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provocări în 
dezvoltarea 
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proces predictive 
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bazate pe solide
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Batch vs Continuous

•      variatii in produs

•      timpul necesar pentru 

control

•      consumul de resurse

▪      riscul de epuizare a 

stocurilor

▪      amprenta fizică a 

echipamentului

▪      eficienta operationala

▪      productivitatea

▪      susteinabilitatea

▪ medicina personalizată

PROCESS
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Pilot Plant

Sensors

Controller

Process Monitor

Software Platform

Actuators

Automation & Data 
Integration

Training Data
+

Desired performance

Digital Twin

PROCESS
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• Reduce considerabil procesul de dezvoltare (Problema de design a controlerului➔ Problema de control a 

procesului)

• Urmărire extinsa a punctului de referință [cu un model de proces adecvat]

• Adaugare de constrangeri [siguranta si/sau business]

• Robust la incertitudinea în parametrii modelului de proces și la nepotrivirea modelelor

Setpoint

Process

Abordarea controlului bazat pe model în 

vederea dezvoltării și optimizării 

PROCESS
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Process

Develop

models

Model Approximation

Controller

Measurement 
device/ State 
Estimation

Variabile manipulate/ 

comanda

Perturbatii 

Date masurabile

Date nemasurabile

estimate

Referinta
▪ Valoarea dorită a ieșirii procesului

Constrangeri
▪Limite pe intrari/iesiri

▪ saturatia elementului de 

executie

Parametrii de proiectare a controlerului 

𝑥𝑘+1 = 𝐴𝑥𝑘 + 𝐵𝑢𝑘
𝑦𝑘 = 𝐶𝑥𝑘 + 𝐷𝑢𝑘

PID

MPC

mpMPC

Testate pentru:

• Schimbari de 
referinta

• perturbatii

PROCESS
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▪ Optimizarea online este inlocuita de o harta look-up 

▪ In loc de optimizare online, controlul este obtinut prin evaluari de functii

▪ Optimizare online via optimizare offline

PLANT

Control Parametric

u(t)=g(x*)

Optimization Problem

(2) Critical Regions

(1) Optimal look-up function 

Starile procesului x*Control u(t)

Perturbatii de intrare 

w(t)

Iesirea procesului y

9
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  mtablet 

Disturbance

 ρt,

Constraints

Rotary Tablet Press

D, h, Vfill, Nstation

 ρb, ρc, ρt, ρb0, ρb   ρpc, ε0  σ0

 a , b 

   ξ1  ξ2csilica  

 H
in-die

   σt    

MBPC
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Nonlinear process model

 Hfill

 nT
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- q-1 - the backward shift operator (q−1y(k) = y(k - 1));

- Δ - the differencing operator (1-q-1);

- N =N2-N1- the prediction horizon

- Nu - the control horizon.

- ρ(j) - a control-weighting sequence.

- y r - the future reference sequence.
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PROCESS

Inputs:

• Hfill - Dose position

• ρt  - pre-compression 
thickness

• Hin-die - Tablet density

• nT - Turret speed

Outputs:

• mtablet – Tablet weight

• σt  - pre-compression 
force

• Fpc – Production rate

• W – Tensile strength
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Model parameters (experimental data): 

ξ1 = 0.036,  ξ2 = 0.03, ρb=0.365 g/cm3, 

ρc=0.265, a = 0.8, 1/b= 10.26 MPa, ρt = 1.53 

g/cm3, , ε0=0.08, ρc,ε, = 0.57, σ0 = 11.67 MPa, 

ρ0=0.57, ρ∞=0.61, b1 = 0.31, b1 = 0.38, b1 = 8.4, 

ρb,∞ = 0.45 g/cm3, ρb,0 = 0.33 g/cm3, r1 = 0.361, r2 = 

1.394, r3 =23.326.
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• Hfill - Dose position

• ρt  - pre-compression 
thickness

• Hin-die - Tablet density

• nT - Turret speed

Outputs:

• mtablet – Tablet weight

• σt  - pre-compression 
force

• Fpc – Production rate
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Control Design
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Tunning parameters:

• Control horizon 
Nui=1

• N1=5, N2= N3= 
N4=10

• Ts=1 s

Constraints :

• dosing position [ 6 20]mm

• pre-compression thickness [0.5 
14] mm

• main compression thickness [ 
0.5 6] mm

• turret speed between [0 60] 
rpm

PROCESS
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Simulation results for closed loop 
setpoint changes tracking

setpoint change in tablet weight (t=60 s) 
has the most significant impact on all 
outputs

good performance characteristics: (i) fast 
settling time, (ii) small overshoot and 
undershoot, and (iii) no setpoint offset for 
consecutive changes in all references

Efficiently manages the 
interdependencies between inputs and 
outputs

Setpoint Changes Tracking

PROCESS
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Simulation results for closed loop 
setpoint changes tracking with noise

Noise is introduced to the real sensor 
variability, sourced from historical plant 
data

Design parameters selection - attenuates 
oscillations arising from measurement 
noise while maintaining a balance 
between response time and the 
propagation of the oscillations in the 
control loop.

One can achieve damping of the 
oscillations by reducing the controller's 
aggressiveness

Setpoint Changes Tracking - noise
PROCESS
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Simulation results for closed loop 
disturbance rejection with noise

Disturbances can occur throughout any of 
the upstream unit operations , e.g., 
during refill, within the feeder unit 
operations, when the feeder changes 
from gravimetric mode to volumetric 
mode, leading to an increase in the bulk 
density because of compression or a 
decrease in bulk density given by aeration 

Disturbance on the bulk density is given 
by changes in step on the silica 
concentration from the nominal value of 
0.2% to 0.35% at t=250 s and from 0.2% 
to 0.05% at t=300 s

Disturbance rejection - noise
PROCESS
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