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The High-Temperature Heat Pump
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System Dynamics of Temperature with Manually Tuned PID Controller

™.

DA /\
IRAASENG AN va

AN A
VUV

T ) Controlled Temperature of Water after Condenser
(o) —— Target output temperature
—— Safety Treshold Temperature

I

t

100 200
Time [min]

300 400

<=

$

Nicolas Schmid | 11.03.2020 |

3



Reasons for Unsatisfying Performance

A Suboptimal parameterization of the PID controller

A Temperature challenging to control:
A Strongly changing disturbances
A Time delays
A Non-linearities

Disturbances
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Motivation
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05% of Industrial Controllers are PID like
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Physical modelling and system identification time-consuming and costly

Optimization without physical model or system identification unfeasible
Leads to dangerous and non-optimal tuning
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Solution: Safe Bayesian Optimization [Berkenkamp,2016]

A Needs no physical modelling or system identification
A Guarantees safety with high probability
A Bounds for optimality

SAFEOPT-MC Algorithm with Parameters a
Safe Parameters a,, Evaluate on Real System f(x) ~ GP (m(x), k(x,x")) , whereas
Bayesian :;.‘.‘;.‘.‘.‘.‘.‘.‘.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'.'t Performance: f(an) m(x) = E[f(x)],
Optimization f(an), gi(an) Safety Constraints: g;(ay,) k(x, %) = E[(f(x — m(x))(f(x' = m(x'))]

[ Berkenkamp, 2016] fnBayesian Optimization with Safety Constr
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Gaussian Processes with Noisy Observations

m(xp) =0

cov(Yp: Yq) = k(Xp,Xq) + Ui(qu“

A Prior:

A Likelihood Function:

A Bayes Rule:

f.|X,y, X« ~N (£, cov(f.)), with -5 ol 5
A Posteri distribution: f, =E[f.|X,y, X.] = K(X,, X)[K(X,X)+ 0.1 'y,
cov(f,) = K(X,,X,) - K(X,,X)[K(X,X)+ o2l 'K(X, X,)

Nicolas Schmid | 11.03.2020 | 7



Basics of Bayesian Optimization

A Model objective function f(x) as a
Gaussian process:
f(x) ~ GP (m(x), k(x,x")) ,whereas
m(x) = E[f (x)],
k(x,x") = E[(f(x —m(x))(f(x" —m(x'))]



