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Key Points

Without proper measures and modifications, replacing as little as 5% of conventional
generation with renewable energy sources can severely deteriorate a power system’s
reliability.

To avoid any disruptions, conventional reserves are needed even in power
systems with overbuilt renewable generation. Renewable generation alone cannot
economically achieve reliability targets.

Conventional generation failures are sensitive to temperature. Thus, models that link
generation failures with temperature provide more realistic system reliability estimates.

Temperature is closely linked with both reduced generation from renewables and
increased demand. This is to be put into consideration when deploying renewables in
the Kingdom given its hot climate.

Understanding the correlations among demand, renewable generation and
temperature is vital for reliably operating a power system and transitioning to
renewable energy sources. The specific relationship between these factors is unique
to each power system and must be quantified to accurately study power system
reliability.
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Summary

audi Arabia’s Ministry of Energy has set

ambitious renewable energy goals. Although

the Kingdom’s current energy mix is
dominated by conventional energy (>95%), it aims to
draw 50% of its energy from renewable sources by
2030. Currently, the Kingdom enjoys very high solar
photovoltaic potential, and it is also well positioned
for wind generation. Thus, studying the reliability of
highly renewable power systems and the impact of
converting conventional generation to renewable
energy is of paramount importance. The latter
analysis is important because temperatures in the
Kingdom are often high for a considerable portion of
the year.

Given this context, we propose improvements to

the probabilistic modeling of power systems with a
high share of renewables. Specifically, we model
wind turbine availability states to forecast wind
farms’ power generation and adjust generators’
forced outage rates (FORs) based on temperature.
We also use a resource adequacy model to inform

a detailed load flow analysis. We implement these
improvements using the Monte Carlo method to
calculate the loss of load probability (LOLP) and
expected unserved energy (EUE) metrics. We report
the impacts of these improvements on these metrics.
Our proposed methods can be used to better guide
system operators in maintaining system reliability as
they transition to renewable energy sources.

We find that these model enhancements can
significantly impact the reliability metrics of a power
system with a high share of renewable energy.
Specifically, we find the following results:

The simulation of wind turbine failures increases
the LOLP by 7.5%, with a negligible impact on
EUE.

Adjusting FORs based on temperature increases
the LOLP by 36% and increases EUE by 5%.

When the two scenarios are combined, the LOLP
increases by 60% and EUE increases by 14%.

In particular, higher temperatures impact outage
rates. Temperature is highly correlated with demand,
and renewable energy sources are highly variable.
Taken together, these findings highlight the need to
maintain adequate conventional reserves regardless
of energy targets. Failing to do so will severely
compromise the power system’s reliability.
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Introduction

he share of renewable energy sources (RES)

in power systems is growing rapidly (Staffell

and Pfenninger 2018). However, some types
of RES, such as wind and solar photovoltaics, are
characterized by inherent intermittency and the
inability to provide some crucial ancillary services.
Thus, reliability concerns are also growing (Bremen
2010; Engeland et al. 2017; Kroposki 2017). It is
widely accepted that power systems can generally
accommodate small shares of RES with negligible
impacts on operations. As the share of RES
becomes significant (e.g., above 50%), however, the
flexibility, stability and reliability of a power system
becomes a genuine concern (IEA 2017). This study
therefore focuses on power system reliability, with an
emphasis on systems whose RES shares are large.

To gauge the reliability of a power system, we
consider the loss of load probability (LOLP) and
expected unserved energy (EUE). These metrics
are among the most used indices for evaluating a
power system’s reliability (Al-Shaalan 2019; Fazio
and Hua 2019). We incorporate the impacts of wind
turbine failures and temperature in our calculations
of the reliability indices. Doing so allows us to better
evaluate the reliability of power systems with very
high shares of RES (i.e., above 50%). We then
augment these results with a load flow analysis to
evaluate the extent to which these enhancements
impact the reliability indices. Based on these
enhancements to the model, we find that the
reliability indices may vary by as much as 35%.

A. The Saudi context

Saudi Arabia is extremely well positioned to benefit
from its wind and solar resources. It is ranked

sixth globally in terms of solar energy potential,
with an average of 8.9 hours of sunshine per day.
lts average daily horizontal irradiation is 5,600
watthours per square meter. In terms of wind
resources, it ranks 13th globally, with average
onshore wind speeds of 6-8 meters per second
(Saudi Arabia General Investment Authority 2018).
Despite this wealth of renewable energy potential,
however, the Kingdom’s current energy mix is almost
entirely conventional (i.e., over 99%). It depends on
natural gas and liquids for energy production.

Recently, the Kingdom outlined ambitious goals

to cut back on liquid fuels and achieve a 50%
renewable power system by 2030 (Saudi Press
Agency 2021). However, because RES can impact
reliability, these plans must be studied carefully

to ensure that the power system’s reliability is not
compromised. By analyzing a system that closely
resembles the Kingdom’s proposed targets, we
can anticipate pain points and devise consistent,
accurate instruments to evaluate its reliability.

Moreover, in the Saudi context, it is important

to consider the role of temperature in the power
system. The Kingdom uses most of its electricity
to satisfy the demand for air conditioning, which

is highly dependent on the temperature. However,
wind and solar energy sources are adversely
affected by higher temperatures, and conventional
generation’s failure rate tends to increase with
temperature as well. Temperature therefore has a
compound effect on reliability, as it both increases
demand and decreases generation. Thus, we also
include temperature and its effect on outages in
our analysis. We aim to quantify its impact on the
reliability of power systems with high RES shares.
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A. Model

We use the Reliability Test System-Grid
Modernization Lab Consortium (RTS-GMLC)
as the model power system for our analysis
(Barrows et al. 2020). This system features a
modern generation fleet with many natural gas
generators and renewable generation, which
comprises over 50% of conventional generation
in the system. The RTS-GMLC incorporates 157
generators spread over three areas with a mix
of conventional generation and RES. The total
generation capacity of the RTS-GMLC is 14.5
gigawatts (GW). Of this capacity, 5.2 GW come
from RES, including 2.5 GW from wind and 2.7
GW from solar resources.

Figure 1. Node map of the RTS-GMLC, showcasing its location in the southwest United States and the system elements.

Source: Barrows et al. (2020).

To better understand the effects of our model
enhancements on the system’s underlying reliability,
we consider several metrics in our analysis. We
define the LOLP as the probability that at least

one shortfall event occurs in any given year. A
shortfall event occurs when demand is higher than
generation for any single hour. The LOLP does

not reflect the magnitude or duration of a loss of
load event. Thus, we also use two other metrics:
the loss of load expectation (LOLE) and the loss of
load hours (LOLH). These metrics are given in units
of days per year and hours per year, respectively
(North American Reliability Corporation 2018).
Finally, to gauge the severity of loss of load events,
we use the EUE, defined as the average unserved
energy per shortfall event.
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B. Enhancement 1:
Simulation of wind turbine
failure states

Each wind farm comprises many wind turbines,

and each turbine has a non-negligible failure rate
(Spinato et al. 2009). We model the four wind farms
in the RTS-GMLC as clusters of individual turbines,
each with its own independent forced outage rate
(FOR). We select a turbine model from the National
Renewable Energy Laboratory (2020) and take
wind speed data from Draxl et al. (2015). With these
inputs, we create a generation profile for wind for the
year 2020. We then simulate the availability states
of each turbine in the four wind farms. Summing the
generation of the turbines in each wind farm gives
the total hourly wind farm generation.

C. Enhancement 2:
Temperature-adjusted FOR

Generator failure is correlated with temperature
(Murphy, Sowell, and Apt 2019). Moreover,

both demand and RES generation depend on
temperature (Felder 2004; Lled6 et al. 2019; Staffell
and Pfenninger 2018). Thus, temperature’s effect
on conventional generator availability should be
quantified to better gauge its overall impact on
system reliability. Common practice in the industry
is to use winter and summer adjustments (North
American Reliability Corporation 2012). In contrast,
Murphy, Sowell, and Apt (2019) use historical
generator outage data to calculate temperature
correlation coefficients for different types of
generators. We propose using similarly calculated
temperature coefficients to adjust the FORs of
generator units throughout the simulation.

D. Resource adequacy
informs the detailed load flow
analysis

Conducting a load flow analysis of a large

power system over a full year is computationally
expensive. Including this analysis in the Monte
Carlo (MC) simulations that we use would exhaust
computational resources further. Conversely, a
resource adequacy model can be evaluated in

a fraction of the time required for a full load flow
analysis. With our model, we can identify the
parameters that lead to the highest risk of load
supply failure. Then, we perform detailed load flow
analyses using the generation availability states
from the resource adequacy model. We reserve
these detailed analyses for cases that are close to
shortfalls, which we term ‘close-call’ events.

E. Impact of increasing the
RES share on reliability

We study the effect of increasing the share of RES
on a system’s reliability. We model this increase
by reducing the generation capacities of all
conventional generators in the system proportionally
to their share of generation. We correspondingly
increase the generation capacities of RES using a
similar method. Thus, we can study the impact of
replacing conventional generation with RES. We
can also estimate the necessary level of RES to
replace a given amount of conventional generation
to maintain the same LOLP.

Achieving Renewable Energy Targets Without Compromising the Power Sector’s Reliability
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Methodology

Figure 2. Block diagram of the modeling methodology.
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Note: Inputs are green, modeling steps are orange and outputs are blue.
Source: Authors.
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Results And Discussion

A. Modeling setup

In our model, we consider four scenarios:
Scenario 1: Base, no enhancements enabled.
Scenario 2: Turbine failure states enabled.
Scenario 3: Temperature-adjusted FORs enabled.

Scenario 4: Both turbine failure states and
temperature-adjusted FORs enabled.

We run all scenarios for five separate demand
profiles. The base demand profile is sourced from
the RTS-GMLC time-series dataset. To study the
impacts of increased or decreased loads on the
system, we also create four other demand profiles.
These profiles are created by scaling the base
profile in increments of 15%. Two demand profiles
are lower than the base, and two are higher. We
use the same demand profiles in each scenario. We
calculate the reliability metrics for each scenario
following the process explained earlier.

B. Results

Table 1 shows the reliability metrics for the four
scenarios for the base and +15% demand profiles.
The system experiences no loss of load events in
any scenario if demand is below the base level.
This result is due to the general overprovisioning of
the RTS-GMLC, as Barrows et al. (2020) mention.
We find that the simulation of turbine failure states
increases the LOLP by 7.5%. The temperature
adjustment increases the LOLP by 36%, and the
combined turbine failure simulation and temperature
adjustment increases the LOLP by 62%.

For the base demand profile, the LOLP, LOLE and
LOLH are equal. In this profile, a loss of load event
occurs in at most one hour in each simulated year.
As demand increases, however, multi-hour events
may occur within a single day, and single-hour
events may occur on multiple days in a simulated
year. The standard reliability target for a system is
one loss of load event every 10 years, or an LOLE
of 0.1 days per year. Thus, these results indicate
that the system as evaluated is well equipped at the
base demand profile and in all scenarios. However,
the results for higher demand profiles demonstrate
the system’s sensitivity to fluctuations in demand. A
detailed analysis of the results shows that hours with
minimal to no renewable generation primarily drive
this greater occurrence of shortfall events.

Figure 3 shows the correlation matrix of wind farms
and demand in the RTS-GMLC dataset as a heat
map. The figure also includes typical meteorological
yearly temperature data for the location, taken

from Sengupta et al. (2018). The shortfall hours

are aligned with higher demand in the dataset,
namely hours with low wind production and higher
temperatures. For this reason, we find a minimal
impact on the EUE when simulating the failure states
of wind turbines.
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Results and Discussion

Table 1. Reliability metrics results.

Demand | Scenario LOLP LOLE (days/year) LOLH (hours/year) EUE (MWh/hour)
Base 0.0017+0.0001 0.0017+0.0001 0.0017+0.0001 118.5392+5.3982
5 Turbine 0.0019+0.0001 0.0019+0.0001 0.0019+0.0001 119.6778+6.5306
ase
Temp 0.0024+0.0001 0.0024+0.0001 0.0024+0.0001 124.468+4.5754
Turbine + Temp | 0.0027+0.0001 0.0027+0.0001 0.0027+0.0001 134.8118+6.3649
Base 0.8171+0.001 1.5799+0.0029 1.6637+0.0035 179.2337+0.3657
- Turbine 0.8468+0.0011 1.7424+0.003 1.8382+0.0033 179.6649+0.2464
+
° Temp 0.8618+0.001 1.8218+0.0037 1.9289+0.0044 183.6544+0.6048
Turbine + Temp | 0.886+0.0008 1.9994+0.0032 2.124+0.0035 183.788+0.3332
Source: Authors.
Figure 3. Correlation heat map of demand and wind resources alongside temperature.
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Source: Authors.
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Figure 4 shows the distribution of hours by reserve
capacity as well as our cutoff for ‘close-call’ events.
These events lie between those that we consider
to be shortfall events and those that we find to

be safe events with high confidence. Using the
less-constrained resource adequacy method to

pinpoint problematic conditions for further analysis
can reduce computation time while retaining a high
level of accuracy. The close-call margin can be
adjusted dynamically to either reduce the run time or
increase the accuracy of the results.

Figure 4. Reserve capacity graph with mean, worst case and best case reserve capacities at each hour across all

MC simulations and the threshold for close calls.
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Results and Discussion

We conduct a load flow analysis for these shown in Figure 5. Additionally, Table 2 compares
close-call hours using the pandapower accuracies at different close-call margins for the
tool (Thurner et al. 2018). The results are base scenario.

Figure 5. Close-call analysis results.
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Source: Authors.
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Table 2. Close-call analysis results.

Margin | Close Calls | Load Flow Shortfalls . .
Marginal Model Accuracy (%) Cumulative Model Accuracy (%)
(MWh) | (Hours) (Hours)
100 24 20 17.77 17.77
200 60 40 44 .44 33.33
300 130 62 68.57 52.31
400 282 93 79.61 67
500 574 144 82.53 74.91

Source: Authors.

Figure 6. LOLP of the RTS-GMLC when conventional capacity is increasingly replaced with renewable

capacity, with total capacity remaining fixed.

Source: Authors.
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Figure 6 shows the effect of increasing the
percentage of RES while keeping total installed
capacity constant on the LOLP of the RTS-GMLC.
We increase the capacity of renewables from

its initial level in increments of 1% of total installed
capacity. When we replace conventional generation

6,000 8,000

with wind resources, the system’s reliability
degrades quickly. This finding is expected given
wind generation’s lower capacity factor relative
to the conventional generators that it is replacing
(Lled6 et al. 2019).
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Conclusion

In this study, we proposed several enhancements
to models of power system reliability to capture

the impact of renewables. We find that simulating
the failure states of wind turbines is a useful
enhancement. This extension of the model is
particularly valuable when the reliability of turbines
and their subassemblies degrades, which can occur
with age. In the base scenarios, the simulation of
turbine failure states increases the LOLP by 7.5%.
The impact on the EUE is less significant owing

to temperature-related factors. The adjustment of
conventional generators’ FORs increases the LOLP
by 36% and the EUE by 5%.

Our method can be used to simulate operational
temperature ranges. Thus, it can capture existing
failure scenarios, such as the 2021 Texas blackouts
(Busby et al. 2021). In the case of turbines, which
are not protected against cold weather, the FORs
can be increased when temperatures go outside
the safe limits. Thus, failure rates can be defined for
specific temperature ranges. This method can also
be used to simulate differing turbine-specific failure
rates if the variability of component failure rates is
known in advance. Other cases, such as updated
turbine technologies and newer models, can be
handled similarly.

This method can also be used to model failures

at extremely high temperatures in the Kingdom.
However, applying these methods to the Kingdom
requires knowledge of failure temperature correlation
coefficients. Historical outage data and readily
available historical temperature data are necessary
to calculate these coefficients.

Another issue that arose during this study is the
potential for transmission networks to cause shortfall
events. When decentralized or distributed RES

is introduced, the load on transmission networks
designed exclusively for conventional generation

will increase. Transmission network studies

and upgrades are therefore also necessary in
understanding the impacts of the renewable energy
transition.

Finally, future work will include assessing common-
cause failure states of wind resources and the
correlation between wind and other renewables.

Achieving Renewable Energy Targets Without Compromising the Power Sector’s Reliability 14



References

Al-Shaalan, Abdullah. 2019. “Reliability Evaluation
of Power Systems.” In Reliability and Maintenance:
An Overview of Cases, edited by Leo Kounis, 143—
68. London: IntechOpen. https://doi.org/10.5772/
intechopen.85571.

Barrows, Clayton, Aaron Bloom, Ali Ehlen,

Jussi lk&heimo, Jennie Jorgenson, Dheepak
Krishnamurthy, Jessica Lau, Brendan McBennett,
Matthew O’Connell, Eugene Preston, Andrea Staid,
Gord Stephen, and Jean-Paul Watson. 2020.

“The IEEE Reliability Test System: A Proposed
2019 Update.” IEEE Transactions on Power
Systems 35(1):119-27. https://doi.org/10.1109/
TPWRS.2019.2925557.

Busby, Joshua W., Kyri Baker, Morgan D. Bazilian,
Alex Q. Gilbert, Emily Grubert, Varun Rai, Joshua
D. Rhodes, Sarang Shidore, Caitlin A. Smith,

and Michael E. Webber. 2021. “Cascading Risks:
Understanding the 2021 Winter Blackout in Texas.”
Energy Research & Social Science 77(July):102106.
https://doi.org/10.1016/j.erss.2021.102106.

Dao, Cuong, Behzad Kazemtabrizi, and Christopher
Crabtree. 2019. “Wind Turbine Reliability Data
Review and Impacts on Levelised Cost of Energy.”
Wind Energy 22(12):1848—71. https://doi.org/10.1002/
we.2404.

Draxl, Caroline, Andrew Clifton, Bri-Mathias Hodge,
and Jim McCaa. 2015. “The Wind Integration
National Dataset (WIND) Toolkit.” Applied Energy
151(August):355—66. https://doi.org/10.1016/j.
apenergy.2015.03.121.

Engeland, Kolbjarn, Marco Borga, Jean-Dominique
Creutin, Baptiste Francois, Maria-Helena Ramos,
and Jean-Philippe Vidal. 2017. “Space-Time
Variability of Climate Variables and Intermittent
Renewable Electricity Production — A Review.”
Renewable and Sustainable Energy Reviews

79 (November):600—-17. https://doi.org/10.1016/].
rser.2017.05.046.

Fazio, John, and Daniel Hua. 2019. “Three
Probabilistic Metrics for Adequacy Assessment of
the Pacific Northwest Power System.” Electric Power
Systems Research 174 (September):105858. https://
doi.org/10.1016/j.epsr.2019.04.036.

Felder, Frank A. 2004. “Incorporating Resource
Dynamics to Determine Generation Adequacy
Levels in Restructured Bulk Power Systems.” KIEE
International Transactions on Power Engineering
4A(2):100—-05.https://www.koreascience.or.kr/article/
JAKO200411922336700.page

Grigg, CIiff, Peter Wong, Paul Albrecht, Ron Allan,
Murty Bhavaraju, Roy Billinton, Quan Chen, Clement
Fong, Suheil Haddad, Sastry Kuruganty, Wenyuan
Li, Rana Mukeriji, D. Patton, N. Rau, D. Reppen,
Axel Schneider, Mohammad Shahidehpour, and
Chanan Singh. 1999. “The IEEE Reliability Test
System-1996. A Report Prepared by the Reliability
Test System Task Force of the Application

of Probability Methods Subcommittee.” IEEE
Transactions on Power Systems 14(3):1010—20.
https://doi.org/10.1109/59.780914.

Hahn, Berthold, Michael Durstewitz, and Kurt
Rohrig. 2006. “Reliability of Wind Turbines:
Experiences of 15 Years with 1,500 WTs.”
Fraunhofer IWES, January. https://www.
researchgate.net/publication/46383070_Reliability_
of_wind_turbines_Experiences_of_15_years_
with_1500_WTs

Achieving Renewable Energy Targets Without Compromising the Power Sector’s Reliability

15


 https://doi.org/10.5772/intechopen.85571.
 https://doi.org/10.5772/intechopen.85571.
https://doi.org/10.1109/TPWRS.2019.2925557.
https://doi.org/10.1109/TPWRS.2019.2925557.
https://doi.org/10.1016/j.erss.2021.102106.
https://doi.org/10.1002/we.2404.
https://doi.org/10.1002/we.2404.
 https://doi.org/10.1016/j.apenergy.2015.03.121.
 https://doi.org/10.1016/j.apenergy.2015.03.121.
https://doi.org/10.1016/j.rser.2017.05.046.
https://doi.org/10.1016/j.rser.2017.05.046.
https://doi.org/10.1016/j.epsr.2019.04.036.
https://doi.org/10.1016/j.epsr.2019.04.036.
https://doi.org/10.1109/59.780914.
https://www.researchgate.net/publication/46383070_Reliability_of_wind_turbines_Experiences_of_15_years_with_1500_WTs
https://www.researchgate.net/publication/46383070_Reliability_of_wind_turbines_Experiences_of_15_years_with_1500_WTs
https://www.researchgate.net/publication/46383070_Reliability_of_wind_turbines_Experiences_of_15_years_with_1500_WTs
https://www.researchgate.net/publication/46383070_Reliability_of_wind_turbines_Experiences_of_15_years_with_1500_WTs

References

Harris, Charles R., K. Jarrod Millman, Stéfan J.
van der Walt, Ralf Gommers, Pauli Virtanen, David
Cournapeau, Eric Wieser, Julian Taylor, Sebastian
Berg, Nathaniel J. Smith, Robert Kern, Matti Picus,
Stephan Hoyer, Marten H. van Kerkwijk, Matthew
Brett, Allan Haldane, Jaime Fernandez del Rio, Mark
Wiebe, Pearu Peterson, Pierre Gérard-Marchant,
Kevin Sheppard, Tyler Reddy, Warren Weckesser,
Hameer Abbasi, Christoph Gohlke, and Travis E.
Oliphant 2020. “Array Programming with NumPy.”
Nature 585(7825):357—-62. https://doi.org/10.1038/
s41586-020-2649-2.

International Energy Agency (IEA). 2017. Getting
Wind and Sun onto the Grid: A Manual for Policy
Makers. Paris: International Energy Agency. https://
apo.org.au/node/75535.

Jurasz, Jakub, F. A. Canales, Alexander Kies,
Mohammed Guezgouz, and Alexandre Beluco.
2020. “A Review on the Complementarity of
Renewable Energy Sources: Concept, Metrics,
Application and Future Research Directions.”
Solar Energy 195 (January):703—24. https://doi.
org/10.1016/j.solener.2019.11.087.

Kroposki, Benjamin. 2017. “Integrating High Levels
of Variable Renewable Energy into Electric Power
Systems.” Journal of Modern Power Systems and
Clean Energy 5(6):831-37. https://doi.org/10.1007/
s40565-017-0339-3.

Lledé, Lloreng, Verénica Torralba, Albert Soret,
Jaume Ramon, and Francisco J. Doblas-
Reyes. 2019. “Seasonal Forecasts of Wind
Power Generation.” Renewable Energy 143
(December):91-100. https://doi.org/10.1016/j.
renene.2019.04.135.

Murphy, Sinnott, Fallaw Sowell, and Jay Apt. 2019.
“A Time-Dependent Model of Generator Failures
and Recoveries Captures Correlated Events and
Quantifies Temperature Dependence.” Applied
Energy 253 (November):113513. https://doi.
org/10.1016/j.apenergy.2019.113513.

National Renewable Energy Laboratory (NREL).
2020. “2020 Annual Technology Baseline: Land-
Based Wind.” https://atb.nrel.gov/electricity/2021/
index

North American Electric Reliability Corporation.
2013. “2012 Probabilistic Assessment: Methods
and Assumptions.” https://www.nerc.com/pa/RAPA/
ra/Reliability%20Assessments%20DL/2012%20
Probabilistic%20Assessment%20Methods%20
and%20Assumptions%20-%20June%202013.pdf.

North American Electric Reliability Corporation.
2018. “Probabilistic Adequacy and Measures:
Technical Reference Report.” https://www.nerc.
com/comm/PC/Probabilistic%20Assessment%20
Working%20Group%20PAWG%20%20Relat/
Probabilistic%20Adequacy%20and%20
Measures%20Report.pdf.

Preston, Eugene, and Clayton Barrows. 2018.
“Evaluation Of Year 2020 IEEE RTS Generation
Reliability Indices.” In 2018 IEEE International
Conference on Probabilistic Methods Applied
to Power Systems (PMAPS), 1-5. https://doi.
org/10.1109/PMAPS.2018.8440394.

Rondla, Preethi. 2012. “MonteCarlo and Analytical
Methods for Forced Outage Rate Calculations

of Peaking Units.” Master's thesis, Texas A&M
University. https://oaktrust.library.tamu.edu/
handle/1969.1/148370.

Achieving Renewable Energy Targets Without Compromising the Power Sector’s Reliability

16


 https://doi.org/10.1038/s41586-020-2649-2.
 https://doi.org/10.1038/s41586-020-2649-2.
https://apo.org.au/node/75535.
https://apo.org.au/node/75535.
https://doi.org/10.1016/j.solener.2019.11.087.
https://doi.org/10.1016/j.solener.2019.11.087.
 https://doi.org/10.1007/s40565-017-0339-3.
 https://doi.org/10.1007/s40565-017-0339-3.
https://doi.org/10.1016/j.renene.2019.04.135.
https://doi.org/10.1016/j.renene.2019.04.135.
https://doi.org/10.1016/j.apenergy.2019.113513.
https://doi.org/10.1016/j.apenergy.2019.113513.
https://atb.nrel.gov/electricity/2021/index 
https://atb.nrel.gov/electricity/2021/index 
https://www.nerc.com/pa/RAPA/ra/Reliability%20Assessments%20DL/2012%20Probabilistic%20Assessment%20Methods%20and%20Assumptions%20-%20June%202013.pdf.
https://www.nerc.com/pa/RAPA/ra/Reliability%20Assessments%20DL/2012%20Probabilistic%20Assessment%20Methods%20and%20Assumptions%20-%20June%202013.pdf.
https://www.nerc.com/pa/RAPA/ra/Reliability%20Assessments%20DL/2012%20Probabilistic%20Assessment%20Methods%20and%20Assumptions%20-%20June%202013.pdf.
https://www.nerc.com/pa/RAPA/ra/Reliability%20Assessments%20DL/2012%20Probabilistic%20Assessment%20Methods%20and%20Assumptions%20-%20June%202013.pdf.
https://www.nerc.com/comm/PC/Probabilistic%20Assessment%20Working%20Group%20PAWG%20%20Relat/Probabilistic%20Adequacy%20and%20Measures%20Report.pdf.
https://www.nerc.com/comm/PC/Probabilistic%20Assessment%20Working%20Group%20PAWG%20%20Relat/Probabilistic%20Adequacy%20and%20Measures%20Report.pdf.
https://www.nerc.com/comm/PC/Probabilistic%20Assessment%20Working%20Group%20PAWG%20%20Relat/Probabilistic%20Adequacy%20and%20Measures%20Report.pdf.
https://www.nerc.com/comm/PC/Probabilistic%20Assessment%20Working%20Group%20PAWG%20%20Relat/Probabilistic%20Adequacy%20and%20Measures%20Report.pdf.
https://www.nerc.com/comm/PC/Probabilistic%20Assessment%20Working%20Group%20PAWG%20%20Relat/Probabilistic%20Adequacy%20and%20Measures%20Report.pdf.
https://doi.org/10.1109/PMAPS.2018.8440394.
https://doi.org/10.1109/PMAPS.2018.8440394.
https://oaktrust.library.tamu.edu/handle/1969.1/148370.
https://oaktrust.library.tamu.edu/handle/1969.1/148370.

Saudi Arabia General Investment Authority.

2018. “Invest Saudi: Renewable Energy.” https://
investsaudi.sa/en/mediaCenter/downloadResoruce/
resource-spring-2019

Saudi Press Agency (SPA). 2021. “Under the
Patronage of HRH Crown Prince, HRH Minister

of Energy Inaugurates the Sakaka IPP PV Project
and Witnesses the Signing of PPA’s for Seven New
Projects.” Saudi Press Agency, April 8. https://www.
spa.gov.sa/2212832.

Sengupta, Manajit, Yu Xie, Anthony Lopez, Aron
Habte, Galen Maclaurin, and James Shelby.
2018. “The National Solar Radiation Data Base
(NSRDB).” Renewable and Sustainable Energy
Reviews 89 (June):51-60. https://doi.org/10.1016/].
rser.2018.03.003.

Spinato, Fabio, Peter J. Tavner, Gerard van Bussel,
and Emmanouil Koutoulakos. 2009. “Reliability

of Wind Turbine Subassemblies” IET Renewable
Power Generation 3 (December):387 — 401. https://
doi.org/10.1049/iet-rpg.2008.0060.

Staffell, lain, and Stefan Pfenninger. 2018. “The
Increasing Impact of Weather on Electricity Supply
and Demand.” Energy 145 (February):65—-78. https://
doi.org/10.1016/j.energy.2017.12.051.

Thurner, Leon, Alexander Scheidler, Florian Schéfer,
Jan-Hendrik Menke, Julian Dollichon, Friederike
Meier, Steffen Meinecke, and Martin Braun. 2018.
“Pandapower — An Open-Source Python Tool for
Convenient Modeling, Analysis, and Optimization

of Electric Power Systems.” IEEE Transactions

on Power Systems 33(6):6510—21. https://doi.
org/10.1109/TPWRS.2018.2829021.

Von Bremen, Lueder. 2010. “Large-Scale Variability
of Weather Dependent Renewable Energy
Sources.” In Management of Weather and Climate
Risk in the Energy Industry, edited by Alberto
Troccoli, 189—206. NATO Science for Peace

and Security Series C: Environmental Security.
Dordrecht: Springer Netherlands. https://doi.
org/10.1007/978-90-481-3692-6_13.

Zhu, Caichao, and Yao Li. 2018. “Reliability Analysis
of Wind Turbines.” In Stability Control and Reliability
Performance of Wind Turbines, edited by Kenneth
Eloghene Okedu, 169—-84. London: IntechOpen.
https://doi.org/10.5772/intechopen.74859.

Achieving Renewable Energy Targets Without Compromising the Power Sector’s Reliability 17


https://investsaudi.sa/en/mediaCenter/downloadResoruce/resource-spring-2019 
https://investsaudi.sa/en/mediaCenter/downloadResoruce/resource-spring-2019 
https://investsaudi.sa/en/mediaCenter/downloadResoruce/resource-spring-2019 
https://www.spa.gov.sa/2212832. 
https://www.spa.gov.sa/2212832. 
https://doi.org/10.1016/j.rser.2018.03.003.
https://doi.org/10.1016/j.rser.2018.03.003.
https://doi.org/10.1049/iet-rpg.2008.0060.
https://doi.org/10.1049/iet-rpg.2008.0060.
https://doi.org/10.1016/j.energy.2017.12.051.
https://doi.org/10.1016/j.energy.2017.12.051.
https://doi.org/10.1109/TPWRS.2018.2829021.
https://doi.org/10.1109/TPWRS.2018.2829021.
https://doi.org/10.1007/978-90-481-3692-6_13.
https://doi.org/10.1007/978-90-481-3692-6_13.
https://doi.org/10.5772/intechopen.74859.

Notes

Achieving Renewable Energy Targets Without Compromising the Power Sector’s Reliability 18



About the Authors

Nezar Alhaidari

Nezar is an engineer with a bachelor’s degree in electrical engineering
from King Saud University. He interned with the Energy Transitions and
Electric Power team at KAPSARC, working on power system modeling and
probabilistic reliability analysis. His prior experience includes solar system
modeling and deployment and microcontroller programming.

Frank Felder

Frank is an engineer, energy policy analyst and Program Director for Energy
Transitions and Electric Power. Prior to joining KAPSARC, Frank was a
Research Professor at the School of Planning and Public Policy at Rutgers
University. He served as Director of the Rutgers Energy Institute and Director
of the Center for Energy, Economics and Environmental Policy. In those

roles, he conducted original and applied research. His research areas were
electric power system modeling; clean energy policies; and climate change for
academic foundations, government agencies and energy utilities. He has also
worked as an economic consultant and nuclear engineer.

Amro Elshurafa

Amro is a research fellow at KAPSARC with nearly 20 years of experience

in the fields of energy and technology across three continents. His research
interests are renewable energy policy, power systems modeling, and hybrid
microgrid design and optimization. He has led and executed several national
modeling initiatives on both the distributed and utility scales. Credited with over
40 papers and several patents, Amro holds a Ph.D. in electrical engineering
and an MBA in finance.

About the Project

This project analyzes the ramifications for power system reliability of converting a large share
of conventional generation to renewable energy in the Saudi power sector. Our research stems
from the Saudi government’s recent announcements that the Kingdom will fully rely on gas and
renewables for power in the future.

Achieving Renewable Energy Targets Without Compromising the Power Sector’s Reliability

19



>IN
‘(A\KAPSARC

d_Jgyiadl ésgalig ealwlyald alla e &l_LoJlj—S 30
King Abdullah Petroleum Studies and Research Center

www.kapsarc.org



