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| Background

* With climate change beginning
to affect the Western
Interconnection, member
states requested that WIEB
analyzes recent temperature
and precipitation trends.

» Additionally, states requested
that we research the
appropriate amount of
historical weather data to use
for temperature and load
forecasts.
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Temperature and Precipitation
Data Analysis



|| Station Data

We began our analysis of
temperature and precipitation
trends across the West with
weather station data in 20 major
Western cities — at least one in
each member state/province of
WIEB. For most cities, we had data
from 1950-2021.

This allowed us to uncover initial
trends without major data quality
concerns. All data was quality
controlled by Catalyst Cooperative.




I Temperature Trend Analysis

Overall Temperature Trend in Denver Annualized linear regression IS
easy to interpret and reveals a
general upwards temperature
trend across all cities. On
average, temperatures have

o Stalion Name increased 1.03 degrees
wemsreEE= L Fahrenheit since 1995.

However, it fails to capture
seasonal trends and smooths
over extreme temperature
1980 1990 2000 2010 2020 events that may have an
Year . . .
outsized impact on the grid.
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I Temperature Trend Analysis

Not all regions saw the same amount of temperature increase. Changes in
overall temperature distributions were less pronounced in the Pacific
Northwest and Canadian cities (little to no distributional change).

Mean Temperature Trend (California and Oregon) Mean Temperature Trend (Washington and Canada)
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I Temperature Trend Analysis

On the other hand, the Southwest and Great Basin regions saw significant
changes in mean temperature distributions (mean increase of 2.03 degrees
Fahrenheit across both regions), the most pronounced occurring in Reno,
Nevada (mean increase of 2.73 degrees Fahrenheit).

Mean Temperature Trend (Southwest and Great Basin) Mean Temperature Trend (Rocky Mountains)
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I Temperature Trend Analysis

Similar geographic trends exist for temperature tail distributions — the
extreme temperatures that likely have the largest impact on load,
generation, and transmission.

Change in Temperature Tail Distributions (Pacific Northwest) Change in Temperature Tail Distributions (Canadian Prairie)
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I Temperature Trend Analysis

In cities in the Southwest such as Reno and Phoenix have observed
significant changes in temperature tail distributions, with temperatures
exceeding 100 degrees becoming more probable since 1995.

Change in Temperature Tail Distributions (California and Nevada) Change in Temperature Tail Distributions (Colorado and Arizona)
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I Temperature Trend Analysis

Decomposition of additive time series

W

Decomposition of time
series into a seasonal
component, a trend, and
random noise allows for a
better understanding of the
overall temperature trend.

observed

trend
-4 o224 -5 0 5 B2 G4 BB 55 BS TS

random seasonal

Noise time series helps us

underStand temperatu re 2000 2005 2010 | 2015 2020
anomalies and extreme fime
temperature events. Signal decomposition of Los Angeles temperature data

I (from Long Beach / Daugherty Field) I I



I Precipitation Trend Analysis

Precipitation Statistics Across the West No StatiStica"y Signiﬁca nt trends
were found. The precipitation
Mean (inches) data was characterized by
* 00z distributions with high
® 0050 .
® 0075 variances.
& o100
® o Annualized linear regression
Variance (inches)
- were conducted but revealed
lnna very low R? values across the
004 board indicate that a linear

regression does not explain
most of the precipitation data.
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Precipitation

Decomposition of additive time series

Decomposition of precipitation

time series reveals no discernible
trend for most cities.

oo 1.0 20

trend observed

Annual and monthly precipitation,

010 0oz 005

especially in California and the
Southwest, is largely determined

random seasonal

by short bursts of rainfall.

oo 1.0 2005

Understanding precipitation . . . l

2000 2005 200 2015

anomalies is more important Time

than trying to model trends. Signal decomposition of Los Angeles precipitation data
(from Long Beach / Daugherty Field)



Forecasting and Training Data
Analysis



Holt Winters and
II SARIMA Models

Holt-Winters Forecasting for Las Vegas

i

100 +

To produce simple forecasts and 4
gain a more nuanced understanding ”
of climate trends in the West, we
turned to classical statistical
methods.
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Example methods include Holt
Winters exponential smoothing and
seasonal autoregressive integrated
moving average (SARIMA), both of
which are widely-applied in
timeseries analysis.

2000 2010 2020
Year




I Temperature Trend Analysis

One common seasonality
Holt-Winters Forecasting for Los Angeles mOdE| that a”OWS fOF
; accurate modeling of most
501 § periodic time series as
’ well as relatively accurate
ﬂ |

short-term predictions is
the Holt-Winters method.
U temperatures, although
20I1U 20I15 EUIEEI | EUIEE this methOd doesn’t

Year provide insight into

I extreme weather events. I I

— Actual

Temperature (mean)

— Fitted
) Simple forecasts again
reveal increasing mean




I Temperature Trend Analysis

Another classical method Forecasts from ARIMA(3,0,2)(2,1,2)[12]
for forecasting signals with
seasonal dependence is |
seasonal ARIMA (SARIMA)
modeling.
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As with Holt-Winters \ / }
modeling, SARIMA models

are relatively robust and
produce accurate short-

term forecasts with the Fitted SARIMA forecasts for Los Angeles temperatures, based

I same trends. on post-2000 data(from Long Beach / Daugherty Field) I I
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| XGBoost

Later, we explored potential
applications of more modern ’ , ; C

machine learning methods,

including Extreme Gradient
Boosting (XGBoost). OOSt

We limited our focus to lightweight
machine learning models that are
not excessively difficult to
construct, train, and implement
correctly.

Western Interstate Energy Board



I Modeling Weather Trends with XGBoost

We also explored a more robust, generalizable method for predicting both
temperature and precipitation trends with XGBoost. This method captured the
same trends as classical methods, but with more sensitivity towards extreme
events. All three methods are viable options for forecasts seeking to produce
reliable, short-term forecasts.
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Temperature Trend Analysis

Another primary goal of our project
was to understand the impact of
training data selection on
forecasting. Training data refers to
the data used to fit/tune models to
accurately predict historical data.

To this end, we trained classical
statistical models on timeseries
beginning at every year between
1972 and 2010, ending in 2016.
Forecasts were all evaluated against
2016 — 2021 data.

Effect of Training Data Selection on Holt Winters Forecasting

Optimal Start Year
. 2005

2000

1995

1990

1985

1880
1975

Minimized MAPE
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I Temperature Trend Analysis

With both classical statistical forecasting methods (Holt-Winters and SARIMA),
smaller training datasets (i.e., only use more recent data to train the model) have a
minimal effect on the model’s accuracy on 2016 — 2021 temperature data.

Effect of Data Selection on Holt Winters Forecasting Effect of Data Selection on SARIMA Forecasting
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Outlier and Extreme Event
Analysis



I Modeling Weather Anomalies

ldentifying extreme weather
events and their impact on the
grid will be particularly useful for
regulators seeking to prevent
outages in summer months.

Using an isolation forest model, a
common tool for finding outliers in
noisy datasets, we performed
anomaly detection and predictions
for both temperature and
precipitation.

Temperature Anomalies in Los Angeles
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Anomaly Score” 0.575 0.600 0.625 0.650

*Anomaly scores don’t correspond directly to
the severity of a weather event, but they help us
understand how unlikely one is at a given time.




I Modeling Weather Anomalies

By estimating the distribution Of UUE-WeatherAnomaly Probabilities in Seattle
temperature and precipitation
anomalies that our isolation forest
model returns, we can estimate
the probability of severe weather

=1

=

=
1

0.03 Type of Anomaly

== Precipitation

—’______—...,, == Temperature
0.027 5 : == Combined

Frobability of Weather Anomaly

events.
This method reveals a significant vear
increase in the probability of Our isolation forest model captures an across-the-

weather anomalies in all 20 board increase in anomalous weather events in
Seattle in the last decade.

I Western cities since 2010. I I



Modeling Weather Anomalies

San Diego, Spokane, and Tucson
experienced the most weather
anomalies.

Pacific Northwest cities (Eugene,
Portland, and Vancouver in
particular) had, on average, the
highest anomaly scores. This can
ikely be attributed to the June 2021
neatwave event in the region.

Temperature Anomalies Across the West

Average Anomaly Score®
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0.58

Number of Anomalies
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I Data analysis takeaways

m Average temperatures are increasing

Western Interstate Energy Board

| « We found that average temperatures are increasing across the West,

although regional differences are present.

Extreme weather anomalies are becoming more common

e We found that extreme weather anomalies, including both extreme
temperature and precipitation events, have become more likely.

Reliability of historical climate data is dependent on forecasting method

e Classical statistical methods for timeseries forecasting (Holt-Winters, SARIMA) can
reliably handle recent temperature trends spurred by climate change.

e This may not generalize to less robust methods such as linear regression.



https://www.smithsonianmag.com/smart-news/the-western-us-is-experiencing-the-worst-megadrought-in-more-than-1200-years-180979590
https://www.noaa.gov/media-release/noaa-adopts-technology-to-automate-weather-balloon-launches
https://www.forbes.com/sites/dennismersereau/2021/05/31/how-severe-thunderstorms-shift-around-the-country-as-summer-settles-in/?sh=4b37c8cb4795

Climate Uncertainty and Current
Industry Practices



|| Climate uncertainty

* Climate change is an evolving
global problem.

* It presents enormous
uncertainty in future impacts
due to its complexity and
sensitivity to policy decisions
made by countries around the
world.

* Climate change falls under
“deep uncertainty”.

https://www.niehs.nih.gov/research/programs/climatechange/health impacts/
weather related morbidity/index.cfm



https://www.niehs.nih.gov/research/programs/climatechange/health_impacts/weather_related_morbidity/index.cfm

Levels of
Uncertainty

Not all uncertainty is created equal.
The level of uncertainty depends on
* How complex a problem is
* The timescale

* The number of uncontrollable
variables

The level of assurance that a decision
will work in the future also depends on
the consequences of being wrong.

Many energy problems are both highly
important and highly uncertain.

Climate change

\

Complete certainty

Scenario
analysis

Appropriate
tool

Level of
Uncertainty

Alternative
future
scenarios
{with
rankings)

System
Model




I Why is a stochastic load forecast alone not enough?

A stochastic load profile does not account for uncertainty in the
assumptions behind the climate forecast
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II Review of utility
IRPs

e To support our analysis, we
conducted interviews and a
review of utility IRPs to
understand how weather data are
currently used in load forecasting
and resource adequacy.

* We spoke with load forecasters at:

* The California Energy Commission

e The Northwest Power and
Conservation Council

* Puget Sound Energy
 WAPA

* Holy Cross Energy

Western Interstate Energy Board
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Photo credit: https://www.latimes.com/environment/story/2020-07-01/want-
jobs-and-clean-energy-this-overlooked-technology-could-deliver-both



https://www.latimes.com/environment/story/2020-07-01/want-jobs-and-clean-energy-this-overlooked-technology-could-deliver-both

II Review of utility
IRPs

e We looked at how utilities:

e Use weather data in their load
forecasts

* Incorporate climate change

* Analyze uncertainty in future
weather trends

* Incorporate weather data in
resource adequacy

Photo credit: https://www.clearwaycommunitysolar.com/blog/all-about-
Western Interstate Energy Board renewable-power/about-solar-and-wind-power/



https://www.clearwaycommunitysolar.com/blog/all-about-renewable-power/about-solar-and-wind-power/
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l Uncertainty Analysis and Modeling of Weather Data in IRPs
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climate -
scenarios ~IVISTA \
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< Complex Modeling > Climate
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uncertainty
analysis Assume historical
weather ' .
*Based on the most recent publicly available IRP we could find for each utility



Based on our IRP review, we
formed some recommendations
to address on what we saw

These are examples of utility forecasting practices and
our recommendations for improvement



II Problem: Assuming
historical weather

e Several utilities base their load
forecast on weather data from
In its service territory, using

daily mean temperatures 2000-
2019.

* This method may obscure
climate trends not already
present in current data that

may d p pea I |n the fUtU re. 2-meter Air Temperature Anomaly (*C)

I | 1 | 1 | |
-15 -10 -5 0 5 10 15

https://en.wikipedia.org/wiki/2021 Western North America heat wave



https://en.wikipedia.org/wiki/2021_Western_North_America_heat_wave

Los Angeles Historical and Projected Maximum Temperatures: SSP5-8.5

SO I u t i O n : U S i n g = MIROCE {Japan)] Model Data

CHEM-ESM2-1 (France) Model Data

histo rical and clim ate - B i i
model data
 Utilities moves to using an *m

ensemble model that takes into

account historical data and - 0|

multiple global climate models

to predict future temperatures.

* This method better captures
long-term climate trends and
captures some uncertainty in o
climate forecasts.

2022 2024

time

2016 2018 2020

Western Interstate Energy Board



Problem: Assuming
II consistent peak
producing temperatures

 Several utilities base their long-
term peak load forecast on load
growth factors and historic peak-
producing temperatures.

* The increase in extreme
temperatures we found in the
data indicates that current peak
producing temperatures are
unlikely to remain constant in the
future, a trend confirmed by
climate scientists.

https://www.cnet.com/pictures/inside-a-power-
grid-control-room-photos/



https://www.cnet.com/pictures/inside-a-power-grid-control-room-photos/

S I t e ° G t e Los Angeles Historical and Projected Maximum Temperatures: CMNRM-ESM2-1 Model Projections
o u I O n o e n e ra I ng —— 55P1-2.6 Scenaria

55P2-4.5 Scenario
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Problem: Assuming
I consistent air G S
conditioning growth

* Some utilities assumes air |||||||||
conditioning load growth will be =\ o ||||
consistent with historic levels. '\' M

{|

* EIA projects air-conditioning ““““ “ ll (l

energy use to grow faster than “h\n
any c%tyher uge ?n buildirggsJEElA &\\\\\\\“\‘l(“ \

2020). | M\\\\\l\ w \

* Obringer et al (2021) predict US “\““m
air conditioning load will exceed \“““m m _
grid qapac;ty, ngh AC load “““ (i H ’ﬂ““ I
growing 5%—8.5%. \“““““ JM“J |

https.//southern— eeeeeeeeeeeeeeeeeee
multifamily-hvac-performance/



https://southern-energy.com/maximize-multifamily-hvac-performance/

Solution: AC growth
study, uncertainty

ana Iys IS engicoaing.
coil section Ea:ler H.?;E”
* Utilities perform an in-depth _ 1 ik g

study of AC growth over the next
few decades in its service
territory, simulating the impact
that a variety of growth scenarios
will have on loads.

Lo ? I SrRatnE :. % ‘

4 airflow , Backflow
‘ _ damper

* Conduct scenario analysis and
account for the transition to heat
pumps.

 Utilities and regulators encourage
more efficient AC units.

 Ventilation
control damper g/
Hot water \ha:

Outdoor storage tank
air intake

Outdoor fan and
coil section

https://www.energy.gov/eere/buildings/downloads/air-source-
integrated-heat-pump



https://www.energy.gov/eere/buildings/downloads/air-source-integrated-heat-pump

I State of the industry conclusions

Peak load forecasting must account for climate change

¥ | * We found that assuming historical weather patterns for long-term peak
load forecasting is no longer a reliable assumption.

Long-term load forecasts should include climate modeling

s2=&= o Forecasts should be based on climate models to capture climate change’s
) impact on extreme events.

. Compound events of increased load and decreased generation are likely

e According to many authors, planners must account for increased load and decreased generation
due to climate change and consider regional and compounding effects.

>, ¢ (Mukherjee and Nateghi 2019, Turner et al. 2019, Burillo et al. 2019, Solaun and Cerda 2019, Cole et al. 2020, Voisin et al. 2020, Bartos and Chester 2015, Stenclik et al. 2021, Murphy, Lavin, and Apt
2020, O’Connell et al. 2019, Lu et al. 2010)

Western Interstate Energy Board


https://www.powermag.com/nyiso-workers-now-living-at-grid-control-centers/
https://fortune.com/2017/07/07/australian-tesla-grid-scale-battery/
https://www.newsweek.com/hoover-dam-celebrates-90th-anniversary-record-low-water-levels-1607723

Long Term Temperature
Forecasting



I Planning for Uncertainty: A Framework

Based on interviews with load forecasting experts and long-term planners at
utilities from across the West, we created an easy-to-use tool to generate peak
temperature forecasts for any location in the region.

Our recommendations and methodology are largely based on the procedures
and modeling efforts at:

1. The River Management Joint Operation Committee (RMJOC)
2. The Northwest Power and Conservation Council (NWPCC)
3. Puget Sound Energy (PSE)

After extensive literature review, we found that these organizations (all of whom
collaborate for long-term planning) planned extremely well for climate change-
induced uncertainty in temperature and precipitation trends.




I Planning for Uncertainty: A Framework

Using Coupled Model Intercomparison Project 6 (CMIP6) general circulation
model (GCM) data that the RMJOC, NWPCC, and PSE all use captures a wide
array of climate possibilities.

PSE Historical and Forecasted Temperature Data
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I Planning for Uncertainty: A Framework

Using daily minima and maxima, the NWPCC and PSE use three climate
models (curated by the RMJOC) and historical data to project trends in
peak temperatures (i.e., temperatures that will result in peak load).

PSE Historical Temperature Extremes
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I Planning for Uncertainty: A Framework

re (Peak Load)
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PSE Historical and Forecasted Peaking Temperatures

- Historical Data, Winter Peaking Temperatures
Historical Data, Summer Peaking Temperatures
= CNRM Model, Winter Peaking Temp-eratures
—— CNRM Maodel, Summer Peaking Temperatures
CanESM2 Model, Winter Peakin ngp-e ures
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Using common peak
hours for both winter
and summer, the
methodology
presented by PSE
combines historical
peak temperatures
with modeled peaks
to produce a 30-year
forecast.




I Planning for Uncertainty: A Framework

sted)

TEmperature (Actual and Foreca
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PSE Historical and Forecasted Peaking Temperatures (Without CNRM Model)
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We modified PSE’s peak
hour assumptions slightly
(i.e., including a broader
range of peak hours for
winter) so that they
generalize better to other
locations.

Additionally, we
calculated more extreme
peaks (1-in-10 and 1-in-
100) to capture a greater
range of uncertainty.




I Planning for Uncertainty: A Framework
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Salt Lake City Historical and Forecasted Peaking Temperatures
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Finally, our framework
utilizes XGBoost to find
the optimal
relationship between
climate model
projections and
historical
temperatures.

The final result is a
robust forecast with
several levels of
uncertainty.




I Planning for Uncertainty: A Framework
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I Planning for Uncertainty: A Framework

Radialive Forcing Global kean Temperalung

000 20T L 20E0 2080 2100 2030 2080 2060 080 100

CMIP6 climate scenarios explore different shared socioeconomic
pathways (SSPs) and radiative forcing scenarios by 2100 (RCP
scenarios from CMIP5) in conjunction.

Using CMIP6 climate
models also allows for
scenario analysis.

The CMIP6 GCMs utilize a
wide variety of
assumptions about
socioeconomic growth,
radiative forcing, and
total carbon emissions to
project global mean
temperatures (and other
climate indicators) until

I https://gmd.copernicus.org/articles/12/1443/2019/ I I


https://gmd.copernicus.org/articles/12/1443/2019/

I Planning for Uncertainty: A Framework

Phoenix Scenario Analysis

o With our framework,
=S planners can also explore
=l the various climate
pathways used in all
CMIP6 climate models.

=
=

The plot on the left, which
displays 95% confidence
intervals for all 5 climate
scenarios for the city of
Phoenix, demonstrates the
extreme degree of
uncertainty posed by

.. climate change.

Temperature (Actual and Forecasted)
)

=
=
[=]

105 -
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I Planning for Uncertainty: A Framework

—— Historical Summer Peak
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Salt Lake City Scenario Analysis
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2040

2050

In cities such as Salt Lake
City, historical peak
temperatures have already
exceeded the 95%
confidence intervals of the
more optimistic climate
projections.

This phenomenon
illustrates the importance
of including a multitude of
climate change projections
in forecasting

Western Interstate Energy Board
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I Planning for Uncertainty: A Framework

* Our framework for long-term peak temperature forecasting allows
users to explore:
* Avariety of climate models widely used in the forecasting world.

» Several different climate scenarios that consider socioeconomic growth and
emissions.

* The capabilities advanced forecasting techniques such as XGBoost.

* This generalizable framework implements many of the
recommendations that we've made throughout this presentation,
allowing anyone with some Python experience to see our
recommendations for long-term temperature planning in action.

_ . |



I Planning for Uncertainty: Further uncertainty analysis

Rhodium

* Rhodium is an open-source Python
library for robust decision making that
can be perform sophisticated

Rhodium

Rhodium is an open source Python library tor robust decision making (RDM) and multiobjective
rabust decision making (MORDM), and exploratory modelling [ERA).

uncertainty analysis on pre-built ey 2
o o 1058 Orange shows
mOdE|S. ‘105[% - 075 pr?intswhere
w1l :* the summer
* We used Rhodium on our forecasting ‘”*‘I_w peak I 2030
tool for Puget Spund Energy by varying . 5 20
summer and winter peak start hour Ml T L mag
. oy s . . Ui, -%82?52? IR < X1
and adding additional noise to simulate “pea o2 a0 14 g8

more extreme weather anomalies.

The example figure above shows the relationship between
summer and winter peak in 2025.



I Planning for Uncertainty: Further uncertainty analysis

Feak producing winter temperatures in 2025 and 2030

B weinter reak 2esn B winter reak 2u2s

* The top figure shows a box and

whisker plot for the resulting —
range of winter seasonal peaks ¢ i
achieved. A similar study could ﬁ
inform a resource adequacy g B
analysis.
* The bottom figure shows same for 1
summer tem peratures' Feak producing summer temperatures in 2025 and 2030
() This analySiS prOjeC.'FS Sma” W sommer feak s B summer reak d0Es
uncertainty ranges for winter
peaks, and around 2 degrees of - 7]
additional uncertainty for summer ——
peakS. é L0
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I Long-term temperature forecasting conclusions

Long-term temperature forecasting can be relatively straightforward

e We were able to produce long-term temperature forecasts for minimal cost using open-source
climate models and weather data.

a
1

Conducting scenario analysis or deep uncertainty analysis reveals hidden risk

Ses evel [m]
i

2
1

e Our scenario analysis through the peak temperature forecasts and deep uncertainty analysis
through Rhodium revealed climate risk that could be hidden in a traditional load forecast.

The temperature forecast tool developed by Jake Hofgard will be open-source

e The tool Jake developed will be open-source and available for stakeholders to use in to explore
climate change’s impact on temperatures in their region.

Western Interstate Energy Board
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Recommendations and
Conclusions



I We need new tools and strategies to address climate change

b

Business as usual Sophisticated modeling
An incorrect forecast and uncertainty analysis
could result in resource Climate modeling and

adequacy problems or uncertainty analysis can

an oversized and costly pave the way to

system, and preventing overbuilding
and costly resource
adequacy issues, and

"I S
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I Top 3 Recommendations for Long-Term Load Forecasting

\ Climate Researg
sadel Interz

Uncertainty analysis of the Continually updated climate
underlying weather models to reflect the most
assumptions in the forecast likely climate scenarios and
with methods sufficient for potential for warming (i.e.,
high levels of uncertainty CMIP5 to CMIP6)

Climate change must be
included in the primary
energy and peak load
forecasts
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https://www.nature.com/articles/s41598-017-04134-5
https://www.washingtonpost.com/weather/2021/06/22/heat-wave-pacific-northwest-historic/

I Top 3 Recommendations for Resource Adequacy

Account for firm generation Consider compound events; Consider regional effects, and
decreases as climate change future weather events that ensure all BAs are not relying on
progresses, especially in decrease generation availability the same resources which may
hydropower and thermal and increase peak load be stressed more frequently
generators simultaneously under climate change
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https://cronkitenews.azpbs.org/2022/03/17/lake-powell-water-levels-drop-historically-low-level
https://www.bbc.com/news/business-39735802
https://www.wecc.org/epubs/StateOfTheInterconnection/Pages/Western-Interconnection.aspx

I Recommendations for Policymakers and Regulators

Could require utilities to consider multiple climate scenarios

e Regulators could require utilities to consider multiple climate scenarios in
their main load forecast in the IRP process.

Consider adding greater safety margin to meet peak load

e Policymakers and regulators could increase the PRM or require peak load to
be calculated based on more extreme climate scenarios.

Could update capacity requirements to account for decreased generation

e Policymakers and regulators could increase the PRM or require that thermal
and hydropower capacity be modeled with reduced generation during

temperature extremes.
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https://oilcity.news/wyoming/energy/2019/10/16/can-wyoming-law-delay-coal-plant-closures/
https://www.windpowerengineering.com/how-three-battery-types-work-in-grid-scale-energy-storage-systems/
https://www.reuters.com/world/us/brutal-heat-wave-persists-us-west-oregon-wildfire-rages-2021-07-12/
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Thank youl!
Questions?

Evan Savage: esavage@westernenergyboard.org
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