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Motivations

reduce energy consumption

maintain quality indexes

space conditioning: 10 — 20 % of global final energy consumption



A typical HVAC system
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5" use buildings thermal capacity =t

SN

use accurate models use forecasts

N

use Model Predictive Control (MPC)



Example
Model (u inputs, w disturbances)

x(k + 1) = Ax(k) + Bu(k) + Ew(k)
y(k) = C(K)

Predicted evolution (given u and w)

Y = C(Ax+ BU+ EW)

Model Predictive Control (MPC)
min c’U
]

st. C(Axo+ BU + EW) € comfort bounds
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Contributions

robustness
through learning the uncertainties
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Contributions — Main Directions

Robust control of CO; and temperature

Estimation and modeling of occupancy levels
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Contributions — Main Directions

[ Robust control of CO, and temperature ]

Estimation and modeling of occupancy levels
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Worst-case Robust Optimization

Problem Ben-Tal, Nemirovsky, EI Ghaoui, . ..

min c'6
fco
st. f(0,6)<0 Vo e A

where
@ 0 € O, with © closed and convex
@ J € A, with A generic

@ f(0,6) continuous and convex in § for any fixed § € A
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Worst-case Robust Optimization in HVAC systems

C(Axo + BU + EW) & comfort bounds YW e A

Question: how to compute A?
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Worst-case Robust Optimization in HVAC systems

C(Axo + BU + EW) & comfort bounds YW e A
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Chance-Constrained Robust Optimization

Problem (Vajda, Prekopa, . ..)

min c’é
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Chance-Constrained Robust Optimization

Problem (Vajda, Prekopa, ...)

min c’6
ISC]
st. P[icAst f(0,0)<0)>1-a

R F [seast £(65,0) >0}

« regulates the conservativity

[may be NP—hard!j
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Scenario-Constrained Robust Optimization

Problem (Campi, Calafiore, ...)

min c’6
0cO ] (3)
st. f(0,60)<0  Vie{l,...,N}
with:
e 6()'s = i.i.d. extractions of § (scenarios)

o N= [%Iog%+2n@+2%logﬂ

@ «a, € (0,1) = confidence levels

(constraints may be substituted with max; (f(6, (7)) < 0)

16



Worst-Case:
f(6,0) <0 VéeA

Scenario-Constrained:
F(6,600)y <0 Vie{l,...,N}

Chance-Constrained:
PlocAst f(0,0)<0]>1-a
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Comparisons Theorems (Calafiore Campi 2006)

@ Scenario-Constrained infeasible = Worst-Case infeasible
@ Scenario-Constrained feasible =
o cTO: <cTOyyc

(solution of Scenario-Constrained is not worse than
Worst-Case)

o P [CTHEC(a) < CTGEC:| >1-p

o P [CT6§C < CTGEC(O/)] >1—Bwith o/ = ¢(a, 8) < @
(w.h.p. solution of Scenario-Constrained is not better than
Scenario-Constrained but also not too worse)

oP| PlocAst f(8i.0)<0/>1-a |=1-5

(may happen that solution of Scenario-Constrained is not
feasible for Scenario-Constrained) i,
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Sources of uncertainties
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Sources of uncertainties

plant y

controller

Our approach in deriving their distributions
plant : use nonparametric system identification tools

d : use copulas-based learning schemes
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Nonparametric identification of LTls

Fﬁo\
<

Nonparametric PEM approach:

oo [ee]
Yejt—1 = Z hiue—i + Z hiyei
i=1 i=1

System ldentification = Regularized Function Estimation:

2
h* = arg min > ()/t - yt|t71) +7 Hh’@(
he* t

bl



Nonparametric identification of LTls

Theorem (Pillonetto De Nicolao 2010)
Let
K(x1, %) =W (e_ﬂ“’ e_’gxz)

N

S S .
(t—3> IfSSt
W(s,t) =

2
t2 £\ .
2(5—3) if s>t

P [h = imp. resp. of LTI BIBO stable system| =1

If h ~ GP(0, K) then

24



Nonparametric identification of LTls

2
. ~ 2
min ( - ,) +vlh
hebe & Yt = Yit—1 v [1hl[k
returns:

@ h*, conditional expectation

@ K*, conditional autocovariance
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Nonparametric identification of LTls

2
. o h 2
i 2 (ve = Feje-1)” + 7 4l

returns:
@ h*, conditional expectation
@ K*, conditional autocovariance

= full probabilistic estimate:

GP (h*,K*)

= can extract i.i.d. samples A

75
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Problem definition

next step: learn the probability distribution of the disturbances

approach: use copulas-based learning techniques
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Limitations of Gaussian Processes

Gaussian
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Describing Probabilities Using Copulas (Sklar, Zimmer)

Fu(as,...,ak) = C(Fy,(a1), ..., Fu,(ak)) C:[0,1]% — [0,1]

In words, Joint distribution = Copula + Marginal distributions
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Describing Probabilities Using Copulas (Sklar, Zimmer)

Fu(as,...,ak) = C(Fy,(a1), ..., Fu,(ak)) C:[0,1]% — [0,1]

In words, Joint distribution = Copula + Marginal distributions

Pros
@ completely generic

@ separated modeling / learning of marginals / dependencies

Cons
@ generating scenarios is computationally more

expensive
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The controlled HVAC system
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Room model

Our choice

Necessity: model should be accurate and computationally tractable

Our choice: RC-network (R <> thermal resistance, C <+ thermal
capacitance)

Troom
»
wall

’ window H window H window H window ‘

actuation

internal gains
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Wall model
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Building model
Validation against IDA-ICE

—. 28
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@ simpler than commercial SW exploiting more complex libraries

@ captures the most important buildings dynamics'’
characteristics
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Scenario-based MPC

Thanks to the physics, separation of time scales
CO; control
indoor air quality control

thermal control
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Scenario-based MPC

Thanks to the physics, separation of time scales
CO; control
indoor air quality control

thermal control

Thanks to the linear models, linear programs
min c'U

U
s.t. _max (GEPU + G(Mf) w) — g(i)> <0

goooy

FU<LZTf

25K



Numerical results

Room (hvac.ee.kth.se):

North
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hvac.ee.kth.se

Numerical Results - Simulations
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Numerical Results - Simulations

o =0.40, N = 1115 |
a:0.45,N:991‘ |

50 o =0.08, N = 5573
o = 0.09, N = 4954 |
a=0.15,N = 2073 |
g 401 Ta =020 N =2230]
< a=025N=1784|
-~ = 0.30, N = 1487
& 30| 2 : |
5 a=035N = 1274 |
c
()
20
| | | |

0 10 20 30
violations [%)]

40 50

7



Numerical Results - Simulations
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Numerical Results - Simulations
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Actuation on a Real System
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Summary

aim: improve HVAC control through robustness

requires scenario-based control plus learning

results indicate noticeable savings

20



Directions

@ learning from networks of buildings
@ integration of smart-grid concepts

@ global network of open HVAC testbeds
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