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The daily stability of solar irradiance significantly influences photovoltaic (PV) power generation; however,
existing metrics for assessing it normally fail to robustly correlate with daily PV output. To address this
gap, we introduce a new metric, the solar instability index (SII), formulated by applying the Wasserstein
distance to assess the deviation of intra-day solar irradiance pattern from the anticipated diurnal cycle. In

our case station, SII closely correlates with atmospheric moisture and available solar energy, suggesting its
strong association with synoptic weather events that lead to solar resource loss. We further scrutinize the
efficacy of SII alongside two existing metrics through two case studies. The results demonstrate that SII excels
in capturing low-frequency variations in solar irradiance without relying on arbitrarily assigned parameters,
thereby outperforming the other two metrics in establishing a robust correlation with PV power output. As
such, in scenarios involving site selection for PV power plant, SII stands as a valuable metric for assessing the
potential stability of daily PV power generation.

1. Introduction

Solar irradiance on the Earth’s surface is predominantly governed by
two principal factors: the radiation reaching the top of the atmosphere,
determined by solar brightness and the Earth’s orbit parameters [1],
and the reflection, scattering, and absorption effects of the atmo-
sphere [2]. Since solar brightness and the orbital parameters of Earth
remain nearly constant on a decade timescale [3,4], studies on solar
irradiance variations typically concentrate on atmosphere-related fac-
tors. Within this scope, cloudiness stands as the primary driver of these
variations, with features such as the spatial distribution, fraction of
cloud cover, the intensity of convection processes, and the speed of ad-
vection significantly shaping the outcome [5,6]. Those cloud behaviors
are intricately linked to synoptic weather events, including frontal sys-
tems, convective storms, and tropical cyclones [7]. Moreover, aerosols
also substantially affect solar irradiance variability, particularly over
large spatial and temporal scales [8,9]. Intense aerosol loads in the
atmosphere due to dust storms, sandstorms, or pollution events lead
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to haze formation, causing concurrently decreased solar irradiance [6].
These atmosphere-related factors cause deviations in downwelling solar
radiation from clear sky conditions at ground level, resulting in altered
(mostly reduced) photovoltaic (PV) power generation.

Several established algorithms exist for quantifying solar irradiance
stability. One type of commonly used algorithm involves the clear-sky
index and clearness index, derived from the ratio of ground-level solar
irradiance to the estimated value under clear sky conditions and the
ratio of ground-level solar irradiance to extraterrestrial levels, respec-
tively [10-13]. Increments of these indices, i.e., the difference between
consecutive measurements, have been used to quantify solar irradiance
stability through mean values, standard deviations, and other statistical
properties [14-16]. Another type of method uses the sunshine number,
a binary variable indicating whether the sun is covered based on a
solar irradiance threshold [17]. Qualifiers such as the daily averaged
sunshine stability number (DASSN), measuring the daily average value
of positive increments of the sunshine number, have been developed to
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List of abbreviations

Abbreviation Definition

DARR Daily aggregate ramp rate

DASSN Daily averaged sunshine stability number
GHI Global horizontal irradiance

PDF Probability distribution function

PV Photovoltaic

RH Relative humidity

SII Solar instability index

assess solar irradiance stability [17,18]. Additionally, metrics based on
the increments of cloud properties derived from satellite imagery — such
as the effective cloud cover coefficient — have also been established [19,
20]. Regarding the irregularity of solar irradiance time series, re-
searchers have also employed the fractal dimension as a quantifier of its
variability [21,22]. Furthermore, algorithms combining these various
quantifiers have been developed in the existing literature [23,24].

However, it can be deduced that these established metrics for
measuring solar irradiance stability generally struggle to robustly cor-
relate with solar energy generation, primarily due to their omission
of key information. Atmosphere-related intra-day fluctuations in solar
irradiance can be broadly categorized into two types: high-frequency
fluctuations (referred to as type 1), occurring as broken clouds pass
by, temporarily diminishing irradiance for seconds to one hour, and
low-frequency fluctuations (type 2), occurring when large-scale clouds
or haze persist, reducing irradiance for several hours. Previous studies
(e.g., Refs. [24,25]) show that existing quantifiers are generally adept
at dealing with type 1 but exhibit limited capability in capturing type
2. Consequently, fully overcast days are highly likely to be classi-
fied as stable using those quantifiers, owing to minor high-frequency
fluctuations despite significant deviations from the anticipated diurnal
cycle. However, under such conditions, the PV power output would be
notably lower than expected based on the diurnal cycle, contradicting
the classification. As such, it is insufficient to consider high-frequency
fluctuations solely when measuring the stability of solar irradiance
in the context of PV power generation. Additionally, the introduction
of artificial criteria in some metrics (such as DASSN) could lead to
fluctuations in their relationship with PV power output as the criteria
change. Therefore, there is a need for a new metric to evaluate solar
irradiance stability, one that is closely correlated with atmospheric
processes occurring on various timescales that lead to a reduction in
solar resource and, consequently, is robustly linked to PV power output.

The advancement of mathematical methodologies provides im-
proved tools for assessing solar irradiance stability. A promising can-
didate is the Wasserstein distance. Rooted in optimal transport the-
ory [26], this metric measures the optimal “effort” needed to transport
mass between two probability distributions, enabling the quantification
of differences between them [27-30]. Currently, the Wasserstein dis-
tance has been applied to various science fields, encompassing climate
model evaluation [29], detection of synchronization in dynamical
systems [31], and statistical parameter estimation [32]. It has also
gained prominence in machine learning, particularly as a valuable tool
for Generative Adversarial Networks [33-35]. In the case of quantifying
solar irradiance stability, we employ the Wasserstein distance as a
measure of distinctions between the temporal distribution of solar
irradiance and a reference distribution and term this metric as the solar
instability index (SII), where a higher value indicates a higher level of
instability. Due to its mathematical feature, this new metric has the
potential to capture both types of fluctuations and therefore establish
a strong connection with PV power generation.

The present study is structured as follows. Section 2 offers an
overview of the data used and presents the formal definition of SII
and two other metrics for comparison. In Section 3, we first provide
a case-based explanation of the functionality of SII to assist readers in

building a better understanding of it. Subsequently, the daily evolution
of SII over a year is outlined, followed by an exploration of the physical
processes influencing it. A comparative analysis with existing metrics
for SII is then conducted to highlight the unique insights the proposed
metric provides. Finally, Section 4 summarizes key findings and offers
commentary on SII and other relevant metrics.

2. Data and method
2.1. Data and preprocessing

The solar irradiance, air temperature, humidity, and power output
data were collected from the Herun PV power plant (21.6°N, 111.4°E)
in Guangdong, China. This power plant is located in the low-lying
flat terrain along the southern coast of China (Fig. 1). It is situated
within the monsoon region, characterized by dry conditions and pre-
vailing northerly winds in winter and humid conditions with prevailing
southerly winds in summer. The data covers the whole year of 2022 at
5-min intervals. Multiple quality check steps were performed to remove
erroneous and suspicious records:

1. Remove records that exceed a reasonable range. After consult-
ing the historical meteorological data, the range for global horizontal
irradiance (GHI), temperature, and relative humidity (RH) is set as
0~1400 W/m?, —40~60 °C, and 0~100%, respectively. Since the power
plant’s installed capacity is 50 MW and the power consumption of the
PV module during operation is around 0.1 MW, the range for the power
output is set as —1~50 MW.

2. Remove records that remain unchanged over a certain period.
Considering the varying nature of the atmospheric environment, the
non-varying observation records are most likely due to malfunctioning
of the instruments and, therefore, should be removed. The threshold for
GHI (power output) is 5 h for non-zero value records (equal or above
zero value records) and 20 h for zero value records (below zero value
records). For temperature and RH, the threshold is 5 h.

3. Remove records during maintenance. According to the operation
and maintenance records of the power plant, the PV modules were
manually shut down for maintenance three times with a total duration
of 9 days in the year 2022. Data collected on these days were excluded
from the analysis.

After quality control procedures, a total of 100,091 records were
used in the subsequent analysis.

2.2. Method

The primary application of the Wasserstein distance is to quantify
the disparity between two probability distribution functions (PDFs).
Expressed as W,(u,v) on R?, where p € [1,0) and = € IT(u,v) rep-
resents a joint distribution, the Wasserstein distance is mathematically
formalized as:

1
Wty = (_inf / =yl datx.y)’ )
n€ll(p,v) Jrd xRd

To contextualize this approach for assessing solar irradiance sta-
bility, we first treat intra-day solar irradiance patterns as PDFs by
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Fig. 1. Location (red triangle) and topography (shaded) of Herun photovoltaic power plant.

normalization (i.e., ensuring the integration of intra-day distribution
as 1). This treatment enables the application of Wasserstein distance
to assess the variability of these solar irradiance time series, regardless
of changing solar elevation angles across the year. Second, given the
prevalence of the diurnal cycle in governing intra-day variations in so-
lar irradiance, we treat the diurnal cycle as PDF (also by normalization)
and take it as a reference. Finally, the Earth Movement Distance (p =
1) is used, where the metric intuitively calculates the minimal “cost”
required to transform one distribution into another. SII is denoted by:

SII = inf

T —-T,| dn(Tg,T, 2
rell () | G r| 7[( G r) ( )

DgxD,
where p and v represent the PDFs for a given day and the reference,
respectively. = stands for the joint distribution between those two PDFs,
while T,; and T, denote the hours from 12 p.m. during the given day
(Dg) and the reference (D,). Overall, this new metric provides a means
to gauge the extent to which solar irradiance patterns deviate from the
anticipated diurnal cycle, enabling a comprehensive assessment of solar
irradiance stability. It is important to note that the temporal units used
in this study (7; and T,) are hours, and the values of SII could vary if
calculated using different temporal units.

Two commonly used quantifiers, daily aggregate ramp rate (DARR)
and DASSN, were also computed to compare with SII. The DARR is
defined as [36]:

T-1
_ |Gt +1) - G(1)|
DARR = Z{ — ©)]

where G(r) is the GHI, and C is an optional constant for normalization
(set to 1 in this study, indicating that no normalization is applied).
To exclude fluctuations associated with clock time, we substitute G(r)
with the clearness index k.(¢), i.e., the ratio of G(r) to that estimated at
extraterrestrial level G,,,(1):
G()
Gext(t)

G, (1) = Gge e(t) sin h(r) )

k() = 4

where G g is the solar constant, () is the eccentricity correction factor
according to Ref. [37], and A(z) is the solar elevation angle.
And the DASSN is defined as [24,25]:

T-1
-1
DASSN = ; 140) ®)

1, if Ex+1)>¢&@
‘o= )

0, otherwise

where £(¢) is the sunshine number, a binary variable indicating whether
the sun is covered, quantitatively defined as:

if Gy(0)

- > Gy
&) = sin h(r) th 8)

0, otherwise

where G,(t) is the direct normal irradiance, and G, is an artificial
threshold of 120 W/m?, consistent with the criteria for sunshine du-
ration [38]. In this study, we use GHI data as a substitute due to the
lack of high-quality direct normal irradiance data. As for G,,, instead
of setting an arbitrary value, a sequence of values (120, 240, 360, 480,
600, and 800 W/m?) are used to test the robustness of this index.

3. Results

In this section, SII is first elaborated upon through case studies,
followed by an exploration of its interactions with GHI, temperature,
and humidity. Finally, a comparative analysis with DARR and DASSN is
presented to emphasize SII’s superior correlation with PV power output.

3.1. Comprehension of SIT

To facilitate the comprehension of SII, we initiate a case-based
explanation of its functioning. Fig. 2a illustrates the diurnal cycle of
GHI, which is obtained from smoothed original annual mean GHI.
This cycle exhibits a clear symmetric pattern, with irradiance rising
steadily from 6 a.m. at sunrise, peaking around noon at approximately
550 W/m?, and then declining to zero around 6 p.m. during sunset.
On specific days, variations in solar irradiance introduce noise into
the diurnal cycle, showcasing different frequency components. For
instance, on September 12, GHI evolution exhibits a predominantly
gentle pattern but undergoes a sharp drop after 1 p.m., indicating
significant low-frequency variations (Fig. 2b). Conversely, on July 19,
the GHI time series follows the diurnal cycle but displays pronounced
jagged noise, reflecting substantial high-frequency variations (Fig. 2c).
As a metric for measuring the minimal “cost” of adjusting the intra-day
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Fig. 2. Diurnal variation of global horizontal irradiance (GHI, units: W/m?): (a) annual mean (semi-transparent line), its smoothing using a low-band pass filter (thick line), and
the range between the 1st and 3rd quartiles (shaded) for the year 2022; (b) on September 12, 2022 (thick line) and the reference distribution (semi-transparent line, multiplied

by the summation of the GHI within the day); (c¢) similar to (b) but for July 19, 2022.

GHI temporal distribution to match the diurnal cycle (akin to the labor
input in earth-moving work), SII is expected to be higher in the first
case. Indeed, SII is quantified as 1.25 for the first case and 0.31 for the
second case, illustrating that GHI in the first case is far less stable than
in the second one.

Additionally, high SII values are also observed on March 22, where
both high- and low-frequency variations are present, yielding an SII
of 1.29, comparable to September 12 (Figure S1). However, this does
not necessarily mean that low-frequency variations always dominate
SII values. Instead, SII is primarily influenced by loss in solar re-
source rather than the frequency of perturbations (Figure S2). Since
low-frequency variations frequently result in significant solar resource
losses due to prolonged reductions in GHI, they typically lead to
higher SII values. This underscores the critical role of low-frequency
variations in predicting solar resource losses and highlights the need
for solar irradiance instability quantifiers that can effectively capture
these variations.

3.2. Physical processes regarding SII

Fig. 3 provides the daily evolution of SII, GHI, RH, and tem-
perature over a year. It is revealed that SII ranges from 0 to 2.5
without a discernible seasonality. On the contrary, GHI and temper-
ature demonstrate a clear seasonality, with values higher in summer
(July to August) than in winter (December to February), corresponding
to the evolution of solar elevation angle. Notably, the inter-day variabil-
ity is more pronounced than seasonality for GHI, but the seasonality
dominates the overall fluctuation for temperature. Regarding RH, no
seasonality is observed; however, marked fluctuations are noted from
October to December. These fluctuations are primarily attributed to two
strong cold anticyclone events (which hinder the flow of moist air, lead-
ing to a drier local environment), as corroborated by meteorological
records.

From Fig. 3, it can be found that high values of SII typically
coincide with low values of GHI, a relationship further substantiated
by a correlation coefficient of —0.51 (p < 0.01), as shown in Table 1.
This inverse relationship results from the nature of SII, which quantifies
the deviation of GHI distribution from the diurnal cycle. Generally
speaking, a high SII indicates a substantial loss in solar resource. The

Table 1

Pearson correlation coefficients of solar instability index (SII) and global horizontal
irradiance (GHI), and their respective correlation coefficients with relative humidity
(RH) and temperature. The daily values for all variables except SII are obtained by
taking their daily mean.

Variable Corr with SII Corr with GHI
SII / -0.51*

GHI —-0.51* /

RH 0.38* —0.38*
Temperature 0.033 0.45*

* Indicates p < 0.01 in a two-tailed student’s t-test.

loss of solar resource is primarily due to synoptic weather events in-
volving moist processes (which are fundamental to cloud formation and
precipitation) that frequently block solar radiation through cloud cover.
This assertion is supported by the negative correlation between GHI and
RH (r = —0.38, p < 0.01, shown in Table 1), for that elevated RH usually
coincides with active moist processes. As such, active moist processes
also lead to a high level of solar irradiance instability, evidenced by the
correlation coefficient between SII and RH being 0.38 (p < 0.01).

Despite GHI’s strong correlation, SII does not exhibit clear relation-
ship with temperature (Fig. 3, Table 1). From a statistical perspective,
the correlation between GHI and temperature arises from their shared
seasonality. Since seasonality primarily influences temperature varia-
tions and inter-day fluctuations primarily influence GHI variations, SII,
which lacks seasonality, does not correlate strongly with temperature.
However, it may still show some association with GHI due to its
sensitivity to daily-scale fluctuations. Consequently, the monthly mean
of SII does not correlate strongly with GHI, as the data is dominated
by seasonality rather than by daily-scale fluctuations (Table S1, Figure
S3). From a physical standpoint, the correlation of GHI and temperature
is governed by changes in the solar elevation angle. However, the
lack of correlation between SII and air temperature is attributable
to the nonlinear relationship between air temperature and synoptic
phenomena, especially those encompassing moist processes, which are
responsible for significant deviation of GHI to the diurnal cycle.

In summary, this analysis unveils significant correlations of SII
with RH and GHI, yet SII demonstrates no clear association with air
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Fig. 3. Evolution of solar instability index (SII), global horizontal irradiance (GHI, units: W/m?), relative humidity (RH, units: %), and temperature (units: °C) in the year 2022.
The semi-transparent and thick lines show the original series and smoothed ones by a 15-day moving average, respectively. The shaded belts indicate the time of coherent change
of different variables. The daily values for GHI, RH, and temperature are obtained using the daily mean.

temperature. This highlights the influence of synoptic weather events
involving moist processes on solar irradiance stability, independent of
fluctuations in air temperature. These results suggest a close association
between SII and synoptic weather events that result in the loss of solar
resource, positioning SII as a link between atmospheric processes and
PV power generation.

3.3. Comparison with established metrics

We chose two commonly used metrics with distinct nature, DARR
and DASSN, and undertook an inter-comparative analysis of SII with
them.

In the daily evolution shown in Fig. 4, the correlation coefficient
between SII and DARR is —0.11 (p > 0.05), indicating no significant
association. In contrast, the correlation coefficient between SII and
DASSN, with a threshold of 120 W/m?, is 0.32 (p < 0.01), suggesting
a solid positive linkage. Furthermore, a negative correlation of r =
—0.16 (p < 0.01) between DARR and DASSN is shown, illustrating
their divergent patterns. This result suggests that a comparable stability
classification can be achieved using SII and DASSN under specific
threshold conditions, whereas distinct outcomes will be obtained when
employing SII and DARR. Moreover, adopting DARR and DASSN for
assessment may produce opposing findings.

In further evaluating the correlation between different metrics and
daily mean power output (Table 2), SII exhibits a marked negative
correlation (r = —046, p < 0.01), owing to that unstable solar
irradiance conditions tend to induce solar resource loss and further
lead to reduction in PV power generation. DARR displays a positive
correlation (r = 029, p < 0.01), probably because overcast days
with low DARR commonly have low power outputs. DASSN exhibits
a range of correlation coefficients, varying from significantly negative
to significantly positive, contingent on the chosen threshold. This is
because the DASSN considers only variations around the threshold
value. Therefore, with a higher threshold, high-power-output cases are
more inclined to exhibit a higher DASSN, whereas low-power-output

cases are less prone to indicate a higher DASSN, resulting in a higher
correlation coefficient of DASSN versus mean power output, and vice
versa.

To gain a more nuanced understanding of the distinctions among SII
and other metrics, we focus our analysis on two representative cases:
September 12 and July 19. Since different metrics employ distinct
units and exhibit varying absolute magnitudes, we employ deciles to
enhance comparative assessments across these metrics (Table 3). Due to
the strong non-linearity of the threshold-based algorithm, the value of
DASSN remains constant across the 1st to 4th deciles and similarly for
the 5th and 6th deciles. Therefore, cases with a DASSN of 0.35 x 1072
or lower are classified as the 1st decile, while those above 0.35 x 1072
and up to 0.69 x 1072 fall into the 5th decile category.

On September 12, the GHI gradually rises from sunrise to peak
from 12 pm-1 pm, characterized by a swift yet sharp oscillation near
noon. Subsequently, at 1 pm, a remarkable plunge takes place, reducing
the GHI from its peak to a relatively low level, indicating a synoptic
weather event in the region. Following this plunge, the GHI remains
below a low level with a slight surge around 4 pm, gradually diminish-
ing until complete attenuation after sunset (Fig. 5a). Evidently, the GHI
alterations do not manifest substantial high-frequency variations, but
the PDF shape undergoes a pronounced transformation. Consequently,
SII, designed to gauge the similarity of the shape with the diurnal cycle,
registers a highly elevated value (1.25, 9th decile). However, given the
extensive cloud cover persisting for almost half a day, DARR remains
relatively low (3.87, 2nd decile), rendering it unable to capture the
substantial deviation from the diurnal cycle. This observation aligns
with the findings of Ref. [39], who noted that overcast days often ex-
hibit low DARR, akin to clear-sky days. In contrast, DASSN is relatively
middle level (0.69 x 1072, 5th decile) in this instance, as only a few
data points surpass the prescribed criteria, resulting in few changes
being accounted for in this metric. Notably, DASSN only considers
changes from below a given threshold to above, introducing inherent
artificiality and insensitivity to alterations occurring above or below
the threshold, such as the abrupt change near noon.
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Table 2

Pearson correlation coefficients of solar instability index (SII), daily aggregate ramp rate (DARR), daily averaged sunshine stability number
(DASSN), and power output versus each other. The computation of DASSN employs a sequence of thresholds (marked within the parentheses).

The daily power output is obtained by taking its daily mean value.

DARR  DASSN(120)  DASSN(240)  DASSN(360)  DASSN(480)  DASSN(600) ~ DASSN(800)  Power output
SIt -011  0.32* 0.17* -0.01 -0.09 -0.15* -0.20* -0.46*

DARR -0.16* 0.26* 0.74* 0.87* 0.91* 0.90* 0.29*
DASSN(120) 0.31* -0.11 -0.22* -0.27* -0.31* -0.54*
DASSN(240) 0.50* 0.27* 0.16 0.06 -0.23*
DASSN(360) 0.81* 0.70* 0.58* 0.12
DASSN(480) 0.92* 0.79* 0.26*
DASSN(600) 0.90* 0.38*
DASSN(800) 0.48*

* Indicates p < 0.01 in a two-tailed student’s t-test.

Table 3
The decile value of solar instability index (SII), daily aggregate ramp rate (DARR),
and daily averaged sunshine stability number (DASSN). Note that the value of DASSN
remains the same from the 1st to 4th deciles and similarly for the 5th and 6th
deciles.

Decile SII DARR DASSN(1072)
1 0.13 2.49 0.35

2 0.20 3.47 /

3 0.24 4.60 /

4 0.30 5.56 /

5 0.36 6.89 0.69

6 0.43 8.36 /

7 0.55 9.87 1.04

8 0.70 11.51 1.39

9 0.95 15.43 2.08

However, on July 19, the GHI curve closely adheres to the diurnal
cycle but exhibits pronounced high-frequency noise, with a relatively
high mean value during daytime (Fig. 5d). Given that the discrepancy
of GHI from the diurnal cycle primarily arises from the high-frequency
noise, the SII value is 0.31, indicating moderate instability (4th decile).

In contrast, for DARR, substantial high-frequency noise leads to signif-
icant variations in the clearness index between consecutive time points
(Fig. 5e), resulting in a notably high value of DARR (23.48, 9th decile).
As a comparison, the DASSN remains at a low level (0.35 x 1072, 1st
decile) since only sunrise and sunset variations are counted in this case.
The GHI during daytime remains higher than the prescribed threshold,
and as a result, none of the GHI variations contribute to the DASSN
(Fig. 5f).

The analysis reveals that SII excels in capturing low-frequency solar
irradiance variations, establishing a robust correlation with PV power
output. In contrast, DARR fails to capture prolonged mismatches with
the diurnal cycle, while DASSN introduces artificiality as a threshold
that must be manually set. As such, SII is a valuable metric for assessing
solar irradiance stability compared to these existing metrics in the
context of PV power generation.

4. Conclusion and discussion
In this study, we introduce SII as a novel metric for assessing solar

irradiance stability. Based on the Wasserstein distance, SII quantifies
solar irradiance deviations from the anticipated diurnal cycle, capturing
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Fig. 5. Evolution of (a) normalized global horizontal irradiance (GHI, thick line) and the reference distribution (semi-transparent line), (b) clearness index (k (¢), in green color)
and the absolute value of its increment (\kc(t +1)— k[(r)|, in red color), as well as (c) sunshine number (¢, line in the upper part) and the positive increment of it (¢, line in the

lower part) on September 12, 2022. Similar for (d), (e), and (), but on July 19, 2022.

both low and high-frequency variations. The physical processes related
to SII emphasize the role moist process-involving synoptic weather
events in affecting solar irradiance stability. Notably, SII demonstrates
a stronger negative correlation with PV power output, outperforming
DARR and DASSN, which exhibit limitations in capturing prolonged
mismatches with the diurnal cycle and sensitivity to the threshold
selection, respectively. Consequently, SII emerges as a valuable tool for
assessing the stability of solar irradiance in the context of PV power
generation, and offering insights for site selection of PV power plant.

The comparison of various metrics reveals their distinct character-
istics. SII captures variations in solar irradiance across both high and
low frequencies, thereby providing valuable insights into PV power
generation and site selection. In contrast, DARR excels in isolating
high-frequency noise in GHI, but may overlook deviations in overcast
scenarios. Lastly, while DASSN correlates closely with sunshine dura-
tion, its restricted sensitivity to variations above or below the threshold
may result in incomplete evaluations of solar resource stability. There-
fore, it is essential to choose appropriate metrics based on specific
problems.

The findings of our study, based on surface observation data from
a humid monsoon region, highlight the pivotal role of moist processes
in influencing SII. In this context, cloudiness and precipitation are the
primary factors that affect solar radiation stability. While the definition
of SII developed in this study is widely applicable, the underlying mech-
anisms driving SII variations require careful examination in different
geographical settings. For instance, it is imperative to reevaluate the
significance of these factors when extending our insights to arid or
desert regions. In these areas, additional factors like sand storms or
dust particles are assumed to be important in shaping dynamics of
solar resource, potentially diminishing the impact of moist processes on

SII due to prevailing arid conditions. These underscore the importance
of region-specific considerations when evaluating the stability of solar
irradiance. A broader perspective that accounts for local environmental
factors and their impacts on solar irradiance stability is essential for
devising accurate strategies to enhance solar energy reliability. Future
studies should thus incorporate these diverse influences to craft robust
frameworks for assessing stability of solar resource across varying
climatic contexts.
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