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1. Introduction
In photovoltaic applications, a well-formed
structure of perovskites reduces the recombina-
tion of charge carriers, leading to higher effi-
ciency. The more symmetric and homogeneous
its structure is, the better its energy trans-
fer. The dynamic adjustment of the evapora-
tion rate, based on real-time measurements and
structural stability models, could optimize per-
ovskite manufacturing in the industry.
A widely used technique to create perovskites is
thermal evaporation, which involves controlled
deposition of chemical compounds onto a sub-
strate. One of the main challenges is to opti-
mally adjust the evaporation rate and enhance
its transient, as they are essential to improv-
ing the quality of the perovskite. However, cur-
rent thermal evaporation control is based on the
equipment’s built-in PID controller, and rate ad-
justments can be made by changing the chemical
compounds’ properties or modifying the refer-
ence from a Human-Machine Interface (HMI).
Although various studies have analyzed basic
parameter adjustment techniques, the applica-
tion of advanced control techniques such as
Model Predictive Control (MPC) to regulate the
deposition rate in thermal evaporation processes
while optimizing different cost functions remains

largely unexplored. This gap in the literature
suggests an opportunity for further research in
this domain and will be explored in this work.
Therefore, the objectives of this study are: i)
modeling the process dynamics based on histori-
cal experimental data, and ii) developing an ad-
vanced controller that integrates rate and tem-
perature control to optimize performance while
considering the process dynamics and its op-
erational constraints. This study is based on
real thermal evaporation data of perovskites pro-
vided by the Institute for Solar Energy Re-
search in Hamelin (ISFH), ensuring a realistic
and application-oriented approach.

2. System Description
Co-evaporation and sequential evaporation are
two key techniques for perovskite-based solar
cell fabrication, each influencing film quality,
composition, and device performance.
Figure 1 shows a schematic diagram of the ther-
mal evaporation process, which consists of a con-
trolled deposition of chemical compounds on the
substrate. The system considered in this work
involves the evaporation of hole transport mate-
rials (SpiroTTB), inorganic salts (PbI2, CsBr)
and an organic compound (FAI). The main
stages of the process are:
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Figure 1: Thermal evaporation process scheme.

• Preparation: The substrate as a glass or
silicon wafer is prepared, cleaning its sur-
face and put in place in the high-vacuum
chamber. The material is then crushed in
a mortar to obtain a fine and homogeneous
powder which is placed in a crucible inside
the chamber.

• Evaporation: The materials are heated
in the vacuum chamber until they evapo-
rate, evaporation rate and temperature are
carefully controlled with a monitoring sys-
tem to obtain a high-quality perovskite film
with the desired stoichiometry. Eventually,
the evaporated materials condense onto the
substrate, forming a thin film.

• Reaction and formation of perovskite:
The deposited FAI diffuses into the organic
layer, reacting to generate the structure.
Finally, annealing was also applied to opti-
mize the crystallinity of perovskite and pho-
tovoltaic properties.

The laboratory equipment uses a built-in cas-
cade control scheme with PIDs, as shown in
Figure 2. Note that the plant (evaporator) is
supplied by power µ(k) and has as output the
measurement of temperature T (k) and rate r(k)
using, respectively, a Thermocouple (TC) and
a Quartz Crystal Microbalance (QCM) sensor.
The measured rate is used in the external con-
trol loop to be compared with the rate reference
(rref) inserted by the operator using an HMI.
The external loop is in charge of computing an
adequate temperature reference and use that er-
ror in a second PID. This second controller in
the internal loop computes a control action in

Figure 2: Current setup control block diagram

percentage of nominal power. Then, the supply
is intended to transfer power in an efficient way
and act on the evaporator heater to increase or
decrease temperature, controlling rate in an in-
direct manner.

3. System Identification
Since the overall system has a cascade scheme
with feedback of temperature and rate, it is
reasonable to divide the plant into two subsys-
tems. The first one relates power and tempera-
ture (G1) while the second one relates tempera-
ture with rate (G2), as shown in Figure 2.

3.1. Grey-box model
Hereunder, it is explained in detail some previ-
ous system knowledge and the intuition of data
visualization that led us to select an appropriate
grey-box model for all the compounds involved
in the perovskite formation.
• Temperature dynamics (G1): The tem-

perature of the material can be found us-
ing a direct proportional relationship with
the power supplied. This heat transfer in-
volves a first-order model due to the ther-
mal capacitance and the thermal resistance
of the overall system. Once the tempera-
ture reaches the setpoint, its behavior turns
nonlinear. However, linearizing around the
operation point, we can justify a first-order
model with dependence of the input.

• Evaporation rate dynamics (G2): The
rate can be modeled using a 3rd-order
linear-time invariant model. There are
some additional features involved that drive
this model choice, e.g., thermal inertia of
the material, diffusion in the vacuum cham-
ber, condensation and absorption on the
substrate, heat losses, and control system
effects.
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Figure 3: Data response from PbI2 evaporation.

Figure 4: Block diagram for piecewise dynamics.

A system response from the dataset is shown
in Figure 3. Note that considering an aver-
age constant input, the temperature response
can be easily modeled as a first-order system
with defined time constant. On the other hand,
the evaporation rate in Figure 3 shows a de-
lay because a shutter in the equipment prevents
the evaporation until temperature reaches the
volatility value. It also shows an overshoot and
damping behavior, suggesting that the model
must be second or higher order, confirming the
third-order suggestion proposed in the litera-
ture [1]. Besides, it is necessary to add the dy-
namics of the non-minimum phase introduced
by unstable zeros due to the undershoot phe-
nomena in the organic compound FAI. Due to
the previously mentioned features, the overall
model can be represented using a step multipli-
cation to the temperature input, as shown in
Figure 4. This behavior can be represented as a
step signal µ(k−km), where km is the instant of
time when temperature has reached the volatil-
ity value, which has been identified from data.
The equations for the state-space model are:

[
x1(k + 1)
x2(k + 1)

]
=

[
A1 0

µ(k − km)B2 C1 A2

] [
x1(k)
x2(k)

]
+

[
B1

µ(k − km)B2D1

]
P (k) +

[
0

µ(k − km)B2To

]
,

r(k) =
[
0 C2

] [x1(k)
x2(k)

]
.

3.2. Data collection
Data from SpiroTTB, PbI2, CsBr and FAI evap-
oration processes were provided by ISFH - Pho-
tovoltaics laboratory. The information was sent
with the associated timeline, power input sup-
plied by the converter, temperature inside the
vacuum chamber, deposition rate, thickness,
and accumulated thickness. The setpoint val-
ues and PID parameters were also included in
some datasets. The reproducibility, calibration,
and methodology are reserved by the research
institute.

3.3. Data Pre-processing
Raw data collected from sensors, experiments or
simulations often contains noise, outliers, incon-
sistencies or missing data which can reduce the
true information that the set provides for sys-
tem identification. Proper pre-processing miti-
gates these issues by cleaning, normalizing and
transforming data into a usable form. The oper-
ations performed includes Data trimming, Zero-
offset adjustment, and Noise filtering using a 4th

order butterworth filter.

3.4. Identification methodology
For the temperature model G1, it was identi-
fied by using a second-order system with two
zeros. Then, it was reduced to a first-order sys-
tem using the balanced truncation method sim-
ilar to [2] . This operation reduced the fitting
error in the model, since converted it into an
expression that highly depends on input value
(D1 ̸= 0). Concerning the rate model G2, the
dynamics can be modeled using a linear time-
invariant system of third order with one zero to
represent the inverse response. Figure 5 shows
the response of the identified model for PbI2
compared with ground truth data. Table 1 indi-
cates the cross-validation FIT (%) value for all
the identified models.
Gain scheduling interpolation allowed us to use
a set of local linear models to control a system in
different operating regions. It is useful when the
system has a linear behavior around the opera-
tion point, but its global behavior significantly
varies with each setpoint.
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Figure 5: PbI2 material: Temperature and rate
for 0.5 Å/s setpoint.

FIT %
Temperature

FIT %
Rate

S.TTB 92.24% 97.66%

PbI2 91.25% 78.92%

CsBr 87.36% 85.23%

FAI 81.48% 81.44%

Table 1: FIT% for system modeling

Crosstalk in co-evaporation was also measured
by evaluating the Pearson correlation between
the power input of PbI2 and the synchronous
evaporation rate of CsBr. PbI2 dynamics and
its generalized fourth-order model in state-space
representation are used to develop the advanced
controllers.

4. Model Predictive Control
The MPC technique is a numeric-based con-
troller, since it is not implemented as an an-
alytical function of past and present measures
but makes numeric computations online. It uses
a receding horizon and optimizes an objective
function to compute the optimal control input
in a prediction horizon N . Then, it applies only
the first control input and the same procedure
is repeated at the next iteration [3].
The objective function to minimize over the pre-
diction horizon is given by:

J =

N−1∑
t=0

(
x(t)TQx(t) + (yref − y(t))TQe(yref − y(t))

+ µ(t)TRµ(t)
)

Therefore, the control problem is the following:

min
µ̄(·,t)

J
(
x(t), µ̄(·, t)

)
,

s.t.:
˙̄x = f(x̄, µ̄), x̄(t, t) = x(t)

µ̄(τ, t) ∈ U, ∀τ ∈ [t, t+N ]

x̄(τ, t) ∈ X, ∀τ ∈ [t, t+N ]

y(t) = Cx(t)

x0 =
[
−30600, 0, 0, 0.1169

]
U : 0 ≤ µ(t) ≤ 60%, ∀t ≥ 0

X : {x ∈ R4 | x = (x1, x2, . . . , x4)}
A meticulous parameter selection, penalization
weight tuning (Q ∈ R4, Qe, R ∈ R), and stabil-
ity and feasibility analysis were also conducted
to ensure proper tracking convergence of the
closed-loop system.

5. Reference Governor MPC
The motivation for a MPC-based Reference
Governor (RG-MPC) control approach in the
MiniSpectros equipment comes as a necessary
solution to the imposed limitations in the cur-
rent system architecture. Particularly, the im-
possibility to remove the built-in PID controllers
due to cost, technical complexity and security
considerations, makes unfeasible the complete
redesign of the control system.
The study [4] proposes an MPC-based reference
governor for different types of controllers, specif-
ically when the process is controlled by a set of
PID controllers due to their extensive use in in-
dustry. For the reference governor approach, it
is needed a model for the overall closed-loop sys-
tem (see Figure 6), which should be asymptoti-
cally stable.
By imposing control output to be a state, and
using the configuration shown in the block dia-
gram of Figure 7 for cascade control, we obtain
the state-space representation shown in equa-
tion (1). This approach was used to penalize
the saturations of the power input and tempera-
ture reference as states. Then, the new objective
function for the RG-MPC is defined as:
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Figure 6: RG scheme with PID controller [4]

Figure 7: Cascade overall system

J =
N∑
t=1

(
∥Qry(r − yt)∥2 + ∥Qrw(r − wt)∥2

+∥Qwy(wt − yt)∥2 + ∥Qdw(wt − wt−1)∥2
)

subject to the same optimization problem de-
fined in MPC, but with an additional constraint
for the virtual reference:

0 ≤ wt ≤ 0.65,

where Qry penalizes the difference between mea-
sured output and reference, Qrw penalizes the
convergence of the shaped reference, Qwy en-
sures that the evolution of closed-loop system
to the shaped reference. Finally, Qdw dampens
the fluctuation throughout the prediction win-
dow [4]. It should be noted that the penalty
matrices must be positive definite to guarantee
a unique solution in a strictly convex optimiza-
tion problem.
The MPC algorithm assumes that states are de-
fined on the model prediction and the applied
input. Nonetheless, in the deployment of the
controller, it is necessary to estimate the states.
A Kalman filter observer was also developed and
designed based in the rate sensor noise variance
from data.
Figure 8 shows the error and control signal ob-
tained for the MPC applied to the identified
plant, the RG-MPC applied to the overall cas-
cade scheme and the PID response from data.
Note that in RG-MPC architecture, the optimal

control law µ∗(t) is the virtual reference w(t).
Figure 9 illustrates the optimal rate reference.
Some performance indicators such as the Inte-
gral Square Error (ISE) and the Integral Square
Control Output (ISCO) were computed for a
2000-second simulation and the results are de-
tailed in Table 2.
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Figure 8: Error and Control action

Figure 9: Virtual reference vs time

ISE ISCO

RG-MPC 26.19 3.65·106

MPC 32.91 4.87·106

PID 54.05 4.93·106

Table 2: ISE and ISCO values.

5



Executive summary Juan Diego Zambrano Torres

Ao =

 Ac1 02×2 −Bc1Cp1

Bc2Cc1 − βBc2Dp2Dc2Dc1 Ac2 − βBc2Dp2Cc2 −Bc2Dc1Cp1 −Bc2Cp2 +Σ
βBpDc2Cc1 βBpCc2 Ap − βBpDc2Dc1Cp1 − βBpDc2Cp2

 , (1a)

Σ = βBc2Dp2Dc2Dc1Cp1 + βBc2Dp2Dc2Cp2, β = (I +Dc2Dp2)
−1 , (1b)

Bo =

 Bc1

Bc2Dc1 − βBc2Dp2Dc2Dc1

βBpDc2Dc1

 , (1c)

Co =
[
βDpDc2Cc1 βDpCc2 Cp − βDpDc2Dc1Cp1 − βDpDc2Cp2

]
, (1d)

Do = βDpDc2Dc1. (1e)

RG-MPC output shows a reduced transient
time, and improvement in reference tracking,
while the input keeps inside the constrained set.
Finally, virtual reference is inside the imposed
constraint and eventually converges to the global
reference (see Figure 9).

5.1. RG-MPC: A path to deployment
In this work, a Raspberry Pi 5 was implemented
as an embedded platform for real-time control
and optimization while maintaining closed-loop
interaction with a Simulink-based simulation
model. Before implementation, system inter-
faces and ports were analyzed to ensure proper
integration and data flow. As a proof of concept
for potential deployment, the optimization prob-
lem was solved in real-time on the Raspberry Pi
using CasADi in Python and transmitted via se-
rial communication to Simulink using Hardware
in the Loop (HIL).

6. Conclusions
The application of the RG-MPC in the ther-
mal evaporation process has demonstrated supe-
rior control performance. As shown in Table 2,
RG-MPC achieved the lowest ISE, significantly
improving precision by 51.54% in process regu-
lation in comparison with PID, while standard
MPC improved by 39.11% with respect to built-
in PID. Moreover, the ISCO metric, which eval-
uates control effort, is also smaller, indicating
smoother adjustments in the evaporation condi-
tions. These results confirm that RG-MPC ef-

fectively enhances the stability and accuracy of
the deposition process, ensuring quality in per-
ovskite formation.
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