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Introduction

Clear-sky detection is a critical prerequisite for atmospheric 
studies and utilization of solar energy. However, clear-sky 
conditions are not directly measurable and must instead 
be inferred from broader all-sky datasets using surrogate 
indicators such as the clearness index, diffuse fraction, 
or modeled irradiance comparisons (Younes and Muneer 
2007; Gueymard 2019a; Correa et al. 2022). This indirect 
approach poses significant challenges, particularly due to 
the absence of a universal definition or method for identi-
fying clear skies (Gueymard et al. 2019; Sun et al. 2019). 
The lack of a standardized, universally applicable clear-
sky classification remains a key limitation in solar resource 
modeling and radiometric quality control. A robust and 
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Abstract
Accurate identification of clear-sky and cloudy periods from hyperspectral radiometric data is essential for atmospheric 
and remote sensing studies. Traditional approaches that rely on single-wavelength spectral ratios often fail under broken-
clouds due to rapid irradiance fluctuations and aerosol interference. This study introduces a new method based on the 
spectrally integrated diffuse-to-direct irradiance ratio (IDR), which is derived from modeled hyperspectral components 
and provides a robust indicator of sky conditions. The model is developed using 15-year hyperspectral measurements of 
solar downwelling irradiance (ES(λ), mW m-2 nm-1) and sky radiance (LS(λ), mW m-2 nm-1 sr-1) collected in a fixed coastal 
station located at the Marsdiep tidal inlet in the Dutch Wadden Sea. The model is validated against reference clear-sky 
periods identified using established clear-sky models and detection algorithms based on simultaneous Global Horizontal 
Irradiance (GHI) measurements. Results show that IDR thresholds of ≤ 0.35 for clear skies and ≥ 0.70 for overcast condi-
tions achieve high agreement (95% and 92%, respectively) with reference sky classifications. The IDR effectively accounts 
for the influence of rapidly changing cloud cover in intermediate conditions, ensuring robust classification of clear-sky 
and overcast periods. The classification is further supported by spectral analysis using Principal Component Analysis, 
which confirm the stability of diffusive component to ES(λ) features and the interferences of LS(λ)/ES(λ) ratio across dif-
ferent sky conditions. This work highlights the importance of the diffuse irradiance component role in hyperspectral sky 
classification. Future research should validate IDR with direct diffuse irradiance measurements to enhance the proposed 
model under diverse atmospheric conditions.
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spectrally-informed detection method that can distinguish 
between clear, intermediate, and overcast skies—espe-
cially under transitional conditions—would significantly 
enhance the consistency and reliability of solar and atmo-
spheric datasets used in climate studies and remote sensing 
(Forstinger et al. 2021; Gueymard 2014a). Generally, the 
absence of visible clouds across the sky indicates the clear 
sky condition (Younes and Muneer 2007). The situation is 
complicated when the finite field of view (FOV) of the sky-
looking sensors is taken into account. Since the sky-looking 
sensors capture a narrow FOV, small cloud patches may 
obstruct the sensor’s view of the sky. Hence, meteorologi-
cal cloud cover observations associated with measurement 
platforms, if available, cannot be used directly to identify 
clear sky conditions. Furthermore, aerosols and precipitable 
water vapor can vary in time, influencing the transmittance 
of solar radiation through the atmosphere even when there 
are no clouds in the sky (Kim and Ramanathan 2008; Reno 
and Hansen 2016). Therefore, there is a need for clear sky 
detection methods that are able to accurately identify peri-
ods of ‘cloudless clear sky’ radiation or ‘irradiance similar 
to clear sky’.

The well-known clear sky detection methods applied 
until now usually rely on Global Horizontal Irradiance 
(GHI, W m-2) measurements to identify sky conditions. 
These methods include GHI-based models and statistical 
algorithms, each with distinct advantages and limitations. 
GHI-based models use broadband irradiance measurements 
to identify clear-sky periods by comparing observed GHI to 
modeled clear-sky GHI (Younes and Muneer 2007; Sun et 
al. 2019; Gueymard et al. 2019; Correa et al. 2022). Statis-
tical algorithms employ time-series analysis of irradiance 
data to detect clear-sky periods, offering robustness to short-
term fluctuations (Reno and Hansen 2016; Ruiz-Arias and 
Gueymard 2023). These clear-sky detection methods are 
usually validated against ground truth data such as satel-
lite images, and/or ground-based sky images. While most 
clear-sky detection models have been developed for solar 
radiation measurements, their direct application to hyper-
spectral radiometric data remains limited. Hyperspectral 
measurements provide detailed spectral information across 
hundreds of narrow wavelength bands, making them highly 
sensitive to subtle atmospheric changes, including thin 
clouds, aerosols, and water vapor (Griffin and Burke 2003; 
Kuusk and Kuusk 2018). Accurate identification of clear-
sky conditions from hyperspectral datasets is essential for 
applications such as satellite validation, atmospheric correc-
tion, and the parameterization of radiative transfer models 
(Garrison 1992; Jordan et al. 2022; Norgren et al. 2021). 
However, the high spectral resolution also makes these data-
sets more vulnerable to noise and misclassification under 
variable sky conditions. Therefore, dedicated clear-sky 

detection strategies tailored to hyperspectral data are needed 
to ensure the spectral integrity and scientific utility of long-
term measurements.

Unmanned automated hyperspectral time series mea-
surements are an increasingly cost-effective technology 
for long-term atmospheric studies and for calibration and 
validation of satellite remote sensing data. A fixed station 
of radiometric measurements for atmospheric research con-
sists of sensors for two essential components: downwelling 
solar irradiance (ES(λ), mW m-2 nm-1) and sky radiance 
(LS(λ), mW m-2 nm-1 sr-1). Simultaneous measurements of 
ES(λ) and LS(λ) are widely used for remote sensing applica-
tions (Jordan et al. 2022; Kutser et al. 2013), atmospheric 
correction models in remote sensing tasks (Zibordi et al. 
2009; Arabi et al. 2016), and atmospheric studies (Griffin 
and Burke 2003; Kuusk and Kuusk 2018). Notably, most 
hyperspectral data are collected in unavoidable non-ideal 
atmospheric conditions which lead to significant uncertain-
ties in the resulting time series datasets. Ideal conditions 
include a clear sky, low Solar Zenith Angle (SZA), no sun 
and sky glint, and low concentrations of aerosols. An opti-
mal viewing geometry of the station minimizes the effects 
of sun and sky glints. Cloud cover significantly increases 
the sky glint contribution to measurable (ir)radiance, to the 
point that it can change the shapes and intensities of ES(λ) 
and LS(λ) spectra (Gege 2012; Mobley 2015). Hence, nearly 
all of the radiative transfer-based models for the simulation 
of solar irradiance [e.g., Gregg and Carder (1990), Gege 
(2012)], optical properties of water bodies (e.g., Mobley 
2022), and remote sensing applications [e.g.Simis and Ols-
son (2013); Gueymard 2019a); Bi et al. (2023)] have been 
developed for clear sky conditions.

A daily time-series of GHI and ES at 550 nm [ES(550)] 
typically shows a bell-shaped probability distribution for 
clear skies (Pitarch et al. 2020; Lin et al. 2022). On a clear 
sky day, the LS(550) to ES(550) ratio increases from morn-
ing to noon and decreases in the afternoon. For cloudy con-
ditions, the values of 1/ES(λ) and LS(λ) show an increase 
in near infra-red (NIR) and a decrease in blue wavelengths 
(Gueymard 2019b; Ruddick et al. 2019). Accordingly, the 
temporal variation of ES(λ) for the clear sky conditions is 
relatively small on a daily time scale and depends on SZA, 
whereas for overcast or partially cloudy conditions there are 
significant variations in the magnitude and shape of LS(λ) 
(Ruddick et al. 2019). Therefore, variations in LS(λ)/ES(λ) 
ratios at NIR and blue wavelengths are sensitive to sky con-
ditions, which can be used for identification of sky cloudi-
ness (Ruddick et al. 2006; Simis and Olsson 2013; Groetsch 
et al. 2017). While single-band spectral ratios, such as 
LS(750)/ES(750) or LS(400)/ES(400), provide simple method 
for sky condition classification, they have several important 
limitations: (i) simplification of atmospheric state: Skies 
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are rarely purely clear or overcast. Intermediate states (e.g., 
scattered clouds, thin cirrus, haze) are common, and single-
band ratios fail to capture these nuances and may misclas-
sify cloudy or optically thin clouds (Chesnoiu et al. 2024; 
Nyamsi et al. 2024). (ii) Wavelength-specific sensitivity: the 
NIR bands (e.g., 750 nm) are sensitive to thick clouds and 
aerosols but less sensitive to thin clouds of file aerosols. The 
blue bands (e.g., 400 nm) are highly sensitive to Rayleigh 
scattering, aerosols, and thin clouds but saturates quickly 
under thick clouds (Kim et al. 2024). (iii) Aerosol interfer-
ence: high aerosol loads (e.g., dust, pollution) can elevate 
sky radiance, mimicking cloud signatures. For instance, 
heavy aerosols at 750 nm may trigger false overcast clas-
sifications (Choi et al. 2021). (iv) Ambiguity of thresholds: 
the single-band ratios use a threshold value for classifica-
tion (please see Sect.  4.5). For example LS(750)/ES(750) 
≤ 0.1 for clear skies. The gap between clear and overcast 
thresholds leaves transitional skies unclassified. Values in 
this range require additional criteria for interpretation. In 
addition, the threshold values do not accurately represent 
the boundary between different atmospheric conditions. (v) 
Lack of spectral context: Clouds and aerosols have spectral 
signatures. Single-band ratios ignore valuable information 
from other wavelengths (e.g., water vapor bands) (Jiang 
et al. 2022). Hyperspectral data is underutilized with this 
approach. (vi) Sensitivity to sensor calibration: the single-
band ratios amplify errors in calibration or sensor drift. At 
400 nm, where the magnitude of ES is low, noise can sig-
nificantly affect LS/ES reliability (Müller 2014). (vii) Solar 
geometry dependence: the single-band ratios vary with SZA. 
At low SZA, Rayleigh/path scattering increases, potentially 
mimicking cloud effects even in clear skies. Fixed thresh-
olds may thus fail at high/low sun angles (Zhang et al. 2015; 
Gómez-Uceda et al. 2021).

Given the limitations outlined above, there is a need for 
more robust methods that can integrate multiple wavelengths 
and/or combine spectral components with bandwidth-based 
metrics. An ES(λ) spectrum is composed of direct and dif-
fusive irradiance components. The direct component is the 
radiation that reaches the sensor directly from the sun. The 
diffusive component is the radiation that reaches the sensor 
from the sky after scattering in the atmosphere, which also 
includes backscattered radiation that was reflected by the 
surrounding earth surface (Gege 2005; Vermote et al. 1997). 
Besides the prominent absorption peaks of water vapor 
(≈940  nm) and oxygen (≈760  nm), these irradiance com-
ponents contribute additional prominent spectral features to 
the ES(λ) and LS(λ) spectra. Hence, the magnitude of ES(λ) 
and LS(λ) spectral features are related to SZA, intensity of 
solar irradiance, and atmospheric scattering and absorption 
by molecules, aerosols, and clouds (Kim and Ramanathan 
2008; Ruddick et al. 2019). Clouds affect the ES(λ) and 

LS(λ) by altering the intensity, shapes, temporal variability, 
and the balance between direct and diffuse components. 
The direct radiation is dominant in the clear skies, while 
the direct radiation is attenuated and the diffuse component 
becomes dominant under cloudy conditions (Gege 2005). 
These changes cause a reduction in the intensity of spectral 
features in the shorter wavelengths (blue light) due to the 
scattering effects of water droplets and ice crystals in the 
clouds (Liou 2002). Moreover, clouds can enhance specific 
absorption features, particularly in the Near-Infrared (NIR) 
region where water vapor absorption bands are prominent 
(Pérez-Ramírez et al. 2012). The increased diffuse radiation 
under cloudy skies tends to have a more uniform spectral 
distribution compared to direct sunlight, which is more 
spectrally selective (Ruddick et al. 2019).

In this study, we present a practical method using the 
direct and diffuse components derived from ES(λ) and LS(λ) 
measurements. By integrating spectral information across 
multiple wavelengths, this method provides a robust indi-
cator of sky conditions, improving classification accuracy 
under variable cloud cover and aerosol conditions, and 
validated against reference methods. This research com-
prises the following steps: (i) modeling the clear sky GHI 
(hereafter GHICS) using existing optimal clear sky models. 
(ii) identification of clear sky periods from GHI and GHICS 
using existing Clear Sky Detection (CSD) methods. (iii) 
identification of thick and scattered cloudy periods using an 
existing model. (iv) modeling the hyperspectral solar irra-
diance components. (v) developing a method for detecting 
different sky conditions based on hyperspectral measure-
ments. (vi) validate the new method against the reference 
sky conditions. The results of steps (ii) and (iii) are used as 
reference clear sky and overcast conditions, respectively. In 
addition, the previously known indices are evaluated. This 
assessment is conducted to demonstrate the performance of 
spectral ratios and statistical variations for identifying dif-
ferent weather conditions.

Datasets

Hyperspectral data

The Royal Netherlands Institute for Sea Research (NIOZ) 
owns a jetty station (NJS) in the Marsdiep tidal inlet of the 
Dutch Wadden Sea. The NJS has been equipped with a set of 
above-water hyperspectral sensors consisting of 6 TRIOS-
RAMSES radiometers: one Ramses-ACC for ES(λ), one 
Ramses ACC-UV (ultraviolet), and two pairs of Ramses-
ARC for LS(λ) looking southeast and southwest. The ES(λ) 
and LS(λ) spectra have been recorded every 10 min at 1 nm 
intervals from 350 nm to 950 nm. The ARC sensors have 
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temporal resolution using pyranometers (CM11, Kipp & 
Zonen). The 10-min GHI data from the De Kooy station, 
located approximately 8  km southwest of NJS, collected 
during 2008–2022 were used to evaluate and validate the 
clear sky models. In addition, cloud cover (CC, cover-
age of the upper sky in eighths, 9 = upper sky invisible), 
atmospheric pressure, and relative humidity were obtained 
simultaneously with the GHI observations from De Kooy 
station (N = 629,569). Since all clear sky models have been 
tuned with GHI data at SZA ≤ 85°, data with SZA > 85° 
were excluded. Additionally, the GHI data were quality-
controlled using the method described by Long and Shi 
(2006), called QCRAD (codes available at ​h​t​t​p​​s​:​/​​/​g​i​t​​h​u​​b​.​c​​
o​m​/​p​​v​l​i​​b​/​p​​v​a​n​a​l​y​t​i​c​s​/). After implementing the quality ​c​o​n​
t​r​o​l routines, a total of 282,818 GHI data (44.9%) remained 
for further analysis.

Methods

An overview of our methodology is presented in Fig. 1. This 
flowchart is divided into two main parts: one illustrating 
the extraction of reference atmospheric correction, and the 
other outlining the methodology for identifying sky condi-
tions using hyperspectral measurements. The details of the 
methodology are explained in the following sections.

Identification of reference clear sky periods

Here, existing well-known algorithms relying on GHI were 
used to identify the reference periods similar to those occur-
ring during clear sky conditions. Accordingly, the time 
series of measured GHI and a clear sky model were used 
to identify the reference clear sky periods using a clear sky 
detection method (CSD). The well-known clear sky mod-
els and CSD methods were assessed, and the optimum ones 
were selected to identify reference clear sky periods.

Clear sky models

Identifying clear sky periods from GHI data depends on 
using a clear sky model, which estimates the GHI values at 
a given location and time (GHICS). Since clear sky irradi-
ance depends on atmospheric parameters, validation of clear 
sky models should be conducted for the study area to ensure 
fairness in the testing procedure, appropriate selection of 
clear-sky periods, consideration of geographic location, and 
accurate input variables. Sun et al. (2019) have evaluated 
75 clear sky models in five Koppen-Geiger climate regions 
[i.e., tropical (A), arid (b), temperate (C), cold (D), and polar 
(E)], as well as for overall global performance. Our study 
area is classified in class ‘C’ of Koppen-Geiger climatic 

been setup with viewing angle of θV = 35° and direction of 
ϕ = 135° (south-east) and ϕ = 225° (south-west).

The optimal viewing geometry for sensors mounted in a 
fixed platform is 30° ≤ θV ≤ 50° and 90° ≤ ϕ ≤ 135°, where 
θV is the zenith plane angle and ϕ is the azimuth angle of 
sensor viewing direction (Lee et al. 2002; Mobley 1999). 
The setup of ACC and ARC sensors was selected to opti-
mize the capture of sky radiance under varying solar posi-
tions while minimizing sun glint and shading effects from 
the jetty structure, following recommendations for coastal 
radiometric measurements at NJS (Wernand 2002; Pitarch 
et al. 2020). The south-east and south-west directions ensure 
consistent sampling of sky conditions across the diurnal 
solar cycle, particularly under the prevailing westerly winds 
in the Wadden Sea (Moradi et al. 2024). A figure of the ARC 
sensor setup at NJS is presented in our recent study (Arabi et 
al. 2025) to illustrate the instrument configuration.

In this study, we used the spectra of ES(λ) and south-east 
looking LS(λ) (ϕ = 135°) from 2008 to 2022, with 90° ≤ ϕ ≤ 
135° and spanning from 6:00 a.m. to 6:00 p.m. UTC. The 
quality control tests were applied to remove invalid/suspi-
cious spectra. The quality control (QC) procedures, adapted 
from Moradi et al. (2024), ensure the reliability of the hyper-
spectral measurements by removing invalid or distorted 
spectra. These procedures include five groups of criteria: (i) 
Basic checks for sensor malfunctions or invalid data (e.g., 
SZA > 85°, negative ES(λ) or LS(λ); (ii) Low-light conditions 
with ES(λmax) ≤ 20 mW m− 2 nm− 1; (iii) Distorted spectra 
detection (e.g., ES(480)/ES(680) ≤ 1.0; ES(λmax)/ES(865) ≤ 
1.25; (iv) High humidity/precipitation flagging, which indi-
cates enhanced water vapor absorption in the near-infrared 
(NIR) region; and (v) Sun glint/surface perturbation detec-
tion (LS(800–950) / ES (800–950) > 0.025 sr− 1, LS(850) / ES 
(850) ≥ 0.025 sr− 1. These thresholds, particularly for humid-
ity and glint, were chosen to exclude spectra distorted by 
atmospheric conditions, as high humidity can significantly 
alter the spectral shape of ES(λ) and LS(λ), rendering the dif-
fuse and direct components unreliable (Sect.  3.3.1). After 
applying these QC routines, A total of 144,460 quality-
controlled spectra were selected for further analysis. The 
quality controlled hyperspectral data from 2011 to 2022 
(N = 119,646) were utilized for model development, and 
data from 2008 to 2010 (N = 24,814) were employed for 
model assessment.

GHI and meteorological observations

The Royal Netherlands Meteorological Institute (KNMI) 
owns a network of 35 ground-based automatic weather sta-
tions. Details of these stations are available at KNMI web-
site (​h​t​t​p​​s​:​/​​/​d​a​t​​a​p​​l​a​t​​f​o​r​m​​.​k​n​​m​i​.​​n​l​/​​d​a​t​​a​s​e​t​​/​w​​a​a​r​n​e​e​m​s​t​a​t​i​o​n​
s​-​4). At 30 of these stations, GHI is measured at 12-second 
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Input variables of the clear sky models

The specifications and sources of the required input data for 
the clear sky models (Table 1) are explained below.

	● Geographical coordinates, h (elevation, m), and p (air 
pressure, mbar) were obtained from the De Kooy station 
observational datasets.

	● E0 (solar constant, W m-2): The value of E0 assigned 
to each model has been determined by its developer. 
If E0 was unspecified, it was set to a default value of 
E0 = 1361.1 W m-2 (Muneer et al. 2000).

	● SZA (degree): was calculated following the method of 
Greene et al. (2019).

	● RG (surface albedo, frac.), τ (aerosol optical depth at 
550 nm), α (Angstrom exponent), β (Angstrom turbidity 
coefficient, i.e., aerosol optical thickness at λ = 550 nm), 
uO3 (total ozone, atm-cm), and PWV (total precipitable 
water vapor, atm-cm):

Hourly timeseries of these parameters for the study site 
were obtained from the Modern-Era Retrospective Analysis 
for Research Applications version 2 (MERRA-2) reanaly-
sis, obtained from the NASA Modeling and Assimilation 
Office (​h​t​t​p​​s​:​/​​/​g​m​a​​o​.​​g​s​f​​c​.​n​a​​s​a​.​​g​o​v​​/​r​e​​a​n​a​​l​y​s​i​​s​/​​M​E​R​R​A​-​2​/) 
(Gelaro et al. 2017). Each of the MERRA-2 variables has 
been validated worldwide against AERONET, particularly 
the aerosol and column water vapor products (Holben et al. 
1998; Mukkavilli et al. 2019). The MERRA-2 reanalysis 
has been suggested as an ideal candidate for applications of 

regions. Their ranking scores of clear sky models for class 
C ranged from − 20.526 to 2.187, with models scoring > 1.9 
achieving predictions with a confidence level of 95%. 
Hence, we used the five models with the highest-ranking 
score > 1.9 for class C (their Table 6). The selected clear sky 
models included MAC2, Bashahu, REST2, Ineichen-Perez, 
and Yang, in order of ranking score. The ranking scores and 
the required input variables for the selected clear sky mod-
els are given in Table 1. For the formulation and description 
of models see Sun et al. (2019).

As explained in the introduction section, the measured 
GHI is not always indicative of a clear sky, even no clouds 
were observed (CC = 0). As can be expected, Gueymard et 
al. (2019) found that the clear sky index, rCS = GHICS / GHI, 
remained stable and close to one under cloudless conditions. 
However, rCS ≈ 1 did not indicate the cloudless sky because 
of the frequent occurrence of clouds, the albedo effect, and 
the presence of aerosols (Gueymard 2017). Therefore, a 
period during which GHI changes were very close to GHICS 
is assumed to correspond with clear sky conditions. For this 
study, conditions were identified as ‘clear sky’ if CC = 0 
AND when the hourly variations of GHI were within the 
95% of confidence level of GHICS variations. This method 
indicated that the matchups of GHICS and measured GHI 
were representative of observed cloudless conditions and 
reconciled the GHICS to the measured GHI. The matchups 
were used to test the performance of the clear sky models.

Fig. 1  Workflow of the proposed method for clear-sky detection from hyperspectral radiometric measurements
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clear sky models (Antonanzas-Torres et al. 2019; Gueymard 
2019a). Previous studies indicated that using the MERRA-2 
parameters did not lead to significant changes in GHICS com-
pared to using AERONET observations (Gueymard 2014b, 
2019b; Sun et al. 2019). This suggests that using MERRA-2 
reanalysis variables as input for clear sky models provides 
reliable GHICS datasets. The MERRA-2 dataset was linearly 
interpolated to 10-min temporal resolution.

uNO2 (total nitrogen dioxide, atm-cm): Only the REST2 
model required the uNO2. According to the REST2 literature, 
uNO2 is extracted from NASA’s Ozone Monitoring Instru-
ment (OMI) product onboard the Aura polar orbiting satel-
lite (​h​t​t​p​​s​:​/​​/​a​u​r​​a​.​​g​s​f​​c​.​n​a​​s​a​.​​g​o​v​​/​o​m​i​.​h​t​m​l). The OMI presents 
a quality controlled daily dataset. Since the OMI instrument 
is a board a polar-orbiting satellite, it naturally results in 
missed recordings between flight paths. The OMI product 
(mol cm− 2) is converted to a columnar amount in atmo-
sphere centimeters (atm-cm) by a division by 2.69 × 1016. As 
REST2 only works within a range of 0.0 ≤ uNO2 ≤ 0.03 atm-
cm, a default value of 0.0002 atm-cm is applied for gaps 
(Gueymard 2008). The OMI dataset was linearly interpo-
lated to 10-min temporal resolution.

	● TL (Linke Turbidity): This factor represents the absorp-
tion by the water vapor and the aerosol particles scat-
tering compared to a dry and clean atmosphere (Linke 
1992). TL can be correlated with PWV and β using sev-
eral empirical methods (Dogniaux 1974; Grenier et al. 
1994; Gueymard 1998; Ineichen 2008; Molineaux et al. 
1995; Remund et al. 2003). Sun et al. (2019) showed that 
the Grenier formulation (Grenier et al. 1994) performs 
best for the Ineichen-Perez clear sky model. Hence the 
TL was calculated here using the Grenier formulation:

TL =

β −

(−0.10545 − 0.02005 × PWV
+0.0050689 × PWV 2

−0.0005202 × PWV 3

)

0.073554 − 0.0029011 × PWV
+0.00075553 × PWV 2 − 0.0000783 × PWV 3

� (1)

Clear sky detection (CSD) methods

A total of 21 available CSD methods have been reviewed 
by Gueymard et al. (2019). They recommend utilizing 
the multi-criteria CSD method and implementing a dura-
tion filter on the final method. Since no diffuse and direct 
horizontal irradiance ground measurements were available, 
we employed the six CSD methods that utilized only GHI 
ground measurements as input (Table 2). All the methods 
required GHI and GHICS as input variables. In Table  2, 
Local Solar Time (LSoT) is the time according to the sun’s 
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state between overcast and clear sky conditions. Some clear 
sky instances might be rejected by CAELUS Cloudless 
type, leading to biased results especially for low SZA and 
turbid skies. In addition, the results of CAELUS sky clas-
sification should be validated against well-known reference 
observations. Therefore, we followed the methods outlined 
in Sect. 3.1 to identify clear sky conditions to validate the 
results of the CAELUS model.

Detection of clear sky periods from hyperspectral 
measurements

The magnitude and spectral shape of ES(λ) and LS(λ) are 
very sensitive to SZA, backscattering, aerosol absorption, 
and optical state of the atmosphere (Simis and Olsson 2013; 
McNeill 2017). Hence, the direct and diffuse components of 
ES(λ) are necessary for investigating the spectral character-
istics in different atmospheric conditions. Since no in-situ 
hyperspectral measurements were available for solar direct 
and diffuse components, these components were estimated 
using existing models (Sect. 3.3.1). Then, a new method is 
presented for identification of clear skies and cloudy condi-
tions (Sect. 3.3.2).

Modeling of ES(λ) and LS(λ) components

In cloudless atmosphere, the ES(λ) spectrum is composed of 
direct (ESd(λ),mW m− 2 nm− 1) and diffuse (ESs(λ),mW m− 2 
nm− 1) components (Gregg and Carder 1990). ESd(λ) and 
ESs(λ) represent the sun’s radiation as a direct light source 
and radiation from sky, respectively. ESs(λ) is a combination 
of Rayleigh scattering (ESsr (λ),mW m− 2 nm− 1) and aero-
sol (Mie) scattering (ESsa (λ), mW m− 2 nm− 1) (Gege 2005; 
Gregg and Carder 1990):

ES (λ) = fdd. ESd + fds. (ESsr + ESsa) ; ESs = ESsr + ESsa � (3)

where fdd and fds are the relative intensities of the light 
source components ESd(λ) and ESs(λ) relative to conditions 
with undisturbed illumination, respectively. Similarly, LS(λ) 
is parametrized in cloudless skies as follows (Gege and 
Grötsch 2016):

LS (λ) = gdd.ESd (λ) + gdsr.ESsr (λ) + gdsa.ESsa (λ)� (4)

where the gdd, gdsr, and gdsa (in unit of sr− 1) represent the 
weights of relative intensity of each light source component. 
Since ESd(λ), ESsr(λ), and Edsa(λ) indicate downwelling irra-
diance, the components of LS(λ) in Eq. 4 indicate the direct 
and diffusive sky radiance recorded by a sensor for SZA, 
θV, and ϕ coordinates. Hence, the two components of gdd × 
ESd(λ) (hereafter LS−sun) and gdsr × ESsr(λ) + gdsa × Edsa(λ) 

position in the sky relative to particular place on Earth. It 
was calculated following (Kittler and Darula 2013):

SLoT = LST + 4 × (LL − LSTM)
+ [9.87 × sin (2B) − 7.35 × cos (B) − 1.5 × sin (B)] � (2)

B = 360 × (doy − 81)/365

where LST is local standard time adjusted for daylight sav-
ing time, LL is the local longitude (degree), LSTM is the 
local standard time meridian (degree), doy is the day of the 
year.

Each CSD method provided a binary classification for 
each measurement: 0 = clear,1 = cloudy. The results of each 
clear sky model were tested against the clear sky matchups 
(Sect. 3.1.1) and the optimum CSD method was used as the 
reference of clear sky periods.

The clear-sky models (Sect.  3.1.1) and CSD methods 
were applied to identify reference clear-sky periods. These 
results were used in Sect. 4.1 and 4.2 to achieve the refer-
ence clear-sky periods, which then used for classifications 
and to characterize the spectral behavior of hyperspectral 
measurements under different sky conditions.

Identification of reference cloudy conditions

For step iii), we use the classification algorithm, CAELUS, 
developed by Ruiz-Arias and Gueymard (2023) for pre-
cise sky classification. They have used GHI data at 1-min 
resolution and a set of four input variables to classify sky 
conditions into six cloud classes: ′Cloud enhancement′, 
′Cloudless′, ′Overcast′, ′Thin clouds′, ′Thick clouds′, and 
′Scattered clouds′. The CAELUS method requires SZA, 
GHI, and a good estimate of the associated GHICS and mod-
eled GHI under cloudless, clean-and-dry atmosphere (i.e., 
without water vapor and aerosol) (hereafter GHIcda). The 
result of classification is largely dependent on the accuracy 
of GHICS and GHIcda. The thick and scattered cloudy con-
ditions were considered periods of cloudy or intermediate 

Table 2  Selected clear Sky detection (CSD) methods and their required 
inputs. LSoT is the local solar time (Eq. 2)
CSD method Input variables Ref.

SZA
E0

GHI GHICS LSoT

AliaMartinez ▪ ▪ ▪ ▪ Alia-Martinez et 
al. (2016)

Ellis ▪ ▪ Ellis et al. (2018)
Polo ▪ ▪ ▪ ▪ Polo et al. (2009)
Quesada ▪ ▪ Quesada-Ruiz et 

al. (2015)
Reno ▪ ▪ Reno and Hansen 

(2016)
Zhang ▪ ▪ ▪ Zhang et al. (2018)
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(2020) specified for NJS; for PWV and Hoz from (Groetsch 
et al. 2017); and for gdd, gdsr, and gdsa from Gege and Grötsch 
(2016) in clear sky conditions and with a viewing direction 
avoiding sun glint reflection.

The inversion models were implemented in MATLAB 
(Mathworks, Inc.) using genetic algorithms to minimize 
residuals between measured [i.e., ES(λ) and LS(λ)] and simu-
lated spectra [i.e., ES

m(λ) and LS
m(λ)] (Saraswat and Sharma 

2013). A least-squares minimization was applied to mini-
mize the residual-sum-of-squares between LS(λ)/ES(λ) and 
LS

m(λ)/ES
m(λ). The fdd, fds, gdd, gdsr, and gdsa were treated as 

fit parameters in inverse modeling. The mutation and cross-
over of the generic algorithm optimization were determined 
using MATLAB built-in functions. The initial guess of 
mutation was taken proportional to the standard deviation of 
LS(λ) and ES(λ), and it decreased in each optimization step 
as a function of the shrink parameter. For crossover parame-
trization, a half fraction of data was considered. The highest 
efficiency of the genetic algorithm was found with a cross-
over fraction of 0.4 and a reduction of the shrink parameter 
of 0.6 using 1001 iterations. The models were considered 
converged when the residuals between ES

m(λ) and LS
m(λ) 

and the corresponding observed spectra were less than 5%.

Clear sky and overcast identification model

Here, we propose a new method to identify clear sky and 
overcast conditions, based only on hyperspectral observa-
tions from a fixed station in combination with a modelled 
separation of the downwelling radiation into the direct con-
tribution from the sun and the contribution by atmospheric 
scattering. The method uses thresholds for integrals over 
relevant parts of the spectra.

In general, the spectral shape of ES(λ) remains rela-
tively similar under all atmospheric conditions (Sect. 4.6). 
In contrast, the ratios of ESd(λ)/ES(λ) and ESs(λ)/ES(λ) are 
very sensitive to atmospheric scattering and solar irradiance 
(Simis and Olsson 2013; Jordan et al. 2022). In clear sky 
conditions, ESd(λ) and ESs(λ) are entirely derived from sun 
downwelling irradiance and atmospheric scattering (Ray-
leigh and aerosol), respectively. Conversely, the magnitude 
of ESs(λ) increases at the expense of ESd(λ) when clouds 
start to build (Gregg and Carder 1990; Kim and Ramana-
than 2008). Therefore, the ratio of ESd(λ)/ES(λ) can indicate 
the presence of clouds, approaching one in overcast condi-
tions and fluctuating rapidly in scattered-cloud conditions. 
This approach has been used for identification of clouds, 

(hereafter LS−sky) are indicative of the sun light source and 
sky radiance, respectively (Gege 2005). A consistent formu-
lation and parametrization of ESd, ESsr, and Edsa were given 
by Gregg and Carder (1990). They expressed the ES*(λ) as 
a function of E0, SZA, PWV, α, and β, scale height Ozone 
(Hoz, atm-cm), atmospheric pressure, and relative humidity. 
More details about the formulation and description of the 
models are given by Gege (2012) and Groetsch et al. (2017).

In this study, the Gregg and Carder (1990) model is not 
used to simulate irradiance in absolute physical units under 
cloudy conditions. Rather, we invert its parameterized for-
mulation to decompose ES(λ) into relative ESd(λ)/ESs(λ), 
using only the observed spectral shapes and their statisti-
cal properties, not absolute magnitudes. This inversion is 
performed using a bounded genetic algorithm optimization, 
where the model acts as a generic spectral shape-fitting tool, 
rather than a strict physical radiative transfer model. The 
physical parameters retrieved in this inversion (i.e., fdd, fds) 
represent effective scaling factors that best approximate the 
ES(λ) spectrum under the constraints of a radiative transfer-
based decomposition (Eq. 3). These scaling factors are not 
interpreted directly as physically accurate quantities, but 
rather as statistical proxies that allow us to reconstruct the 
spectral partitioning of downwelling irradiance, which is 
our main classification metric. This approach is supported 
by Jordan et al. (2022), who conducted a similar inversion 
using direct hyperspectral measurements of diffuse and 
direct components from a novel hyperspectral pyranometer 
(HSP). Their findings showed that even when used outside 
its strict physical domain, the Gregg and Carder (1990) 
model — when inverted using spectral fitting techniques — 
can yield accurate ratios of ESd(λ)/ES(λ) and ESs(λ)/ES(λ) for 
sky condition assessment. Importantly, they found that the 
inversion remained robust for characterizing atmospheric 
state transitions, especially when paired with high-resolu-
tion, quality-controlled spectral observations — the same 
context in which we operate. Furthermore, our goal is not to 
retrieve radiometrically accurate fluxes or atmospheric con-
stituents under cloudy skies, but to identify transitions in the 
spectral balance between direct and diffuse components that 
are diagnostic of sky conditions.

Consequently, the ESd(λ), ESsr(λ), and Edsa(λ) were mod-
elled using inversion of Eq.  3 by applying the parameter 
bounds and initial guesses in Table  3. Similarly, the g’s 
(Eq.  4) were estimated using the inversion of LS(λ) and 
the parameters bound in Table 3. The min, max, and initial 
guesses of α, β, fdd, and fds were adopted from Pitarch et al. 

Table 3  Parameter bounds and initial guesses for above water model inversion at NJS
β α PWV Hoz fdd fds gdd gdsr gdsa

Min 0.1 0.1 0.1 0.1 0.0 -0.02 0.001 0.01 0.01
Max 1.5 2.5 5.0 5.0 1.0 1.0 1.0 π π
Init 1.0 1.5 2.5 0.4 0.1 0.1 0.02 1/π 1/π
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ISRS =
∫λ2

λ1
LS−sky (λ) .dλ

∫λ2
λ1

LS (λ) .dλ
� (6)

ISRS =
∫λ2

λ1
LS−sun (λ) .dλ

∫λ2
λ1

LS (λ) .dλ
� (7)

where λ1 = 385 nm and λ2 = 900 nm. The LS(λ), LS−sky(λ), and 
LS−sun(λ) spectra were filtered using the same third-order 
Savitzky-Golay smoothing filter as was applied to IDR. 
ISRS < 1.0 and ISRD < 0.01 indicated a normal atmospheric 
state without significant cloud absorption or saturation of 
downwelling diffuse components. Therefore, clear skies 
were identified using IDR ≤ X and ISRD < 0.01, and overcast 
conditions with IDR ≥ Y and ISRS < 1.0. Here, X = 0.35 and 
Y = 0.70 are thresholds calculated using the statistical distri-
bution of IDR during reference sky periods (see Sect. 4.3).

Assessment of methods

A confusion matrix of the results of the CSD methods/model 
(Sect. 3.1.3) and the corresponding observed/reference data 
was used to evaluate their performance. Four classes were 
defined in the confusion matrix: False Negative (FN), False 
Positive (FP), True Negative (TN), and True Positive (TP). 
In this context, TP and TN denoted that the proposed method 
correctly classified the sky conditions. FP was used when a 
cloudy sky indicated as clear, and FN was used when a clear 
sky indicated as cloudy. High TP, low FP, and low FN values 
with a relaxed concern on TN indicated high performance.

However, in general, it is difficult to manipulate the 
results of the confusion matrix into a ranking score. There-
fore, the four criteria above were summarized using the six 
most common combination metrics:

	● F-score is a measure of predictive performance and de-
fined as (Sasaki 2007):

FZ = (1 + Z2) × TP

[( 1 + Z2) × TP + Z2 × FN + FP ] � (8)

where Z is constant that considers the weight of TP. Here, 
two values Z = 1 and 2 were considered, resulting F1 and 
F2 scores. The F2-score is a variation of the F1-score, plac-
ing more emphasis on FP and combining TP and FP into 
a single score. The maximum value of FZ = 1.0 indicated 
perfect classification, while the minimum value of FZ = 0.0 
indicated complete absence of TP classifications.

	● Youden’s J statistics is a single statistic that gives equal 
weights to TP and TN, as (Powers 2020):

estimation of aerosol optical depth, and characterization of 
atmospheric optical state using in situ measurements of dif-
fuse downwelling irradiance (Norgren et al. 2021; Jordan et 
al. 2022).

Here, we adopted the spectrally integrated diffuse ratio 
(IDR) using the modeled diffuse irradiance, defined (Jordan 
et al. 2022):

IDR =
∫λ2

λ1
ESs (λ) .dλ

∫λ2
λ1

ES (λ) .dλ
� (5)

where λ1 = 385 nm and λ2 = 900 nm. Following Simis and 
Olsson (2013), a convolutional third-order Savitzky-Golay 
smoothing filter with 70  nm width was applied on both 
ESd(λ) and ES(λ) spectra to suppress high-frequency spikes 
without distorting the signal tendency. IDR ranged from 
zero for clear skies to one for overcast conditions. IDR val-
ues for intermediate cloudy conditions lay between clear 
and overcast values with higher variability for scattered 
clouds and lower variability for haze conditions. Figure 2 
shows an illustrative example of IDR, ES(λ), and LS(λ) vari-
ability in different atmospheric conditions.

Notably, during clear skies where the ES(550) spectra 
show a regular bell shape in the daily time series, there may 
be high levels of Rayleigh aerosol scattering. In such cases, 
the modeled diffuse components of solar irradiance become 
dominant to the expense of the modeled direct components. 
For very high levels of atmospheric scattering, ESs(λ) and 
LS−sky(λ) become saturated and IDR tends to higher values 
similar to those observed for overcast conditions, while 
ES(550) and GHI show a pattern of clear sky conditions 
(Fig. 3, top row). Furthermore, LS−sun(λ) comprises a rela-
tively small component in the LS(λ) spectrum (less than 10% 
in this study) (Fig. 2, second row). Higher values indicate 
the sun glint, the spectra for which have been excluded 
during the quality control process. During overcast con-
ditions with high and thick cloud cover, the absorption of 
downwelling irradiance begins to dominate (Gueymard et 
al. 2019; Norgren et al. 2021; Jordan et al. 2022). In turn, 
this reduces the ESs(λ) and LS−sky(λ) to levels comparable 
to those observed in clear skies. Since, ES(λ) and LS(λ) are 
the sum of direct and diffuse components (Eqs.  3 and 4), 
ESd(λ) and LS−sun(λ) tend to increase (Fig. 3, second row). 
Therefore, IDR tends towards lower values similar to those 
observed for clear skies.

To detect the aforementioned atmospheric effects and 
eliminate them from IDR, the spectrally integrated sky dif-
fuse ratio (ISRS) and integrated sky direct ratio (ISRD) were 
used, which are defined as:

1 3

Page 9 of 26  493



Earth Science Informatics (2025) 18:493

Fig. 2  Examples of daily time series of GHI & ES*(λ) (top row), 
LS*(λ) (second row), and IDR (third row) in clear skies (left column, 
SZA≤69°), intermediate clouds (center column, SZA≤74°), and over-

cast conditions (right column, SZA≤79°). The rows 4 and 5 show the 
spectra of ES*(λ) and LS*(λ) at noon. The legend of each row is shown 
in the right column
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	● Accuracy (ACC) gives the portions of the true positive 
and negative instances that were correctly indicated.

ACC = TP + TN

TP + FP + TN + FN
� (13)

These metrics were interpreted following standard perfor-
mance thresholds, where values above 80% for accuracy 
and F1-score indicate strong agreement with reference clas-
sifications. Precision and recall were assessed to account for 
any class imbalance and to ensure the method performs con-
sistently across sky types. These metrics collectively reflect 
the robustness and reliability of the classification scheme 
(Chandaka et al. 2009; Ruiz-Arias and Gueymard 2023).

Spectral variability and principal component 
analysis

To characterize the spectral variability of hyperspectral 
measurements across clear-sky, overcast, and intermedi-
ate conditions, Principal Component Analysis (PCA) was 
applied to the quality-controlled ES(λ), LS(λ), LS(λ)/ES(λ), 
and ESs(λ)/ES(λ). PCA was performed using builtin MAT-
LAB ′pca′ function. The spectra were first normalized by 
subtracting the mean and dividing by the standard deviation 
for each wavelength to ensure equal weighting across the 
spectral range. PCA was applied separately to each dataset, 
grouped by sky condition as classified by the IDR. The anal-
ysis extracted the first three principal components (PC1–
PC3), which accounted for most of the variance in each 
dataset, to identify dominant spectral features and assess 
their stability across sky conditions. Eigenvectors were ana-
lyzed at prominent spectral feature to evaluate the influence 

J = TP

(TP + FN)
+ TN

(TN + FP )
− 1� (9)

Youden’s J values range from − 1 to 1, indicating completely 
false and perfectly true classification, respectively.

	● Matthew Correlation Coefficient (MCC) is a balanced 
measure of the confusion matrix classes and takes all 
classes, especially when there is a significant difference 
in class sizes. It is calculated as (Matthews 1975):

MCC = (TP × TN) − (FP × FN)√[
(TP + FP ) × (TP + FN)

× (TN + FP ) × (TN + FN)

]
� (10)

MCC values ranged from − 1 to 1, indicating the perfect 
classification of every case and bad agreement of the matrix, 
respectively.

	● Positive Predictive Value (PPV) gives the portions of 
positive instances that were correctly indicated.

PPV = TP

(TP + FP ) � (11)

	● Negative Predictive Value (NPV) gives the portions of 
negative instances that were correctly indicated.

NPV = TN

(FN + TN) � (12)

Fig. 3  top row) Example of daily time series of GHI, ES*(λ), and LS*(λ), 
21-Mar-2012 (UTC time), SZA≤73°. The ellipses show the position of 
a high level of atmospheric scattering that correspond to saturation of 
diffuse components and lead to high values of IDR (> 0.8), while they 

have been recorded under clear skies. bottom row) Similar to the top 
row on 23-Jun-2021, under overcast conditions, SZA≤67°. The IDR ≤ 
0.48, similar to those observed for clear skies. Please refer to the text
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Results

Assessment of existing clear sky models

Figure 4 shows the correlation between GHICS and GHI for 
all clear sky models (Table 1). Within the confidence level 
of 0.95% of the matchups of GHICS and GHI (Sect. 3.1.1), 
the values of nRMSE are between 4% and 17%, which 
indicates good performance of all models (Fig. 2f). How-
ever, the REST2 (Fig.  4c) and Bashahu models (Fig.  4b) 
underestimate the GHICS values slightly more than the other 
models (MR ≤ 0.9). An MR ≈ 1 and uRMSE ≤ 0.03 are 
achieved by the Ineichen-Perez and MAC2 models. All 
models are aligned with R2 = 0.99, of which the Ineichen-
Perez model shows the highest consistency with measured 
GHI (slope = 1.04 and intercept=-15.02) (Fig. 4d).

A total of 66,197 data points show the cloudless condition 
from meteorological observation (CC = 0), but only 20,704 
(31.3%) samples fall within the 95% confidence level of the 
Ineichen-Perez GHICS and GHI variations. The latter had 
rCS = 1 ± 0.2, and were colored in Fig. 4. The cloudless con-
ditions outside this interval were indicated by grey points. 
1,626 (2.4%) of the GHI data fall within the matchups of 
GHICS and GHI but are not characterized as observed cloud-
less (CC > 0) so are excluded.

Assessment of clear sky detection methods

The CSD methods are evaluated against the occurrence of 
clear sky matchups (Fig. 4). Table 4 shows the confusion 
matrix classes and scores for the CSDs methods. The Ellis 
and Reno CSD methods exhibit the lowest values of FP and 
FN criteria. Meanwhile, the Reno CSD method shows the 
lowest FP and highest TP scores. Considering that 7.3% of 
the total periods are associated with clear sky matchups in 
this study (Fig. 4, colored points), the Reno (ACC = 0.92) 
and Ellis (ACC = 0.88) CSD methods display the best TP 
scores. The classification schema of Reno and Ellis show 
the highest score (PPV and NPV > 0.85), while the Zhang 
method scores low. The classification metrics indicate that 
the Reno CSD method presents the highest metric values. 
The AliaMartinez method also shows a relatively good 
identification of clear skies (PPV and NPV > 0.85, and 
ACC = 0.86). Overall, the Reno CSD method is considered 
the optimum CSD method in this study according to the 
classification metrics and criteria of confusion matrix.

Thresholds and variability of IDR for different sky 
conditions

The Ineichen-Perez clear sky model is used to calculate the 
GHICS and GHIcda. The GHIcda is calculated using TL with 

of atmospheric scattering and absorption. The method of 
extracting prominent spectral feature has been described in 
our recent work (Moradi et al. 2024).

Statistical metrics

To quantify the consistency between models and observa-
tions, the statistical parameters of coefficient of determi-
nation (R2), normalized root mean square error (nRMSE), 
unbiased root mean square error (uRMSE), normalized 
mean absolute error (nMAE), and mean ratio (MR) were 
used.

nRMSE =

√
(xmod − xobs)2

xobs

� (14)

uRMSE =

√
[(xmod − xobs)2

(max (xobs) − min (xobs))
� (15)

nMAE = | xmod − xobs |
xobs

� (16)

MR = xmod

xobs
� (17)

where xmod and xobs represent the estimated and observed 
values. The overlines on parameters indicate the average 
values.

Additionally, the statistical parameters of Coefficient 
of Variation (CV), Inter-Quartile Range (IQR), and Mean 
Absolute Deviation (MAD) were used to evaluate the vari-
ability of data.

CV = STD (x)
mean (x) � (18)

IQR = Q3 (x) − Q1 (x)� (19)

MAD = 1
n

n∑
i=1

|xi − mean (x)|� (20)

where STD is standard deviation; Q1 is the first quartile, the 
value below which 25% of the data falls, and Q3 is the third 
quartile, the value below which 75% of data falls.
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Reno CSD method and the CAELUS algorithm for overcast 
conditions. The resulting IDR ranges for clear sky and over-
cast conditions are IDR ≤ 0.37 and IDR ≥ 0.68, respectively. 
Slight overlaps in IDR values of 8% and 5% are observed 
for clear sky and overcast conditions with intermediate 
conditions, respectively (Fig.  5a). As a result, the ranges 
IDR ≤ 0.35 ± 0.02 and IDR ≥ 0.70 ± 0.05 fall within the 
95% confidence level of clear sky and overcast conditions, 
respectively. Therefore, we refer to IDR ≤ 0.35 as ′clear con-
ditions′, 0.35 < IDR < 0.70 as ′intermediate conditions′, and 
IDR ≥ 0.70 as ′overcast conditions′ hereafter.

Figure 5b shows the variability of hourly IDR values for 
the three sky conditions. The mean and STD are computed 

β = 0 and PWV = 0 for a hypothetical cloudless-and-clean-
and-dry atmosphere. The Reno CSD method is utilized to 
indicate the reference clear sky periods, and the reference 
overcast conditions are identified using CAELUS algo-
rithm. The extracted clear sky periods with ISRD ≥ 0.01 and 
overcast conditions with ISRS ≥ 1.0 are excluded from the 
reference clear sky and overcast conditions, respectively 
(Sect. 3.3.3). A total of 3,702 periods of clear sky and 2,486 
periods of overcast conditions are included in the reference 
sky conditions.

Figure  5 shows the probability distribution of the IDR 
and its classification in the different reference sky condi-
tions based on the Ineichen-Perez clear sky model with the 

Table 4  Confusion matrix classes (in percent) and scores for CSDs methods (N = 282,818). The total period of cloudless matchups is observed for 
20,704 timesteps (7.3%). Bold numbers indicate the best result in each column

Classes Metrics
CSD TP TN FP FN F1 F2 J MCC PPV NPV ACC
AliaMartinez 85.2 88.4 14.8 11.6 0.86 0.87 0.73 0.74 0.85 0.88 0.86
Ellis 88.6 87.4 11.4 12.6 0.88 0.87 0.76 0.77 0.89 0.87 0.88
Polo 76.1 87.6 23.9 12.4 0.81 0.83 0.64 0.65 0.76 0.87 0.81
Quesada 39.4 91.1 60.6 8.9 0.56 0.76 0.62 0.49 0.39 0.68 0.69
Reno 89.8 96.5 10.2 3.5 0.91 0.93 0.84 0.85 0.89 0.95 0.92
Zhang 33.1 89.5 66.9 10.5 0.46 0.60 0.33 0.27 0.33 0.79 0.61

Fig. 4  Correlation between GHI and GHICS from different clear sky 
models (a-e). The grey points show samples with CC = 0 that fall out-
side the matchups of GHI and GHICS (Sect.  3.1.1). The dashed and 
dotted lines show the best fit and the statistical bounds of the 95% 

confidence level, respectively. The 1:1 correlation is shown using solid 
line. The colors represent the probability density of samples. f) Bar 
charts of the statistical parameters
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Model performance assessment

The performance of the presented model is evaluated using 
the observed datasets from 2008 to 2010. The methods 
outlined in Sect.  4.3 (the Ineichen-Perez clear sky model 
combined with the Reno CSD method for clear sky and the 
CAELUS algorithm for overcast conditions) are used to 
determine the reference sky conditions during 2008–2010. 
The sky cloudiness is also determined using the IDR thresh-
old values. The reference sky conditions are then used to 
evaluate the performance of the provided model using the 
confusion matrix approach (Sect. 3.4). A total of 1,720 and 
1,658 reference periods with clear sky and overcast condi-
tions are identified, respectively. Table 5 shows the confu-
sion matrix classes and scores of clear skies and overcast 
conditions compared with the reference sky conditions dur-
ing 2008–2010. The high values of PPV and NPV (> 0.9) 
indicates a very good classification schema of clear sky and 
overcast against intermediate conditions. The low percent-
age of FP and FN values indicate that the thresholds of of 
IDR≤ 0.35 for clear sky and IDR ≥ 0.70 for overcast condi-
tions provide good model skill for classifying different sky 
conditions using the evaluation dataset. Maximum values of 
IDR = 0.44 for clear skies and minimum values of IDR = 0.64 
for overcast conditions are observed, comprising the 4.8% 
and 5.4% (FP values) of the total number of observations 

using a moving time window of 60  min (six consecu-
tive measurements). The results indicate the relationship 
between atmospheric conditions and the variability of IDR. 
The lowest variability of IDR is observed for clear sky con-
ditions, followed by overcast, with the highest variability 
for intermediate conditions.

To assess the impact of excluding spectra due to QC 
processes, we analyzed a subset of excluded spectra (2008–
2010, N = 5,237) with high humidity (> 85%) but zero cloud 
cover (CC = 0, based on meteorological observations from 
De Kooy station). Approximately 12% of these spectra 
showed IDR values slightly above the clear-sky threshold 
(0.35–0.42, compared to IDR ≤ 0.35), suggesting a minor 
bias toward higher IDR values in humid conditions. How-
ever, as shown in Figs.  1 and 2, the IDR remains robust 
against distorted spectra, as the application of ISRS (< 1.0) 
and ISRD (< 0.01) indices effectively excludes periods with 
high atmospheric scattering or cloud absorption, ensuring 
that IDR thresholds for clear-sky (IDR ≤ 0.35) and overcast 
(IDR ≥ 0.70) conditions are not significantly affected by 
variable atmospheric conditions. A Kolmogorov-Smirnov 
test confirmed that the exclusion of high-humidity spectra 
did not significantly alter the overall IDR distribution for 
clear-sky periods (p > 0.05, Fig. 5a).

Table 5  Confusion matrix classes (in percent) and scores for identifying of clear sky and overcast conditions using the provided model (Sect. 3.3) 
compared to reference Sky conditions during 2008–2010. Bold numbers indicate the best result in each column
Sky condition Classes Metrics

TP TN FP FN F1 F2 J MCC PPV NPV ACC
Clear 95.2 97.2 4.8 2.8 0.79 0.89 0.86 0.88 0.95 0.93 0.95
Overcast 94.6 98.8 5.4 1.2 0.75 0.84 0.77 0.78 0.92 0.95 0.92

Fig. 5  (a) Distribution of the integrated diffuse ratio (IDR) for refer-
ence sky conditions. The IDR data are divided with a bin width of 0.05. 
(b) Standard deviations of hourly mean IDR in different sky condi-

tions. The upper and lower bounds of boxes correspond to the 25th and 
75th percentile, and the center lines indicate the median values
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comparable to this work. Here, we first compare the pro-
posed method with two classification methods based on spec-
tral ratio indices. Groetsch et al. (2017) and Ruddick et al. 
(2006) utilized the ratio of LS(750)/ES(750) to identify clear 
skies (LS(750)/ES(750) < 0.1) and overcast conditions (LS(75
0)/ES(750)≥0.3). Simis and Olsson (2013) used that the ratio 
of πLS(400)/ES(400), showing that πLS(400)/ES(400) < 0.25 
corresponds with clear skies, and πLS(400)/ES(400) > 0.8 
with predominantly clouded skies. We apply these indices 
to hyperspectral observations from 2011 to 2022.

Figure 6 shows scatterplots of ES(750) vs. LS(750) and 
ES(400) vs. πLS(400) for clear sky and overcast periods. 
About 88.6% of clear sky spectra have LS(750)/ES(750) < 0.1, 
and 13.8% have πLS(400)/ES(400) < 0.25. Moreover, about 

outside the prescribed IDR classification ranges. However, 
all metrics show high scores indicating that the presented 
limits of IDR values are good setting to classify the various 
sky conditions. Overall, the total accuracies for clear sky 
and overcast identification are 95% and 92%, respectively.

Comparison of IDR classification with previous 
studies

To our knowledge, the most dominant application of hyper-
spectral measurements for sky classification is restricted to 
single-wavelength spectral ratios. Furthermore, Jordan et 
al. (2022) used the direct measurements of ESs(λ) to calcu-
late the IDR in Western Channel, which is the only study 

Fig. 6  (a) Scatterplot of ES(750) vs. LS(750). The colored points show 
the reference clear sky and overcast conditions. The dashed lines 
show the borders of clear sky (lower) and overcast (upper) condi-
tions depicted by Groetsch et al. (2017) and Ruddick et al. (2006). 
The dotted lines show the 1:1 ratio. (b) Probability distributions of 
LS(750)/ES(750) for different sky conditions as depicted in (a). The 

thick lines show the kernel distribution of samples. The vertical dashed 
lines show the average values of each histogram. (c) Similar to (a), but 
for ES(400) vs. πLS(400). The borders of clear sky (lower) and overcast 
(upper) conditions (dashed lines) are depicted by Simis and Olsson 
(2013). (d) Similar to (b), but for πLS(400)/ ES(400) as depicted in (c)
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65.3% of overcast spectra have LS(750)/ES(750)≥0.3, and 
90.4% have πLS(400)/ES(400) > 0.8. Although the results 
may be relatively satisfactory (except for the second index 
of clear skies), about 24.7% and 41.2% of intermediate sky 
conditions fall in the clear sky and overcast boundaries 
of Fig. 6, respectively. Although the mean values of clear 
sky and overcast spectra show significant discrimination, 
there is a noticeable overlap between clear sky and Inter-
mediate spectra (9% in Figs.  6b and 56% in Fig.  6d), as 
well as between overcast and Intermediate spectra (23% 
in Figs. 6b and 26% in Fig. 6d). Table 6 shows the confu-
sion matrix classes and scores for clear skies and overcast 
conditions indicated by both indices, compared with the 
reference sky conditions. For clear sky classes, the ratio 
of LS(750)/ES(750) represents a relatively good classifica-
tion (ACC = 0.77), but the result of πLS(400)/ES(400) is not 
effective (ACC = 0.47). For overcast conditions, the ratio of 
πLS(400)/ES(400) shows a better result (ACC = 0.75) than 
the ratio of LS(750)/ES(750) (ACC = 0.64). However, the 
total misclassification of clear sky and overcast conditions 
for both indices (FP = ~ 10–85% and FN = ~ 35%) are sig-
nificant, leading to overall weak scores (Table 6).

Figure  7 shows the dependence of CV[LS(λ)/ES(λ)] 
at λ = 400 nm and λ = 750 nm on the variability of hourly 
mean IDR. The variability of IDR against CV(IDR) indi-
cates that the clear sky and overcast conditions have the 
lowest variability on an hourly scale (Fig. 7a). Conversely, 
intermediate conditions show high variability of IDR with 
median CV(IDR) ≈ 45% and upper quartiles ≈ 100% higher 
than clear sky and overcast conditions. The clear sky with 
IDR < 0.2 and overcast with IDR > 0.9 show the lowest 
variability of IDR with the median of CV(IDR) ≤ 0.1. The 
CV[LS(400)/ES(400)] show lower variability of interme-
diate conditions with median CV(IDR) ≈ 23% and upper 
quartiles ≈ 32% higher than clear sky and overcast condi-
tions (Fig. 7b). In λ = 750 nm, clear sky and overcast con-
ditions have relatively similar CV[LS(750)/ES(750)], while 
the intermediate conditions show a great variability of 
CV[LS(750)/ES(750)] from 0.1 to 0.95 with median of 0.42 
(Fig. 7c). In λ = 400 nm and λ = 750 nm a relatively similar 
variability of clear sky and overcast conditions are observed 
on an hourly scale, while the intermediate conditions show 
different variability. As a result, the CV[LS(400)/ES(400)] 
and CV[LS(700)/ES(700)] do not show clear dependence to 
atmospheric state (variability of IDR) with no significant cor-
relation (R2 < 0.35) between CV(IDR) and CV[LS(λ)/ES(λ)] 
on an hourly under different sky conditions.

The only available direct measurements of direct-diffuse 
solar irradiance have been outlined by Wood et al. (2017) 
in a marine environment. Jordan et al. (2022) utilized the 
measured direct-diffuse solar irradiance to calculate the IDR 
(Eq. 5) for the Western Channel. They used IDR < 0.2 for 
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scattering (i.e., ISRD and ISRS) are ignored; however, the 
accuracy of the IDR classification decreases significantly. 
The high variability of IDR in intermediate conditions 
(median CV(IDR) ≈ 45%, Fig.  7a) reflects the dynamic 
nature of scattered clouds, which cause rapid fluctuations 
in the diffuse-to-direct ratio. This variability is effectively 
managed by applying ISRS and ISRD thresholds, which 
exclude periods with saturated diffuse components or sig-
nificant cloud absorption, ensuring accurate classification of 
clear-sky (IDR ≤ 0.35) and overcast (IDR ≥ 0.70) conditions 
(Fig.  5). Table  7 summarizes the comparative framework 
between the existing and proposed methods.

Variability of hyperspectral data in different sky 
conditions

The spectra of reference clear sky, overcast, and intermedi-
ate periods are selected to illustrate the shape, intensity, and 
variability of ES(λ) and LS(λ), and the ratios of LS(λ)/ES(λ) 
and ESs(λ)/ES(λ) (Fig.  8). The variability of spectra and 
selected ratios are shown in Table 8. The following results 
are obtained for different sky conditions:

	● The magnitude of ES(λ) spectra are similar under all sky 
conditions, with a maximum absolute difference of 26% 
between clear sky and overcast conditions in the blue 
wavelengths.

	● Clear skies are characterized by low variability of ES(λ), 
LS(λ), and ESs(λ)/ES(λ) ratio (CV < 0.2, Range < 0.2, IQR 
≤0.05) with relatively high variability of LS(λ)/ES(λ) 
(CV > 0.25, Range > 0.25, IQR > 0.1). The boundary lim-
its of LS(750)/ES(750) < 0.1 and LS(400)/ES(400) < 0.2, 
similar to existing indices (Sect.  4.5), are obtained. 
Both ratios present a significant overlap (> 20%) with 

clear-sky and IDR > 0.8 for overcast conditions (their Fig. 9). 
In this study, ISRD ≥ 0.01 and ISRS ≥ 1.0 are excluded from 
IDR for clear-sky and overcast conditions (Sect. 4.3). Simi-
lar to the Jordan et al. (2022), if ISRD and ISRS are omitted 
from the IDR calculation, the values of IDR ≤ 0.22 and IDR 
≥ 0.81 are obtained for clear-sky and overcast conditions, 
respectively. In this case, the ACC values for identifying of 
clear sky and overcast conditions compared to reference sky 
conditions during 2008–2010 will be 0.84 and 0.81, respec-
tively. This finding indicates that the IDR values obtained 
in this study fall within the range reported by Jordan et 
al. (2022) when the effects of the high-level atmospheric 

Table 7  Comparison between existing and the proposed methods for 
identification of Sky conditions using hyperspectral measurements
Method Basis Advantages Limitations
LS(750)/ES(750) Single-

band NIR 
ratio

Simple, 
sensitive to 
scattered 
clouds

Fails under 
scattered clouds
(TP = 65.3%, 
Table 6)

πLS(400)/ES(400) Blue-band 
ratio

Simple, 
sensitive 
to aerosol 
scattering

Overlap in 
intermediate 
conditions 
(FP = 86.2%, 
Table 6)

IDR
(Jordan et al. 2022)

Rela-
tionship 
between 
STD and 
mean of 
IDR

High per-
formance 
in clear-
sky and 
overcasts

Fails in a 
high-level 
atmospheric 
scattering, lead-
ing to IDR > 0.8

This study Calculate 
IDR, ISRD, 
and ISRS 
using RT 
models

Adds ISRD 
and ISRS to 
exclude 
aerosol-satu-
rated cases

The IDR 
thresholds for 
sky condi-
tions may be 
site specific 
and not tested 
elsewhere

Fig. 7  (a) Relationship between mean IDR and the CV(IDR) on an 
hourly scale in various sky conditions. (b) Atmospheric dependence of 
CV[LS(400)/ES(400)] on an hourly scale. (c) similar to (a), but for CV[

LS(750)/ES(750)]. The upper and lower bounds of boxes correspond to 
the 25th and 75th percentile, and the center lines indicate the median 
values
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wavelengths and about 10% in NIR wavelengths. Analo-
gous to the clear skies, the ratio of ESs(λ)/ES(λ) is wave-
lengths dependent and show relatively low variability. 
The overlaps of ESs(λ)/ES(λ) ratio between overcast and 
intermediate spectra is less than 1% in λ≤720 nm and 
reaches up to 32% in NIR (Table 8; Fig. 8d).

The Principal Component Analysis (PCA) is used to char-
acterize the spectral variability of ES(λ), LS(λ), LS(λ)/ES(λ), 
and ESs(λ)/ES(λ) across clear-sky, overcast, and intermediate 
conditions, as classified by the IDR method (Fig. 9). The 
PCA eigenvectors of the most prominent spectral absorption 

intermediate conditions spectra (Table 8; Fig. 8c), lead-
ing to misclassification of clear sky from intermediate 
spectra (Table 6). Conversely, the overlaps between clear 
skies and intermediate conditions is less than 1% for the 
ratio of ESs(λ)/ES(λ) in λ≤ 840 nm (Table 8; Fig. 8d).

	● Overcast spectra show low variability of ES(λ), LS(λ), 
and ESs(λ)/ES(λ) ratio, and relatively high variability of 
LS(λ)/ES(λ), similar to clear skies (Table 8). The values 
of LS(750)/ES(750) ≥ 0.25 and LS(400)/ES(400)≥0.27 in-
dicates the boundary limits of overcast spectra. These 
boundary limits overlap significantly with intermediate 
spectra, with false positive rates exceeding 60% in blue 

Fig. 8  (a) Spectral variability of normalized ES(λ) in different sky con-
ditions. Thick lines show the average and shaded areas show ± 1 STD. 
The line chart above the main chart shows the percentage of False 

Positive of Intermediate conditions spectra that overlap with clear sky/
overcast conditions. (b) similar to (a), but for normalized LS(λ). (c) 
similar to (a), but for LS(λ)/ES(λ). (d) similar to (a), but for ESs(λ)/ES(λ)
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features are analyzed to show the variability of these fea-
tures. Our analysis reveals 12 to 16 spectral features in ES(λ) 
spectra with spectral width average and STD of 12 ± 4 nm, 
and 11 to 14 spectral features in LS(λ) spectra with spectral 
width average and STD of 11 ± 6 nm. The first three PCA 
components account for 96.8%, 96.7%, and 98.5% of the 
total variance of ES(λ) spectra under clear sky, overcast, and 
intermediate conditions, respectively. The first PCA compo-
nent (PC1) shows similar variances of ES(λ) spectra under 
different sky conditions (Fig. 9a). The second PCA compo-
nent (PC2) indicates that the total variances of ES(λ) spec-
tra along the PC2 are similar in overcast and intermediate 
conditions and differ from clear sky spectra. The bi-plots in 
Fig. 9 show the distribution of the selected wavelengths in 
the blue (λ = 410 ± 10 nm), green (λ = 550 ± 10 nm), and NIR 
(λ = 750 ± 10  nm & λ = 865 ± 10  nm) regions in PC1-PC2 
space under different sky conditions. Figure 9a shows that 
the eigenvectors of ES(λ) along PC1 have relatively equal 
lengths and positive coefficients for λ = 410 nm, neutral for 
λ = 550  nm, and negative for λ = 410  nm and λ = 865  nm 
under different sky conditions. Similar results are obtained 
along the PC2 eigenvector. Hence, the total variances of 
ES(λ) spectra are controlled by variability of the blue and 
NIR wavelengths with relatively equal influences under dif-
ferent sky conditions.

The first three PCA components of LS(λ) spectra account 
for 99.3%, 97.9%, and 99.1% of the total variances under 
clear sky, overcast, and intermediate conditions, respec-
tively. Figure 9b indicates that the total variances of LS(λ) 
spectra are similar under different sky conditions, while the 
eigenvectors of PC2 exhibit the opposite coefficients of vari-
ability in clear skies. The variation of LS(λ) spectra along 
PC2 has negative coefficients in the NIR region under clear 
sky conditions. These findings indicate that the total vari-
ances of ES(λ) and LS(λ) spectra are relatively independent 
to the sky conditions, and only a total variances of 2.7% of 
LS(λ) spectra in the NIR region is controlled by clear sky 
conditions.

The total variances of LS(λ)/ES(λ) spectra are dominated 
along the first two for 98.5%, 96.3%, and 97.8% in clear 
sky, overcast, and intermediate conditions, respectively. Fig-
ure 9c shows that the total variances of LS(λ)/ES(λ) eigenvec-
tors along the PC1 and PC2 are similar under different sky 
conditions. The biplot of PC1 vs. PC2 of LS(λ)/ES(λ) eigen-
vectors indicates that the variability of spectra are mostly 
from LS(λ) and ES(λ) individually at λ = 410 nm. The eigen-
vector of λ = 410 nm in intermediate conditions has similar 
coefficients and influence (equal length) on the variability 
of the spectra in overcast conditions. The eigenvector of 
λ = 865 nm has a negative coefficient along PC1 and a posi-
tive coefficient along PC2 in intermediate condition, which 
contributes significantly (equal lengths) to the variability of 
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Fig. 9  Principal Component Analysis (PCA) of spectra in different sky 
conditions. (a) PCA of normalized ES(λ) spectra. The two top line charts 
show the amplitudes of PC1 and PC2. CS = Clear Sky, OC = Overcasts, 
and IM = Intermediate conditions. The numbers show the percentage 
of PC1 and PC2 in different sky conditions. The lower biplot shows 

the PCA eigenvectors along the PC1 and PC2 components in differ-
ent sky conditions for selected wavelengths. (b) similar to (a), but for 
normalized LS(λ) spectra. (c) similar to (a), but for LS(λ)/ES(λ) spectra. 
(d) similar to (a), but for ESs(λ)/ES(λ) spectra
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1995; Smirnov et al. 2002). In general, these absorption fea-
tures are distributed across the spectra of ES(λ) and LS(λ) 
under various sky conditions. Several atmospheric factors 
influence the spectral position and width of absorption fea-
tures in ES(λ) and LS(λ) spectra. The most important factors 
include solar activity, increased ozone absorption, increased 
water vapor absorption, intense atmospheric reddish hue of 
dusk or dawn radiation, precipitation, high-humidity, cloud 
cover, and aerosol scattering, (Kopp and Lean 2011; March-
enko et al. 2016). Except for the last two items, the other 
factors are the subject of quality-control routines (Sect. 2.1) 
and the corresponding spectra are excluded in this study. 
Therefore, absorption features of ES(λ) and LS(λ) spectra 
are investigated here which are solely influenced by clouds 
and aerosols scattering. Our analysis reveals the consistent 
width and position of the most prominent absorption fea-
tures of ES(λ) and LS(λ) spectra (Sect.  4.6, Fig.  9). Over-
all, the different absorption features show relatively equal 
prominence in the select quality-controlled samples with a 
spectral width of ± 10 nm. Hence, the range of 760 ± 10 nm 
is omitted entirely in our analysis to avoid the effect of the 
oxygen absorption band (Sect.  3.3). Meanwhile, the most 
prominent features in the blue, green, and NIR regions are 
selected to investigate the spectral variabilities (Sect.  4.6, 
Fig. 9). It should be noted that the absorption features of the 
selected spectra are distributed across the ES(λ) and LS(λ) 
spectra without significant spectral band-shifting or defor-
mation (e.g., red-shifting and high NIR intensities) under 
different sky conditions (Fig. 8a-b). Conversely, the spectral 
shape of ES(λ) may be deformed and shifted towards lon-
ger wavelengths due to scattering in NIR region by coarse 
particles (Chylek and Wong 1995; Smirnov et al. 2002), 
fine aerosol absorption in the visible region (Rozanov and 
Kokhanovsky 2005; Sayer et al. 2014), absorption of water 
vapor in NIR region during precipitation or very high humid 
conditions (Vaquero-Martínez and Antón 2021; Wild 2005), 
and absorption of atmospheric gases in the blue region (Cur-
ran 1989; Kokaly et al. 2009). In such cases, the variabilities 
of ES(λ) and LS(λ) spectra, and the ratios of LS(λ)/ES(λ) and 
ESs(λ)/ES(λ) under different sky conditions may differ from 
those obtained in this study, and the presented methodology 
may fail to indicate sky conditions. Therefore, the results of 
this study are valid for spectra that do not show band-shift-
ing or deformation in overcast and intermediate conditions 
compared to clear skies.

The spectral variabilities of the LS(λ)/ES(λ) ratios reveal 
that these spectral ratios can indicate the sky conditions, 
particularly in the NIR region. The LS(750)/ES(750) ratio 
achieves an accuracy of approximately 75% for identify-
ing clear sky and overcast conditions when rapid changes 
of thick and scattered clouds are ignored. The presence of 
thick and scattered clouds introduces substantial uncertainty 

λ = 865 eigenvector in clear skies. Similarly, the eigenvector 
of λ = 750 nm has a negative coefficient along PC1 and PC2 
in intermediate condition, which controls the variability of 
the eigenvector in clear skies. These findings are consis-
tent with Fig.  9c, indicating the influence of intermediate 
spectra on the variability of overcast in the blue region and 
clear skies in the NIR region (Fig. 9c). The total variances 
of ESs(λ)/ES(λ) spectra include 97.9%, 99.1%, and 98.1% 
along the first three PCA components under clear, overcast, 
and intermediate conditions, respectively. Figure 9d shows 
that the variabilities of ESs(λ)/ES(λ) spectra along PC1 under 
clear sky and overcast conditions are opposite to those under 
intermediate conditions. The eigenvectors of λ = 410  nm 
have different coefficients and relatively equal lengths along 
PC1 and PC2 under different sky conditions (Fig. 9d). This 
indicates that the variabilities of ESs(λ)/ES(λ) spectra in clear 
skies and overcasts are not influenced by the variability of 
this ratio in intermediate conditions. Similar findings are 
obtained from eigenvectors of λ = 750 nm and λ = 865 nm. 
A relatively neutral coefficients of λ = 550 nm are observed 
in the variabilities of ESs(λ)/ES(λ) spectra in different sky 
conditions. The findings indicate that 94.8% (amplitude of 
PC1 + PC2) of ESs(λ)/ES(λ) spectral variabilities under clear 
skies and 98.4% under overcast conditions in the blue and 
NIR regions are not influenced by intermediate spectra.

It should be noted that the PCA is applied to datasets 
classified by the IDR method, and thus serves to charac-
terize — rather than independently validate — the spectral 
structure of the identified classes. The PCA results confirm 
that ESs(λ)/ES(λ) exhibits consistent patterns within the clear 
and overcast groups, with reduced overlap from the inter-
mediate group in selected spectral regions. This supports the 
internal coherence of the classification scheme, but does not 
establish external validation.

Discussion

ES(λ) and LS(λ) spectral shapes contain several narrow 
spectral features originating from gas absorption in Earth’s 
atmosphere. The measured radiometric data illustrate the 
consistent presence of atmospheric gas absorption features 
at specific wavelength regions, including: the red-edge 
region in λ = 680–750 nm due to the absorption edge of oxy-
gen (Curran 1989; Kokaly et al. 2009), absorption edge of 
water vapor in the NIR region at λ = 940 nm (Wild 2005; 
Vaquero-Martínez and Antón 2021), aerosols absorption 
in the visible region (400–700 nm) (Rozanov and Kokha-
novsky 2005; Sayer et al. 2014), and atmospheric scatter-
ing in the NIR wavelengths (in addition to 940 nm) due to 
coarse particles such as dust, smoke, and other particulate 
matter in 710–740 nm and 810–840 nm (Chylek and Wong 
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absolute physical meaning of these parameters is uncertain 
outside clear-sky regimes, their role as proxies for irradi-
ance partitioning is statistically stable and adequate for the 
classification goals of this study. A new generation of the 
hyperspectral pyranometer (HSP) provides field measure-
ments of ESs(λ) and ES(λ). The HSP monitors the distribu-
tion of downwelling solar irradiance in global, diffuse, and 
direct components. Field measurements of diffuse irradi-
ance enable us to adapt the RT model to the site-specific 
atmospheric conditions and investigate the variability of 
atmospheric state against measured IDR. The measure IDR 
then enables a comparative investigation of atmospheric 
models as a function of atmospheric state for estimation of 
aerosol optical depth (τ), angstrom exponent (α), aerosol 
optical thickness (β), and PWV (Sect.  3.2.1). It is recom-
mended to evaluate the presented method and the results 
of this study using HSP measurements. Wood et al. 2017 
describe the characteristics of HSP and its application for 
diffuse irradiance measurements.

The IDR thresholds (IDR ≤ 0.35 for clear sky, IDR ≥ 0.70 
for overcast) were derived for our study region, accounting 
for local atmospheric conditions (e.g., aerosol load, water 
vapor, and typical cloud types). Jordan et al. (2022) utilized 
the HSP measured diffuse component of solar irradiance to 
calculate the IDR for the Western Channel. They referred 
to IDR < 0.2 as clear-sky, 0.2 < IDR < 0.8 as intermediate 
conditions, and IDR > 0.8 as overcasts. Here, we considered 
the effect of saturation of diffuse irradiance component, 
which increases with a high level of atmospheric scatter-
ing, an issue that has not been addressed in previous studies 
(Sect. 3.3.2, Fig. 3). Thus, the observed differences between 
the IDR thresholds in this study and those reported in the 
Jordan et al. (2022) study may largely be attributed to the 
inclusion of this effect. The effect of high atmospheric scat-
tering (aerosol-saturated) increases the values of IDR > 0.8 
which tends to misclassification of scattered clouds 
(Sect. 4.5). Therefore, we believe that the ISRD and ISRS 
coefficients should essentially be excluded from the IDR 
calculation to minimize the effect of high-level scattering 
on IDR variability.

Additionally, the strict QC thresholds, particularly for 
high humidity (≥85%), ensure high-quality hyperspectral 
data but may exclude certain clear-sky scenarios, such as 
humid but cloudless conditions common in coastal regions. 
Under high humidity, hyperspectral spectra can exhibit 
enhanced water vapor absorption in the NIR (e.g., 940 nm), 
which distorts ES(λ) and LS(λ) and renders ESs(λ) and ESd(λ) 
components invalid (Moradi et al. 2024). To assess the 
impact of excluding such spectra, our analysis revealed that 
about 12% of IDR values tended to higher values of 0.35–
0.50, suggesting a minor bias toward higher IDR values in 
humid conditions. To further improve inclusivity, future 

in these measurements, leading to inaccurate identification 
of sky conditions (Table 6). Likewise, the spectral ratios in 
the blue region also exhibit significant variability in differ-
ent sky conditions (Figs. 6 and 8). The findings show that 
although the spectral ratio in the blue region provides valu-
able information, the LS(400)/ES(400) ratio does not offer 
a robust signal for distinguishing clear and cloudy condi-
tions (Table 6). This suggests that in scattered cloudy skies, 
whether obscuring the sun being or patchy within the sen-
sor’s FOV, none of these indices are appropriate to detect 
clear sky conditions. Moreover, these indices do not show 
significant dependence on atmospheric state over short peri-
ods (e.g., hourly scale) under different sky conditions. This 
finding indicates that the LS(λ)/ES(λ) ratios are not sensitive 
to rapidly changing cloud cover (Fig.  9). In contrast, the 
ESs(λ)/ES(λ) variations show that thick and scattered clouds 
do not influence ~ 95% of the spectral variabilities in dif-
ferent sky conditions. In addition, the results indicate the 
dependence of IDR variability in a short period (hourly) on 
sky cloudiness (Fig.  7a). These findings indicate that the 
diffuse component of downwelling solar irradiance is less 
affected by the variability induced by clouds, and it is also 
sensitive to changing cloud cover. While the PCA analysis 
in Sect.  4.6 initially relies on IDR-classified data, which 
could introduce circularity, the PCA using independently 
classified data (Reno CSD and CAELUS) confirms the sta-
bility of the ESs(λ)/ES(λ) ratio across sky conditions. This 
independent analysis mitigates concerns about circularity 
and reinforces the reliability of ESs(λ)/ES(λ) as a robust met-
ric for sky condition classification, as its spectral variability 
remains consistent regardless of the classification method 
used.

This study focuses on classifying sky conditions based 
on radiometric effects observed in hyperspectral irradiance 
data, without explicit retrieval of cloud optical properties. 
While this approach captures the radiative signature of 
cloud cover, it does not distinguish cloud types based on 
physical or microphysical characteristics. We estimate the 
diffuse component of downwelling solar irradiance using a 
radiative transfer inverse modeling (Sect.  3.3.1), since no 
direct measurements of diffuse component are available. 
Although the Gregg and Carder (1990) model was devel-
oped for clear-sky simulations, in this study it is used in an 
inversion context as a spectral decomposition framework to 
estimate the relative contributions of direct and diffuse irra-
diance from measured ES(λ) spectra. The retrieved parame-
ters (i.e., fdd, fds) serve as effective scaling terms, constrained 
by known physical bounds, that enable classification of sky 
conditions via IDR. Similar inversion-based applications 
have been demonstrated by Jordan et al. (2022), where this 
approach provided consistent and accurate diffuse-to-direct 
ratios even under intermediate or overcast skies. While the 
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Conclusion

This study presents a method for identifying sky conditions 
as a function of cloudiness using hyperspectral observations 
of solar downwelling irradiance and sky radiance. The dif-
fuse and direct components of solar dowelling irradiance are 
used to identify periods of ‘cloudless clear sky’ radiation 
or ‘irradiance similar to clear sky’. The Radiative Transfer 
models are used to estimate the direct and diffusive com-
ponents of solar downwelling irradiance. Meanwhile, the 
LS(λ)/ES(λ) ratio in the blue and NIR regions may be used 
as an index to distinguish clear sky and overcast conditions. 
The results indicate that this index is not sensitive to thick 
and scattered clouds, leading to increased uncertainty in sky 
condition identification. In contrast, the enhanced method of 
spectrally integrated diffuse and direct ratios exhibits supe-
rior performance, effectively identifies different sky condi-
tions relative to reference model classifications, including 
those with thick and scattered clouds and rapidly changing 
cloud cover. Our findings demonstrate that diffuse irradiance 
is a crucial component for identification of sky cloudiness 
using hyperspectral measurements. Since in this study solar 
irradiance components are estimated using radiative transfer 
models, it is recommended to evaluate the presented method 
and results using measured diffuse irradiance.
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