covariance matrix elements show the estimator is working well. The pa-
rameters are stable and only cheénge if the operating point changes mark-
edly or if the system changes (size disturbance). The transients in tne
first 80 minutes are due to unrealistic initial states for the grinding

circuit (appendix H) and sump settling time.

The mill is driven, in about an hour, to the desired operating point
giving a maximum power draft of 0.85 MW and a mill filling of 50 percent.
After time 0 it takes about 9 input moves for the optimizer to find the

optimum feed rate of 3.96 tonnes/hour and the optimum mill water addition.

Figure 13 on page 80 shows how, after the increased coarseness at 400
minutes, the optimizer increases the feed rate to increase the fractional
filling to 63 percent at which maximum power of 0.9 MW is attained. The
coarseness is increased by increasing the percentage grinling media in
the feed by 20 percent. The mill water is decreased to increase the
fractional filling of the grinding media interstices and achieve the best

mill pulp loading. Note the transient ....rease in power.

Figure 14 on page 81 shows how, after the decreased coarseness at 400
minutes, the optimizer decreases the feed rate to decrease the fractional
filling to 44 percent at which a maximum power of 0.76 MW is attained.
The fraction of grinding media is dec:ea ed by 10 percent while main-
taining the same mass flow rate in order to simulate a decrease in

coarseness. The mill water addition is increased very slightly.
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5.6 CONCLUSIONS AND FURTHER WORK

The adaptive optimizer keeps the autogenous mill very close to its optimum
(defined as the operating point that causes maximum mill power draft).
Even if large disturbances are introduced, the on-lire estimator finds
new model par.meters from which gradients are calculated that will drive

the mill to the new optimum.

The optimizer can be fine tuned by selecting the design parameters (
setup_6 and setup_7 in appendix J). For this general study the fine tuning
is not meaningful because it depends on specific disturbance dynamics and
disturbance magnitudes expected. The trade-off seems to be between

robustness and how quickly the estimator finds a new optimum.

The majority of the idcas and algorithms for improvements tc RLS esti-
mation are new and still need to be understood fully. A more systematic
way of choosing design parameters would greatly reduce the degrees of

freedom and make simulation testing and comparison easier.

The need to continuously apply a pe. urbation or input excitation signal
to ensure good estimation may not be essent il on a real plant where the

signals are inherently noisy and have a ricuner spectral content.

As with the ball mill case study it was found that the covariance reset-
ting modification to the RLS estimator gave the best results. Its advan-
tage is that the covariance matrix is at its smallest when the gradients

are used.
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6.0 CONCLUSIONS

The concepts and theory underlying an adaptive optimizing regulator have
been presented. This adaptive optimizing regulator is intended to improve
the performance of a plant where slowly varying disturbances change the
desired plant operating point and it is possible to calculate a perform-
ance criterion from available measurements. Practical issues concerning

the implementation for a real plant arve also addressed.

A simulation case study of the adaptive optimizing regulator applied to
a simplified ball mill was performed to test the fundamental operation
of the optimizer. The simulation results show that the optimizer performs
reliably and keeps the plant at its optimum in the face of economically
significant disturbances. This study helped identify the conditions and

requirements for correct optimizer operation.

Furthermore, it appears as though this kind of controller is directly
applicable to the control of autogenous run-of-mine milling circuits and
is suitable for implementation in a typical procesc control computer. It
should be seen as complementary to conventional single-variable or
multi-variable regulatory controllers in this application and provides a

way of integrating such controllers.

The simuiations performed to test the optimizer in the autogenous ROM
application give very encouraging results, showing that the gradients
derived from a simple on-line linear Jdynamic model describing the mill
performance, can be nused to drive the mill towards and track a shifting
desired operating point. This part of the research has provided a

framevork for a more detailed, comprehensive and specific simulation
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study that could then lead to implementation on an experimental autogenous

grinding circuit.

In summary, the significance of this reseurch is to show that a new pro-
posal based on a combination of ideas from the field of modern digital
control does have a lot to offer and can address real needs in connection
with the control of grinding mills. The research has shown that further

practical development of the optimizer is certainly worthwhile.
Limitations of this study include the lack of an overcll stability anal-

ysis on the theoretical side, and on the practical side, the need to t st

the adaptive optimizer using real noisy signals.
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APPENDIX A. AN EXAMPLE OF ROBUST MODEL IDENTIFICATION

An example of the implementation of the theory in section "Coping with

Deterministic Disturbances and Plant Noise" on page 24 follows:

Consider the SISO case with one measurable disturbance included in the
model. We want to model the objective measurement ¥ as a f{unction of the
plant input u ( remember tiat this could be a lower level regulator
setpoint or a direct plant input, in fact any input variable that can be
used to control Y ), and as a function of the measurable disturbance z.
Choose the model as second order with deadtime d as a multiple of the
model sampling time. The backwerd shift polynomial operato:s are:

-1 -2
8, + a,q" " + a3q *

Alq™")

B(q™") q-d(ba + bi;q™ ")

c(qa™") = q"%ec, + c1q7h)
and the model is:

A(q™")Y(t) = B(q”")u(t) + C(1™ "z(t)
Assume the only known deterministic disturbance is a constant offset.
This is often the case because the DARMA model is an incremental model.
A model of the deterministic disturbance is:

¥it) = r(t+l) \
or in q~! operator notation:

(1-q"*)r(t) = 0
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so in this case 0(q~"') = (1-q” ")

From 0(q~') choose

Qq™') = (1 - eq”*)

a polynomial "close" to 0(q”') where € is just less than 1.

Q(q™') in the model denominator shouid filter out the dc term from the

estimator inputs and the value the modcl predicts.

For the low pass filter (1/E(q”')) we choose a highest frequency or in-
terest wy = 2n rad/sec. or fa = lHz. The minimum degree of E, 3E must
be equal to the degree of A, 3A, which in this case is 2. Using the
rectangular rule to approximate a digital equivaler. of a continuous 2nd
order low pass filter the Laplace variable can be related to the backward

shift operator b::
g ® -
Kq
where A = filter sampling period

and the equivalent of the filter:

(st + 1)2

where 1 = 1
“ayp
is:
1 - q-':
- g . P8 J
E(q™') (e, * e,q "' + & ™)
wheve h = AuB and
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APPENDIX B. EXAMPLE OF A SIMPLE OPTIMIZATION ALGORITHM

This appendix gives a simple example of how the steepest descent gradient

search algorithm is applied to a SISO static plant model.

From the dynamic model derived in appendix &, and extracting the steady

state modei by setting q~' = 1 we get:
(ag + 8, + a;)¥, = (by + bJue + (ep + ¢))2;

If the dynamic model is constructed to predict Y'(t) rather than Yf(t)
(section entitled "Copning with Deterministic Disturbances and Plant
Noise" on page 24) then the steady state model will inciude the rilter
coefficients e,. The only difference butween Y (t) and ¥'(t) is that Y
has been filtered by l/E(q"). Since all the variables are assumed to

be in steady state it is valid that Y' equals e

The gradient of the objective wi*h respect to the plant input ue of this
S§150, single disturbance, lincar, static medel is calculated analytically

using simple calculus, to give:

e . (b + b))
auf (ap, + a; + a;)

1f a non-linear model ( section entitled "Choice of Model" on page 16 )
is used than the gradient would not be constant, as it is in the above
case, and the derivative would have to be evaluated at the operating point

T 5
i
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Note also that if a plant output is included in the cbjective function
calculation, and therefore also in the model, then the chain rule for

differentiation needs to be applied.

Applying the steepest descent gradient search algorithm the plant moves
are calculated from:
E aY
uf(t) = uf(t 1Y - Yo §

auf
where p is the step size to ensure convergence and the + sign finds a
maximum and the - sign a minimum. In terms of the model parameters the
above equation becomes:

uf(t) = uf(t-l) + i (by + b,)
(ag + a, + a,y)

Parameters a, and bi are calculated using a modified RLS estimator (
section entitled "Estimation of Model Parameters' on page 20 ) with a
relative deadzone ( section entitled "Coping with Modelling Error within

the Bandwidth of Interest" on page 29 ).
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APPENDIX C. STEADY STATE RELATIONSHIPS FOR THE BALL MILL
SIMULATION
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Steady state relationships for ball mill simulation

variables: mt ...solids mass flow rate out of mill
product ...solids mass flow rate of product
gt ...ceparator underflow mass flowrate

ft ...fractional filling of the mill
1t ...total mass flow rate into the mill

constants: dd := 0.05 constant to simulate a disturbance caused by
a change in ore characteristics or a change
in size controller set point or ball or liner
wear

0.5

0.5
[1 +dd - (dd (2 + dd4)) ]
df := 0.5 = df = 0.073
2

df is a variable to simulate a change in the
discharge rate caused by one of the
abovementiond disturbances. It is coupled so
that an increase in discharge rate causes a
corresponding increase in product

c = 4 constant for mill dischirge calculation
ai=s] constant for product calculation
.2
1 + dd
b = ¢ constant for product calculetion
s 4
-1

-

_’]

=[]

Optimum operating point with no disturbance:

normalize the maximum product

product t= ]
opt

) 4, t= 0.5
opt

2

mt = C'[ft ] + 0.4 mt = 1.4
opt opt opt



Optimum operating point if disturbance dd is not zero:
1 + dad '

product = n ft L foudl T 4 + b'c| product = 1,216
opt opt 2 opt opt

mt 1oL 4 - + df + 0.4 mt = 1.83
opt

i :=1.,.200 iteration variable

28t e scaling of ft

Calculation of mill discharge:

2
mt = c'[tt + dt] + 0.4 and in the steady state:
i i

1t := mt
i i

Calculation of mill product:

- 3 2 2
product = n'|—'¢c ‘ft + b'¢c|'ft
i 2 i i

Derivative of product w.r.t ft:
2 3

dproduct := n'[-a'c '3'2¢ ¢+ 3Ok
i i i

Derivative of ft w.r.t 1lt:

GEL - 30 =——
i 2'c' ft
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Gradient of product w.r.t requlator setpoint 1lt:
line indicating zero
gradient := dproduct -dft
i

i i zZ :=0
i

Separator Underflow is calculated as folows:

gt :=mt - product
i i i

Mill stecady state relationships

cows Gd t= 0.00

- dd := 0.05

“New
’
g Optimum

product ,mt ,gt
3 i i

gradient ,z
i

i
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Gradient w.r.t 1t

gradient ,2z
i

i

3.6
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APPENDIX D. BALL MILL ADAPTIVE OPTIMIZER PASCAL PROGRAM
LISTING
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(........--.-..U.--..---..--.. HAASAEAAEAEAEEAEEEEEASAENEREEERAR SRS ERERONS )

program simulation(input output);

const no_par=5)
pi=3. 1416,

vai
{ simulator variables )
Tireal; {Time)
TSTART:real;

TSTOP:real 1 STOP: bool ean;
DELT:real; ( integration ctep size for simulation )
SAMPLE: integers { controller sampling rate )

{ as a multiple of DELT )
OPT:integer: { optimizer update time )

{ as a multiple of SAMPLEDELT )
LO6: integer: { data logging time as a multiple )

{ of SAMPLE«DELT }
prev_timeiresal; { variable to storz time )

{ from previous iteration )

{ plant variables )
xiarrayl!1..2) of realy {( xl[1] plant state )}

{ x(?) regulator state )
dx:arrayl(1..2] of reali{ derivative of states )

{ inputs )
feed_rate:real)
rt:real; { regulator setpoint )
{ in steady state rt=it )

sizeireal

{ 1atermcdiate variables )

1t realy { flow into mill )

mtirealy ( flow out of mill )

ftirealy { measure of mill load )

gtirealy {( separator underflow )

store:arrayl1..3,0..1000) of real; { history to )

{ implement pure delay )

< outputs )

productireal: ( guan*ity of product )

powerireal { mill power draft )

{ plant constants )
Aireal: { integrator gain )
dtm: integers { mill transpo~t delay )
{ as & multiple of DELT )
dts:integer; { separator transport delay )
{ as a multiple of DELT )
Kiirealy { regulator integrater gain )

{ varjables to isplemant changee )

{ in feed characteristics )
dist_m_prodireals { disturbance )
dist_t_prodirealy { start time for disturbance )
dist_st_prodireali{ stop time for disturbarce )
cisturbance_stc-eireal

dd,ddf :real
disturb_rate:realy ( constant rate of change of model )}

{ varisbles for noise generation )}
n,bn:longreal
bnn:real
mag_noise:real;
torireal
banduidth:real
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{ conicoller variables )
ri_mag:real;
rt_max:real;
init_rt:ireal;
start:integer;
size spireal;
step_sizeireal;
cpt_start:real; { optimization start time )
gradient ,max_grad,mi- grad:real;

{ estimator variables )
est_stop_time:real;
est_start_timeireal;
dead_time:integer;
sy:array(@..3] of real;
sutacray(@..50] of real;
sviarrayl®..50] of real;
Peast:real;
errorirealy
P_mat:array(1..20,1..20) of real;
init_P_mat:real;
covariance_resetting:boolean;
constant_trace:boolean;
par:arrayl1..2@] of real;
reg:arrayl1..20) of real;
forgetting factor:real:
deadband_time_constant:real:
beta:realy ( deadband scaling constant )
dz:arrayl(®..1] of real;
k@, kl:real; { constants for constant trace algorithm }
epireal; { high pass filter constant )
sfu,sfy:array(@..2) of real; { storage for filter )
est_only:booleani { to check estimator without the controller )}

debug:bool ean;

$include 'plot_var.p's

(--.-.--....--..a.----------..‘.-.‘---.--.---------.-..-.--.--.----.-.-..)

procedure read_setup:
var path:strpath;
file':text;
begin
writeln('Optimizing regulator applied to Ball Mill'),
writeln('Simulation Study’):
writeln('File to set up simulation: setup');
path:='/users/bleloch/sim_dir/ball_mill_dir/set_plant';
reset(filel paih);
readln(file! TSTART);writeln('Simulation start time ', TSTART:3°2)s
readln( file! , TSTOP);
writeln( 'Stop time ' TSTOP:3:2);
readln(file!l DELT);
writeln{'Plant simulation sampling interval ' DELT:2:2);
readin{file! dtm);
writeln('Mill pure delay ' ,dtm);
readin(file! dts)jwu-iieln('Separator pure delay ', dts);
readin(file! A)juriteln('Integrator gain ' A:2:2);
readin(file! Ki)juriteln('Regulator integrator gain ' Ki:2:2);
readin(file dist_m_prod);
writeln('X disturbance ', (dist_m_prode!®d):2:2);
readln(file! dist_t_prod);
writeln('Disturbance start time ', dist_t_prod:3:2),
readin(file! dist_st_prod);
writeln('Disturbance stop time ' ,dist_st_prod:3:2);
readln(file! disturb_rate):
writeln('Time whiie model 1s changing ', disturb_rate:2:1);
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readln(file! mag_noise)jwriteln( 'mag noise ' mag noise:2:2);
readln(file! bandwidth); ;wuriteln( 'bandwidth ' bandwidth:2:3);

close(filel);

procedure read_controller_setup;
var path:strpath;
filet:text;
i,j:integer;
hegin
writeln('File containing controller settings: set_cont');
path:='/users/bleloch/sim_dir/ball_mill_dir/set_cont’;
reset(filel path);
readin(filel ,SAMPLE);
writeln{'Controller sampling period ', SAMPLE«DELT:3:2);
readin(file! OPT)q
writeln('Optimization update time ' OPTeSAMPLE«DELT:3:2);
rezdln(filel ,LOG);
writeln('lLogging interval ' LOG*SAMPLE«DELT:3:2);
readln(file! dead_time);
readln(file! forgetting_factor);
readin(file! ,ep)s
readln(file! deadband_time_constant):
readin(filel beta);
readin(filel init_P_mat)y
readin(file! ,covariance_resetting):
readln(file! ,constant_trace):
readin(file! siep_size)y
readin(filel max_grad)y
readin(file! ,min_grad);
readin(filel rt_max);
rexdin(filel intt_rt);
readln(file!l ,rt_mag);
readin(file! ,size_sp)
readln{fileil k@)
readln(filel ki)
readln(filel ,est_only)s
readin{file! est_start_time):
readin(filel ,est_stop_time);
readin{file! opt_start);
readin(file!l debug):
close(filel)y
Z initialize storage variables )
for 1:=Q to 5@ do begin
suli):=Q,

svliil =@
endi
sy(@)1:=Qisyl1]):=Q;8y(2]:=0,
end;
( .........................................................................

procedure read_initial_parameters;
var path:strpath;
filel:itext;
itinteger;
begin
path:='/users/bleloch/si /ball_mill_dir/initial_par-meters';
reset(filel path);
for 1:i=1 to nu_par do readln(file! pariil);
close(filel )y
endi

function sample_time:boolean;

begin
1f round(T+10) mod round( SAMPLE*DELT*1Q)=@ then sample_t me:=true

else sample_time:=false;
end;
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function opi_time:boolean;

begin
if round! T¢1@) mod round(OPTeSANPLE*DELT®10)=@ then opt_time:=true

else opt_time:=false;
end;

function log_time:boolean;

begin
if round(T+10) mod round(LOG»SAMPLE*DELT*1@)=@ then log_time:=true

else log _time:=falssy
end;

function delay(store_no:integerivariable:realjtime: integer):real:
var i:integer:

begin
delay:=storelstore_no, timel;
for i:=time downto | do storelstore_no,i):=storelstore_no,i-1];
storelstore_no,@):=variable:
endy
( .........................................................................
function limit(variable max minireal):real;
begin

if (variable>max) or (variable<{min) then begin
if variabled>max then limit:=max;
if variabledmin then limit:=min;
end
else limit:=variable;
ends

funct.on sranddB8:longrealjexternaly { Bandlimited baussian Noise )
function drand4B8:longreal jexternal
function noise(mag noise, cutoff:ireal)ireal;
const sigma=0. 1,
var {:integer;:
accum: longreal
begin
accum: <@,
tor:=1/(2¢piscutoff);
{ convert from linear distribution to Gaussian distribution )}
for 1:=]1 to 12 do accum:=accum + 2+(drandéB-9.5);
ni=accum/ 124
{ limit banduwidth )
bn:=bneexp( ~-SAMPLECDELT/tor )+sigmaenesqrt( l-axp( -2+SAMPLE*DELT/tor) )y
noise:=mag _noise+thn;
end;

function disturbance(disturb_time disturb_stopirealy
disturb ag:realjdisturb_rate:real):real;
begin
if T<{disturb_time then disturbance_store:=@
else if T<{disturb_stop then
disturbance_store:=disturbance_store
tdisturb_mag/(round(2e*disturb_rate/DELT));
if TX>(disturb_timet+disturb_rate)
then 1f T<{disturb_stop then disturbance_store:=disturb_nag:
if To=disturb_stop then
disturbance_store:=disturbance_store
~disturb_mag/(round(2e*disturb_rate/DELT));
if TX>(disturb_stoptdisturb_rate) then disturbance_store:=Q;
if disturbance_store<® then disturbance_store:=9;
disturbance:=disturbance_store;
endi

procedure resel P(value:real);
var 1i,jiinteger)
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vegin
for i:= | to no_par do
for j:= | to no_par do
if i=j then P_mat(i,i):=value
else P_matli, jl:=@;

procedure model;
begin
if Toprev_time then
dd:=disturbance(dist_t_prod,dist_st _prori dist_m _prod,disturb_rate);
1f Toprev_time then fti=delay(! x[1]) dim) { mill pure delay )}
else ft:=x(1];
{ discharge coupled to product disturbance }
ddf:=0.5-sqrt( 14dd-sqrt(dde(2+dd)).,/2-
mti=desqr(ft+dci)+0.4; ( dis_narge function }
{ prodict function }
product:=2¢((-1/2)e1Befteft+1Boasqr((14dd) /2 )efteft;
{ classifier underflow ’
gti=mt-product:
if gt<@ thea gt:=0;
if Toprev_time then gt:i=delay(2 gt dts): { separator pure delay }
feed_rate:=x[2];
{ nett flow into mill )}
1t:=feod_ratetgt:
{ mill dynamics )
dal1):=Ae(lt-mt)y
{ solids feedrate regulator dynamics )
Ix(2):=Kie(rt-1t),
prev_time:=T;
endj

L R R

PROCEDURE Runge_Kuttay
CONST NSTATE=2;
VAR
i: INTEGER:
Xstart, K1, K2, K3:arrayl1..NSTATE] of real:
Begin
FOR i:=1 to NSTATE do begin
¥startli):= X{1)3
Kild):i= dX[4)#DELTy
X{1):= Xstart(i) + K1[1)/2y
end)
Tim T + DELT/24
model s
FOR i1:=1 to NSTATE do begin
K2(il:= dX{i)*DELTy
Xii1l:= Xeatarili) + K2(1)/2q
ond:
model y
FOR i:= 1 to NTTATE do begin
K3[i):= dXI[1)90ELT;
Xli)im Xstarti 1 + K3[1);
end;
Tim T + DELT/2:
me Jel;
FOR 1:=1 to NSTATE do
X{i)i= Xstartli1) + (KI104) + K201)02 + K30131e7 ¢ dXI1)*DELT)/6.0;
Tiwround( T+ 100)/100;
Endi { procedure Runge Kutta )

L R R R R R

PROCEOURE integrator;
var i:integer;
Begin
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Runge_Kuttaj
IF (T >« TSTOP ¢ DELT) then STOP:= TRUE;

End; { procedure integrator }
R R R R R R R B R R R R R R RS
procedure initialize:
var i,j:integer;
begin

STOP: =FALSE;

step_noi=l;

for 1:=Q to 500 do

for ji=l to 2 do storelj,1]:=0;

{ initiai states )

x(1):=Q;

x[(2]:=Q;

rti=init_rti

product : =@

bnn:i=srand4By { seed random number generator )

reset Plinit_P_mat); { reset covariance matrix )

read_initial _parameters; { read initial model parameters }
end;

function step(start:integer):integer;
begin

if To=stari then step:i~! else steo:=Q;
end)

procedure regression_vector(y, u,vireal);
var i:integer:
begin

reglll:i=sfyl 1]

regl2):i=afyl2]y

regl 3li=sfullly

regld)i=sful2)

reglSli=1,

{ whift sample storage )

syl 3)i=syl2]

syl2):=syl 1],

syl1]l:i=ay(@]

syl@)i=y;

for 1:= @ to 49 do begin
sulS5@-1) i=sulS@-1-11
aviS@-1):i=sviS@-1-1])y

and)

sul@):=uy

svi@]:imyy

{ filter high pass)

sfyl2):i=sfyl1)

sfyl1):i=afyl@]y
sfyl@):=(i-SAMPLE*DELToep)oafyl@ltny(@)-syl 1]y

stful2):i~sfull)y
sful 11:=sful @l
sful@):=(1-SAMPLE*DELTvep)osful@)+suldead_timel -suldead_timet+!);

ends

{~emrenccccnccnnnnccnnnn e )
procedure trace; { constant trace algorithm )

const eps=Q. 005,

var traceireal;
i,):integer;
begin
trace:=Q;
for 1i=1 to no_par do trace = tracetP_matli,6i)}
for 1:=1 to no_par do
for ji= | to no_par do begin
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if i=j then P_matl(i,i):=(k@/trace)*P_matlii, 1]4k!
eise benin
P_motli,jli=(k@/trace)+P _mat(i, jl;
if P_metii,j)l<eps then P_matli, j):i=0;
enrii

function multiply_vec:real;
var 1,):integer;
dummy:real;
begin
dummy : =Q;
for t:= 1 to no_par do dummy:=dummytreglilepar(il;
multiply_vec:=dummy;
end;

procedurs estimatory
var denom:rsal;
K.L:arrayl!..no_par] of real
i,j:integer;
(..-...------.-..-.-I-.-.-----..l '--.-.--)
function norm:real:
var K:arrayll..no_par] of real;
i,)iinteger:
dummy:real)
begin
for 1:= | to no_par do K[ i]:=@;
for ji= | to no_par do
for 1i=! to no_par do
KRijli=K(§l4rogli)eP_matii, 3],
dummy : =@
for i:= | to no_par do dummy:=dummy
+Klilereglily
norm: =dummy ;
end;
(-..-.--..-..---..-..-.---..--.-.-.-.-...)
begin
Pest:*multiply_vec)
errori=sfyl(@)-Pest,
denom:=forgetting factor+normg
for {:= | to no_par do begin
Kli):=P_mat(i,))eregl1]+P_mat(i,2)rregl2]
tP_matli 3leregl3)1+4P_matli 4)eregid)
+P_mat(i, 5)ereg(S)i(+P_natii 6lereglf]
+P_matl(1,7)oregl7)4P_matli Bleregl(B)
+P_matii, 9)eregl9)+P_matli, 1@)leregl10);)
enc
for 1i=] to no_par do
Lit)iwragl1)eP _mat{ !, 1)4reglZ]leP_mat(2, 1)
tregl3)eP _matl 3, 1]4reqld]leP _mat(4 1)
trog(S51eP_mat(5,11i{4regl(Bl*P_mat(b,61)
‘reg(71eP_mat( 7, 1l¢reg(BleP_mat(8,1]
tregl(9)eP_mat(9,1)4regl 101¢P_mat{1@,i);)
for ii= | to no_par do
parl{ili=parli)+K(1)rerror/denom;
for 1i= 1 to no_par do
for ji= | to no_per do
P_matli,j)l:=(1/forgetting_factor): P_mati{1,j)-Kl1leLlj]/denom);

procedure optimizer)

begin
rti=rttstep_sizergradient;
rti=limit(rt, rt_max, @)}

end;
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function dead_band:boolean;
const cdz@=0.000Q!
cdz 129, 00001 ¢
cdz?2=0. 00001
cdz3=0.0000! ;
{cdz4+0.2,
alpha=0.56: )
begin
if TOSAMPLE®DELT then dz(1):>d2(@) else dz(1]):=0;
{(1f T<=SAMPLE then beta:=sqrt(cdz4+1/()1-alpha)):)}

dz(@):=deadband_tima_constantedz(1]
tcdz@4cdz 1 vabs( product)
tcdzZeabs( fead_rate)
tcdz3rabs(size):

error:=product-Peot

if abs(beta¢dz(@!)>abs(error) then dead_band:=true

else dead_band:=false;

endi

procedure dumpi
var i:integer:

begin '
writeln(' me ' T:3:2)
uriteln(’ Regression vector: ')
write(’ N
for 1i=]1 to no_par do writelregl ::2:3,' '")juriteln
writeln(’ Parameters: ')
for 1:=1 to round(no_par/2) do
writeln(' ‘.pari2¢:. 11:3:3 pari201i:3:3):
writeln(' P_mat: ")jwrite ' it
for 1:%] to no_par do write(P_matii, 1):6:2," '")iuwriteln
writeln(' Product ', product:’:3);
writelind' Mill Powar ', ,power:3:3)
writeln(' Estimation error ', error:2:4)y
writeln(' Gradient ', gradient:2:3),
end;
( .........................................................................
procedure controller)
begin

if est_only then if opt_time then rti=rt + rt_mag:
rti=rttnolse(mag _noise banduidth)y { add noise )}
regression_vector(product, rt size))
{ call estimation procedure )
if T< est_stop_time then
if Tlest_start_time then
if not dead_band then estimator:

{ calculate gradient )
if Treat_stop_time then Pesti=multiply_vec:

pradient:=(parl J)+parla))/(1-(parl|1]l+pa~(2]1));

{1f absiparl(3l+par(4])<0.0) then

if ans(i-parl!l)l-par(2))>abs(parl3)tparid)l) then
gradient:=@; )

gradienti=limitigradient max_grad min_grac'
if opt_time then if debug then dumpi ( dump variables .
{ call optimization procedure }
if not est_only then

if Ti=opt_start then
if opt_time then
if £120.] then optimizer,
if covartiance_resetting then 1f opt_time then reset P(init_P_mat);
if constant_trace then trace:
endi

procedure log_points({curve_no,step_no:integerivalue, Tireal )
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begin
datamatrix_xlcurve_no,step_nol:i=(;
datamatrix_ylcurve_no,step_nol:i=value;
ends

procedure log_data;

var 1:integer;

begin
log_peints( ! step_no,size, T)y
log_ oints(2,step_no,product,T)y
log_points(3 step_no, ft T),
log_points(4 step_no,feed_rate T);
log_points(5, step_no,gradient, T);
log_points(6, step_no,Pest T);
log_points(7,step_no,rt, T);
log_pcints( 10 step_no bn, T);
log_points(B8, step_no,gt.T)
log_points(9 step_no,mt 1),
log_points( 11 step_no, 1t 1)y
step_no:=step_not!;

end;

procedure write_data;
var
path,pathl:strpath
i,dummy: intuger;
procedure write_file(name:strnameicurve_no,no_of_points:integer);
var directory:strpath;
1:integer,
begin
directory:=path;
strappend(directory, name)
rewrite(file_var directory):
writeln(file_var, name)
writeln(file_var no _of points);
for 1:=1 to no_of points do
writeln(file_var datamatrix_xlcurve_no,i],
datamatrix_ylcurve_no,1])y
close(file_var 'SAVE');
end:
begin
path:='/users/bleloch/sim_dir/ball_mill _dir/';
write_file('faed_rate' 4 step_no-1)y
write_file('size’',| step_no-1)y
write_file('nroduct' 2 step_no-1)y
write _file('Vt' 3 step_no-1)y
write_file('Pest’ 6 ,step_no-1);
write _file('mt' 9 step_no-1)y
write_file('gt' B8 step_no-1)y
write_file('gradient' 5 step_no-1)g
write_file('noise’ 10 step no-1)y
write_file('pover’ 7 step_n. 1)y
write_file('1t’' 11 step_no-1);
end;
(....0.......0..0...0......l.....0..0...............0.0..0......000.‘..O..)
begin { main program )
read_setup:
read_controller_setupi
inttialize;
writeln('Running simulation' )
log_data;
REPEAT
integrator:
if sample_time then begin
controller:
if log_time then log_da.
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