L ecture 13 - Handling Nonlinearity

« Nonlinearity issues in control practice
 Setpoint scheduling/feedforward
— path planning replay - linear interpolation
* Nonlinear maps
— B-splines
— Multivariable interpolation: polynomials/splines/RBF
— Neural Networks
— Fuzzy logic
e Galn scheduling
e Loca modeling
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Nonlinearity in control practice

Here are the nonlinearities we already |ooked into

e Constrants - saturation in control
— anti-windup in PID control
— MPC handles the constraints

e Control program, path planning
o Static optimization
e Nonlinear dynamics

— dynamic inversion

— nonlinear IMC

— nonlinear MPC

One additional nonlinearity in this lecture

e Controller gain scheduling
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Dealing with nonlinear functions

Analytical expressions
— models are given by analytical formulas, computable as required
— rarely sufficient in practice
Models are computable off line
— pre-compute simple approximation
— on-line approximation
Models contain data identified in the experiments

— nonlinear maps
— Interpolation or look-up tables

Advanced approximation methods
— neural networks
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Path planning

* Real-time replay of apre-computed reference trgectory

y4(t) or feedforward v(t)
» Reproduce anonlinear function y,(t)

Path planner, | (0 _
dataarraysY,0 Yal) Y =

I —

Code:
1.Findj, suchthat 6, <t<#6,,
2. Comp(l:t)e_Y -t N t-6
yd ] Hj_,_l _9. j+1 6 _e'

J J+1 J
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In acontrol system

_Yl = Y4 (‘91)_ 6,
Y, = 3.’d (6,) o= 9.2
_Yn = yd (gn)_ _Hn_
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Linear interpolation vs. table look-up

 linear interpolation is more accurate
e requires less data storage
e simple computation

(a) Fit to unknown function (b) Error normalized to function maximum
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Empirical models

o Aerospace - most developed nonlinear approaches
— automotive and process control have second place

o Aerodynamic tables Example
 Engine maps "
— Jet turbines 0.03
— automotive o
 Processmaps, eg.,in |~ .uk
semiconductor .:
manufacturing a0 |
° Empiricgl map for a Roollingﬁ-Mo:;enthoei';icie:;t asaoa Falincti400n 04f5
altenuation vs. Angle of Attack with TEF Deflections, B = 10°.
temperature in an TEF=Trailing Edge Flap
optical fiber
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Approximation

 Interpolation:
— compute function that will provide given values Yj In the nodes Hj
— not concerned with accuracy in-between the nodes

o Approximation

— compute function that closely corresponds to given data, possibly
with some error

— might provide better accuracy throughout
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B-spline interpolation

e Ist-order 0
— look-up table, nearest neighbor || _—_
 2nd-order B
— linear interpolation o o e
Ya(t) =D Y,B;(1)
]
order 2 order 3 order 4

e n-th order: A AN TN

— Piece-wise n-th order polynomials, matched n-2 derivatives
— zero outside alocal support interval
— support interval extends to n nearest neighbors
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B-splines

o Accurate interpolation of smooth

functions with relative few nodes |

e For 1-D function the gain from
using high-order B-splinesis not

worth an added complexity

* Introduced and developed in CAD
for 2-D and 3-D curve and surface X W

data

e Areused for defining
multidimensional nonlinear maps
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Multivariable B-splines

e Regular grid in multiple variables
e Tensor product B-splines
o Used asabasis of finite-element models

y(u,v) = ij,k B, (u)B, (V)

¥

A

NG
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Linear regression for nonlinear map

e Linear regression X
y(X)=2.6¢,(X)=6"p(x)  X=| :
. Multidimensional B-splines | %

Multivariate polynomials
B (X %) = () 0. %)
Y =6, + 0% + 6% +0,(X)° +O, %%, +...
RBF - Radial Basis Functions

$,(x) = R(x-c|)=e
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Linear regression approximation

« Nonlinear map data Y :Ly(l) ﬁy(N)]
— available at scattered nodal points xD o x(N)

Linear regression map
Y =6 Qpx®) ... axV)|=6"0

Linear regression approximation
— regularized least square estimate of the weight vector

f=(@d" +r1) oY

Works just the same for vector-valued datal
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Nonlinear map example - Epl

o Epitaxia growth (semiconductor process)
— process map for run-to-run control
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Linear regression for Epl map
e Linear regression model for epitaxial grouth

Y = CX Py (%) + ¢ (1= %) Po(X,)
Pp =W TWX, + Ws(X2)2 + W4(X2)3

COX1 pl = VVOCOxl + W1CO X1X2 + WSCO Xl(x2)2 + W4C0 Xl(X2)3
C(1=X)P(X,) =
Vol (1= %) + VG (1= X)X, +VGy(1= X )(%,)” + WGy (1= %) (%)

6 Gs 6; Gy
V(X %) =D 6.0, (%, %) = 8" (X, X,)
i
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Neural Networks

* Any nonlinear approximator might be called a Neural Network
— RBF Neura Network
— Polynomia Neural Network
— B-spline Neural Network
— Wavelet Neural Network

« MPL - Multilayered Perceptron
— Nonlinear in parameters
— Works for many inputs

Y(X) =W, + f[ZWLJV} Y= W0+ f[sz,jxjj
i i

1 yA —f(x
f(X) = Y=
(%) 1+e™” i
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Multi-Layered Perceptrons

Network parameter computation
— training data set
— parameter identification
y(X) = F(X;6)
Noninear LS problem

V = ZHy(i) _ F(Y(j);H)HZ . min
j

Iterative NL S optimization
— Levenberg-Marquardt
Backpropagation
— variation of agradient descent
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Fuzzy Logic

Function defined at nodes. Interpolation scheme
Fuzzyfication/de-fuzzyfication = interpolation
Linear interpolation in 1-D
2. Vil (%)
y(X) = —
D 4 (%)

2 H(x) =1

)
very pale right too brown black

pale colour

Marketing (communication) and social value

Computer science: emphasis on interaction with a user
— EE - emphasis on mathematical computations
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Neural Net application

NO, [gfs] P
Internal Combustion Engine .., . .- 2 2=2 &
maps B8

Experimental map:
— data collected in a steady state

regime for various combination
of parameters

— 2-D table

NN map

— approximation of the
experimental map

— MLP wasused in this example

— works better for a smooth
surface

calculated from NN

stat. measured
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Linear feedback in anonlinear plant

¢ Simple example Ya
= f (X) s g(X)u ’ [’Controllerj>
U= —K(X)(Y = Yg) + Uy (X) Pant Y
| | Example:
« Control design requires varying
K(X), Uy (X), Yy (X) process
. Thesevariables are gan
scheduled on x
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Gain scheduling

B: Linecarized
setpoint models,
error model

e Singleout severd

regimes - model A(@»B(@-)}A _ _
linearization or e vec(A)
experiments _| vec(B)
« Design linear controllers vec(C)
In these regimes: DG c:timar | veC(D)
%tpOi nt, f%back’ schcauled controlicr setpo CO Crs
A[0) BAO) 40, B(©)
feedforward [cK(e) DU©) C®) D(®))
« Approximate controller
dependence on the Linear interpolation:
regime parameters Y(©) = ZYj¢j (©)
j
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Gain scheduling - example

Flight control 1o
. 4.5
Flight envelope
parametersareused [ A T T o 1
for &hedUHng 35_ ______________ e _____________ _____________ , _____________ ___________ .
; s i - Mnx =055
Shown 3_ """"""" """"""" """"""" """"""" """"""" o """""" 1
_ ApprOXimation nodes %25_ ______________ _____________ _____________ 6 _____________ ______________ ___________ i
— Evauation points % 2_ _____________ ______________ ______________ ______________ _____________ ___________ |
Key assumpti()n 15 ____________ ______________ ______________ _____________ . ____________ ____________ §
— Attitudeand Machare 4./ ... . oo S ;...Y.‘?ﬁf??.?.'ft?..._
changing much slower j ;
thar] ti me Congar]t Of 0.5_ ........... ' ............. ............. ‘, ............. ............. .............. ............ _
theflight control loop 9055205 o6 07 o8 09
Mach number [-]
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Local Modeling Based on Data

L Heat Loads
« Datamining in the loop —

 Honeywell product

Multidimensional

< Data Cube
Relational .
Database
~_ i o®
e —pe Heat’
i T demand'\
P _ Forecasted
— 'I;lro?e variable
Query point Outdoor oT day

( What if 2 ) temperature G
T Explanatory

variables
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