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Abstract: Rigorous process simulation has become a tool that academic and industrial environments
are exploiting, mainly to extract information useful for maximizing profit. As a matter of fact, the
detailed thermodynamic models contained in commercial or open-source software are able to represent
the behavior of a chemical process far better than a linearized model. On the other hand, designing
customized model predictive controllers (MPC) has proven to enhance process performance over
traditional control architectures. Therefore, in this paper, we present the interaction of an easy-to-use
MPC algorithm developed in Python with the rigorous simulator UniSim Design®. The communication
exploits the UniSim Design® spreadsheets as the variables database to be read/written by Python,
by stopping or not the simulation before every control action. The software communication has
been properly developed so to maintain the flexibility of the original MPC code and to exploit
different controller designs. Two different test cases are presented to show the effectiveness of the
proposed methodology: a simple two-phase separator and a more complex debutanizer column. System
identification is used to build the controller’s linear models, various MPC designs differing in considering
disturbances as measurable have been analyzed and satisfactory results are obtained.

Keywords: Process modeling; process control; rigorous simulation; system identification;
HYSYS/Unisim; Python

1. INTRODUCTION

Advanced process simulation provides the ability to model
complex chemical systems by using accurate thermodynamic
models to analyze their behavior (Vaccari et al., 2023, 2020).
Research accomplishments in process simulation, conceptual
design, process control, operations, and optimization has led to
useful methodologies and software tools for industry (Gross-
mann and Harjunkoski, 2019). For such reasons, simulation-
based optimization is also taking an important role in the evo-
lution towards Industry 4.0 by enabling the development of
detailed digital twins (Alrabghi, 2018).

On the other hand, custom designs of advanced controllers,
such as model predictive control (MPC), have shown improve-
ments over traditional architectures in different fields (Bacci di
Capaci et al., 2019), even for rigorously simulated pro-
cesses (Halager et al., 2021). A recent comparative study (Bar-
tolome and Van Gerven, 2022) demonstrated various ways to
connect custom MPC algorithms and simulated processes in
HYSYS® using popular languages such as Microsoft Excel
(VBA), MATLAB, Python, and Unity (C#). Tuan et al. (2016)
applied the control of a depropanizer column in HYSYS® en-
abling the communication with MATLAB; Shin et al. (2020)
in the same framework controlled a linear surrogate model
built via an artificial neural network. The interaction MATLAB-
HYSYS® has been widely used in different works to develop
specific control actions (Ahmadgurabi et al., 2010; Mitchell
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et al., 2017). Other examples of MPC controllers applied to
chemical systems rigorously simulated used an Excel-VBA-
HYSYS® link to improve the performances of two natural gas
liquefaction processes (Fazlollahi et al., 2016), while Oravec
et al. (2017) used Profit Design Studio software to control a
depropanizer unit in UniSim Design®.

Given this framework, the present paper aims at developing a
communication link between an MPC algorithm developed in
Python (Vaccari and Pannocchia, 2016) with the commercial
process simulation software UniSim Design®. This solution
enhances the possibility of testing the developed MPC code
and, at the same time, allows one to study custom MPC al-
gorithms on complex chemical systems that are often difficult
to linearize. The rest of the paper is organized as follows:
Section 2 describes the tools and methodologies used for the
aforementioned control and communication; Section 3 shows
the application to two case studies, a phase separator, and a
debutanizer column; finally, Section 4 concludes the work.

2. TOOLS AND METHODS

2.1 MPC code

The code in which the MPC algorithm is designed and simu-
lated has been developed in Python language, under the name of
MPCcode (see Vaccari and Pannocchia (2016) for implemen-
tation details). The MPC framework is general and versatile,
giving the possibility to easily customize the controller options,
and it is adaptable to problems in different industrial fields,
e.g., process control, and robotics. Various options are available
to define the different blocks of the standard MPC algorithms:
state estimation, target, and optimal control problems. Different



MPC simulations can be easily studied with MPCcode, includ-
ing linear and non-linear, as well as discrete or continuous time
formulations. In addition to the standard tracking MPC prob-
lems with a quadratic objective function, there is also the possi-
bility to implement any (linear or nonlinear) function to repre-
sent other MPC structures, e.g., to consider economic MPC.
In all cases, there is the opportunity to activate the “offset-
free” design option, that is, to implement a linear or non-linear
disturbance model, and an associated augmented observer (Pan-
nocchia, 2015). The MPCcode is structured in modules for
easy customization of the MPC algorithm desired, and for a
complete system simulation, also the controlled process is to
be simulated in the code. Nevertheless, as anticipated, the use
of rigorous process simulation tools can exploit the behavior of
complex models of a chemical process that a surrogate model in
Python must simplify, but that can be important for the control
action to be calculated. Therefore combining the flexibility of
the MPCcode with the rigorous models of simulation tools can
represent a plus for researchers but also for industrial realities.

2.2 UniSim Design - Python communication

The communication between the process simulator and the
Python environment has been carried out via a COM inter-
face. The “Python for Windows Extensions” package, known
as pywin32, allows one to easily access the Windows Com-
ponent Object Model (COM) - a binary-interface standard for
software components, and control Microsoft applications via
the win32com library. It is used to enable inter-process com-
munication in a large range of programming languages by ex-
ploiting a language-neutral object implementation to be used in
environments different from where they were created. In this
paper, the process simulator used for the communication with
the MPCcode is UniSim Design® and it is considered as an
automation server which provides services to be explored by
the Python client (Mounaam et al., 2020). Automating UniSim
Design® gives the possibility to run several simulations in a
much shorter time, by allowing also easier data collection and
processing. Moreover, for our purposes, advanced control algo-
rithms can be directly applied to the process simulation. The
communication requires a few code lines in Python and a simu-
lation file open and active to access its objects. All these opera-
tions can be carried out individually, but in our case, they have
been included in a script function in MPCcode. When the com-
munication is established, several UniSim Design® objects can
be accessed, e.g, unit operations and their parameters, streams,
controllers and spreadsheets, but also simulation tools as the
Integrator and its functionalities. The Integrator is used to set
and run the dynamic simulations, and its options can be modi-
fied directly from Python, e.g., time can be started and stopped,
the integration step can be modified, and real-time mode can be
activated. Nevertheless, to simplify the interface and facilitate
modifications, a spreadsheet in the simulation environment is
used for communication. Accessing via MPCcode this spread-
sheet, whose cells are connected to the process parameters of
interest, gives the possibility to read simulation data and to
write new values iteratively along with the dynamic simulation
in UniSim Design®. Process outputs are recorded in Python
from UniSim Design® and MPC outputs, that is, process inputs,
are sent back to the simulator, recursively at any evaluation
step. When working with MIMO processes, many inputs and/or
outputs are required, therefore, suitable functions have been
developed to read/set entire columns in the simulator spread-
sheet. Following the structure of MPCcode, all these steps are

Fig. 1. Two developed communication and simulation modes
between Unisim Design® and MPCcode.

included in a separate file named Unisim Communication. In
general, communication with UniSim Design® spreadsheet can
be used both in steady-state and in dynamic mode; nevertheless,
MPC needs a dynamic simulation since this is the only one that
can give a transient response to the control action calculated.

2.3 Communication and simulation modes

The Integrator in UniSim Design® can be active or not during
the communication, that is, while MPCcode is running. Two
different approaches are thus tested in this work as represented
in Figure 1. The first is the “Start&Stop” mode in which the
Integrator, that is, the process simulation, is stopped during
MPC elaborations and then restarted for the established period
of time (∆TS) only once MPC calculations have been imported,
i.e., the operator point of view is inside the MPC algorithm. On
the other hand, when the dynamic simulation and the Integrator
are always active during the whole communication process
(“AlwaysOn” mode), the operator point of view is within the
simulation that is going on also while the MPC calculation is
performed. In this scenario, MPC suffers from time delay due
to the computational cost of the algorithm (∆TC), as in real
industrial applications. As in Figure 1, in both modes the output
y is registered always every sample time (TS), the controller
action u is calculated for yTS , and its computation time is always
equal to ∆TC, that is, the controller action is sent back to UniSim
Design® at TS+∆TC. In “Start&Stop” mode yTS = yTS+∆TC , thus
representing the ideal situation in which ∆TC = 0, while for
the “AlwaysOn” mode the action computed based on yTS is
applied to a system that has already reached yTS+∆TC , causing
the time delay mentioned above. In addition, the absolute time
recorded in the UniSim Design® Integrator is always shifted by
a quantity equal to the integration step with respect to the one in
Python. This mismatch is easily solvable taking into account the
step of integration of UniSim Design® when recording values
in MPCcode: during the integrator calculation, process values
indeed do not change.

3. CASE STUDIES

The developed communication tools are first tested on a simple
two-phase separator. The second case study (a debutanizer
column) is instead used to compare different MPC designs.



Table 1. Features of feed stream (Brambilla, 2014).
Conditions

Pressure [kPa] 150 Vapor fraction 0.406
Temperature [◦C] 70 Mass flow [kg/h] 1000

Composition (mole fractions)
Ethane 0.02 Propane 0.10

n-Butane 0.15 n-Pentane 0.15
n-Hexane 0.15 n-Heptane 0.19
n-Octane 0.24
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Fig. 2. Unisim Design® PFD of the two-phase separator.

3.1 Two-phase separator

The simulated process comprises the separation of light com-
ponents of a hydrocarbon mixture in a two-phase separator. A
linear MPC is derived based on a SISO model identified by
simple step tests. The process aim is to separate the lightest
fractions, i.e, from n-butane to ethane (Figure 2). Before the
vessel, the feed is cooled to condensate heavy components and
obtain the desired composition at the separator vapor outlet,
that is, a total molar fraction of light components equal to
90%. The feed composition is reported in Table 1. At first, the
dynamic simulation is carried out by using material streams,
a chiller and a separator; the Peng-Robinson fluid package is
adopted. A variation in the separator feed temperature results in
a variation of the vapor outlet, both in composition and in flow
rate. Valves are located on the process boundaries streams to
calculate the pressure profile of the entire process; valves and
units are designed with suitable dimensions, as they strongly
affect process dynamics. Four PI regulators with fixed tuning
parameters (Kc = 1, τi = 1min) are adopted:

(1) FC-Feed: provides disturbance rejection and set-point
tracking (SP= 1000 kg/h); the control variable is the mass
flow rate while valve position is the manipulated one;

(2) TC-SepFeed: manipulates the chiller energy stream to
track the set-point on feed temperature (20 ◦C);

(3) PC-Sep: manipulates the valve position on the vapor
outlet to keep the pressure at its set-point (125 kPa);

(4) LV-Sep: regulates the valve position of the liquid outlet to
keep the vessel level at its set-point (50%).

The MPC solution is implemented to manipulate the set-point
of TC-SepFeed to follow a purity specification, that is a maxi-
mum n-hexane mass fraction in the vapor outlet of 0.035. The
spreadsheet SP1 is employed to exchange all major process
parameters and PI set-points. The input is the TC-SepFeed set-
point; the output is the mass fraction of n-hexane in the vapor
outlet (Vap in Figure 2). A first order plus time delay transfer
function is adopted as SISO model for the system. A non-
measurable disturbance is added to the inlet stream temperature
and simulated as a random walk variation from its steady-state
value. The transfer function is obtained with a graphic approach
from the step response. In particular, the evaluated parameters
are the static gain K = ∆y

∆x = 0.001705 and the time constant

Fig. 3. Separator case study: output, input, disturbance.

τ = 19.93 min, subject to yθ+τ = 0.63yss, where θ = 2TI , that
is, two integration time steps in UniSim Design® are considered
as time delay. The model is then converted into a discrete-time
state-space formulation, augmenting states number from 1 to 3
to include time delay, and implemented in the MPC algorithm
with the following parameters: 650 time samples for the whole
simulation, a prediction horizon of 50 samples, and a sampling
time TS = 10 s in the communication. An output disturbance
linear model is adopted to obtain offset-free control, i.e, Bd = 0
and Cd = 1, and Kalman filter is used as a state estimator. Out-
put set-point changes are scheduled over time; while input and
state set-points are fixed. Finally, bound constraints and tuning
for steady-state and dynamic optimization weight matrices are
properly defined. Both “Start&Stop” and “AlwaysOn” modes
are tested and compared over the same operating conditions.
The MPC proves to be effective and a new steady state is
reached after every set-point change despite the disturbance.
Figure 3 shows the time trend of input, output, actual distur-
bance, and disturbance estimate. Results obtained by the two
communication modes are comparable since time trends are al-
most perfectly superimposed; e.g., the RMSE between the two
outputs, normalized over the average value for the “Start&Stop”
mode, is 1.79 ·10−3. As expected, when the computational time
(∆Tc ' 13 ms) of the MPC algorithm is much smaller than the
communication sampling time, the delay effect given by the
online use of MPC can be successfully neglected. We stress that
this simple case could be easily managed by well-tuned PID
controllers and it is here used just to test the communication
setup. Further confirmations are to be obtained with larger scale
simulations, since for very complex processes, the computa-
tional time is higher and the delay effect more impacting.

3.2 Debutanizer column

The second example considered is an industrial debutanizer
distillation column with 40 trays. With reference to Figures
4a and 4b, the feed composition is reported together with the
other main stream parameters at the steady-state condition in
Table 2. The process aim is to split the feed to obtain a top
product with low levels of pentane and heavier components
and a bottom product with low levels of butane and lighter
components. In particular, the impurity targets are a maximum
molar composition of n-pentane in the distillate (xC5,D) and of
n-butane in the bottom (xC4,B), respectively, both equal to 0.005.
These specifications are the main indicators of good process



Table 2. Debutanizer: steady-state conditions to maintain.
Feature D B Light Heavy Feed
Mass Flow [kg/h] 2596 13404 6500 9500 16000
Temperature [◦C] 48.55 191.7 100 100 100
Pressure [kPa] 1210 1238 1280 1280 1280
Composition [mole frac]
Ethane (xC2) 0.0747 0.0000 0.0412 0.0000 0.0200
Propane (xC3) 0.3735 0.0000 0.2061 0.0000 0.1000
n-Butane (xC4) 0.5469 0.0049 0.3092 0.0000 0.1500
n-Pentane (xC5) 0.0048 0.2030 0.0844 0.2117 0.1500
n-Hexane (xC6) 0.0000 0.2048 0.1210 0.1773 0.1500
n-Heptane (xC7) 0.0000 0.2594 0.1218 0.2541 0.1900
n-Octane (xC8) 0.0000 0.3277 0.1160 0.3567 0.2400
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Fig. 4. Dynamic simulation of debutanizer case study.

performance, as in LNG distillation column trains (Luyben,
2013). It is worth underlining that top and bottom temperatures
are chosen to require the use of traditional utilities, that is,
tower cold water and medium-pressure steam; for this reason,
operative pressure is imposed accordingly. Five PI controllers
compose the standard control architecture:

(1) FIC-Feed: provides disturbance rejection and set-point
tracking for the column feed flow rate (FF ).

(2) PIC-100: manipulates the cold duty on the condenser to
keep column pressure at its set-point.

(3) LIC-COND: regulates the valve position of the distillate
stream to keep the condenser liquid level at set-point.

(4) LIC-REB: regulates the valve position of the bottom
product to keep the reboiler liquid level at its set-point.

(5) FIC-100: provides disturbance rejection and set-point
tracking on the reflux mass flow rate.

The various controllers were tuned both manually and with
the help of the autotuning function of UniSim Design®, after
a suitable detuning to avoid possible instabilities. Figure 4a
shows how the column feed is obtained by mixing two auxiliary
streams, a light and a heavy component one (Table 2). This
configuration is used to easily manipulate the feed composition
(FC); e.g., a higher flow rate of the light component stream
would result in a lighter composition of the column feed.

Table 3. Model variables and their initial condition.

Manipulated I.C. Controlled I.C.
Reflux mass flow SP (RSP) [kg/h] 3630 xC5,D [mole frac.] 0.0048
Pressure SP (PSP) [kPa] 1200 xC4,B [mole frac.] 0.0049
Reboiler duty (RP) [kW] 1486 Distillate valve [%] 50
Disturbances Bottom valve [%] 50
Feed mass flow rate (FF ) [kg/h] 16000 Reflux valve [%] 50
Feed composition (FC) [%] 50 Condenser valve [%] 50

System identification and validation. To apply the MPC, a
suitable process model is required; system identification is thus
performed. Data are collected with “Start&Stop” communi-
cation mode. The following parameters are set: a communi-
cation sampling time TS = 1 minute; 720 minutes of simu-
lation for the identification stage and 360 for the validation.
The main variables classified as manipulated, controlled, and
disturbances, are shown in Table 3, together with their initial
conditions (I.C.), which represent a steady-state point for the
system simulation. The reflux mass flow set-point is the first
manipulated, with a key role in the column top equilibrium: the
higher the reflux, the higher its cooling effect in the first stage.
Moreover, it has an economical implication, because higher
reflux, means higher thermal power to be provided to the con-
denser and reboiler. The column pressure set-point is the second
manipulated, since it strongly affects the equilibrium equations
along the column. The third manipulated is the reboiler duty:
thermal power at the reboiler strongly affects bottom composi-
tion. Disturbances, on FF and FC, are introduced by varying the
set-point of FIC-Feed and the valve opening of the auxiliary
light stream (VLV-Light in Figure 4a), respectively. First, two
controlled variables are xC5,D and xC4,B; as anticipated, their
target is to be always below 0.005. The other four controlled
variables are the opening percentage of four key control valves,
i.e, on distillate and bottom product, on the reflux, and on the
condenser, that is, on the cold utility. Valves must operate in the
range 5− 95% to avoid saturation conditions. A suitable data
campaign was performed to collect input and output data. To be
informative enough, manipulated inputs were modeled as GBN
signals, with a switching probability δ = 0.1, and different
amplitudes: ±30 kg/h for RSP, ±5 kPa for PSP, ±5 kW for RP.
Every input was firstly designed independently to register the
same impact on process outputs. Two disturbances were mod-
eled as random walk signals, with a standard deviation σ = 5
for FF and σ = 0.15 for FC. Outputs were verified to have the
same variation range in the identification and validation sets.

Model identification was achieved by using the SIPPY pack-
age (Armenise et al., 2018). All data were centered using their
initial value; different models and methods were tested: 2 input-
output models (ARX, ARMAX), and state-space models with 4
different subspace methods (N4SID, MOESP, CVA, PARSIM-
K). Subspace methods have been applied in innovation form, so
that, a Kalman filter matrix is adopted. The Akaike information
criterion (AIC) was used to find the best model order, in terms
of number of states, in the range [6÷20]. All methods produced
extremely accurate results and outputs trends were almost su-
perimposed. Further details are here omitted for the sake of
brevity. Validation was then performed on a different data set,
using state-space models in their process form, while input-
output models were in predictor form. Model performance was
assessed by the explained variance, defined as:

EV = 1−
1
N ∑

N
i=1(ŷi− yi)

2

σ2
y

(1)



Table 4. Model performance in validation.
ARX ARMAX PARSIM-K CVA MOESP N4SID

EV 0.9641 0.9642 0.9025 0.9468 0.9156 0.9387

where N is the number of time samples, ŷ is the model output,
σ2

y = 1
N ∑

N
i=1(ȳ−yi)

2 is the variance of the actual output y, with
respect to its mean value ȳ. Mean values of EV obtained for the
validation dataset are reported in Table 4. Note that values of
EV higher than 0.90 were obtained for almost all the methods
for all outputs. Finally, the 17-states state-space model obtained
with the CVA method was selected since it gave the best results
in terms of mean explained variance and model stability.

MPC design. Once identified and validated, the process
model is implemented into the MPCcode and the communi-
cation mode adopted is “Start&Stop”. The general model con-
sidered for the MPC is as follows:{ xk+1 = Axk +Buk +Bddk +Bmdm,k

dk+1 = dk
yk =Cxk +Cddk

(2)

in which d ∈ R6 is the so-called disturbance, x ∈ R17 are the
states, u ∈ R3 the inputs, and y ∈ R6 the controlled outputs.
Measurable disturbances (dm) can be included in the MPC
model to improve the prediction of the system behavior and
the control performance. Thus, the different MPC formulations
tested to investigate the effect of measurable disturbances are:

• MPC-0: no measurable disturbances;
• MPC-1: only feed flow rate (FF ) is measurable;
• MPC-2: FF and feed concentration (FC) are measurable.

The disturbances studied are two step changes introduced si-
multaneously at t = 50 min for 700 minutes on FF (+100 kg/h)
and on FC (+1% on the opening of light stream valve). An
output disturbance model is adopted, that is, Bd = 0 and Cd = I,
which allows offset-free behavior despite the process/model
mismatch. Initial values for the MPC simulation are those in
Table 3. As initial and linearization values for the states, a null
vector and C−1y0 have been chosen. A Kalman filter has been
adopted in the estimator module. The aim of the controller is
to reject the disturbances and maintain as much as possible the
process at the initial steady state. Obviously, this is not possible
in case of random disturbances, since, a new target is evaluated
at every sampling time from the stationary module. Input and
output constraints were chosen as a compromise between out-
put specification to be fulfilled and acceptable input variation
range to impose. To avoid computational caveats (unfeasibility
issues) in the optimal control problem, the upper bounds of
the impurities were imposed higher than corresponding steady-
state ones. Standard quadratic design is used for both optimiza-
tion modules. The tuning matrices are as follows:

• output steady-state, Qss = diag(102, 102, 0, 0, 0, 0). Being
the impurities control the main objective, the only non-
zero elements are the first two. Indeed, for the four valves
position, just the respect of the bounds is considered.
• input steady-state, Rss = 0: a null matrix is used since

input set-point tracking is not considered a priority.
• states dynamic, Q = CT QyC + 10−6I, where Qy = diag
(106, 106, 0, 0, 0, 0) is the output dynamic one. In this
way, Q is a full matrix; the identity term is added to avoid
malconditioning problems deriving from null terms of Qy.
• input variation dynamic, S = diag(10−4, 10−4, 10−4), val-

ues are small, since priority is given to output targets.

Fig. 5. Variables time trend for the debutanizer: first, two con-
trolled xC5,D and xC4,B (top), the three manipulated (mid-
dle), and the disturbance estimates on xC5,D and xC4,B (bot-
tom). The black horizontal lines are the bound constraints.

Result discussion. The mean computation time (∆Tc) to eval-
uate the optimal control input and deliver it back into UniSim
Design® is '83 ms, with a minimum value of '70 ms and
a worst case of '143 ms; simulations are performed on a
Windows 10 Pro x64, CPU 2.9 GHz i7, 16GB DDR3. Figure 5
shows the trends resulting from the application of the three
MPC formulations studied. The only one that does not violate
or activate any constraints is MPC-2. It can be seen that xC4,B
does not respect the upper bound (at t ' 120 min) for MPC-0
meaning that the nature and the intensity of the disturbances
are capable to worsen the controller performance. On the other
hand, also xC5,D overcomes the upper threshold when only
FF is considered measurable (MPC-1). Explanations for this
behavior could rely on a not accurate model dynamics for the
disturbance on FF . As a matter of fact, the second-last panel
of Figure 5 shows that dxC5,D for MPC-1 and MPC-2 has a
completely different trend with respect to the one for MPC-0,
because it has to assume complete different values to balance
the measurable disturbance being overestimated. When only
FF is considered measurable (MPC-1), dxC5,D increases even
more and causes the controller performances to worsen until
failing the output upper bound. For a numerical comparison,
the following cost function has been used as a metric of error:

VTOT =
Nsim

∑
k

∥∥yk− ysp
∥∥2

Qy
+

Nsim−1

∑
k
‖uk+1−uk‖2

S (3)

This is a minimized expression that takes into account the
controlled output differences with the set-point (ysp) and the
input variations. To study how every term of Eq. 3 changes



Table 5. Numerical comparison of three studied MPC.
MPC-0 MPC-1 MPC-2

V(xC5,D) 3.04 ·10−6 8.45 ·10−6 5.00 ·10−6

V(xC4,B) 3.60 ·10−6 1.11 ·10−6 0.79 ·10−6

V(RSP) 296.24 483.85 841.57
V(PSP) 6.22 6.42 8.46
V(RP) 19.42 44.07 36.16
VTOT 6.64 9.56 5.81

with the different controllers, the corresponding square norm
is reported in Table 5 as V (i), where i is a specific output
or input. VTOT provides a general idea of the performance
of the three MPCs; this metric is expected to get smaller if
measurable disturbance dynamics are considered. MPC-2 is
indeed the best solution; nevertheless, the result for MPC-1 is
almost double that of MPC-2 and even worse than MPC-0. The
reason seems to be poor modeling of FF which may depend
on the identification method adopted, but also on a possibly
misleading data collection campaign. Further analysis will be
carefully developed in future works to improve such results by
also testing MPC-1 behavior when considering the effect of the
two active disturbances separately.

4. CONCLUSIONS

In this paper, a complete virtual procedure for the investigation
of a custom MPC algorithm developed in Python is presented.
The controlled process is dynamically simulated via a rigorous
thermodynamic model in a well-established commercial soft-
ware: UniSim Design®. The communication between the two
software has been carried out successfully with two different
modes: “Start&Stop” and “AlwaysOn”. This allows the devel-
opment of custom MPC algorithms and their testing on highly
complex controlled processes. The framework was tested on
two cases (SISO and MIMO). For the MIMO process, a model
has been identified and validated using system identification
on the basis of simulation data. Different MPC formulations
have been investigated by considering or not the measurable
disturbance within the controller design. As results, including
the disturbance dynamics in MPC can improve substantially its
performance. As more measurable disturbances are included in
the MPC predictions, the performances are better, but the type
and level of the disturbances may affect these improvements.
Next steps will include system identification performed in
closed-loop mode, that is, with cascade controllers on top and
bottom impurities. Another aspect to be investigated is the com-
putational burden of a large rigorous simulation to be controlled
by using the “AlwaysOn” communication mode, eventually
evaluating the limiting factors. In such cases, possible advan-
tages could rely on separating control and prediction horizons
(e.g. with a moving block strategy). Moreover, different types
of process disturbances (e.g., random walk) and enhanced pre-
dictive controllers will be tested; in particular, both economic
and nonlinear MPC are to be applied to evaluate the effective-
ness on complex processes of algorithms recently proposed in
the literature (Vaccari et al., 2021).
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