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Precise sky classification as a function of cloudiness is desirable or necessary in a variety of applications.
CAELUS, a novel classification algorithm that relies on various thresholds to separate all possible sky conditions
into six classes, is presented here. It uses global horizontal irradiance (GHI) measurements at 1-min resolution,

::/f:;?it:::s}; from which a set of four indices is derived to characterize the magnitude and temporal variability of GHI. The
Clear-sky detection algorithm also requires precise estimates of 1-min GHI under hypothetical cloudless conditions, and the solar
Climate zenith angle (limited to a maximum of 85°). Using 1-min GHI measurements from 54 BSRN high-quality

radiometric stations, which cover all five primary Koppen-Geiger climate classes, CAELUS is used here to clas-
sify their sky conditions. The classification results, including the distribution of sky classes and the transitions
between consecutive sky classes, are found consistent with the known characteristics of each primary Képpen-
Geiger climate. Moreover, in each climate class, the detection of 1-min cloudless situations is found comparable

to that provided by two dedicated and state-of-the-art methods—Reno-Hansen and BRIGHT-SUN.

1. Introduction

Both the amount and variability of incident solar irradiance at the
ground determine the solar resource characteristics which, in turn,
constraint the design, financing, exploitation, and production manage-
ment of solar energy applications. Sky conditions can change rapidly,
and so does the solar resource, so that any subsequent design, devel-
opment and management must cope with such variable conditions. For
instance, in the context of solar radiation modeling, sky conditions have
a direct impact on the expected performance of radiative transfer models
and energy production simulation models, whose usage is ubiquitous in
solar applications. (These two types of models are referred to as “solar
models” in what follows.) In particular, it is common knowledge that the
incident irradiance is easier to predict under cloudless conditions than
under partly cloudy situations because, among other issues, the passage
of dense clouds results in sudden, up or down ramps [28,27,43], which
are difficult to capture by conventional solar models. In turn, extreme
ramping often occurs because of the cloud enhancement phenomenon
[14,26], whose modelling is specially challenging [23].

The identification of the specific sky situations under which a solar
model is operating should help isolate its possible weaknesses and
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facilitate the development of efficient strategies for its ulterior
improvement. This is especially relevant for the energy simulation of
solar systems using planar photovoltaic (PV) generators (which respond
instantaneously to changes in the incident global irradiance), focusing
thermal collectors (which are driven by the more variable direct irra-
diance, but also have substantial thermal inertia), or concentrating PV
collectors (which are driven by direct irradiance with no thermal
inertia). Unfortunately, sky conditions evolve continuously—and often
rapidly—from one situation to the next, which hinders the precise
definition of prevailing sky conditions and, by way of consequence, also
makes the evaluation of model performance difficult at high frequency.
The reduction of such continuous variations into a discrete set of well-
defined sky situations, or sky classes, is desirable because it would
simplify and accelerate the analysis process [6]. However, although the
distinction between a cloudless, a partly cloudy, and an overcast sky
appears conspicuous from a qualitative standpoint, it is not so in
quantitative terms. The quantification is difficult because of the
continuous and relatively fast transitions between sky states. These
transitional instances constitute “gray zones” in a high-resolution time
series.

The idea of separating sky conditions into classes is not
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Fig. 1. Location of the BSRN stations (circle markers). The color of the markers indicates the primary Koppen-Geiger climate class at the station location, based on a
1-km grid. The background color shows the mean GHI in the period 2006-2020 from the ECMWF ERAS5 reanalysis.

fundamentally new [22,24,25,33,34,38,42]. The studies conducted so
far, however, were limited in scope, either regarding the target timescale
(e.g., daily or hourly), the number of classes (e.g., cloudless and cloudy),
the detection of particularly important situations (e.g., cloud enhance-
ment), the climate representativeness, or the method’s validation. These
limitations were actually critiqued by Hartmann [21]. Hence, the sky
classification task remains still highly challenging, making the devel-
opment of more robust methodologies all the more desirable.

On a daily timescale, some sky classification appears possible using
various definitions of variability indices [7,24], which is helpful to es-
timate the daily ramping frequency. A relatively similar approach is
based on the daily probability of persistence [25]. In parallel, it is also
possible, with relatively good overall success, to separate instances of
cloudless and cloudy scenes using 1-min time series of global horizontal
irradiance (GHI) either alone or in combination with its direct and
diffuse components [5,35]. However, this approach only provides a bi-
nary classification (cloudless vs. cloudy), which is sufficient only for
certain applications, such as the verification of clear—sky solar radiation
models [15,40].

In general, there is currently no consensus on the optimal number of
sky classes that should be considered because such number generally
depends on the intended application, such as for the generation of high-
frequency synthetic time series [10,22,34]. As a rule of thumb, the
number of classes should be large enough to properly resolve the sky
variability, but small enough to objectively separate different classes,
and all that should be achieved using classification models with limited
complexity. These are practical design constraints of the solution pro-
posed here, which also constitute a main novelty of this contribution.
(Some other design constraints are also discussed below, wherever
appropriate.).

In general, the state of the sky is primarily characterized by its
cloudiness, which directly conditions both the magnitude and the vari-
ability of solar irradiance. Reciprocally, an analysis of these quantities is
expected to provide critical information about the actual sky conditions,
which is the approach ultimately adopted here. Although solar irradi-
ance time series can usually be obtained with a resolution in the range
10-60 min, the impact of irradiance variability on solar systems is better
evaluated at higher frequency, such as 1-min time scales, or even higher

[1,28,31,38]. For that reason, as well as the relative abundance of long
records of 1-min irradiance data over the world, one more design
constraint for the method’s algorithm is to operate at 1-min temporal
resolution.

Furthermore, for easy implementation and application of the clas-
sification algorithm, or “classifier”, it is desirable that the algorithm be
made ultimately dependent on the least possible number of essential
variables, which constitutes a challenging design constraint in practice.
In particular, a classifier that only uses GHI can be applied to the vast
number of radiometric stations that only observe GHI with a single
pyranometer. In contrast, if it additionally requires direct normal irra-
diance (DNI) and/or diffuse horizontal irradiance (DIF), the number of
available radiometric stations (typically research-class stations) reduces
very significantly. Such stations are costly to install and maintain, and
far from being as common as GHI-only stations. Intermediate cases also
exist at temporary solar resource stations intended to support solar en-
ergy projects, at least during a few months [39]. Such stations are
typically equipped with a rotating shadowband irradiometer (RSI) to
observe both GHI and DIF, but their observations are most often pro-
prietary. Hence, even though approaches that require two or three
irradiance components should produce better results than a simpler
GHI-only method, the latter has the advantage of being less restrictive,
making it usable over a wider range of areas and applications.

In parallel, there are applications in which the multicomponent
approach is not even an option to be considered, such as with the
ubiquitous solar irradiance separation models [18], because GHI is then
the only observed irradiance component available as input for the
model. Hence, although a classification method based on the knowledge
of two or three irradiance components is presumably advantageous from
the accuracy standpoint, exclusive reliance on GHI is the preferred op-
tion here, and constitute the last design constraint, because it is better
from the perspective of the desired “universal” generalization.

In summary, this work presents a novel sky Classification Algorithm
for the Evaluation of cLoUdiness Situations (hence the acronym CAE-
LUS, which is also the name of a Roman god of the sky) that only re-
quires 1-min time series of GHI observations and the support of a clear-
sky solar irradiance model. It classifies the sky conditions into 6 classes,
from cloudless situations to dense cloudiness, including cloud
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enhancement. The classification algorithm is tested worldwide at
radiometric stations throughout the primary Koppen-Geiger climate
regions [3]. Section 2 describes the database used for the development,
testing and benchmarking of the algorithm, and Section 3 describes the
algorithm itself. The results are presented in Section 4. The main con-
clusions of the work are summarized in Section 5.

2. Database

The database used here includes 54 Baseline Surface Radiation
Network (BSRN) stations [8] (Fig. 1), with 5 years of data per site, except
Petrolina and Solar Village that only have 4 years of data [37]. The
specific years for each site were selected after the quality control (QC)
process described in Section 2.1 to maximize the number of valid data
points. The database comprises a total of 50,502,967 quality-assured
GHI observation instances with 1-min time step and solar zenith
angle < 85°. In terms of Koppen-Geiger (KG) climate zones (defined here
at 1-km resolution), 10 sites are in equatorial climates (class A),
amounting to 18.2% of the data, 10 sites are in arid climates (class B;
18.9% of the data), 18 sites are in temperate climates (class C; 35.5% of
the data), 8 sites are in cold climates (class D; 14.9% of the data), and 8
sites are in polar climates (class E; 12.5% of the data).

2.1. Quality control process

The observational database has first been subjected to a stringent QC
protocol consisting in a suite of tests, such that if a data point does not
pass any test, it is flagged and dropped out from subsequent analyses.
The first four tests were originally proposed for downwelling shortwave
irradiance measurements made at BSRN stations [32], and do require
knowledge of the three independent radiation components:

1. Physically possible limits

—4Wm™? < G, < 1.5Ey,cos'%0, + 100 W m™>
—4Wm™ < D;, < 0.95E,co0s'?0, +50 Wm™?

—4Wm™? < B, <E,,

2. Extremely rare limits

—2Wm? < Gy, < 1.2Ey,c0s'?0. +50 Wm ™2
—2 < Dy, < 0.75Ep,c0s'26, + 30 W m ™2

—2Wm™ < B, <0.95E,c0s*?0, + 10 Wm™>

3. Closure limits

|Cr — 1] < 0.08, when G), > 50and @, < 75

|Cr — 1] < 0.15, when G, > 50and 75" < 0, < 93"

4. K-index limits

K; < 1.35, when G, > 50 Wm™
K, < (0.03z+ 1100 W m™?) /E,,, when G, > 50 W m >

K < 1.10, when G, > 50 Wm ™2 and 0, > 75
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K < 1.05, when G, > 50Wm2andf. < 75’
K, < Kz, when G, > 50 Wm™>
K < 0.96, whenG;, > 150 Wm™2, Ky > 0.6and 6. < 85

where Gy, Dy and B, represent the measured GHI, DIF, and DNI,
respectively. Eg, is the extraterrestrial normal solar irradiance obtained
from the solar constant [13] after sun-earth distance correction, 6, is the
solar zenith angle calculated at each time step using the high-precision
PSA algorithm [4], z is the station elevation in meters above mean sea
level, K1 = Gy/(Eoncosb;) is the clearness index, K, = Bp/Eop is the direct
normal fraction, K=D,/G, 1is the diffuse fraction, and
Cr = Gp/(Dp +Bncosby) is the closure ratio.

Two additional tests are also considered here, based on the ongoing
work conducted by a group of experts from the International Energy
Agency (IEA) PV Power Systems (PVPS) Task 16 [9]. The first test is
aimed at detecting potential “log-down” periods when the datalogger
fails and continues to report falsely identical readings for a long time.
For GHI and DNI, “log-down” periods are considered when there are at
least 15 equal consecutive values, whereas the limit of consecutive
identical values is increased to 40 for DIF because it naturally varies
much less rapidly over time than GHI or DNI. The second additional test
is a “clean-up” test that flags “data islands”. They are defined as either
hourly periods with less than 10 valid minutes (necessary condition
because various variability indices would then not be accurate) or days
with less than 20% of valid data.

After QC, the database includes observations of GHI to operate the
classifier, and also of DIF because it is needed in Section 4.4 to sepa-
rately operate the Brigut-Sun cloud screening algorithm [5].

CAELUS, which is described in Section 3, requires an estimate of the
clear-sky global solar irradiance at each time step, which is obtained
here from the SPARTA clear-sky solar irradiance model (Ruiz-Arias,
2023, under review). Very similar results are expected if using alternate
high-performance models, such as REST2 [16] or McClear [29]. The
atmospheric attenuation is evaluated from local estimates of atmo-
spheric pressure, total-column ozone content, total-column water vapor
content, aerosol optical depth, aerosol single-scattering albedo, and
surface albedo. All these quantities are retrieved from the NASA’s
MERRA-2 reanalysis [12]. The original hourly values are linearly
interpolated to the location of each BSRN site from the MERRA-2's
native spatial grid (0.5°x0.625°), and to the BSRN time grid using a
mean-preserving splines interpolator [36].

3. Classification algorithm

In general, the imputation of sky conditions is necessarily fuzzy
because there are no strict rules that can univocally define every sky
class. Thus, various methodologies were initially considered before
reaching the actual threshold-based classification algorithm described in
Section 3.1. The foremost tentative approach consisted in a two-step
process in which, first, a k-means unsupervised clustering was con-
ducted to separate the entire QC-assured database into 5 sky classes.
(More sophisticated clustering algorithms were also evaluated but did
not provide significant benefits.) In a second step, machine-learning
supervised classifiers (based on random forests and gradient boosting)
were trained to predict the sky classes from the same inputs used by the
clustering algorithm. These inputs included a comprehensive set of GHI-
based variability indices drawn from the literature [2] and computed at
multiple time scales. All combined, several tens of predictors were
tested. Despite this sophistication, the results were not satisfactory
because there were too many unrealistic transitions between consecu-
tive sky classes (e.g., abrupt jumps from cloudless to cloud enhancement
conditions). The reason appeared that the clustering algorithm was not
properly accounting for the time series autocorrelation. This issue being
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Information on the 54 stations from the BSRN network used in this work. The KG Class column refers to the primary Koppen-Geiger climate class for each site on a 1-km
grid, and N refers to the number of quality-assured 1-min time steps considered at each site, limited to solar zenith angles < 85°.

Acronym Station Latitude Longitude Elevation (m) Period KG Class N

ALE Alert 82.49 -62.42 127 2009-2013 E 914,908
ASP Alice Springs -23.798 133.888 547 2014-2018 B 1,078,033
BER Bermuda 32.3008 -64.766 8 2008-2012 A 618,927
BIL Billings 36.605 -97.516 317 2013-2017 C 845,428
BON Bondville 40.0667 -88.3667 213 2014-2018 D 798,349
BOS Boulder 40.125 -105.237 1689 2014-2018 B 971,643
CAB Cabauw 51.9711 4.9267 0 2014-2018 C 1,154,743
CAM Camborne 50.2167 -5.3167 88 2012-2016 C 729,450
CAR Carpentras 44.083 5.059 100 2014-2018 C 1,143,414
CLH Chesapeake Light 36.905 -75.713 37 2011-2015 C 1,037,279
CNR CENER 42.816 -1.601 471 2014-2018 C 1,105,698
cocC Cocos Island -12.193 96.835 6 2014-2018 A 1,001,602
DAA De Aar -30.6667 23.993 1287 2003, 2004, 2016-2018 B 1,035,196
DAR Darwin -12.425 130.891 30 2010-2014 A 1,137,524
DOM Concordia Station -75.1 123.383 3233 2014-2018 E 784,980
DRA Desert Rock 36.626 -116.018 1007 2014-2018 B 1,028,121
DWN Darwin Met Office -12.424 130.8925 32 2014-2018 A 1,107,932
E13 Southern Great Plains 36.605 -97.485 318 2013-2017 C 943,898
EUR Eureka 79.989 —-85.9404 85 2007-2011 E 823,864
FLO Florianopolis -27.6047 -48.5227 11 2014, 2015, 2017-2019 C 984,686
FPE Fort Peck 48.3167 -105.1 634 2014-2018 B 765,962
FUA Fukuoka 33.5822 130.3764 3 2014-2018 C 1,172,187
GCR Goodwin Creek 34.2547 —89.8729 98 2014-2018 C 803,674
GOB Gobabeb -23.5614 15.042 407 2014-2018 B 1,194,666
GVN Georg von Neumayer -70.65 -8.25 42 2014-2018 E 767,654
ISH Ishigakijima 24.3367 124.1644 6 2014-2018 A 1,083,666
1ZA Izana 28.3093 -16.4993 2373 2014-2018 C 1,099,834
KWA Kwajalein 8.72 167.731 10 2012-2016 A 418,963
LAU Lauder -45.045 169.689 350 2014-2018 C 1,015,564
LER Lerwick 60.1389 -1.1847 80 2012-2016 C 720,942
LIN Lindenberg 52.21 14.122 125 2013-2017 D 998,549
LRC Langley Research Center 37.1038 -76.3872 3 2015-2019 C 1,146,501
MAN Momote -2.058 147.425 6 2008-2012 A 1,132,654
MNM Minamitorishima 24.2883 153.9833 7 2015-2019 A 1,197,280
NAU Nauru Island -0.521 166.9167 7 2008-2012 A 947,134
NYA Ny-Alesund 78.925 11.93 11 2014-2018 E 1,075,964
PAL Palaiseau, SIRTA Obs. 48.713 2.208 156 2014-2018 C 1,150,600
PAY Payerne 46.815 6.944 491 2014-2018 C 1,010,566
PSU Rock Springs 40.72 -77.9333 376 2014-2018 D 828,361
PTR Petrolina -9.068 -40.319 387 2014-2017 B 583,939
REG Regina 50.205 -104.713 578 2007-2011 D 1,029,212
SAP Sapporo 43.06 141.3286 17 2015-2019 D 1,164,015
SBO Sede Boqger 30.8597 34.7794 500 2007-2011 B 1,084,587
SMS Sao Martinho da Serra -29.4428 -53.8231 489 2012-2016 C 645,680
SON Sonnblick 47.054 12.9577 3109 2014-2018 E 704,678
SOV Solar Village 24.91 46.41 650 1999-2002 B 949,996
SXF Sioux Falls 43.73 -96.62 473 2014-2018 D 813,698
SYO Syowa -69.005 39.589 18 2014-2018 E 662,123
TAM Tamanrasset 22.7903 5.5292 1385 2014-2018 B 851,762
TAT Tateno 36.0581 140.1258 25 2014-2018 C 1,210,422
TIK Tiksi 71.5862 128.9188 48 2013-2017 E 551,988
TIR Tiruvallur 13.0923 79.9738 36 2014-2018 A 553,869
TOR Toravere 58.264 26.461 70 2014-2018 D 1,103,251
XIA Xianghe 39.754 116.962 32 2007-2011 D 817,351

considered severe, that modelling avenue was abandoned in favor of a
more elaborate threshold-based algorithm, which minimizes the risk for
unrealistic sky transitions thanks to an experience-based systematic fine
tuning of thresholds, as described below.

3.1. Threshold-based classification algorithm

In the threshold-based approach finally adopted here, the sky clas-
sification indices, the thresholds that apply to them, as well as both the
type and number of sky classes, are defined and refined through expe-
rience. In particular, the sky classification algorithm defines 6 sky
classes by imposing threshold values to four time-evolving indices that
describe the magnitude and variability of GHI. The first key index is the
conventional clear-sky index, K. = Gn/Gpe, where Gy, is the modeled
clear-sky GHI for the same 1-min period as the measured GHI.

Additionally, three specialized indices are introduced to characterize the
average and variability of GHI, as described in what follows.

The second key index, K;;, accounts for the magnitude of the average
GHIL: K, = Gpn/Grcpa, where Gy is the moving average of GHI over a
centered time window of 30 min, and Gy, cpa is the hypothetical clear-sky
GHI under a clean-and-dry atmosphere (i.e., without water vapor or
aerosols). Usage of Gy cpa results from the inadequacy of Ey, or Gy, for
this particular application. Specifically, normalizing G, by Egncosf,
cannot account for GHI’s natural variation with site elevation. Alter-
natively, normalizing by Gp. exposes the results to error propagation
from the model’s main atmospheric inputs (aerosol optical depth and
water vapor), whose bias can be substantial over certain regions. These
regional or site-dependent disturbances, related to the normalization of
the classification indices, are highly relevant here because the classifi-
cation method relies on threshold values that separate different sky
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Classification tests to determine each sky type. The tests are conducted from the top to the bottom row. The sky is of a certain type if the corresponding
test is true. The boldface variables are threshold values (provided in Table 3) that apply to the solar zenith angle and the classification indices. The
variable named “cloudy” refers to sky situations that are neither CLounEn nor Croubtess or Overcast. The symbol & is the logical anp operator and the

symbol | is the logical or operator.

Sky type Description Tests
CLOUDEN Cloud enhancement 0, < 921’%1;1511) & (Kcs > Kﬁi";ﬂ?“) & (Kv > Ksl::ll'(‘iEn) & (Ky > Kﬁ}?‘,‘,ﬂf“)
CLOUDLESS Cloudless (Km N K,(;l;:;ﬁless) & ( Kgil;:licrllless <K < chslg'\'ﬂess) & (Kv < Kﬁls‘unriless)
O Overcast 0

VERCAST \ (Km < Kﬁv:;ast) & (Kv < Kyy\:;ﬁasl)
TuINCLOUDS Thin clouds

TrickCLoubs Thick clouds

ScaTTERCLOUDS Scattered clouds

ClOlldy & (Km > KE;;SIOuds) & ( KE}:;;Clouds <K, < KE‘::EJ((Ilouds)
cloudy & (Kn < KIniskdouts) g (KIhiekChouts < K, < glhickclouds )

not (CLounEN | Crouptess | Overcast | THINCLoups | THickCLOUDS)

Table 3

Threshold values in the classification tests of Table 2 (i.e., boldface variables therein). The threshold variables’ superscript in Table 2 refer to the row here.
Sky type 0z max Kes min Kesmax Kin.min Kinmax Ky min Ky max Kyf min
CLounEN 80° 1.06 - - - 0.20 - 0.20
CroupLEss, if 6, < 75 — 0.85 1.15 0.6 — — 0.03 —
CLOUDLESS, if 6, > 75 - 0.80 1.20 0.6 — — 0.03 —
OVERCAST — — - - 0.3 — 0.10 -
THINCLOUDS — — — 0.5 - 0.03 0.08 —
TrickCLOUDS — — - - 0.4 0.04 0.16 -

situations. Thus, the algorithm is highly sensitive to small changes in the
indices when they are close to a threshold value, which constitutes a
drawback of this classification approach. After thorough testing of
different other possibilities at many sites, Gpcpa was found a more
appropriate normalization factor.

To quantify the temporal variability in GHI, a third index, K,, is
defined as the moving sum of

_ }gh,t+l - gh.z|

A
§ At

(€)]
over a centered time window of width At, where the normalization
factor At is in seconds, and g, = G —Gy. As with K, the window
duration is At = 30 min. Note that g, simply represents the deviation of
the 1-min Gy, from the moving-averaged signal G,. Hence, Ag gauges the
magnitude of the overall variability of these deviations, with a specific
focus on the ramps between consecutive g, values separated by a At time
interval. Note also that the time window used in the evaluation of both
K, and K, is chosen centered because the value so obtained is deemed
more representative of the actual conditions around the corresponding
time step. (In the particular case of real-time applications, the time
window is rather defined as the latest 30 min.).

GHI’s variability is a critical source of information for the classifier
and is often a highly dynamic quantity. For that reason, the very short-
term variability in GHI cannot be just described with K, at its nominal
30-min timescale. Hence, a fourth index, K.y, is used to define the “fine-
scale” variability at 10-min resolution. It is defined from Eq. (1) just as
K,, but now using a shorter time window, At = 10 min. Finally, a
“daytime” filter is added to prevent the sky classification whenever
6, >85".

Based on the previous indices, six sky classes are defined according to
the tests described in Table 2, where the threshold values (minimum or
maximum) depend on solar zenith angle and specific limits of the irra-
diance indices, as provided in Table 3. Note that, for the CLoubLEss type,
different coefficients are obtained depending on whether 6, is below or
above 75°. This is mostly because pyranometers are affected by cosine
errors caused by the direct beam component under clear conditions;
such errors typically increase substantially for 6, > 75° [17,20], and also
because the indices become more sensitive to small errors (and are thus
less reliable) under low-sun situations.

The name of each sky type refers to its expected prevailing sky sit-
uation and is thus self-describing. Hence, mostly cloudless situations are
expected within the Crouptiess sky type. Likewise, mostly overcast situ-
ations are expected within the Overcast sky type. In parallel, mostly
thick, scattered, and thin clouds are expected within the TuickCroups,
ScarterCroups, and THINCLoups sky types, respectively, whereas mostly
cloud-enhancement situations are expected within the CLounEn sky type.
As highlighted above, however, there are no strict rules that univocally
define these classes. Thus, this self-describing naming convention is
somewhat fuzzy. This means that, for instance, the ScatterCroups sky
type can also include situations that may not actually be exclusively
made of scattered clouds, even though most of them can be expected to
be scattered clouds. The same comments hold for the other five sky
classes.

3.2. Post-threshold filters

In addition to the threshold-based classification described in Table 2,
some filters have been implemented to remove various anomalous sit-
uations that might arise in case of incorrect classification. In particular,
spurious spikes may appear when periods of less than 15 min of a certain
sky type are flanked on both sides by sky types of length longer than 15
min. If the spurious spike is not CLounEn and is flanked by either THick-
Croups or ScarterCrouns on both sides, the spurious spike is set to
TuickCroups or ScatterCroups, respectively. If the spurious spike is clas-
sified as TuinCroups (Crouptess) and is flanked by Crouptess (THINCLOUDS)
on both sides, it is set to CLoupLess (THINCLOUDS).

Because the ScarterCroups sky type is defined as those situations that
are not of any other sky type (which is why it is defined in the last row of
Table 2), it also requires some additional filtering. In particular, all
ScatterCrLoups sky patches that are longer than 25 min and shorter than
35 min, and that are flanked by TuinCrLoups on both sides, are set as
TuinCroups unless these four conditions are met: 6, < 70°, K, > 0.7,
K, > 0.1, and k, > 0.9, where k, is the moving average of K, over a
centered time window of 30 min and normalized by the maximum K,
over that same moving window. Stated differently, k, is a normalized
version of K,,.
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Fig. 2. Example time series of GHI observations, clear-sky GHI, solar irradiance indices, and detected sky classes for 1-3 March 2014 at the BSRN station of Car-
pentras, France.
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4. Results and clear-sky benchmarking

The sky classification results obtained with CAELUS cannot be vali-
dated per se because there is no suitable reference to that aim. Even
observations from fish-eye sky cameras (which are rarely available)
would not be a definite and unambiguous reference source for strict
quantitative validation. Under this severe limitation, the approach taken
here considers a number of diagnostic results that attempt to demon-
strate both the coherence and consistency of the sky classification re-
sults, mostly at qualitative level, but also quantitatively as discussed in
Section 4.4. Exemplary results are presented in what follows, starting
with a showcase of the classifier’s working principles.

Fig. 2 shows the case of three consecutive days featuring various sky
conditions at Carpentras, southern France. On 1 March 2014, the time
series of 1-min GHI observations (Fig. 2a) suggests a morning sky with
optically thin passing clouds that progressively turn into a sky with
thicker and more variable clouds during the afternoon, eventually pro-
ducing cloud enhancements. Afterwards, the sky becomes cloudless. The
mean GHI and variability indices reflect all these different situations
throughout the day (Fig. 2b). In particular, K.; and K;,;, drop in the
presence of clouds, and remain high otherwise, thus helping to discern
whether clouds are interfering with GHI or not. In parallel, the K, and
K,y variability indices provide additional information from which it is
possible to infer some cloud properties. In this case, for instance, the
combination of high variability and high K is key to detect cloud en-
hancements. Later in the afternoon, when the sky becomes cloudless, the
variability vanishes while both K, and K. remain high, indicating an
absence of clouds in the sky—or at least an absence of clouds that would
radiatively affect the irradiance field in a significant way. All these sit-
uations are highlighted by the blue signal in Fig. 2a, which shows the
multiple sky classes detected by the algorithm throughout the day.

On 2 March 2014, the sky is cloudless during most of the day
(Fig. 2¢). During early evening, however, some variability in GHI seems
to be induced by light clouds. That is effectively sensed by the K, and K¢
indices (Fig. 2d), and is flagged as TuiNnCroups and then ScarterCLoups.
The next day, GHI is very low in the morning, signaling the presence of
optically thick clouds (Fig. 2e). This is confirmed by the low GHI vari-
ability, as detected by K, and K, and by the small values of K, and K
(Fig. 2f). From 10:00 onwards, clouds become thinner and more vari-
able. According to the sky classifier, the sky goes from Overcast during
morning to ScarterCroups and CLoubEn afterwards.

Another methodological aspect is that a proper evaluation of the
different sky classes is only possible if the ideal clear-sky GHI, GHI, is

0.6 0.8 1.0
Kr

Fig. 3. Probability density of Kr by sky type for all data from the stations under Koppen-Geiger climate C combined. The results for other climates are similar.

accurately predicted. A significant bias in the GHI estimate can lead to
misclassified conditions. To prevent it as much as possible, a high-
performance GHIs model is necessary (e.g., SPARTA or REST2), and
must be operated at least from daily-resolution inputs of aerosol optical
depth (AOD) and precipitable water, such as those provided by the
MERRA-2 or CAMS reanalysis models. Nevertheless, a potential diffi-
culty here is that their AOD predictions are typically affected by more or
less substantial bias, either at local [41] or regional scale [19], which in
turn can affect the GHIs estimates because of error propagation. It is
anticipated that future releases of global AOD databases will have less
bias, thus resulting in more accurate GHI estimates.

A remarkable feature of the classification method is that the sky
classes can overlap substantially in terms of Kr (when Kr>0.5, most
particularly) but can still be univocally classified in terms of ScATTEr-
Croups, TaiNCroups, CLouptess, or CLounEn classes (Fig. 3). This stresses
two important features: (i) the critical role of the variability indices in
those cases, since K alone cannot differentiate them with confidence (e.
g., the TuinCroups and Croupiess classes are similar from the Ky view-
point but can be separated based on their respective range of variability,
as shown in Table 3), and (ii) the strength of the present multi-threshold
method in comparison with simplistic schemes that just use sharp Kr
thresholds for separation. For instance, a popular trinary sky classifi-
cation (overcast, partly cloudy, and cloudless) uses dual Kr seams fixed
at either 0.35 and 0.65 [11] or 0.24 and 0.50 [30]. In comparison with
Fig. 3, it is obvious that such schemes cannot be reliable in practice.

4.1. Sky classification in K—Kr space

The distribution of observations in K—Kr space is strongly deter-
mined by the sky conditions during each 1-min period [18]. For
instance, under overcast skies, Kt is small and DNI approaches zero, thus
K approaches 1. Conversely, under cloudless situations, Kt is large while
K is small because DNI is normally much higher than DIF (except,
potentially, for exceptionally turbid situations). In the presence of cloud
enhancements, Ky is even greater than under cloudless skies but com-
bines with K values that are not necessarily small. In summary, the
different sky conditions are expected to be clustered over different re-
gions in K—Kr space. This is precisely what Fig. 4 confirms. It displays
the distribution of observations segregated by both sky class and KG
climate class. (Each of the latter combines the data from all sites in that
specific class.).

The Overcast and TrickCroups sky classes spread over the region
characterized by low Kt and high K, with the highest concentration of
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Fig. 4. Distribution of observations in K—Kr space by sky type (each row) and Koppen-Geiger climate class (each column). The corresponding site data are all
combined for each climate. The color shows the number density of points. The gray markers show the distribution of all observations, and are used as a relative

reference for the distribution of points in each sky class.

points occurring for K ~ 1, as expected. The large variety of cloudy
situations anticipated within the ScarterCLoups class is evidenced by the
wide spread of points, almost covering the entire K—Kt space. Inter-
estingly, the distribution of those points also shows the two important
modes in the low-Kt—high-K and high-Kr—low-K regions, which have
been described in the literature; see, e.g., Fig. 1 of Gueymard and Ruiz-
Arias [18].

For both TuinCroups and Croubptess sky types, the greater concentra-
tion of points is for high Kt and low K values. However, there are still
some situations in which the diffuse fraction can be high, especially in
the presence of cirrus clouds, or under cloudless turbid skies. Finally, the
observations that are classified within the CLoupEn class (i.e., cloud
enhancements) spread mostly around high Kr values, greater than those
typically found in the CLoubLEss type, as expected.
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Fig. 6. Relative frequency distribution of sky types for each climate class.

4.2. Frequency distribution of sky types

The distribution of observations in K—Kr space (Fig. 4) does not
show too many differences between climates, which could have been
anticipated to some extent. However, these differences become evident
when comparing the relative frequency distributions of the six sky types
(Fig. 5). In particular, the equatorial climate (KG type A) has the highest
rate of scattered clouds and cloud enhancements, as expected from the
known prevalence of convective clouds near the equatorial belt and the
relative proximity of this climate’s sites to coastal areas (cf. Table 1 and
Fig. 1). At the other extreme, the arid climate (type B) presents the
smallest prevalence of overcast skies, thick clouds, and scattered clouds,
and the highest prevalence of both thin clouds and cloudless skies. This
is consistent with the facts that (i) the low atmospheric humidity over
arid regions is conducive to low cloudiness, and that (ii) consequently,
these regions typically have the highest solar resource. Interestingly, the
present results also show that both temperate and cold climates (types C
and D, respectively) are quite similar in terms of sky-type distribution.
They present the highest prevalence of overcast situations and thick
clouds, with also a significant fraction of scattered clouds (nearly ~45%
and ~50%, respectively). At the seven polar sites (KG type E) evaluated
here, a significant fraction of cloudy skies (>65%) combines with a large
fraction of cloudless situations (=~30%) and few cloud enhancements
(less than5%). Overall, these results are quite consistent with the

expectations for each climate zone, thus suggesting that this sky classi-
fication is robust in a climatic sense.

Fig. 6 contains the same information as Fig. 5, but arranged in a
different way. Whereas the main segregation was in terms of sky type in
the case of Fig. 5, it is in terms of climate class in Fig. 6. The similitude of
the overall sky classification between climate classes C and D is clearly
visible. Moreover, the contrasting frequencies of ScarterCroups and
Crouptess between classes A and B is remarkably obvious in Fig. 6.

4.3. Sky type transition frequency by climate

An important feature of CAELUS is that it is able to provide a realistic
chronological succession of sky classes. For instance, in nature, it is not
physically possible that a cloudless sky transforms into an overcast sky
in just a few minutes, and thus this abrupt transition should not occur in
the classifier’s results. Fig. 7 analyzes the relative frequency of transi-
tions between consecutive observation time steps. The transitions that
are not shown have a relative frequency less than 0.4% and are deemed
negligible. The remaining transitions, most of which occur frequently,
are physically plausible. For instance, the transition path from the
Overcast type to the Croubtess class should go through TrickCroups, then
ScarrerCroups, and then TuiNCLoubs, or maybe directly through CLoupLess
via ScarterCroups, but never directly from Overcast to CLoupLEss. As ex-
pected, the latter path never happens (or happens with a negligible
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Fig. 7. Frequency of sky type transitions by climate class. The nodes represent each sky type. The arrows are the transitions between sky types, with the relative
frequency shown near each transition arrow. The missing transitions between nodes (e.g., between cloud enhancement and cloudless skies) are deemed negligible

because their relative frequency is less than 0.4%.

frequency). The same comments apply to other unlikely transition paths,
such as from Overcast to THiNCLoups, or from THINCLouDs to CLOUDEN.
The transition with the highest rate for all climates is that between
CLounEN and ScatterCroups (from a minimum of 30.8% for climate E to a
maximum of 44.1% for climate A). This result is expected because these
two sky types are precisely characterized by a high variability of solar
irradiance. For all climates, except for climate E, the change from
OvERcAsT to ScaTTERCLOUDS, Or Vvice versa, occurs most often through the
TuickCroups intermediate step. Likewise, but now for all climates, the
change from ScatterCroups to CLOUDLESS, Or vice versa, occurs most often
through TuiNnCroups. All these transition paths are physically sound.

4.4. Clear-sky benchmark

As a final test, the cloudless conditions detected by CAELUS are
compared against the results of two specialized cloud-screening algo-
rithms, namely, Reno-Hansen [35] and Brigur-Sun [5]. The former only
requires 1-min observations of GHI, whereas the latter also requires DNI
and/or DIF. Hence, the Reno-Hansen method is deemed a method of the
same category (i.e., minimal input requirements) as CAELUS; in
contrast, BrigHT-SUN is expected to produce more reliable results. For this
reason, the latter is used here as a control reference to evaluate the re-
sults of CAELUS, which are also compared against the Reno-HANSEN re-
sults. All the three methods depend on 1-min predictions of clear-sky
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irradiance. To make things perfectly comparable, the same SPARTA
model is used in all cases.

Fig. 8 displays scatterplots that compare the observed GHI under
situations classified as cloudless to the modelled GHI, using each of the
three clear-sky detection methods mentioned above, at all the 54 BSRN
stations segregated into the five primary KG climate classes. Overall, the
results of the three methods are similar, although some differences are
immediately noticeable. For climate classes B and E, for instance, the
scatter around the diagonal is larger with Bricur-Sun. This suggests that
either the method filters out less cloud-impacted situations than both
Reno-Hansen and CAELUS, or that it is more tolerant than the two other
algorithms whenever the observed GHI differs by more than ~5% from
the modeled GHI,s, thus increasing the frequency of reported clear-sky
situations. (As discussed in Section 3.1, CAELUS relies on index K, to
attenuate the issues that surface when the clear-sky criterion is based
solely on the comparison between the observed GHI and the modelled
GHIg; hence, it could well be that the clear-sky detection obtained by
CAELUS is actually more rigorous than that of the reference assumed
here, BRIGHT-SUN.).

It is also observed that, under low irradiance values (most likely
coincidentally with low-sun conditions), RENo-HANSEN is more permissive
than Brigur-Sun at detecting cloudless instances, whereas the opposite
occurs with the CAELUS Crouptess sky type. This situation is quantita-
tively evidenced in the contingency tables detailed in Table 4. They
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Binary contingency tables of both the Reno-Hansen and the CAELUS Croubtss sky type results compared to the Brigur-Sun method for each climate. In all cases, True
means that a cloudless sky is detected, and False otherwise. The figures are in percent of all 1-min cases.

Climate A Climate B Climate C Climate D Climate E

BRIGHT-SUN BRIGHT-SUN BRIGHT-SUN BRIGHT-SUN BRIGHT-SUN
False True False True False True False True False True
RENO-HANSEN False 81.2 21 43.8 2.9 70.5 1.6 75.1 1.5 65.6 1.1
True 6.4 10.2 9.7 43.6 6.6 21.3 7.4 15.9 8.8 24.5
CAELUS False 86.8 3.9 49.8 6.2 75.0 2.8 80.1 2.3 69.4 0.5
True 0.8 8.4 3.7 40.3 2.1 20.1 2.4 15.2 5.0 25.1

show that, for all climates (except climate E), CAELUS produces more
misses (i.e., no cloudless sky is detected, although it is cloudless ac-
cording to BrigHT-Sun) than Reno-Hansen, but less false alarms (i.e., a
cloudless sky is detected, although it is not cloudless according to BrigHT-
Sun). For instance, RENo-HanseN has 1.6% misses in climate C; this is
somewhat less than CAELUS, which misses 2.8%. In parallel, Reno-
Hansen generates 6.6% of false alarms, more than CAELUS (2.1%). All
this means that, under the hypothesis that the Brigur-Sun results are
correct, there might be inadvertent harmful cloud interference in the
results when Reno-HanseN is used to screen cloud-contaminated obser-
vations. Conversely, however, the CAELUS CrouptLess type might reject
some clear-sky instances, which might lead to biased results—especially
for low sun elevations or turbid skies. This appears as a relatively minor
downside of using a much more general method that can provide results
just based on GHI observations. In practice, only the application re-
quirements can determine whether the risk is acceptable or not.

The fact that CAELUS detects less cloudless instances than Reno-
Hansen under low-GHI situations, as shown in Fig. 8, is also revealed by
its smaller fraction of hits in Table 4 (i.e., a cloudless situation is
detected, coincidentally with Brigut-Sun). For instance, Reno-Hansen has
21.3% hits for climate C, whereas CAELUS has just 20.1%. This small
difference is not necessarily detrimental, however. Indeed, the fraction
of cloudless instances detected by CAELUS is always closer to the frac-
tion detected by Brigut-Sun. For instance, CAELUS detects that 22.2% of
the observations are cloudless in climate C, which is closer to the BriguT-
Sun results (22.9%) than to those of ReNo-HANSEN (27.9%).

5. Conclusions

A threshold-based sky classification algorithm, CAELUS, has been
presented, using ~50 million quality-assured data points from 54 high-
quality radiometric stations in various climates. The novel algorithm has
been found more efficient and reliable than other tentative techniques,
such as a 5-class k-means unsupervised clustering approach. The pro-
posed method requires 1-min time series of measured GHI and the
support of a high-performance clear-sky solar irradiance model to
classify the sky conditions into 6 different classes. To that aim, it imposes
threshold values onto four custom solar irradiance indices that account
for GHI's magnitude and variability. The method also requires the solar
zenith angle (up to 85°) and good estimates of the concomitant clear-sky
GHI. Although the clear-sky index is a key factor, the classification is
also largely dependent on two GHI-derived variability indices. They are
essential to demarcate different cloud situations with similar clear-sky
index. The thresholds are prescribed based on experience-based trial
and error. The sky types broadly represent overcast, thick clouds, scat-
tered clouds, thin clouds, cloudless, and cloud-enhancement situations.

The consistency of the classification results has been assessed by
various means. In particular, the clustering of points for the various sky
classes over the whole K—Kr space was found as expected, and did not
show large differences when segregated according to the primary
Koppen-Geiger climates. It was also shown that both the overall fre-
quency distribution of sky classes and the transitions between one class
to all others are consistent with the expected climatic behavior within
each of the five primary Koppen-Geiger climate classes.

The comparison against the state-of-the-art Reno-Hansen and BrigHT-
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Sun clear-sky detection algorithms demonstrated that CAELUS is able to
consistently provide similar results of clear-sky instances in each of the
five climate classes. The differences between the results of these algo-
rithms are likely smaller than their intrinsic uncertainty, which is a
combination of the fuzzy definition of sky classes, the empirical methods
used in the development of the algorithms, the reliance on imperfect
clear-sky irradiance estimates, and the lack of appropriate reference
data sources for more elaborate validation.

Precise knowledge of the prevailing sky conditions in the analysis of
solar energy systems provides a new tool for potential improvement in
the related models and simulation methods. Moreover, it is anticipated
that the proposed sky classification method can also find applications in
various other fields, such as solar irradiance forecasting or climate-
related studies.

6. Data and code availability

The quality-assured data used and developed throughout this
research is made publicly available in https://doi.org/10.5281/zenodo.
7897639. The dataset is organized as a collection of zipped csv files, one
per ground station and per year, that include all the required variables to
run CAELUS, plus the sky classification results. The source of observa-
tional data is the Baseline Surface Radiation Network (BSRN) data
archive, which is publicly available. See download instructions in https
://bsrn.awi.de/data.

In addition to the dataset, the Python code developed during this
research that implements the CAELUS algorithm is made publicly
available in https://github.com/jararias/caelus. It can be used in com-
bination with the previous data to classify the sky situations at all
ground sites. See the code repository for usage information.
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