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High-Level Talk Goals
Sandia
National
Laboratories

■ Introduce the challenges and one solution to the construction
of probabilistic scenarios for key quantities in power systems
operations

■ Discuss the rigorous evaluation of stochastic optimization
approaches to key power systems operations

■ Illustrate the relationship between probabilistic scenarios and
power system performance using a simple case study



A Word From Our Sponsors...

■ Grid Modernization Laboratory Consortium (GMLC)

■ Project 1.4.26 — Multi-Scale Production Cost Modeling

■ Bonneville Power Administration (BPA)

■ Funded work on high-accuracy probabilistic wind forecasting

■ Provide real-world data sets, publicly available

■ Department of Energy's ARPA-E office

■ Scalable stochastic unit commitment project
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Representative Key Collaborators

■ Sandia National Laboratories

■ Andrea Staid

■ University of California Davis

■ David Woodruff

■ Dominic Yang

■ Purdue University

■ Benjamin A. Rachunok
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Part 1: Counterfactual Re-Enactment Methodology



Data

Our interest is in quantifiable
results, so we view the world as a generator of data. At time t, the
world generates a vector of "observations" O(t).
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The Objective

The goal is to come up with a way to do well in the future, perhaps
by taking into account the nature of the world and observations

from the past. We quantify "doing well" using a function

7t(x, {0(4 T > t})

where x is a vector of decision values made just before time t.
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To Use A Computer To Optimize

► One common approximation is to look at parts of O(T) and
we will call these vectors (T). This is typically done for

T > t now p where tnow is the time "now."

► One also typically approximates ft(x, {0(4 T > t})) using
some function ft(x, {(T), T > t})) that is easier to work with
or at least possible to write down.
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The Future Matters

► Only the decisions for "now" can be implemented, but
typically the decisions impact the world in the future (i.e.,
{ 0 (T ) 1 T > t -I depend on x) so it is usually a good idea to-now ,

take that into account.

► At time t = tno, one might use a computer to find

argmin ft(x, WT), T t}))x

and maybe explicitly require x e S2(0.
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Discrete Scenarios

► Define Wt)ItT i on a discrete probability space.

► Use E to represent the full set of scenarios.
► Each scenario, has probability 7re.

► Write simply to represent the entire scenario.
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A Scenario Tree

S1 S2 S3 S4 S5

t.0

t=1

t=2
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Scenario Trees

► We organize e into a tree with the property that scenarios with
the same realization up to stage t share a node at that stage.

—>t
► So refers also to a node in the scenario tree.

► Let gt be the set of all scenario tree nodes for stage t
► Let gt(e) be the node at time t for a particular scenario, e.
► For a particular node D let D-1 be the set of scenarios that

define the node.
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Potential Uses for Scenarios

► Analysis of a plan or policy (x); e.g. simulation

► Optimization
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Some Ways to Get Scenarios

► Statistical models, perhaps obtained by data mining (e.g., in
Finance)

► Monte Carlo sampling
► Moment matching

► Simulations (e.g., in Forest Harvesting with Fire Risk)

► Forecast Error Distributions (e.g., Unit Commitment)
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Evaluating Scenarios

► Analyze the statistical properties
► Analyze the solutions obtained

► Simulation
► In-sample
► Out-of-sample
► Independent

► Re-enactment
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Software Architecture for

Counterfactual Re—Enactment

/ Full HistorY/

Ab•

Re-enactment

/elevant History HistoryRelevant Of Forecasts Of Observation
Current
Forecast

ScenarioCreation

Scenarios
Optimization

V Solution
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Sketch of Counterfactual Re-Enactment
Details are highly application specific

► f(•) Evag.) f(.)

► Eval(i(; ON, T = tnow + T/t, T), ( T is end of data)

. Toper = periods of use of the solution; To is first time with

data and T„ is needed for scenarios.

1: Initialization:
2: Scenario Creation:

3: Optimization:
4: Evaluation and Record Keeping: Compute and store the

results of Evagic; (9( )...., ‘TII T = tnow + Tjt, T)

5: Iterate:
6: Termination:

This is a platinum standard rolling horizon simulation —
sounds easy, but the devil is in the details
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Part 2: Constructing Probabilistic (Mainly Wind) Scenarios



The General Structure of a Stochastic
Unit Commitment Optimization Model

Objective: Minimize expected cost
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• Unit On / Off
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Nature resolves uncertainty
• Load
• Renewables output
• Forced outages

Second stage variables
(per time period):
• Generation levels
• Power flows
• Voltage angles



On Scenario Generation for

Stochastic Unit Commitment...
■ Stochastic programming, like all things algorithmic, operates

on the "GIGO" principle (Garbage In, Garbage Out)
■ lf you don't get the scenarios right, then the solution will be useless

■ Our observation from various projects is that probabilistic
scenario construction dominates the effort for algorithm
development in stochastic unit commitment

■ Roughly an 80%/20% split in "practice"

■ There is a huge historical database of forecasted and actual
observations, which can be leveraged to create accurate
stochastic process models of load, wind, and (maybe) solar

■ This is operations — no need to pretend that distributions don't exist
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Probabilistic Wind Power Scenarios
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■ There are several ways to represent the uncertainty associated
with wind in planning problems

■ One approach is modeling this variable generation stochastically,
using scenarios

■ Each scenario represents a possible trajectory of wind power
over time and has an associated probability

■ We rely on the availability of a point forecast and evaluate
historical forecast errors to build up non-parametric distributions of
expected future errors

■ Epi-spline basis functions are used to allow a user to target specific
partitions of the error distribution, thus controlling for scenarios
that reach into the tails



Wind Power Error Distribution

Estimation
Aggregate power forecast errors are not well-represented by
standard parametric (e.g., Gaussian) distributions ...
... and the qualitative nature of the distribution varies by
aggregate power level

wind power (MW) segmented errors, FH:17 OH=02:00
2,5

0,5

0.0
-1.000 -500 500
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Epi-Spline Scenario Creation

• For a subset of hours in day (i.e., hours 1, 12, 24), calculate empirical forecast
error CDF from relevant* historical forecast/actual pairs

• Correlations in forecast error drop off quickly with time, allowing for independent calculations

• Divide distribution at cut points, and calculate the weighted average of the
distribution between each cut point pair

• Apply error value to next-day forecast to obtain scenario value
p(AVCI- p AV
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• Skeleton points

CDF of errors
applied to forecast

  Quantiles

el , C2 Cutpoints

UB Upper Bound

tl t2
I

t3

For full details: Staid A, Watson JP, Wets RJB, Woodruff DL. Generating short-term probabilistic wind power scenarios
via nonparametric forecast error density estimators. Wind Energy. 2017. DOl: 10.1002/we.2129
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(a) Wind Power Correlation (b) Wind Forecast Error Correlation

Figure 3. Autocorrelation coefficients for actual values of wind power (3a) and for the associated forecast error (3b). Note that the
correlation of forecast errors is significantly lower than that of actual power.
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Probabilistic Scenario Comparison:

On a 'Good' Forecast Day...
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Probabilistic Scenario Comparison:

And on a 'Bad' Forecast Day...
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Quantile Regression
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Probabilistic Scenario Comparison:

And on a 'Bad' Forecast Day...
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Quantile Regression
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Probabilistic Scenario Comparison:
And on a 'Bad' Forecast Day...
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Quantile Regression
March 5, 2017

10

Hour

15 20

W
i
n
d
 P
o
w
e
r
 

co.

c\!
O

O
O

Sandia
National
Laboratories

Epi-Spline, CP: 0-0.05-0.5-0.95-1
March 5, 2017
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Probabilistic Scenario Comparison:
And on a 'Bad' Forecast Day...

5

Quantile Regression
March 5, 2017
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Epi-Spline, CP: 0-0.01-0.5-0.99-1
March 5, 2017
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Assessing Scenario Quality
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■ Visual comparisons only get you so far...

■ There are a number of proper scoring rules used to evaluate
probabilistic forecasts and scenarios

■ Energy Score (has known discrimination issues)

■ Brier Score (event-based, need to know what you care about upfront)

■ Variogram Score (improved discrimination using pairwise differences)

■ However, ultimate test of quality is performance in a real-
world system

■ More on this in Part 4 of this talk

■ But we can say:

■ Scenarios should represent a wide enough range of plausible wind
power realizations to ensure a feasible solution as the future unfolds

■ However, too wide of a range will drive costs up unnecessarily
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• Slight, but inconsistent
differences between Epi-
Spline and Quantile

Regression scenarios

• Virtually no discrimination
among cut point sets of
Epi-Spline scenarios

• The best metrics cannot
tell us much about scenario
quality
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RESEARCH ARTICLE

Generating Short-Term Probabilistic Wind Power Scenarios

via Non-Parametric Forecast Error Density Estimators

Andrea Staid1, Jean-Paul Watsonl, Roger J.-B. Wets2, and David L. Woodruff2

Sandia National Laboratories, Albuquerque, New Mexico, USA

2 University of California Davis, Davis, California, USA

ABSTRACT

Forecasts of available wind power are critical in key electric power systems operations planning problems, including

economic dispatch and unit commitment. Such forecasts are necessarily uncertain, limiting the reliability and cost-

effectiveness of operations planning models based on a single deterministic or "point7 forecast. A common approach

to address this limitation involves the use of a number of probabilistic scenarios, each specifying a possible trajectory of

wind power production, with associated probability. We present and analyze a novel method for generating probabilistic

wind power scenarios, leveraging available historical information in the form of forecasted and corresponding observed

wind power time series. We estimate non-parametric forecast error densities, specifically using epi-spline basis functions,

allowing us to capture the skewed and non-parametric nature of error densities observed in real-world data. We then

describe a method to generate probabilistic scenarios from these basis functions that allows users to control for the degree to

ln Wind Energy (2017)



Probabilistic (Bulk) Solar Scenarios
cs!

c's!
O

csl

o

0

-0-

Actual
Forecast
Scenarios

—

0 10

Hour

15

(a) 2013-05-09

- Actual
—s— Forecast
  Scenarios

20

0 5 10

Hour

15

(c) 2013-05-15

20

• Actual
- Forecast

Scenarios

0

- Actual
- Forecast

Scenarios

5 10 15

Hour

(b) 2013-05-09

20

•

0 5 10 15

Hour

(d) 2013-05-15

20

0.170

0.153

0.136

0.119

0.102

0.085

0.068

0.051

0.034

0.017

0.000

0.180

0.162

0.144

0.126

0.108

0.090

0.072

0.054

0.036

0.018

0.000

O

Sandia
National
Laboratories



Sandia
National
Laboratories

Constructing Probabilistic Scenarios for Wide-Area
Solar Power Generation

David L. Woodruff

Graduate School of Management, University of California, Davis, CA 95616-8609, USA

Julio Deride, Andrea Staid, Jean-Paul Watson

Discrete Math and Optimization Department, Sandia National Laboratories, Albuquerque,

NM 87185, USA

Gerrit Slevogt

Department of Mathematics, University of Duisburg-Essen, Germany

César Silva-Monroy

Demand Energy, Liberty Lake, WA 99019, USA

Abstract

Optimizing thermal generation commitments and dispatch in the presence of
high penetrations of renewable resources such as solar energy requires a charac-
terization of their stochastic properties. In this paper, we describe novel meth-
ods designed to create day-ahead, wide-area probabilistic solar power scenarios
based only on historical forecasts and associated observations of solar power
production. Scenarios are created by segmentation of historic data, fitting non-
parametric error distributions using epi-splines, and then computing specific
quantiles from these distributions. Additionally, we address the challenge of
establishing an upper bound on solar power output. Our specific application
driver is for use in stochastic variants of core power systems operations optimiza-

In Solar Energy (2018)
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lf the historical data
indicates no variability,
then the scenarios will
reflect that consistency
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Toward Scalable Stochastic Unit Commitment

Part 1: Load Scenario Generation

Yonghan Feng • Ignacio Rios • Sarah M.

Ryan - Kai Spiirkel • Jean-Paul Watson •

Roger J-B Wets • David L. Woodruff

Revised: November 15, 2014

Abstract Unit commitment decisions made in the day-ahead market and during
subsequent reliability assessments are critically based on forecasts of load. Tra-
ditional, deterministic unit commitment is based on point or expectation-based
load forecasts. In contrast, stochastic unit commitment relies on multiple load sce-
narios, with associated probabilities, that in aggregate capture the range of likely
load time-series. The shift from point-based to scenario-based forecasting necessi-
tates a shift in forecasting technologies, to provide accurate inputs to stochastic
unit commitment. In this paper, we discuss a novel scenario generation method-
ology for load forecasting in stochastic unit commitment, with application to real
data associated with the Independent System Operator for New England (ISO-
NE). The accuracy of the expected scenario generated using our methodology is
consistent with that of point forecasting methods. The resulting sets of realistic
scenarios serve as input to rigorously test the scalability of stochastic unit com-
mitment solvers, as described in the companion paper. The scenarios generated

In Energy Systems (2015)
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Part 3: On Solving Stochastic Unit Commitment



On the Difficulty of Stochastic Unit
Commitment: Extensive Forms
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• RUC Test Instance: WECC-240++

• J.E. Price, Reduced Network Modeling of WECC as a Market

Design Prototype, 2011 IEEE PES General Meeting

• Changes necessary to create viable RUC test case

• Addition of realistic ramping rates and min up/down time constraints

• Results
Table 3 Solution quality statistics for the extensive form of the WECC-240-r1 instance, given
4 hours of run time.

4 Scenarios Objective Value MIP Lower Bound Gap % Run Time (s)
3 64278.20 63797.72 0.75 14491
5 62740.67 62180.86 0.89 14723
10 61563.10 60835.45 1.18 14630
25 61455.55 59963.78 2.36 14960
50 61911.74 59540.87 3.83 15480
100 62388.85 59548.23 4.51 16562



Scenario-Based Decomposition via

Progressive Hedging (PH)

4----- Standard MIP Solves

Key parameter: p

Global Convergence
Criterion Achieved?

r 111MIF-111
PH Iteration 0:
Solve Individual
Scenario MIPs

K

r

Initialize Ws . - - - - - - w x = p (x - x)

[Fix Variables Thati 
Have Converged}

r PH Iteration i:
Solve Weighted '
Scenario MIPs }

r

Update Ws
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Progressive Hedging: Some Sandia
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Algorithmic Issues and their Resolution
■ We are dealing with mixed-integer programs

■ So we have to deal with the possibility of cycling and other
manifestations of non-convergence

■ See: Progressive Hedging Innovations for a Class of Stochastic Mixed-
Integer Resource Allocation Problems, J.P. Watson and D.L. Woodruff,
Computational Management Science, Vol. 8, No. 4, 2011

■ Good values for the p parameter are critical

■ Poor or ad-hoc values of p can lead to atrocious performance

■ The good news in unit commitment

We have a lot of information concerning the cost of using a generator

Use the LMPs associated with PH iteration 0 scenario solutions

Cost-proportional rho is a known, effective strategy in Progressive Hedging

■ Also see Computational Management Science paper indicated above



Progressive Hedging:
Parallelization and Bundling

■ Progressive Hedging is, at least conceptually, easily parallelized

■ Scenario sub-problem solves are clearly independent

■ Advantage over Benders, in that "bloat" is distributed

Critical in low-memory-per-node cluster environments

■ Parallel efficiency drops rapidly as the number of processors increases

But: Relaxing barrier synchronization does not impact PH convergence

Sandia
National
Laboratories

■ Why just one scenario per processor?

■ Bundling: Creating miniature "extensive forms" from multiple scenarios

Diverse or homogeneous scenario bundles?

■ Empirically results in a large reduction in total number of PH iterations

Growth in sub-problem cost must be mitigated by drop in iteration count

In practice, mitigation is enabled by cross-iteration warm starts



Our Software Environment: Pyomo
2016

10 0
WINNER

*-'1PYOMO

-AIWA/sip
• Project homepage

• www.pyomo.org

• "The Book"

Springer Optim n and 67

William . art
Carl D. Laird
Jean-Paul Watson
David L. Woodruff
Gabriel A. Hackebeil
Bethany L. Nicholson
John D. Siirola

Pyomo
Optimization
Modeling
in Python
Second Edition

Springer

• Mathematical Programming Computation papers
• Pyomo: Modeling and Solving Mathematical Programs in Python (Vol. 3, No. 3, 2011)

• PySP: Modeling and Solving Stochastic Programs in Python (Vol. 4, No. 2, 2012)
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Our Hardware Environments
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■ Our objective is to run on commodity clusters

■ Utilities don't have, and don't want, supercomputers

■ But they do or might have multi-hundred node clusters

■ Sandia Red Sky (Unclassified Segment) — 39th fastest on TOP500

■ Sun X6275 blades

■ 2816 dual socket / quad core nodes (22,528 cores)

2.93 GHz Nehalem X5570 processors

12 GB RAM per compute node (1.5 GB per core) << IMPORTANT!

■ For us, the interconnection is largely irrelevant

■ Red Hat Linux (RHEL 5)

■ Multi-Core SMP Workstation

■ 64-core AMD, 512GB of RAM

■ For only $17K from Dell....



Stochastic UC Performance
Table 10 Solve time (in seconds) and solution quality statistics for PH executing on the
WECC-240-r1 instance, with a = 0.5, ii, = 3, and the MTR deterministic UC model.

# Scenarios Convergence Metric Obj. Value PH L.B. # Vars Fx. Time

64-Core Workstation Results

3 0.0 (in 36 iters) 64141.771 64109.021 4080 237
5 0.0 (in 23 iters) 62628.532 62499.212 4080 161
10 0.0 (in 26 iters) 61384.016 61327.734 4080 215
25 0.0 (in 41 iters) 60927.903 60850.717 4080 366
50 0.0 (in 11 iters) 60617.311 60470.956 4044 318

-5-

ic, kjoaartlidinaal

Laboratories

Results
generated
circa 2013
(published
2015)

New UC model, fewer PH tweaks, and new
persistent solver interfaces in PySP

#
Scenarios

Convergence
Metric

Obj. Value PH L.B. Time

3 0.0 (in 5 iters) 641 5 6.1 4 641 0 7 .0 6 4 1 s.

5 0.00 11 (in 2 0 iters) 62 6 6 9. 1 0 6 2 6 1 2.7 9 127 s.

100 0.0 (in 8 iters) 61 3 8 6.9 0 6 1 34 9.9 7 105 s.

2 5 0.0 (in 11 iters) 6 0 9 3 3.8 5 6 0 8 8 3.2 7 167 s.

5 0 0.0 (in 9 iters) 6 0 6 1 8.7 7 6 0 5 7 7.5 0 207 s.

Results
generated
March
2018

Note: All times are with out-of-the-box Pyomo



Toward Scalable Stochastic Unit Commitment

Part 2: Solver Configuration and Performance Assessment

Kwok Cheung • Dinakar Gade • Cesar
Silva-Monroy • Sarah M. Ryan • Jean-Paul
Watson • Roger J.-B. Wets • David L.
Woodruff

Received: April 30, 2014

Abstract In this second portion of a two-part analysis of a scalable computa-
tional approach to stochastic unit commitment, we focus on solving stochastic
mixed-integer programs in tractable run-times. Our solution technique is based on
Rockafellar and Wets' progressive hedging algorithm, a scenario-based decomposi-
tion strategy for solving stochastic programs. To achieve high-quality solutions in
tractable run-times, we describe critical, novel customizations of the progressive
hedging algorithm for stochastic unit commitment. Using a variant of the WECC-
240 test case with 85 thermal generation units, we demonstrate the ability of our
approach to solve realistic, moderate-scale stochastic unit commitment problems
with reasonable numbers of scenarios in no more than 15 minutes of wall clock
time on commodity compute platforms. Further, we demonstrate that the result-
ing solutions are high-quality, with costs typically within 1-2.5% of optimal. For

In Energy Systems (2015)
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Part 4: The Impact of the Nature of Probabilistic Scenarios on

Stochastic Power Systems Operations



Scenario Set Comparison
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• Current state-of-the-art method for scenario generation
proposed by Pinson et al. uses quantile regression to produce
a probabilistic forecast and samples from a Gaussian
multivariate random variable

• We compare this to Epi-Spline scenarios using a range of cut
point sets with increasing focus on "tail" events
• Cut points: 0 — 0.33 — 0.66 — 1
• Cut points: 0 — 0.1 — 0.9 — 1

• Cut points: 0 — 0.05 — 0.5 — 0.95 — 1

• Cut points: 0 — 0.01 — 0.5 — 0.99 — 1



Application and Data

• Generate wind power scenarios using data from Bonneville

Power Administration (BPA)

• BPA has 33 wind farms, with a total capacity of 4782 MW

• Using vendor-issued forecast data and actual power measurements

from November 2015 through May 2017

• Create day-ahead scenarios of

aggregated wind power for

balancing area using forecasts

issued at llam on previous day

• Rolling horizon scenario

creation, starting February 1,

2017 (with previous data used

for training)

Sandia
National
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Probabilistic Scenario Comparison:

On a 'Good' Forecast Day...
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Probabilistic Scenario Comparison:

And on a 'Bad' Forecast Day...

5

Quantile Regression
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Probabilistic Scenario Comparison:

And on a 'Bad' Forecast Day...
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Quantile Regression
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Probabilistic Scenario Comparison:

And on a 'Bad' Forecast Day...

5

Quantile Regression
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Epi-Spline, CP: 0-0.05-0.5-0.95-1
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Probabilistic Scenario Comparison:
And on a 'Bad' Forecast Day...

5

Quantile Regression
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Epi-Spline, CP: 0-0.01-0.5-0.99-1
March 5, 2017
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Counterfactual Re-Enactment
Methodology: (Some) Details

Sandia
National
Laboratories

■ Stochastic day-ahead unit commitment optimization model applied
to small, five-generator network (Max demand —1400 MW)

■ Copper plate model, ignoring network flows

■ Hourly, rolling-horizon simulation with economic dispatch on the hour

■ Not carrying additional reserves, as scenarios should capture required flexibility

■ Stochastic wind power scenarios use real data from BPA
■ Scale wind power to assess different wind penetration levels

■ Create day-ahead scenarios based on vendor-issued forecast, determine generator

commitments, simulate system performance on realized actual wind power values

■ Evaluate different scenario sets and wind penetration levels
■ Comparing cost (fixed and variable), renewables used and curtailed, over-

generation, and out-of-market load

■ Have started work on larger test systems, but full results are pending
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Unit Commitment Performance

• Costs are comparable in deterministic and stochastic solutions

• However, we do not account for the cost of procuring additional
generation in real-time to serve the out-of-market load (not met in day-
ahead market)

Total System Costs
Wind Penetration 0.2, Cut Point 0.1 - 0.9
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Out-of-Market Load
Wind Penetration 0.2, Cut Point 0.1- 0.9
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Stochastic vs Deterministic
Deterministic: 2017-03-18
CP: 0 — 0.01 — 0.5 — 0.99 — 1

1750 -

1500 -

1250 -

1000 -

750 -

500

Stochastic: 2017-03-18
CP: 0 — 0.01 — 0.5 — 0.99 — 1
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1750 -

Large reduction in load-not-met
and elimination of reserve
shortfall in stochastic case

- Nuclear Load Shedding

Geothermal Reserve Shortfall

- Coal Required Reserve

Gas implicit Reserve

Wind

1250 -

1000

2

750

500

1 - Nuclear Gas

Geothermal Wind

- Coal implicit Reserve

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24

Hour (hl Hour (hl

Variable costs: 227111.27

Fixed costs: 445983.41

Renewables penetration rate: 33.03%

Variable costs: 181086.81

Fixed costs: 571981.60

Renewables penetration rate: 32.88%
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0.99 — 1

- Nuclear

Geotherrnal

- Coal
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Wind

implicit Reserve

1 2 3 4 5 6 7 8 16 17 18 19 20 21 22 23 24

Variable costs: 227111.27

Fixed costs: 445983.41

Renewables penetration rate: 33.03%
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Compare Scenario Sets: Cost

0-

Average Cost by Cutpoint set

0.01/0:5/0.99 0.05/0:5/0.95 0.1/0.9 0.3/0.7 QR

Scenario Sets

Cost_Type
• FixedCosts

VariableCosts
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• Slight generation cost
variation among scenario
sets

• Wider sets have higher
costs, to deal with the
increased variability

• However, this doesn't

account for the cost of
procuring additional

generation that isn't met
in day-ahead scheduling



Compare Scenario Sets: Curtailment

0.0 -

-2.5 -

Renewable curtailment by cutpoint set
note log scaling on y-axis

0.01/0:5/0.99 0.05/0:5/0.95

•

•

dR

Scenario Sets
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• More curtailment
with quantile
regression scenarios

• Thermal generation
often cannot
respond fast enough
for extreme ramps in
wind
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Single Day Commitments
2017-04-02 2017-04-02
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1750
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Reduction in load-not-met
with wider cut point set

- Nuclear Wind

Geothermal Load Shedding

Coal implicit Reserve

- GaS

1250

1000

750

- Nuclear Wind

Geothermal Load Shedding

Coal Implicit Reserve

- Gas

1 2 3 4 5 6 7 8 9 10 11 12 13 14 16

Hour (hi)

Variable costs: 298129.21
Fixed costs: 307123.20
Renewables penetration rate: 38.83%

Commitments change significantly

between cut point sets
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Wind Penetration Level: Curtailment
Hourly

2500 -

Wind Curtailment: Scale 0.1

2500

2000

Hourly Wind Curtailment: Scale 0.2

-

- •
Wind Scaling Factor: 0.1 Wind Scaling Factor: 0.2

500
Avg. Curtail: 0.24 MWh/day 1500- Avg. Curtail: 36 MWh/day

8
1000 - 1000-

•

500 - 500-

o-

ann onn

Hourly Wind Curtailment: Scale 0.3 Hourly Wind Curtailment: Scale 0.4

Wind Scaling Factor: 0.3

Avg. Curtail: 595 MWh/day
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o-

AI;r1 LAI1

Wind Scaling Factor: 0.4
Avg. Curtail: 1885 MWh/day

200 400 600 800 200 400 600 800

RenewablesCurtailed RenewablesCurtailed
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Scaling factor is in

relation to total

capacity of BPA

system

Renewable

penetration is 11, 22,

31, and 38%,

respectively

• Curtailment increases

sharply with increased

renewable

penetration



Wind Penetration Level:

Out-of-Market Load
Daily Out-of-Market Load: Scale 0.1 Daily Out-of-Market Load: Scale 0.2

75 •

Wind Scaling Factor: 0.1

Avg. Load not Met: 5.2 MWh/day

t 50-
8

50o

Wind Scaling Factor: 0.2

Avg. Load not Met: 5.9 MWh/day

Daily Out-of-Market Load: Scale 0.3 Daily Out-of-Market Load: Scale 0.4

Wind Scaling Factor: 0.3

Avg. Load not Met: 13.6 MWh/day

200 400 600 B6U

Loadshedding
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• Increased wind results
in more out-of-market
load, but the

differences are small

• Still only see this
happen on very few
days overall

Wind Scaling Factor: 0.4

Avg. Load not Met: 23.9 MWh/day

200 400
LoadShedding

ano
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Single Day Commitments
2017-04-02

CP: 0 — 0.33 — 0.66 — 1
Wind Scaling Factor 0.2

1750

Large increase in load-not-
met with higher renewable

penetration level

1250

1000 -

Significant changes to unit

commitment (as expected)

- Nuclear Wind

Geothermal Load Shedding

- Coal implicit Reserve

Gas

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24

Variable costs: 298129.21
Fixed costs: 307123.20

Renewables penetration rate: 38.83%

500

250

2017-04-02

CP: 0 — 0.33 — 0.66 — 1
Wind Scaling Factor 0.4
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- Nuclear Wind

Geothermal Load Shedding

- Coal linplicit Reserve

Gas Available Quick Start

1 2 3 4 6 3 8 9 1'0 1:1 1'2 1:3 1:4 1'5 16 1:7 1:8 19 2'0 2'1 2'2 23'  24

Hour (h) Hour (h)

Variable costs: 103376.18
Fixed costs: 96262.60

Renewables penetration rate: 74.00%



Future Work
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■ Evaluation of additional scenario sets

■ Assess value of scenarios that explicitly incorporate wind power ramp
events

■ Look at performance of simple methods used in literature, compare to
methods presented here

■ Run re-enactment on larger test cases
■ Have started on WECC 240 case, with results pending

■ Increase wind penetration levels to assess scenario performance at
high renewable levels

■ Assess performance over a longer date range

■ Incorporate more variability, both in seasonal wind and load

■ Different wind dataset, if possible

■ Evaluate scenario creation methodology on additional wind sites, as
ramp behavior and wind variability vary by location



Questions?

• Contact:

• Jean-Paul Watson, jwatson@sandia.gov
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