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Abstract

Photovoltaic (PV) systems are being increasingly implemented in the grid, and their intermittent output fluctuations threaten the sta-
bility of the grid, thereby requiring effective power ramp control (PRRC) strategies. In this study, we proposed a power fluctuation iden-
tification method to optimize the PRRC strategy. The K-means++ cluster based on DTW used in this method, which clusters the
historical PV power generation data into power curves corresponding to a specific weather type (sunny, cloudy, and rainy) in a time zone.
Subsequently, wavelet decomposition is applied to discretize the power curves with extreme RR overrun to accurately identify the
extreme fluctuation time zones. We conducted an analysis using minute-level data from a 100 kW PV plant in Arizona, which demon-
strates that the proposed method can effectively identify high-risk periods. Weather patterns within the time zones were quantitatively
identified using a weather probability model. A hardware-in-the-loop experimental platform was employed to validate two days of actual
power data in Arizona, demonstrating the weather zoning accuracy of the method and the reasonableness of the control. The proposed
methodology contributes significantly to PRRC strategy selection and parameter optimization (e.g., ESS capacity storage allocation and
APC power reserve DP) in different time zones and weather conditions.

Keywords: Photovoltaic power fluctuation; Temporal clustering; Wavelet decomposition; Power ramp rate control
0 Introduction

Solar energy is a clean and renewable resource, which is
expected to replace the conventional fossil fuel-based
energy production in the foreseeable future [1]. The global
photovoltaic (PV) generation is expected to increase signif-
icantly by 2023. The new PV installations in China will
reach 95–120 GW, accounting for more than 30% of the
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global new PV installations, which are expected to reach
280–330 GW [2]. As the number of large-scale PV plants
increases, the share of PV in the overall energy grid
increases.

Typically, the increasing penetration of PV systems
causes grid instability owing to their intermittent nature
[3]. Large PV systems must maintain a smooth output
without any abrupt changes. However, the intensity of
solar irradiation is vulnerable to changes in the external
environment. Consequently, it may fluctuate drastically
over short periods with variations in the weather. The out-
put power of the PV system varies significantly under dif-
ferent weather types, as shown in Fig. 1. This inherent
characteristic presents considerable risks to the safe and
stable operation of the power system. Therefore, the anal-
services by Elsevier B.V. on behalf of KeAi Communications Co. Ltd.
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Fig. 1. Solar irradiance in different typical weather types.
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ysis of the PV power fluctuation characteristics must con-
sider different weather types.

The high rate of change in solar irradiance can cause
fluctuations in the PV systems, which significantly affect
the stable operation of the power grid. Therefore, power
ramp-rate (RR) limitations were introduced to the new
grid codes in several countries [4]. For example, the maxi-
mum allowable RR limitations can be defined as 10% of
the PV capacity per minute in Germany and Puerto Rico
[5]. To reduce the high variation rate of the injected power
to satisfy the RR limitation, several electricity regulators
require power ramp control (PRRC) for large PV systems
to minimize the negative impacts [6]. Typically, PRRC can
be realized using two methods: energy storage systems
(ESS) or active power control (APC). The former typically
employs batteries to smooth the power fluctuations [7,8].
However, the first approach is limited by the high cost
and limited lifetime. Additionally, integrating the ESS into
the PV system increases the complexity of the entire system
[9,10]. Thus, the APC is an alternative solution to mitigate
this problem. A power reserve control method was pro-
posed for real-time Maximum power point estimation
using curve fitting [11,12]. Furthermore, a previous study
proposed a convenient MPP estimation method using
Lambertian functions for fast response [13]. An FPPT-
based PRRC strategy was also proposed, which reduces
the cost and effectively controls the ramp rate rise and fall
[14]. However, because the intermittent fluctuations in the
solar irradiance cause large power fluctuations, the RR
control strategy must consider the PV power fluctuation
time zones and fluctuation characteristics [15].

The most common method involves analyzing the
stochastic characteristics of PV output using conventional
mathematical statistics such as the mean, variance, and
probability distribution [16–18]. Research has also been
conducted to evaluate the solar ramp rate correlations
through simple radiation and wind measurements [19].
However, these methods are cumbersome and time-
consuming, and their accuracy is largely unknown. Fur-
thermore, the reference value for subsequent ramp rate
control strategies is limited.

A more accurate and reliable characterization of the
degree of power fluctuations can be realized by using arti-
ficial intelligence algorithms. For example, a time series
generation method for PV power generation considering
spatiotemporal correlation features was proposed in a pre-
vious study [20–22]. Power fluctuation pattern recognition
was achieved by using cloud feature extraction based on
artificial intelligence algorithms [23,24]. However, these
methods increase the complexity of the algorithm imple-
mentation while improving the accuracy. Additionally,
the high accuracy results obtained by such AI algorithms
are more favorable for ultra-short-term power forecasting
and power market strategy development, rather than the
PRRC control strategy.

In recent years, clustering has been implemented to pro-
cess data. This method reduces the amount of analysis and
increases the accuracy by identifying hidden structures in
the data, performing data compression, dimensionality
reduction, and classification to extract useful information
[25]. However, in PV power analysis applications, high-
precision power prediction models were established by
using the clustering results of the long-term historical time
series [26–29]. Previous studies have not considered clus-
tering to provide valuable reference information for the
control strategy of PRRC.

In this study, we proposed a temporal clustering
method by using wavelet decomposition. The proposed
method categorizes the time zones where the power ramp
rate is exceeded, along with the corresponding approxi-
mate weather types.

Utilizing the proposed method presents the following
advantages:

The historical data can be processed without complex
and accurate artificial intelligence algorithms, and sea-
sonal disturbances were eliminated by using the pro-
posed temporal clustering method.

The time periods when extreme weather occurs could be
directly and accurately determined by approximating
the power curves using wavelet decomposition and by
incorporating probabilistic model calculations.

Calculating the results using the proposed method con-
tributes significantly to PRRC strategy selection and
parameter optimization (e.g., ESS capacity storage allo-
cation and APC power reserve DP) under different time
zones and weather conditions.
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Fig. 2. Sample daily power curve and daily instantaneous ramp rate
under different weather at a location.
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1 Photovoltaic power fluctuations and ramp rates

PV is an intermittent energy source, which may cause
voltage fluctuations, voltage increase, reverse power flow,
voltage flicker, grid-side power fluctuations, and frequency
fluctuations when connected to the grid. This negative
effect is caused by variations in the solar radiation. The
solar radiation represents time series data that fluctuates
based on the days, hours, minutes, and sometimes even
seconds. Additionally, rainfall, cloud movement, and vari-
ations in the weather conditions cause frequent changes in
the solar radiation.

The adverse effects of PV output power fluctuations on
the utility grid caused the network operators to implement
ramp rate limits to control the fluctuations. For example,
the Puerto Rico Electric Power Authority (PREPA) has
implemented ramp rate limits on the PV generators to mit-
igate the negative impact on the utility grid [29]. Equation
(1) expresses the RR of the PV output power at a specific
time instant, which can be defined as the change in the PV
output power between two consecutive instances of time
(‘i’ and ‘i 1 ).

RR i
dPPV

dt
i

PPV i PPV i 1

t i t i 1
1

RR can be positive (rising) or negative (falling), based
on the PV output power [30]. The RR of the PV output
power must be maintained within the RR limit (in MW/
min). This can be achieved by using the p. u value (actual
value divided by the base value), and is the amount of out-
put that can be increased or decreased per unit of time,
reflecting the regulation capability and sensitivity of the
unit [31,32].

For example, the most recommended RR limit for PV
plant operators internationally is 10% of the rated PV
capacity per minute to overcome the limitations of PV
fluctuations on the utility grid. The commonly used RR
limit for instantaneous ‘i’ PV output power is expressed
as follows:

RR i RRlimit 2

The time periods that do not satisfy this limit are
defined as risky time zones that present the potential to
exceed the power ramp rate limit.

Fig. 2 depicts the continuous output power curve of PV
for one week. It presents the following findings:

The maximum PV power varies significantly under dif-
ferent weather conditions.

The PV power fluctuation characteristics correspond
only to the current weather state, which is typically
independent of the previous weather state.
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The time period during which the PV RR exceeds the
limit varies based on the weather.

2 Photovoltaic power temporal clustering method

These findings demonstrate that different weather con-
ditions can cause frequent changes in the solar radiation
and large fluctuations in the PV output power, which
can also cause RR overrun at different time zones. There-
fore, a more comprehensive analysis and assessment of the
more probable time periods of ramp rate overrun is
required. To this end, we consider the use of long-term his-
torical time series data with the corresponding temporal
resolution for analysis. Furthermore, we employed tempo-
ral clustering methods to reduce the amount of analysis,
while considering the accuracy of the time region.

Fig. 3 depicts the specific research framework employed
in this study. Firstly, the data are preprocessed (classifica-
tion of the time zones), and the one-year time series length-
minute data are divided into 1–12 groups based on the
month, and the daily data in each group are then divided
into 24 time intervals.

Subsequently, the daily power time series in the group
were clustered by K-means++ based on dynamic time
warping (DTW) in time intervals of 24 h to form three
clusters. Consequently, weather label assignment is per-
formed based on the high and low ordering of the average
power in the center of mass in each time interval. To
approximate the power values under the three typical
weather conditions, we defined high power as sunny, med-
ium power as cloudy, and low power as rainy.

The hourly center-of-mass curves were then spliced into
all-day curves to obtain the power curves that represent
the three typical weather fluctuations in each month. We
performed RR calculations and statistics on the clustered
data for each month to identify the dates and time zones
of extreme power fluctuations. Additionally, we performed
wavelet decomposition on their daily power curve samples.

Lastly, the daily power curves obtained from its wavelet
decomposition are compared with the typical weather
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Fig. 3. The research framework for time zones identification of power fluctuations.
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power curves formed by clustering for that month. Fur-
thermore, we established a probability model to analyze
the approximate weather types for each time period,
thereby providing an Optimization method for the control
strategy of PRRC.

2.1 K-means++ clustering based on DTW

The features of the zones to be clustered must be iden-
tified to implement the clustering algorithm. Because the
zones with similar patterns must be clustered together,
the data points of each PV generation zone must be con-
sidered as features of that zone. Thus, PV generation zones
with close power values at each time period are combined
within the same cluster.

K-means is a feasible clustering algorithm that can be
used to group PV power time periods. However, each
power curve sample is a time series, and the center of grav-
ity must capture the dynamic pattern of the series, instead
of the static position. Therefore, we considered the
dynamic time-regularized DTW method to obtain the cen-
ter of mass curve reflecting the power fluctuation in each
time zone. DTW can be used to overcome the problem
of phase shift of the PV power curves due to sudden
weather changes (e.g., delayed power dips due to cloud
movement). DTW can eliminate the time axis offset
through nonlinear alignment, and can be applied to the
time series similarity metrics of different lengths and
shapes. Given two time series X and Y, the optimal path
can be solved using DTW, which is defined as follows [33]:

DTW X Y min
W

i j W

xi yj 3

where W denotes the set of aligned paths that
satisfy the boundedness, continuity, and monotonicity
constraints.

Because the classification results of the K-means algo-
rithm are not sufficiently robust for the selection of the ini-
tial points, we proposed the K-means++ algorithm.
Firstly, a sample is randomly selected from the dataset
as the first center of mass, c1. For each sample, xi, we cal-
culated its DTW distance from the nearest center of mass
in the set of selected centers of mass, cj, which is denoted as
D(xi). It is expressed as follows [34]:

D xi min
cj C

DTW xi cj 4

The next center of mass is then selected based on the
probability of the square of the distance. That is, the sam-
ple furthest away from the current set of centers of mass is
more likely to be selected as the new center of mass. The
probability is calculated as follows:

P xi
D xi

2

N
j 1D xj

2
5

Subsequently, for each sample, xi, we calculated its
DTW distance, DTW(xi,cj), from all the k centers of mass,
and assigned it to the cluster represented by the center of
mass with the smallest DTW distance [35]. For each clus-
ter, its center of mass is updated to be the median of all the
samples within the cluster to reduce the influence of out-
liers and preserve the temporal morphological features.

To make the improved DTW-K-means algorithm con-
verge within a finite number of steps, the objective func-
tion is defined to minimize the total DTW distance
within each cluster:

min J
k

j 1 xi Cj

DTW xi cj 6

where Cj denotes the set of the j cluster.
Because J has a lower bound of 0 and continuously

decreases at each iteration, the algorithm must converge
within a finite number of steps based on the monotonic
convergence theorem.

2.2 Typical power weather curve

In this study, a yearly sample of the minute-level power
data for PV in Arizona is divided into 12 groups based on
the month to preserve the seasonal characteristics. All the
sample groups are then divided into 24 subsets with hourly
intervals. Separate independent DTW-K-means clustering
was performed on the data within each set of time intervals
to obtain the center-of-mass curves. Furthermore, we per-
781
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formed weather label assignment, defining high power as
sunny, medium power as cloudy, and low power as rainy
based on the average power ranking of the center of mass.

This can be expressed as follows:

Weather type

sunny

cloudy

rainy

mean cj hhigh
hlow mean cj hhigh

mean cj hlow

7

where hhigh and hlow denote the upper and lower power
thresholds.

Based on the previous analysis, the K-means++ cluster
based on DTW analysis of three clusters was considered
for 24 small time periods of output power data for each
month in a region based on Eqs. (4)–(6).

Fig. 4 depicts the plot results of K-means++ based on
the DTW meteorological clustering of the output power
for different time periods in February 2020 for a PV plant
in Arizona with a rated capacity of 100 kW. For ease of
viewing, only a portion of the sample is depicted.

Based on the previous analysis, the high, medium, and
low clustering centers generated for each hourly time per-
iod of each month were considered as the typical weather
power center of mass curves corresponding to the sunny,
cloudy, and rainy weather conditions for that month,
respectively, and a typical daily power curve was obtained
to reflect the corresponding weather. Fig. 5 depicts the typ-
ical weather power curves for the month obtained by link-
ing the cluster centers that are determined by clustering
each of the above time periods.

3 Fluctuation analysis by using wavelet decomposition

PV systems present a considerable risk to the long-term
stability of the grid operation as a representative of the
new energy that gains access to the power system through
Fig. 4. Arizona February partial time zone clustering result.
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the intermittent fluctuations in the output power [36].
These systems are typically used in the energy storage sys-
tem, PPRC, and other RR control strategies to reduce the
limitations presented by the fluctuations [37]. Further-
more, changes in the external environment caused by fluc-
tuations in the PV output power hinder the comprehensive
analysis of the power RR control strategy. Obtaining a
better understanding of the time period and the weather
conditions can help in developing more effective
countermeasures.

3.1 Ramp rate exceeds the time zones statistics

To determine the time zones of concern for the RR
overruns, the PV output power data for each day of the
month for a particular region is divided into 24 groups
on an hourly basis. The instantaneous RR is then calcu-
lated using Eq. (1) combined with Eq. (2) to discriminate
and record the overruns with an RR limit of 10%, and
the number of times the RR overruns were generated in
each hourly interval on the same day is counted.

The data for one year in Tucson, Arizona, was grouped
based on month to minimize the impact of the seasonal
weather conditions. To visually depict the RR time zones
of concern in Tucson, they were partitioned into segments
of 24 h. Fig. 6 depicts the number of RR overruns in the
area by month for each time of year.

The RR overrun conditions are most likely to occur in
the period between 9:00 and 17:00. The RR overrun inter-
val segments are more frequent in spring and summer, and
relatively rare in winter and fall.

To further analyze the weather conditions during these
time periods, the RRs for the entire year were analyzed on
a daily basis, grouped by month, to identify the extreme
weather dates for each month, and Fig. 7 depicts the
results.

Figs. 6 and 7 present a reasonable accounting of the
power fluctuations in Tucson, with the most frequent
and severe RR overruns occurring during the spring and
summer months when the climate is variable, and the most
moderate conditions occurring in the autumn, with only a
Fig. 5. Typical Arizona weather daily power curves for February.

move_f0020
move_f0025
move_f0030
move_f0035


Fig. 6. Overrun of the number of RR in a year (by hour).

Fig. 7. Overrun of the number of RR in a year (by day).

Y. Chen et al. / Global Energy Interconnection 8 (2025) 778–789
few isolated dates when more severe conditions are
observed.

3.2 Wavelet decomposition fitted to daily power

To further analyze the climatic conditions of the month
in which these periods are prone to power fluctuations and
creep rate conditions, we considered the actual daily power
curves for the dates of interest. To minimize the difficulty
of the analysis, sampling wavelet transforms were fitted to
their approximate trends. These trends were then com-
pared with the typical daily power curves for the current
month clustered to include the three conditions obtained
in the previous steps to determine the prevalent climatic
conditions in each time zone. The wavelet decomposition
method involves the multi-scale analysis of signals using
the scale functions and wavelet functions, and is expressed
as follows [38]:

XW a b 1

a
x t w t b

a dt 8

where x(t) denotes the original signal, w(t) denotes the
wavelet function, a denotes the scale factor, and b denotes
the translation factor.

The values of the scale factor and translation factor
determine the accuracy and speed of the wavelet trans-
form. Typically, the scale factor and translation factor
are considered as multiples of 2j (j is an integer greater
than 0) to realize the fast wavelet transform.

The result of the discrete wavelet decomposition can be
decomposed into approximate coefficients and detail coef-
ficients, where the approximate coefficients represent the
low-frequency part of the signal and the detail coefficients
represent the high-frequency part of the signal [39]. The
wavelet series expansion is defined as:

f x
k

cj0 k/j0 k x
j j0 k

dj kwj k x 9

where j0 denotes an arbitrary starting point, /j,k(x)
denotes the scale function, wj,k(x) denotes the wavelet
function, cj,k denotes the approximation coefficient, and
dj,k denotes the detail coefficient.

The j layer approximation factor is given as:

cAj
k

cj k /j k x 10

The j layer detail factor is given as:

cDj

k

d j k wj k x 11

The wavelet reconstruction signal composition is
expressed as follows:

Sig cA4 cD3 cD4 12

The wavelet approximation coefficients after four levels
of decomposition retain the general trend of the power,
and the detail coefficients of the third and fourth levels
reflect the fluctuations within a specific time period. The
approximation curve of the wavelet obtained after the
three reconstructions comprises the approximation of the
signal trend and some details of the fluctuations, which
can be used as an approximation curve of the daily output
power[40]. Fig. 8 depicts a schematic of the wavelet recon-
struction after decomposition.

Fig. 9 depicts the raw power data at the minute level, the
daily measured power of the PV plant with a sampling step
of 15 min and the power curve after the low-pass filter,
along with the approximate curve reconstructed via wave-
783
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Fig. 8. Schematic diagram of wavelet decomposition reconstruction.

Fig. 9. Comparison of different sampling frequencies with wavelet
decomposition.
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let decomposition, as shown in Eq. (12). The comparison
results demonstrated that the 15 min and filtered power
curves can effectively reflect the overall trend of the PV
power curve; however, they cannot represent the short-
term fluctuations of the PV power curve. Conversely, the
approximate horizontal curve obtained through wavelet
transformation of the daily power high-frequency data
makes it easier to analyze the fluctuation of the PV power
generation. Therefore, the wavelet decomposition is used to
fit the curve to reduce the workload while considering the
784
accuracy of analyzing the approximate output power of
each time period of a certain day.

4 PV power fluctuation identification

4.1 Weather probability framework analysis

Fig. 7 depicts the days with the highest RR overrun
levels that are obtained from the previous monthly RR
overrun histograms. The typical RR ramp time zones were
analyzed for two days, i.e., on the 23rd and 28th of
February.

The red circles in Figs. 10 and 11 represent the RR
overruns, and the blue circles indicate the points within
the 10% RR standard limit. The power fluctuations in
the region were observed to be more intense on February
23rd from 9:00 to 12:00. Additionally, for most of the time
on February 28th, i.e., from 9:00 to 17:00, it is in the per-
iod of RR overruns; however, the least RR overruns were
observed in the period from 12:00 to 13:00.

The daily power curves were fitted using the wavelet
decomposition method and compared with the daily
power curves of typical weather during the month to ana-
lyze the type of weather that produces the time zones
where RR overruns are frequent.

To reflect the degree of dispersion of the data, the stan-
dard deviation, r(t), was calculated, and the confidence
intervals were plotted for each moment, as shown in
Figs. 12 and 13. Typically, l(t) denotes the mean value
of power at time t, and the ±1 standard deviation interval
can be defined as follows:

l t r t l t r t 13

To quantify the treatment, we considered using a prob-
abilistic framework to determine the weather type. For the
typical weather profile, li(t) denotes the mean power at
time t, ri(t) denotes the standard deviation, and the confi-
dence interval for the weather is given as:

CIi t li t ri t li t ri t 14
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Fig. 10. Arizona RR overrun time zones for February 23rd.

Fig. 11. Arizona RR overrun time zones for February 28th.

Fig. 12. February 23 Wavelet Decomposition Approximate Power Curve
Comparison.

Fig. 13. February 28 Wavelet Decomposition Approximate Power Curve
Comparison.
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If the observation, yobs(t) (wavelet transformed daily
power curves), falls within the confidence interval, CIi(t),
for a given weather, the moment is considered to belong
to that weather 100% of the time. If yobs(t) falls within
the overlapping confidence intervals of two weather at
the same time, the probability of each is taken as 50
percent.

If the direct determination condition is not satisfied, the
distance to each weather is calculated, and the distance to
a particular weather condition for an observation is
defined as follows:

di t min yobs t li t ri t 15

This represents the shortest distance from the observa-
tion to the boundary of each weather confidence interval.
Additionally, for observations that do not fall within any
confidence interval, weights are assigned for each weather
inverse distance weighting as follows:

wi t
1

di t
16

The normalization process yields the probabilities, i.e.,
the weight of each weather divided by the weight of the
three types of weather added together, where i = 1, 2, 3
corresponds to sunny, cloudy, and rainy weather,
respectively:

P i t
wi t

iwi t
17

To improve the accuracy and prevent misclassification,
minute sampling points with N = 60 were set for each time
interval (the probability that the sampling power of a spe-
cial point is 0 is also 0), and the probability that an obser-
vation lies within a particular weather type during that
hour is defined as follows:

Phour
i

1

60
t hour

P i t 18

Figs. 14 and 15 depict the results of the meteorological
probability calculations for two typical days in February
(dates of frequent PV power overrun events). We com-
pared the specific time periods for RR overruns in Figs. 10
and 11. The data analysis demonstrates that the RR over-
Fig. 14. Calculation of weather probability for February 23rd.
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Fig. 15. Calculation of weather probability for February 28th.

Fig. 16. Examples of PRRC Control Strategies Implemented.
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Fig. 17. Examples of Application Scenario.
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runs are not severe in the period between 12:00 and 15:00
on February 23rd, where rainy weather is persistent, and in
the period between 12:00 and 13:00 on February 28th,
when the weather is cloudy. Conversely, during the other
periods, the weather type switched frequently between
sunny, rainy, and cloudy weather, presenting drastic fluc-
tuations in the PV output. Therefore, the region is prone
to RR overruns due to high-impact weather types in the
period between 9:00 and 17:00 throughout the day in
February. However, the magnitude of PV power fluctua-
tion is relatively small, for the cloudy weather observed
in the period between 12:00 and 13:00 and the continuous
rainy weather observed in the period between 12:00 and
15:00; this prevents large-scale RR overruns. The specifics
of the other months and time periods can also be analyzed
using this method.

4.2 Application scenario analysis

Based on the results of the above analysis, we consider
the month of February in Tucson as an example of the var-
ious weather types that must be considered when designing
a PRRC control strategy for that month. The blue line in
Fig. 16 represents the actual output power, and the red line
represents the power corrected using different PRRC con-
trol strategies.

The MPPT control strategy can be used on sunny days
when no RR overruns were observed. The APC-based
PRRC control strategy can be used on cloudy days when
minimal power fluctuation is observed. The more stringent
ESS-based PRRC control strategy was used during the
sunny and rainy weather. Effective control strategies were
realized for different weather types in different time peri-
ods, which ensure the efficiency of PV power generation
while satisfying the international RR limitation standards.

Fig. 17 depicts the specific practical applications, where
the proposed method does not rely on real-time weather
forecasts or irradiance forecasts generated one day in
advance. It only utilizes the historical correlation between
the power fluctuations and weather type within a specific
region analyzed from the historical power data using the
proposed a power fluctuation identification method. Sub-
786
sequently, different PRRC control strategies and parame-
ters (e.g., APC reserve power DP or ESS capacity
allocation) are pre-determined to optimize the power reg-
ulation efficiency of the PV plant under different weather
conditions.

5 Experiment validation

The experiment is implemented on the MT 6016
hardware-in-loop platform to evaluate the performance
of the conventional APC control scheme under extreme
weather conditions, as shown in Fig. 18. Table 1 lists the
crucial parameters for the test system. The PV system
and its cascaded circuits are constructed by the field pro-
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Fig. 18. The experiment platform.

Table 1
Critical parameters of the test system.

Name Symbol Value

Rated capacity of PV array Pr 100 kW
Power at MPP Pmpp 305.23 W
Voltage at MPP V mpp 54.7 V
Current at MPP Impp 5.58 A
Open-circuit voltage V oc 64.2 V
Short-circuit current Isc 5.96 A
Parallel strings NP 66
Series-connected modules NS 5
Boost capacitor C 470 lF
Boost Inductor L 5 mH
Switching frequency f sw 10 kHz
DC side voltage V DC 380 V
Proportional factor of PI P 0.0317
Integral factor of PI I 4.9
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grammable gate array (FPGA) through the software Star-
Sim provided by National Instrument. The test results are
monitored using an oscilloscope through an interface
board. We applied two days of meteorological data on
the testbed to determine the effectiveness and the efficiency
of the APC scheme under different weather types.
Fig. 19. Experimental results of the (a1) Voltage and power in MPPT mode on F
power in APC mode on February 23rd (d1) RR in APC mode on February 23r
February 28th (b2) RR in MPPT mode on February 28th (c2) Voltage and po
28th.
Thus, the experimental results are cross-validated with
the above analysis, thereby demonstrating the importance
of the proposed methodology for optimizing the PRRC
control strategy, as explained in the introduction. Addi-
tionally, the experiment employed the international RR
limiting criterion of 10% to evaluate the APC perfor-
mance. The experimental test period lies between 9:00
and 15:00 (February 23th and 28th, 2020, Tucson, Ari-
zona), when the ramp events were concentrated and accel-
erated 30 times to reduce the waiting time.

Fig. 19 presents the results of the experimental platform
that are depicted using an oscilloscope. Fig. 19(a) depicts
the benchmark condition where the PV system is con-
trolled by MPPT without the RR regulation ability.
Fig. 19(c) depicts the power and voltage change regulated
by the APC-based PRRC scheme. Additionally, Fig. 19(b)
(d) depicts the real-time RR values for the MPPT and
APC states. The red dashed line indicates the range that
satisfies the standard RRlimit. Consequently, during
weather with high intermittent solar irradiance, the system
operates with a significant power RR that violates the grid
limits. The conventional control strategy of the APC is
more appropriate in terms of the efficiency of its regulation
capability for cloudy weather with low power fluctuations.
However, for frequent high power fluctuations in the rainy
and sunny transition weather, its regulation efficiency is
relatively low and is not suitable for the RR criterion for
safe operation of the grid. The results of the experiment
also validate the effectiveness of the proposed method for
the time periods and weather types noted by the PRRC
for that month.

6 Conclusion

In this study, we proposed a novel power fluctuation
identification method based on temporal clustering and
wavelet decomposition. An analysis of the data obtained
ebruary 23rd (b1) RR in MPPT mode on February 23rd (c1) Voltage and
d. Experimental results of the (a2) Voltage and power in MPPT mode on
wer in APC mode on February 28th (d2) RR in APC mode on February
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from Tucson, Arizona, demonstrates that the most note-
worthy PV power fluctuations are concentrated in the
9:00–17:00 time period. However, during the cloudy
weather between 12:00 and 13:00 and the continuously
cloudy weather between 12:00 and 15:00 in February, the
PV power fluctuations are relatively small and do not cause
widespread RR overruns. The experimental results on the
hardware-in-the-loop platform demonstrate that the con-
ventional APC strategy can control the small cloudy or
rainy fluctuations between 9:00 and 15:00 in February.
However, it is unsuitable for high-impact weather pro-
cesses. Therefore, the proposed method for identifying
PV power fluctuation regions is accurate and beneficial
for PRRC strategy selection and parameter optimization
under different time zones and weather conditions.
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