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“The goal of my
research is to develop 
simple yet rigorous 
methods to solve 
problems of engineering 
significance” 
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1980-83: Industry
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1. PID (IMC)
2. Robust control
3. Distillation
4. Control structures (architectures)

1983-87: PhD student at Caltech
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1984
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𝜏𝜏𝑐𝑐 ≥ 𝜃𝜃
Tuning parameter:

SIMC PID tuning rule 2001

Main Lesson: Understand what you are doing and be systematic
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Robust control

1996 2005Berkeley, Dec. 1994

1996
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2000, 2003, 2009
2009

2000

2000. Process engineering
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Process systems engineering

• About getting the big picture without loosing the details

• Studying and combining different length scales (nm to km)
• … different time scales 

• Also: … combining physical models and data

• Classical solution: Make «boxes»

• Get rid of the boxes? Tempting, but it’s not a good idea

• My view: Break the optimization problem into smaller parts - and make use of process 
control for solving



Process control: Hierarchical decision system 
based on time scale separation

CV1 (economic setpoints)

CV2 (stabilization setpoints)

CV = Controlled variable (with setpoint)



15

Economic MPC: No setpoints

CV1

CV2

Economic MPC
(EMPC)

Manipulates directly on physical MVs (valves)

Optimal in theory. But 
• Requires model or everything
• Slow (no clear time scale separation)
• Often not robust

In summary:
• Not recommended, except for small 

problems where time scales overlap

MPC = Model predictive control
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Better: MPC in supervisory layer

• MPC 
• General approch, but we need a dynamic model
• MPC  is usually implemented after some time of operation
• Not all problems are easily formulated using MPC

MPC

CV1

CV2

MPC = Model predictive control
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Research question: Alternative simpler solutions to MPC

• Would like: Feedback solutions that can be implemented 
without a detailed models

• Machine learning?
– Requires a lot of data
– Can only be implemented after the process has been in operation

• But we have "classical advanced control“ (ARC) based on single-
loop PIDs
– Extensively used by industry
– Problem for engineers: Lack of design methods

• Has been around since 1940’s
• But almost completely neglected by academic researchers

– Main fundamental limitation: Based on single-loop (need to choose 
pairing)

ARC = Advanced regulatory control



How we design a control system for a complete 
chemical plant?
• Where do we start?
• What should we control? and why?
• etc.
• etc.
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1st International PSE symposium, Kyoto, Aug. 1982



24

1. Controlled variables (CVs)
– What should we control? 
– How to put optimization into the control layer

2. Control structure 
– Nominal
– Change in active constraints

Two main problems
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This is «feedback-optimizing control» where the main task is CV-selection. 

CV-selection was my main research objective for many years 

Start from overall economic objective (with constraints).
Optimal CVs:
• Active constraints
• Self-optimizing variables

1. Controlled variables (What to control?)

CV = Controlled variable

Main Lesson: Understand what you are doing and be systematic



26

2000
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2004
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Translate unconstrained optimum to feedback problem

c = «self-optimizing» CV
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Optimal operation of runner

• Cost to be minimized: 𝐽𝐽 = 𝑇𝑇 (total time)
• One degree of freedom: 𝑢𝑢 = power
• What should we control?

Optimal operation - Runner
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A. Sprinter case

• 100 meters run. 𝐽𝐽 = 𝑇𝑇
• Active constraint control:

– Maximum speed ("no thinking required")
– CV = power (at max)

Optimal operation - Runner
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B. Marathon runner case

• 40 km run. 𝐽𝐽 = 𝑇𝑇 (total time)
• What should we control? CV = ?
• Unconstrained optimum:

Optimal operation - Runner

u = power

J = T

uopt
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Self-optimizing control: Marathon

Optimal operation - Runner

• Any self-optimizing variable (to control at constant setpoint)?
– c1 = distance to leader of race (not optimal and not always feasible)

– c2 = speed (not always feasible, similar to controlling cost J=T, speed = 42 km/T)

– c3 = heart rate
– c4 = «pain» = level of lactate in muscles
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Conclusion Marathon runner

• CV = heart rate is good “self-optimizing” variable

• Simple and robust implementation

• Disturbances are indirectly handled by keeping a constant heart rate

• May have infrequent adjustment of setpoint (cs)

c = heart rate

select one measurement

c=heart rate

J=T

copt

Optimal operation - Runner
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The ideal “self-optimizing” variable is the gradient, Ju

c = ΔJ/Δu = Ju

– Keep gradient at zero for all disturbances (c = Ju=0)
– Problem: Usually no measurement of gradient

u

cost J

Ju=0
Ju<0

Ju>0

uopt

Ju 0

*I.J. Halvorsen, S. Skogestad, Indirect on-line optimization through setpoint control, in: AIChE 1997 Annual Meeting, Los Angeles; paper 194h.
*I.J. Halvorsen, S. Skogestad, J.C. Morud, V. Alstad, Optimal selection of controlled variables, Industrial & Engineering Chemistry Research 42 (14) (2003) 3273–3284 
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2. Control structure (architecture)

1982

I took the other view:
• Try to change control structure 

design from an «art» to a «science»
• It has taken me 40+ years…
• … and I’m still working on it
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2023

Adriana Reyes-Lua
Cristina Zotica
Krister Forsman
Dinesh Krishnamoorthy Kalur

Main Lesson: Understand what you are doing and be systematic
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Standard control elements (Bristol: «Idioms»)
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Example: Ratio control with setpoint set by feedback
2026
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Active constraint switching

Two kinds of constraints:
• On CVs (e.g. max pressure)
• On MVs (e.g., fully open valve)

Standard logic elements for switching:
• CV-CV switching: Selectors
• MV-MV-switching:  

1. Split-range control
2. Split-parallel control
3. Split-VPC

MV = Manipulated Variable
CV = Controlled Variable
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Understnding and Rules are useful for «reverse 
engineering» existing control systems
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Example (Stephanopoulos, 1983)

42

What is this? 

u0
u1

u2

u=max(u1,u2,u0)

S=Motor speed
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Selector (“override”) Rules 

• Limitation: require pairing each constraint with a given input (not always possible)

> MAX= HS=

< MIN= LS=

Rule 1 (max or min selector)
• Use max-selector for constraints that are satisfied with a large input
• Use min-selector for constraints that are satisfied with a small input

Rule 2 (order of max and min selectors): 
• If need both max and min selector: Potential infeasibility (conflict)
• Order does not matter if problem is feasible
• If infeasible: Put highest priority constraint at the end

“Systematic design of active constraint switching using selectors.” Dinesh Krishnamoorthy , Sigurd Skogestad. Computers & Chemical Engineering, Volume 143, (2020)
“Advanced control using decomposition and simple elements”. Sigurd Skogestad. Annual Reviews in Control, Volume 56, 100903 (2023)

2020-2023

https://www.sciencedirect.com/science/journal/00981354
https://www.sciencedirect.com/science/journal/00981354/143/supp/C
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Example (Stephanopoulos, 1983)

44

What is this? Use Rule 1.

u0
u1

u2

u=max(u1,u2,u0)

S=Motor speed

Conclusion;
• u1= Speed to get F=Fmin
• u2 = Speed to get p=pmin
• u0 = nominal speed (unconstrained optimum)

• u = max(u1,u2,u0) = Speed setpoint

HSS = MAX-selector. Rule 1 gives:
• Constraint on Flow (F) and pressure (p) are 

satisfied by high speed
High motor speed increases F and p:
• So must have constraints: F > Fmin and p>pmin.
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One immediate problem: No level control in flash

Important concept to understand control system:
• Where is the TPM (throughput manipulator)?
• TPM=total reactor feed (FA+FB)

• The ratio FA/FB determines which is in excess
• Radiating inventory control around TPM  (FA0, FB0)
• Note: TPM inside reycle (FA, FB) rather than at feed (FA0, FBO) avoids potential “snowballing” (Luyben).

FB

FA0

FA
FB0

Umeda, T., T. Kuriyama, and A. Ichikawa, “A Logical Structure for
Process Control System Synthesis,” Proc. IFAC Congress, Helsinki,
(1978).

LC

A recycle

B recycle

C product

Purge

A+B->C

compressor

Example (Stephanopoulos, 1982)
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Some more recent work on putting optimization into the 
feedback control layer
• Find: Selectors are not «ad-hoc» engineering tricks
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Selectors are implicit in constrained optimization.
Use input u to Minimize cost J subject to constraint 𝒈𝒈 ≥ 𝟎𝟎

Lagrange multiplier 𝜆𝜆 ≥ 0
• Or: 𝜆𝜆 = max 𝜆𝜆0, 0  

   𝜆𝜆0: from constrained optimization with g=0

Unconstrained gradient = 
𝑑𝑑𝑑𝑑
𝑑𝑑𝑑𝑑

Constraint sensitivity = dg/du



General: Feedback solution that automatically tracks active constraints by 
adjusting Lagrange multipliers (= shadow prices = dual variables) λ

Process

Unconstrained 
optimization 

(nu PID-controllers)
Gradient 

estimation

Constraint control
(nc slower PI/I-controllers)

MAX0

y

g (measured constraint)

g (measured constraint)
SP=0

SP=0

u

d

Primal-dual feedback control.
• General method
• Makes use of «dual decomposition» 

of constrained optimization
• Selector on dual variables λ
• Problem: Constraint control using 

dual variables is on slow time scale
• Can be fixed using override at 

bottom of hiearchy (Dirza)

Dual variables

Primal variables

• «Optimal Resource Allocation using Distributed Feedback-based Real-time Optimization». Risvan Dirza, Sigurd Skogestad, Dinesh Krishnamoorthy. IFAC Adchem Conference, 2021
• D. Krishnamoorthy, A distributed feedback-based online process optimization framework for optimal resource sharing, J. Process Control 97 (2021) 72–83,
• R. Dirza and S. Skogestad . Primal–dual feedback-optimizing control with override for real-time optimization. J. Process Control, Vol. 138 (2024), 103208.

2021-2024

λ0



Alternative (less general): Feedback solution with «direct» constraint control
(Similar to selectors) 

Process

Gradient 
estimation

Constraint controllers
(fast PID-controllers)

MAX/
MIN

y

g (measured constraint)

g (constraints paired with u1)
SP=0

u1

d

u2

Ju1
u1

(changes!)
Ju2

PID
u1o

SP=0 Ju1, Ju2  = NTJu reduced gradients 
 («self-optimizing variables»)

• Assume: Pair each constraint with one u (MV)
• Selector on primal variables (inputs)

• Jaschke and Skogestad, «Optimal controlled variables for ̈ polynomial systems». S., J. Process Control, 2012
• D. Krishnamoorthy and S. Skogestad, «Online Process Optimization with Active Constraint Set Changes using Simple Control Structure», I&EC Res., 2019
• L. Bernadino and S. Skogestad, Decentralized control using selectors for optimal steady-state operation with active constraints, J. Proc. Control, 2024

2012-2024



L. Bernadino and S. Skogestad, Decentralized control using selectors for optimal 
steady-state operation with active constraints, J. Proc. Control, 2024

50

Assume: Have at least as many inputs as constraints
Can then have fixed pairings between constraints and unconstrained CVs!
(with N fixed)

2024

• Similar to selectors in ARC



Region-based MPC with switching of cost function (general)

Standard MPC with fixed CVs: Not optimal Proposed: With changing cost (switched CVs)

2024

Bernardino and Skogestad, Optimal switching of MPC cost function for changing active constraints. J. Proc. Control, 2024  



Unconstrained Gradient estimation, �𝑱𝑱𝒖𝒖

• Method 1: From updated 
nonlinear model

• Method 2. From data (similar to «exact 
local method» of self-optimizing control)

D Krishnamoorthy, E Jahanshahi, S Skogestad. Feedback Real-Time 
Optimization Strategy Using a Novel Steady-state Gradient Estimate and 
Transient Measurements. Industrial & Engineering Chemistry Research, 
2019

Linearize the dynamic model

Trick, set 𝑥̇𝑥 = 0, 𝑡𝑡𝑡𝑡 𝑔𝑔𝑔𝑔𝑔𝑔 𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒 𝑜𝑜𝑜𝑜 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔:

Δ

• Bernardino and Skogestad, Optimal measurement-based cost 
gradient estimate for real-time optimization, Comp. Chem. 
Engng., 2024

2019 2024



Finally: Something extremely simple: «Transformed inputs v»
- Feedforward and decoupling control with feedback correction
 - maybe the simplest version of the «Two-degree-of-freedom» AI-agent of George Stephanopoulos



«Ideal» transformed inputs:
Given steady-state model

𝑦𝑦 = 𝑔𝑔 𝑢𝑢,𝑤𝑤,𝑑𝑑
Define transformed input v as right-hand side

𝑣𝑣 = 𝑔𝑔 𝑢𝑢,𝑤𝑤,𝑑𝑑
Then “magically” the Transformed system (from v to y) is 
decoupled, linear and independent of disturbances

𝑦𝑦 = 𝐼𝐼 𝑣𝑣
Implementation:
(1) Use feedback (C=I-controllers) to find v that makes y=ys

– With no uncertainty: 𝑣𝑣 = 𝑦𝑦𝑠𝑠
(2) Invert g to find u for given v: 

𝑢𝑢 = 𝑔𝑔−1(𝑣𝑣,𝑤𝑤, 𝑑𝑑)
– Feedforward control from d (and w) is included

2023
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Conclusion Advanced process control
• ARC («Advanced PID control») works very well in may cases

– Optimization by feedback (active constraint switching)
– Need to pair input and output.

• Advantage: The engineer can specify directly the solution
• Problem: Unique pairing may not be possible for complex cases

– Need model only for parts of the process (for tuning)
– Challenge: Need better teaching and design methods

• MPC may be better (and simpler) for more complex multivariable cases
– Main challenge: Need dynamic model for whole process
– Other challenge: Tuning may be difficult 

ARC = Advanced regulatory control
MPC = Model predictive control

Main Lesson: Understand what you are doing and be systematic
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The future 

• Both MPC and ARC
• Multi AI agents?



Optimal centralized
Solution (EMPC)

Sigurd (me)

Academic process control community fish pond

Simple solutions that 
work (selector, PID++)
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“The goal of my
research is to develop 
simple yet rigorous 
methods to solve 
problems of engineering 
significance” 

ESCAPE history
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About Sigurd Skogestad

•1955: Born in Flekkefjord, Norway
• 1956-1961: Lived in South Africa
•1974-1978: MS (Siv.ing.) studies in chemical engineering at NTNU
•1979-1983: Worked at Norsk Hydro co. (process simulation)
•1983-1987: PhD student at Caltech (supervisor: Manfred Morari)
•1987-present: Professor of chemical engineering at NTNU
• 1994-95: Visiting Professor UC Berkeley
• 2001-02: Visiting Professor UC Santa Barbara
•1999-2009: Head of ChE Department, NTNU
•2015-..: Director SUBPRO (Subsea research center at NTNU)

Non-professional interests:
• mountain skiing (cross country) 
• orienteering (running around with a map) 
• grouse hunting 1973
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