S3 Y4 M1 M2 Y5 G1 G2 G3 G4 N1 N2 N3

 Köppen-Geiger climate A
 CHI 8.3 0.9 −1.9 −6.1 −4.9 −2.5 −3.9 −2.7 −2.7 0.8 1.7 0.9 1.8 −0.1 −4.3 1.6 
 DAR 15.5 5.5 1.2 −1.4 −3.8 −0.5 −3.8 −0.5 −0.5 1.1 1.4 1.0 2.0 4.7 −0.7 4.5 
 FEN 16.8 18.3 5.4 5.8 2.0 14.7 1.7 5.8 5.0 3.7 0.5 −0.9 1.2 9.6 −3.1 −0.6 
 GAN 20.5 2.2 2.5 −3.1 −0.5 −0.4 −2.3 1.6 −1.5 4.1 2.0 2.3 1.4 −1.2 −6.8 0.4 
 HAN 24.2 9.8 10.5 3.1 7.3 8.9 5.0 9.5 7.0 8.1 5.3 6.0 5.4 6.8 −1.4 3.6 
 KDO 24.6 6.3 9.4 1.2 5.4 4.0 2.7 7.6 2.6 6.9 4.7 5.3 4.5 3.3 −3.0 3.1 
 MIY 24.8 14.9 14.9 7.9 8.1 5.2 6.5 12.1 5.9 5.5 5.0 4.3 4.3 8.6 5.9 3.7 
 MLE 27.7 8.8 5.7 1.6 4.2 5.0 2.2 4.7 3.8 8.5 5.5 6.1 5.0 6.1 −1.1 3.7 
 TOW 8.3 −1.2 9.4 −6.6 3.3 −0.7 3.7 3.5 1.1 2.1 2.0 2.0 1.9 0.3 −1.5 1.4 
 Köppen-Geiger climate B
 ADE 8.0 2.2 11.9 −2.7 6.2 0.3 6.8 6.6 3.5 3.0 5.2 3.4 5.2 1.6 0.7 2.6 
 ADR 7.3 16.0 27.2 9.6 23.3 12.2 20.5 22.2 7.0 5.4 7.1 5.5 7.4 17.8 17.0 3.6 
 ALB 3.7 −3.6 15.6 −9.8 6.3 −2.4 10.3 6.2 −0.1 −0.9 2.1 −0.8 1.9 −1.6 −2.3 −0.7 
 ARI 4.8 −1.6 14.3 −6.8 8.0 −1.7 8.1 5.8 0.4 1.9 3.6 2.2 3.6 1.2 0.3 1.8 
 BRO 3.6 −5.4 4.3 −10.4 −0.8 −3.1 −0.7 −1.2 −2.1 −0.6 0.2 −0.8 −0.1 −5.0 −4.6 −1.5 
 GAB 2.5 −4.7 6.1 −9.2 0.4 −1.6 3.0 0.5 −0.1 0.5 2.6 0.7 2.7 −2.2 −2.5 1.1 
 HAF 3.3 −3.0 13.0 −8.8 5.4 0.3 7.6 4.7 2.7 1.8 4.1 2.2 3.9 −1.2 −1.8 1.4 
 JOR 1.1 2.6 17.0 −3.6 12.1 3.9 12.7 9.8 −0.2 2.3 4.7 2.6 4.8 6.5 5.8 1.6 
 LAS 7.0 0.9 16.5 −4.4 10.5 1.5 10.7 8.2 3.8 4.2 6.2 4.6 6.0 3.3 2.0 3.9 
 LOY 4.6 −1.4 12.0 −5.6 5.6 0.6 6.0 4.9 2.9 1.8 3.9 2.2 3.8 −0.8 −1.4 2.3 
 MIS 6.1 2.6 16.1 −3.3 10.8 2.3 11.8 9.5 4.3 4.3 6.4 4.5 6.3 4.9 4.1 3.8 
 OUJ 7.0 2.5 9.6 −3.4 7.3 3.7 8.1 5.8 5.7 4.1 6.1 4.2 6.1 4.1 3.4 3.5 
 PAN 12.8 5.0 11.1 −2.1 4.9 1.4 4.4 6.2 1.4 2.2 3.4 1.6 2.6 1.6 1.0 2.7 
 POR 2.8 −3.7 4.6 −8.4 −2.1 −2.6 −0.1 −0.0 0.4 −0.4 2.2 −0.3 1.9 −4.5 −5.2 −0.3 
 RVD 0.2 −5.8 9.7 −11.0 3.9 −2.7 5.3 1.5 −1.6 −0.3 1.2 −0.1 1.2 −1.2 −1.3 −0.7 
 SAL 6.5 0.2 19.9 −5.6 9.0 −0.1 12.3 9.7 3.4 1.4 4.8 1.5 4.1 0.1 −0.8 1.0 
 SHA −0.3 9.6 18.2 2.8 15.8 7.8 13.3 13.3 0.6 1.7 2.5 1.5 3.1 13.9 13.7 −0.1 
 SRR 3.8 −1.2 10.5 −7.2 4.9 −3.2 7.6 4.3 0.1 −1.1 2.2 −0.5 2.1 −2.0 −3.2 0.7 
 TAB 6.1 −0.8 7.3 −6.8 4.4 −1.2 4.4 3.0 1.2 2.1 3.6 2.1 3.6 1.0 −0.0 1.5 
 TAT 0.5 3.5 14.6 −2.7 10.1 5.3 10.1 8.9 −1.3 1.0 3.2 0.9 3.3 4.9 4.4 0.2 
 WAG 2.9 −3.7 7.4 −8.8 1.9 −2.7 3.7 1.0 −0.6 −1.0 1.0 −0.4 1.2 −2.1 −2.9 0.0 
 Köppen-Geiger climate C
 CAH 25.3 12.3 9.1 6.1 4.5 3.4 1.4 6.6 3.9 5.4 3.5 4.0 2.9 1.8 2.7 4.2 
 CAP 12.6 10.6 15.7 5.2 8.3 4.2 9.4 10.5 6.1 5.0 4.1 6.0 4.3 2.7 3.6 6.5 
 CAS 7.3 1.3 9.4 −5.6 4.3 −0.0 4.3 4.1 0.0 0.5 −0.5 0.4 −0.5 −0.4 −2.0 0.1 
 CHB 35.5 27.6 28.2 20.7 24.2 17.4 20.4 24.8 18.6 21.1 20.7 19.8 19.9 22.4 21.3 17.3 
 CHL 1.6 −4.2 −4.7 −9.4 −9.0 −5.8 −7.2 −5.9 −6.0 −4.0 −7.0 −3.7 −7.2 −6.1 −7.1 −0.5 
 CHO 3.1 −3.0 −1.8 −8.4 −5.4 −3.6 −3.8 −3.5 −1.4 −1.1 −3.8 −0.8 −3.9 −3.7 −4.5 1.1 
 DUR 5.7 −1.9 5.5 −7.6 −0.6 −1.2 0.4 0.7 −1.6 0.1 −1.8 −0.0 −1.9 −3.8 −4.7 −0.3 
 FUU 22.3 20.0 17.1 13.7 13.3 12.4 11.7 14.0 13.6 10.9 9.4 10.9 9.8 13.6 14.0 11.0 
 JAE 6.6 0.2 7.3 −5.6 5.1 0.9 5.7 3.6 3.1 2.9 2.4 3.1 2.3 1.6 0.5 2.7 
 KAA 6.3 0.1 −0.7 −5.2 −5.6 −2.9 −4.9 −1.8 −3.3 −0.5 −3.7 −0.4 −4.7 −4.6 −5.6 1.4 
 KAO 5.9 −0.5 0.1 −6.1 −3.8 −2.0 −2.8 −1.5 0.5 1.0 −1.6 1.0 −2.0 −3.3 −4.2 1.2 
 KAS 10.8 3.7 10.7 −4.7 4.0 1.1 6.4 7.6 0.9 4.3 2.5 4.0 1.7 −2.3 −3.2 2.0 
 KWA 10.2 0.7 3.2 −4.6 1.6 −0.8 −0.2 0.7 −1.0 2.9 2.2 2.7 2.2 0.8 0.1 1.4 
 LOC 5.7 −1.1 6.8 −6.8 3.1 −4.9 0.9 2.2 −4.3 −0.7 −0.3 −1.2 −0.9 −1.0 −2.9 −2.8 
 LUS 6.1 0.8 4.0 −6.3 −0.6 −0.4 1.3 1.2 −0.8 0.7 −1.3 1.1 −1.3 −3.0 −3.4 1.2 
 MEL 6.0 1.3 6.5 −4.8 1.9 −2.0 2.8 2.0 −1.0 0.4 −0.2 1.1 0.0 −1.5 −1.5 1.5 
 MIL 12.4 3.9 7.3 −3.3 5.0 2.7 4.2 4.2 3.1 4.3 3.2 4.0 2.9 2.3 0.0 3.2 
 MUT 2.1 −3.3 −3.1 −7.9 −8.4 −5.4 −7.0 −3.8 −5.7 −3.1 −6.7 −3.0 −7.3 −6.7 −8.4 −1.4 
 MZU 7.5 2.8 14.2 −4.4 3.2 −0.2 6.3 7.7 −0.2 0.8 −1.3 1.2 −1.6 −4.4 −4.2 1.0 
 ORE 8.7 2.5 8.8 −5.1 4.7 −1.4 3.1 2.7 1.2 2.0 1.6 1.7 1.3 −0.6 −1.8 0.8 
 PRE 3.5 −3.3 6.6 −8.2 1.2 −1.2 3.6 1.2 0.6 −0.4 −2.3 0.1 −2.1 −1.0 −1.8 1.4 
 ROC 7.5 −1.5 6.4 −7.8 1.2 −3.3 1.3 1.5 −3.7 −0.2 −1.1 0.0 −0.8 −2.1 −2.1 0.7 
 SEA 3.2 −2.8 10.5 −10.3 1.4 −3.2 3.4 3.3 −1.3 −1.0 −2.8 −1.2 −3.3 −7.3 −9.0 −2.7 
 STE 1.3 −5.8 6.4 −10.8 0.2 −3.9 2.1 −0.3 −2.1 −1.5 −2.2 −1.0 −2.0 −3.6 −4.2 −0.9 
 STR 10.4 3.0 12.0 −3.5 5.9 0.3 6.7 6.7 1.1 1.0 0.6 0.8 0.3 0.0 −1.0 0.5 
 VUW 3.1 −3.3 2.2 −8.9 −4.2 −3.9 −2.0 −1.7 −0.7 −0.5 −3.4 −0.5 −3.4 −4.8 −6.0 −1.0 
 Köppen-Geiger climate D
 BIS 6.4 1.1 17.8 −5.0 9.2 1.2 11.3 8.9 2.2 0.1 −0.0 0.2 −0.0 −3.6 −1.4 0.1 
 DAO 8.2 6.3 15.7 −2.1 8.0 0.8 13.2 10.3 2.8 4.0 5.5 3.2 3.5 −2.0 1.2 2.9 
 KAZ 7.4 6.0 19.3 −2.2 11.0 0.9 13.3 13.1 2.5 1.6 2.8 1.9 2.0 −2.4 −0.8 1.6 
 KIR 14.1 11.8 12.8 2.8 11.3 1.6 10.2 9.7 6.4 5.5 7.3 6.2 6.4 0.5 1.1 6.4 
 LYN 7.1 3.9 6.4 −5.5 3.1 1.6 4.1 2.6 3.1 0.4 −0.7 0.7 −0.6 −3.4 −1.9 1.6 
 MAD 8.5 0.6 12.9 −5.8 5.4 −0.9 7.0 6.1 0.1 −0.2 −0.3 −0.0 −0.5 −4.9 −2.9 0.2 
 NOR 10.5 5.6 3.5 −2.4 3.7 −1.5 1.9 1.3 1.3 2.5 3.1 3.2 3.2 −1.8 −0.8 3.5 
 ODE 2.8 −2.2 4.6 −8.3 2.8 −1.8 5.3 1.4 −1.7 −1.2 −1.0 −0.6 −1.5 −5.7 −3.4 −0.1 
 VIS 8.4 3.0 4.3 −2.9 4.4 −1.7 1.9 1.3 0.1 1.4 1.6 2.0 1.9 −1.8 −0.5 1.6 
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Table A.4
Same as Table  A.1 but for RMSE and the Indep dataset.
 Site P2 E2 PB AB S3 Y4 M1 M2 Y5 G1 G2 G3 G4 N1 N2 N3

 Köppen-Geiger climate A
 CHI 25.9 24.6 22.7 28.4 20.5 20.1 19.4 21.9 19.0 19.3 18.9 18.4 17.9 15.6 18.4 15.0 
 DAR 32.2 27.4 25.3 28.2 22.3 21.6 21.3 24.5 20.1 19.9 18.8 18.8 18.0 16.7 17.8 15.8 
 FEN 43.6 38.0 26.1 34.8 25.2 33.6 23.1 26.9 24.5 24.8 22.7 23.1 21.5 25.1 26.3 19.6 
 GAN 34.6 22.5 21.7 23.6 19.8 18.4 18.3 21.4 18.3 18.1 17.2 16.7 16.3 15.2 18.5 14.7 
 HAN 38.1 24.7 22.7 23.9 21.0 21.7 18.0 22.7 20.0 19.9 17.6 17.5 16.9 18.3 17.6 15.5 
 KDO 38.6 23.8 23.0 23.6 20.7 20.6 18.4 22.4 19.6 19.8 18.3 18.0 17.4 16.8 17.6 16.3 
 MIY 43.8 38.9 34.8 37.5 28.7 31.2 26.8 33.2 30.3 26.5 26.8 25.1 25.7 25.2 24.5 22.3 
 MLE 43.4 25.5 24.3 25.0 23.0 21.3 19.9 25.1 20.2 21.3 18.8 18.5 17.5 18.4 18.4 16.2 
 TOW 19.1 18.4 20.2 21.1 15.2 13.7 14.8 17.1 14.0 12.8 12.7 12.1 12.1 11.0 11.0 9.9 
 Köppen-Geiger climate B
 ADE 19.3 22.0 25.4 23.9 19.4 16.8 19.1 21.8 17.7 15.0 16.0 14.7 15.5 14.1 13.1 13.0 
 ADR 20.8 28.1 34.7 26.2 31.0 26.9 28.4 31.3 22.0 17.5 18.3 16.8 17.8 24.7 24.7 15.9 
 ALB 12.4 15.6 22.4 20.3 14.4 12.9 16.5 16.3 12.7 11.0 10.4 10.6 10.1 9.5 9.9 8.7 
 ARI 12.2 13.1 19.1 15.6 14.2 10.1 13.3 13.4 10.4 9.0 9.6 8.7 9.2 8.3 7.8 7.2 
 BRO 15.7 15.3 14.0 19.1 12.5 11.0 10.9 12.7 10.9 9.4 9.1 9.1 8.9 12.0 11.0 7.9 
 GAB 13.4 15.9 15.5 19.4 12.2 11.4 11.6 13.1 11.0 10.7 10.6 10.4 10.4 9.8 9.8 8.3 
 HAF 12.3 14.4 19.4 18.1 12.6 11.4 13.4 14.5 11.9 10.1 10.5 9.8 10.3 8.6 8.9 8.5 
 JOR 11.5 15.7 23.3 17.5 18.4 14.2 18.0 18.1 13.1 10.2 10.8 9.9 10.6 13.0 13.1 9.0 
 LAS 17.0 17.3 24.6 18.7 19.8 15.5 19.6 19.1 16.0 15.2 15.9 15.0 15.5 14.5 14.2 13.6 
 LOY 16.3 17.9 22.1 19.0 17.4 13.9 16.4 17.6 14.9 12.3 12.8 12.2 12.6 12.8 12.0 10.7 
 MIS 15.8 18.1 24.1 19.9 18.7 16.3 18.8 19.7 16.2 13.7 14.2 13.2 13.8 14.2 14.6 11.4 
 OUJ 16.6 18.8 19.2 20.5 16.6 16.1 15.9 17.7 16.2 13.2 13.6 12.6 13.4 13.4 13.8 10.9 
 PAN 27.8 24.9 24.7 25.7 20.0 18.1 18.7 22.0 18.3 17.1 17.2 16.4 16.8 16.7 16.1 14.1 
 POR 22.0 25.0 23.7 28.0 20.1 19.2 19.3 22.1 19.5 17.2 17.0 16.8 16.8 18.2 17.5 14.6 
 RVD 8.7 12.2 14.6 16.7 10.1 8.8 10.3 10.3 9.0 6.9 7.1 6.7 6.9 6.9 6.8 5.9 
 SAL 18.4 20.5 29.1 23.7 19.3 17.3 21.2 21.6 17.7 14.4 15.1 14.0 14.5 13.0 12.8 12.0 
 SHA 12.2 14.4 21.9 12.6 19.6 15.6 16.7 17.5 10.7 10.0 10.2 9.7 10.1 16.9 16.9 9.0 
 SRR 17.2 19.3 23.2 22.9 17.8 16.5 19.0 18.8 16.0 14.5 14.8 13.7 14.0 13.2 13.1 11.3 
 TAB 15.7 17.2 18.7 20.4 14.9 14.7 14.8 16.5 14.4 12.3 12.4 11.5 11.9 11.5 11.8 9.9 
 TAT 13.6 17.3 22.3 18.1 17.8 15.5 16.9 18.6 14.2 11.0 11.2 10.5 10.9 12.4 12.0 9.0 
 WAG 13.9 17.6 19.1 21.2 14.3 13.0 14.1 15.8 12.8 11.5 11.5 11.1 11.1 10.8 10.5 9.4 
 Köppen-Geiger climate C
 CAH 45.4 36.3 32.5 34.7 28.3 28.8 26.4 31.5 28.1 26.0 25.2 24.1 24.2 23.6 23.6 21.5 
 CAP 31.9 37.4 38.4 37.0 30.1 28.2 30.4 34.9 29.0 25.6 25.1 25.3 24.6 22.3 23.1 23.4 
 CAS 19.5 20.7 23.7 23.1 17.8 16.3 17.2 20.7 16.2 14.2 14.0 13.4 13.4 13.6 14.1 11.5 
 CHB 55.3 46.5 46.0 41.6 40.9 35.1 35.6 42.8 34.6 35.9 36.1 34.3 35.1 37.6 36.1 30.7 
 CHL 21.9 23.1 20.2 26.4 20.2 18.9 18.3 19.7 17.9 18.7 20.0 18.1 20.0 16.2 17.7 14.0 
 CHO 20.5 21.1 17.4 24.2 16.9 16.7 15.3 17.1 15.5 16.5 17.3 16.0 17.2 13.9 14.9 12.7 
 DUR 23.9 24.9 21.9 28.3 17.3 18.2 16.4 20.3 18.1 16.6 16.7 15.9 16.3 15.7 17.2 13.8 
 FUU 46.0 46.5 41.1 42.3 35.2 35.7 33.7 38.8 34.8 30.7 29.6 29.6 28.9 30.9 31.1 27.5 
 JAE 16.1 18.0 17.1 20.0 14.9 14.4 14.4 15.9 14.6 12.7 12.1 12.1 11.7 11.9 11.7 10.3 
 KAA 26.7 25.1 20.6 27.5 19.8 20.0 18.3 20.1 19.3 20.5 21.3 20.1 21.5 17.2 18.6 16.0 
 KAO 23.5 22.4 18.5 25.3 17.3 17.6 16.0 18.1 16.8 17.3 17.7 16.8 17.5 14.7 15.6 13.5 
 KAS 25.3 23.4 25.5 27.2 18.8 19.4 19.6 23.3 18.3 18.3 18.1 17.4 16.9 15.5 16.2 14.5 
 KWA 24.1 22.9 19.8 25.5 16.3 18.6 16.1 18.8 18.5 15.7 15.2 15.0 14.7 13.4 14.0 13.0 
 LOC 20.1 20.7 20.6 24.2 17.3 20.4 16.6 18.9 19.7 15.3 15.0 14.5 14.4 14.8 14.9 13.4 
 LUS 22.1 22.4 19.6 26.6 16.0 17.4 15.5 18.4 16.3 16.8 17.0 16.4 16.6 15.1 15.7 13.5 
 MEL 21.0 25.0 26.0 28.4 20.3 18.7 20.0 22.8 18.8 17.0 17.0 16.3 16.3 14.4 14.7 13.9 
 MIL 26.3 26.1 25.9 28.2 21.6 22.4 20.6 24.5 21.6 18.6 17.9 17.8 17.4 16.8 17.1 15.7 
 MUT 24.9 24.0 20.1 26.1 21.4 20.4 19.4 19.8 19.5 21.1 22.6 20.7 22.8 17.7 20.0 16.1 
 MZU 24.9 25.4 28.2 28.0 19.2 20.3 20.4 24.0 19.3 19.4 19.5 18.8 18.9 17.0 17.6 15.9 
 ORE 25.2 27.0 26.5 30.0 20.9 21.1 20.6 23.6 22.5 19.0 18.6 18.6 17.9 16.3 17.0 16.1 
 PRE 13.8 16.4 16.1 19.6 12.2 11.8 12.0 13.1 11.2 11.3 11.4 10.8 11.2 9.7 10.1 8.9 
 ROC 18.8 18.3 19.4 21.7 14.9 14.1 14.4 16.6 14.3 12.7 12.9 12.1 12.3 11.0 11.0 9.6 
 SEA 21.7 25.3 29.6 29.5 20.4 20.2 21.4 25.5 20.6 17.4 17.8 17.1 17.5 17.1 19.2 14.4 
 STE 12.3 17.2 16.2 21.1 12.5 12.3 12.2 14.1 12.1 10.7 10.8 10.3 10.5 10.3 10.7 9.1 
 STR 25.4 23.6 26.6 26.7 20.1 19.2 20.0 23.0 19.0 16.8 16.5 15.9 15.8 15.1 15.3 13.9 
 VUW 25.8 27.2 25.5 30.4 24.3 23.1 23.1 23.6 21.9 22.0 23.1 21.8 22.9 21.0 23.4 20.2 
 Köppen-Geiger climate D
 BIS 18.9 21.1 28.7 23.8 19.7 17.4 21.2 22.4 17.8 14.5 14.2 14.1 13.8 14.4 14.1 12.1 
 DAO 28.4 28.8 32.4 33.8 26.0 25.0 30.6 28.5 25.4 21.3 22.2 20.2 20.9 20.3 18.9 17.1 
 KAZ 23.0 25.8 32.1 28.6 24.0 22.8 25.3 27.9 22.8 19.4 19.5 18.7 19.0 17.8 17.3 15.9 
 KIR 39.0 39.8 41.9 42.6 35.7 31.9 35.4 38.8 32.7 29.2 30.1 28.3 28.8 25.4 25.8 24.2 
 LYN 24.0 26.4 27.0 29.5 20.0 20.1 19.3 25.1 19.9 18.4 18.2 17.7 17.8 18.0 17.6 15.2 
 MAD 22.9 23.6 28.2 27.2 20.2 19.0 21.1 23.3 19.3 16.4 16.0 15.7 15.5 16.4 15.6 13.4 
 NOR 29.3 30.5 29.7 33.1 25.7 25.3 24.2 27.8 25.1 22.7 22.6 21.9 21.8 19.8 19.8 18.9 
 ODE 15.7 19.9 19.5 23.2 16.0 16.7 17.3 18.7 16.7 14.2 14.2 13.7 13.8 14.5 13.4 11.7 
 VIS 23.8 25.3 25.6 27.0 21.7 22.0 20.7 23.7 21.9 18.8 18.8 18.2 18.2 16.7 16.7 16.1 
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Table A.5
DIF MBE in percent by site in each climate class, relative to the mean observed DIF, for the Valid dataset and for all separation models. The lowest error for each 
site is bold-faced.
 Site P2 E2 PB AB S3 Y4 M1 M2 Y5 G1 G2 G3 G4 N1 N2 N3

 Köppen-Geiger climate A
 BER −19.2 −13.3 −36.0 −6.2 −18.1 −8.9 −22.5 −25.6 −8.3 −5.6 −8.6 −5.8 −7.2 −6.7 −3.9 −4.5 
 COC −21.2 −6.5 −5.6 −1.7 1.6 −1.0 3.7 −5.0 1.1 0.4 −0.4 −0.2 −1.4 −2.4 3.0 −1.4 
 DAR −13.5 2.5 −0.4 10.5 8.1 3.7 9.0 1.3 1.5 5.9 4.5 6.2 4.4 −2.7 8.0 4.6 
 DWN −13.6 1.4 2.5 8.9 8.1 3.5 10.9 3.5 1.4 6.0 4.9 6.2 4.7 −3.2 6.7 5.2 
 ISH −15.7 −11.8 −9.0 −7.3 −3.6 −7.9 −1.4 −8.0 −6.2 −0.8 −1.8 −0.7 −1.9 −7.2 −1.9 −1.2 
 KWA −26.6 −11.5 −29.6 −5.4 −11.7 −5.7 −14.0 −22.2 −3.7 −3.6 −4.8 −2.5 −3.4 −6.4 −1.6 −1.2 
 MAN −26.9 −6.0 −2.6 −2.0 4.4 0.1 6.6 −2.1 1.6 −5.0 −4.5 −3.8 −4.1 −1.4 4.8 −2.7 
 MNM −19.0 −0.3 −0.3 4.5 5.6 2.9 9.6 0.8 0.1 3.6 3.6 2.4 1.6 1.6 8.2 1.2 
 NAU −25.4 −2.4 −4.3 4.3 6.1 4.3 6.3 −3.2 6.2 0.5 0.9 1.2 0.7 2.8 8.6 −0.1 
 TIR −9.8 −16.2 −3.8 −11.4 0.4 −11.1 2.1 −3.8 −10.7 1.3 0.3 2.3 −0.4 −8.7 −0.9 0.0 
 Köppen-Geiger climate B
 ASP 3.5 35.6 8.0 55.6 13.6 27.5 4.6 18.6 24.6 10.3 4.6 9.2 4.3 17.6 14.7 9.9 
 BOS −7.3 0.8 −36.0 14.1 −15.7 1.6 −25.9 −17.7 −3.5 1.1 −5.3 0.8 −4.3 0.4 1.4 −0.1 
 DAA 2.0 31.5 −4.1 60.1 4.5 24.2 −12.0 8.6 19.2 10.7 3.3 9.4 1.5 18.4 18.5 8.2 
 DRA −2.5 16.3 −50.6 35.4 −19.8 6.0 −32.6 −16.1 1.2 2.6 −5.3 1.8 −4.2 4.9 4.5 3.8 
 FPE −11.1 −7.1 −31.8 3.4 −18.9 −8.0 −22.7 −20.0 −7.5 −2.5 −8.6 −1.9 −7.5 −4.2 −3.5 −0.6 
 GOB 12.9 23.8 −8.1 41.5 −2.2 13.1 −7.2 3.2 35.8 4.4 −1.6 4.0 −1.5 3.2 −1.3 10.4 
 PTR −16.5 −2.3 −2.3 4.6 8.2 4.8 6.9 −1.3 6.3 2.1 −0.4 0.6 −0.7 8.0 6.4 −0.9 
 SBO 29.6 5.5 −19.4 17.6 −7.2 −4.4 −16.6 −9.2 12.4 17.9 7.5 14.9 5.9 0.1 −1.7 13.8 
 SOV 26.1 −17.9 −40.5 −7.0 −33.2 −25.3 −37.0 −30.4 −9.3 4.9 −1.9 2.4 −2.0 −25.8 −27.9 5.2 
 TAM 11.5 8.8 −14.1 23.9 −6.6 4.1 −18.7 −3.9 3.8 14.3 3.1 13.3 3.1 5.1 8.1 14.0 
 Köppen-Geiger climate C
 BIL −11.9 0.2 −18.6 7.7 −5.9 −3.5 −8.6 −9.2 −6.7 1.7 3.8 1.2 3.6 2.0 3.4 0.5 
 CAB −11.6 −10.6 −5.2 −5.0 −5.5 −6.4 −3.8 −4.9 −7.5 −3.3 −2.3 −3.6 −2.3 −5.4 −4.4 −4.3 
 CAR −5.1 3.3 1.9 10.9 4.5 0.7 4.7 3.5 −2.8 1.9 4.0 1.7 4.2 3.3 5.5 2.3 
 CLH −19.7 −7.4 −23.0 −0.7 −13.9 −8.7 −12.0 −16.5 −5.2 −6.1 −5.7 −6.0 −5.4 −3.2 −1.2 −2.4 
 CNR −7.7 −5.2 −2.6 1.6 −0.8 −2.0 −1.2 −1.8 −1.8 −0.2 1.0 −0.6 1.0 −1.4 −1.2 −0.8 
 E13 −12.2 −1.0 −14.0 7.9 −5.3 −3.6 −7.7 −7.9 −7.2 0.6 2.4 0.1 2.1 0.1 1.4 0.5 
 FLO −15.4 −3.9 −9.3 1.2 −1.4 −0.4 −1.1 −5.3 0.8 −2.6 −1.8 −2.6 −1.6 1.7 1.9 −1.2 
 FUA −8.4 −9.6 −3.8 −5.0 −1.8 −8.1 0.0 −3.2 −6.5 −0.5 2.4 −0.8 2.4 −4.4 −3.5 −0.9 
 GCR −15.3 −4.9 −50.5 1.9 −20.2 −6.8 −26.8 −27.0 −3.3 1.8 3.9 2.1 4.6 2.2 2.5 1.5 
 IZA 11.2 23.2 −45.4 78.8 −6.6 27.2 −46.5 −14.7 19.5 −9.8 −10.6 −9.6 −9.7 −12.3 −3.6 −7.2 
 LAU −8.1 −2.7 −3.3 7.8 −1.3 4.4 −4.6 −4.0 3.0 −2.0 −2.4 −2.0 −1.2 2.3 3.3 −0.5 
 LRC −9.9 −0.9 −4.0 5.0 0.3 1.5 2.6 −1.3 3.4 4.3 5.1 4.1 5.0 2.5 3.4 4.1 
 PAL −11.3 −8.9 −4.4 −2.4 −3.8 −3.3 −2.4 −4.2 −4.0 −2.0 −1.1 −2.2 −0.9 −4.1 −3.6 −3.0 
 PAY −14.5 −7.2 −7.8 −1.1 −7.3 −5.3 −6.1 −6.4 −4.7 −5.5 −5.1 −6.0 −5.1 −6.0 −4.4 −4.9 
 SMS −5.4 3.4 −4.7 11.3 3.9 6.3 1.4 0.5 7.4 4.9 6.4 4.0 5.9 6.4 6.2 3.5 
 TAT −6.9 −8.7 −2.6 −4.7 −1.5 −4.7 1.4 −2.6 −4.2 1.6 3.5 1.5 3.4 −3.3 −2.7 1.8 
 Köppen-Geiger climate D
 BON −12.4 −7.1 −28.7 −1.0 −14.6 −6.7 −18.2 −17.9 −5.7 −1.3 1.1 −1.3 1.2 3.5 −1.6 −0.9 
 LIN −7.9 −8.1 −10.5 −3.1 −4.2 −1.7 −4.4 −6.4 −3.2 1.0 2.0 0.7 1.7 0.8 −1.1 −0.8 
 PSU −12.3 −10.8 −32.1 −4.5 −16.1 −7.3 −20.8 −21.1 −7.3 −0.7 1.1 −0.5 1.7 0.3 −3.1 −0.9 
 REG −9.4 −8.5 −17.4 1.7 −11.8 −3.4 −15.9 −13.5 −4.9 −3.4 −4.0 −2.7 −2.8 0.3 −3.9 −2.0 
 SAP −6.7 −10.8 −3.1 −6.3 −2.7 −6.7 −2.1 −3.6 −7.3 −0.1 2.5 −0.6 2.2 −1.6 −5.1 −1.3 
 SXF −11.4 −9.9 −47.3 −2.8 −24.8 −12.5 −31.9 −29.0 −11.5 −3.0 0.5 −2.4 1.5 3.1 −3.6 −2.0 
 TOR −5.9 −4.0 1.9 2.7 0.6 0.9 1.7 2.1 −0.5 1.9 2.8 1.7 2.7 3.3 1.2 0.6 
 XIA −14.5 −23.1 −25.1 −14.3 −21.8 −22.8 −21.4 −22.1 −13.8 −9.8 −4.2 −7.6 −4.2 −7.3 −12.1 −7.9 
 Köppen-Geiger climate E
 ALE −16.5 −20.7 −21.9 −16.5 −23.1 −15.6 −25.5 −22.0 −6.2 −11.2 −4.7 −8.5 −4.0 −3.7 −13.4 −7.0 
 DOM −37.3 −26.8 −74.9 43.3 −61.4 −30.8 −89.0 −53.1 −2.9 −12.0 3.1 −8.6 0.4 −3.8 −9.6 1.3 
 EUR −4.6 −11.7 −9.4 −3.2 −17.8 −8.9 −16.2 −10.9 4.7 −1.8 6.2 −0.4 5.6 5.2 −5.5 0.2 
 GVN −25.0 −26.4 −36.8 −13.6 −36.9 −23.8 −45.1 −33.2 −8.1 −13.7 −1.1 −4.5 0.3 −6.2 −18.8 −4.2 
 NYA −8.1 −7.9 −1.1 −6.3 −4.1 −3.2 −2.2 −1.5 1.5 −4.5 −1.2 −3.6 −1.6 1.8 −2.7 −3.1 
 SON −13.7 −12.9 −25.9 −1.0 −14.7 −6.1 −26.1 −20.6 −8.6 −8.0 1.0 −5.2 0.3 2.7 −6.2 −7.2 
 SYO −30.9 −27.0 −34.6 −15.7 −41.5 −28.9 −51.4 −33.3 −4.2 −15.8 −1.9 −7.7 −0.4 −6.3 −21.1 −9.0 
 TIK 5.4 −0.5 9.4 10.2 7.2 7.9 −1.0 7.5 11.8 4.3 8.1 6.9 8.9 17.1 4.9 10.1 
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Table A.6
Same as Table  A.5 but for RMSE.
 Site P2 E2 PB AB S3 Y4 M1 M2 Y5 G1 G2 G3 G4 N1 N2 N3

 Köppen-Geiger climate A
 BER 41.1 41.0 55.0 40.2 37.1 34.3 40.7 45.7 33.3 28.2 29.2 26.7 27.8 25.4 25.1 23.5 
 COC 47.0 39.5 33.8 38.5 29.5 32.4 30.0 32.9 32.1 29.1 29.0 27.6 27.6 25.2 26.5 24.3 
 DAR 47.8 40.0 31.9 40.7 30.4 32.8 29.0 31.3 31.1 30.2 28.7 28.5 26.9 24.8 27.8 24.2 
 DWN 46.9 39.4 33.1 39.7 31.5 33.2 31.7 32.4 31.8 30.5 29.3 28.8 27.4 24.7 27.5 23.6 
 ISH 40.7 40.4 33.3 37.8 28.9 31.9 28.3 32.9 30.7 26.5 26.9 25.5 25.8 26.1 26.4 22.7 
 KWA 49.3 39.6 49.8 38.8 34.2 35.3 35.8 43.0 33.9 29.7 29.7 27.7 28.2 25.4 25.4 24.9 
 MAN 53.3 37.4 34.8 36.2 30.4 31.7 31.3 32.8 31.0 29.3 28.7 27.0 26.8 23.4 25.7 23.8 
 MNM 45.6 41.3 37.6 40.6 32.2 32.7 35.1 35.7 33.3 30.6 31.4 28.9 29.3 27.3 31.0 25.8 
 NAU 54.7 38.5 38.2 38.5 33.7 34.4 33.6 35.0 33.5 31.4 30.6 29.3 29.0 25.5 28.8 26.3 
 TIR 29.2 35.4 23.0 32.5 23.0 30.8 20.2 24.6 26.8 19.8 18.7 18.7 17.9 22.9 22.1 17.2 
 Köppen-Geiger climate B
 ASP 43.3 63.7 48.2 84.2 41.2 49.0 39.8 45.9 48.5 35.1 33.5 32.7 32.0 36.3 31.7 28.4 
 BOS 35.1 41.6 58.1 49.8 37.9 35.7 45.8 43.5 34.7 30.6 30.6 29.0 28.9 26.9 26.7 24.4 
 DAA 45.2 68.1 53.7 100.7 43.9 55.5 46.9 53.3 53.7 39.1 38.1 37.6 36.2 40.5 38.9 31.9 
 DRA 39.0 50.4 71.7 65.2 42.0 39.4 52.4 49.2 39.7 32.1 31.4 30.0 29.7 29.4 29.2 26.3 
 FPE 39.8 45.7 58.5 47.5 45.0 40.4 48.9 49.7 41.2 30.7 33.7 29.4 32.0 31.2 29.5 25.8 
 GOB 39.8 54.2 45.4 70.1 36.3 41.6 37.4 42.7 62.0 28.8 28.8 27.9 27.6 27.9 26.9 26.8 
 PTR 43.0 38.9 33.2 39.8 31.2 29.8 29.9 31.8 29.8 28.3 28.1 26.9 26.2 28.6 25.5 22.7 
 SBO 44.7 48.7 46.1 52.9 37.6 40.7 40.6 42.1 43.4 34.1 27.9 31.4 26.5 32.0 33.0 28.6 
 SOV 37.9 40.3 57.2 38.8 47.9 43.9 51.0 47.4 31.4 22.0 20.4 20.1 19.3 39.4 43.1 20.2 
 TAM 38.2 50.9 44.0 66.1 34.7 40.4 41.8 40.7 39.8 34.8 29.2 34.4 28.7 33.0 33.1 30.3 
 Köppen-Geiger climate C
 BIL 42.2 42.5 50.4 42.2 34.5 33.8 36.5 40.6 34.0 28.1 28.4 26.9 27.3 27.0 27.2 23.4 
 CAB 33.7 39.2 31.4 37.6 27.7 31.5 27.0 31.1 31.0 25.1 24.6 24.1 23.6 23.7 23.6 21.1 
 CAR 34.7 42.0 34.7 43.5 31.1 31.9 30.3 34.8 32.2 26.9 27.3 25.7 26.2 26.1 27.0 22.5 
 CLH 45.2 44.9 49.9 44.4 38.7 42.0 39.5 45.8 41.0 31.2 30.4 29.7 29.2 28.1 28.2 26.2 
 CNR 32.1 39.8 33.0 40.8 28.8 31.3 29.2 32.7 31.0 27.1 26.9 25.9 25.8 23.7 23.6 21.2 
 E13 42.1 43.9 42.1 45.1 33.3 36.0 34.0 38.5 36.5 28.4 28.6 27.3 27.5 27.5 27.3 24.4 
 FLO 40.1 38.6 41.8 39.4 29.4 31.5 31.7 35.7 32.0 27.1 26.8 25.7 25.3 23.0 23.3 21.3 
 FUA 33.1 35.1 29.2 33.1 26.2 31.6 26.2 29.4 28.7 22.8 22.4 21.8 21.4 24.6 24.0 19.5 
 GCR 47.0 42.1 71.1 41.0 40.3 33.9 45.6 49.9 32.5 28.7 29.0 27.8 28.3 27.2 27.2 23.2 
 IZA 65.0 81.3 82.8 143.7 75.6 86.2 82.6 73.0 81.8 57.1 51.7 51.9 46.6 60.6 61.4 52.1 
 LAU 35.9 41.1 44.8 51.9 33.0 36.0 35.5 39.6 36.3 30.7 30.2 28.9 28.3 25.4 25.2 23.5 
 LRC 38.4 38.0 31.4 38.8 27.1 30.6 27.8 29.6 30.9 26.8 26.9 25.6 25.8 24.3 24.3 23.3 
 PAL 33.7 37.2 30.0 37.1 26.3 29.0 25.9 28.8 28.2 25.2 25.1 24.1 24.0 23.3 22.7 20.4 
 PAY 36.9 40.5 35.4 40.4 29.9 32.9 30.6 34.2 33.2 27.7 27.5 26.5 26.2 25.4 24.6 22.8 
 SMS 36.2 40.8 34.0 47.1 27.6 31.6 27.5 32.4 32.9 27.5 28.1 26.0 26.7 24.7 24.5 23.1 
 TAT 33.8 36.4 28.4 34.7 24.2 29.3 24.0 27.2 27.4 22.9 23.0 22.0 22.3 22.7 22.7 19.7 
 Köppen-Geiger climate D
 BON 37.0 38.3 50.2 38.8 33.6 31.6 36.8 40.3 30.7 24.8 24.4 23.9 23.6 25.2 24.5 21.8 
 LIN 29.2 35.3 33.5 34.8 24.9 27.0 25.4 29.5 26.5 23.7 24.0 22.8 23.0 21.6 20.9 19.8 
 PSU 36.9 40.1 53.6 39.3 35.4 31.5 39.8 43.2 30.8 26.4 26.4 25.3 25.4 23.9 23.4 21.3 
 REG 39.2 45.0 46.7 48.5 40.2 40.3 45.2 43.6 41.2 30.7 31.1 28.7 28.3 30.3 29.8 25.4 
 SAP 30.9 36.6 29.7 34.8 26.0 30.5 26.5 29.4 29.2 24.1 24.2 22.7 22.7 21.5 21.7 19.3 
 SXF 38.6 43.8 67.9 43.7 45.9 38.6 52.3 52.9 38.2 30.2 30.4 29.3 29.3 29.7 28.6 24.8 
 TOR 32.6 37.5 31.9 38.7 27.5 28.8 27.5 30.2 29.0 25.9 25.8 24.5 24.5 24.7 23.6 21.2 
 XIA 30.3 45.4 45.2 39.0 39.4 45.0 38.3 42.0 33.0 24.2 19.9 21.6 18.8 23.3 27.9 22.2 
 Köppen-Geiger climate E
 ALE 41.2 40.8 40.1 39.0 42.8 37.3 44.8 40.9 27.9 26.7 22.5 24.4 21.3 22.5 30.5 22.2 
 DOM 81.3 66.2 102.1 112.7 96.4 71.4 115.2 83.4 49.6 45.8 40.8 42.3 38.0 43.2 49.2 36.8 
 EUR 36.2 41.2 41.9 40.5 42.9 37.1 45.6 41.8 35.8 28.0 29.5 27.3 28.2 31.6 30.4 22.5 
 GVN 59.1 56.2 64.5 60.4 64.2 56.2 75.5 62.4 38.9 37.7 29.3 29.0 27.6 31.7 44.3 29.2 
 NYA 26.7 27.1 24.8 27.1 21.4 21.3 20.5 22.4 18.7 18.8 16.7 17.8 16.1 17.3 17.3 15.7 
 SON 45.5 46.9 56.2 59.5 46.5 42.6 54.6 51.0 42.8 37.5 30.3 32.6 29.0 32.5 34.5 31.3 
 SYO 71.2 65.6 69.7 68.8 73.5 66.1 85.9 70.6 44.7 45.7 34.9 35.9 32.0 36.0 53.1 36.9 
 TIK 40.0 40.4 52.8 49.4 43.3 44.6 47.1 43.7 41.3 32.0 33.7 32.1 32.4 49.9 32.9 31.3 
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Appendix. Site-wise performance metrics

See Tables  A.1–A.8.
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Table A.7
Same as Table  A.5 but for the Indep dataset.
 Site P2 E2 PB AB S3 Y4 M1 M2 Y5 G1 G2 G3 G4 N1 N2 N3

 Köppen-Geiger climate A
 CHI −13.2 −3.8 −0.3 4.5 6.1 1.6 4.5 0.3 3.3 −1.0 −3.3 −1.6 −3.4 −2.2 3.9 −3.0 
 DAR −19.7 −8.0 −4.5 −2.3 4.1 −0.3 4.2 −2.7 1.1 −0.2 −1.5 −0.7 −2.5 −6.7 −0.6 −5.8 
 FEN −14.1 −16.8 −6.0 −8.9 −2.2 −14.4 −0.5 −7.2 −4.3 −1.9 −0.2 0.9 −1.1 −8.9 1.3 0.2 
 GAN −34.7 −3.1 −5.4 2.7 1.7 −0.6 4.5 −5.0 3.4 −5.9 −3.4 −3.6 −2.9 1.7 11.7 −0.7 
 HAN −35.0 −14.4 −17.0 −8.6 −10.7 −14.8 −6.6 −16.4 −10.0 −10.4 −7.7 −8.7 −8.4 −10.4 1.0 −5.5 
 KDO −37.5 −9.2 −15.1 −4.2 −7.3 −7.4 −3.5 −13.2 −3.5 −9.6 −7.2 −8.1 −7.5 −5.4 4.2 −5.1 
 MIY −23.7 −14.2 −15.2 −9.0 −7.4 −6.1 −6.4 −13.5 −5.6 −5.1 −5.3 −4.3 −4.6 −8.7 −5.9 −3.6 
 MLE −40.1 −12.0 −10.5 −5.8 −6.4 −9.3 −2.6 −10.8 −5.0 −10.9 −7.9 −8.7 −7.9 −9.4 1.1 −5.4 
 TOW −17.5 2.5 −22.0 10.7 −4.3 1.3 −7.2 −8.9 −1.1 −3.5 −4.7 −3.8 −4.6 −2.5 3.0 −2.7 
 Köppen-Geiger climate B
 ADE −12.2 −1.8 −20.4 4.8 −6.6 −0.4 −10.9 −11.0 −4.3 −4.5 −8.0 −5.3 −7.9 −0.1 −0.5 −3.4 
 ADR −10.6 −29.2 −49.8 −21.5 −40.4 −26.5 −38.1 −41.5 −15.6 −10.9 −14.1 −11.6 −14.0 −31.5 −32.3 −8.1 
 ALB −10.9 10.0 −51.3 29.7 −17.8 7.8 −33.6 −21.1 2.6 0.3 −6.8 0.7 −6.1 4.2 4.0 1.8 
 ARI −13.7 9.4 −43.8 24.3 −18.2 6.4 −24.2 −15.3 2.2 −5.5 −10.5 −6.3 −10.3 −1.3 −0.9 −4.8 
 BRO −7.5 16.6 −14.6 25.5 7.2 8.3 4.0 2.3 7.7 3.6 −0.2 3.7 0.9 19.1 14.4 4.8 
 GAB −7.2 10.2 −18.9 18.6 1.0 2.2 −7.8 −4.3 0.9 −1.9 −7.4 −2.6 −7.4 7.1 4.9 −3.7 
 HAF −9.3 9.4 −43.7 21.8 −16.1 −2.0 −24.7 −16.5 −5.5 −5.5 −11.3 −6.3 −10.8 3.9 2.7 −4.2 
 JOR −0.7 −6.4 −50.5 8.4 −32.8 −12.3 −38.1 −28.8 1.4 −7.5 −13.2 −8.3 −13.2 −18.4 −18.8 −4.7 
 LAS −18.3 −0.3 −46.2 12.1 −24.5 −4.6 −29.8 −22.2 −8.4 −12.3 −17.4 −13.2 −16.9 −8.1 −7.2 −11.0 
 LOY −8.8 5.2 −32.3 11.3 −9.5 −3.2 −15.0 −12.8 −5.9 −4.4 −9.7 −5.3 −9.5 5.5 3.9 −5.4 
 MIS −15.7 −8.2 −42.6 4.9 −27.2 −8.6 −32.5 −26.7 −11.9 −12.7 −17.0 −12.9 −16.6 −14.2 −14.4 −10.8 
 OUJ −15.6 −7.5 −24.6 2.2 −17.5 −11.8 −20.1 −16.8 −14.2 −10.3 −14.5 −10.7 −14.2 −9.8 −10.8 −8.9 
 PAN −17.6 −7.1 −18.0 −0.2 −4.9 −2.1 −5.4 −10.6 −0.3 −1.2 −3.5 −0.7 −2.0 −0.5 −1.7 −3.4 
 POR −3.5 6.2 −10.2 10.7 5.8 3.4 0.7 −2.0 0.4 0.9 −3.3 0.7 −2.8 10.2 9.0 0.8 
 RVD 1.6 26.8 −41.8 45.9 −10.0 12.5 −21.5 −5.3 10.5 1.6 −4.5 0.8 −4.4 7.7 4.6 3.8 
 SAL −11.6 0.1 −41.5 11.1 −17.0 0.2 −25.1 −20.3 −4.6 −3.3 −8.4 −3.3 −7.4 0.5 0.3 −1.6 
 SHA 6.2 −20.8 −44.2 −10.7 −35.4 −21.5 −31.0 −32.8 −2.7 −3.9 −6.5 −4.5 −6.8 −31.3 −33.6 0.8 
 SRR −8.1 3.1 −19.8 15.2 −6.1 6.5 −14.2 −7.7 1.2 1.7 −4.0 0.9 −4.0 4.2 5.4 −1.4 
 TAB −15.0 1.3 −21.5 12.6 −11.2 1.1 −12.7 −10.5 −2.7 −6.0 −9.5 −6.2 −9.3 −2.5 −2.8 −4.4 
 TAT 3.4 −8.7 −38.7 0.9 −23.4 −16.1 −25.9 −24.0 2.4 −2.3 −7.6 −2.5 −7.5 −9.6 −11.6 −0.6 
 WAG −6.5 9.3 −19.1 19.2 −0.8 6.4 −8.6 −3.3 2.9 2.8 −1.7 1.3 −2.4 6.8 6.5 0.5 
 Köppen-Geiger climate C
 CAH −23.9 −11.2 −9.9 −7.4 −3.6 −4.2 −0.5 −8.0 −3.3 −4.2 −3.0 −3.4 −2.3 −0.7 −2.0 −3.8 
 CAP −13.0 −10.0 −16.9 −5.6 −6.6 −4.9 −9.8 −11.8 −5.6 −5.1 −3.7 −6.1 −4.1 −2.3 −3.5 −6.2 
 CAS −12.4 −3.0 −22.4 5.9 −8.6 −1.4 −9.6 −11.6 0.4 0.4 2.3 0.5 2.3 −0.1 2.1 0.1 
 CHB −28.8 −22.5 −23.4 −18.6 −19.0 −15.4 −16.3 −21.4 −15.4 −16.9 −16.9 −16.0 −16.2 −17.9 −17.3 −14.0 
 CHL −4.1 3.9 4.2 10.2 14.2 6.7 10.7 5.9 8.9 6.5 12.0 5.9 12.4 8.4 9.7 −0.2 
 CHO −6.7 2.6 0.2 10.5 9.9 4.0 5.7 2.9 1.6 1.6 7.2 0.9 7.5 5.1 6.1 −3.2 
 DUR −9.8 0.3 −11.1 5.6 1.1 0.0 −1.0 −4.3 2.0 −0.4 2.2 −0.4 2.2 4.4 5.1 −0.4 
 FUU −17.7 −15.8 −14.4 −12.2 −10.8 −10.7 −9.5 −12.9 −10.7 −8.5 −7.5 −8.7 −7.8 −11.0 −11.5 −8.3 
 JAE −13.2 −0.0 −18.9 10.5 −10.5 −3.5 −14.6 −10.1 −6.7 −6.6 −4.5 −7.0 −4.6 −4.3 −2.3 −6.1 
 KAA −10.0 −2.1 −0.8 3.9 8.4 2.0 6.6 0.2 4.1 0.3 5.4 −0.0 7.0 5.3 6.3 −2.8 
 KAO −9.9 −1.0 −1.9 5.9 6.5 1.0 4.2 0.0 −1.5 −1.6 2.9 −1.9 3.8 4.3 5.4 −2.4 
 KAS −18.9 −8.7 −21.2 3.4 −8.0 −3.9 −13.1 −16.4 −2.2 −7.4 −4.7 −7.2 −3.3 2.1 2.9 −3.8 
 KWA −16.7 −2.5 −6.3 3.0 −2.3 −0.4 0.2 −3.4 1.2 −4.7 −4.0 −4.5 −3.9 −2.1 −1.5 −2.5 
 LOC −12.8 −0.6 −15.4 7.4 −6.2 5.5 −4.0 −8.1 5.9 −0.7 −1.5 0.4 −0.2 −1.1 1.8 3.9 
 LUS −10.4 −3.7 −8.6 5.8 0.4 −1.4 −3.2 −5.2 0.6 −1.4 1.8 −2.2 2.0 3.3 3.4 −2.3 
 MEL −8.3 −1.8 −10.3 5.6 −0.4 2.4 −4.0 −3.9 2.3 −0.5 0.8 −1.6 0.2 2.3 1.9 −1.9 
 MIL −18.3 −7.6 −15.5 −0.5 −9.2 −7.0 −8.6 −10.7 −5.9 −6.3 −4.9 −6.0 −4.5 −4.9 −2.2 −5.2 
 MUT −4.0 3.4 3.5 8.7 14.3 6.3 11.5 3.7 8.7 4.9 11.6 4.7 12.6 10.1 12.5 1.8 
 MZU −13.6 −6.7 −24.8 3.4 −6.3 −1.4 −12.1 −15.2 −0.2 −2.2 0.8 −3.1 1.3 5.1 4.2 −2.4 
 ORE −10.0 −1.7 −12.8 6.0 −4.4 1.9 −3.9 −4.4 0.9 −1.8 −1.2 −1.5 −0.9 1.3 2.6 −0.2 
 PRE −8.8 5.2 −18.1 14.2 −1.1 1.5 −8.5 −5.5 −0.8 0.9 6.3 −0.1 5.4 1.2 2.7 −3.6 
 ROC −15.4 1.6 −15.8 12.1 −0.3 6.3 −2.9 −5.4 8.6 1.4 3.2 0.5 2.2 4.2 3.4 −1.6 
 SEA −5.6 3.7 −23.0 13.5 −3.4 3.5 −8.6 −9.8 2.8 1.2 4.6 1.7 5.7 11.9 14.2 4.7 
 STE −3.1 16.6 −21.8 27.1 2.8 10.1 −6.5 −1.0 7.4 3.6 6.5 2.2 5.7 9.4 10.9 2.2 
 STR −15.1 −5.3 −19.2 1.6 −7.8 −0.9 −9.7 −11.8 −0.7 −1.2 −0.6 −1.0 −0.2 −0.9 −0.1 −0.7 
 VUW −4.6 3.6 −5.6 9.2 7.4 5.4 3.3 −0.1 2.1 1.3 6.0 1.1 6.1 7.1 8.8 2.2 
 Köppen-Geiger climate D
 BIS −11.4 −3.3 −35.0 5.4 −16.6 −2.9 −21.6 −18.9 −2.8 −0.9 −0.4 −1.0 −0.5 5.0 0.7 −0.3 
 DAO −10.3 −8.0 −18.6 4.4 −9.6 −0.9 −16.9 −13.5 −2.5 −6.0 −7.7 −4.5 −5.0 1.7 −2.6 −3.8 
 KAZ −12.9 −11.3 −35.7 2.4 −19.0 −2.9 −26.9 −24.8 −4.6 −4.9 −6.7 −4.5 −5.0 1.5 −1.3 −3.5 
 KIR −10.4 −9.6 −11.8 −3.3 −8.3 −2.1 −9.6 −9.4 −5.4 −4.5 −6.2 −4.9 −5.2 −0.9 −1.6 −5.1 
 LYN −9.8 −7.3 −15.0 3.5 −7.4 −5.2 −10.0 −9.2 −5.9 −0.7 1.0 −1.1 0.9 4.5 1.3 −2.4 
 MAD −13.1 −2.0 −22.2 5.6 −7.5 1.6 −11.1 −11.6 1.3 0.4 0.7 0.2 1.0 6.3 3.0 −0.2 
 NOR −10.7 −5.9 −6.0 1.1 −3.2 1.0 −3.1 −3.7 −1.0 −2.2 −3.2 −3.0 −3.2 2.1 0.7 −3.6 
 ODE −8.4 4.4 −14.6 19.8 −8.1 2.0 −18.1 −7.0 3.9 0.6 0.8 −0.4 2.1 12.2 5.4 −1.1 
 VIS −11.0 −3.3 −8.4 2.2 −5.7 0.5 −4.3 −4.3 −0.5 −2.3 −2.6 −3.2 −3.0 2.4 0.0 −2.5 
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Table A.8
Same as Table  A.5 but for RMSE and the Indep dataset.
 Site P2 E2 PB AB S3 Y4 M1 M2 Y5 G1 G2 G3 G4 N1 N2 N3

 Köppen-Geiger climate A
 CHI 41.7 38.0 32.1 40.2 30.4 31.1 29.6 30.4 29.6 30.5 30.3 29.2 28.7 23.2 26.1 23.1 
 DAR 43.9 37.0 31.0 34.2 28.5 28.5 27.4 29.9 26.7 26.0 25.3 24.8 24.0 22.3 22.5 21.0 
 FEN 38.6 36.7 24.0 32.6 22.6 32.9 19.9 25.0 22.9 21.9 20.8 21.0 19.8 23.1 22.9 18.0 
 GAN 61.4 39.4 34.9 39.0 31.7 33.5 31.0 35.1 33.6 31.8 31.0 29.3 29.2 27.4 32.7 26.5 
 HAN 57.5 37.9 34.5 35.7 30.1 34.9 26.1 35.0 30.9 28.4 26.8 26.1 25.8 28.2 26.4 23.8 
 KDO 62.2 39.0 36.1 37.4 31.1 34.8 29.4 36.0 32.5 31.5 30.2 29.2 28.8 28.4 29.0 27.3 
 MIY 45.4 40.7 35.4 39.1 29.1 33.3 27.5 34.3 31.9 27.2 27.7 26.0 26.6 26.2 25.4 23.2 
 MLE 66.2 38.8 36.0 36.7 31.0 34.4 28.8 36.1 31.8 31.4 29.6 27.9 27.3 29.0 28.0 24.9 
 TOW 45.1 43.6 46.3 45.3 32.2 32.8 33.9 39.4 33.3 30.0 30.4 28.5 29.1 25.1 25.5 23.4 
 Köppen-Geiger climate B
 ADE 34.6 40.9 45.3 44.6 30.8 31.1 34.0 39.1 32.4 26.7 28.0 26.1 27.3 25.4 23.2 23.1 
 ADR 34.6 54.5 68.9 52.1 58.8 53.6 55.9 62.5 41.2 30.3 32.6 30.3 32.1 46.8 49.6 28.3 
 ALB 39.7 47.6 74.3 68.4 44.0 43.0 54.6 51.5 41.5 33.4 32.8 32.9 31.9 29.6 29.7 26.9 
 ARI 39.8 45.4 60.2 56.6 36.2 34.4 42.3 41.1 34.8 28.9 30.4 27.6 28.9 26.0 24.6 22.8 
 BRO 46.6 48.5 41.4 52.2 35.3 34.2 33.0 37.3 34.9 29.3 28.3 28.0 27.9 40.7 34.6 24.8 
 GAB 39.6 45.2 43.3 48.1 32.8 32.6 32.3 36.3 32.7 30.4 30.8 30.2 30.3 29.5 26.7 24.5 
 HAF 34.0 41.4 62.1 48.1 34.9 32.0 41.4 41.8 33.1 27.7 29.3 27.1 28.7 24.2 23.5 23.9 
 JOR 31.3 47.7 73.2 54.2 53.5 44.1 56.5 56.1 40.6 28.4 30.3 28.3 30.0 39.2 41.6 25.6 
 LAS 48.1 50.0 70.9 53.7 51.3 45.4 57.2 54.0 46.0 43.9 45.7 43.1 44.5 40.9 40.6 38.9 
 LOY 42.6 48.1 62.8 48.2 42.5 37.6 45.3 48.1 39.2 32.3 33.5 31.8 32.9 34.8 31.9 28.1 
 MIS 42.2 50.0 68.5 53.9 51.2 46.2 54.5 56.1 45.3 37.3 39.0 36.2 37.9 39.2 41.5 31.7 
 OUJ 37.5 45.0 46.8 46.4 39.1 40.8 38.2 43.0 40.0 30.6 32.5 29.7 31.9 31.4 34.0 26.1 
 PAN 44.3 39.3 37.9 37.2 28.3 29.1 28.2 33.0 28.7 27.0 26.8 25.9 26.6 26.8 25.2 22.3 
 POR 42.6 47.6 44.2 49.0 38.7 36.5 37.0 41.6 37.9 32.4 32.1 31.7 31.5 36.8 33.7 28.4 
 RVD 35.8 57.1 62.7 76.0 37.0 39.9 43.1 43.5 41.3 29.0 29.2 28.1 28.3 30.5 27.7 25.7 
 SAL 33.8 38.9 60.9 47.9 36.2 34.4 42.7 42.3 34.1 26.9 28.2 26.0 26.9 24.7 24.2 22.3 
 SHA 23.4 33.7 57.0 31.4 47.1 38.8 42.1 45.1 24.4 22.2 22.8 21.9 23.2 39.8 43.7 20.5 
 SRR 37.5 43.2 46.9 52.9 34.6 37.1 39.2 38.4 35.6 32.1 32.4 30.0 30.3 27.9 27.2 24.8 
 TAB 39.1 43.6 48.3 49.0 36.5 37.9 37.8 41.4 37.2 30.3 31.3 28.9 30.0 28.8 29.8 25.0 
 TAT 31.4 44.9 61.0 43.1 45.5 42.0 45.2 49.7 36.7 25.9 26.8 25.1 26.5 30.1 31.0 21.4 
 WAG 36.3 45.8 47.4 52.7 33.1 33.3 34.7 39.0 33.2 29.3 29.0 27.9 27.9 28.4 26.0 24.0 
 Köppen-Geiger climate C
 CAH 46.3 37.9 32.9 35.7 28.3 30.9 27.4 31.9 29.8 26.6 26.4 25.1 25.4 25.1 24.9 22.9 
 CAP 37.4 43.3 45.1 43.9 32.2 33.9 35.5 41.4 34.5 29.8 29.0 29.2 28.4 26.0 27.0 26.9 
 CAS 37.1 40.3 47.6 40.1 33.2 32.1 34.1 39.0 32.1 27.0 27.2 25.5 25.8 26.0 26.1 21.6 
 CHB 48.8 41.8 39.8 38.3 33.7 33.1 30.7 37.7 31.2 30.9 31.6 29.7 30.5 32.2 31.3 26.6 
 CHL 42.6 41.5 32.7 42.7 35.2 32.6 31.7 31.5 32.0 34.9 37.9 34.3 38.3 27.7 30.2 26.1 
 CHO 43.8 43.2 32.6 45.1 32.8 32.5 29.7 32.0 31.3 33.4 35.5 32.9 35.8 26.6 28.2 26.4 
 DUR 41.6 41.3 36.8 41.4 29.0 30.0 28.4 33.8 30.3 27.6 27.9 26.5 27.2 25.0 27.0 23.1 
 FUU 38.9 40.1 35.3 37.3 29.2 32.3 28.5 34.2 30.4 24.9 24.4 24.3 23.8 26.3 26.7 22.3 
 JAE 36.2 44.7 42.2 48.2 35.1 36.6 36.0 39.2 36.7 30.0 28.6 28.6 27.4 29.3 28.5 24.8 
 KAA 44.0 40.4 31.5 41.9 30.6 30.9 28.5 30.8 30.1 32.5 34.1 32.2 34.5 25.2 27.0 24.8 
 KAO 43.0 40.3 31.3 42.4 29.4 30.6 27.6 30.6 29.8 30.7 31.8 30.3 31.8 24.6 26.1 24.3 
 KAS 45.8 41.1 45.3 46.0 32.1 34.0 35.3 41.1 32.0 32.6 32.4 31.3 30.4 25.7 26.5 25.6 
 KWA 43.2 40.8 34.0 41.6 26.8 32.9 27.8 32.4 33.1 27.3 26.8 26.3 25.9 22.9 23.6 22.6 
 LOC 41.5 42.0 40.8 45.1 32.8 38.8 31.9 37.3 38.1 28.3 28.4 26.6 26.8 27.9 27.3 24.3 
 LUS 38.6 38.1 31.8 42.6 26.4 29.4 26.7 29.3 27.5 28.7 28.9 28.3 28.7 24.0 24.5 23.0 
 MEL 32.7 39.1 38.4 43.4 28.2 28.7 29.6 33.5 29.3 25.5 25.6 24.2 24.5 21.8 21.9 21.1 
 MIL 41.6 42.1 41.6 40.9 33.2 36.3 33.0 38.8 34.9 28.7 27.9 27.3 26.7 26.5 26.1 24.2 
 MUT 46.1 42.7 34.4 43.6 37.4 34.9 34.5 33.5 34.4 37.8 41.2 37.5 41.6 29.8 33.5 28.0 
 MZU 42.0 41.4 46.9 44.2 31.6 32.9 34.8 39.7 31.2 31.4 31.5 30.7 30.4 26.1 26.5 25.7 
 ORE 32.7 39.3 36.6 42.5 27.2 30.2 27.8 32.2 32.4 25.9 25.4 25.2 24.2 23.0 23.6 22.2 
 PRE 36.6 42.0 40.0 44.1 29.4 30.1 29.7 32.1 29.3 28.8 30.1 27.8 29.5 24.2 24.3 23.1 
 ROC 43.4 41.6 41.9 44.3 30.1 31.6 31.2 35.6 32.6 29.0 29.7 27.3 28.1 24.7 24.1 21.9 
 SEA 39.7 45.2 55.2 49.3 38.0 36.0 42.1 46.3 37.1 31.3 32.2 30.6 31.7 30.5 33.3 26.1 
 STE 37.3 51.8 47.6 58.1 35.9 36.0 36.1 40.5 36.9 31.3 32.3 30.0 31.1 29.4 30.7 27.2 
 STR 39.7 35.4 39.5 37.1 27.5 29.4 29.0 33.6 28.9 24.5 24.5 23.2 23.3 22.1 21.8 20.3 
 VUW 45.1 46.7 41.7 47.0 42.1 40.6 39.8 38.4 39.1 38.8 41.3 38.7 41.1 37.4 41.1 36.8 
 Köppen-Geiger climate D
 BIS 35.3 40.0 56.8 42.7 36.5 34.0 41.5 43.4 34.0 26.9 26.6 26.3 25.8 25.7 25.5 22.5 
 DAO 36.3 40.7 42.4 51.9 34.7 34.9 41.7 39.3 35.1 30.0 31.2 27.4 28.4 25.9 24.7 22.2 
 KAZ 40.8 47.1 60.8 54.6 45.3 41.5 51.6 51.7 41.4 34.9 35.3 33.2 33.8 30.4 29.9 27.8 
 KIR 31.9 35.3 36.2 39.1 30.0 28.2 32.5 33.4 28.8 25.5 26.3 24.5 24.9 21.8 21.8 20.7 
 LYN 38.7 43.2 44.0 43.6 34.3 33.4 36.2 39.8 33.2 29.7 29.6 28.6 28.9 29.1 27.2 24.8 
 MAD 37.1 37.6 45.3 41.6 30.4 31.5 33.4 36.7 31.6 26.0 25.4 24.9 24.3 24.4 23.2 21.3 
 NOR 34.5 37.6 33.9 39.8 28.6 30.6 28.6 31.3 30.3 27.4 27.3 26.2 26.2 23.5 22.9 22.0 
 ODE 43.8 55.7 52.5 65.0 44.4 45.9 50.1 50.3 46.8 38.2 38.6 36.7 37.2 37.8 35.1 31.3 
 VIS 35.8 40.7 39.2 41.5 31.7 34.5 32.5 36.4 35.1 28.7 28.4 27.6 27.5 25.7 25.4 24.5 
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Data availability

Data will be made available on request.
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