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Control

if temperature too low then
turn on heater

1f temperature too high then
turn off heater
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Model predictive control

Principles of Modeling for CPS — Fall 2018 Madhur Behl madhur.behl@virginia.edu




Model predictive control

* Decision based on prediction of system's behavior
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Model predictive control

* Decision based on prediction of system's behavior

* Decision made using optimization
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Model predictive control

make optimal decision
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Model predictive control

non-optimal decision




MPC: Mathematical formulation

N—1
argmin E Q(Tps by Ui i)
l'.g

s.t. ;,:i z(t) ._ut._. PI a nt [Output y(t)

Tosp+1 = Axppp + Bugyg
Tiah EX, i €U

f Plant State x(?)
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MPC: Mathematical formulation

N-1
U; (2(t)) := argmin ) _ q(Tesk, Ursk)
Ue k=0

subj. to z; = z(t) measurement
Tosksl = ATp ik + Bug g system model
Tiak € X state constraints
W €U input constraints
Up = {ug, Ug41y. .., U4 N1} optimization variables
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Receding horizon philosophy

* MPCis like playing chess !
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MPC: Mathematical formulation

At each sample time:
m Measure / estimate current state z(f)

m Find the optimal input sequence for the entire planning window N:
U = {ug,uisry- - ui n_1}
= Implement only the first control action uj
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Receding horizon philosophy

* At time t: solve an optimal control ) Yeak

roblem over a finite future horizon e
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* Only apply the first optimal move " (1)
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Energy Efficient Building Control

Control Task: Use minimum amount of energy (or money) to keep room
temperature, illuminance level and CO, concentration in prescribed comfort ranges
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[OptiControl Project, ETH. 2010; http://wwu.opticontrol.ethz.ch/] s
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Energy Efficient Building Control

MPC opens the possibility to
m exploit building's thermal storage capacity
m use predictions of future disturbances, e.g. weather, for better planning

m use forecasts of electricity prices to shift electricity demand for grid-friendly
behavior

m offer grid-balancing services to the power network
s

while respecting requirements for building usage (temperature, light, ...)
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Energy Efficient Building Control

—{ s Y }—
Predictions of ...

control « weather
inputs * Occupancy
vy « electricity prices
2 o M « network load
- optimization
comfort critena
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Constraints

» Safety and mechanical constraints: uy € Uy.
» Air quality: Ve, > \'/,,,,,,,-,,.
» Thermal comfort:

» Predicted Mean Vote (PMV) index: predicts mean of thermal
comfort responses by occupants, on the scale: +3 (hot), +2 (warm),
+1 (slightly warm), 0 (neutral), —1 (slightly cool), —2 (cool), —3
(cold). PMV should be close to 0.

» Predicted Percentage Dissatisfied (PPD) index: predicted percentage
of dissatisfied people. PMV and PPD has a nonlinear relation (in
perfect condition PPD(PMV = 0) = 5%).

» PMV/PPD can be calculated as nonlinear functions of temperature,
humidity, pressure, air velocity, etc. (cf. ASHRAE manuals).

» Constraint on PMV/PPD gives (nonlinear) constraint on x.

» Simplified as xx € A (convex).
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Constrained Infinite Time Optimal Control

J3(@(0) = min 3" glax,us)
k=0

s.t. Tx4+1 = Az + Bug,k=0,...,N -1
rr €E X, up €U k=0,..., N-1
xo = x(0)

m Stage cost g(x, u) describes “cost” of being in state x and applying input u

= Optimizing over a trajectory provides a tradeoff between short- and
long-term benefits of actions

m We'll see that such a control law has many beneficial properties...
... but we can't compute it: there are an infinite number of variables
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Constrained Finite Time Optimal Control (CFTOC)

- N-1 —
Ji (z(t)) = ﬂll}in pP(TesnN) + Z q(Tttk, Utsk)
‘ k=0

subj. to Zyix41 = AZTisx + Bugy, k=0,...,N -1
:c¢+k€X, u¢+keu, k=0,...,N—l
IHNEXI
$¢=.’L'(t)

where Uy = {uy,... , UspN-1}.
Truncate after a finite horizon:

m p(ze4n) : Approximates the ‘tail’ of the cost
m Xy : Approximates the ‘tail’ of the constraints
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On-line Receding Horizon Control

past future
- ———————
[NGnCR SRS ..
predicted outputs y(f 4 k|f) .
51
S ,\,ﬂ/ manipulated inputs X
o u(t + k)
. ' . > At each sampling time, solve a CFTOC.
> el b ¥ i Apply the optimal input only during [t,¢ + 1]
S At t + 1 solve a CFTOC over a shifted horizon based on new state

| | measurements

- - * -

predicted outputs y(t + 1 + kit +.1)

u(t +1)
manipulated inputs

e .
u(t + 1+ k)

+ '
t+1t+2 t+1+ N, t+1+ N,
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On-line Receding Horizon Control

1) MEASURE the state x(¢) at time instance ¢

2) OBTAIN U (z(t)) by solving the optimization problem in (1)
3) IF U (z(t)) = 0 THEN 'problem infeasible’ STOP

4) APPLY the first element u; of U to the system

5) WAIT for the new sampling time ¢ + 1, GOTO 1)

Note that we need a constrained optimization solver for step 2).
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Unconstrained problem

Az(t) + Bu(t) z € R", ueR™
Cz(t) y €RP

Linear model: { z(t+ 1)
y(t)
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Az(t) + Bu(t) z€R", ueR™

Unconstrained problem === {3

Cz(t) y €ERP
¢ Goal:find «*(0), v*(1), ..., u*(N —=1)
N-1
J(z(0),U) = Z [J,'(k)Q:r(k) + u'(k)Ru(k)]+:1:'(N)P:1:(N)
k=0

U= [«'(0) «'(1) ... u/(N-1)]

u*(0), u*(1), ..., u*(N — 1)is the input sequence that steers the
state to the origin “optimally”
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Unconstrained problem

9
U U e O

N0 0 wE O
J(z(0).U) = L(0)Q=x(0)+ (1) £(2) ... £(N ~1) (N) | S TREY, T
O en 20 @ O

0O O 0: P |

:g;; R40: =D u(0)

ol o +[w©) wa) ... wn-1]| % O u(1)
(N -1 ' ' =

r(N) ‘ L0 ... 0 RL_“('\"I)‘
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Unconstrained problem

[ 2(1) |
z(2)

| Z(N).

3
B 0
AB B

| AN-1p AN-2p
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Unconstrained problem

3
" 2(1) ] T B 0 ... 01 wu(0) x2
S R R B S
| z(N) | | AY=1B AY2B ... B] |u(N-1)] |AN]
T/
J(z(0),U) = 2'(0)Qz(0) + (SU + Tz(0))'Q(SU + Tx(0)) + U'RU

— %U' 2(R +v§'Q§2 U+ 2/(0)2T'QS U + %:B’(O) 2(Q YT’QTZx(O)

H & b
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Unconstrained problem

J(z(0),U) = %U’HU + 2/ (0)FU + %x'(O)Y:c(O)

U= [u(0) w/(1) ... u/(N—1)J
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Unconstrained problem

J(z(0),U) = %U’HU + 2/ (0)FU + %x'(O)Y:v(O)

U= [/(0) w/(1) ... w(N—1))

The optimum is obtained by zeroing the gradient

Vi J(2(0),U) = HU + F'z(0) =0
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Unconstrained problem

The optimum is obtained by zeroing the gradient

VyJ(z(0),U) = HU + F'z(0) =0

u.:(O)
Y fl) — —H 1F'2(0)
| uw*(N - 1)

and hence U*

-4

Alternative approach: use dynamic programming to find U*
(Riccati iterations)
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Example

1.1 2 0
Plant model: Lhal = | 0 0095] Ti + [0.0787] U
g = [=1 1]z
N-—1
Cost: Z (ik + uile) + Y
1=1{)
Prediction horizon: N =3
.umk.
Free variables in predictions: u; = |u;;
| U2k |
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—4— prodicted at keO | |

~—&— glosed loop i
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Plant model:

A=

Prediction horizon N = 4:

1.1
0 095

Tpy1 = Az + Buy,

C

0
0.079
0.157
0.075
0.323
0.071
0.497
0.068

|

yx = Cxy

| -l

0.079|°

0

0

0
0.079
0.157
0.075
0.323
0.071

Cost matrices Q = CTC, R =0.01, and P = Q:

© 0.271
0.122

H=1{ 06

| —0.034

0.122

0.086

0.014
-0.020

G = [7:589 2278

22.78

037

0.016

0.014

0.023
-0.007

—0.0347
-0.020
~0.007

0.016 |

F

C

© 0.977
0.383
0.016
| —0.115

4.925

2,174

0.219
—0.618



Example

N1
Model: A, B, C as before, cost: Ji = Z (yﬁk + 0.0lu?'k) + y?\.!k
1=0

~4.36 —18.

. " . 24
» For N=4 u,=-H 'Fz, = }g: ,13(210 Tk
059 1.83

Up = [—-4.36 -18.7] Tk
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Example

» For general N: up = Kyxy

N=4 N=3 N =2 N=1

Ky | [-4.36 —-18.69] [-3.80 -16.98] [1.22 -3.95] [5.35 5.10]
A(A + BKy) 0.29 + 0.175 0.36 + 0.22; 1.36,0.38  2.15,0.30
stable stable unstable unstable
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Horizon: N =4, xg = (0.5, —0.5)

8 v -
; r—
0»
4 «
2r :
or 3"’"&'*.0___-_3—0—-0 © © <
.2 .. '
0 2 2 ] 8 10
1 v . :
o closed-loop
0.5} P\\N -+ - predicted | |
ot/ ¢ ——0—o—3
-osL/ :
14 . .
0 2 B 6 8 10



Horizon: N =2, zy = (0.5, —0.5)

m - A8 ng -
Y B ?—?_H'_'?—&—m—, (
’m" _ e . :
- | . |
-40 i ; -
-80+ —
-80 -
0 2 4 6 8 10
‘s v L 4 v -
/b
101 T
S Y OX
s
VI e, RN O dosed-400p|
+ - predicted
4 . A A
0 2 4 6 8 10
sample, k

Observation: predicted and closed loop responses are different for small N




MPC challenges

= Implementation
MPC problem has to be solved in real-time, i.e. within the sampling interval
of the system, and with available hardware (storage, processor,...).

m Stability
Closed-loop stability, i.e. convergence, is not automatically guaranteed

m Robustness
The closed-loop system is not necessarily robust against uncertainties or
disturbances

m Feasibility
Optimization problem may become infeasible at some future time step, i.e.
there may not exist a plan satisfying all constraints
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Literature

Model Predictive Control:

m Predictive Control for linear and hybrid systems, F. Borrelli, A. Bemporad, M.
Morari, 2013 Cambridge University Press
[http://www.mpc.berkeley.edu/mpc-course-material

m Model Predictive Control: Theory and Design, James B. Rawlings and David
Q. Mayne, 2009 Nob Hill Publishing

m Predictive Control with Constraints, Jan Maciejowski, 2000 Prentice Hall

Optimization:

m Convex Optimization, Stephen Boyd and Lieven Vandenberghe, 2004
Cambridge University Press

m Numerical Optimization, Jorge Nocedal and Stephen Wright, 2006 Springer
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MPC for buildings

Principle of operation
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MPC for buildings

t+N
Predicted Cost = minimize Expected (Z energy cost(t)) Minimize the predicted energy cost
u(t) t
subject to u(t) €U < Actuation within limits
z(t)ex < Predicted temperatures within limits
z(t+1) = flz(t),u(t), w(t)) Predicted dynamics of the building

Principles of Modeling for CPS — Fall 2018
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MPC controller operation

t=10 t = 15 min.
| |
~*Measure: y(t) ~* Moasure: y{t)
~* Estmate states: x(¢) ~* Estimate states: r(f)
* Precict disturbances: w(t) * Predict disturbances: w(!)
» Calcutate control: ulf) » Calculate control; u(t)
» Implement control: u(t) = implement control: u(t)

Weather forecast: 72 hours, updated every 12 hours

Prediction horizon: 80 hours (240 tme steps ahead) o *
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Disturbances

_ Solar Heatflux [W/m2
300, [Wim2] Hstorical 1 Predicd Temperature [degC] - 35
Maximum Solar
Heatflux (SE) [Wim2) IS Zxia
250 e .
) . 1.;.m
200/
‘25
150+
20
100~
| 15
w‘..
ol J1°
Jun.18 00:00 Jun.19 00:00 Jun.20 0000 Jun.21 00:00 Jun.22 00:00 Jun.23 0000

Jun.18 12:00 Jun.19 12:00 Jun.20 12:00 Jun21 12:00 Jun.22 12:00
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Controlled variables

Controlled variables: room temperatures  y(t)

Temperature Cc
[deg C] H 1P Temperature jdeg C|
30~ el tocs gl o ee ' -+ 30
' ’ ' '
' - ' '
28 ' : : ' | 28
: ' ' |
- - - - L - - - - - e -
26 % Aew) Comfort raint 26
‘e ‘.'..‘ “‘ X " ;‘.
- -W: “s‘ ’t' - 24
24/ Average Room Temperature (NW) Avarage Room Temporature (SE) 4% ‘
Comfon constraint
a’- ----. -----‘ .---- 122
' : - '
' : ' '
20+ ' ' - ! 20
1 ]
' : ' !
i o
18 i - !‘".,..J__;_‘-““ oid 18
Jun.18 00:00 Jun.19 00:00 Jun.20 00:00 Jun.21 00:00 Jun.22 00:00 Jun. 23 00:00
Jun.18 1200 Jun.19 12:00 Jun 20 1200 Jun.21 1200 Jun.22 12:00
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Performance: room temperatures (50 days) TABS heating was required on 18 May.

x Room Tomperatures idegrees Cf

—— Target Cormont Aange

J

i

Ui, ) " *’f 1 .
g ‘ : | . | | ﬁ{.c'l ‘ \l (f&,s l‘J) .‘
i | M 'l‘ 1 .

. Mvarago Mossrod Room Temperature
— Naimum and Nirimom Noasused Roos Temperatuse

aW e
215

May 0! MayOS May1! Mayi6 May2! May26 Mayd! Jn056 Jin0 Jwnts  Jen20
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MLE+ Overview

1. High-Fidelity Physical models of the whole-building
Energy Simulator EnergyPlus.
EnergyPlus
2. The scientific computational capability of Matlab/Simulink:
|.Matlab Toolboxes MATLAB

Il.Matlab Built-in Functions. | SIMULINK

3. Control Synthesis - Building Control Deployment.
Matlab MLE+

Energy-Efficient

Controller

MATLAB | MLE+ Workflowsl ofi

Toolboxes L ¥
MLE+ MLE+
* Optimization Utility Simulink
* MPC .2 ¥ : Building
* System ID MLE+ Core Management BACnet
Systems
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MLE+ Workflow

From Control/Scheduling Algorithms
to Synthesis and Deployment in Real Buildings

1 EnergyPlus Building Model 2 System Identification

2l Control Design in
Matlab

Tose Mest Solar > 100

e Control Deployment

] -

— = t:‘."‘f;'v\ﬁ &
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Advanced Controls: Model Predictive Control (MPC)

EnergyPlus Building Model

v" Small office building with 3 zones

v' Chicago weather file during winter

v" Model Predictive Control:
o Minimize the power consumption of the radiant heater
o Maintain thermal comfort (22°C - 24°C)

-]
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Advanced Controls: Variable Configuration

Variable Configuration Screen
800 wwwsl 1. Parses E+ File to abstract IN/OUT

File [dit View hpert Toohh Derktopg Window Melp

: S8 & DU A 0 80 2. Selects Inputs/Outputs
3.  Writes Configuration File Automatically

e U Lo w LOOewm L Wi Emea O

LoeD s

B R e T

=]

T ~e—e N
— Convaemerin

[ o ] QDI W e Al TN

L ) VOGP R e A AN
LS ) VDI VRARATNE )

H w
- .
T S0 Ampu e I .

As Tetgmeiow
suve e A e .
Lo W A Tege e res—
L% Liw "4 "alaTie
. : L0 LOw " "ol L
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Advanced Controls: Input/Output Configuration

Configuration File

I <ml versioas"1.0° sncodings 1. .xml file contains Co-Simulation Exchange Variables
2
) <IDOCTYPE DCVTH-variablos 2. InpUtS to E+ ] )
‘. SYSTEM “variabloas.ded™> . Power of radiant heating system
5 TH-variabloa®< | -~INPUT-->
4 “variable socurce~"Ptolomy” 3. OUtpUtS from E+

e 3 -
- A ok e Rt «  Room temperatures
? “variable scurce~"Ptolomy” ° P H
< peadisogrotbl wpen & Radiant heating system power
il “«/vaziablo»
: “variable souzce~“Ptoleny‘) InPUtS to EnergyPIus
1) “EnergyPlus schedule~“RadiantPanclAvalilSchod 3°/>»
4 </vaziable»<|--0UTPUT--»
13 <variable scuzce~"EnecqgyPlua“»
is <EnezqyPlus naso~"NOATH IONE" type~“"Zone Mean Alr Tesperature”/>»
17 </vaciable>
18 <varliable souzce~"EnorqyPlus™>
L ] <EnerqyPlus name~"EAST ZONE" type~"fone Mean Air Tesperature” />
20 </varlable>
21 <varlable source~"EnezqyPlua™>
2 <EnerqyPlus nape~"NEST ZTONE™ wype~"Ione Mean Alr Temperature™/>
3 </varliable>
4 <varlable source~"EnerqyPlus™> OUtPUtS from EnergyPIus
5 <EnerqyPlue name~"fone 3 Radiant Floor”™ wype~"Electric Low Temp Radiant Eleotrio Power™/>
% </variable>
7 <variable souroo~"Enorqgy?lus™>
% <EnexqgyPlus namo~"2one 2 Radiant Floor™ sype~"EBleotrio Lov Temp Radiant Bleotrio Power™/>
9 </vaxlable>
10 <variable source~"Enerqgy?Plus™>

D s J | <Enorqy?ius name~"Zone 1 Radiant Floor™ type~"Rleatriec Lov Tesp Radiant Rleotrie Power™ /> I
</variable>

</ BCYIR-variables>



Advanced Controls: System |dentification

1 Defne apats | 2 Package Dwa | .
System Identification
—  Inputto EnergyPihus Parameters 1. Random Signal Generator |——
radartHeasnsWest [ Control Step . 2. IDINPUT (Matlab Built-in
radantHeatngE ant . f .
eadastHestinghberh unction)
Type RE - | 3. Package Data: IDDATA
= - (Matlab Built-in type)
Band= wow 4. Import to System
¢ | pibs Identification Toolbox
Level= mmu sine - (IDENT)
SYSD
MPUT TO ENERGYPLUS - ~ ~ INPUT TO ENERGYPLUS
VARIABLES _ , INPUTS iddata

WEST ZONE -Zone Total intemal T . add >> ‘Emaronment -Outdoor Dry Bulb -

ZN003 FLROO1-Beam Sol Amount f INORTH ZONE-Zone Total intemal T

ZN001 FLROO1-Surface inside Face _ % daa v

ZN00Z FLROO1-Surtace Insede Face = . 4 Hi ’

ZN003 FLR0O1-Surface Inside Face e —-

QUTPUTS

Evs;rzzggg»:me: Radiant T¢ ool | 1219002 FLROO1-Beam Sol Amount { 4

NORTH ZONE-Zone Mean Radant ZNOD1 FLROO1-Beam Sol Amount f

WFST 70MF .70ns Maan Air Tamoe << delete %

-
‘4 mn » | 4 i »




Advanced Controls: System Identification (2)

800, System Identification Tool - sysiDsession System Identification (2)
File Options Window Help 1. Estimate Model According
oo data | mpon modes
Oparseor (IDENT)
s ey "’"”; 2 E: ] 2. Inputs: .
e * Radiant Power
il E;:: 1 e Outside Temp
fe——l— m;w — l— le— —] b SOlar Radiation
SN - : 3. Outputs:
Duts Vews Vode! Vews °
| Tene plea W.L.oso m:\:w (v Mose oupat | Taswer wep - _ Room Temp
| Osts spect L. XaXs) . Model Output. WEST 20NE Zooe Maan Air Temperature
Freguancy lncien File Options Style Channel Help Experiment
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Advanced Controls: Control Design

Y CERERATE INPUT MPC

[input Info] = mpemove(userdata.mpoobj,userdata.x,y,userdata.r, userdata.v);
— mput = input';

UBOFJALA. INpUt = Anput;
& TRANSFORN POWER TO SET POINT
& WEST - EAST - NORTH
tsp =~ (y*userdata.input.*userdata.range./userdata.maxPov)~userdata.range/2;
uscrdata.tsp(atepNumber,:) = tap;
userdata.cost{stopNusber) ~ info.Cost;
userdata.slack(stepNumber) = Info.Slack;
if stremp(info.QPCode, "infaanible’)
disp( 'infeasible’);
and

Use template script to specify controller

Easily integrate with Matlab’s Model Predictive Control toolbox.
MPC:

v" Prediction Horizon: 2

v' Control Horizon: 9

v' Minimize Total Power Consumption

ANEANERN
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Advanced Controls: Simulation Results

Simulation Results

O N P TR SN Ve T v' Displays and save results in Matlab
Dade & \\D9¢L-Q 0Kl =D

1. Start| 2 System ID' 3. Control 4 Smuiaton § BACHet

Variables Piot
Varadies 1. Graph l zm ]
D01 FLRDO! Surtace Winde Face & mm: e Elecinc Low Temp Radant Elecine Power Po-um
INO02 FLROO Surtace Wsde Face ZONE 3 Elcnic Low Temp Radant Eecing Power Power
SNDOD TLROD T - Surtace nude Face - ,
WEST JOME Jane Mean fadant Te T — o Low Temp Radient Elsciic Power .
EASY 2ONE Jore Mean Radort Tee 10000 }- - snsal i Li.g 2 — Srasase i

NORTH Z0ME 2o Mo Radrt 7
WEST J0NE Jooe Maan Ay Tormpes =
LAST 20ME Jooe Maan Ax Terpen

NORTH 2ONE Zorw Mean Ax Te 8000 ¢ )
JONE 1 RADMNT FLOOR Edsctse L M :
6000+ yo 1o1 ’ 1 o —
JONF 7 RADANT FLOOS Pt L L { 1 - l : - Jod
o | ’ e - b
' | :
JONE Y RADGANT FLOOR Edcire L 4000+ i, : S 7 : Ry 4
WEST 200E 5 srngerPAY R - 1% L
EAST 200E FnguePNY . 1 T —— U : E o
. " L M"""; - ‘.‘(’1— “’(_. -
’J o ORS
F . - .j\ — Jr—
o;. - - . ‘ne b e ,A, 4
.l A A A A A
dram o 700 200 900 1000 61|um

= = T =
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Integrated Modeling: MLE+ Simulink

Simulink Example: Co-Design & Controls
v' 5 Zone Building

v' California Weather File

v' July 15t = 7th (Summer Time)

v' VAV System
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Integrated Modeling: Simulation Overview

HVAC

E+ Building

Principles of Modeling for CPS — Fall 2018

Integrated Modeling

v
v
v

Cument Teve|

Madhur Behl madhur.behl@virginia.edu

E+ Building
VAV model in Simulink
Inputs to E+:

v' Heat Flow
Outputs from E+

v' Room Temp

v' Outdoor Temp

Sooud 1) 86404}

Fea




Integrated Modeling: HVAC System

HVAC System
. Temperature Setpoints according to

Schedule
CentralHVAC *  Central HVAC Model

Tra mans TRleTE R g VA semgm
OF e 0w e o T 1500 % TG IR B¢ BRI whar 8 ° VAV BOXeS
RIS W Ta (AN et P & TG \pem g W e Npue
bt G T WY e e ol T Rt Y brean w T et BGOSR W )
B VAN b mpuition B B i B Pk B i i e o b T Sy T N
- -, ————

- p. " I

¢
r
U

L .
il [—= ™ =
> “‘ - oty fone
oo

F_.
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Integrated Modeling: VAV boxes

2 VAV Box
3 .g
=
('§=-
e |
s D
VAV Model ==
1. Thermostat
2. Reheat Coil

-~ -
i

! C Fos S

e

G Ve Qo | @

1
G Pow RNoa~ ) O _fow
Q Fow Room &




Integrated Modeling: VAV Box

[TRoo < TCooSet - 1]

v
\J

freeFIoafing
=9 mod = 0;
[TRoo < THeaSet] .~ 1

v

heating ‘
mod = 1;
»__,,__[TRoo > THeaSet+1]

cooling
= mod = 2,

=2 -‘xfTRoo > TCooSet]

behl@virginia.edu

v' VAV Box
v' Inputs:
v’ Setpoints

v’ Room Temp

v' Supply Air Temp

Outputs:

v Mass Flow Rate

Thermostat Room Level

v" Heat/FreeCool/Mec
hanicalCool

Reheat Coil




MLE+ is a featured third party tool recognized by DoE

EnergyPlus Energy Simulation Software : | ==

1M Dnimg 0 P L AT - PRI —— W . § » (» |

Third-Party Software Products

Principles of Mod




Campus-Wide Simulation

I R

- Supply Side: EnergyPlus Instance 1 K Supply Side
EPlus Load Profiler object

Swup:: Return
2 LoadProfte 1 Water

LoadProfile N

o Temp,,_(C) ‘ + * Flow (Kg/s) -
o Flow, . (kg/s) ‘ MLE+: Coordinator ¢ Load (W) Iw:jm_'

MLE+ S function block in Simulink

Demand Side: EnergyPlus Instance N

PlamComponent:
TemperatureSouce
Supply Return
Water Water
B N Demand Side
X Epupment g EPlus TemperatureSource object
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&Penn &% A iNREL

A N7 Al Drexel
PENNSTATE. Hydro

s EConcordia Quebec

NJ TGERS @ Rensselaer SIEMENS
MLE+ v - ad T tx/\' NRG

TYLER SYSTEMS
BCIiT g, Loughborough

Over 400+ 'W Stony Brook University L Unl\gemlty B

T 8 TEeRnaLsGY
USE rS Chulalongkorn University
rl“ DAINSNILMINGAY
UNCC HARU)'I IE
INTERNATIONA

UNIVERSITY TR T BB IR Fx

SUNGC KYLIN KWAN UNIVERSITY

UNIVERSITY
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How are building models obtained today ?

White Box

Black Box

o
©s e

Principles of Modeling for CPS — Fall 2018 Madhur Behl madhur.behl@virginia.edu



How are building models obtained today ?

White Box

e
T (Coting)
T
de O,
W
-~ Qe
) g Pyt N
W < L [Wingows]
b Qw2 Qw2
W
4 FPY\ PV /
Ty " W
N o reoms
w, wWain)
Cy)

.....

Black Box

N
\fi"XN)(

A
A AVAVZ
.5.&-‘& 7
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White-Box Modeling

(o Tam] e T b

(v W]

| 1 = [ 1t :Td :Y> s .;‘5. i O 5
o B S0l MR £ e S ] L s
- g oS :-’::1_1_‘47! r‘, f-{r!__ & I| & _ _:5_1
S R, S —:" _— [ p:i: .“ ==L 2
- M | e o
= [ .
- HVAC layout
Floor-Plan -
—I v l fpv l ...l . |—

Model Tuning
Data
Sensor retrofits

Set parameters
Floor by floor
Zone by zone
Wall by wall
Layer by layer
; Equipment by
wﬁy’w equipment

Guess nominal
parameter
values

Transfer geometry Hire building
TRNSYS17 EnergyPius modeling
Ceagareer [T experts

First principles based w>«, "

from the
environment
Convective exchange

with outside air
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White-Box Modeling

Cost and time prohibitive

(sensor installation, commissioning & expertise)

Not suitable for model-based control

Model complexity and uncertainty, (1000’s parameters and states)
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How are building models obtained today ?

White Box

iz
W2 (ceiing)
3o
0.
L s st S
Que Quee M T, MWindows]
Q2
I e
mmmmm e R /%/“/U.JJ/ULi
Qs rﬁ% =
e
bl
aaaaaaaaaa

Black Box

N
\fi"XN)(

A
A AVAVZ
.5.&-‘& 7
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Grey-Box [Inverse] Modeling

’4 --'.‘"g:r'r“_ ‘H_ & i T‘_-
T
available T 1 = el e ——— out
HVAC |ayout
| Floor-Plan -
—| =7 e e I—

Parameter
Estimation Set parameters _
Data Floor by floor Guess nominal
arameter
Sensor retrofits Zone by zone P

Wal-bv-wall values
Equipment by
CeoTeolt) = Ueo(Ta(t) = Teolt)) + Uecw(Tes(t) = Teo(t)) + Quot (1) .
CoiTei(t) = Uew(Teo(t) = Toi(t)) + Ui (Ts(2) -‘l'..un-(),..‘:.u) o eqUIpment
w.u' B ] Transfer geometry

modeling
experts

.behl@virginia.edu

Hire building



Grey-Box Modeling

Promising but still cost and time prohibitive

(sensor installation, commissioning & expertise
Modeling uncertainty,
Time-varying parameters)

Suitable for model-based control
(10-100’s parameters and states)

I
es of Modeling for CPS — Fall 2018 Madhur Behl madhur.behl@virginia.edu 105




Cost and Time prohibitive modeling

OptiControl ETH

Eid Ische Technische Hochschule Zdrich
Use of weather and occupancy forecasts e e s e Bk
— for optimal building climate control

SIEMENS

Project duration: May 2007 — March 2015

Phase 1: EnergyPlus model (white-box), RC model (grey box), MPC development and evaluation. [Only
simulated studies]

Phase 2: Retrofitted building with sensors, commercial MPC software, demand response, peak
reduction, uncertain models..

“.the biggest hurdle to mass adoption of intelligent building control is
the cost and effort required to capture accurate dynamical models of

the buildings.”

Sturzenegger, D.; Gyalistras, D.; Morari, M.; Smith, R.S., "Model Predictive Climate Control of
a Swiss Office Building: Implementation, Results, and Cost-Benefit Analysis," Control Systems

%
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How are building models obtained today ?

White Box

Black Box

| \}0’“}9”
2 el
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Black-Box Modeling

|

Feature Could be
engineering automated

Not well alighed with control synthesis

Coarse grained predictions

Non-physical parameters

Principles of Modeling for CPS — Fall 2018
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Modeling using first principles is hard !

Each building design is
different.
Must be uniquely modeled

Long operational lifetimes
~50-100 years

il Too many sub-systems
, Non-linear interactions

e &:—- =
> 4 ‘_n_ = —
<

.’AQ. -
e L

e

- R 0 ~ ‘ "
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Energy Systems Modeling

Fy 2 * .

3 T+ White Box

=

Q3

N O

c O

= '

Q

O

@]

> 2

9

Black Box

Suitable Unsuitable
Suitability for control
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Foundations of Data Predictive Control for CPS

Single-step look ahead

Finite receding horizon Finite receding horizon
[with single reg. trees] [with single reg. trees]

[with ensemble models]
oo smipsted = (X1, X+ X :

variables

[ Xalk) )
- v - - A -
- Tree i Tree T2 Tree T Forest R, Forest Ry Forest R
LI Ti T T 7; T 7
[Power forecast (kW) tree | Zone temperature T1 trve - - - Zooe temperature Tq tree] . / |
= °] ]
- Wooeeeaen Xe * e T o & 0, 0 T o o & o T ©.
Xa " Xo d .
. R o o 0
XA Xa X Xa *
. & . o, > a, o,
‘ = E =R (R 8= Zizi® 8, = Hin® 6, = Zi=1®
I L4 == [ =
[TORETRS =TV [ PEPES = SHE VL S = 0 Yh, = O [1.X Y, = 7 [1.X4,X4)] Y, = O [LXE... X))
inear model at leaf node is the wlindulh-t:um‘
min.x, f(kW) + Penalty[s:],(7s - Toep)]
subject to
N kWi = Boy + £521 BjuXey

Tlg = ag; + )Ij ';n,,‘\:,

J=1....N
A » >
Tqp = oy + Sjt a5 Xey -

MmbCRT DPC-RT Ensemble-DPC

z

N
minimize Qiksj + A Z (Tink+j — Tret)?
0

N-1 N
minimize z Qi k+j + /\Z (Tink4j — Trer)?

DPC subject to Ti, xvj = B 1, Qin ks

<.
Il

Jj=1
MPC subject to Trtj = ATp4ij-1 + Bllk+j_1 + dek"r.’l*l

=
ee'3 Qin,k-rj—l]
Qin < Qinx+j-1 < Qin

Q,, < Qink+i-1 < Qin
T S Tink+j < Tin

Iin S Tin,k+j S Tin
=l N
=TV, &
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Foundations of Data Predictive Control for CPS

Single-step look ahead
[with single reg. trees]

Torecast of N R .
non-manipulated = (X1, X, * + + Xgm)
variables E—

Power forecast (kW) tree | Zooe temperature -+~ Zoe temperature Tq tree]

=

P T1 tre perature
Xa ' Xa '

X X X Xo

L P —

a

X

wn| SR ’iqj &R ’k@

[
\

S+ SITALX, Tl = oy + i auX, Tom = og + SitouX
tmd«uu-tmkmumimxmmmmb \

min.x, f(kW) + Penalty{S]. (7} - T\uy)
subject to
N kW = Bog + Ej0t B Xey M
Tlg = agy + X} Yoy Xy
0i + Ejot Xy -

Tap, = oo,

- ICCPS ‘16, BuildSys 15, CISBAT 15, Journal
of Applied Energy

- Best Paper Award (SRC TECHCON-IloT):
‘Sometimes, Money Does Grow on Trees’
-Ph.D. Dissertation: Madhur Behl, UPenn
(2016)

Principles of Modeling for CPS — Fall 2018

Finite receding horizon
[with single reg. trees]

Xolk)

DPC-RT

- ACM BuildSys 16 (Best
Presentation Award )

- ACM Transactions of Cyber
Physical Systems.
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Finite receding horizon
[with ensemble models]

[ Xalk) )

Yh, =67 [1.xY” Y, = OF [1.X4,x4+]7 YY = OF [1LX4,... x4*-1)T
minimize z Qlasy + »\X[Y....‘ Tet)
"0 =1

of subject to Tiases = O7 [, Quus -+ Quunas-t]” |,
Q.. < Quass-1 €Qu
'S

Ensemble-DPC

- American Control Conference
17 (Best Energy Systems Paper
Award )




Energy CPS Module Recap

Review of ODEs and dynamical systems. Nominal values of parameters from IDF file.

State-Space modeling and implementation Parameter estimation optimization

in MATLAB, LTI models. Non-linear least squares.

First principles — Generalized systems

Model evaluation and goodness of fit.
theory.

. e 8 o . .
Heat transfer basics. M.odel sensitivity analysis and experiment
design

HVAC systems and electricity markets

: Model predictive control basics
overview.

: _
Introduction to EnergyPlus. Codebase to learn a state-space model from

any data-set.
‘RC’ network based state-space thermal

modeling.
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