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DOE’s 17 national laboratories tackle
critical scientific challenges



Energy Sciences Center
DEDICATED FALL 2021

FUTURE HOME OF 
Grid Storage Launchpad
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A regional, national, and international 
scientific resource
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Changing nature of grid

• Move towards 100% renewable penetration
• Inverter-based interfaces (Grid forming/grid following inverters)
• Deployment of distributed generation, storage, flexible load technologies
• Increased visibility (PMU, AMI, …)
• Climate change and increase in number of disruptions
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System challenges in clean energy and 
decarbonization 

• System trends 
§ 3.5X projected capacity increase from 

2020
§ Expected retirement of conventional 

generation sources

• System challenges
§ Increased uncertainty
§ Low-inertia systems with IBRs
§ Power electronics heavy 

• Modeling and simulation challenges
§ Large number of scenarios
§ Larger/more complex EMT system model
§ Slow simulation speed

Credit: DOE EERE SETO Solar Futures Study 2021.

US Electricity Generation Projection
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Challenges for analysis tools
• Transmission + distribution
• Handling variability, intermittency, and stochasticity
• Need of faster-scale dynamics (EMT)
• Computational challenges and longer simulation times
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High-performance open power grid analysis tools 
@ PNNL

• Rich history in development of open-source high-performance tools for grid 
analysis

• Close linkage with DOE ASCR scientific computing tools

ExaGO
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second hour daymicrosecond

HIPPO

minute

HELICS

GridPACK SCUC

Economic dispatch

Dynamics

Co-simulation

GlobalArrays

ASCR toolsPNNL tools
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Open-source software @ PNNL

• Distribution system analysis
• Power flow, time-series analysis, 

and dynamics
• Detailed models of end-use loads
• Assess distribution automation 

design, peak load management, 
distribution generation and 
storage, rate structure analysis, 
etc.

• Co-simulation framework to 
integrate simulators

• Developed jointly by several 
national labs

• Transmission-distribution analysis, 
grid-communications system, gas-
electric grid interdependency, 
large-scale DER market 
interactions

https://www.gridlabd.org/ https://helics.org/

https://www.gridlabd.org/
https://helics.org/
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Open-source software @ PNNL

• Accelerate day-ahead SCUC
• High-performance computing
• Advanced algorithms for solving 

mixed-integer problems
• Close collaboration with MISO

• High-performance framework for 
application development

• Interface with state-of-the-art open 
source numerical solvers

• Power flow, state estimation, 
contingency analysis, and 
dynamics

Team 

1 

͍ PNNL 
– Feng Pan 
– Steve Elbert 
– Henry Huang 
– Yuri Makarov 
– Matthew Oster 
– Postdocs/staffs 

͍ GUROBI 
– Ed Rothberg 

͍ GE 
– David Sun 
– Xing Wang 
– Jie Wan 
– But-Chung 

Chiu 

͍ MISO 
– Yonghong 

Chen 
– Fengyu Wang 
– IT Group 

 

Vertically integrated team including RTO, vendor, 
optimization solver, R&D institution 

HIPPO

HIPPO info https://www.gridpack.org/

https://www.ferc.gov/sites/default/files/2020-06/T3-1_Pan_et_al_0.pdf
https://www.gridpack.org/wiki/index.php/Main_Page
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New additions to GridPACK
• High-performance dynamics simulation of wind-heavy systems

Dynamic security assessment for
uncertainty quantification HPC-enabled EMT simulation engine
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Wind integration modeling in GridPACK
• Validated detailed models of wind turbines with complex power electronics
• WECC generic models plus grid forming inverter model
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Type-3 Type-4 A

Type-4 B

Wind plant models

REPCA1

REECA1

REGCA1

REGCB1

REGCC1

GDFORM

REECD1

WECC generic models++
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Wind Integration simulation with GridPACK

• Validation, comparison, and 
analysis



Exascale Grid Optimization (ExaGO) toolkit

• Open-source software tool for large-
scale ACOPF optimization with

§ Renewable integration (uncertainty)
§ Outages (security)
§ Scheduling (time)

• High-performance heterogenous 
(CPU-GPU) computing

• (Exa)scalable algorithms
• Software sustainability/adoption

§ Python API
§ Visual front-end

Uncertainty

Time

Security

21

SCOPLOW parallel solution

•SCOPFLOW with HiOP primal decomposition solver

Weak scaling plot on Summit (ORNL). 
16 nodes each and 95 contingencies.

• Load 
curtailment

• Bus power 
imbalance

• Storage
• Reserves
• Flexible demand
• Piecewise costs
• PSSE input
• Soft constraint 

limits

• PV/PQ switching
• Automatic 

governor control
• Ramp up/down 

signals
• Multi-objective
• Initialization

• Line flow limits
• Voltage limits
• Bus power 

balance
• Quadratic costs Standard 

ACOPF Advanced

FeasibilityFuture

OPFLOW modeling details



Exascale Grid Optimization (ExaGOTM) toolkit
• Large-scale ACOPF-based grid 

optimization
• Planning, reliability, and resiliency 

analysis
• Incorporate stochastic (wind 

forecast, load variations), security 
(contingencies), and multi-period 
(ramping) constraints

• High-performance solvers
• CPU and mixed CPU-GPU

Download: 
https://gitlab.pnnl.gov/exasgd/framewo
rks/exago

https://gitlab.pnnl.gov/exasgd/frameworks/exago
https://gitlab.pnnl.gov/exasgd/frameworks/exago
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ExaGO AC Optimal Power Flow (OPFLOW)

• Implements nonlinear AC optimal power 
flow

• Models: Power-balance-polar, power-
balance-cartesian, GPU-based ones

min f(x)

s.t.

g(x) = 0

h(x)  0

x�  x  x+
<latexit sha1_base64="IRrv0L2Cqk8HwfflqVIRRg7M+u8="></latexit><latexit sha1_base64="IRrv0L2Cqk8HwfflqVIRRg7M+u8="></latexit><latexit sha1_base64="IRrv0L2Cqk8HwfflqVIRRg7M+u8="></latexit><latexit sha1_base64="IRrv0L2Cqk8HwfflqVIRRg7M+u8="></latexit>

• Load 
curtailment

• Bus power 
imbalance

• Storage
• Reserves
• Flexible demand
• Piecewise costs
• PSSE input
• Soft constraint 

limits

• PV/PQ switching
• Automatic 

governor control
• Ramp up/down 

signals
• Multi-objective
• Initialization

• Line flow limits
• Voltage limits
• Bus power 

balance
• Quadratic costs Standard 

ACOPF Advanced

FeasibilityFuture

OPFLOW modeling details

Model
• Power-balance Polar
• Power-balance 

Cartesian
• GPU implementation

Solver
• IPOPT
• HiOP

OPFLOW
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ExaGO multi-period optimal power flow 
(TCOPFLOW)

• For economic dispatch problems 
over a given time horizon

• Multiperiod constraints 
(generator ramping)

Chapter 4

Multi-period optimal power flow
(TCOPFLOW)

**—To be completed—**

4.1 Formulation

The multi-period optimal power flow problem is a series of optimal power flow problems coupled via
temporal constraints. The generator real power deviation (pgjt � pgjt��t) constrained within the ramp
limits form the temporal constraints. An illustration of the temporal constraints is shown in Fig. 4.1
with four time steps. Each time-step t is coupled with its preceding time t � �t, where �t is the
time-step where the objective is to find a least cost dispatch for the given time horizon.

t0 t1 t2 t3

Figure 4.1: Multi-period optimal power flow example with four time-steps. The lines connecting the
di↵erent time-periods denote the coupling between them.

In general form, the equations for multi-period optimal power flow are given by (4.1) – (4.5).
TCOPFLOW solves to minimize the total generation cost

PNt�1
t=0 f(xt) over the time horizon, where

Nt is the number of time-steps. At each time-step, the equality constraints (g(xt)), inequality h(xt), and
the lower/upper limit (x�,x+) constraints need to be satisfied. Equation (4.5) represents the coupling
between the consecutive time-steps. It is a most common form of coupling that limits the deviation of
the real power generation at time t from its preceding time-step t��t to within its ramping capability
�tx.

16

min.
Nt�1X

t=0

ft(xt)

s.t.

gt(xt) = 0, t 2 [0, Nt � 1]

ht(xt)  0, t 2 [0, Nt � 1]

x�  xt  x+, t 2 [0, Nt � 1]

��x  xt � xt��t  �x, t 2 [1, Nt � 1]
<latexit sha1_base64="nyOtBZoYZTaujk0MAcHBLAm3k1k="></latexit><latexit sha1_base64="nyOtBZoYZTaujk0MAcHBLAm3k1k="></latexit><latexit sha1_base64="nyOtBZoYZTaujk0MAcHBLAm3k1k="></latexit><latexit sha1_base64="nyOtBZoYZTaujk0MAcHBLAm3k1k="></latexit>
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ExaGO security-constrained optimal power flow 
(SCOPFLOW)

• Secure operation under 
contingencies

• “ What should be the dispatch such 
that if any of the contingencies do 
occur then the system will be 
secure”

Chapter 5

Security-constrained optimal power
flow (SCOPFLOW)

SCOPFLOW solves a contingency-constrained optimal power flow problem. The problem is set up as
a two-stage optimization problem where the first-stage (base-case) represents the normal operation of
the grid and the second-stage comprises of Nc contingency scenarios. Each contingency scenario can
be single or multi-period.

5.1 Formulation

5.1.1 Single-period

The contingency-constrained optimal power flow (popularly termed as security-constrained optimal
power flow (SCOPF) in power system parlance) attempts to find a least cost dispatch for the base case
(or no contingency) while ensuring that if any of contingencies do occur then the system will be secure.
This is illustrated in Fig. 5.1 for a SCOPF with a base-case c0 and three contingencies.

c0

c1

c2

c3

Figure 5.1: Contingency constrained optimal power flow example with three contingencies. c0 repre-
sents the base case (or no contingency case). c1, c2, c3 are the three contingency cases. Each of the
contingency states is coupled with the base-case through ramping constraints (denoted by red lines)

In general form, the equations for contingency-constrained optimal power flow are given by (5.1)
– (5.5). This is a two-stage stochastic optimization problem where the first stage is the base case c0
and each of the contingency states ci, i 2 [1, Nc � 1] are second-stage subproblems. SCOPF aims to
minimize the objective for the base case f(x0), while adhering to the equality (g(xc)), inequality h(xc),
and the lower/upper bound (x�,x+) constraints. Equation (5.5) represents the coupling between the
base-case and each of the contingency states ci. Equation (5.5) is the most typical form of coupling
that limits the deviation of the contingency variables xc from the base x0 to within �cx. An example

19

min.
Nc�1X

c=0

fc(xc)

s.t.

gc(xc) = 0, c 2 [0, Nc � 1]

hc(xc)  0, c 2 [0, Nc � 1]

x�  xc  x+, c 2 [0, Nc � 1]

��x  xc � x0  �x, c 2 [1, Nc � 1]
<latexit sha1_base64="PUJ2gD7n2rUlNK4BgM0r4XWPS+c="></latexit><latexit sha1_base64="PUJ2gD7n2rUlNK4BgM0r4XWPS+c="></latexit><latexit sha1_base64="PUJ2gD7n2rUlNK4BgM0r4XWPS+c="></latexit><latexit sha1_base64="PUJ2gD7n2rUlNK4BgM0r4XWPS+c="></latexit>
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ExaGO Stochastic Security-Constrained Optimal 
Power Flow (SOPFLOW)

• Secure operation under contingencies 
and wind forecasts

• “ What should be the dispatch such 
that if any of the contingencies in any 
of the wind forecast scenarios do occur 
then the system will be secure”

6

xc,0 from the base-case x0,0. The bound �cx could
represent here, for example, the allowable reserve for
each generator. All the modeling details of TCOPFLOW
IV can be used for this multi-period setup. The multi-
period SCOPFLOW currently supports solution using
Ipopt only. It can also do an embarrasingly parallel
solution where the contingency coupling constraints are
relaxed and each multi-period problem is distributed and
solved independently on a rank.

VI. SOPFLOW: SINGLE/MULTIPERIOD
NO/MULTI-CONTINGENCY STOCHASTIC ACOPF

SOPFLOW solves a stochastic optimal power flow
problem where the stochasticity is described through
scenarios of wind and/or load forecast deviations. The
problem is set up as a two-stage optimization problem
where the first-stage (base-case) represents the normal
operation of the grid (or the most likely forecast) and
the second-stage comprises Ns scenarios of forecast
deviation. Each scenario can have multiple contingen-
cies and each contingency can be multi-period. Like
SCOPFLOW , SOPFLOW also operates in either a
preventive or corrective mode of generation redispatch.

In the next subsections, we describe the different
variations of SOPFLOW .

A. Single period, no contingencies

This problem has a structure as illustrated in Fig. 12.

s0

s1

s2

s3

Fig. 12. Stochastic optimal power flow example with three four. s0
represents the base case (or the scenario with the highest probability).
s1, s2, s3 are the other three scenario forecasts. Each of the scenarios
is coupled with the base-case scenario through ramping constraints
(denoted by red lines)

The formulation for the single period stochastic op-
timal power flow is given in 29–33. This formulation
is similar to single-period SCOPFLOW. The difference
is SOPFLOW objective is weighted by ⇡s for each
scenario.

min
X

s2S
⇡sf(xs) (29)

s.t.
g(xs) = 0, (30)
h(xs)  0, (31)

x�  xs  x+, (32)
��sx  xs � x0  �sx, s 6= 0 (33)

here, S is the set of scenarios with the base-scenario
denoted by subscript 0. While there is no real notion of
a ”base” scenario, our current implementation assumes it
as the scenario with the most weight or probability. The
coupling constraints between the base-case and scenario
subproblem are ramping constraints for the generators.

The single period, no contingency SOPFLOW can be
solved on a single processor (serial) with Ipopt , in
parallel using HiOp primal decomposition approach,
or in an embarassingingly parallel way with the EMPAR
solver.

B. Single period, multiple contingencies

The aim of the single period, contingency-constrained
stochastic OPF is to optimize the grid dispatch to ensure
the grid is secure for all the wind forecast deviations
and for all the contingencies considered therein. There
are two variations of this problem implemented in
ExaGO differing in how the contingency-scenario pairs
are set up.

1) Full stochastic contingency-constrained structure:

(34)-(39) describes the formulation for the full stochastic
contingency-constrained OPF formulation and its struc-
ture is illustrated in Figure 13 with a two scenarios- two
contingency example..

s0

s0c1

s0c2

s1

s0c1

s0c2

Fig. 13. Full stochastic contingency-constrained optimal power flow
structure

s0 and s1 represent the base case for the two sce-
narios with two contingencies c1 and c2. Each of the

22nd Power Systems Computation Conference

PSCC 2022

Porto, Portugal — June 27 – July 1, 2022

min
X

s2S

⇡s

X

c2C

fsc(xs,c)

s.t.

gsc(xs,c) = 0,

hsc(xs,c)  0,

x�  xs,c  x+,

��xs  xs,0 � x0,0  �xs

��xc  xs,c � x0,0  �xc
<latexit sha1_base64="8qxffalcfgZlDMq1CxJ1LGNhaOM="></latexit><latexit sha1_base64="8qxffalcfgZlDMq1CxJ1LGNhaOM="></latexit><latexit sha1_base64="8qxffalcfgZlDMq1CxJ1LGNhaOM="></latexit><latexit sha1_base64="8qxffalcfgZlDMq1CxJ1LGNhaOM="></latexit>

These four tasks were then split into di↵erent stories targeting specific development activities. The work done
under these stories was towards meeting the three milestones set for this year. The two mileposts provide
quantifiable measures for the success of the milestones. The end goal for this year was to run challenge
problem 3 (stochastic security-constrained optimal power flow) on Summit and Spock to achieve greater than
10 PFLOPS performance.

The detailed work including the scope, approach, and the results are presented in the following subsections.
We first present the results for the two mileposts, pertaining to the domain thrust, followed by discussion on
the three milestones. A brief overview of the work done in each of the epics and stories is given next. Finally,
we list the products/outreach items accomplished this year.

3.1 MILEPOSTS

3.1.1 Milepost 3

Run Formulation 3 using full ExaSGD software stack with HiOp MPI engine and ExaGO modeling framework
on Summit. Use 10,000-20,000 bus grid model with 5+ scenarios, 2000-10000 contingencies. All computations
inside optimization loops run on GPU. Target 10 PFLOP performance

For this milepost, we executed the ExaSGD software stack on Summit for the challenge 3 problem. The
synthetic Texas 2000-bus grid was used with 10 wind generation scenarios each with 1000 contingencies.
ExaGO’s SOPFLOW application was used together with HiOp’s primal decomposition solver. All the
computations (domain model and optimization kernels) for the second-stage subproblems run on the GPU.
The strong scaling of this problem up to 1920 nodes is shown in figure 1. It took about 15 minutes for the
optimization to converge in two iterations.

Figure 1: Challenge problem 3 strong scaling on Summit for the synthetic

Texas-2000 bus grid with 1000 contingencies and 10 scenarios

3.1.2 Milepost 4

Run Formulation 3 using full ExaSGD software stack on Tulip. Use 1,000-2,000 bus grid model with 5+
scenarios and 200-1,000 contingencies. All computations inside optimization loops run on AMD GPUs

For this milepost, we used Spock, instead of Tulip, for our runs. Spock uses AMD GPUs and it has a
maximum allocation limit of 4 nodes up to 3 hours. Hence, the challenge 3 problem was scaled accordingly to

Exascale Computing Project (ECP) 3 ADSE22-213

Largest run on Summit with 10 
scenarios and 1000 
contingencies on TAMU 2k case 
on 1920 ranks.
Credits: Jingyi Wang (LLNL)



Landscape of Solution Methods
Online optimization Differential equations Supervised Learning

• Requires prior knowledge • Requires prior knowledge • Requires large labeled 
datasets

Reinforcement Learning

• Requires environment 
model to sample

More domain 
knowledge

Less domain 
knowledge
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Data-driven Modeling

More domain 
knowledge

Mod
els

𝑑𝑥
𝑑𝑡 = 𝛼𝑥 − 𝛽𝑥𝑦
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Black Box

d𝑿
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• neural differential equations
• state space models

• networked neural ODEs
• graph neural networks • physics priors

• physics-based
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Landscape of Solution Tools 
Online optimization Differential Equations Supervised Learning Reinforcement Learning

More domain 
knowledge

Less domain 
knowledge



Landscape of Solution Tools 
Online optimization Differential Equations Supervised Learning Reinforcement Learning

What comes next? … Differentiable programming (DP): a unifying approach for data-
driven modeling and optimization of complex systems based on automatic differentiation (AD)
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NeuroMANCER
Open-source scientific machine learning (SciML) 
toolbox in PyTorch for integrating deep learning, 
constrained optimization, and physics-based modeling
• Differentiable constrained optimization

§ Parametric nonlinear programs (pNLP)
• Constrained machine learning 

§ Classical deep learning (RNN, MLP, ResNet) 
§ Graph neural nets (GNNs)

• Physics-informed modeling of dynamic systems
§ Neural state space models (NSSM)
§ Neural ordinary differential equations (NODE)

• Constrained control of dynamic systems
§ Differentiable predictive control (DPC) 

https://github.com/pnnl/neurom
ancer

https://github.com/pnnl/neuromancer
https://github.com/pnnl/neuromancer


Dynamics-Aware Economic Redispatch via 
Differentiable Predictive Control

Results
• 5 orders of magnitude speed-up
• Near optimal performanceEthan King, Ján Drgoňa, Aaron Tuor, Shrirang Abhyankar, Craig Bakker, Arnab 

Bhattacharya, Draguna Vrabie, Koopman-based Differentiable Predictive Control for 
the Dynamics-Aware Economic Dispatch Problem, 2022 American Control Conference 

Problem: Current redispatch processes do not incorporate 
system dynamics concerns. Incorporating dynamics in 
redispatch is too complex and/or time-consuming
Solution: Machine-learning based dynamics-aware 
redispatch. Learn system dynamics for faster assessment.

Architectures
• Koopman dynamics model
• CNN control policy

24
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PNNL open-source tools for grid modeling, 
simulation, and learning

• GridLab-D 
§ https://github.com/gridlab-d/gridlab-d

• HELICS (co-developed with other national labs)
§ https://github.com/GMLC-TDC/HELICS

• GridPACK
§ https://github.com/GridOPTICS/GridPACK

• ExaGO
§ https://gitlab.pnnl.gov/exasgd/frameworks/exago

• NeuroMancer
§ https://github.com/pnnl/neuromancer

https://github.com/gridlab-d/gridlab-d
https://github.com/GMLC-TDC/HELICS
https://github.com/GridOPTICS/GridPACK
https://gitlab.pnnl.gov/exasgd/frameworks/exago
https://github.com/pnnl/neuromancer


Thank you
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Future outlook and needs for grid analysis tools
• Deeper penetration of IBRs will require larger emphasis on EMT analysis
• Handling increased variability with large-scale renewable deployment –

deterministic to stochastic 
• Additional considerations for reliability and resiliency analysis
• Computer architecture keeps on changing – CPUs, GPUs, Quantum 

computers, …
• AI/machine learning tools will be a key!


