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The Power Grid and Big Data (1) @&

A Typical Small-World Graph Modified IEEE 118 Bus Test Case System
http://motor.ece.iit.edu/data/Itscuc

Some key differences between typical data science graphs and power grid “graphs”
* One is emergent, the other is engineered — very different structures
* In the power grid

* Physical laws (e.g., KCL and KVL) dominate behavior...

« ... as do operational constraints on physical equipment (e.g., generators)




The Power Grid and Big Data (2) h

= But the biggest differentiator of power grid problems in data
science is

= They are intimately and almost without exception linked with formal,
mature, and existing decision problems that are used to for operations
(universally) and planning (less so)
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Power System Planning/Operations @

= Decision making in power systems looks at processes ranging
from very large time constants to near real-time

= Years, Seasons, Months, Weeks: Resource adequacy, transmission
and hydro resource planning.

= Days: Hydro-thermal coordination, day-ahead UC of energy and
reserves, intra-day UC.

= Hours: intra-day look-ahead processes, dynamic economic dispatch.
= Minutes: Economic Dispatch (ED).

| Seconds: Automatic Generation Control (AGC).

Day Real-time

Uncertainty

+ AGC

Time




Key Talk Objectives ) .

= |llustrate the tight linkage between data science and formal
power grid operations and planning problems

= Particularly in the prescience of weather/climate and renewables
production uncertainty

= Provide an overview of stochastic optimization, and argue
that data science has a major role to play in the solution of
real-world stochastic optimization problems for the power
grid

= [llustrate these two points through 4 case studies, spanning
the range of decision time-scales from minutes-ahead to
years-ahead




Data Science, Statistics, and Stochasﬁﬁgﬁa
Optimization: One View

Laboratories

Analytic Technique Critical Business Question

How can we achieve the best outcome

Stochastic Optimization including the effects of variability? Advanced
_ Analytics
Optimization How can we achieve the best outcome?
Predictive and
Predictive modeling Vhat will happen nextif 7 et
% Support new business
£ . . o models and
E Forecasting Vhat ifthese trends continue? apportunities
ey
o =imulation VWhat could happen.... ?
%
(=N i J
E Alerts What actions are needed? E]p-eratlﬂ nal
U .
What exactly is the problem? Analytics
support ongoing business
How many, how often, where? operations
Diagnostic
rting What happened? Meet compliance
. reguirements

Degree of Complexity

Taken from Davenport and Harris (2007)




Algebraic Optimization: ) i,
Deterministic and Stochastic

= Deterministic Mixed-Integer Programming (MIP)
= The workhorse of (rigorous) Operations Research
min ¢z + Rh'y
st. Az + By <b
® € Z! (x >0,z integer)
y € Ry(y >0)
=  Approximable for most real-world problems (NP-Hard)
= Stochastic Mixed-Integer Programming (SMIP)
=  SMIP = MIP + uncertainty + recourse
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= Still NP-Hard, but far more difficult than MIP in practice




Why Stochastic (as Opposed to
Deterministic) Optimization?

A Motivating Example...

Courtesy Roger J-.B. Wets




Production Planning for a )
Furniture Warehouse

= A furniture manufacturer must choose how many desks of
type to r?anufacture so as to maximize profit

chxj =12x, +25x, + 21x, + 40x, ={(c,x) x; 20,

= The conétraints
Ix <d

t;~ (t,) carpentry (finishing) man-hours: for dresser j

d. (d f) = total time availalble for carpentry (finishing)

X +E,X, +E 0, +1,x, <d, (4 97 10) <(6OOO\
X >

LXy + 18Xy H1 30+ ,,x, <d,, Ll 13 40) L4000)

= Optimal:

(( x¢=(1.333,0, 0, 67)]




Thinking More Realistically (and @
Stochastically)...

* Induce very small perturbations on key parameters
= Time required, per desk, for carpentry and finishing
= Total man-hour availability for carpentry and finishing
= Consider expected value +- 5% deviation

= 10 random parameters with each 4 possible
values = 1,048,576 possible pairs

= => A very large scale (> 2-10° variables and
constraints) optimization problem




How Is the stochastic solution ) e,
different from deterministic solution?

= Stochastic programming model (a large LP)
= Optimal: (v =(257, 0, 665, 34)) expected profit: $18,051.-

= Solution is robust: It considered all 10° possibilities

= Recall: x4=(1.333,0, 0, 67) — expected profit = $16,942
= is¢flot close to optimal (-6.5%)
= x4 isn’t pointing in the right direction




Vignette #1.:

Predicting Climate Change Impacts on
Hurricane-Related Power Outages

Courtesy: Andrea Staid
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Background: Power Outage Prediction

= Anticipating number and location
of outages can reduce duration

= |deally: Real-time predictions
using storm track projections

= Allows utilities and emergency
response agencies to plan ahead




Anticipating Power Outages ).

Typical Utility Response Cycle:

Strongest winds,
_ Off-coast, . . heaviest rain,
Hurricane band Rain begins highest surge : :
Progress out§r ands  for large storms, A Wind, rain, surge
begin contact yind increases { \ gradually diminish
Time to
Landfall T - ~5 days T-~2-3days , T=0 T+0-1day, T>1day

\ )\ \ | I
| | |

Monitor track,  pipalize crew Begin repairs  Conduct repairs
Utility begin estimating requests, position when safe according to
Activities &  Crew needs, materials and prioritization plan
Decisions  begin crew Crews

requests




HURRICANE CENTRAL
SANDY POWER OUTAGES
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Outage Prediction Model ) S,

= Run in real-time for oncoming storms
= First Version — Trained with utility-specific data

= Second Version — Uses only publicly available data
= Generalized for other areas using cross-validation to ensure accuracy
= Can be applied for all areas of Gulf and Atlantic coasts
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This Leads to the Question... ) .

= |f we can predict power outages today, can we also predict
them for future storms?
= What will future storms look like?
= Essential to consider climate change

= Can we anticipate future risks to our power system?
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Uncertain Climate - Hurricane Link® .

How will climate change affect North Atlantic tropical cyclones?

Intensity? Frequency? Location?
|y “? Inconclusive
F - ?
= 36% =
® A0 S — o Little to no change;
2 L 40% +407% dependent on
§ atmospheric
S [— = circulation; possible
Y SN I i/r:/cria:ﬁs i’? Gulf or
E N === est Atlantic
= b
Depends a lot on degree of Inconclusive; no
warming, but general ﬂ * trend; maybe a
consensus on increasing decrease?
trend No consensus in the

literature




Stochastic Simulation Structure ) o,

For Each Replication:

gor Each HUrr,'c an

vl
Select Scenario:
Baseline Historical

Frequency Hurricane Record

Intensity /\
Landfall Location

l Landfall Wind Speed

\/ Estimated Long-
Annual

Annual Storm i Term Hurricane
Generate Track Hurricane

Count Impact
l Impact

Generate Wind Field

|

Predict Power Outages

Repeat to reach convergence of the 99 percentile within 1%

#CCR




100-Year Fraction without Power g

Plotting Difference From Baseline:

1 | # . "Iagﬁ
Intensity = 0.8 Intensity = 1.2 - Intensity = 1.4

I I I I I I I I I I I
-10 08 -06 -04 02 00 02 04 06 08 1.0

*Independent samples result in sample error in very low population density areas




Sensitivity to Hurricane Intensity @
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Vighette # 2:
Stochastic Unit Commitment

sunshot
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The General Structure of a Stochastic ().
Unit Commitment Optimization Model

Objective: Minimize expected cost

deee et o0 ottt tilatt o] First stage variables:
Tl L ey * Unit On / Off
B Nature resolves uncertainty
TR TAR T * Load
’ : “ “  Renewables output
» Forced outages
P4 o PN

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

Voltage angles

Scenario 1 Scenario 2 Scenario N




On Scenario Generation for =
Stochastic Unit Commitment...

Laboratories

= Stochastic programming, like all things algorithmic, operates
on the “GIGO” principle (Garbage In, Garbage Out)

= |f you don’t get the scenarios right, then the solution will be useless

= Qur observation from numerous projects is that scenario
generation dominates the time required for algorithm
development
= 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 solar

= This is operations — no need to pretend that distributions don’t exist




Epi-Splines and Scenario Generation® -

= We have developed a novel technique for approximating
stochastic process models using historical forecast data and
corresponding actual realizations
= Based on epi-spline technologies (Wets et al.)
= Not Monte Carlo, not AR(I)MA
= Approximates the distributions — no sampling required!

Day D-1 forecasts

for day D
Generate n
Fit epi-spline functions scenarios on day
for the hourly forecast D-1 for predictions
errors ey (o

Historical day-
ahead forecasts
and actuals




From Error Distributions to Scenarios® .

/N

v

1 12 24 Hours

______ Frontier of Categories

Distribution of errors

Extensive problem-specific research required to analyze time evolution of
forecast errors...




Illustrative Load Scenarios: ISO-NE (@i,

| e—e Expected load e—e Actual load e Scenariosl

If the historical data
indicates no variability,
then the scenarios will
reflect that consistency

3500 |

3000

2500+

eo—e Expected load eo—e Actual load e —e Scenarios

4000

0 5 10 15 20
Time [hours]

3500

Captures variability in
load when present — 3000/
but predictions are not
perfect!

2500

o] 5 10 15 20 25
Time [hours]
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Wind Power Error Distribution Estlma@“‘"’“’“

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) segment:ed errors, FH:1?I OH=02:00

J
=
T

Density

o
L
T

i I i
EL%UU -500 0 500 1000
30 Generated using publicly available BPA data




Wind Output
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Wind Power Scenario Generation: BPpgE:.

Our scenario generation methods do not yield “noisy”
scenarios, which are prevalent in scenarios generated by
state-of-the-art quantile regression methods

Epi-Spline Scenarios Quantile Regression Scenarios
EPI0.1, 0.9) QR(1,1)
9 Jd o
o * obs. N
© fore. © |
= lowscen. | _ ©
© — med. scen. _a ©
- —— highscen. | 3 o
o}

- S
N o
o o
S o _
< T T | = | T T 1

5 10 15 20 5 10 15 20

From Sari et al., Wind Energy (2015




Solar Scenario Generation: CAISO [z,

= Using published historical forecast/actual time series

2013-03-27 2013-03-28
80 Category width = 0.4 80 Category width = 0.4
e—e Actual power - e—e Actual power ~o.7 T
70}| ®—e Forecasted power i 70|| ®=—e Forecasted power ‘\ i
e—e Scenarios e—e Scenarios R
60| — - Diurnal pattern i 6oLl - - Diurnal pattern i
50 R 50 }
$ a0l . $ a0l |
& &
30+ R 30+ i
20} . 20} ]
10} R 10+ R
0 - - 0 - b
0 5 10 15 20 25 0 5 10 15 20 25

Time [hours] Time [hours]




Scenario Generation: Discussion ) o,

= We can and should leverage the significant volume of
historical data concerning load and renewables forecast /
actuals
= Arguably do not need stochastic forecasts from vendors
= |nstead, we can build stochastic models from historical point forecasts

= Stochastic process model accuracy can approach that of state-
of-the-art point forecasting techniques

= But in addition represents variability

= Approximation of stochastic process models, rather than
Monte Carlo sampling, can yield significant reductions in the
number of scenario required for stochastic unit commitment

= Enabled by epi-spline-based models of stochastic load, wind, and solar




Cutting to the Chase: Cost Savings (1)@=

= Simulated studies on ISO-NE, using NREL renewables data

= Computed in terms of relative cost increase of
deterministic over stochastic

= Yes, this implies that stochastic does win (but)...

= Results in terms of percentages
= Ql:1.52%
" Q2:1.31%
= Q3:0.89%
" Q4:1.23%

= Case corresponds to roughly 20% wind penetration levels

= Qualitatively different results as wind penetration levels grow to 50%
and greater
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Cutting to the Chase: Cost Savings (2 )%=

Translating percentage savings into dollars...
= Q1:~S4M per month
= Q2:~3M per month
= Q3:~S12M per month
= Q4:~S52.5M per month

Overall, the savings in 2011 “would have been” $S64.5M

= Or maybe: That is real money?

= Full details require (at least) another hour-long talk...

That is real money!
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Vignette # 3:
Expansion Planning
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Transmission Expansion: Introduction .
Solar Resources (NREL) Wind Resources (NREL) U.S. Transmission System (FEMA)

5130.000 T

Zone Scenario Generation and Transmission Cost
(MISO, 2010)

w

s110,000 |- *

Goal:

$100.000 |

Identify most cost effective combination
of transmission and generation
investments to meet:

590,000 ——— | —*

580,000 |

Total Generation and Transmission Costs (5M)

w
o
=3

1) Forecasted demand
2) Renewable and environmental goals T |- |

Local Combination (Local & Regional
Generation Regional) Generation Generation
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A Stochastic Planning Model )

Minimize present worth of capital plus operation costs

Decision variables

Transmission investments (binary) Generation dispatch Phase angles
Generation investments (continuous) Power flows Load curtailment

Deterministic constraints
Transmission build limits (max number of circuits per corridor)
Generation build limits (max capacity per bus, renewable resource potentials)
Installed reserves (min firm capacity per region, ELCC for renewables)

RPS constraint (min generation from renewables, dualized, treated as soft constraint)

Scenario-dependent constraints (DC OPF)
Supply = Demand (KCLs)
Loop-flow constraints for existing lines (KVLs)

Loop-flow constraints for candidate lines (disjunctive KVLs)
Thermal limits

Max generation limits (use hourly capacity factors from historical data for renewables)




Test Case: WECC 240-bus System ) s,

WECC 240-bus system: __

(Price & Goodin, 2011) Legend

©  Substations

140 Generators (200 GW) BaCkboneS ;D\‘hu Transmission Lines
? :

448 Transmission elements
21 Demand regions

2
7

Wind Resources
Resource Classification

28 Flowgates Class 3
- Class 4

. . - Class 5

Renewables data (Time series, GIS) B ciss 6
(NREL, WREZ, RETI) B cass 7

Solar Resources

54  Wind profiles Resource kWh/m2/day

29 Solar profiles :222?2
31 Renewable Hubs (WREZ) 50-6.

6.75-7.00

0 700-7.25

Candidate Transmission Alternatives I 7.25-7.50

Maximum number of circuits per corridor: B 7.50-7.75

B ~oove 7.75

2 for Backbones y
4 for Interconnections to Renewable Hubs




A Scenario Reduction Framework ) i
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« The computational requirements for solving stochastic optimization
problems are proportional to the number of scenarios considered

« Even with HPC resources, we have difficulty solving for more than 500
scenarios in < hours run times

« S0 — we need to reduce the number of scenarios

k-means clustering

LA
(@)

o ) o ) 2 Low-probability and
Group similar hours with similar loads, wind, = “Ss2%.. *  high-impact scenarios
solar, and hydro levels. %ks"  included os indvidual

. :'., Jee o clusters

Reduced problem provides a lower bound Y S
on optimal total system cost because all " N
stochastic parameters are on RHS of Load

constraints (Munoz et al, 2014). The more
clusters, the tighter the lower bound.




The Value of Stochastic Expansion ) s,

Convergence of upper and lower bounds

7
%0 «. Expected value problem,
650 upper bound on VSS ~$100B i
m
2,
7
o
o
g
|2 ?_
450 $ _
v 7 ? 7
400 - ¢ J

0 100 200 300 400 500
Number of Clusters

LP relaxation vs optimal solution from MILP:

e Solved 100 single-scenario problems, 0.5% gap and 1hr time limit E

*  MILP lower bound w.r.t. LP relaxation is 1.4% (average)
*  MILP upper bound w.r.t. LP relaxation is 2.2% (average)

16%
14%
12%
10%
8%
6%
4%
2%
0%

Optimality Gap

Total Cost PH
| ower Bound

Upper Bound
= (ap

500-scenario problem
Red Mesa HPC: 1.9 hrs.
Workstation :8.7 hrs.

LB on LP Gap UB on LP Gap




Investments vs. Time Granularity ) i,

300%

250%

7]

c

€ 200% - Biased transmission and generation

@ Investments for small cluster counts

>

- MT Tx

?, e =—=\\Y Tx
£ —MT CT
§ 100% ===\WA CT
@

o

50%

0% T T T T T T T T T T 1
0 50 100 150 200 250 300 350 400 450 500

Number of Clusters
Open question: Is it possible to obtain the solution at the right using far

fewer numbers of clusters (scenarios)?
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Vignette # 4:
Resiliency Analysis
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Electricity Grid Resiliency Analysis — @JE.

QUADRENNIAL ENERGY REVIEW:
ENERGY TRANSMISSION, STORAGE,
AND DISTRIBUTION INFRASTRUCTURE

Aprl 2015

QUADRENNIAL TECHNOLOGY REVIEW

AN ASSESSMENT OF ENERGY
TECHNOLOGIES AND RESEARCH
OPPORTUNITIES

NENT OpoN

1 fﬂ September 2015

"#CCR
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Defining Resilience

Presidential Policy Directive (PPD) 21
1. “[preserve] infrastructure that are vital to the public confidence and the
Nation's safety, prosperity, and well-being.”

2. “[prevent] debilitating impact on the national security, economic stability,
public health and safety, or any combination thereof”

3. “...analyze threats to, vulnerabilities of, and potential consequences from
all hazards on critical infrastructures”.

-PPD-21: Critical Infrastructure Security and Resilience

“without some numerical basis for assessing resilience, it would be
impossible to monitor changes or show that community resilience has
improved. At present, no consistent basis for such measurement exists...”

-Disaster Resilience: A National Imperative, National Academy of Sciences
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A Framework for Resilience Analysis ) e

Define System Define
& Resilience M High Level
' Goals

Characterize
Threats

Evaluate
Resilience
Improvements

Determine Calculate

Level of M consequence
Disruption




Evaluating System Improvements @&

educed Expected Financial Consequence
J |

rOvements must cos
ificantly less than thi



Scenario Analysis:
ldentify Threat Types

A infrastructure is designed to be resilient to a specific set of possible disruptions

Characterize
Threats

Definition of possible disruptions can proceed via construction of a scenario tree
Alternatives exist, but they are more nuanced in terms of definition

Probabilities are uniform (all-

We begin with hazard), or skewed to reflect
high-level .
different emphases
threat
definitions

.

High-level scenario identification is expected to be an output from an iterative
and interactive stakeholder-driven process




Scenario Analysis: Characterize
Individual Threat

Given high-level threat characterization, the next step is to further refine the
description of the specific threats

Characterize
Threats

Historical information and
forecast models is used to
guide specification of
possible events and their
relative likelihoods

p:L p2 pn

Category 2, landfall at Category 4, north-of- Category 5, eye tracks
high tide peninsula storm track over metropolitan area




Determine

Scenario Analysis:
Disrupting the System isaion

The final step is to translate disruption events into system impacts

p:L p2 pn
Category 2, landfall at Category 4, north-of- Category 5, eye tracks
high tide peninsula storm track over metropolitan area

Given a specific manifestation of a disruption

Assume uniform event, we then specify a distribution of

probabilities infrastructure impacts
For IEEE 118 bus system:
1. Normal distribution of generator failures,
Damage Damage with V=20, =5
Realization K Realization N 2. Normal distribution of line failures, with

v=40, c=7




Ex: How Should We Invest S100M? @E.

/ Mean = $990.3M Baseline
mean was
$990M

Invest the same $100M in both
flood walls and burying cables

$100M of burying lines $100M of burying lines
and generator flood walls

Histogram of Economic Losses Due to Hurricane
T T T

$100M of generator flood
walls only only

Histogram of Economic Losses Due to Hurricane Histogram of Economic Losses Due to Hurricane

30

50

40 Mean = $546M | e— Mean =
— $673M

Frequency

1000 1500 2000 2500 3000 1000 2000 3000 4000 5000 . i ||
Economic Losses Incurred ($M USD) 0 500 1000 1500 2000 2500 3000
Economic Losses Incurred ($M USD)

Economic Losses Incurred ($M USD)




Conclusions )

= Power grid problems are differentiating for data science due
to the intimately linkage with formal decision problems

= Playing very high in the Davenport and Harris analytic hierarchy

= Stochastic optimizers need to work with data scientists!

= We can developer solvers and publish papers on our own ...

= ... but we can’t have any real impact by doing so!







