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HIGHLIGHTS

o Three situational awareness indices (SAls) for solar PV plants are proposed.

o SAIs characterize solar PV plant performance based on environmental conditions.

o Historical PV power generation data provides high spatial-temporal SAI resolutions.
o Near real-time planning and operational contexts of solar PV plants are enhanced.
e Practical application of SAls with energy dispatch PV-BESS controller study.

ARTICLE INFO ABSTRACT
Keywords: Solar photovoltaic (PV) plant development and utilization is increasing worldwide but remains intrinsically
Fuzzy inference system challenged by its large dependence on highly variable weather conditions and operating states. This paper

Performance state
Situational awareness
Solar PV plant operations & planning

presents a framework to leverage three new situational awareness indices (SAIs), namely: weather condition
index (WCI) to gauge operational performance based on environmental states, operational complexity index
(OCI) to indicate the severity of power generation reductions, and photovoltaic generation index (PVGI) to
provide a final determination of the impact on power generation and to bolster situational awareness in planning
and operational contexts for solar PV plants. This is accomplished by exploiting the effects of weather conditions,
operating states, and solar PV power generation performance in high spatial-temporal resolution contexts
residing in solar PV power generation data with independent fuzzy inference systems (FISs) for each index. SAls
provide additional operational insights to evaluate solar PV plant performance over both short-term (minute(s))
and long-term (24 h) time intervals in a variety of areas, including weather condition classification studies,
energy dispatch controllers, and power system voltage and frequency stability assurance. The proposed SAIL
framework is developed, demonstrated, and evaluated for a 1MWp solar plant located in Clemson, South Car-
olina, USA.

greenhouse gas emissions, particularly with coal and natural gas power
generation. Other influences on the transition to renewable energy
generation, highlighted by the United Nations include carbon-neutral
governmental regulations, sustainability initiatives, and growing re-
quirements for energy security [2].

Among widely available RES technologies, notably, solar and wind
energy are at the forefront. Benefiting from supporting policies and In-
dustry 4.0 advancements, the cost of solar power generation has drop-
ped dramatically, with the International Energy Agency (IEA) reporting
solar generating capacity tripling from 2018 to 2024 and projecting the
technology to account for 80 % of renewable generation growth by 2030

1. Introduction

Electric power generation markets worldwide are experiencing ever-
increasing energy demands. In fact, projections from the U.S. Energy
Information Administration (EIA) account for at least a 55 % increase in
global electric power generating capacity by 2050 [1]. Supporting this
additional power generation capacity amidst the industry-wide transi-
tion from fossil fuel-based generation to renewable energy sources
(RESs), is a crucial target. A primary driver of this transformation is the
urgent need to mitigate harmful effects of climate change by reducing
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Nomenclature

Abbreviations

Al Artificial intelligence

BESS Battery energy storage system

CPF Cumulative power fluctuation (MWh)
CPG Cumulative power generation (MWh)
DP No. polled daytime samples

EIA U.S. Energy Information Administration
FIS Fuzzy inference system

GHI Global horizontal irradiance (W/m?)
H High

IEA International energy agency

IoT Internet-of-things

L Low

M Medium

MH Medium-high

ML Medium-low

MLP Multi-layer perceptron

MPPT Maximum power point tracking
NwpP Numerical Weather prediction
ocC Operating condition

ocCI Operational complexity index
PFD Power fluctuation density (MWh)
PFF Power fluctuation frequency
PMU Phasor measurement unit

PV Photovoltaic

PVGI PV generation index

PVGI-DT PVGI-based decision tree

PVPS PV power generation signature (MW)
RES Renewable energy source

SA Situational awareness

SAI Situational awareness index

SCADA  Supervisory control and data acquisition
SoC State of charge

TF Timeframe

T-DT Traditional decision tree

VH Very-high

VL Very-low

weC Weather condition

wcCI Weather condition index

Variables

Distance

Total days in historical dataset
Arbitrary day

24 h Time-series power generation (MW)
Power generation sample (MW)
Total samples in 24 h period
Arbitrary timestamp

FIS rule output weight
Arbitrary OC

FIS rule output level

Feature scaling value

Distance proportion

R NME TNT U A

[3]. In particular, solar photovoltaic (PV) technologies offer flexible,
scalable, and adaptive designs to fit robust applications in varying cli-
mates worldwide, boosting their appeal. These include grid-connected
utility-scale PV plants on and off-shore, distributed PV systems in
microgrids, and standalone residential contexts [4-6]. Additionally,
technological developments have further enhanced solar PV imple-
mentations by enabling the synergy of state-of-the-art technologies with
solar PV systems, namely battery storage [7,8], and information gath-
ering and processing with internet-of-things (IoT) devices, big data
centers, and artificial intelligence (AI) [9-11].

Variability and intermittence of solar power generation pose a sig-
nificant challenge to widespread utilization of PV systems in the power
grid. Weather condition (WC) volatility, especially cloud-layer
coverage, presents a direct influence on global horizontal irradiance
(GHI) capture, thus impacting the power generating capacity of a solar
PV system. Consequently, there exists a large difference between solar
PV power generation during clear days with minimal cloud coverage
obstructions, and days with overcast, rain and/or foggy conditions. This
resource variability has placed greater challenges in system operation
and energy dispatch control, potentially threatening power grid reli-
ability and stability, especially in regions with greater levels inverter-
based resources featuring low-inertia power generation [12,13]. As a
result, significant research spanning beyond the past decade has been
devoted toward developing methods to obtain information sources to
improve intelligence in solar PV system operation. Namely, solar PV
power estimation and forecasting has developed into a substantial field,
evolving with a multitude of varying methodologies. These include
physics-based, statistical, sky-based imaging, and Al based learning
models [14-18]. Regardless of the approach, a large portion of this
literature focuses on predictive modeling driven by historical data.

It is noted that GHI exposure, and thus solar PV plant power gener-
ation, has a high correlation to the concurrent weather conditions,
especially cloud coverage. Therefore, characterizing the relationship
between GHI exposure and corresponding solar PV output with highly

volatile cloud coverage is increasingly difficult. In surrounding litera-
ture, this relationship is widely observed. Consequently, some studies
have targeted this relationship within their predictive models by further
introducing weather classification studies. Generally, these methods
utilize a preprocessing stage where historical data is analyzed, and a WC
label is assigned to a time-series sample. Commonly, these studies utilize
Al-based methods [19-25], or a lookup table [26-28] to make in-
ferences on weather conditions for historical solar PV plant power
generation. Other forms of WC based studies utilize numerical weather
prediction (NWP) data provided by local or regional weather stations
[29-32], or sky image-based analysis [33]. In all cases, a set of WCs are
identified, often two, three, or four classifications, that are utilized to
create sub datasets. Predictive models are trained independently on
their corresponding sub dataset. Including a WC classification stage in
preprocessing typically yielded higher accuracy and precision than that
of a single, uniform model.

While WC classifications have been primarily utilized for improving
solar PV plant power forecasting accuracy, other applications have
emerged. For instance, in [34], an hourly weather status pattern
recognition system is developed for measurement anomaly detection,
and error recognition and mitigation in solar PV systems. However, in
this surrounding literature, a few shortcomings with WC-based studies
have been identified, as they can provide the additional value of massive
data source in solar PV plant planning and operation. The first relates to
the type of data utilized to determine WC classifications. Primary
methods of data acquisition include historical PV plant power genera-
tion measurements with supervisory control and data acquisition
(SCADA) or Phasor Measurement Units (PMUs), weather data collected
at the site, and that provided by NWP. However, it is noted that the latter
two data sources often contain deficiencies, either with WC identifica-
tion definition, spatial-temporal resolution, and investment/operating
costs [30]. On the other hand, utilizing historical solar PV plant power
generation measurements allows a more targeted approach in terms of
geographical scope, temporal characteristics, and high resolution
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analysis.

Secondly, the nature of which classifications and labels are derived
and assigned also pose challenges to the WC ideology itself. Significant
efforts in literature have been devoted toward complex analysis for
generalizing various weather conditions, besides the two most essential
weather types, i.e. sunny and cloudy, based on a variety of environ-
mental factors [35]. These include studies on cloud condition identifi-
cation based on motion, formation and density, wind fields,
temperature, precipitation, atmospheric pressure and event duration. In
turn, a multitude of classification labels exist, such as rainy, snowy,
overcast, foggy, partly/mostly cloudy, with some additionally including
temperature (hot/cold) and duration (short-term/continuous rainfall)
effects. Classification labels become more complex when considering
seasonal impacts, like temperature, daylight duration, solar zenith
angle, precipitation frequency, and sky conditions, and may greatly vary
based on geographical location throughout the year.

On the other hand, generalizing WCs over 24 h intervals also restricts
the level of situational awareness (SA) when considering real-time
planning and operation of solar PV plants. WC labels are typically
restricted to a 24 h period; very few studies have taken a more in-depth
approach to higher resolution WC classification, i.e. intra-day contexts
[35]. This can be attributed to factors such as slow data sampling rates
causing data scarcity in intra-day contexts, and the type of application
for the WC classification labels. However, focusing on the time interval
of WC classification on historical solar PV power generation data can
constitute massive source of knowledge considering near real-time
planning and operating procedures. For instance, standardizing WC
classifications based on an intra-day, intra-hour, or sampling rate basis
can add great insights to PV plant power generation performance in ultra
short-term contexts.

Considering the volatile nature of WCs, and the difficulty of assigning
a descriptive label to accurately reflect the impact of WCs on PV power
generation, the use of fuzzy inference systems (FISs) are explored in this
study. FISs utilize fuzzy logic in an expert-driven modeling approach to
assign classifications and particularly excel when distinct relationships
between input and output variables are not present. There are six cat-
egories that feature FIS-type architecture applications with solar PV
plants: solar irradiance forecasting, PV output power estimation,
parameter identification for PV system sizing, maximum power point
tracking (MPPT), inverter control and fault diagnosis [36]. FISs also
provide a unique opportunity to expand on labels with an index-based
system, rating outputs on a scale, [0,1], instead of subjective linguistic
labels. Thus, the utilization of FISs for WC-type identification in a data-
driven scene constitutes an intuitive approach for WC label assignment.

In this study, three new situational awareness indices (SAIs) are
proposed to not only improve WC identification and classification, but to
provide further insights on solar PV plant performance based on con-
current operational and environmental states. The methodology features
a strictly data-driven approach, utilizing solar PV power generation data
collected at the site for individual FISs. The SAIs specifically target an
independent aspect relevant to near real-time planning and operation of
solar PV plants as follows:

e Weather Condition Index (WCI): Reverse-engineers a rating for the
concurrent WCs, specifically targeting sky-clearness, with respect to
its impact on solar PV plant power generation. Thus, WCs may be
inferred by the WCI at the highest spatial-temporal resolution,
bypassing the inaccuracies of other methods. Use cases may include
WC delineation in power generation datasets and WC-based perfor-
mance evaluation algorithms.

Operating Complexity Index (OCI): Takes into account the impact of
both magnitude and frequency of power generation deviations to
quantify the severity of non-ideal power generating circumstances on
PV plant performance. The OCI provides a timely metric indicative of
reductions or deficiencies in power generation. Use cases may
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include predictive assessments for power system voltage and fre-
quency stability assurance.

PV Generation Index (PVGI) provides a holistic comparison of power
generation output with respect to solar PV plant performance and the
power grid. The PVGI leverages real-time temporal impacts of solar
PV power generation with the characteristics identified in the OCI to
provide grid coordinators with a ‘usability’ determination of solar PV
power. Use cases may include predictive assessments for energy
dispatch and electric vehicle charge scheduling.

To summarize, with improved means of WC identification and
overall solar PV performance evaluation, provided by the SAls, infor-
mation sources in operational control centers are enhanced with greater
levels of situational awareness. With greater levels of SA, operators will
better perceive, interpret and react to events, bolstering the stability,
reliability and safety of solar PV plants in the power grid.

The primary contributions of this paper are as follows:

1. Three new situational awareness indices; WCI, OCI, and PVGI, are
developed to characterize performance of solar PV plants. Each SAI
utilizes PV plant power generation measurements and individual
FISs to define a relationship between concurrent operational and
environmental states with power generation measurements on a
scale [0,1] via two representations, namely: i) as an averaged value
over a 24 h interval and ii) as a real-time value expressed at the
power generation sampling rate.

2. Solar PV power generation signatures (PVPSs) are derived for each of
the SAIs with respect to an operating condition, indicative of typical
PV plant performance based on the utilized SAI. A PVPS is a synthetic
representation of expected power generation characteristics and
performance for a given operating condition for a long-term time-
frame, i.e. monthly, seasonally, yearly.

3. The proposed framework is implemented for a 1MWp solar PV plant
located in Clemson, South Carolina, USA to demonstrate SAI capa-
bilities. Utilizing the SAIs, applications to enhance solar PV system
planning operation are presented and discussed.

The remaining sections of the paper are organized as follows: Section
2 describes the development and determination of SAls, Section 3 de-
scribes how SAls are utilized to perform classifications on solar PV
power generation data for both 24 h and sample-wise contexts, Section 4
details implementation of the proposed framework utilizing Clemson
University’s IMWp solar PV plant as a case study, Section 5 presents
results, discussions, limitations and applications, and finally, concluding
remarks are provided in Section 6.

2. Situational awareness indices

In this section of the paper, a framework to determine the SAIs
strictly utilizing solar PV plant generation data is proposed. The 24 h SAI
representation, SAl»4, provides a singular, generalized value to sum-
marize the performance of a solar PV plant for a given day, with respect
to the mentioned index. SAly4, provides a foundation for further analysis
in classifications, determining PVPSs, and sample-based SAI val-
ues, SAI(t), as discussed in later sections of this paper. In Section 2.1,
features describing PV power generation are derived, Section 2.2 in-
troduces the Takagi-Sugeno fuzzy inference system, and Section 2.3
details the development of individual FISs for each SAIL

Fig. 1 depicts the general, comprehensive algorithm flow for deter-
mining SAI values and PVPSs. In the first stage, sufficient solar PV power
generation data is collected from a solar PV site that is then preprocessed
and stored in a historical database. Preprocessed data is utilized to
calculate feature vectors that target specific characteristics and behav-
iors of solar PV plant generation over a 24 h interval. Feature vectors are
then leveraged as inputs in an FIS tree to determine the corresponding
SAl4, values. The PVPS algorithm uses PV plant power generation
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Fig. 1. Situational awareness index (WCI, OCI and PVGI) determination representation. Utilizing features calculated from historical PV power generation, SAly4, are
calculated, each with an individual FIS. PVPSs are generated using SAly4; for offline analysis and are further utilized to determine sample-wise SAI values.
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measurements with the SAl»4, values as inputs to both sort 24 h time-
series power generation measurements and create the respective PVPS
signatures based on the represented SAI and operating condition.
Finally, sample-based SAI values are formulated as a function of power
generation measurements, SAlo4;,, and the previously calculated PVPSs.
SAI(t) presents a near-real time evaluation criteria that may be utilized
throughout planning and operational applications for solar PV plants.

2.1. Feature calculation

The selected features are derived from a database of historical solar
PV power generation. This allows for a highly descriptive, data-driven
approach, as real-time influences from environmental factors are
encompassed with the data. As opposed to utilizing site-collected envi-
ronmental data or NWP, the historical power generation database pro-
vides the greatest definition and spatial-temporal resolution, while
simultaneously capturing the effects of weather based features like solar
irradiance variance and temperature. Two features, namely cumulated
power generation (CPG), and power fluctuation density (PFD) are cho-
sen to provide insights into the quality and quantity of solar power
generation over a 24 h time period. After the features are calculated,
both CPG and PFD are normalized according to a theoretical maximum
value for each. As determined in empirical studies, these features pro-
vide sufficient power generation performance data, while maintaining
minimal computational resource requirements.

To start, solar PV plant power generation for a given day, P,, n €
[1:N] for a total of N days, is characterized (1). Here, p, represents
measured power at the time, t € [1 : T], over a 24 h interval.

Po={p1p2... p ... pr} @

CPG is calculated as the arithmetic sum of measured data points (2).
It provides insight into the quantity of power over the respective 24 h
time interval, capturing the effects of cloud coverage, partial shading
and other obstructions. Once normalized, the CPG operates similar to
other metrics, such as a performance ratio or utilization factor [37].
Similar to CPG, both of these metrics express measured power over time,
or energy, with a theoretical reference quantity. Days with the greatest
CPG value are characterized by long intervals between sunrise and
sunset, sustained peak generation at solar noon, and minimal power
fluctuations throughout the day.

CPG, =Y. P @

The PFD feature characterizes power generation volatility for a given
day. More specifically, PFD ensures that weather effects of irradiance
variances and partial/sustained cloud coverage on factors like power
ramp rates are captured. PFD is calculated as the proportion of two
power fluctuation indicators to measure the magnitude and frequency of
power generation volatility, namely cumulated power fluctuation (CPF)
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and power fluctuation frequency (PFF), divided by the number of sam-
ples collected during daylight-hours (DP) for that day (3). Including the
DP factor ensures the PFD is not biased by different sampling rates and
allows for accurate comparisons of PFD especially in instances where
fluctuation behavior remains constant but for different intervals of time.

PFD,, = CPF,*PFF,/DP, 3

The magnitude of power generation fluctuations is measured in CPF,
calculated as the cumulation of the absolute value of the difference
between two consecutive measurements (4). The frequency of power
generation fluctuations is measured with power fluctuation frequency
(PFF), indicating the number of dips (5). A dip in solar power generation
is defined as when a power generation measurement is less than the
preceding measurement before solar noon, or greater than the preceding
power generation measurement after solar noon.

CPFy =Y Ipi—pe1l @

Ts T
PFF, =% " Ape<pea)+y_ . 1P >pe) )

where 1(-) is an indicator function, returning 1 if the condition is true,
otherwise zero, and T is the timestamp corresponding to solar noon for a
given day. Visualizations of CPG and PFF calculations for an arbitrary
day of power generation measurements are provided in Fig. 2(a) and
Fig. 2(b), respectively.

After calculating CPG and PFD features for all N days, a given
feature, X (i.e. CPG or PFD), is normalized within the bounds [0, 1] based
on a feature scaling value, ax (6).

Xn/ = "/(IX (6)

Rather than simply utilizing the maximum feature value calculated,
ax is artificially generated, representing the maximum possible value for
each feature. This allows for the addition of new data in the future,
without necessitating constant renormalization of the entire dataset, in
the event a new maximum feature value be calculated. acps represents
the maximum possible CPG for a given solar plant, calculated by
determining the CPG of an artificially generated 24 h interval of ideal
solar power generation on a day with maximum daylight-generating
hours, i.e. PFD = 0 on the summer equinox. appp represents a realistic
maximum PFD value for a given solar plant, determined by assessing
maximum possible values for both CPF and PFF.

The two resulting scaled feature vectors, CPG’ and PFD’ are char-
acterized in (7.a) and (7.b), respectively.

CPG = {CPG, CPG, ... CPG, ... CPGy} (7.2)

PFD' = {PFD,’ PFD, ... PFD, ... PFDy} (7.b)
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Fig. 2. Visualization of feature calculation for an arbitrary day of solar power generation. In (a), CPG is calculated as the total power generation. In (b), solar noon
labeled as T, occurs at 13:34; examples of dips in power generation before and after are indicated by arrows.
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Fig. 3. Overview of three FISs to determine the SAIs, WCI, OCI and PVGI in the left-upper, left-lower and right portions, respectively. Each FIS contains the displayed
input membership function sets, inference engine, rule base, and output membership function.

2.2. Takagi-Sugeno fuzzy inference system
Table 1

In recent years, deployment of fuzzy logic based systems has signif- WC rule base and weights.

icantly increased, spanning across a wide variety of industries for a Rule No. CPG’ PFD’ w Value

plethora of different applications. These can include controls, sched- 1 L L VL 0
uling and optimization, and signal analysis tuning and interpretation, 2 ML L H 1
among many others [38]. In particular, FIS is an ideal platform for i II:IH t : 1
considering classification type problems, where distinctions between 5 L NOTL L 0.2
different groups are often unclear. As opposed to classical sets, where 6 ML NOT L ML 0.4
elements are assigned a Boolean “1” or “0” label, fuzzy sets allow for 7 MH NOT L M 0.6
partializing the degree of membership an element has to its related set. 8 H NOT L MH 0.8
Therefore, fuzzy logic enables the representation of an input variable on
a scale, e.g. [0, 1], rather than strictly Boolean values.

At a high level, FISs aim to analyze a set of crisp inputs and based on Table 2
some set of rules, assign crisp values in an output set. The fuzzifier first OCI rule base and weights.
converts the crisp input values into fuzzy sets using membership func- Rule No. CPG PFD’ w Value
tions. A membership function provides a degree of similarity rating 1 L L vH 1
between the input and individual fuzzy subsets, commonly described by 9 ML L MH, 0.667
linguistic variables. The inference engine takes these fuzzy input sets 3 MH L ML 0.333
and maps into fuzzy output sets, by referencing the rule base, to deter- 4 H L VL 0
mine the degree of activation of each rule. These rules contain a 2 II;/IL x]]: ;\//II;I_I (1)722
collection of IF-THEN type statements that combine to define relation- ” MH ML M, 2 0.444
ships between inputs and outputs. Finally, crisp outputs are obtained 8 H ML L 0.167
through mathematical output functions, as opposed to fuzzy sets, with a 9 L MH VH 1
Takagi-Sugeno (TS) type FIS architecture. 10 ML MH MH, 0.778

The TS-FIS architecture provides an excellent option for character- 1; ZH xg xi g':gg
izing the relationship between input variables (scaled feature vectors) 13 L H VH 1
and an output set (any of the three SAIs). For example, considering the 14 ML H H 0.833
case of weather condition classifications, it is very seldom that a given 12 MH H MH; 8.667

H H M, .5

weather condition is exclusive to any particular classification. As in the
case of a typical “partially cloudy day” varying densities of cloud
coverage and cloud formations are a few of many factors that are rep-
resented in the level of cloudiness. Thus, for a given “partially cloudy
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Table 3

PVGI rule base and weights.
Rule No. WCI OCI w Value
1 L H L 0
2 M H ML 0.25
3 H H M 0.5
4 L M ML 0.25
5 M M M 0.5
6 H M MH 0.75
7 L L M 0.5
8 M L MH 0.75
9 H L H 1

day” there exists a range of cloudiness levels that differentiate it from
mostly cloudy and clear conditions. In this respect, the WCI utilizes the
scaled features with a TS-FIS architecture to instead interpret a weather
condition rating on a scale, rather than with discrete labels, further
capturing weather condition dependent relationships within the solar
power generation dataset. The same reasoning may be applied to the
OCI and PVGI, where a multitude of external factors, present within the
scaled feature inputs, impact the operating complexity solar PV plants
and total grid impact of power generation, respectively.

2.3. FIS for WCI, OCI & PVGI

To determine an individual SAIL the FIS must be comprised of the
following parts: two input membership function sets for fuzzification, a
sufficient rule base to analyze all possible combinations of inputs, and an
output membership function for defuzzification, resulting in the SAL
This process is generalized as a function of the corresponding FIS and
inputs for WCI, OCI and PVGI in (8.a), (8.b) and (8.c), respectively.

WCI, = FISyc(CPG,, PFD,) (8.a)
OCI, = FISoc(CPG,, PFD,) 8.b)
PVGIn = FISPVGI(WCI,,, OCI,,) (8C)

An overview of FISs with each step for the WCI, OCI and PVGI is
shown in Fig. 3. Given that the input feature vectors are calculated over
a 24 h period of time, the resulting indices calculated represent an
averaged value for the corresponding time period. It is important to note
differences in the input membership functions, rule bases, and output
membership functions.

Fuzzification first occurs to determine the degree of membership of
each input variable to a corresponding membership function. In this
case, two, three, or four symmetric, triangular input membership func-
tions are utilized to describe the input feature vectors. Each input
membership function has an attached linguistic variable to describe its
relative location, such as low (L), medium-low (ML), medium-high
(MH), etc. It is noted that input values may be determined to have a
non-zero degree of membership with respect to more than one mem-
bership function. It is in these cases where fuzzy logic excels, accounting
for scenarios where variables may belong to more than one set.

For each input variable, the number of input membership functions
(MFs) may vary for different FIS implementations. The main reasoning is
mostly decided by the desired level of resolution, while balancing
minimal computational requirements. Increasing the number of input
MFs provides a more detailed comparison of input variables, as a greater
number of possible combinations are available. However, as additional
input MFs are added, the rule base exponentially expands, adding
computational complexity. Therefore, the smallest rule bases are uti-
lized, while simultaneously maintaining a sufficient resolution for each
SAI to accurately fulfill their desired target.

The rule base of the FIS must contain an evaluation of each combi-
nation of input variables with their corresponding membership function
possibilities. In this case, 2 input variables are present for each index.

Applied Energy 402 (2025) 126855

The largest rule base possible for each FIS is then calculated as the
product of the number if input functions for each input variable, 2 x 4 =
8 rules for WCI, 42 = 16 rules for OCI, and 32 = 9 rules for PVGL

To formulate the rule base, all possible combinations of each input
membership function must be considered for each scaled input. Tables 1,
2 and 3 summarize the rule bases for WCI, OCI and PVGI, respectively,
according to their input vectors, and resulting rule weight, w. To
determine the rule base, first, the most optimal and least optimal input
combinations for a given index are considered. Then, subsequent com-
binations of inputs may be interpreted based on the effects present in
input combinations.

WCI provides a metric to infer weather and cloud coverage condi-
tions based on power generation measurements. Large values indicate
ideal WCs for power generation, and small values indicate sub-optimal
conditions. Therefore, the PFD feature, indicative of power generation
volatility, is a primary driver in deciding whether or not an arbitrary day
maintains optimal solar PV power generation weather. Days exhibiting
low PFD, given a sufficient level of CPG is maintained, are characterized
as optimal conditions, as reflected in Rules 2-4. On the other hand, if
significant levels of PFD are present (i.e. NOT L), then CPG is the
deciding factor for the resulting WCI rating, seen in Rules 5-8. From the
WCI, it is possible to interpret weather conditions, i.e. high scores
indicate clear operating conditions with direct solar irradiance expo-
sure. As cloud coverage increases, the resulting WCI decreases. Once
CPG drops below a certain threshold, power generating conditions are at
a minimum, reflected in a low WCIL.

The OCI provides a metric to gauge the quantity and severity of
power generation reductions that occur for a solar PV plant in a given
day. Therefore, ideal conditions (high CPG and low PFD) are indicated
by alow OCI score, as in Rule 4, and least ideal conditions (low CPG) are
indicated by a high OCI score, as in Rules 1, 5, 9, 13. Considering the
optimal case in Rule 4 as a starting point, OCI increases as a function of
decreasing CPG and/or increasing PFD. Additionally, as power genera-
tion reductions due to volatility may occur as a combination of quick
dips and/or larger sustained deviations, CPG is assigned a larger sig-
nificance when determining the resulting weights for subsequent input
combinations. This trend may be revealed when comparing the output
values of certain rules, such as Rules 6 and 7, with Rules 10 and 11. In
any case, the OCI indicates when operational complexity is heightened,
due to sustained power generation reductions occurring, or power
generation volatility, providing a degree of necessary response from
operational control centers.

As the PVGI represents a holistic grid integration impact score for a
solar PV plant, the two previously mentioned SAIs, WCI and OCI, are
utilized as inputs. A high WCI, indicating clear-sky conditions, and a low
OCI, indicating low operational complexity, is taken as the ideal PVGI
inputs to result in the highest rating, as in Rule 9. Conversely, the
opposite combination, i.e. minimal WCI and maximum OCI, represent
the least optimal input combination for the PVGI in Rule 1. Starting from
Rule 1, the PVGI improves for subsequent WCI and OCI input values as a
function of either increasing WCI or decreasing OCI. Observing Rules 3,
5 and 7, an interesting trend emerges, where several different input
combinations result in the same PVGI evaluation. This is attributed to
the degree of separation that WCI/OCI have from the optimal case, i.e.
H/H, M/M, and L/L all contain equivalent levels of difference.

The FIS calculates its respective 24 h SAI value as described in [39].
Utilizing the corresponding rule base, the inference engine calculates the
rule weight, as in (9). Here, F;(.) and F,(.), represent a membership
function for a given input variable.

wy = AndMethod(F, (-) , F2(+)) ©)]

The rule output level, z, is calculated as a linear function of input
variables (10). Here, x and y are the values of both input variables, and
a, b, and c are constant coefficients.

Zn :a—xn+byn+c (10)
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Fig. 4. SAI heatmaps generated from FISs (Fig. 3). (a) WCI heatmap — shows outputs based on CPG and PFD inputs, (b) OCI heatmap — shows outputs based on CPG
and PFD inputs, (c) PVGI output heatmap — shows outputs based on WCI and OCI inputs, and (d) PVGI output heatmap — shows outputs based on CPG and PFD.

The resulting 24 h averaged index value for a given input set is taken
as the ratio of the sums of all weighted averages and all rule outputs
(11).

(11

N
N

SAIL, = ;ann an
=n

Once the entire dataset has been considered, the resulting index
vector may be characterized as in (12.a), (12.b) and (12.c).

WCIz4h = { WCIl WCIZ . WCIH e WCIN } (123)
OCL4, = {OCI, OCI, ... OCI, ... OCIy} (12.b)
PVGl4, = {PVGL, PVGI, ... PVGI, ... PVGIy} (12.0)

For visualization, control surfaces detailing the combinations of the
two scaled feature vectors and the resulting SAI are provided in Fig. 4.
WCI is shown in (a) to illustrate the outcome of Table 1, OCI is shown in
(b) to illustrate the outcome of Table 2, and PVGI is shown in (c) to
illustrate the outcome of Table 3. Values of each SAI are interpreted by
the respective color identified in the plot legend.

Initialize Parameters
Desired PVPS TF, TF
No. OCs
SAI (WCI, OCIL, PVGI) limits for each OC

!

I Consider first TF I

v
I Index all P, according to PVPS TF date range, Prrp
v
| Sort all P, according to OC, Pocx =
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Fig. 5. PVPS determination flowchart representation for a user-selected PVPS
TF and four identified OCs. PVPSs are calculated for all TFs and OCs.

Table 4

Lookup table for OC classification based on SAI thresholds.
SAI Limits Condition
Aamin < SAly < ap max OCa
apmin < SAl, < 0B max OCg
Axmin < SAl; < Oxmax OCyx

3. Solar PV generation signatures & classifications

In many applications, the 24 h SAI representation provides sufficient
resolution for WC-based classification and analysis. For instance, in the
application of solar PV plant power generation forecasting, it is
commonly observed that parallel ML or Al-based architectures are
deployed on historical sub datasets with independent WC classifications.
Alternatively, numerous other applications may require discrete labels
attached to the time-series solar PV power generation representations on
arevolving 24 h interval. In any case, for WC classification labels for 24
h time-series, the procedure requires establishing WCI maximum and
minimum thresholds in a lookup table for each of the desired WCs, based
on the previously discussed FIS rule base. To further include the OCI and
PVGI, operating condition notation (OC,,OCg, ..., 0Cx) will be utilized
instead of WC to provide better generalization.

Alternatively, considering near real-time planning and operational
aspects of solar PV plants, defining the solar PV power generation
indices over a 24 h interval does not provide the necessary resolution. In
this respect, PVPSs are proposed as a means for further solar PV plant
performance analysis, and further, as a method for deriving SAIs on a
sample-wise basis.

In this section, PVPSs are proposed to generalize solar PV generation
according to an arbitrary operating condition utilizing the 24 h SAI
representations. In essence, PVPSs are a synthetic representation of
typical power generation characteristics, with respect to the SAI being
utilized, over specified duration of time. More description on the
development of PVPSs are provided in Section 3.1, and Section 3.2 de-
tails the process for sample-wise SAI derivation and classification.

3.1. Solar PV power signatures

Solar PV power signatures form the basis for which many operations,
comparisons and analysis may be conducted with. PVPSs may be derived
from a historical solar PV power generation database, utilizing any of
the three SAIs to interpret power generation for the OCs. In simple
terms, PVPSs represent a culmination of solar PV power generation
profiles for a specified OC over a desired timeframe. When determining
PVPSs, two parameters must be established, namely, the desired time-
frame (TF) for which PVPSs will be considered, and the number of OCs
to classify within the desired TF. Timeframes may be selected at an
arbitrary length as to provide a temporal basis for classifications. For
example, designations of yearly, quarterly, monthly, etc., TF intervals
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may be chosen for this step. Additionally, the number of selected OCs
decides the granularity and resolution of which to operate on the SAIL
Fig. 5 represents a flowchart for the creation of PVPSs utilizing a SAIL

Given the desired signature TF, a subset of 24 h time-series historical
power generation measurements are indexed, as shown in (13), where
n € [1: TF| total days within the TF range.

P ={P1, Py, ..., Prp} 13)

The procedure then follows a similar process to the 24 h designation
for grouping OCs, by creating thresholds as in Table 4. By considering all
the previously labeled timeseries data with idx,, days may be sorted
according to identified OCs over the selected TF. The process is repeated
until all historical data has been considered. Following this process,
resulting datasets are characterized in (14).

Poca = {Pa1, Paz, ..., Pan}

Py =< Pocg ={Ps, Psa,..., Poy} 14

Py represents the matrix containing all sorted historical 24 h time-
series solar PV power generation measurements for the given TF, Py,
represents measured power generation P,, for a day, n, sorted a given
OC, X, and N represents the total number of days sorted into the
respective OC.

To calculate the PVPS for a given TF and OC, each OC within a TF
interval is considered independently. For a given OC, X, the PVPS is
calculated as the point-wise arithmetic average of each measurement,
across all sorted days (15).

1 N
PVPSocx = 3 EPXn (15)
n=1

The result from repeating (15) for each OC within a signature TF is
characterized in (16).

, Dar}
, Dsr} (16)

PVPSoca = {pa1, DPaz, ---

PVPSTF = PVPSOCB = {th Pg2s ---

Here, each PVPSycx contains a time-series vector for the average

Initialize parameters:
Desired PVPS TF, TF
No. OCs
SAI (WCI, OCIL, PVGI) limits for each OC

)

/ Receive solar PV power generation measurement, p(t) /

v

| Index all historical P, over TF, Prg |

)

| Determine PVPSs over TF, PVPSyy |

v

| Determine distance of p, to the nearest two adjacent PVPSs. d; & d, |

v

| Calculate distance proportion, € |

v

| Calculate all SAIs for p(t). idx(t) |

Fig. 6. Sample-wise SAI determination utilizing interpolation of PVPSs for a
sample, p;, where PVPSs are calculated over the TF range with respect to the
day of the sampled power generation measurement.
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power measurements, px, for OCx, where t = [1:T], polled
measurements.

Accordingly, SAI values corresponding to an OC within the PVPS TF,
idxrp, are calculated by averaging all of the index values of corre-
sponding days for the given OC and TF, as characterized in (17).

idXOCA = an( ideAl s ideAz, N ideAN )

idxrp = { idxocg = an( idxpp1, idXps2, ..., idXPBN) a7)

The PVPS timeframe designation allows for spatial-temporal char-
acteristics within solar PV power generation to be further exploited. It is
widely known that solar PV power generation is highly dependent on the
climate and weather patterns associated with different regions around
the world. For instance, significant differences between power genera-
tion are present when comparing a solar PV plant located in dry, arid
regions seen in the Southwest, USA, and humid continental regions in
the Northeast, USA. Incorporating TFs allows for the analysis of year-to-
year, season-by-season, and even month-to-month PV power generation
characteristics for any solar PV plant based on within its corresponding
climate region. Depending on the TF interval chosen, some of these
characteristics may be more evident than others. Comparatively smaller
TF intervals, e.g. on a monthly or weekly basis, lead to more descriptive
analysis at a higher resolution than comparatively longer TF intervals, e.
g. seasonally or yearly, providing a more generalized approach. It is
additionally important to note the relationship between data scarcity
and TF interval. It is entirely possible that for a solar PV plant in a given
region, some OCs occur at very low frequencies given the time of year.
Expanding the TF interval may further include low frequency OCs for a
given time of year, but at the loss of resolution and definition.

Selecting the number of OCs constitutes another important step in
PVPS determination. In essence, the number of OCs will directly pertain
to the resolution of which the corresponding index is applied. Increasing
the number of OCs will decrease the range of Table 4 SAI thresholds.
Consequently, with a greater number of specified OCs, higher resolution
PVPSs can be obtained, but at the loss of generalization. Therefore, when
deciding these parameters, it is crucial to be mindful of the inverse
relationship between resolution and generalization.

3.2. Generating sample-wise SAIs from PVPSs

Determining sample-wise SAI values for time-series solar PV power
generation measurements is a crucial step in utilizing these indices for
near-real time planning and operating procedures. These sample-wise
SAI values provide the highest definition analysis of solar PV power
generation with respect to the individual index being utilized, as mea-
surements can be examined at the frequency of the measurement
equipment. In turn, this allows for solar PV plant power generation
performance monitoring at a near real-time rate, further encompassing
the highly volatile nature of solar PV power generation.

The proposed algorithm utilizes 24 h average SAI, PVPSs and inter-
polation to determine sample-by-sample SAI value for a given solar PV
power generation measurement. The algorithm is represented in Fig. 6.

The PVPS TF for sample-wise SAI determination is utilized as a
moving window, such that historical solar PV generation data is only
considered over the TF range, with respect to the day of the current
power measurement, n. As a result, (13) is modified, (18).

Py} (18)

As previously discussed, Prr is then sorted by OC, as in (14). By
applying (15) and (16), signatures for the given TF are calculated with
respect to d, and corresponding SAI values for this TF are calculated in
7).

Interpolating the sample-wise SAI value utilizes the calculated sig-
natures, and resulting average SAI value for each OC. For a given
measurement, p;, Euclidean distances to the nearest two adjacent PVPSs

Py ={Py, Py, ...,
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Fig. 7. Illustration of sample-wise interpolation for PVGI. For the power generation time-series, the nearest adjacent PVPSs for sample p;, PVPSocg and PVPSocc, are

utilized for interpolation of the sample-wise SAI

(®)

2

Fig. 8. Picture of the Clemson University 1 MW solar PV plant car park located
at the R06 parking lot in (a). Layout of the 17-solar canopies and power flow in

(b) [40].

10

for the same instance in time are calculated (19).
di(t) = |p(t) — PVPSoci(t) |

Next, the proportion of the distance between p, and the two adjacent
PVPSs is calculated (20).

19

e(t) = di(t)/g, 1) 1 dy(r) 20)

The resulting SAI value for p,, SAI(t), is then interpolated as a
function of the distance and the average SAI values of the two adjacent
PVPSs (21).

SAI(t) = SAlocy — €(SAlpcy — SAlpcz) 21)

In the event that p, is either greater than or less than all corre-
sponding values of PVPSs at the same instance, distances may be
interpolated between maximum/minimum power generation with
injected values at 1 and 0, respectively.

Fig. 7 contains a representation of the interpolation. As pictured,
PVPSs are determined for four OCs based on PVGI, and the distances are
calculated between PVPSOCI = PVPSOCB and P‘/PSOC2 = PVPSOcc.

4. SAI implementation

This section presents the implementation of SAIs for a 1IMWp solar
PV plant located in Clemson, South Carolina, USA. The solar PV plant
contains 17 solar arrays arranged in canopies operating as a multi-
functional carpark. Individual canopies contain anywhere from 138 to
204 modules, depending on their size, tilted anywhere in the range of
113" to 123° azimuth, and a power inverter. Electricity from each can-
opy is transmitted to an on-site junction point, where a micro-PMU
measures generated AC power. A picture of the solar PV plant is
shown in Fig. 8(a), and schematic diagram provided in Fig. 8(b).

A micro-PMU is a device that measures voltage, current, and power
phasors at a high spatial-temporal resolution for distribution grids. Each
measurement is synchronized both with GPS and a universal clock,
ensuring the highest precision. Collected data is then archived with
cloud storage software openHistorian. In this case, measurements are
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Fig. 9. Full implementation of the proposed framework to determine WCI, OCI
and PVGI on both 24 h average and sample-wise contexts based on four OCs.

No

Table 5

WCI, OCI & PVGI Ranges for OCs.
WCI, Range OCI, Range PVGI, Range Operating

Condition

0875 <WCI<1 0<0CI<0.25 0.75 <PVGI<1 0Cy
0.625 < WCI<0.875 025<0CI<05 05<PVGI<075 OCp
0375 <WCI<0.625 05<0CI<075 025<PVGI<05 OCc
0 < WCI<0.375 0.75<0CI<1 0 <PVGI<0.25 0oCp

polled at the rate of 1 sample per minute, dating from January 1, 2024,
to December 31, 2024.

Full implementation of the proposed algorithm is presented in Fig. 9,
summarizing the combination of previously discussed steps. For the
implementation detailed, four OCs are utilized, with corresponding
ranges outlined in Table 5. Operating condition ranges for WCI, OCI and
PVGI are determined by analyzing the FIS rule base, determined in
empirical studies, to provide the best fit for the given data.

5. Results and discussion

This section provides some visualizations, comparisons, and evalu-
ations of the SAls for the SAl4,, PVPS, and SAI(t) representations. In
Section 5.1, 24 h average SAI values are presented for a diverse selection
of power generation characteristics. Section 5.2 provides visualizations
and discussions of quarterly PVPS calculated for the entire dataset. In
Section 5.3, sample-based SAIs are presented and evaluated. Section 5.4
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details some discussions on the applicability and limitations of the SAIs
in relevant areas.

5.1. 24 h SAIs

The 24 h WCI, OCI, and PVGI representations provide a generalized
metric to quantify solar PV power generation characteristics and be-
haviors over the duration of a singular day. To visualize these repre-
sentations, eight days of solar PV power generation are plotted in Fig. 10
(a)—(h). It is important to note the specific power generating qualities of
these days independently, such as daylight duration, peak power gen-
eration, and magnitude/quantity of power generation fluctuations, as
each of these properties influence the SAIs in different manners. Specific
WCI,, OCI,, and PVGI, values are provided in Fig. 10(i) for each of the
respective subplots.

Some patterns clearly emerge while analyzing Fig. 10. For instance,
it is generally supported through visual inspection that WCI, OCI, and
PVGI are at optimal values for optimal power generation weather, and
accurately reflect non-optimal conditions in their respective manners.
However, evaluating each of the SAIs for a non-optimal time-series
power generation measurements provides crucial aspects to points of
analysis.

As the WCI primarily targets the clearness aspect of a given day, this
trend is accurately supported by visual inspection of Fig. 10. For
instance, with Fig. 10(a) and (b), two distinctively clear days of power
generation are plotted with a corresponding high WCI rating, indicated
in (i). Additionally, upon comparison of (c) and (d), it is evident that (d)
experiences greater levels of sustained power generation deviations
from an arbitrary clear-day reference, that is also accurately expressed
in the WCI,. This trend may be further expanded through the remaining
subplots, such that, as cloud coverage increases and resulting sky-
clearness dissipates, i.e. (e), (), (g), and (h), the WCI performs as ex-
pected with corresponding decreasing scores.

The OCI is utilized to quantify the magnitude, frequency and dura-
tion of power generation deviations, all of which are reflected in the
metric visualization of Fig. 10. While (a) and (b) are both rated nearly
optimal WCI scores, the OCI reveals a different comparison. It is evident
that (a) experiences much shorter daylight duration and features peak
reduction much more significant from the 1 MWp than experienced(b),
demonstrated by substantially different OCI scores. This phenomena
likely occurs due to differences in power generation characteristics be-
tween difference seasons. In this case, the OCI reveals that (a) is
considerably more challenging from an operator’s perspective than (b)
due to this comparison. In a different observation, OCI, in (a) and (d) are
approximately similar values, despite quite different power generation
characteristics. In this case, OCI, is impacted in (a) due to the overall
power generation experienced throughout the day, while OCI, in (d) is
impacted due to the high levels of volatility and cloud coverage in the
initial portion of the day. Subsequent evaluations of OCI, for the
remaining examples follow a similar and expected trend.

As the PVGI features a combination of both WCI and OCI evaluations,
it is expected to follow similar, yet diluted patterns that are prevalent
within both indices, but some important distinguishments should be
noted. For instance, PVGI, in (a) takes into account the near-perfect sky-
clearness, while also reflecting the substantial reduction in overall
power generation in the resulting score, thus providing a balanced
metric, not too heavily weighed by a singular factor. As anticipated, the
highest PVGI, occurs in (b), as shown by an appropriate allowance of
power generation peak behavior/interval and marginal fluctuations. As
shown in (c)-(h), PVGI, again follows an expected trend to decrease as a
function of decreasing overall power generation and increasing power
generation intermittence.

While evaluating SAI, for specific days helps expose many of the
tedious properties that exist with solar PV power generation behavior, it
is hard to dismiss many of the similarities that emerge between the WCI,
OCI and PVGI. For each of the indices, optimal and least-optimal power
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Fig. 10. Eight days of solar PV power generation, each representing different, distinctive power generation characteristics in (a)-(h). Respective SAI, values for each
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Fig. 11. WCI, and OCI, correlation in (a), OCI, and PVGI, correlation in (b), and WCI, and PVGI, correlation in (c) for the entire historical dataset. Additionally

included is the ideal correlation line.

generation occur for similar conditions, which is a property inherent to
solar generation itself. However, the SAIs target different power gen-
eration characteristics with varying degrees of significance that are
particularly revealed during non-optimal power generation conditions,
i.e. with some level of power generation intermittence. Fig. 11 displays

12

correlation plots for WCI,,, OCI,, and PVGI,, where each of the plotted
point represent the corresponding SAI, combination for an arbitrary
day.

Fig. 11 reveals that the most significant differences between SAI
ratings exist for every case when non-optimal power generation
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yellow, and red colors for operating conditions, OCs, OCg, OC¢ and OCp, respectively.
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Table 6
Quarterly PVPS average SAL
TF WCI OCI PVGI
0Ca OCs OC¢ OCp 0Ca OCp OCc¢ OCp OCx OCg OC¢ OCp
Q1 0.98 0.74 0.5 0.19 0.17 0.34 0.61 0.84 0.81 0.63 0.39 0.14
Q2 0.96 0.73 0.53 0.32 0.15 0.38 0.58 N/A 0.85 0.63 0.39 N/A
Q3 0.95 0.74 0.53 0.34 0.18 0.36 0.55 N/A 0.80 0.62 0.41 N/A
Q4 0.98 0.76 0.47 0.18 0.21 0.34 0.58 0.85 N/A 0.62 0.40 0.13
Table 7
Quarterly PVPS sorted proportions.
TF WCI OCI PVGI
OCx 0OCg OC¢ OCp OCa OCs OCc¢ 0OCp OCa 0OCs OC¢ OCp
Q1 0.37 0.16 0.24 0.23 0.30 0.40 0.18 0.12 0.18 0.46 0.21 0.16
Q2 0.20 0.38 0.35 0.07 0.38 0.45 0.17 0 0.38 0.42 0.20 0
Q3 0.20 0.44 0.35 0.02 0.40 0.45 0.15 0 0.40 0.44 0.16 0
Q4 0.40 0.19 0.20 0.21 0.19 0.53 0.16 0.13 0 0.57 0.29 0.14

conditions occur. Specifically in Fig. 11(a) and (c), this trend becomes
more obvious for WCI/PVGI values greater than 0.5 and OCI values less
than 0.5. In Fig. 11(b), differences in OCI and PVGI values exist in a
slightly different area on the solution plane, primarily existing around
the OCI range [0.3, 0.7] and PVGI range [0.8, 0.4]. In this area, the
greatest differences between input features (CPG and PFD) exist, as
volatility occurs for a multitude of reasons, including the frequency/
magnitude of power generation fluctuations, and its resulting impact on
power generation reductions. These relationships are further magnified
when considering changes in seasonal weather patterns and frequency
of certain operating conditions.

An exception to this observation is with the WCI, where a large
portion of the data is populated for near ideal scores at the maximum

boundary position, seen in both (a) and (c). This relationship follows a
similar approach to the analysis between Fig. 10(a) and (b), where
optimal sky conditions were present, but substantial differences in peak
power generation values and daylight intervals were recorded. It be-
comes evident that the WCI is more inclusive on identifying what days
exhibit optimal power generation conditions, as opposed to the stricter
optimality identification present with the OCI and PVGI.

5.2. Solar PV power signatures

Visualizations for the WCI, OCI and PVGI PVPSs calculated for a
quarterly TF of the 2024 year are shown in Fig. 12. Each quarter, i.e. Q1:
Jan. 1-Mar. 31, Q2: Apr. 1-Jun. 30, Q3: Jul. 1-Sep. 30, Q4: Oct. 1-Dec.
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Fig. 13. Measured PV power generation for a single day, with WCI(t), OCI(t), and PVGI(t) values indicated by color in (a), (b), and (c), respectively. WCI(t), OCI(t),
and PVGI(t) plotted as a function of time for the same power generation data in (d), (e), and (f), respectively.
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Fig. 14. WCI(t) and OCI(t) correlation in (a), OCI(t) and PVGI(t) correlation in (b), and WCI(t) and PVGI(t) correlation in (c) for the plotted day of power generation

of Fig. 13. Additionally included is the ideal correlation line.

Table 8
SAls applied for near real-time solar PV plant planning and operational applications.
SAI Interpretation Application Ref
WCI e Precise weather condition inference o Dataset division for Al-based power estimations/predictions with parallel/ensemble archi- [28]
e Discrete weather condition labelling tectures based on weather condition
e Parameterizing solar PV performance based on concurrent weather conditions
OCI o Integration complexity based on volatility and actual e PV power generation estimation/prediction assessments [28,41,42]
power magnitude e Power system bus voltage and frequency regulation
e Electro-mechanical oscillation assessment
PVGI e Total impact/value of PV power generation Dispatch controllers for demand response and electric vehicle integration requirements [41-47]

Power system bus voltage and frequency regulation
Automated generation control (AGC) tuning
Anomaly detection in measurement equipment

31, is organized by column, and rows 1-3 show plots for the calculated
WCI, OCI and PVGI PVPSs for the described four operating conditions,
respectively.

Analyzing the PVPSs quarterly timeframe, trends relating to seasonal
behaviors emerge in solar PV power generation. Some key features
include daylight generating hours, peak power generation, and the
sparsity of PVPSs for some OCs. It is additionally important to remember
that PVPSs represent averaged measurements for each sample instance.
As a result, the magnitude and frequency of power generation fluctua-
tions, especially in OCg and OCg, are diluted. Averaged index values of
WCl4p, OClo4p, and PVGl,yy, for each PVPS are presented in Table 6, and
calculated proportions of the number of classified days within each
operating condition for each quarter are presented in Table 6.

Observing the visualizations, it is easiest to infer power generating
characteristics of OC4. With the WCI, typical clear weather conditions
are expressed by OC,. Both daylight power generating hours and peak
power generation of clear days are significantly less for Q1 and Q4
compared to Q3 and Q4. These two factors are primarily represented in
the CPG feature vector, as the number of daylight power generating
hours and peak power generation directly influence the total power
generated over a given interval. However, as defined in the WCI rule
base, OC,4 is primarily determined by PFD, given a sufficient level of
CPG, hence the seasonal characteristics are interpretable. On the other
hand, CPG has a significant influence on the OC, classification for OCI.
Therefore, days classified within OC4 must contain a tighter correlation
of similar features, regardless of the time of year. The same trend is
observed in the PVGI in all quarters, except for Q4, primarily due to the
fact CPG is significantly lower during that time of year. Therefore,
during Q4, power generating characteristics of OC4 never occurred.

As for the remaining OCs, most of their characteristics are clearly
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differentiable for each index across different quarters. Generally, OCy
contains a slightly smaller CPG value, but with greater PFD, reflected by
high power generation at peak times with notable fluctuations. As
mentioned, since the PVPS visualizations are average measurements
across all timestamps for each operating condition, the fluctuation fre-
quency and magnitude are diluted, but overall power generating char-
acteristics are preserved. Similar trends appear for OC¢, but with
comparatively smaller CPG values. With OCI and PVGI, it is observed
that OCp, does not have any classified instances during Q2 and Q3
timeframes. This can be attributed to the fact that during these quarters,
the power generating characteristics never fall within the OCp classifi-
cation, thus becoming an infrequent operating condition.

Analyzing Table 6, the presented average index values for each SAI
for each OC accurately reflect the thresholds determined previously in
Table 5.

Analyzing Table 7, inferences on the frequency of sorted OC types
may be inferred. From this analysis, it is possible to determine what
operating conditions occur at a certain frequency for a given time of
year, with respect to each index.

Additional PVPS determinations for monthly timeframes with cor-
responding SAI values and sorted proportions are provided in Appendix
B.

5.3. Sample-wise SAIs

Sample-wise SAIs provide the highest resolution available for
analyzing solar PV power generation characteristics and provide unique
opportunities for in-depth analysis. Provided in Fig. 12 is a visualization
of sample-wise SAI quantities. In the upper row, Fig. 12(a)-(c), a single
day of solar PV power generation is selected and plotted. Each power
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generation measurement is color coordinated with the corresponding
WCI(t), OCI(t), and PVGI(t) values indicated in the respective color
legend. In the lower row, Fig. 12(d)-(f), WCI(t), OCI(t), and PVGI(t) are
plotted as a function of time for the same power generation data.

For the day of power generation measurements of Fig. 13, a wide
variety of characteristics are present. This is represented by the rela-
tively smooth, predictable segments in the first portion of the day, fol-
lowed by abrupt volatility and a very significant drop in power
generation around 15:00, while later returning to a preferred generation
profile. As expected, the SAI(t) representations follow somewhat ex-
pected trends, but with some few key differences.

For the WCI, the first and last portions of the day are identified as
being optimally clear in Fig. 13(a), represented by the dark green data
points, and further validated by WCI(t) representation in (d). WCI(t) also
accurately reflects differences in power generation behavior during the
mid-day power generation drop. Accordingly, OCI and PVGI indicate
similar results, but at varying values. For instance, OCI(t) and PVGI(t)
indicate some degree of non-optimality during the first and last portions
of the day with average values of approximately 0.2 and 0.85, respec-
tively. As opposed to the nearly optimal WCI(t) average of 0.97 during
the same periods, some PV power generation shortcomings were rele-
vant. In this case, the added value of the SAIs from an operational
perspective come from the higher definition analysis of data points.

This observation is further justified by analyzing the SAI(t) correla-
tions of Fig. 14, where a trend similar to that observed in Fig. 11 occurs.
Shown in Fig. 14 are the SAI(t) correlation plots for the power genera-
tion data of Fig. 13. Considering the most and least optimal combina-
tions of SAI(t) correlations, it is expected to have a degree of correlated
results. However, it is in the middle ranges of SAI(t) the lowest levels of
correlation occur, indicating that SAlIs are independently indicating
their targeted metric.

As the sample-based SAI representations provide the highest level of
resolution for analysis, it is more appropriate to evaluate SAI(t) to a
higher precision. To expand, SAI(t) enables the evaluation of individual
power generation measurements, rather than emphasizing the general-
ization of an entire day of volatile power generation to a strict, discrete
label. Thus, for an arbitrary power generation measurement and/or in-
terval of power generation measurements, the SAIs add value in the form
of near real-time, time-dependent information. This is particularly
evident in two example scenarios: a. gauging rising edge (morning) or
falling edge (evening) solar PV plant power generation performance and
b. quantifying the impact of any power generation intermittence, further
factoring influences of magnitude, duration or frequency at which they
occur. For the first case, when power generation is climbing in the
morning, or dropping in the evening, it can be difficult to distinguish the
operational implications, or impact of environmental conditions during
these times of rapid dynamics strictly with a power generation mea-
surement. In the second case, SAIs can well-exploit severity of sudden
generation swings and be utilized to formulate responses given any
degree of volatility in solar PV power generation.

Furthermore, as sample-wise SAls are derived from both SAlL4, and
PVPSs, the impact of longer-term dependencies may be further included
at the discretion of the user. For instance, PVPSs may be calculated for
TFs ranging potentially from days to years of historical data. Thus, the
influences of monthly, seasonally, and yearly weather patterns for a
given region, at the highest spatial-temporal resolution may be further
encapsulated in the classifications given for SAI(t).

To provide a metric for gauging algorithm runtime, the sample-wise
SAI determination is timed on a desktop workstation with the following
components: Windows 11 Enterprise with 12th Gen Intel i7-12700KF
CPU, NVIDIA RTX 4500 GPU and 64GB RAM capacity. Once the 24 h
average SAI and PVPS interpretations are established in the offline al-
gorithm, the sample-wise SAls take approximately 0.95 ms calculation
time per sample.
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5.4. Applications & limitations

It is shown that WCI, OCI and PVGI provide massive insights into the
operating conditions of a solar PV plant, for both very short (sample-
wise) to longer time intervals (24 h). These insights may be applied
throughout PV plant planning and operational contexts, some examples
are highlighted in Table 8.

As previously discussed in the literature review, WC based studies
are utilized throughout solar PV power generation forecasting applica-
tions. It is widely known that the largest errors occur in solar PV power
generation forecasting during volatile weather conditions, especially
when cloud coverage is intermittent. During these instances, GHI is
influenced by a variety of environmental factors, thus impacting solar
PV output. Implementation of WCI provides improvements in this re-
gard, as PV output characteristics based on specific weather conditions
are distinguished. Additionally, the WCI can be utilized as a metric to
quantify performance of PV power prediction algorithms, with respect
to WC.

Considering the OCI, complexity of PV system operation with respect
to power generation volatility and actual output can further bolster PV
power generation estimations and predictions as an assessment metric.
The OCI can also be implemented for assessments of power system bus
voltage and frequency regulation with PV-integrated schemes. For
instance, if the OCI increases in value, symbolizing reduced power
output as a result of fluctuations, operators can accurately assess the
situation and act to maintain system stability.

Since the PVGI represents a comprehensive impact/value of PV
power generation, applications throughout power systems are available.
For example, PVGI implementation can be explored for flexible dispatch
controllers incorporating some combination of battery storage systems,
demand response requirements, or electric vehicle smart park integra-
tion. Dynamic voltage and frequency regulation can be enhanced with
informative power compensation strategies to maintain system stability
through significant variations in PV power generation. In a similar
manner, automated generation control practices can be improved by
proactively tuning AGC set points based on PVGI operating points. PVGI
can further be utilized to assess, maintain and validate measurement
equipment by providing a metric for anomaly detection.

It is important to note some limitations of the proposed SAls. As
previously discussed, solar PV plant power generation characteristics
contain a high correlation to the concurrent weather and environmental
conditions experienced. Thus, the SAI determinations can only be as
accurate as the power generation data. The same is true for insufficient
data sampling rates. On the other hand, the proposed methodology has
not been implemented and assessed with solar PV plant power genera-
tion data from other regions/climates around the world. While the FIS
provides a robust platform for determining the SAIs, it is possible that
other locations may have other influences in SAI determination, given
differences in weather event frequency and climate differences.

6. Conclusion

The development of three SAIs, weather condition index, operational
complexity index and solar PV power generation index for near real-time
planning and operation of solar PV plants is presented in this paper.

Features describing the operational behaviors of solar PV plants
under dynamic operating conditions are derived from a historical power
generation database of a solar PV plant. Three FISs utilize the scaled
feature vectors to independently determine their corresponding index.
From the index, typical power generation characteristics based on four
operating conditions are further determined in the PVPS. Based on the
PVPSs, it is possible to interpolate sample-wise index values for an
arbitrary power generation measurement of a solar PV plant. Utilization
of the WCI, OCI, and PVGI provides significant insights into the sto-
chastic operating characteristics of solar PV plants, offering further
opportunities for enhancing planning and operational procedures.
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Each of the proposed SAI, WCI, OCI and PVGI, offer significant
benefits, based on the underlying principle of spatial-temporal resolu-
tion and the nature of site-specific operating parameters of solar PV
plants. The proposed framework is adaptive for different locations, sizes,
and configurations of solar PV plants, where each index may be re-
evaluated, re-optimized and continuously updated with new data.

Future work will include the implementation of the WCI, OCI and
PVGI in grid simulation contexts. Following studies will examine the
impact each SAI has on a targeted operating scenario to demonstrate
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Appendix A
A.1. SAl-based PV dispatch controller

To demonstrate a practical application of SAls in near real-time planning and control scenarios for solar PV plants, two dispatch controllers for a
solar PV plant with connected battery energy storage system (BESS) are developed in this supplementary section.

Fig. A.1 shows a representation of the proposed system, including Clemson University’s IMWp solar PV plant and BESS with the energy man-
agement controller, battery bank, supporting power electronic equipment and new connection with existing facilities. The micro-PMU communicates
power generation data to the energy management controller which decides to charge/discharge the battery bank to meet the dispatch objective —
power firming. Power firming refers to maintaining a certain level of combined PV and BESS output power for a specified time interval during the day.
Measured PV power (Ppy), state of charge (SOC), power level commitment (P.m), PVGI, predicted PVGI (PVEI ), combined PV-BESS power dispatched
to the grid (Pg;g) and battery bank power (Pgp) represent input and output variables for the controller. Note that PVGI related variables are only
utilized in the SAI controller.

Canopy 1 Micro- PCC
PMU 480Y/277V
PV Array PV Converter PV Inverter  AATIV
DC DC
DC AC
n
n
o PV-BESS Controller
Canopy:1z Input States
PV Array PV Converter PV Inverter Ppy(t), SoC (t), Poom(t), & PVGI(t)
DC DC ‘
DC AC MLP Neural Decision
Network
S S S Trees
Sepu T-DT &
Battery Energy Storage System ’ PVGI-DT
e Battery BESS BESS . (Fig. 11)
) PVGI (t + At
ﬁ % ‘ Bank Converter Inverter ( )
>t DC DC
o «—> < Output States
DC AC Pgria(t + At), Ppg(t + At)

Fig. A.1. Depiction of the solar PV plant, proposed BESS with battery bank and power electronics, and a model flow of the PV-BESS controller with input states,
internal systems, and output states illustrated.

To accomplish PV power firming, the battery bank must be sized accordingly to support energy requirements, while maintaining economical
reason. As such, the WCI is utilized to evaluate the frequency of OCs to evaluate these requirements. This is an additional insight the SAIs provide, as
both over-loading and under-loading a battery bank could be detrimental to battery life. For example, if a solar PV plant is located in a climate that is
frequently known for having experienced consistent OC4 weather conditions, then the power commitment requirements and battery bank must be
tuned accordingly as to ensure over-power event do not occur.
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The PV-BESS controller utilizes and compares two decision tree approaches, namely a traditional decision tree (T-DT) and PVGI decision tree
(PVGI-DT). Both decision trees utilize two primary decision factors (i.e. PV power generation and state of charge measurements) to achieve the
multiple objectives listed below:

1) Maintain Pgyg within the power commitment interval during the identified time-span.
2) Maintain a BESS state of charge (SoC) near to the SoC set point, such that sustained BESS charge deviations either higher or lower from the desired
value are minimized.

These objectives are realized through controlling the battery bank power flow to realize the PV power firming requirements.

As compared to the T-DT, the PVGI-DT contains an additional decision factor to better achieve the PV power firming requirements. As indicated,
the PVGI-DT evaluates current and predicted PVGI values, provided by a single feed-forward, time-series multi-layer perceptron (MLP) neural network
at a prediction horizon of 30 min. Depictions of the full algorithm and different subroutines are provided in Fig. A.2.
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> Peom,t
No Yes
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No l 1 No
[ Pyria® = Poom [ Poria(®) = Pooma |
[ Pyria®) = Promas | W(t) =Po (D) |
T
End

(c)
Fig. A.2. (a) PV-BESS full algorithm implementation to realize control requirements based on input states, (b) T-DT basic subroutine and (c) PVGI-DT subroutine
with integrated foresight capabilities.
In the PVGI-DT methodology, the change in PVGI (APVGI) is included to quantify the expected change in solar PV plant performance. APVGI is
calculated as the difference between PVGI predictions (PVGI (t + At)) and the calculated PVGI at time t is given in (A.1)

APVGI(t) = PVGI (t + At) — PVGI(t) (A1)

To reasonably compare the two decision tree approaches, performance metrics such as average dispatch power (Pgigav), and SoC set point standard
deviation, (SoCyg,) are calculated in (A.2) and (A.3), respectively, where t € [1 : T] samples included within the power commitment interval.

1 T
Pgidae = > Pyia(t) (A.2)
t=1
1< 2
50Cer = T; (SoC(t) — SoCy, ) (A3)
A.2. Results

First, by evaluating Table A.1, insights to the probability of the next day’s operating condition based on the current day’s operating condition is
shown for Q2 of the previously discussed dataset. Here, an interesting phenomenon is noted by the succession of OCs. Given that a current day is an
arbitrary OC, there is at least a 50 % chance the next day is the same day type, showing that OCs commonly repeat for the region where the data is
collected. Utilizing this analysis, a battery bank size for the PV-BESS may be determined considering the probability of successive events.
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Table A.1
Frequency of operating conditions based on WCI.

Applied Energy 402 (2025) 126855

Current Day

0Cy 0Cg 0C¢

Next Day 0Cy 53 % 31% 21 %
OCp 42 % 56 % 29 %

OCc¢ 5% 13 % 50 %

With this additional information, for battery bank sizing, additional design parameters may be found in Table A.2. As noted, the BESS size is
4MWh, with a minimum and maximum permitted range allotted by a difference of 10 % of full-charge and no-charge conditions. This battery size is
determined to sustain the committed power interval of +10% of 700 kW between 09:00 and 17:00 for the majority of days within the Q2 dataset.

Table A.2
PV-BESS design parameters.

Parameter Value

BESS nominal energy 4 MWh

BESS SoC range [10% — 90 %]

BESS SoC set point 50 %

Power commitment 700 kW

Power commitment range +10% [630 kW — 770 kW]
Energy commitment 5.6 MWh

Commitment start time 9:00

Commitment end time 17:00

To demonstrate the effectiveness of the PVGI-DT compared to the T-DT baseline approach, output plots are presented in Fig. A.3 for three test cases.
For each test case (organized by columns), measured PV power generation is plotted in the first row in green to show when solar PV plant generation

exceeds the minimum commitment level, and red otherwise. The second row shows PVGI and PVGI time series, third row shows Pgy4 for both decision
trees, and the fourth row shows the SoC time series. The aforementioned performance metrics are provided in Table A.3, with an additional metric,
number of battery switching events (BBg,) also included indicative of the number of charge/discharge switching events.
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Fig. A.3. PV-BESS controller output comparison for three test cases. Measured PV power for each test case in plots (1.a), (2.a), and (3.a). PVGI and PVGI time series
in blue and red, respectively, in (1.b), (2.b), and (3.b). Combined power dispatch, Pgyg, in plots (1.c), (2.c), and (3.c), and SoC in plots (1.d), (2.d), and (3.d) each with
T-DT in blue and PVGI-DT in orange.

Table A.3
PV-BESS test case performance metrics.

Performance Index Test Case 1 Test Case 2 Test Case 3

T-DT PVGI-DT T-DT PVGI-DT T-DT PVGI-DT
Pgrigavg 0.64 0.69 0.64 0.68 0.64 0.66
S0Cey 0.12 0.064 0.97 0.58 0.057 0.044
BBy, 2 1 24 21 43 32

In all the test cases shown, the PVGI-DT outperforms the T-DT in each metric. Supported by Table A.3, Pgyg qy is consistently maximized, and both
S0Cg4., and BBy, are consistently minimized by the PVGI-DT, compared to the T-DT. Therefore, even in a simple application scenario, such as a decision
tree style PV-BESS energy dispatch controller, the SAIs offer excellent sources of information to enhance planning and operational contexts of solar PV
plants.

A.3. Summary

PV-BESS technology demonstrate strong potential to address the inherent variability and intermittency of solar PV power generation. Thus,
distribution systems stand to benefit from greater efficiency, reliability and resiliency. This case study presented the development of an intelligent PV-
BESS controller designed to enhance the power output of a solar PV plant with PV power firming. By integrating SAIs, namely the WCI for battery bank
sizing evaluations, and the PVGI for advanced intelligence sources in dispatch control, more informed and planning and operational decisions
occurred. The PVGI-DT further demonstrated improved dispatch control by supporting optimal SoC management and reducing switching cycles,
ultimately extending battery bank lifetime.
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Appendix B

This appendix provides supplementary visualizations and comparisons of SAI values for comparison. Days with corresponding SAI values are
plotted in Fig. B.1.
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Fig. B.1. Visualization of actual solar PV power generation for Clemson University 1MWp solar PV plant measured at a 1-min sampling rate for randomly selected
days during the 2024 year.

Appendix C

This appendix provides supplementary visualizations of the PVPSs. Monthly PVPSs are shown for WCI, OCI, and PVGI in Fig. C.1, Fig. C.2, and
Fig. C.3, respectively. Average SAI values for each index are shown in Table C.1, with their sorted frequency proportions for each OC summarized in
Table C.2. It is observed that the monthly PVPSs provide higher resolution analysis given the smaller TF, but at the cost of sparsity, as some OCs do not
occur within a given month
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Fig. C.1. Monthly WCI PVPSs. As pictured, the month represented in each plot contains comparative differences with respect to power peak power generation and
volatility for each OC.
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Fig. C.2. Monthly OCI PVPSs. As pictured, the month represented in each plot contains comparative differences with respect to power peak power generation and

volatility for each OC.
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Fig. C.3. Monthly PVGI PVPSs. As pictured, the month represented in each plot contains comparative differences with respect to power peak power generation and

volatility for each OC.

Table C.1

Monthly PVPS average SAL
TF WCI oCI PVGI

OCxp OCp OC¢ 0Cp 0Ca OCp OC¢ OCp 0Ca OCp OC¢ OCp

Jan. 0.97 N/A 0.45 0.16 N/A 0.34 0.59 0.78 N/A 0.58 0.4 0.18
Feb. 0.99 0.77 0.52 0.15 0.21 0.36 0.58 0.86 N/A 0.64 0.44 0.11
Mar. 0.97 0.73 0.53 0.24 0.15 0.32 0.62 0.88 0.81 0.63 0.34 0.15
Apr. 0.98 0.71 0.5 0.33 0.13 0.35 0.58 N/A 0.85 0.64 0.39 N/A
May 0.94 0.76 0.53 0.31 0.16 0.40 0.60 N/A 0.85 0.62 0.38 N/A
Jun. 0.95 0.72 0.55 N/A 0.15 0.39 0.51 N/A 0.83 0.64 0.44 N/A
Jul. 0.92 0.75 0.54 N/A 0.18 0.35 N/A N/A 0.81 0.65 0.49 N/A
Aug. 0.95 0.76 0.59 N/A 0.18 0.34 0.53 N/A 0.8 0.62 0.46 N/A
Sep. 0.95 0.68 0.49 0.34 0.18 0.39 0.55 N/A 0.76 0.61 0.39 N/A
Oct. 0.98 0.76 0.45 0.16 0.21 0.34 0.56 0.76 N/A 0.67 0.45 0.18
Nov. 0.98 0.78 0.5 0.19 N/A 0.33 0.59 0.83 N/A 0.57 0.38 0.15
Dec. 1 0.73 0.47 0.17 N/A 0.33 0.56 0.91 N/A 0.56 0.4 0.07
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Table C.2
Monthly PVPS sorted proportions.

Applied Energy 402 (2025) 126855

TF WCI OCI PVGI
0Cx 0Cp OCc¢ 0oCp 0Cx OCp OCc¢ 0Cp 0Cx OCp OCc OCp

Jan. 0.30 0 0.40 0.30 0 0.50 0.30 0.20 0 0.40 0.30 0.30

Feb. 0.37 0.10 0.29 0.23 0.30 0.48 0.05 0.19 0 0.62 0.19 0.19

Mar. 0.38 0.27 0.16 0.19 0.42 0.31 0.23 0.04 0.38 0.35 0.19 0.08

Apr. 0.23 0.38 0.27 0.12 0.35 0.38 0.27 0 0.35 0.38 0.27 0

May 0.17 0.33 0.42 0.08 0.42 0.42 0.16 0 0.42 0.33 0.25 0

Jun. 0.21 0.42 0.37 0 0.37 0.58 0.05 0 0.37 0.58 0.05 0

Jul. 0.14 0.64 0.20 0 0.50 0.50 0 0 0.57 0.36 0.07 0

Aug. 0.32 0.45 0.23 0 0.59 0.36 0.05 0 0.59 0.36 0.05 0

Sep. 0.11 0.26 0.58 0.05 0.11 0.53 0.36 0 0.05 0.58 0.37 0

Oct. 0.62 0.19 0.15 0.04 0.50 0.42 0.04 0.04 0 0.77 0.19 0.04

Nov. 0.24 0.16 0.24 0.36 0 0.56 0.24 0.2 0 0.44 0.32 0.24

Dec. 0.32 0.21 0.21 0.26 0 0.63 0.21 0.16 0 0.47 0.37 0.16

Data availability [20] Wang F, Zhen Z, Wang B, Mi Z. Comparative study on KNN and SVM based weather

classification models for day ahead short term solar PV forecasting. Appl. Sci.
2017;8(1):28-51.

Data will be made available on request. [21] S. Nitisanin and N. Hoonchareon, “Solar power forecast with weather classification
using self-organized map,” in Proc. 2017 IEEE Power & Energy General Meeting.
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