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Abstract

In this study, the impact of data time resolution on long-term voltage stability assessment of a power grid with high penetration
of wind-solar hybrid power plants is investigated. Historical and synthetic wind data as well as solar irradiance are used to
calculate power output from hypothetical offshore wind-solar hybrid power plants, geographically located off the coast of
Massachusetts, USA. The results show that using hourly input data can overestimate the long-term voltage stability, compared
with using minute data. However, the relative difference in terms of voltage mean value and standard deviation is marginal
whilst the most significant difference is the intensity of the voltage fluctuations. The main drawback of using high-resolution
data is the execution time, increasing proportionally with the number of time steps. Thus, it is argued that the choice of data

time resolution should be based on the aspects of long-term voltage stability and the size of the power grid to be studied.

1 Introduction

Meeting greenhouse gas emission targets will require a rapid
expansion of low-emission electricity generation. Renewable
energy sources (RESs) such as wind farms and solar
photovoltaics (PVs) can contribute significantly to this end.
Recent decades have seen an exponential growth in onshore
installations of both technologies, and the number of offshore
wind farms (OWFs) is growing rapidly. The European Union
aims to install at least 60 GW of offshore wind by 2030 [1].
However, this rapid increase in variable renewable electricity
production poses a challenge to grid operators due to its
intermittent nature. In the strive of reducing land space used
by RESs and also decrease the power output variability, there
has been recent interest in combining OWFs with floating PV's
to form hybrid power plants (HPPs) [1].

In [2], the resilience to extreme storm events of power systems
with large-scale offshore wind power generation was
investigated. The resilience was quantified in terms of
disconnected load, caused by power generating units shutting
down due to wind exceeding the wind turbine’s cut-out wind
speed. The study shows that power systems with large-scale
OWFs are highly vulnerable to extreme wind speeds, and that
major blackouts can occur due to low voltages. The study was
further developed in [3] where physical parameters affecting
grids’ resilience to storm conditions were identified and
analysed. Power grid voltage stability with increasing RES
penetration was investigated in [4], with the aim of evaluating
a new stability index called critical voltage-reactive power

ratio. Wind farms and PV parks were integrated in the power
systems’ models. The index was used to rank the buses
according to the order in which RESs affect the voltage
stability of the buses.

Time series simulations of energy system models are often
based on hourly time steps. Among other things, this is due to
the lack of high-resolution data [5]. When it comes to studies
of RES integration into the power system, most available wind
data are aggregated to a temporal resolution of 30 or 60
minutes [6]. However, to properly assess the reliability of
power systems with high penetration of RES, high resolution
data are necessary [5]. In this study, the impact of data time
resolution on power system voltage stability assessment is
quantified and analysed using statistical measures.
Specifically, a power system with large-scale penetration of
offshore wind-solar HPPs is investigated using hourly and
minute geospatial weather data.

2 Methodology
2.1 Voltage stability

Dynamic voltage stability can be defined as the power
system’s ability to recover to an acceptable steady-state
voltage at buses after being subjected to an external
disturbance (e.g., changed weather conditions) [7]. A stable
voltage level at all buses in a power grid is crucial for the
successful operation of the grid. The lack of voltage stability
can potentially lead to a voltage collapse that can cause power



outages or even entire power system blackouts [8]. Dynamic
voltage stability can be divided into short-term voltage
stability (STVS) and long-term voltage stability (LTVS) [8],
where LTVS refers to time scales of minutes [9].

In the present study, an LTVS approach is taken, focusing on
voltage fluctuations on time scales of 1 minute and 1 hour,
respectively. To study the voltage stability of the power grid,
standard deviation, mean value, and quartile distance are used.
The results in terms of voltage stability between simulations of
1 minute resolution are compared with simulations of 1 hour
resolution.

2.2 Power system modelling and simulation

The IEEE39-bus model, also known as the New England
power grid model, is used to investigate long-term voltage
stability. The model consists of 39 buses interconnected with
single line transmission lines. The IEEE39-bus model has been
used extensively in previous research to perform resilience and
stability analyses, see for example [2,10]. Quasi-dynamic
simulations are performed using PowerFactory, developed by
DigSilent. For each time step, power flow calculations are
performed based on a full Newton-Raphson method, creating
a dynamic behaviour based on static calculations. The
balancing strategy for the power flow calculations is based on
a method where the synchronous generators ramp up and down
their power output to maintain the balance between power
generation and demand at all time steps. If needed, generated
power from the HPPs is curtailed to balance the grid.

In the model, the HPPs are locally controlled to keep the
generator bus voltage as close as possible to a pre-defined
setpoint of 1 pu. However, the generation and consumption of
reactive power from the HPPs are limited to the capacity
specified in predefined capability diagrams, limiting the
voltage regulation capacity. Even though the characteristics of
the capability diagram are simplified, they are designed to
imitate the behaviour of real HPPs. The capability diagram
used for the HPPs in the present study is shown in Fig. 1. The
synchronous generators used the capability diagrams for
conventional synchronous generators, as defined by DigSilent.
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Fig. 1. Capability diagram for the HPPs.

In the modified New England model, two synchronous
generators were replaced by HPPs at bus 33 and 35, which
corresponds to a total HPP penetration of 16.5 %. The weather
data coupled with the HPPs were recorded at the measurement

sites QPTR1 (HPP connected to bus 33) and 44020 (HPP
connected to bus 35), see Fig. 2.
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Fig. 2. Geographic representation of the New England model
with measurement sites QPTR1 and 44020 marked. Map
source: Google.

The installed capacities of the HPPs at bus 33 and 35 were set
to three times larger than the steady-state power output from
the synchronous generators at bus 33 and 35 in the original
model. This was assumed based on the average capacity factor
of offshore wind farms studied in [11].

Quasi-dynamic simulations of a period of a whole year were
performed. More specifically, historical data from the year
2012 were used.

2.3 Wind and solar PV power

Synthetic minute resolved solar irradiance is generated using
the Bright Solar Model, accessible at [12]. The model uses
hourly weather observations to produce global irradiance at
minute resolution via Markov chain processes. The
development and full explanation of the model can be found in
[13-17]. Hourly weather observations are taken from the
reanalysis model ERA5 [18]. The power output from the solar
PV is calculated as
Ppy =n-A-G @

where 7 is the panel efficiency, A is the panel area, and G is
global horizontal irradiance.

The power output from the wind turbines is modelled using a
multiturbine power curve, which is constructed as [19]

v+5
Pre(v) = f f(xlv, 02) Py () dx )
v—5

where P,,; and Py, represent the power at wind speed v for a
multi-turbine and a single-turbine power curve, respectively.
The variance of the wind speeds within the park, o2, is
assumed to be 1 m?s2,

Wind speed data from the buoy QPTR1 off the coast of
Massachusetts were available from [20] at 6 minute resolution.
Histograms of the deviations from the 1 hour mean value were
created. Using the maximum likelihood estimation function in
MATLAB, Gaussian and Student’s t-distributions were
defined as done by [21]. A Laplacian distribution was
manually defined as well. For each probability distribution,
synthetic 6-minute wind speed data sets were generated for the



location QPTR1 by pulling random values based on the
probability distribution and adding them to each hourly mean
value. Fig. 3 shows QQ-plots of the results from each
distribution against the deviations in the measured data. Visual
inspection indicated that Student’s t-distribution leads to the
nearest fit, the same conclusion reached by [21]. Then, this
distribution was used to add stochastic fluctuations to the
hourly wind data recorded at the 44020 site. To make the data
compatible with the 1 minute insolation data, linear
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interpolation was used at both the QPTR1 and 44020 sites to
define values between the 6-minute values.

The power output of the entire hybrid power plant Pypp [pu]
is the sum of the offshore wind power generation P,y [pu]
and solar PV power generation P,, [pu] at time step i
calculated as
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Fig. 3. QQ-plots of measured vs. simulated wind speed variation at location QPTR1 using (a) Student’s t-, (b) Gaussian, and

(c) Laplace distributions.

3 Results

A snapshot of the simulated voltages at bus 28 during June 1,
2012, is shown in Fig. 4. The voltage fluctuates strongly using
1 minute data compared with the usage of 1 hour data. A
similar pattern can be observed at all other buses where the
voltage deviates over time from the setpoint value of 1 pu.
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Fig. 4. Voltage levels at bus 28 during June 1, 2012, using
hourly data and minute data.

From Fig. 5, the voltage standard deviations of buses 1-39 as
observed during the year 2012 are shown. Consequently, the
voltage standard deviation is higher for all buses with a non-
zero standard deviation value when using 1 minute data
compared with using 1 hour data. However, the deviation in
terms of absolute value as well as the relative deviation differ
from bus to bus.

The mean values of the voltages at buses 1-39 during the year
2012 are shown in Fig. 6. From the figure, it is seen that even
though the voltages fluctuate more strongly using 1 minute
data, the mean values are almost identical when comparing the
results from 1 minute and 1 hour data resolution simulations.

A boxplot illustrating the voltage standard deviations at all
buses using 1 minute and 1 hour data is shown in Fig. 7. As
can be seen from the figure, the maximum value as well as the
75™ percentile are higher in the case of 1 minute data, whilst
the median, 25™ percentile, and the minimum values are about
the same in the two cases. This result is expected based on Fig.
5 and Fig. 6 and becomes clear considering the boxplot.

Information about simulation execution time and voltage data
points generated are shown in Table 1. The simulations have
been performed using a Windows laptop with 16 GB RAM,
Intel Core i7-1185G7 processor, and an SSD hard drive.
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Fig. 6. Voltage mean values at bus 1-39 as observed during year 2012.
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Fig. 7. Boxplot illustrating the standard deviations of the
voltages at all 39 buses during a whole year.

Table 1. Overview of execution time and number of voltage
data points in the case of 1 minute and 1 hour data resolution.

Data Execution time Voltage data points
resolution  [min:s]

Minute 24:47 20 554 560

Hour 00:25 342 576

4 Discussion

The results of the present study show that a data resolution of
1 minute consequently generates a higher voltage standard
deviation compared with using a data resolution of 1 hour.
Thus, using hourly wind and solar irradiation data is shown to
overestimate the LTVS in power grids with high penetration
of HPPs (or other RESs) compared with using 1 minute data



resolution. However, even though the standard deviation
differs in terms of magnitude between using 1 minute data and
1 hour data resolution, the boxplot in Fig. 7 shows that the
relative difference is marginal. It should be noted that this is
proved to be valid only for the investigated case. It is possible
that factors such as the penetration of HPPs (or other RESS),
physical grid structure, and time range of the quasi-dynamic
simulations can affect the LTVS. A more thorough
investigation of those and other parameters impact on LTVS
is left for future studies.

The similarities in terms of voltage mean values at the different
buses are expected since the random values used to create
intra-hourly wind data were drawn from a symmetrical
probability distribution function.

When the power generation fluctuates from the HPPs, the
results show that the synchronous generators successfully
manage to maintain the LTVS in the system. However, it is
reasonable to assume that a higher penetration of HPPs (or
other intermittent RESs) will make it more difficult for the
synchronous generators to fully compensate for the power
generation fluctuations. This could possibly affect the
comparison of using 1 minute data and 1 hour data.

Statistical measures such as mean value and standard deviation
are suitable for assessing the LTVS to some extent. However,
none of these measures quantifies the intensity of the voltage
fluctuations over time. From Fig. 4 it is obvious that using 1
minute data leads to a more strongly oscillating voltage profile,
which is not successfully captured by any of the statistical
measures used. Intensive voltage fluctuations put stress on real
power systems and are therefore relevant to quantify when
assessing the LTVS. Therefore, a further statistical analysis
capturing the voltage oscillations is proposed for future
research.

Even though high-resolution data can improve the accuracy in
terms of LTVS assessment, the choice of data resolution
should be considered as a trade-off between result accuracy
and simulation execution time. From the present study, it is
seen that the execution time is proportional to the number of
simulation time steps. Simulating with 1 minute data instead
of 1 hour data takes about 60 times longer and generates 60
times more voltage data points. For real power systems
consisting of thousands of buses, assessing the LTVS will take
significantly longer time. Thus, using a data resolution of 1
hour can in some cases be preferable to keep the execution
time as short as possible, whilst still getting relatively accurate
results. If the purpose by studying the LTVS is to assess the
voltage mean value, a data time resolution of 1 hour seems
preferable since it generates comparable results as simulations
using 1 minute data. However, if intra-hourly voltage
oscillations or voltage standard deviations are of interest for
the LTVS assessment, 1 minute data is recommended.

5 Conclusion

The results from the LTVS assessments show that using hourly
data overestimate the LTVS with respect to voltage standard
deviation, as compared with using 1 minute data. However, the
relative difference is small and therefore hourly data can in

some cases be preferable to decrease execution time. If voltage
oscillations are of interest when studying LTVS, a data
resolution of 1 minute is proposed to capture the intra-hourly
voltage fluctuations.
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