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Operations Research at Sandia ) &=,

Sandia National Laboratories
= Science & Technology Division
= Center for Computing Research
— Discrete Math and Optimization

= Sandiais a Federally-Funded Research and Development Center
operated for the U.S. Department of Energy

= Multimission national security laboratory
= Historical focus on engineering applications

= Science & Technology Division is home to the Labs’ Research Foundations
= Pursue fundamental research driven by mission needs

= Discrete Math & Optimization Department
= Conducts fundamental and applied OR/CS/Analytics research
= Focus on algorithms, modeling approaches, and scalable tools
= Partners with universities, other OR groups in Sandia “mission areas”
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3 threads to our research (and this talk) @E=.

Applications
Power grid
Process modeling
Advanced computing

Cyber security
Water security

Implementations
Pyomo / PySP
Pyomo / GDP

Pyomo / DAE

Algorithms & Modeling
Progressive hedging
Block decomposition

Disjunctive programming
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Operating the electric power grid il

= Conceptually simple

» demand =) generation— ) losses VteT

= This is just a single(*) component process flow network with fixed
demands and controllable supplies

= |n practice, this is complicated by
= No (significant) storage

= Dynamic constraints (ramp rates) (*) Actually, it is a 2-component
system (real and reactive power)
with “conversion” at every node,
= Security (reliability) requirements but for the purposes of this talk
we will follow industry’s lead and
allow a small angle assumption
to only work with the “DC”
optimal power flow model.

" Transmission limitations

= Market constraints
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An ISO’s view of operating the grid (1) @&:.

= [Unit Commitment]: Plan a day ahead (1600h)

= Demand forecast )
= Generator bids “Day Ahead Market”
= Produce: >_ (DAM)

= Hourly (on/off) schedules for all participants “Day Ahead Energy

= Hourly interconnect schedules Market” (DAEM)

= Hourly DAEM Locational Marginal Prices (LMPs) /

= So what’s the problem?
= No one believes the forecast.

= Things go wrong

DAEM
#CCR D-8h 00h 12h 24h

Siirola 6




An ISO’s view of operating the grid  (2) @&:.

= [Reliability Unit Commitment]: Modify the plan
= Reserve Adequacy Analysis — allocate reserves to meet load
= Standard: 10% reserve requirement
= Contingency analysis
= N-1:survive loss of any (1) generator or (non-radial) line

= Produces:
= Additional commitments (DAEM respected)
= Updated generator dispatch points

%/
DAEM RAA

(U.C) |— D —l

#CCR D-8h D-2h 00h 12h 24h




An ISO’s view of operating the grid (3) @&.

= [Economic Dispatch]: operate the grid / serve actual load
= H-1h: Look-ahead economic dispatch

= H: Hourly economic dispatch
= H+5n: 5-minute economic dispatch
= Produces:

= Updated dispatch points (generator output levels)
= Additional commitments (fast-start units)

DAEM RAA ED
#CCR D-8h D-2h00h  H-1h H 12h 24h
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Given the lights are on, why care?

Sandia
rl'l National
Laboratories

= Nondispatchable generation (renewables)

= Frequently treated as “must-take” resources

= Less predictable than consumer demand

= Appears as “negative demand”

= Increased reserve requirement
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0% and 30% renewable penetration for an “easy week” in July.
Reproduced from NREL 2010 Western Wind and Solar Integration Study
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Given the lights are on, why care? L

= Nondispatchable generation (renewables)
" |ncreased ramping of base-load generation

= Results in increased O&M costs and higher forced outage rates

= Can we reduce cost by explicitly addressing uncertainty?

Sandia
National
Laboratories
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0% and 30% renewable penetration for an “challenging week” in April.
Reproduced from NREL 2010 Western Wind and Solar Integration Study
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Stochastic Unit Commitment ) i,
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Optimization under Uncertainty .

= Many options for capturing uncertainty

= Sampling / Surrogate methods / Robust optimization /
(Approximate) dynamic programming / Stochastic programming

=  We focus on stochastic programming
= Capture problem uncertainty as a set of possible scenarios
= Solve to select a single answer that optimizes across all scenarios

0:’-?
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Optimization under Uncertainty .

= Many options for capturing uncertainty

= Sampling / Surrogate methods / Robust optimization /
(Approximate) dynamic programming / Stochastic programming
=  We focus on stochastic programming
= Capture problem uncertainty as a set of possible scenarios
= Solve to select a single answer that optimizes across all scenarios

{ Sample }
Uncertainty
O >0 >0
~ o >0 >0
o >0 >0
O >0 >0
o >0 >0
o >0 >0 -< o >0 >0
> .
t=0 t=1 t=2 o >0 >0
0 >0 >0
o >0 >0
~ >
t=0 t=1 t=2
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Optimization under Uncertainty .

= Many options for capturing uncertainty

= Sampling / Surrogate methods / Robust optimization /
(Approximate) dynamic programming / Stochastic programming
=  We focus on stochastic programming
= Capture problem uncertainty as a set of possible scenarios
= Solve to select a single answer that optimizes across all scenarios

{ Sample } {Add}
Uncertainty NAC
~ A
R \J o
o 1) o
o >0 o <L o y >0
> - . .
t=0 t=1 t=2 o 70\ >0
o >0
\/ %
~ >
os t=0 t=1 t=2
+CCR
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Pyomo: Equation-oriented modeling in Pyrhon @& e

= Pyomo is...
= Alibrary of classes for expressing optimization models in Python?
= A collection of tools for importing and exporting data?
= A set of interfaces to numerous LP, MIP, NLP, and MINLP solvers?

= An executable that takes a model & data, sends it to a solver, and
reports the final solution?

= A collection of routines for manipulating optimization models?
= A collection of optimization algorithms implemented in Python?
= A software environment for teaching optimization?

=  An open-source community for applied OR research?

= But doesn’t this sound a lot like -
AMPL, GAMS, AIMMS, gPROMS, ...? Vs
= Why did we “reinvent the wheel”? ‘ PYD IVI 0
+CCR
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Why we needed Pyomo ) i,

= 10 years ago...
= Modeled primarily in AMPL (with some GAMS)
= Developed solvers primarily in C++ (with MPI)
= PICO, Coliny, DAKOTA, Opt++, APPSPACK

= This model worked, but...
= lLarge code bases were unwieldly and not easily extensible

= Commercial modeling environments lacked support for “higher level”
modeling constructs, e.g. stochastic programming
= No obvious path to implementing “meta algorithms”
= Require frequent calls to optimization codes to solve subproblems
= Difficult to implement in optimization modeling environments
= Tedious to code directly against a solver’s APl (and then you are tied to that solver)
= Difficult to transfer our results to other organizations
= Difficult to incorporate new ideas developed by the broader community

= Dampened our ability to rapidly prototype ideas and explore new areas

2CCR = We increasingly found ourselves providing optimization support to larger projects

for Computing Research
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Pyomo at a Glance h) =,

Ve ‘ Y BARON
- CBC
) PYOMO Solver Interfaces CPLEX
Meta-Solvers GLPK
* Generalized Benders Core Optimization Gurobi
* Progressive Hedging Obiects
 Linear bilevel ] AT

» Linear MPEC

AMPL Solver Library

Core Modeling Ipopt
Objects KNITRO
. . Bonmin
Moglc-:\lmg. Extensions T
« Disjunctive programming ST
« Stochastic programming Model .. |
« Bilevel programming Transformations :
- Differential equations bl Sl (LIErEry
» Equilibrium constraints DICOPT
\_ / ANTIGONE

l:’-?
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More than just mathematical modeling... W&z,

Meta-solvers
" |ntegrate scripting and/or transformations into optimization solver
= Leverage Python’s introspective nature to build “generic” capabilities
= e.g., progressive hedging, Benders decomposition

Model transformations (a.k.a. reformulations)
= Automate generation of one model from another
= Leverage Pyomo’s object model to apply transformations sequentially
= e.g., DAE > NLP, GDP - BigM

Scripting
= Construct models using native Python data
= |terative analysis of models leveraging Python functionality

= Data analysis and visualization of optimization results
+CCR
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PySP: SP made Simple ) &=,

= Step 1: write the deterministic model (in Pyomo)
= You've (probably) already done this

= Step 2: generate scenario data
= This is the hardest part (for UC, it took 2 years)

= Step 3: PySP expands the model & adds the NACs

{ Sample } {Add}
Uncertainty NAC
- A
é )
O >0
O O >0
o >0 >0 -< 6 Jc} )
(=0 1 > | | : :
= t= t= o . >0
\/ o
N~ >
3 t=0 t=1 t=2
“CCR
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“So what?” ) e,

= The PySP process is conceptually no different than you would
do in any other AML

= Exceptin a traditional AML you would have to explicitly add and track
the scenario index and add the NAC

= |f the Extensive Form is solvable, no significant difference between
PySP and AMPL / GAMS / AIMMS...

= But what if it’s not solvable?

= Structure: The real power of PySP
= PySP explicitly understands the structure of the problem

= We can automate decomposition strategies
= Stage-wise decomposition (e.g., Benders decomposition)
= Scenario-wise decomposition (e.g., Progressive hedging)

l:’-?
o
®é
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Progressive Hedging: the algorithm

Solve individual
scenario subproblems

Initialize w

Start —> .
* * .
x", y" = argmin f; (x,y)
X,y
(e, >0 >0 optimize
.C >.C )_O optimize
[} >0 >0 optimize
o >0 >0 optimize
_C ;.C ;_O optimize
o >0 >0
n L L]
:C ;C ;0 optimize
-C >.C >_0 optimize
° >0 >0 >
#CCRt=0 t=1 t=2

Center for Computing Research
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Wy = p(x — X)

x converged?

Fix x that have converged
lx — x| <€e?

v
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Laboratories

lx — x> < e

Solve individual
weighted scenario subproblems

x™*, y* = argmin f;(x,y) + wTx + p llx — x||?

X,y 2

Update w

w=w++p(x—X)

21



Stochastic Unit Commitment (at scale) @JE=.
[J.-P. Watson, D. Woodruff]

Objective: Minimize expected cost First stage variables:
Lo el » Unit On / Off
RN Nature resolves uncertainty
TRt + Load
RS * Renewables output

* Forced outages

\ 4

Second stage variables
(per time period):
« Generation levels
* Power flows
* \oltage angles

Scenario 1 Scenario 2 Scenario N
#CCR

Siirola 22
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Progressive Hedging Results: WECC-240++

Table 7 Solve time (in seconds) and solution quality statistics for PH executing on the WECC-
240-r1 instance, with o = 0.5, p = 6, and v = 0.025

# Scenarios  Convergence Metric  Obj. Value PH L.B. # Vars Fx. Time
64-Core Workstation Results Latest...

3 0.0 (20 iters) 64213.397 63235.381 4080 508 166

5 0.0 (in 18 iters) 62642.531 61767.253 4079 674 119

10 0.0 (in 35 iters) 61396.553 60476.604 4066 648 167

25 0.0 (in 22 iters) 60935.040 59992.622 4066 761 212

50 0.0 (in 15 iters) 60625.149 59631.839 4034 1076 280

100 0.0 (in 25 iters) 61155.387 60014.571 4080 1735 315

Red Sky Results
50 0.0 (in 16 iters) 60623.343 59779.813 4007 404
100 0.0 (in 25 iters) 61120.943 60275.744 4080 549

ISO-NE results are obtained on Red Sky on average in 10 minutes,

#CCR 20 minutes in the worst case (with 100 scenarios)

Siirola
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Improved UC Formulations? rh) s
= Morales-Espana et al. (2013)

= Extends prior tight formulation by Ostrowski et al.

= Shows off advantage of PH, in that improved deterministic
models immediately impact stochastic solve times

= Results

Table 10 Solve time (in seconds) and solution quality statistics for PH executing on the
WECC-240-r1 instance, with a = 0.5, © = 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

= |SO-NE results drop to 15 minutes maximum (10 average)

0:’-?
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So what is the impact? ISO-NE analysis

= Cost-savings analysis for ISO-NE
= 2004 Eastern Wind data

= 50 wind scenarios per day
= Generated using our tool chain based on epi-splines
= (Simulated) actual taken from NREL database
= 1 |load scenario per day
= Expected load computed using our epi-spline tool chain
= Models fit using historical ISO-NE 2011 data
= Actual taken from actual ISO-NE 2011 data
= “Platinum” standard simulation, i.e., rolling horizon
= Wind is not modeled as must-take
= Per advice from NREL

= |n practice, there are days at these penetration levels in which it is
impossible to use net load formulations w/o shedding

0:’-?
&4
®é
Center for Computing Research
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Cutting to the Chase: Cost Savings ) 5.

= Computed in terms of relative cost increase of deterministic
(w/ 10% reserves) over stochastic (w/ 2% reserves)
= 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%

= Not as significant as we would have anticipated, given the
large wind penetration levels we simulated

= For various reasons, we believe these results underestimate savings
+CCR
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Sandia

Cutting to the Chase: Cost Savings ) S

= Computed in terms of relative cost increase of deterministic
(w/ 10% reserves) over stochastic (w/ 2% reserves)
= Yes, this implies that stochastic does win (but)...

= Results in terms of percentages

= Ql1:1.52%
" Q2:1.31%
= Q3:0.89%
" Q4:1.23%

s

s

e
—

~S 4M per month
~S 3M per month
~$12M per month
~$2.5M per month

S64.5M “estimated savings” for 2011

= Not as significant as we would have anticipated, given the
large wind penetration levels we simulated
= For various reasons, we believe these results underestimate savings

l:’-?
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Reliability Results ) i,

= We did not report load shedding and/or reserve shortfalls in
the previous cost savings statistics
= Placing arbitrary penalty values on these quantities is not useful
= Distinct reporting allows more insight into system behaviors

= Stochastic UC
" One load shedding event — peak day in July
= |ncurred due to particularly bad load forecast

= Deterministic UC
= Five load shedding events — including the peak day in July
= Additionally incurs reserve margin shortfalls on approximately
10% of all days in 2011
= Summary

= Stochastic UC, despite lower reserve margins, is more reliable
+CCR
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Power grid contingency analysis =
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Power grid contingency analysis h .
[with J.-P. Watson]

= U.S. ISO’s must operate with “N-1”" reliability
= System must be able to “survive” loss of 1 generator / (non-radial) line
= Not explicitly included in Unit Commitment model
= Practice is to include “proxy constraints” and post-solve verification

= Some studies indicate that intentionally switching lines could
improve contingency response
= UC+ N-1+ Transmission switching (e.g. [Hedman, et al. 2010])

= “Just allowing processing [of the RTS-96 test case] at the root node
typically takes 20h on a desktop workstation...”

= “While reducing [the] optimality gap to zero is an interesting
academic issue...”

= (Case study: RTS-96 test case
= 73 busses, 115 non-radial lines, 99 generators
CCR' 214 contingencies

Siirola 30




What’s the problem with Math Programming? @&z

PP SU SD
Minimize : 2 E (coPyot + ¢V vgr + ¢ Pwgs)
t g

#CCR

Center for Computing Research
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S.t.

emin S enct S emax’ v , Cat
Y Pur— Y. Pea+ D Poor=dn,
Y k(n,.) v k(.,n) v g(n)
Vn, «¢=0, transmission contingency states c,t
Z Pkct_ Z Pkct+ Z cht:dnh
vV k(n,.) v k(.,mn) Y g(n)
V¥ n, generator contingency states c,t
PEON ezky < Pret < PE™Nlgezre, Ykt
Bk(anct - 6mct) - Pk:ct + (2 — Zkt — lec)Mk 2 07
Bk(enct - emct) — Prer — (2 — Zkt — lec)Mk <0,
P N1geugr < Poot < P Nlgeuge, Vg,c,t

vgat - wgft = ug,t - ugﬂ:*l’ vg7t
1

Z Vgq S Ugye, Vg, te{UTy,...,T}
q=t—UT,+1
t

Z Wo,g <L =g, Vgt €{DL,,....T}
q=t— DT, +1

Pyot — Pyou-1 < Rfugy 1+ R3Vv,,, Vgt
Pyop—1— Pyot < Bjuge + REDwg,t, Vgt
Pger — Pyor < R;’, Yg,c.t

Pyt Nlge — Pyor < R;, Vg,c,t

0<w,: <1, Vgt

0<wy; <1, Vgt

uge € {0,1}, Vgt

Ykt
Vk,ct

The “solution” for

Unit Commitment

+ Transmission Switching
+ N-1 reliability

Hedman, et al., "Co-Optimization of Generation Unit Commitment and Transmission
Switching With N-1 Reliability," IEEE Trans Power Systems, 25(2), pp.1052-1063, 2010
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What’s the problem with Math Programming? @&z

Minimize : ZZ(chgm—i—chUgt-t—chwgt) u The ”SOlUtIOn” for
St U < e <O, Vet Unit Commitment
Z Pyt — Z Prot + Z Pyt = . . . .
viG  viom Yo + Transmission Switching

Vn, «¢=0, transmission contmgeﬁcy states c,

> Pea= 3 Pra+t 3 Pua=du + N-1 reliability
vV k(n,.) v k(.,mn) Y g(n)
V¥ n, generator contingency states c,t
PPONT 2kt < Prot < PE™Nlpozpg, Ykt
Bk(enct - emct) - Pkct + (2 — Zkt — leC)Mk 2 0, V k, C,t

. . o ”

Bk(anct_amct)_})kct_(Z_Zkt_lec)MkSO: Vk,c,t u The Ilmlted IVIP tOOIbOX
P N1geugr < Poot < P Nlgeuge, Vg,c,t

Ug)t - ?'Ug)1 - 'U-g)t - ug7t717 v g7t
1
Z Ug,q < Ug,t, Vg, te {UTga'-'aT} [ | -I— —_— X -
q=t—UT,+1 ) ) )
t

Z Wo,g <L =g, Vgt €{DL,,....T}

q=t—DT,+1 .
PgOt _Pgo,tfl SR;—Ug,tfl-i—RgSUUgyh ‘v’g,t u Sln’ COS’ tan’ etc-
Pyop—1— Pyot < Bjuge + R*;Dwg,t, Vgt X X
[ ]
cht_PgO,tSR;, Yg,c.t y ) e ) loglO(x) ) ln(x)
PgO,tngc - cht S R;» V9=C,t
0<w,: <1, Vgt
OSwpe sl Vol = (functions in C?)
uge € {0,1}, Vgt
o3t CCR Hedman, et al., "Co-Optimization of Generation Unit Commitment and Transmission

Switching With N-1 Reliability," IEEE Trans Power Systems, 25(2), pp.1052-1063, 2010

Center for Computing Research
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The challenge: MP is dense and subtle @

Minimize :

S.t.

#CCR

Center for Computing Research
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Z Z (chQOt aF cé"Uvgt I chwgt)

t|g
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6™ < G < 6™, Vo

Z [P = Z Pkct+ZPg0t:
Y k(n,.) Y k(.,n) Y g(n)
Vn, ¢=0, |transmission contingency states

E Pkct_ Z Pkct+ Zcht:dntﬁ

Y k(n,.) Y k(.,n) ¥ g(n)
V¥ n. generator contingency states ¢.

PRNT ] < Prce < PROINLdad, v k,leliE]
Bk(anct - arnct) - Pkct a7 (2 = B = lec Mk: > 0_/ Y ]C,
Bk(anct - emct) — Prer — (2 = 2gr =N 1) M| < 0, Y k;,

PN < P < gl Vol |

To a first approximation:

[ ]-DCOPF

[ ] - Economic dispatch

[ ] - Unit commitment

[ - Transmission switching
[ 1 - N-1 contingency

Vgt — Wg,t = Ugy — Uge—1. Vg.t
[
Z Vgq S Ugy, Vgt €{UTy,....T}
g=0=TATZE
t
Z Woq <1 —ugs, Vg, t€{DT,, ... T}
q=t—DT,+1
Lyor = Pyoe-1 < R;Ug,tq + Rvag,t, Vg.t

PgO,tfl - PgO,t < R;'U'g,t + Rgp'wg,t: V.t

cht_Pgﬂ,tSR‘;—; Vg,c,t
PgO,tN]-gc - cht S R;' ngczt

0<w, <1, Vgt
0<wg <1, V.t

ugs € {0.1}, Vgt

Hedman, et al., "Co-Optimization of Generation Unit Commitment and Transmission
Switching With N-1 Reliability," IEEE Trans Power Systems, 25(2), pp.1052-1063, 2010
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Sidebar: What do these have in common? (),

[a=¢@—3yﬂ;}

a=>x—3
a=>3—x
2(x — 3
= ( ;L—x+3
1+e h

//a=b+ci\
b<M-y
c<M(1—-y)
x—3=c—b
b=>0
c=0
\_ Y€ {0,1} .
~
a=b+c
x—3=c—b
b=01Lc=0
\
“CCR

Siirola
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Sidebar: What do these have in common? M.

[a=¢@—3yﬂ;}

Siirola

//a=b+c\\
b<M-y
c<M(1-y) a=>x—3
x—3=c—p) a = 3—x
b >0 a = abs(x — 3)
c=0
\_ YE {0,1} .
2(x — 3)
a ) _ _
a=b+c a= _x-3 x+3
x—3=c—b l+e h
b=01Lc=0
-
If we mean “a = abs(x — 3)7,
CCR why don’t we write that in our models???
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A new solution workflow rh) o

= Model Transformations: Projecting problems to problems
= Project from one problem space to another
= Standardize common reformulations or approximations

= Enables “Extended Math Programming”[”

= Develop new modeling constructs not supported by solvers
= (Automatically) Convert these “unoptimizable” modeling constructs into

equivalent optimizable forms
l—{ Transform J

‘ Model +‘ Data {CompileH Problem

[ Solve J

R CCR [1] - Ferris, et al. “An extended mathematical programming framework”.
Computers & Chemical Engineering 33(12) 2009.

Siirola 36
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Extended Math Programming (EMP) @k

= Ferris, et al. (2009)

= Modeling framework (domain-specific language) built on GAMS

= Adds support for “higher level” constructs

= Complementarity conditions, Variational inequalities, Bilevel problem:s,
Disjunctive programming

= Constructs are annotated through a separate input file

= |nterfaces to specialized solvers or provides automated reformulations
for standard solvers

= Alternatively, EMP concepts could be implemented through
an object-oriented framework

Qoo
»-PYOMO
+CCR
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Why are we interested in transformations? @

= Separate model expression from how we intend to solve it
= Defer decisions that improve tractability until solution time
= Explore alternative reformulations or representations
= Support solver-specific model customizations (e.g., abs())
= Support iterative methods that use different solvers requiring
different representations (e.g., initializing NLP from MIP)
= Support “higher level” or non-algebraic modeling constructs

= Express models that are “closer” to reality, e.g.:
= Piecewise expressions
= Disjunctive models (switching decisions & logic models)
= Differential-algebraic models (dynamic models)
= Bilevel models (game theory models)

I”

= Reduce “mechanical” errors due to manual reformulation

l:’-?
o
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Block-oriented modeling

= “Blocks”

Collections of model components
= Variable, Parameter, Set, Constraint, etc.

Blocks may be arbitrarily nested

= Why blocks?

Support reusable modeling components

Express distinctly modeled concepts as distinct objects
Manipulate modeled components as distinct entities
Explicitly expose model structure (e.g., for decomposition)
Enables transformations and component namespaces

" Prior art

0:’-?
&4
®é
Center for Computing Research

Ubiquitous in the simulation community

Rare in Math Programming environments
= Notable exceptions: ASCEND, JModelica.org
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Generalized disjunctive programming ~ @JEz.

= Disjunctions: selectively enforce sets of constraints

= Sequencing decisions: x ends before y or y ends before x
= Switching decisions: a process unit is built or not
= Alternative selection: selecting from a set of pricing policies

= |mplementation: leverage Pyomo “blocks”

* Disjunct: \
= Block of Pyomo components V hik (X) <0
— (Variable, Parameter, Constraint, etc.) D | ¢ —
" Boolean (binary) indicator variable determines | YT i
if block is enforced Q(Y ) ={rue

» Disjunction:
= Enforces logical OR/XOR across a set of Disjunct indicator variables
= Logic constraints on indicator variables
+CCR
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Simple Example: Task sequencing in Pyomo

model.TASKS = Set()

model.STAGES = Set()

model.L = Set(within= model.TASKS*model.TASKS*model.STAGES)
model.tau = Param(model.TASKS, model.STAGES)

model.t = Var(model.TASKS)

def NoCollision(model, i, k, j):
lhs = model.t[i] + sum(model.tau[i,m] for m in model.STAGES if m<j)
rhs = model.t[k] + sum(model.tau[k,m] for m in model.STAGES if m<j)
return [ lhs + model.tau[i,]j] <= rhs, rhs + model.tau[k,j] <= lhs ]
model.NoCollision = Disjunction( model.L, rule= NoCollision )

#CCR

for Computing Research

Siirola

vjeC, Vikel, i<k

| Yik 11 Y |

ﬁ+-zzrm—kqjﬁtk+ EZTWI\/tk+ EZTmf+THSJi+ z:Tm
med (i) med (k) med (k) med (i)

B m< | m< j ] m< | m< |
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Simple Example: Task sequencing in Pyomo

model.TASKS = Set()

model.STAGES = Set()

model.L = Set(within= model.TASKS*model.TASKS*model.STAGES)
model.tau = Param(model.TASKS, model.STAGES)

model.t = Var(model.TASKS)

def NoCollision(model, i, k, j):
lhs = model.t[i] + sum(model.tau[i,m] for m in model.STAGES if m<j)

return [ 1hs + fodel:¥aULE,5] <= rhs, rhs + fodel:tau[k,3] <= 1hs ]

model.NoCollision = Disjunction( model.L, rule= NoCollision )

Yki

III <t + EE:Z}m
meJ (i)
m< j |

VieC,,Vikel, i<k

o2
.:"-
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Solving disjunctive models ) .,

=  Few solvers “understand” disjunctive models
= Transform model into standard math program
= Big-M relaxation:

= Relax all constraints in the disjuncts with “appropriate” M values
— Automatically calculate M values for linear expressions

[ pyomo solve --solver=cbc --transform=gdp.bigm jobshop.py jobshop.dat ]

= Convex hull relaxation (Balas, 1985; Lee and Grossmann, 2000)
= Disaggregate variables in all disjuncts
= Bound disaggregated variables with Big-M terms

[ pyomo solve --solver=cbc --transform=gdp.chull jobshop.py jobshop.dat ]

= Algorithmic approaches
= General cutting planes (e.g., Trespalacios & Grossmann)
= Basic step-based tightening approaches (e.g., Trespalacios & Grossmann)
= Logic-based outer approximation (e.g., Turkay & Grossmann, Chen & Grossmann)

0:’-?
&4
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A transformation-centric view of abs() @J&=.

= Chaining transformations

f=x"+x f=x"+x

f=x"+x" X=xX"—X" X=X"—X"

f =abs(x) => Xx=x"-X :{ Yol ﬂY}: X~ <My
Xx">0Lx >0 x =0] | x'=0 X" <M(@1-y)

Xx">0,x >0 Xx">0,x >0

model = ConcreteModel()

# [..]
TransformFactory(“abs.complements®).apply to(model)
TransformFactory(“mpec.disjunctive”).apply to(model)
TransformFactory(“gdp.bigm”).apply to(model)

0:’-?
'
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Returning to RUC + Transmission Switching @

Minimize :

S.t.

#CCR

Center for Computing Research
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6™ < G < 6™, Vo

Z [P = Z Pkct+ZPg0t:
Y k(n,.) Y k(.,n) Y g(n)
Vn, ¢=0, |transmission contingency states

E Pkct_ Z Pkct+ Zcht:dntﬁ

Y k(n,.) Y k(.,n) ¥ g(n)
V¥ n. generator contingency states ¢.

PRNT ] < Prce < PROINLdad, v k,leliE]
Bk(anct - arnct) - Pkct a7 (2 = B = lec Mk: > 0_/ Y ]C,
Bk(anct - emct) — Prer — (2 = 2gr =N 1) M| < 0, Y k;,

PN < P < gl Vol |

To a first approximation:

[ ]-DCOPF

[ ] - Economic dispatch

[ ] - Unit commitment

[ - Transmission switching
[ 1 - N-1 contingency

Vgt — Wg,t = Ugy — Uge—1. Vg.t
[
Z Vgq S Ugy, Vgt €{UTy,....T}
g=0=TATZE
t
Z Woq <1 —ugs, Vg, t€{DT,, ... T}
q=t—DT,+1
Lyor = Pyoe-1 < R;Ug,tq + Rvag,t, Vg.t

PgO,tfl - PgO,t < R;'U'g,t + Rgp'wg,t: V.t

cht_Pgﬂ,tSR‘;—; Vg,c,t
PgO,tN]-gc - cht S R;' ngczt

0<w, <1, Vgt
0<wg <1, V.t

ugs € {0.1}, Vgt

Hedman, et al., "Co-Optimization of Generation Unit Commitment and Transmission
Switching With N-1 Reliability," IEEE Trans Power Systems, 25(2), pp.1052-1063, 2010
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(Nonobvious) Inherent structure rh) gom_

Siirola

(Sparsity pattern in model constraint matrix)

Switching OPF ED

contingencies
“CCR nominal case

Center for Computing Research
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Unit Commitment

EEEEEE T

PEENCNENENE N

G 1

46



Sandia
National
Laboratories

h

UC + N-1 + Switching block structure

= “2-D” grid of linked optimal power flow models

Jusuwiliwwo) uun
ansiuILLIRRg sajouabunuo)d
N N

4 N A
)

r = |
1| e T LL LL I
lea o o o
wo O O O [
_(|||||||||||||||K
(e T — T —T —
1| 2w L LL L I
s a o o
cqu @) @) @) |
—( l‘~
r— ' — T — —
1| e L LL LL I
lea o o o
=0 O O o |1
_(|||||||||||||||K
— T TS —
1| 2w L i i I
1l ga a a a
=0 O O o ||
_(||| ||||||||||||| )

|

>>>>>>>>

>>>>>>>>>>

>>>>>>>
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Expressing & preserving modeler intent s

National

= |f the N-1I model has all this structure, why do we write it

= What | want:

= (Clear, structured syntax
= Explicit switching decisions
= Express block structure
= Define meaningful components

n u

= “bus,” “line,” “generator”

Minimize :

S.t.

Z Z (e Potf+ Cgsvvyf + Cgpwgi)

tlg

0™ < e < 0™, Ve
Z Prey — Z Pkct+ZPgUt:
¥ k(n,.) v k(.,n) v g(n)
Vn, ¢=0,|transmission contingency states cl
S Pea— Y, Pea+t Y Py =du
Y k(n,.) Y k(.,n) Y g(n)
¥V n. generator contingency states ¢t

PN lord < Pree < PR NLdend, v, Ell]
Bi(Onet — Omet) — Pret +[@ = 20 —|NL)Mi|> 0, ¥ k[dfH]
Bie(Bnet — Omer) — Pect —|2 = 200 —|[NLDM|< 0, v &, [clli]

P;liullvlg('h”gﬂl < Pg(‘t < P;"ax lgc gq; vg: C

Vgt — Wyt = Ug,t — Ug -1, YV gst
!
Z Vgg gy, Vg, t€{UTy,..., T
=t TUT,+1
&
> wg<l—ugy Vg te{DI,....T}
g=t—DT,+1
Loor — Pyoe—1 < R;Ug,z—l Ar RQSUUg,t; Vg.t
Pyﬂ,t—l — Pgolt S Rg_‘ugat + RQSDMQJ? v g, t

cht _PgO,t < R;; Vag.et
Pgo“tN].g( — cht S Rg_, Vg, C,t

Osvg,tsle Vg:t
OSwg,tsls Vg7t
Ug1 € {01 1}3 Vy=t

= Control over how this gets mapped to the solver

Siirola
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Explicitly expose disjunctive decisions @®Ez.

" Transmission switching:

|:Pkct — Bk (ekl —6’k2)

Z kct

= Generation

R, >

0:’-?
'
®é
Center for Computing Research

U

gt-1

Cgt = Pgth
R, 2P, —
P

P

gt-1

—L ket

I:)kct — O

I

C
RgSDZP

— Pgt_

_'(ukt |th)
SD
= Cg ukt—l

gt-1 Pgt

P =

gt

Siirola
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Embed within a structured model

Switchable Transmission Line

Network Model
©e® , ®

=S

W JUPEEEE Transm|55|on Lme

. Power Flow Model
i
n
n
n
n
n
n
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-

Generation
Model

. E—

S Y,0)

(c

(KCL)

urrent Balance)

L Ramp Limits (Y;) )

Switchable Generator

Bus model

Siirola

50



Optimal Solution of RTS-96 h) i,

= From Hedman, et al. 2010

= N-1 UC solution: 3,245,997
= N-1 UC w/ Switching: 3,125,185 (2 pass UC+switching heuristic)
Rows Columns Binaries
Raw model 5,118,760 1,501,177 5,184
After presolve 2,634,851 1,062,290 4,476

= Restructured problem (complete N-1 UC w/ switching):

Rows Columns Binaries
Raw model 21,232,224 13,129,692 3,796,830
After presolve 2,471,714 1,249,976 187,194
= Solution (1e-4 gap): 2,990,004 (60,000 sec)

= Automated Big-M relaxation (including automatic M calculation)
=ccR™ Default solver settings

Siirola 51




Process modeling for power systems [
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Renewables impact (chemical) processes

= Renewables increase ramping of base-load generation
= Market “favors” flexible generation
= Whatis the impact (opportunity) for thermal plants?

Sandia
ll'l National
Laboratories

= How do new energy processes

(e.g. chemical looping) slot “M,

into the market? i
= Do what degree should they s

be designed for steady-state -

or dynamic operation? 10000

10-Apr  11-Apr  12-Apr  13-Apr  14-Apr

15-Apr  16-Apr

o?
'2"-
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The challenge of process modeling ) .

= A tale of two paradigms

= Sequential Modular Simulation and Equation Oriented Modeling

= Sequential Modular
v’ Straightforward to set up

v' Straightforward simulation
initialization

v" Modules may embed arbitrary sub-

models
v" Robust solutions

= Converging recycles can be
challenging
= “Arrow of time” makes inverse
problems difficult:
= Product specifications
= Parameter estimation
= Optimization

Equation Oriented

Models are converged
simultaneously, enabling

= Product specifications

= Path constraints

= Parameter estimation

= Optimization

...even for complex processes
Efficient restart possible

Advanced, scalable algorithms
available

Initialization challenging

Performance sensitive to
formulation choice

Final models frequently complex
and unintuitive.

Siirola
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The Goal: the “EO Utopia” ) o

= Fully “open” models with complete structural and derivative
information

First & Second Derivatives, Sparse Structure  NLP Barrier

Compute | Exact First Derivatives
Efficiency .................................................

---------------------------------------

Black Box DFO

109 102 104 106
#CCR | Image credits L. Biegler] Variables/Constraints
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EMP for Process Development ) .

= Key modeling needs = EMP capabilities
= Modularity and composability = Hierarchical model definitions
= Continuous and discrete = Complementarity conditions
(logic-based) models = Generalized Disjunctive

Programming (GDP)

= Continuous dynamics = (Discretized) systems of
(physical systems) differential-algebraic
equations (DAE)

= Stochastic models / = Stochastic programming /
uncertainty quantification design under uncertainty

0:’-?
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®é
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Extensions to dynamic systems h) .
[with B. Nicholson]

= Optimization of dynamic systems is hard.
= |n OR, think “multi-stage” problems

" |n “engineered systems”, think differential equations

= High fidelity simulation is difficult and expensive (e.g., HPC)

= How to optimize?
— Simulation-based optimization (single shooting)
— Multiple shooting methods
— Discretization (collocation methods)

= Common theme: significant effort to rework formulation
— Time: first ¥6 months of a grad student’s research
— Error prone: many ways to make subtle mistakes
— Inflexible: formulation specific to selected solution approach

0:’-?
&4
®é
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Dynamic systems through EMP ) o

= Model dynamical systems in a natural form

= Systems of Differential Algebraic Equations (DAE)

= Extend the Pyomo component model
= ContinuousSet: Avirtual set over which you can take a derivative
= DerivativeVar: The derivative of a Var with respect to a ContinuousSet

r “
/ : \ > Integration
min ¥ (x(t), y(t), u(t)) L J
% X(t) = f(x(t), y(t),u(t),t, p) ; Single |
- 0=g(x(t), y(t),u(t),t, p) _ Shooting
L] n ™\ -
< X(t) €N Domain N Multiple
QO y(t) e R" splitting | |  Shooting |
K U(t) €N / Discretization —> NLP
+CCR ) J




Optimal control L

*= Find the nominal control profiles such that the batch can be
‘saved’ given a partial cooling system failure at any point
during the batch timel?

2
ON e

—_—

Toc

Tw,j (t) — Tw,c(t) t < tfail

Vi

(PwCo, V1) Twj = @w,js4j v (Twj =Tr) > tran
r,

“CCR [2] Abel and Marquardt, AIChE Journal (2000)
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Optimal control h)

Nonanticipativity Time >
Constraints H
Nominal ||
L = 4 @
tai1 = 3 ||
Lol = 2 |l|
tai = 1

0:’-?
'
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n-Stage SP as a 2-stage problem ) .

“First Stage”

Nominal Scenario

“Recourse Decisions”

>_ Failure
/ scenarios
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Optimal control: t;;, =3 h

16 A

14

12 4

10 4

Feed Fa (kmol/h)
[a:x]

Concentration (kmol/m~™3)

1041 — ca 7

— Cb
— Cc

340 ~

330 ~

320 ~

"
4

e ——

Coil Temp.
Jacket Temp.
Reactor Temp.

Time (h) 310 -

(=]

rJ

-+

an

Lex]
Temperature (K)

300 ~

290 ~

“CCR
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Optimal control implementation

= 15 hours (including debugging)

= 300 lines of code
B (60%)Deterministic dynamic model specification

B (2%) Discretization
(18%) Stochastic problem formulation

(20%) Result plotting

From pyosa_environ impart *
from pyoma.dae inpart =

det generate_semibatch nodel{tstepfail):

aaan

Py

EREEEEE™

-

R = Paran(initializess.

PEEREEAFAFAFEEEEEEEEEEEEN

= CancreteModel ()

Paraneters for seni.batch reactar madel
k1 = Paraniinitializes1s a1) & 1fs
12 = Paran|initializesS5.01) # 1fs
£1 = Paran{initializes:9900.9) # kifmol
E2 = Parniinitializesi2559.5) & kl/imol
VBT

s = Paramiinitislizecsa 6) &
rhor = Paren(initialize-1000.0) # Iegm"z
r = Paranjinitialie3.9) ¥ kifkgAc

T¢ = Param{initialires355) % K

.deltaH] = Param{initializes.40000.0) # W/kmol
.deltaHz = Param(initializes.50009.9) # Wi/skmol
alghaj = Farant initializes3.5) &

Lalphac = Paran|initializesd.

]
3 # KMEm2K
4] = Param{initializess 6) & M2

Ac = Paran{initializes3.0) # w2

§ = Paraniinitislizes a) # w3

e = Paramiinitializesd &7) ¥ n*3

Fiow = Paroni initialize720.0) # kg/m3
o = Paramiinitializes3.1) ® Ik

-Caf = Paraniinitializes3.d) # bmol/m"3)
.00 = Paraniinitializes3.0) # kmol/m"3)

€8 = Paraa{initisliress 8) ¥ inolim3)

-Trd = Paraniinitislires303.0) # K
Wrd = Paraniinitializesl.d) # m"2

Cooling fachet failure paramsters

-all_fail tine: = Set(initislizes|7160%i for i in range(s,11)])

alphaj_fail = Paren{initializesd 3) & Kifs/m 2K
tine fail = Paramiinitialire=2160.0%tsteptail) # 5

dependent variables

ritial. timee o 1ZIEA.8 ¥ 4 far 4 in rangel, Z1) If 2165 ¥ 4 < 21650 + velue(n. tine fail)]

time = ContimuousSet (boundsedd, 7 n_tine fail), initislizeinitial times) # Tine in seconds
€3 = Var(n_tine, initislize-n.Cd, bownds=(d, 15))
3 = Var(n_tine, initializes Coa,

a,15))

-Cc = Var(n.tine, initializewn.Ccd, bowndse{d,15)]

¥r = var(n.tine, initislize-svre)

Tr = Var(n.tine, initializesn.Tra)
Tad = Var(n.tine, initislire=30

. Bounds=( 228, 453))
T€ & Var(n_tine, initializes31a 6, boundse(255,437)) % Cooling coil temp, control input

e e e o8 e | Te O] s e e L e s R
e

Fa = var(n.tine, initislizess s, boundest # Inlet flou rate, control ings
T, BT S BT b o (T T B e 20 )

Darivatives in the nodel
dta = Derivativevar(n.Ca)

.dh = Derivativevar(n. o)

e = Darivativevarin.cc)
-V = Derivativevar (m.¥r)

T = Darivativeiiar(n. Tr)

T} = Derivativevarin. i3 # Only used after jackst failure
deunFa = DerivativeVarin.csFa)

Extra conponents sa that PySF can be used to enforce the na
-Tc_nonant = Var{m.all fail tines, initialize-313.9, boundsel
£ nonant = Var(n_all fail tines, initislizess.s, boundea(s,s 6511

mticipativity constraints
2))
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T T

CO DG
Baft =

e T skip
return m.dCa[t] == n.Falt]/m.Vr[t] - n.kl%exp{-n.ELf{n. R Tri£]}) n.Calt]
n.dCacan = Constraint(n.tine, rules dtacon)

#  return ComstraintSkin
return n_otb[t] == n_K17exp(-n_El/in RTrit])) m.caft] -« \
k2%exp -m.E2/ {n.A*n. Trit]) ) m.Colt]
n_dCheon = Constraint(m.rine, rules ocboan)

dat

anm. )
Baft =
£ return Comstraint Skip
return m.dCc[t] == n.kI%exp|-m.E2/{n. n-u Trit]))m.coft]
n.dicoan = Constraint(n.tine, rules docoo

ot £)
T

#  return Comstraint Skip
return n_avrit] == n_Falt]m.Ma/m_rmar
n.dircon = Constraint(m.tine, rule= dircon)

raturn Canstraint Skip

retum m.rhorn. orn.dir(t] =\
n.Falt]*n.Mea*m.cpr/m. Ve[t ]*(n. TEa.Tr(t]) - 4
n_kl*exo -n.EL/in.Kon. Trit]))n. Cal 1. debtat] -
nk2tenp( -m.E2/(n.R*m. Tr(t])) "n.Colt] n.deltaH2 + 3
n.akgha)*n. Al/.VrE*m. TIEE L. TrLED) +

alphac n_Ac/mvre* (. Te{t].n.Trir])
n.dircon = Constratat(n. tine, rule= dircon)

det _singlecoolingim, t)
# apoly this constraint at time_fail to set initial condition for T diff eg
e L s ST

nTclt] == nTjlt]
stz
return Constraint.Skis
n.zinglecaaling = Comctraint(n.tine, rulee singlecsaling)

dat _sTenpcanin, .
aoToat ). Tt 1) (m. rhorem. corem.vrt] +
L rhoum_cputm Vi ve)) =
(] {{-n-deltaHl-n.deltabiz) *n_Calt] + {-n.deltabz)n.olt])
n_adTenpron = Constraintin tine, rulss sdTempron)

dof _cTjcontm, t)
it value(n.tine fail) == @ or t <= valusin.tine fail):
return Constraint. Skin
E™
. coun. ¥ LT E] ==
n_alpnaj_failom.sj*m.vrit)/m.vre"(n mu n-ariel)
n.dTjcon = Constraint(n.tine. rules dTjco

dat

anFaconin, t)

f t == n_tine.firsti)
return Constraint.Skip

return n.donFalt] e o

Faft]
n.dounFacon = Constraint{n.tine, rulee dowsFacon)

# Bound on cummulatve Fa
n.cnfalinit = Constraint{expren. cunfain. time. Last()] == 28)

# Bound on final €a

n.Cafinal = Constraint{expren.ca(n.tine. Last()] <=

# Initial Conditions
def _initconin):
yield n.caln.tine.first{)] = n.Csd
yield m_cofn tine first{)] = n.co8
i irstl)] = m.Cod
yield n¥rin.tine first{)] = n.Vrd
yield n_Trin tine firse()] = n.Tr8
yield n_cnFaln. tine. first()] = o
n.initcon = ConstraintListirules initcon)

# elgnr constraints for enfarcing nnticlsativity constraiats
et cznin, £)

walue(n_tine fail) == @ or t<s value(n time fail)

returm n.Tc_monant(t] = n.Tclt]

raturn Congtraint Skin

m.Tc_nonantcon = Constraint(n all_fail _times, rules Tc manantcon)

def Fa nonantcanin, t):
uein_tine fail) == @ or t <a value(n.time_fail)
return n.Fa_nonant{t] == n.Falt]
return Constraint.Skip
n.Fa_nanantren = Constraintin.all_fail times, rules Fa nonantcon)

# Stage.specific cost conputations
et ComputeFiritstagetost_rule(modsl)

return &
n.FirstStagetast = Expression| rule-ConputeFirstStageCostrule)
dat ComputeSecarciStagetast._rule{nodel)

return -n.Coln. tine. Last{] |
n.Secondstagetost = Expression| rulesConputeseconastagetast_rule)

e total_cos ol )
return nodel_Firststagecost + modsl Secandst
n_Tatal_Cost_Objective = Objective| rulestatal_cast SR ey

# Discretize modkl. Mumber of finite Slements depends on the Cooling failure time
wnte = n_time Last{)/7159. 8

disc = TransformationFactory( dos.c
disc.apply tofm, mfesmte, mcpet)
disc_reduce_collocation paintsim, varen fa, ncpal, contseten. time)
disc.reduce_collocation pointsin, varn.Tc, ncpel. contseten.time)
return n

Location' )

p—
TOOTE O

fron pyoma.environ dnpart *

fron pyono.pysg. scenariotres. manager impart \
ScenarioTresManagerClientSerial

o pyano_pysa_ef impart creste_ef instance

thisdir = os.patn.dirname(as. patn.aosgacni_file )
options = ScenaricTresManagertlientSerial. register_options()

aptions.model_location = os.path. join(thisdir, “semibatc

NN

nanager = ScenaricTresHanagertlientSerial {cptions)
nanager . initaalizeq)

of inctance = creats_of nm-me.muger soanaris tres, werboss cutput
tanc

Scenaris
scenarioe = 19

dat pyso_scenaria_tres model_callsacki):
from pyona.pysp. scenariatres. tren structura nodel |
inpart CreatefancreteTunStageScenariaTreattodsl

st modsl. = CrasteCancratsTusStagescenariaTrosodel {scenarios)

#irst_stage = st model Stages. first()
second stage = £t nodol Stages.Last()

# First Stage
st modol StageCost|First stage] = 'FirstStagetort

st_nodel_stagevarianles|first_stage] asd(*Fa nonant
st_model._StageVariatles! first_stage] .add(*Tc_nanant

 Second stage

St St gecostl seco_stape] = ‘SecondtageCast

return st_model

pysp_instance creation callback{scenario name, node names):
falltimestep = int(scenario name_replace( Scenario’, "))
instance = generate_senibatch model{ failtinesten:1)

raturn inctance

salver. salvejef_inctance, teesTrus)

nom = ef_instance Scenariol
n = ef_inctance Scenariof

nontine = [1/3600.8 for 1 in mon. tine]
tine = 1735999 for i in n.tine]

import natplotlib_pyplot as plt

plt_subplat{313)

plt.plotinontine, [value(non_Calt]) for t in non.time],'--*,coloregreyl)
pLt.plotinoatine, [value(non Co(t]) for t in nom.time],"--°,colorsgreyz)
pLt.plotinoatine, [value(non.cclt]) for t in non.time]. .., coloregrey3)
plt-plotiting, [valuein.Calt]) for t in m.time],Label='Ca’,coloregrayl)
plt.plotitine, [valueinCo[t]) for t in m.time],labele"cn’,coloregreyz)
pLt.plotitine, [valuein.Cclt]) for t in m.time],Labela'cc’,colorsgrey3)

plt_Lagend{Locs"bext
ple_xlabel | I
ple_ylabel(Concentration (kmal/m-3)°)
plt.xlin{xmined)
ple.ylin{yminea)]

plt.saubplot{311)

plt_platitine]1:].[valuein Falt])=3593 for t in m_time]i1:].colorgrey2)
slt_platinantine|1: ). [valueinon. Falt])*3539 far t dn non.time]{1:]."-- ", color=grey2)
ple. LegendiLocs est ")
plt.ylabel {*Feed Fa {imol
plt xlin{minad)
ple.ylin{ymins)

m)

plt.sabplot(312)

plt-plotinentine] 1: . [valusinon. Telt]] for € dn non.time](1:]." - coloregreyl)
pltplat(nantine]1: ] [valueinon.Tj[t]) for t in nun.tine]il:]."--*,color=grey2)

pLt.plat{nantine, [value(non.Trit]) for t in non.tine], -, coloregrey3)

plt_plot{tinel1:]. [valuein Tclt]) for t in m time](1:] Labels _caloragrey1)
plt_plot{tinel1: ], [valuein Ti[]) for & in m_time]{1:] Labela"Jacket Tems.',colar-greyZ)
ple.plot{rine, [value(n.Trit]) for t in m.vine], Ladele Resctor . colarsgrey3) N

-xLin{amines)
-shou )



What are we doing now? ) g,

Challenge: Develop and utilize multi-scale, simulation- 4~
based. computational tools and models to support~ S o

the design, analysis, optimization, scale-up, 0 . ® 4 I DAE S

operation and troubleshooting of innovative, L °,
advanced fossil energy systems xﬁ

Next generation modeling and optimization platform
= Current tools insufficient to address demands of integrated systems.

. . . NATIONAL
= Need a more flexible and open modeling environment N
cpens T TECHNOLOGY
Key capabilities L | RsORATORY

= Process Design and Optimization National

= Process Synthesis, Integration, and Intensification Sandia
@ Laboratories

= Process Control and Dynamics

-

= Supports advanced solvers and computer architecture
. . ey Fererrer ]

= Multi-scale modeling capabilities ‘F\H

= Comprehensive, end-to-end uncertainty quantification

= Complete provenance information CarnegieMellon

=  Couple with energy market models
#CCR WestVirginiaUniversity.
:efr:;im(on:puringResearrh " Open Source

Siirola
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IDAES Software Environment rh) o

Laboratories

Machine Learning &

- - — Conceptual Design via Superstructure Multi-Scale
Parameter o Hleﬁrcdhl(lzil'b quel Customization Surrogate
Estimation rocess iodel Library = Modeling &
for Phys_lcal — s et 1103 - | Optimization
PI’Opel'tIeS, Mixer Splitter g Stoichiometric  CSTR
Thermodynamics - =< - — ALAMO
and Kinetics fﬂgiﬁr—. T I ELE B Y B — e b
ALAMO e = I [~ Enna: Pyomo.GDP
* :bm_mmwwl B~ -0 Wi <] Process Design & Optimization o
- - Process Integration -
RIPED)|| =2 2
Steady Dynamic = E:i
. State Model ' ' [
<« PySP \ (
! |
GPU

Dynamics & Control

1005 of ALUS

DRAM

Optimal Control

Algebraic Modeling Language | state Estimation

1005 of ALUS

Parameter ;mu. m(l,de, »
Estimation urrogate model
/ r=— =
Solvers and Computational Platforms Ngﬂsc Dmfj";ic "

Incorporation and Assessment of Uncertainty Across Models/Scales 1;“‘ pvsp

#CCR

Center for Computing Research
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Block-oriented process modeling

Pl K
3 C '
|e .'.' 1
| & @

&

I -

Performance Equations I I
User

s == J

Unit Model
Property Holdup
calculations Block
Holdup Block
Flowsheet Object
Flowsheet Constraints
% I— — U-itModI — — I
’1____|\\ _-—d - d '1___)‘
€ Connector m K Connector ,»
NTTTT D

Property Parameters

Siirola

Sandia
National
Laboratories

IDAES

Constraints

|

o

o)

[Andrew Lee,
John Eslick]
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Extend to Dynamics and Design

= Common block-oriented process library

0:’-?
4
®é
Center for Computing Research

=]

//’
®
| =]
L@
~. ®

S~

-

| IDAES @

Laboratories

Convertible to steady state or dynamic models through user options

Relies on the same core modeling engine

Applicable to multiple analysis domains
~~

’—

~
¥ Y
Steady Dynamic
State Model
I\)f - ;/,
|
- — - -

Dynamic

Model

Optimal Control I

F

State Estimation I

A _

Parameter
Estimation
[—=— 1

L __1

[B. Nicholson, T. Burgard, A. Lee, J. Eslick]

Wrapping process blocks in disjunctions enables the generation and
evaluation of process superstructures

[
>

I

Ll

[Q. Chen, I. Grossmann]
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Summary h) e,

=  Power systems is a rich area for modeling, algorithmic, and application
research (especially for Chemical Engineers!)

= Stochastic unit commitment
= Reliability and resiliency analysts
= Expansion planning
= Process development
= Dynamic modeling and control
= Equation-oriented optimization is undergoing a Renaissance
= New modeling languages and approaches

= “Extended Math Programming” to bridge the gap between solvers and
modelers/application domains

= Lower barrier to entry through Open Source Tools
= Pyomo: www.pyomo.org / https://github.com/Pyomo/pyomo
= |IDAES: www.idaes.org / https://github.com/IDAES

= Initial limited release planned for July, public release in December

0:’-?
4
®é
Center for Computing Research
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http://www.pyomo.org/
https://github.com/Pyomo/pyomo
http://www.idaes.org/
https://github.com/IDAES

Thank you! ) i

= For more information...

= Project homepages
= http://www.pyomo.org
= http://software.sandia.gov/pyomo  wwisrons e

Pyama Is a pythan-basod, The pasicst way o install Proma s Documentation of cone Prama
coen-source optimization madeling  ta use pig. Pyomo alsc needs modeling capabiitios is svalishic

language with a diverse set of @conss to optimization solers. aniine.
oatmization capatlities. Aead more Hear mo

= User mailing lists et
= pyomo-forum@googlegroups.com Gl

Acknowledgments Getting Help Jean-Paul Watson
The Pyomo project would not be The Pyoma Farum Is an online David L. Woodruff
whene it is without the penenaus resource far userns o ask guesto!

contributions of numerous people and get help from ather users.

" Pyomo —
Optimization

“ ” oo _— Modeling
* The Book - S5 inPython

@ 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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