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Abstract— Industrial heat processes are one of the most
energy-intensive and polluting activities in the industry. Con-
centrated solar energy could be used to supply thermal energy
to industrial processes, however, the intermittency of this energy
source makes it difficult to satisfy a specific energy demand.
Adaptation to this high variability can be achieved by using
real-time control of solar plants in combination with energy
storage systems. To address this issue, this paper presents a
real-time control strategy of a parabolic trough solar plant
used to produce industrial heat. The control strategy uses a
Model-based Predictive Control (MPC) method based on an
optimization algorithm, with the objective of satisfying a heat
demand by modifying the mass flow rate of the heat transfer
fluid in the storage system, which is a thermocline tank. In order
to determine the behaviour of the solar plant, the optimization
algorithm requires forecasts of solar irradiance, however, it
is well-known that short-term forecasts of this quantity are
difficult to obtain due to atmospheric disturbances. Therefore,
the influence of forecast errors has been assessed to ensure
the robustness of the control strategy using available forecast
models: a smart persistence of incident solar energy and a
model relying on the analysis of ground-based sky images. The
integration of these predictions has also been studied to reduce
the performance loss due to forecast errors by adapting the
forecast horizon and integrating measured data.

I. INTRODUCTION

Decarbonization of the industrial sector is a major chal-
lenge to reduce climate change. Thermal energy is one of
the most consumed energy types by industrial processes and
is mainly provided by natural gas combustion. Concentrated
Solar Thermal (CST) seems a relevant carbon-free alternative
for industrial heat production, due to its high conversion
efficiency [1]. Furthermore, this technology can provide
thermal energy on a wide temperature range [2], [3]. An
industrial heat process is characterized by both the required
temperature and the thermal power demand; therefore, CST
plants need to adapt to the high variability of solar irradiance
to meet these requirements. In order to limit these variations,
CST plants usually include energy storage systems [3], which
have to be controlled to satisfy the thermal power demand.

In Section II, we present a control strategy to satisfy a
heat demand applied to a small-scale CST plant. This plant
is equipped with three parabolic trough solar collectors, for
a recoverable thermal power of 150kW. It is equipped with
a thermocline tank to store energy and heat exchangers for
transferring thermal power to an industrial process. A heat
transfer fluid flows between these three systems. The plant
works between a low fluid temperature of 220 °C and a high
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fluid temperature of 300 °C [4]. The thermocline tank stores
both hot and cold fluid with a temperature gradient along
the height of the tank. This temperature level is adequate for
various industrial processes such as food processing, textile
treatment or paper production [1]. The simplified architecture
of this power plant is given in Figure 1, while Table I details
the most important variables.
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Fig. 1: Interactions between the three systems.

TABLE I: Variables describing the CST plant.

Description Unit
Hicoll Mass flow inside the solar collectors kgs™!
. Upward mass flow inside the Kos— ]
Mthcl thermocline tank gs
Filexch Mass flow inside the heat exchangers kgs™!
Transferred power through the heat
Pexch w
exchangers
Pgemand  Thermal power demand W
DNI Direct Normal Irradiance Wm—2
T HTF temperature at the inlet of the °C
coll,in solar collectors
T HTF temperature at the outlet of the °C
collout  solar collectors
T HTF temperature at the bottom of the °oC
thelbot  thermocline tank
T HTF temperature at the top of the °C
theltop  thermocline tank
T ) HTF temperature at the inlet of the heat C
exchin  exchangers
T HTF temperature at the outlet of the °C
exchout  heat exchangers
Acoll Surface covered by the solar collectors m?
v Volume inside the solar collectors 3
coll absorber tube m
Neoll Efficiency of the solar collectors -
Pr Density of the heat transfer fluid kgm 3
cr Heat capacity of the heat transfer fluid JK Tkg™!

A common issue in CST plant operation is that solar
irradiance is hard to forecast, due to the complex behaviour



of clouds. Many methods involving physical modelling, ma-
chine learning or deep learning have already been developed
[5], but some models based on the analysis of ground-based
sky images seem promising for short-term forecasting [6],
[7], [8]. As we must ensure our control strategy can adapt
to DNI forecast errors, a robustness analysis is presented in
Section III. An improvement of the DNI forecast integration
is then presented in Section IV to reduce the performance
loss due to these forecast errors.

Literature on control of solar plants mainly focuses on
control strategy development [9], [10], and little on robust-
ness to perturbations such as DNI prediction error [11], [12].
Furthermore, only few studies integrate a thermocline storage
tank in a control strategy [13], [14].

II. CONTROL STRATEGY DESCRIPTION

The control strategy relies on adapting the storage tank
operation to DNI variations. Its objective is to satisfy the re-
quired heat demand by modifying the upward fluid mass flow
inside the thermocline tank . The implemented control
strategy is based on Model-based Predictive Control (MPC),
since this is a widely used strategy in the concentrated
solar context [15], [16], [17]. The MPC strategy consists
in finding the best control inputs over a sliding horizon,
applying only the first control input to the CST plant and
repeating these steps by shifting the sliding horizon. This
control strategy is relevant in situations in which we need to
take into account the future system states to determine the
current control inputs, which is often the case in the CST
context due to DNI variability. In our case, the best control
inputs are determined using an optimization algorithm that
minimizes the deviation between the power transferred to
the industrial process Peycnh and the heat demand Pyemand,
while satisfying mass flow constraints (a negative rityp
means the thermocline tank is charging). The optimization
problem solved at each iteration, using Sequential Quadratic
Programming (SQP), is formulated in Equation (1).

min
titghel ER”
s.t. 0 < ritgne (k—l— i) +I’i1co||(k—‘r i) < Timax,

vie[o,n—1] (1)

n—1
Z (Pexch (k+ i) — Pdemand (k + i))z
i=0

In this equation, the index k represents the starting time step
of the current optimization horizon. The exchanged power
P..ch needs to be determined as a function of ritp¢, which is
achieved by modelling the temperature of the heat transfer
fluid that circulates in the CST plant [18]. This modelling
relies on thermodynamic interactions occurring inside the
thermocline tank and the solar collectors to determine the
heat exchangers inlet fluid temperature Teychin, thus calcu-
lating the exchanged power using Equation (2), with a fixed
outlet fluid temperature Teych out = 220 °C:

Pexch = (mcoll + mthcl)cf(Texch,in - exch,out) )

Furthermore, the mass flow inside the solar collectors ritg
is determined before the optimization starts so that the col-

lectors outlet fluid temperature value is stabilized around the
high temperature of Tcqout = 300 °C, using the forecasted
DNI values. The mass flow is calculated from the inlet fluid
temperature Tcq)in, the collectors efficiency 7con, the solar
field surface Ao and the fluid properties, using Equation (3):

choII,out

dr = DNINcoliAcoll

PrVeolict

- mcollcf(Tcoll,out - Tcoll,in) (3)

This thermodynamic equation assumes that the fluid tem-
perature inside the solar collectors is homogeneous. Despite
simplifying the real system, it stills provides satisfying inputs
to maintain the required temperature [18].

An estimation of the optimal mass flow in the thermo-
cline tank rity) is computed to initialize the optimization
algorithm. If the solar collectors can gather enough power
to satisfy the heat demand, the thermocline tank is charged
with the excess production and ity is determined using
Equation (4). In the other case, the storage tank is discharged
to provide the missing thermal power to meet the heat
demand and iy is determined using Equation (5).

Pdemand ~ ity
Cf(Tcoll,out - Texch.out) on 4)

if mcoIICf(Tcoll,out - Texch.out) P Pdemand
Tilthel =
Pgemand — mcollcf(TcoILout - Texch.,out)

Cf(Ttth,top - exch,out)
if mcollcf(Tcoll,out - Texch,out) < Pgemand

)

&)

Each MPC iteration is separated by Az = 30s and the opti-
mization horizon is nAt = 120 s, these hyperparameters were
proven to give satisfying results regarding deviation from
the objective, maximum demand overshoot and optimization
execution time [18]. The optimized mass flow for the current
time step ri}, (k) is then applied to an accurate model of the
thermocline tank [19] and the solar collectors [20] in order
to simulate the plant’s response to this control input.

An example of control results is presented in Figure 2. The
DNI values used for this simulation, presented in Figure 2a,
were measured the on October, 11, 2019, starting at 9 a.m.;
for this example only, we assume that the DNI values are
perfectly forecasted. The mass flow inside the solar collectors
rieon and the optimized mass flow inside the thermocline
tank sy, are plotted in Figure 2b; we can note that the
thermocline tank alternates between charge (riihe < 0) and
discharge (riithe > 0) to account for the solar collectors
cutting off during drops of DNI. The resulting exchanged
power Peych and the heat demand, which is constant at 30 kW,
are presented in Figure 2c. The exchanged power meets the
heat demand with small deviations and overshoots despite
the highly varying DNI of an overcast sky situation. Finally,
Figure 2d zooms in on the heat demand to better highlight
exchanged power fluctuations. Since we are using perfect
forecasts, the observed deviations only come from modelling
errors in the objective function.
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(a) Measured DNI values.
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(b) Mass flow inside the solar collectors and the thermocline tank.
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(c) Thermal power transferred through the heat exchangers.
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(d) Thermal power transferred through the heat exchangers (zoomed
around the heat demand).

Fig. 2: Results of the control strategy in the case of perfect
forecast.

ITII. INFLUENCE OF DNI FORECAST ERRORS

In order to assess the robustness of this control strategy, we
can assess the control performance degradation when using
actual DNI forecasts, taking into consideration two criteria:
the deviation from the heat demand and the maximum
overshoot. Two forecast models have been used: the smart
persistence and an advanced image-based model [8].

The smart persistence model assumes that the DNI ab-
sorption from atmospheric disturbances is constant over the
forecast horizon. The DNI can be expressed as Equation (6):

DNI = k.DNI. (6)

where:

o DNI is the DNI value that would be measured if the
sky was clear of atmospheric disturbances; it can be
determined using an available model [21];

e k. is the clear-sky index, depicting the percentage of
DNI absorbed by atmospheric disturbances; this is the
value that is considered constant over the forecast hori-
zon when using the smart persistence model.

The image-based forecast model (called hybrid model) is
more complex: it relies both on past DNI measurements
and ground-based sky images to forecast solar irradiance.
The sky images are analysed to determine the cloud motion
and several neural networks are applied to the input data
to determine image and DNI features and finally the DNI
forecast. Since this forecast method is complex, the reader
is referred to the original article for its full description [8].

Figure 3 shows the forecasted DNI values for a forecast
horizon of 15min according to the two models along with
measured values. The hybrid model produces more accurate
forecasts than the smart persistence model, and is able to
detect DNI ramps more precisely. Indeed, the Root Mean
Square Error (RMSE) between measured and forecasted DNI
values is 6.49 W m~2 when using the smart persistence model
and 4.47 Wm~2 when using the hybrid model. The measured
DNI is the one used in Figure 2 to simulate the perfect
forecast.
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Fig. 3: 15 min-ahead forecasts of DNI according to the two
forecast methods.

To analyze the robustness of our control algorithm, we can
compare the performance drop of the control algorithm by
using the DNI forecasts provided by the smart persistence
or the hybrid model (with a 15min forecast horizon), as
presented in Table II. We can see that we only get slight
deviations from the objective and little to no increase in
the overshoot for both forecast methods. The hybrid model
performs best and even accidentally reduces the maximum
overshoot. In can also be noticed that despite the lack of
precision of the smart persistence model on this long forecast
horizon, the control algorithm still manages to maintain a
low deviation from the objective. Figure 4 presents results
when using the hybrid model: the mass flows (Figure 4b)
are similar to those obtained with perfect forecast, while the



exchanged power fluctuations (Figure 4d) are more important
in this situation.

TABLE 1II: Performance of the control strategy using DNI
forecasts.

Deviation from Maximum
the objective (kWh)  overshoot (%)
Perfect forecast 0.991 6.27
Smart persistence model 2.10 8.62
Hybrid model 1.82 6.10

The integration of forecasted DNI values could be im-
proved to reduce the performance drop of the control algo-
rithm. Indeed, the chosen forecast horizon of 15 min is not
adapted to the optimization horizon of 120s. Since forecasts
on shorter horizons are usually more accurate [7], [8], the
control strategy could benefit from adapting the forecast
horizon to the optimization horizon. Additionally, we can
update the past DNI forecasts at every MPC iteration to
improve their accuracy using the shortest forecast horizon
possible. This requires the hybrid model to be executed many
times during the control process, which can be done since
its execution time is rather low, at around 1.6s [8].

IV. IMPROVING DNI FORECASTS INTEGRATION

As discussed in Section III, the integration of DNI fore-
casts can be improved. The control algorithm uses DNI
values to determine the mass flow inside the solar collectors
Tieon using Equation (3) over the optimization horizon of
120s. Therefore, at the time ¢, we only need DNI values in
the interval [z, ¢+ 1205].

We can then provide the control algorithm with measured
DNI for the first time step and forecasted DNI for the
remaining time steps. Since we are using a 30s-long time
step, we only require DNI forecasts at r+30s, r+60s and
t+90s. This improved DNI forecast integration method was
also used in similar works [22]. On these very short-term
horizons, the forecast models presented in Section III give
more accurate DNI values. DNI data measured on March 1,
2022 starting at 8 a.m., typical of a clear-sky situation with
some cloudy events, are presented in Figure 5, along with
forecasted DNI values over a horizon of 90s. The RMSE
between measured and forecasted data is 0.74 Wm™2 using
the smart persistence model and 0.14 W m~2 using the hybrid
model. Both the smart persistence and hybrid model perform
well with this forecast horizon.

The results obtained with perfect forecast are presented in
Figure 6. The exchanged power quickly matches the heat
demand as in the previous situation; however, the small
instabilities are lower due to less varying DNI values, as
shown in Figure 6¢c. We can also notice in Figure 6a that
the mass flow inside the solar collectors reaches a maximum
value: this is due to the thermocline storage tank being full
of hot fluid, therefore increasing the solar collectors inlet
temperature. In this case, the collectors are slightly defocused
to avoid overheating the heat transfer fluid by curtailing the
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(a) Measured DNI values.
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(b) Mass flow inside the solar collectors and the thermocline tank.
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(c) Thermal power transferred through the heat exchangers.
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(d) Thermal power transferred through the heat exchangers (zoomed
around the heat demand).

Fig. 4: Results of the control strategy with hybrid forecast
model.

incident solar energy. This situation creates small deviations
in the exchanged power.

The results obtained using actual DNI forecasts are pre-
sented in Table III. The loss in the deviation from the
objective and the maximum overshoot are almost nonexistent
for both forecast models. For understanding purposes, the
relative increase in the deviation from the objective, com-
pared to the results obtained with perfect forecast, is equal
to 0.008 % for the smart persistence model and 0.003 % for
the hybrid model. This is due to better forecast accuracy and
the integration of measured DNI values to correct forecast
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Fig. 5: 90s-ahead forecasts of DNI values with the smart
persistence and hybrid models.
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(a) Mass flow inside the solar collectors and the thermocline tank.
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(b) Thermal power transferred through the heat exchangers.
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(c) Thermal power transferred through the heat exchangers (zoomed
around the heat demand).

Fig. 6: Results of the control strategy with perfect forecast
for the adapted forecast horizon situation.

errors. As a comparison, the results obtained using the hybrid
forecast model are presented in Figure 7. There is almost
no difference with perfect forecast, instabilities only come
from the inherent modelling errors. These results show the
robustness to forecast errors of the control strategy in this
situation, and we can expect it to behave in the same way
on varied DNI data.

TABLE III: Performance of the control strategy with im-
proved DNI forecast integration.

Deviation from Maximum
the objective (kWh)  overshoot (%)
Perfect forecast 1.79 4.10
Smart persistence model 1.79 4.10
Hybrid model 1.79 4.10
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(a) Mass flow inside the solar collectors and the thermocline tank.
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(b) Thermal power transferred through the heat exchangers.

32
b= L
gﬂ i 30 — — e — - —————
£ 5
Qo
it

28 ’ — Simulation result Heat demand |

| I I I I I I |
0 1 2 3 4 5 6 7 8 9
Time (h)

(c) Thermal power transferred through the heat exchangers (zoomed
around the heat demand).

Fig. 7: Results of the control strategy with improved DNI
forecast integration using the hybrid model.

V. CONCLUSION

This paper presents a control strategy intended for concen-
trated solar thermal plants aiming at satisfying an industrial
process heat demand. The strategy relies on the Model-based



Predictive Control (MPC); an optimization algorithm is used
to find the best control inputs. An analysis of the robustness
of the strategy has been conducted to ensure it performs
well in case of forecast errors. The analysis is based on two
criteria: the deviation from the objective and the maximum
overshoot. An improvement of DNI forecast integration into
the control algorithm has then been implemented to reduce
the performance drop due to forecast errors. The obtained
results show that the control strategy is still reliable with
almost no loss in deviation from the objective and maximum
overshoot.

In order to ensure the reliability of this control strategy
on varied situations, we also need to evaluate it according to
different thermal power demands. Finally, implementation on
a real CST plant and experimental validation of the control
strategy are necessary to prove its relevance.
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