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w = constant

l Since A Hurwitz, define
uw |#=Az+Bu+Byw| G,2 -CA™'B+D
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z=Cx+ Du+ Dyw Gwé—CA_le—i—Dw

Equilibrium Optimization (EqOpt)

IniI_liIg{liZG fo(@) + go(2) (steady-state objective)
ue

subject to  zZ = Gyt + Guw (steady-state physics)
0=H.z+ H,u+ H,w (design constraints)

@ fo:U —Ris C!, strong. convex @ Signals z and H.z + Hyu + Hyw
@ go: Z— R C', convex measurable

@ strictly feasible, etc. etc. @ H.G., + H, full row rank
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A three-step recipe has become popular for attacking such problems. J

© Select your favourite algorithm to solve (EqOpt), e.g.,

Ti = —1u + Projy, (TL —a(Vifo(u) + GIVgMZ))) , T,a>0
z = Guﬁ + wa

Y

@ Obtain controller by “Steady-State Equivalence”: z(t) ~

rii = —u+ Projy, (u— a(Vfo(u) + GIVgo(2)) )
© Analyze closed-loop to obtain a stability certificate of form
8

T>T Function of plant, costs, etc.)
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Assessment of “Optimization Algorithm” Viewpoint

Positives:

(i) Only required model info. is DC gain G, and w unmeasured.
(i) Unambiguously proven effective in certain applications
(iii) Accessible, conceptually clear, bridges to other communities
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Assessment of “Optimization Algorithm” Viewpoint

Positives:

(i) Only required model info. is DC gain G, and w unmeasured.
(i) Unambiguously proven effective in certain applications
(iii) Accessible, conceptually clear, bridges to other communities

Negatives:

(i) Forces time-scale separation (poor performance)
(ii) Forces control architecture (how to systematically modify?)
(iii) Disconnected from established control frameworks (regulation)

Today: | discuss (1) an alternative paradigm Optimal Steady-State
Control, and (2) an Estimator-Enhanced FBO which removes
time-scale separation.
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Optimal Steady-State Control
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Theory of Tracking and Regulation for LTI Systems
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Theory of Tracking and Regulation for LTI Systems

Jw
—:?—' Servo

LTI Plant >

\

Stabilizer

\

y

Our goal: incorporate optimality and constraints. J
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Optimal Steady-State Control
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@ Optimality model encodes KKT-like conditions

@ Integral control forces KKT-like error e to zero
@ Stabilizer ... well, stabilizes ...and tuned for performance
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Optimality Models for OSS Control

An optimality model dynamically filters measurements to produce a proxy
error e quantifying the KKT violation
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Optimality Models for OSS Control

An optimality model dynamically filters measurements to produce a proxy
error e quantifying the KKT violation

|w

— Plant SN Optimality Model N
1 = OM state

[

Y Y

Opt. Model Requirement: if the plant and optimality model
are both in equilibrium and e = 0, then (z,u) = (z*, u*). J

Interpretation: The loop incorporates a model of the distance to
the optimal solution set of (EqOpt)
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Examples of Optimality Models
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Examples of Optimality Models
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Examples of Optimality Models

minimize fo(@) + go(Z2)
subject to z = Guu + Gw
0=H.z+ Hyu+ Hyw

Optimality Models ~ KKT conditions driven by measurements. )

L
I V‘ wy
Optimality | ¢ | Integral | 7
F;\AI(T)TeII B ncetira Stabilizer - Plant
. T

Optimality Model #1

@ Dualize engineering constraint
= H,z+ Hyu+ Hy,w
e =Vfo(u) + GLVgo(z)
+ (H.Gy+ Hy)

Optimality Model #2

@ Parameterize intersection of

equality constraints in (z,u):

) _ alE G
range Tu = nu Hz Hu

) H.z+ Hyu + Hyw

{61} _ {TJVfo(U) + TZTVQO(Z)] .
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From OSS Control to Regulator Problem

Optimality model reduces OSS control to regulator/servomechanism problem
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Optimality model reduces OSS control to regulator/servomechanism problem

1
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T T

e Optimality Model: creates appropriate error signal e
@ Integrator: Forces e = 0 in equilibrium

o Stabilizer: Stabilizes the cascade Plant — Opt. Model — Integrator

“Theorem”  Loop Stable = (u(t), 2(t)) — (u*, 2*) )
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Sanity Check: Existence of Stabilizer for Quadratic Obj.
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Y

e Convex quadratic objective [2]T Q[Z] + cT [Z]

Plant—OM—Integrator cascade is stabilizable/detectable <—
(i) plant stabilizable/detectable;

(ii) optimization problem has a unique solution;

(iii) constraint matrix H,G,, + H,, full row rank;

)

(iv) some full rank conditions on optimality model.
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Low-Gain Stabilizer Designs

Problem: Quadratic objectives are very restrictive, and do not
permit, e.g., log barrier functions, quadratic penalty functions.
Optimality model introduces nonlinearity.
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Low-Gain Stabilizer Designs

Problem: Quadratic objectives are very restrictive, and do not
permit, e.g., log barrier functions, quadratic penalty functions.
Optimality model introduces nonlinearity.

Low-Gain Stabilizers for Linear-Convex Optimal Steady-State Control

John W. Simpson-Porco

@ Several constructive stabilizer designs given
@ Provides streamlined treatment of optimality models
@ Based on stability results from JWSP TAC 2020
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Academic Example: 30 states, 7 inputs, 5 outputs

o Objectives: (21, z2) step tracking, min. control, constraints
minimize [Z::l 1ai + 'yB(ﬂk)] +cP(2)
subject to zZ = G,u+ Guw
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B(ux) = log barrier fen.
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o Objectives: (21, z2) step tracking, min. control, constraints

A mo1.2 T z
minimize [Zkzl Uk + 'YB(U’“)] +cP(z) B(ux) = log barrier fen.
subject to Z = Guu+ Guw P(zs, Z4, Z5) = penalty fcn.

0=z —74, iE{LQ}

Inversion Stabilizer 7 = 2

Plant Output

0 10 20 30 40 50 60 70

Time (s)
&
oL T M
-1 L L L L L L |
0 10 20 30 40 50 60 70
Time (s)

13/37



Academic Example: 30 states, 7 inputs, 5 outputs

o Objectives: (21, z2) step tracking, min. control, constraints
minimize [Zm lﬂi—k’yB(ﬂk)} +cP(z)

subject to zZ = G,u+ Guw
OIZi—Ti, i€{1,2}

B(ur) = log barrier fcn.

P(zs, z4, 25) = penalty fcn.

Optimal/Robust Stabilizer

Plant Output
Plant Output

0 10 20 30 40 50 60 70

Control Signal

Control Signal

0 10 20 30 40 50 60 70 0 10 20 30 40 50 60 70
Time (s) Time (s)
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Designing for Performance in the OSS Control Framework

A Generalized Plant Perspective on
Linear-Convex Feedback Optimization

Fabian Jakob, Andrea lannelli

Ab. Feedback is a control approach
for driving a dynamical system to the solution of an
optimization problem by interconnecting the plant with
an algorithm. Existing stability guarantees typically rely
on timescale separation, enforced by conservative gain
bounds that limit transient performance and require a pre-
stabilized plant. This paper revisits the robust control per-
spective on feedback optimization. We formulate the plant-
optimizer interconnection as a generalized plant, where
the cost gradients are characterized by Zames—Falb Ime-
gral Quadratic Constraints. C
bounds are recovered as a special case of static multlpllers
with dy s yielding y tighter sta-
bility margins. The formulation also enables 1QC based syn-
thesis of dynamic output feedback controllers that jointly
stabilize the plant and op transient per with
possible model uncertainty absorbed into an uncertainty r
channel. For the fr K(s)
to dynamic controllers that generalize projected gradient Contraller sction
flows. Numerical examples illustrate the benefits and flexi- ;
bility of the proposed approach.

Index Terms— Feedback optimization, integral quadratic  Fig- 1: Feedback optimization of LTI plants driven by struc-
constraints, robust control design. tured dynamic algorithms.

Dynamic Optimization Algorithm
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Estimator-Enhanced Feedback-Based
Optimization
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“But | really really like my algorithm . ..

Recall: Three-step FBO paradigm

(i) Algorithm: TU = —1u + Projy, (u — a®(u, z))
(i) Steady-State Equivalence: 74 = —u + Proj;, (u — a®(u, 2))
(iii) Analysis: C.L.S. Stable for 7 > 7*
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Recall: Three-step FBO paradigm

(i) Algorithm: TU = —1u + Projy, (u — a®(u, z))
(i) Steady-State Equivalence: 74 = —u + Proj;, (u — a®(u, 2))
(iii) Analysis: C.L.S. Stable for 7 > 7*

The restriction in (iii) fundamentally arises
from Step (ii). J

Idea: Instead insert estimate Z of z

Z = Gyu + G, w = Estimate of w

16 /37



Estimator-Enhanced FBO

o Disturbance model w = 0, full-order Luenberger estimator

a;:_ABwjszBjLLl(A_)
@) Lo o] @ T o] T Ly VT 7
2= C%+ Du+ Dyt

e Feasible iff G, = —CA~!'B,, + D,, has full column rank
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Estimator-Enhanced FBO

o Disturbance model w = 0, full-order Luenberger estimator

a;:_ABwanLBjLLl(A_)
@) Lo o] @ T o] T Ly VT 7
2= C%+ Du+ Dyt

e Feasible iff G, = —CA~!'B,, + D,, has full column rank

(i) Algorithm: TU
(ii

)
(iii) Steady-State Estimate:
)

—u + Proj;, (u — a®(u, z))
Disturbance Estimator: = DistEst(u, z)
= Guu + Guw
—u + Projy (u — a®(u, 2))

">

(iv) Certainty Equivalence: 74
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Estimator-Enhanced FBO

o Disturbance model w = 0, full-order Luenberger estimator

3= ]

o e[t -

2=C%+ Du+ Dyw

e Feasible iff G, = —CA~!'B,, + D,, has full column rank

(i) Algorithm:

(i) Disturbance Estimator:
(iii) Steady-State Estimate:
(iv) Certainty Equivalence:

(v) Analysis:

TU = —1u + Projy (u — a®(u, z))
w = DistEst(u, 2)
Z = Guu + G
T4 = —u + Projy, (u — a®(u, 2))
C.L.S. Stable for all 7 > 0

17/37



Application: Fast Frequency Control using IBRs

15

10

IBRs Power Generation [MW]

59.95
59.9
59.85

Frequency |Hz|

59.8

T =50, n=0001

=01, n=0.001

== [BR1 Output
——IBR2 Output
-------- Maximum IBR Power

15

10

20 feee

= [BR1 Output
——IBR2 Output
== Maximum IBR Power

20 40 60

IBRs Power Generation [MW]

= Frequency
-------- Maximum Frequency
-------- Minimum Frequency

= Frequency
........ Maximum Frequency
-------- Minimum Frequency

20 40 60
Time [s]

(a) Stable FBO with large

20 40 60

Time [s]

(b) Unstable FBO with small =
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Application: Fast Frequency Control using IBRs

Frequency |Hz|

15

10

IBRs Power Generation [MW]|

T = 5.0, n = 0.001

7 =0.1, n=0.001

= [BR1 Output

15

10

20 |

= [BR1 Output

IBR Power Generation [MW]

59.95
59.9
59.85
59.8

——IBR2 Output 5 s JBR2 Output
oo Maximum IBR Power || £ | [ Maximum IBR Power
T i I 0
20 40 60 20 40 60
Time [s| Time [s]
60 =
= 59.95 —V
%‘ 59.9
= Frequency 2. 59.85 Frequency
-------- Maximum Frequency ﬂE seeeeees Maximum Frequency
-------- Minimum Frequency 59.8 e Minimum Frequency
20 40 60 0 20 40 60
Time [s] Time [s]

(a) Stable FBO with large 7

(b) EE-FBO based on full model
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Full Talk: Thursday AM “Optimization” 11:40am, Arna 1

Removing Time-Scale Separation in Feedback-Based

Optimization via Estimators

Niloufar Yousefi, John W. Simpson-Porco

Department of Electrical and Computer Engineering

@ Main stability result

@ Extension to partial plant model information
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Power System Applications
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Fast Frequency Control using IBRs

Area 1 controller Central controller

T
|

AP

——= Measurements
<«——= IBR communication
Controller
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Scenario: Compensating for Renewables

@ Uncontrolled wind and solar (= 300 MW) integrated into system

@ Major unexpected decreases in RES across grid (= 125MW total peak)

N 60 —
F; RN Model-based
::: 59.9 _gg Droop control only i
Scg ol —G4
8 5981 Gs b
h L L L L L
0 10 20 30 40 50 60 70 80
Area one 1@&%@0 Area three
100 - 100 —Data-driven 1 -
—Data-driven ——Model-based —Data-driven
——Model-based ——Model-based
50 50

] o

0 20 40 60 80 0 20 40 60 80 0 20 40 60 80
Time(s) Time(s) Time(s)

=]

Disturbance (MW)
wm
<
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Five-Area 68 Bus Test System
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Scenario: 300MW Load Change in NYPS Area

60.005

60

59.995

59.99

59.985

Hz

59.98

59.975

59.97

59.965

59.96
0

Droop control only

80 100 120 140 160
Time(s)
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The Need for Transmission-Distribution Coordination

@ Only very large storage and RES facilities are transmission-connected

@ Most RES/DERs are connected at the distribution level

/-'Jt_ w= Regulator
5 ! - @ Capacitor
G2 7 8 9 G3
Aol | Ly e \
bl NS | N\ \ )
2 6D AN ¢ 3 “._Subsiaon
IBR1 \

900kvar
(controlled)

5 6
\J / SVC

900kvag

4 \(controlled)
®)
e
./
IBR2 1
G0y
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The Need for Transmission-Distribution Coordination

@ Only very large storage and RES facilities are transmission-connected

@ Most RES/DERs are connected at the distribution level

A ¢ w= Regulator

- @ Capacitor

\\
Y Substation

900kvar

sve (controlled)

900kvhe)
\(controlled)

Can we hierarchically coordinate resources in the distribution system to
collectively respond like a fast transmission-connected resource? J
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Feeder Structure

Bus O - e,

MG et
LCy—

LCs...

(i) Respond fast to power change requests by TSO

Multi-Area Hierarchical DN Control: Objectives

set _set
Pi0, %0
LCoy) - LG;
' 4 X, fi(xi) n I\
DERs measurements DERs measurements
set-points pl‘,"':“""_:l’:lf""(‘ set-points Vi ki Piosdi0
Control Area P(i) Control Area i
Bus1 Bus2 BUSS5  virtual
o VDERca;
Bus 04! v
P Virtual
P DERs
Bus 3
s VDERcs;
Monitor i in |
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Multi-Area Hierarchical DN Control: Objectives

(i) Respond fast to power change requests by TSO

(ii) Area-based (e.g., aggregator) control using only local measurements

set _ set
Pi0>9i,0
LCopy - LG;
' 4 X, fi(xi) n I\
DERs measurements DERs measurements
Feeder Structure  set-points pernlee. set-points Veiupio.aio
[ Control Area P(i) Control Area i
Bus1l Bus2 Bus5 ;
B - ! t Virtual
us0 c LCa) N VDERey
2 Bus O£t V'* |
Xxsed LC Ppii).c irtual
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Multi-Area Hierarchical DN Control: Objectives

(i) Respond fast to power change requests by TSO

(ii) Area-based (e.g., aggregator) control using only local measurements
(iii) Maintain voltage and current constraints in DN

set _ set
Pi0>9i,0
LCopy x_b‘}'( ) LG;
v p oy ¢
DERs measurements DERs measurements
Feeder Structure  set-points pernlee. set-points Veiupio.aio
[ Control Area P(i) Control Area i
Bus1l Bus2 BUSS5  virtual
BusO -~ c,~ N VDERcy e
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Multi-Area Hierarchical DN Control: Objectives

(i) Respond fast to power change requests by TSO
(ii) Area-based (e.g., aggregator) control using only local measurements
(iii) Maintain voltage and current constraints in DN

(iv) Grid and DER models kept private to each area controller

set _ set
Pi0>9i,0
LCopy x_b‘}'( ) LG;
v Y t
DERs measurements DERs measurements
Feeder Structure  set-points pernlee. set-points Veiupio.aio
[ Control Area P(i) Control Area i
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Multi-Area Hierarchical DN Control: Objectives

(i) Respond fast to power change requests by TSO

(ii) Area-based (e.g., aggregator) control using only local measurements
(iii) Maintain voltage and current constraints in DN

(iv) Grid and DER models kept private to each area controller

(v) Design must be agnostic to specifics of DERs

set _ set
Pi0>9i,0
LCopy x_b‘}'( ) LG;
v Y t
DERs measurements DERs measurements
Feeder Structure  set-points pernlee. set-points Veiupio.aio
[ Control Area P(i) Control Area i
Bus1l Bus2 BUSS5  virtual
BusO -~ c,~ N VDERcy e
|LCZ Bus 04! V'* o
Xxsed LC Pr irtual
0 1,| LCs ™ |a» DERs
LGy . Bus 3
VDERcaj
LCe.. :
M iin li
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Area (Nonlinear) Controller Design

Farhat et al. A Multi-Area Architecture for Real-Time Feedback-Optimization ..., IEEE TSG, 2024

Control Area i Design:
@ z; = (p;,q;) are DER set-points

@ Child areas C(i) abstracted as
virtual DERs

@ f;;(x;) = control cost of DER j

@ Di0,qi0 = power export to the
Parent Area P(i)

minimize > filas)
JED;

subject to  1pso(xi) = i (Xp(s))
17 qi0(xi) = 4§ (Xp(s))
v, < Vi(xi) <V

ii(x) <1
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Area (Nonlinear) Controller Design

Farhat et al. A Multi-Area Architecture for Real-Time Feedback-Optimization ..., IEEE TSG, 2024

Control Area i Design:

Algorithm 1: LC Controller for ith CA
@ z; = (pj,q;) are DER set-points At each sampling time

i . [Step 1]: Receive set-points from LC of parent area P(z)
@ Child areas C(i) abstracted as . . ot .
R pio(xp)) = TFxe(),  dio(Xp@y) = TiXp(s)
virtual DERs

[Step 2]: Collect local measurements pi,0, 9,0, Vi, i1, X;, Xi
o fij (:EJ) — control cost of DER ,] [Step 3]: LC performs the updates

A ="Pso (Az +ay, (11TP1,0 —pi% — Bip — M ))
ui = Po (i + o, (P16~ TTPo0 = Bip — i) )
0 ="Pso (m + ap, (Jqu, 0— a4 — Biy — T, m))

Ui = Poo (i + o, (38— 2Tai0 = Bi, —ry,0))

+ o
PP 2 : V5 =Ps0 (Vi + oy (Vi — Vi —1y,73))
minimize ii\ T4 -
X, EX; : f” ( J) vl ="Pso (Vi + o, (v; — Vi — 10, 1))
JED;

@ Di0,qi0 = power export to the
Parent Area P(i)

¢F=Pa0 (Gtag (i -Ti-re.:))

. T t
SUbJECt to 1 Pi,0 (xl) = pi?() (xP(i)) [Step 4]: LC updates (V)DER set-points

T set + T (v dTF
1 Qi,O(Xi) =d,,0 (XP(z)) X; = aige%lznl‘z(xndi 3 Xp(i))
v, <v; (Xz) <V; [Step 5]: Transmit set-points to LCs of each child area
b(x) <1 PISa) =TPx, abe) =Tix!,  jEeCq).
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Example: 123 Bus Feeder

60 1601
CA3
150r 149 TL 7 52 53|54 55 56 fe
3 512 61615}
i“—é\iae 95 3 91
CAl 94 0

82 83

@ 6 Control Areas
@ 17 DERs

@ Track ramp signal from TSO
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Example: 123 Bus Feeder

0 . = .
. -580 |+ =
= -200 29 30 31 1
=
g C
-400 {460 4
S v N T
600 2 25 ‘ | —6CAs
0 10 20 30 40 50 60
t(s)
40
= 20 Wi oy
] I s
M /
& 0= N \ i
< —CA1 —CA3 —CA5
20 |—CA2 —CA4 —CAG6

0 20 40 60

t(s)
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Example: Fast Frequency Control

Bus2 Bus8 Bus 7 Bus6 Bus3

18KV:230kV -——-— 230kV:13.8kV

[ Al

Disturbance

16.5kV:230kV
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Example: Fast Frequency Control

60.04 ¢

60

(Hz)

« 59.96 |

59.92

Config. 1
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Conclusions

@ Opt. Alg. FBO is simple but has major limitations
@ OSS Control: a flexible and general control-theoretic framework

e EE-FBO: enhances dynamics of your favourite Opt. Alg. FBO
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Conclusions

@ Opt. Alg. FBO is simple but has major limitations
@ OSS Control: a flexible and general control-theoretic framework

e EE-FBO: enhances dynamics of your favourite Opt. Alg. FBO

Opportunities:
@ Trade-offs between performance and model info / data quality
@ Layering and hierarchical control

@ Further validation in applications where dynamics matter

https://www.control.utoronto.ca/~jwsimpson/
jw.simpson@utoronto.ca J
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Application: Secondary Frequency Control in Bulk Grid
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Application: Secondary Frequency Control in Bulk Grid

f A restoration time

inertial
response

primary control

inter-area

frequency nadir oscillations

\ ROCOF (max rate of change of frequency)

o Goal: efficiently regulate Aw — 0

lpload minimize "7' Cz(P@S)
PS} i {A } Pse{limits} i=1
{F; SPoiver . subject to Aw; =0
stem
y (System)

Want: Fast resource-allocating control loops (architecture?) J




Application: Secondary Frequency Control in Bulk Grid
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@ Note: the way one encodes the frequency regulation constraint can lead to different
controller architectures; this is just one possible choice.
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Application: Secondary Frequency Control in Bulk Grid

lw . miniumize Z;l Ci(u;)
u AC Power | { ,wi} subject to Aw = %171(126 +w)
System
Aw, =0

@ Note: the way one encodes the frequency regulation constraint can lead to different
controller architectures; this is just one possible choice.

® G, = %1,111, Gw = %1,

w =B
Optimality Model #1 Optimality Model #2
T = —Awn, I, —+1,17 0
null |} p =range | .1
€e; = VCZ(Uz) — K €n 0 L
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Application: Secondary Frequency Control in Bulk Grid

Both designs provably stable for large 7

© Inversion-based controller

Th = —Awn
u; = (VC;) ™ () >




Application: Secondary Frequency Control in Bulk Grid

Both designs provably stable for large 7

© Inversion-based controller

T = —Awp A
u; = (VC;) () J

@ Two-loop controller

- R

T = — aij(VCi(ui) — VCj(uy)) -

Toln = —Awp : EA
Ui = 14 T T
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