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Abstract: Weather conditions have significant impacts on the solar concentration processes of the
heliostat fields in solar tower power plants. The cloud shadow movements may cause varying
solar irradiance levels received by each heliostat. Hence, fixed aiming strategies may not be able to
guarantee the solar concentrating performance. Dynamic aiming strategies are able to optimize the
aiming strategy based on real-time shadowing conditions and short-term forecast, and, therefore,
provide much more robust solar concentration performance compared to fixed strategies. In this
work, a model predictive control approach for s heliostat field power regulatory aiming strategy was
proposed to regulate the total concentrated solar flux on the central receiver. The model predictive
control method obtains the aiming strategy, leveraging real-time and forecast shadowing conditions
based on the solar concentration model of the heliostat field. The allowable flux density of the
receiver and the aiming angle adjustment limits are also considered as soft and hard constraints in
the aiming strategy optimization. A Noor III-like heliostat field sector was studied with a range of
shadow-passing scenarios, and the results demonstrated the effectiveness of the proposed method.

Keywords: dynamic aiming strategy; model predictive control; cloud shadowing; optimization

1. Introduction

In recent decades, the global energy demand has been proliferating [1]. At the same
time, the over-exploitation and over-burning of the limited fossil fuels have created pressing
environmental problems and energy crisis [1,2]. Solar energy has attracted widespread at-
tention for its significant advantages, such as being clean, renewable, and sustainable [2–4].
The concentrated solar power (CSP) system is an effective solar power generation method
developing in many countries [5]. It is expected to be a proven alternative to conventional
fossil fuel power plants due to the high potential for efficiency improvement and adjustabil-
ity [6,7]. The solar power tower (SPT) system is a typical CSP technology, which occupies
a significant market position on account of its high efficiency, low operating costs and
significant scale-up potential compared to other kind of CSP technologies [2]. In an SPT
plant, heliostats in the heliostat field reflect and concentrate the sunlight onto the receiver
placed at the top of a central tower [4,8]. The solar radiation gathered by the receiver is
absorbed by the heat transfer fluid (HTF) and converted into thermal energy to drive the
conventional generator [4]. Like most solar power systems, the weather condition heavily
influences the operation of the SPT system. The irradiance level received by each heliostat
varies as the cloud shadow passing over the heliostat field. As a result, wild fluctuations
may occur in the output solar power, which affects the operation stability [9–11]. The opti-
mal heliostat field aiming strategy is an effective method to lower the risk. Through the
aiming point adjustments of the heliostats, the solar flux distribution on the receiver can
meet the requirements that ensure stable system operation.
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There are a number of studies about the aiming strategy of the SPT plants. Binotti et al.
evaluated the effect of different aiming strategies on peak flux reduction by analyzing
the annual optical efficiency [12]. Collado and Guallar proposed a two-parameter aiming
strategy to cope with the peak flux and spillage [13]. Kuhnke et al. proposed a robust
aiming strategy for the uncertainty caused by the heliostat tracking error arising from
the sun-tracking process [14]. The optimization model was formulated by mixed-integer
linear programming to obtain the desired flux distribution. These studies were generally
concerned with the static state of the aiming strategy optimization.

Several studies also paid attention to the control strategy and dynamic performance.
García-martín et al. proposed a closed-loop automatic control strategy to keep the receiver
temperature profile within the target range [15]. On the other hand, Salomé et al. used an
open-loop control method combined with a TABU metaheuristic optimization algorithm
to select the aiming point for heliostats [16]. Cruz et al. adjusted the aiming points of
the heliostats after the optimization strategy had been implemented [17]. The method
calculated the flux differences of the solar flux distribution and the total flux relative to
their respective target value. The focusing and defocusing of the heliostats were dependent
on the flux offset in the area. García et al. reduced the control variables by grouping the
heliostats in the field [18]. The aiming point distribution of the heliostats in each group was
expressed as one control variable. Some studies also consider the energy consumption in
the dynamic processes as an optimization objective for heliostat optimal scheduling [19,20].

Recent studies also analyzed the solar concentrating performances with shadow
variations caused by moving clouds over the heliostat field. Crespi et al. discussed the
effect of cloud movement on the transient performance of the SPT plant [7]. García et al.
brought the concept of closed-loop feedback control in the aiming strategy design to
handle the passing cloud disturbances [21]. The allowable flux density (AFD) limits
of the solar flux distribution were the controlled variables. Furthermore, the focusing
parameters of the heliostats were the manipulated variables. A dynamic matrix control
method was implemented, considering that the aiming strategy was a Multiple-Input
Multiple-Output system. Soo Too et al. implemented similar aiming strategy as García et al.
proposed to control the temperatures of the receiver pipes, as the temperature could be
easily measured compared to the flux density [22]. The feedback control approach was
only introduced to control the variables to meet the setpoint, without taking additional
weather forecast data and the optimization process into account. The proposed aiming
strategy lowered the inclement weather impact through the concentrated performance
close to real-time. Ashley et al. also applied a near real-time optimal aiming strategy for
the cases with cloud disturbances [23]. The dynamic aiming strategies implemented by
computational acceleration are essentially composed of a series of static aiming strategies,
without considering the continuity between the strategies related to the passing clouds.

There are also some studies in photovoltaic (PV) systems on cloud conditions which
caused partial shading faults. Hong and Pula introduced methods about detection of the
partial shading faults [24]. Dhanraj et al. supervised the PV panel and used machine
learning techniques to detect the partial shading faults [25]. Hosseinzadeh and Salmasi
proposed a procedure to detect the shading fault based on maximum power point tracking
and the defined voltage ratio [26]. However, those studies paid more attention to the
detection instead of the dynamic aiming strategy.

To cope with the dynamic aiming problem with cloud shadowing disturbances, in this
work, a model predictive control (MPC) approach for the heliostat field power regulatory
aiming strategy is proposed. The MPC controller obtains optimized aiming strategies
using a predicted solar flux distribution model based on real-time and shadowing forecasts
to regulate total received solar flux on the central receiver. The heliostat adjustment is
restricted in each control interval as hard constraints to limit the energy consumption.
The AFD limits are also considered as soft constraints for operation safety. The feedback
compensation is included in the aiming strategy to compensate the error of the prediction
model. The aiming strategy optimization is solved by the particle swarm optimization
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(PSO) algorithm. A number of shadow-passing scenarios based on real data are carried out
to demonstrate the effectiveness of the proposed aiming strategy.

The remainder of this paper is structured in the following sections. The MPC approach
for the power regulatory heliostat field aiming strategy is explained in Section 2, including
the aiming strategy and the MPC controller. Section 3 conducted a case study to demon-
strate the effectiveness of the proposed heliostat field aiming strategy. Finally, Section 4 is
the conclusion.

2. Materials and Methods
2.1. Problem Description

The SPT system output is influenced by both the solar concentration performance of
the heliostat field and the HTF flow rate from the receiver subsystem. There will typically
be a hierarchical control scheme, such as the study described in [27], where a supervisory
control determines the optimal trajectories for the heliostat field focusing and the receiver
system, maximizing the overall efficiency while considering the restraints. Therefore,
a heliostat field control system is needed to ensure the solar flux distribution generated by
the heliostat field following the reference trajectory. It is in fact a regulatory control problem
which, in this work, is referred to as the heliostat field power regulatory aiming strategy.
An MPC approach is adopted here to obtain the heliostat field power regulatory aiming
strategy to cope with varying cloud shadowing conditions. Short-term cloud shadowing
forecast methods based on all-sky images have developed recent years, such as a patent
pending method developed by our group [28], and thus is available for the aiming strategy
optimization with the MPC controller.

Specifically, the aiming strategy model in this work is formulated with a case of the
external cylindrical receiver and a Noor III-like heliostat field. Figure 1a shows the layout of
the heliostat field, and Figure 1b shows the geometry of the receiver consisting of 18 panels.
The field sectors are labeled and correspond to the receiver panels. Figure 2 shows a brief
description of the heliostat aiming problem on the specific receiver panel. The panel is
divided into a computing grid to quantify the solar flux distribution. The pixel at coordinate
(i, j) represents the flux density in this square area. The aiming point of the each heliostat is
shifted on the panel by the aiming angle variation to change the aiming strategy. In this
work, only the vertical shifts were considered, and the azimuth angles of the aiming points
remained constant and were equal to that of the heliostat as in [29]. When the aiming
point shifts beyond the highest and lowest edge of the receiver, the heliostat will be set
at an off-state. In this state, the heliostat did not participate in the concentrating. zh is
used to represent the aiming angle variation of heliostat h, and thereby the heliostat field
aiming strategy is denoted as vector Z = [z1, z2, . . . , zp] where the dimension p refers to
the heliostat number. F(Z) denotes the density matrix of the solar flux distribution on the
panel generated by aiming strategy Z.

As the solar flux distribution significantly impacts the reliability and safety of the
system, the AFD is considered as the soft constraint in the aiming strategy to limit the
excessive temperature gradients and flatten the flux distribution. There are specific upper
bound densities given by AFD for each area of the solar flux distribution, in order to cope
with the corrosion and thermal stress of the molten salt receiver pipes. The value of the
AFD limit is related to the mass flow rate and temperature of the HTF in the operation [29].
In this work, the AFD limits are expressed as matrices with the same size as solar flux
distribution matrices. AFDi,j denotes the AFD limit at coordinates (i, j).
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Figure 1. (a) The heliostat field layout [30]. The north is indicated as the positive direction of
the Y-axis, and the east is indicated as that of the X-axis. (b) A schematic diagram of the external
cylindrical receiver. The number of the panels corresponds to that of the sector [29].
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Figure 2. A brief description of the heliostat aiming problem.

Furthermore, since heliostat adjustments implementing the aiming strategy are achieved
by heliostat rotation to different aiming angles, which makes up the main energy con-
sumption of the heliostat field operation. Its energy consumption impact should also be
considered. If the adjustment energy consumption is employed as a component in the
optimization objective formulation, the already complex optimization problem will be-
come more complex and impossible to compute in real time. Therefore, in this work, hard
constraints on heliostat adjustment angles are imposed instead to set the upper bound of
the energy consumption of the heliostat field. Angle α represents the heliostat adjustment
limits where a heliostat is allowed to adjust during the aiming interval.

The power regulatory control of the heliostat field aiming strategy requires the solar
flux distribution to follow a reference trajectory provided by the supervisory layer. While
a reference trajectory of flux distribution can be supported by the MPC method, the total
received solar flux value is used for the reference trajectory tracking for simplicity. The total
received solar flux is derived by the solar flux distribution. The total received solar flux
Q(Z) is approximately formulated as Q(Z) ≈ ∑i ∑j Fi,j(Z)× Si,j, where Fi,j(Z) denotes
flux density of the pixel at coordinates (i, j) and Si,j is the corresponding area. The reference
trajectory during the cloud passing is also simplified to a constant set point for the ease of
presenting the overall methodology while the non-stationary reference can be directly used
instead. Qre f represents the reference flux trajectory for heliostat field output to follow.
The regulatory aiming strategy is formed as an optimization problem minimizing the
difference between the reference flux trajectory and the total received solar flux subject to
the AFD and the heliostat adjustment limits, with a penalty function of AFD limits denoted
as Φ. The penalty function was formulated according to the optimization solving process,
and was expressed in the following section on PSO algorithm and Equations (8) and (9).
In Equation (1), the aiming strategy optimization problem is formulated, including the
objective and constraints.

min L(Z) = (Q(Z)−Qre f )
2 + Φ(F(Z), AFD(Z))

s.t. − α ≤ zh ≤ α (h = 1, 2, 3, · · · , p).
(1)
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2.2. MPC Formulation

MPC is a model-based optimal control method applied in the process industries in
recent years [31]. The MPC controller exploits the explicit model of the process to predict the
future evolution of the system outputs and obtain control actions by solving an open-loop
optimization problem [32,33]. MPC control schemes usually have better performance than
non-model-based control schemes and can handle constraints explicitly and effectively.

At each control interval, the optimization formulation is constructed in terms of both
the current and future information by a finite prediction horizon and solved iteratively
over the horizon. When minimizing the given criterion, the predicted control actions
with intervals ahead corresponding to the prediction horizon are acquired satisfying the
constraints. Let k denote the current control interval and k + n|k indicate control interval
k+ n that depends on information up to and including interval k. A typical MPC framework
is expressed as an optimization problem in Equation (2).

min
P−1

∑
n=0

lk+n|k(xk+n|k, yk+n|k, uk+n|k)

s.t.



xk+n|k ∈ Xk+n|k
yk+n|k ∈ Yk+n|k
uk+n|k ∈ Uk+n|k (k = 0, 1, 2 · · · , P− 1).
xk+1 = f (xk, uk)

yk = g(xk)

(2)

xk+n|k, yk+n|k and uk+n|k represent the states, outputs, and manipulated inputs, respec-
tively. Xk+n|k, Yk+n|k and Uk+n|k denote the constraint sets, respectively, for xk+n|k,
yk+n|k and uk+n|k.

Figure 3 shows a schematic diagram of the heliostat field power regulatory aiming
strategy based on the MPC approach. In terms of the heliostat field power regulatory aiming
strategy, the MPC mainly relies upon a prediction model of the solar flux distribution and a
PSO optimization tool of the aiming strategy with operation constraints, combined with a
feedback compensation module. The prediction model receives the solar irradiance input
and gives the predicted solar flux distribution based on the cloud shadowing forecasts.
The aiming strategy optimization using the predicted solar flux distribution obtains the
optimal aiming adjustment plan of angle variations to the heliostats, which aims to make
the total received solar flux follow the reference trajectory under the constraints of the
AFD and the heliostat adjustments. The aiming adjustment plan at the current control
interval is formulated for the following several sampling intervals corresponding to the
prediction horizon. Additionally, the SPT plant only implements the first step of the aiming
plan. The procedure is performed iteratively at the next control interval. As there are
various uncertainties occurred in the real plant, leading to solar flux distribution deviating
from the desired one, a feedback compensation method is added in the control scheme.
The feedback compensation obtains the prediction model error by the measured solar flux
distribution of the plant output, and provides the modified predicted solar flux distribution
to the optimizer for the aiming strategy optimization.

The MPC approach of the heliostat field power regulatory aiming strategy is formu-
lated as Equation (3). The MPC-based aiming strategy is a non-linear system and the
dimension corresponds to the number of the heliostats p. The manipulated variables uk
indicate the heliostat aiming adjustments Z and are restricted by the heliostat adjustment
limit α. The states xk indicate the heliostat aiming states after adjustments. The outputs yk
indicate the flux densities F(Z) in the pixels of the solar flux distribution and are restricted
by the AFD limits AFDk+n|k.
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Figure 3. A schematic diagram of the aiming strategy with MPC approach.

min
P−1

∑
n=0
‖yk+n|k − yk+n|k,re f ‖2

s.t.


−α ≤ uk+n|k,h ≤ α (h = 1, 2, 3, · · · , p)
yk+n|k ≤ AFDk+n|k
xk+1 = xk + uk

yk = g(xk) (k = 0, 1, 2 · · · , P− 1).

(3)

The aiming strategy optimization of the MPC controller is expressed as Equation (4).
The total received solar flux Qk+n|k derived by the flux distribution Fk+n|k(Zk+n|k) which
represents the output yk+n|k is required to follow the reference trajectory flux Qk+n,re f
for simplicity. The aiming strategy Zk+n|k representing the vector of heliostat aiming
adjustments provides the manipulated inputs uk+n|k for the control interval k. P is the
prediction horizon. The MPC controller deals with the restrictions in two forms: soft
and hard constraints. Since the heliostat adjustments are physically restricted, they are
implemented as hard constraints which are not allowed to be violated. The AFD limits are
for plant operation safety and are, thus, treated as soft constraints. The soft constraints are
not as mandatory as hard constraints, which cannot be violated. Penalty function Φk+n|k is
included in the cost function to avoid the AFD limit being exceeded, which is a common
way to cope with such constraints. Additional constraints of interest can be imposed on the
aiming strategy optimization formulation if needed.

min
P−1

∑
n=0

((
Qk+n|k(Zk+n|k)−Qk+n,re f

)2
+ Φk+n|k

(
Fk+n|k(Zk+n|k), AFDk+n|k(Zk+n|k)

))
s.t. − α ≤ zk+n|k,h ≤ α (h = 1, 2, 3, · · · , p).

(4)

2.3. Solar Flux Distribution Calculation

The aiming strategy rests first of all on the solar flux distribution calculation that
makes up the solar flux distribution prediction model. The solar flux distribution depends
on the full geometry of the solar power plant, including the heliostat spectral and structural
properties. The cloud shadowing forecast provides irradiance levels to determine the
radiation of solar rays received by each heliostat. Solstice is adopted here to obtain the
solar flux distributions [34]. Solstice is a simulation tool for the concentrated solar power
plant that computes the collected power by statistical sampling for the solar rays based
on the Monte Carlo ray tracing (MCRT) method [35,36]. Referring to the most used
method of aiming strategy model, the total solar flux distribution used here is formed by
superimposing the single-heliostat flux distributions that are pre-simulated in order to
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reduce the time consumption of the flux distribution simulation. The offline data of single-
heliostat flux distributions considered different aiming positions of 0.2 m apart vertically.

Apart from the losses due to the cosine effect, surface reflectivity, and atmosphere
absorption evaluated by Solstice, the shadowing effect among the heliostats is further
considered by adding eight heliostats around the specified heliostat with eight nearest
relative distances in the simulation. The shadowing effect indicates the shading and
blocking loss of the heliostat in the field. The shading loss is occurred when the receiving
sun lights are shaded by the surrounding heliostats. Additionally, the reflected lights can
also be blocked by the surrounding heliostats, which generates the blocking loss. Thus,
to consider the shadowing effect in the heliostat field simulation, the surrounding heliostats
are set as fully absorption surfaces without reflectivity and aimed at the equator of the
receiver [37]. The differences in the results caused by the aiming position variation of the
surrounding heliostats change minimally and thereby can be neglected [37]. Then the solar
flux distribution is generated only by the solar rays reflected from the specified heliostat
while considering the shading and blocking of the heliostats surrounded.

2.4. Particle Swarm Optimization Algorithm

PSO is a bio-inspired heuristic algorithm that mimics the social behaviors of collabo-
rative searching, initially developed in 1995 for non-linear optimization problems [38,39].
The searching process is inspired by social learning and conducted by a population corre-
sponding to individuals [40]. The searching direction incorporates the individual explo-
rations of their own, as well as the population experiences, with a balance of the social
aspect of intelligence and the individual cognitive. In addition, it is a non-gradient-based
optimizer where only the cost function is necessary. As the aiming strategy problem is
formed as a non-linear optimization problem and hard to be derived, PSO algorithm is
flexible for the problem solving.

A flow chart of the PSO algorithm for the heliostat field aiming strategy is shown in
Figure 4. For the aiming strategy optimization problem with a p dimensional space correspond-
ing to the amount of the heliostats, particle s has the position vector Zs = [zs,1, zs,2, . . . , zs,p]
and the velocity vector Vs = [vs,1, vs,2, . . . , vs,p]. In this problem, the position vector Zs
indicates a possible heliostat field aiming strategy Z. The position and velocity of heliostat
h at iteration t will be updated according to the following rules in Equations (5) and (6) [41].

vt+1
s,h = χ

(
ωtvt

s,h + c1rt
1(pbests,h − zt

s,h) + c2rt
2(gbesth − zt

s,h)
)

(h = 1, 2, 3, · · · , p) (5)

zt+1
s,h = zt

s,h + vt+1
s,h (h = 1, 2, 3, · · · , p) (6)

pbests,h is referred to as the “personal best” of particle s representing the best position of
the specific individual, while gbesth is referred to as the “global best” representing the
best solution achieved so far by the swarm. rt

1 and rt
2 are randomly generated from the

range of [0,1]. c1 and c2 are positive constants representing the cognitive coefficient and
social coefficient respectively, balancing the experiences of individual and social for the
searching step modulation of the particle. χ represents the constriction factor [41]. ωt is the
inertia weight expressed in Equation (7) with linear decreasing to firstly benefit the global
searching and then the local searching as the iterations increase.

ωt = ωmax −
ωmax −ωmin

tmax
t (7)

ωmax represents the maximum inertia constant while ωmin is the minimum. tmax is the total
iteration number.
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Figure 4. A flowchart of the aiming strategy optimization based on the PSO algorithm.

The heliostat aiming adjustment limits as hard constraints are treated by restricting the
particle positions. The AFD limits are added to the cost function as penalty terms combined.
The penalty Φ is formulated in Equations (8) and (9) [41].

Φs =
√

t ∑
i

∑
j

(
θ(qi,j(Zs))qi,j(Zs)

γ(qi,j(Zs))
)

. (8)

qi,j(Zs) = max
{

0, Fi,j(Zs)− AFDi,j(Zs)
}

(9)

qi,j(Zs) is a relative violated function. θ(qi,j(Zs)) and γ(qi,j(Zs)) are the multi-stage as-
signment function and the power of the penalty function, respectively, formulating as [41]
mentioned. In this work, both the c1 and c2 are set at 2; ωmax is 1.2, while ωmin is 0.1; χ is
0.73, and they were default value selected according to [41]. By iteratively implementing the
process, the best solution for the heliostat field aiming strategy is obtained from the gbest.

2.5. Feedback Compensation

The MPC-based power regulatory aiming strategy is able to reduce the impact of the
deviation by feedback compensation for the solar flux distribution. The actual operation of
the system may deviate from the desired optimization results due to various uncertainties,
such as model mismatch and unknowable perturbations that inevitably exist in real systems.
MPC can compensate to some extent for the effects of various uncertainties by a closed-loop
feedback approach. At each sampling instant, the heliostat field output will be first detected
to obtain the measured solar flux distribution used as feedback information to correct
the predicted solar flux distribution in the next control interval before the manipulated
actions are optimally solved. Before the MPC-based aiming strategy optimizing the aiming
adjustments at control interval k + 1, the actual output solar flux distribution Fk+1,m will
be measured and compared with the model predicted output Fk+1|k, which constitutes the
output error. This error information reflects model uncertainty effects on the output solar
flux distribution and is used to predict future output errors to complement the model-based



Energies 2023, 16, 2997 10 of 19

predictions. Let Fcor denote the output of the modified predictive model and w denote the
weighting factor for the correction. The correction formula is expressed in Equation (10).

Fk+n|k+1,cor = Fk+n|k+1 + wn(Fk+1,m − Fk+1|k) (n = 1, 2, 3, · · · , P) (10)

Thus, the modified total received solar flux Qk+n|k+1,cor will be calculated through
Fk+n|k+1,cor,(i,j) and Si,j as previously expressed, constructing the objective function as the
output term Qk+n|k+1 which has been modified by feedback compensation. The optimiza-
tion of MPC is carried out with the corrected output of the solar flux distribution prediction
model. The feedback compensation thus allows the optimization of each control interval to
be based on a closer approximation to reality.

3. Experiments and Results

A Noor III-like heliostat field was carried out, including a cylindrical external receiver
to validate the proposed aiming strategy [30,42]. The field is divided into 18 sectors,
corresponding to the 18 panels of the receiver. With limited computational resources,
Sector 3 at the northeast corner was chosen for validation, as its angle had less typical
relationships with respect to the direction of the rays. There are 474 heliostats in Sector 3,
and their aiming points are shifted on the panel directly facing Sector 3. The parameters
of the heliostat and the receiver are shown in Table 1. The solar noon of the equinox was
chosen as the simulation moment. The elevation and azimuthal angles of the sun were
calculated regarding the geographical location of the Noor III plant [43]. The ground
shadow data were derived from processed realistic all-sky cloud map photos, with clouds
at about 1000 m to 2500 m high. The sample time was set to 30s and corresponded to the
interval between the cloud map shots. The field shadow distribution was binarized for
simplicity of presenting the methodology, with a solar irradiance level of 100 W/m2 in
the shadow and 950 W/m2 elsewhere [27]. The computing grid on the panel was 70× 10.
The heliostat adjustment constraint was set to 0.157 deg. The pixels of AFD limits were
formed empirically as 1.3 times the average flux density of the solar flux distribution for
simplicity to introduce the overall scheme. The correction coefficient was set to 1 in the
feedback compensation method.

Table 1. Parameters of the heliostat and the receiver [30,43].

Parameter Value

Heliostat Size 15.4 m× 12.3 m
Heliostat Reflectivity 0.9
Heliostat Slope Error 1.53 mrad
Central Tower Height 250 m

Receiver Height 20.4 m
Receiver Radius 8.5 m

3.1. Methods in Comparison

In this study, three aiming strategies were included for comparison.

Strategy 1. PSO-based aiming strategy. The optimization was carried out with corresponding
solar irradiance for each control interval in the scenario. The aiming strategy only concerned the
weather condition at the current control interval without predicting subsequent behaviors. Moreover,
the constraints of heliostat aiming adjustment were not taken into account. For more practical,
the PSO algorithm adopted the aiming strategy of the previous control interval as the starting point
for current optimization.

Strategy 2. MPC-based power regulatory aiming strategy. The dynamic heliostat field aiming
strategy accounted for the cloud shadowing forecasts in the cloud variation scenarios. The MPC
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controller provided optimized aiming strategies based on the predicted solar flux distribution.
The heliostat adjustment limits were structured as hard constraints in the control scheme.

Strategy 3. Static aiming strategy. The heliostat field aiming strategy was optimized under the
weather condition of the initial time in the scenario, and remained constant while the cloud passed
over the field.

All the strategies have the same optimization objective of flux trajectory tracking.
At the same time, they shared the same initial optimized aiming strategy at the start
of the scenario. An example scenario of the shadows passing over the field sector is
shown in Figure 5, which is adopted to analyze the performances of the aiming strategies.
A generated solar flux distribution example on the panel is shown in Figure 6.

150

450

750

1050(m)

Time = 0s

Clear sky
Shadow

Time = 90s Time = 180s Time = 270s Time = 360s

150

450

750

1050

Time = 450s Time = 540s Time = 630s Time = 720s Time = 810s

150 550 950

150

450

750

1050

Time = 900s
150 550 950

Time = 990s
150 550 950

Time = 1080s
150 550 950

Time = 1170s
150 550 950(m)

Time = 1260s

Figure 5. An example scenario of the shadows passing over the sector of the field.

The effect of prediction horizon of the MPC-based aiming strategy was investigated in
the example scenario by comparing the reference trajectory tracking performances with
different prediction horizons. The intercepted flux curve in Figure 7 represents the total
solar flux intercepted by the heliostats in the field, reflecting the shadowing variation. P
indicates the prediction horizon. The reference flux was set as 1.5× 107 W. As the prediction
horizon increased, the system obtained more information about the future cloud shadowing
variation. The aiming strategy at the current control interval became forward-looking,
as the optimization included more predicted solar flux distributions of the future control
intervals. Thus, it benefited the smoothness of the output flux fluctuation over a long period
by repeated optimization. The longer prediction horizon generally achieved smoother
fluctuations, as is indicated in Figure 7. However, the number of manipulated variables that
participated in the optimization also scales with the increased prediction horizon, leading
to excessive time consumed in calculations. In this study, P = 1 was set in the strategy
comparison for simplicity. The solution of each control interval could be computed in about
15 s using an AMD Ryzen 9 processor with 3.8 GHz and 64 GB random-access memory,
while costing about 10 s by the PSO-based aiming strategy. The computation time of the
aiming strategies are below the control interval time as 30 s, while it is able to achieve the
real-time control.
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Figure 6. An example of the solar flux distribution on the panel.

Figure 7. The performance analysis of the MPC-based aiming strategy between different predic-
tion horizons.

3.2. Single Case Study

The total received solar flux on the panel was compared to evaluate the performances
of reference trajectory tracking. The effect of cloud shadowing on the heliostat field
output corresponds to the trend of intercepted flux. The available solar radiation decreases
significantly when the shadowing coverage of the field increases. Figure 8 shows the
performance comparison of the three aiming strategies in the example scenario. The static
aiming strategy deviates significantly from the reference trajectory before the time at about
600 s, due to the weather variation as the intercepted flux curve shows. The performance
improved in the subsequent time as the weather gradually returned to clear, for the strategy
was optimized based on a clear-sky condition corresponding to the initial time in this
scenario. In contrast, the PSO-based aiming strategy outperforms the static strategy before
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the time at about 600 s, as the PSO-based strategy optimized the heliostat field aiming
strategy with real-time shadowing variation conditions. However, the PSO-based strategy
produced the solar flux output deviated significantly from the reference value in the
subsequent time. This is because the heliostat adjustment limits were not taken into
account, many heliostats could not rotate to the specified adjustment angles as required by
the strategy. Over time, the aiming of the heliostats continued to deviate from the specified
strategy, causing the output solar flux to deviate significantly from the reference trajectory.

Figure 8. The comparison of the total received solar flux trajectory in the example scenario of the
three strategies.

Figure 9 illustrates the extent to which the heliostats within the sector exceed the
specified aiming position at an example control interval of the PSO-based and MPC-based
aiming strategies. As the static strategy is a fixed strategy without aiming angle variation,
only the first two strategies were compared. All heliostats using the MPC approach
completely followed the aiming strategy, while over half of the heliostats could not be
rotated to the specified position with the PSO-based aiming strategy. As a result, with the
PSO-based strategy, the solar flux obtained on the receiver panel deviated from the desired
effect when the solar irradiance intercepted by the heliostats had been raised. Consequently,
the total absorbed solar flux failed to fall back to the reference flux value for a long time.
The MPC-based aiming strategy considered the continuity of the heliostat aiming angle
adjustments during the disturbance period so that the heliostats were able to achieve the
indicated aiming adjustments at each control interval. When the field interception flux
dropped below a critical point, the total absorbed solar flux was inadequate to reach the
reference in spite of all the heliostats focusing on the receiver panel with minimum spillage.
In such cases, both aiming strategies generated solar flux that reduced in parallel with the
decreasing field intercepted flux. The aiming strategies still followed the reference trajectory
as closely as possible by providing the maximum solar flux. The MPC-based aiming strategy
outperforms the other two strategies overall due to including both shadowing forecasts
and the heliostat adjustment restrictions.
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(a) (b)

Figure 9. Extent to which the heliostat aiming exceeds the adjustment limits of (a) PSO-based aiming
strategy and (b) MPC-based aiming strategy.

The effect of the AFD constraints was compared by analyzing the exceeding solar
power of the three aiming strategies, which indicated the overall information of the flux
densities exceeding the permitted limit, reflecting the operation safety. The comparison
was also conducted with the example scenario. As is shown in Figure 10, the three curves
indicate the solar power that exceeds the AFD limits of the corresponding solar flux
distribution. A high intercepted flux indicates a low level of cloud shadowing cover. In the
first half of the time period, the cloud shadowing passing over the heliostat field gradually
increased to the point where the intercepted flux was too low to meet the reference flux,
and thus all three strategies exceeded the AFD limits to varying degrees. Since the static
strategy was optimized under the clear-sky condition of the initial time, the constraint
effect of the AFD was restored as the intercepted flux increased. The PSO-based aiming
strategy had a significantly worse performance than the others over the entire time period.
With the heliostat not rotating in place, the corresponding aiming point did not completely
move away from the overheated area as the strategy required. After the intercepted
flux has picked up, it took a few time for the PSO-based strategy to generate the solar
flux distribution fully satisfying the AFD limits. The MPC-based aiming strategy allows
the solar flux distribution to essentially satisfy the AFD constraints, thus ensuring the
operation safety.

Figure 10. The solar flux distribution uniformity of the three aiming strategies.
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3.3. Feedback Compensation Performance

A simple validation was carried out to demonstrate the effectiveness of the feedback
compensation method. In order to introduce the error information between the plant output
and the predicted solar flux distribution, it was assumed that the actual flux distribution
received by the receiver is only 90% of that estimated by the heliostat field. The perfor-
mances of the total absorbed solar flux with and without the feedback compensation of the
MPC-based aiming strategy were evaluated through the example scenario, as is shown in
Figure 11. The strategy without feedback compensation produced the total received solar
flux that had an error with respect to the reference trajectory. The error is caused by the
impacts of various uncertainties in real world applications, which makes the predicted solar
flux distribution deviate from the plant output. The open-loop strategy conducted the sub-
sequent optimization based on the inaccurate model predictions and thereby significantly
impacting the output of the total received solar flux. By adding the feedback compensation,
the total received flux had a better performance on tracking the reference flux trajectory.
The MPC controller, with updating feedback information, achieved closed-loop optimiza-
tion throughout the repeated optimization process, compensating to a certain extent for the
impacts of various uncertainties. Figure 12 shows the example of the solar flux distribu-
tions obtained by MPC-based aiming strategy without and with feedback compensation at
time = 1050 s of the example scenario. The strategy with feedback compensation generates
the solar flux distribution with higher power corresponding to the performance in Figure 11.
The results showed that the MPC-based power regulatory aiming strategy is able to reduce
the impact of the deviation by feedback compensation for the solar flux distribution.

Figure 11. The feedback compensation analysis of the MPC-based aiming strategy.
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(a) (b)

Figure 12. (a) Solar flux distribution generated without feedback compensation. (b) Solar flux
distribution generated with feedback compensation.

3.4. Real World Performance Evaluation

In order to evaluate the performance of the methodology in real world application
on the various cloud conditions, 41 scenarios derived from all-sky images have been
tested. The cloud moving speeds of scenarios are about 10 m/s to 50 m/s. For each
scenario, the root mean square error (RMSE) of the three aiming strategies relative to
the reference flux was calculated, respectively. Figure 13a shows the RMSE difference
between the first two and the static strategy. Both optimized aiming strategies improved
over the static strategy. The improvement levels vary among different scenarios due
to different shadowing conditions. Figure 13b indicates the performance comparison
between the first two aiming strategies. While a primary improvement from the dynamic
aiming strategy is contributed by taking real-time cloud shadowing conditions into account,
the proposed MPC strategy showed statistically significant improvement over PSO for
about 0.5× 103 kW for explicit consideration of the heliostat adjustment limits.
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(a)

(b)

Figure 13. (a) The total flux RMSE differences comparison of the two aiming strategy related to the
static strategy. (b) The histogram indicates the distribution of the RMSE differences between the two
optimized aiming strategies. The red dashed line represents the mean value indicating the average
improvement of the MPC-based aiming strategy.

4. Conclusions

An MPC approach for power regulatory heliostat field aiming strategy was proposed
in this paper to deal with disturbances caused by cloud shadowing conditions. The heliostat
field aiming strategy regulated the concentrated solar power on the receiver to follow a
reference flux trajectory. The MPC controller based on the solar concentration model
leveraged the real-time and forecast cloud shadowing information to obtain the optimized
aiming strategies. The heliostat adjustment limits were included in the optimization.
The proposed aiming strategy successfully constrained the heliostat adjustment to less than
about 0.157 deg in each control interval to limit the energy consumption. The feedback
compensation is introduced in the aiming strategy. The module effectively compensated
the error of the predicted solar flux distribution model and significantly improved the
solar flux distribution output. A range of scenarios of cloud shadowing conditions were
analyzed based on real data with three aiming strategies for comparison. The proposed
MPC strategy showed about 0.5× 103 kW improvement over the PSO method by analyzing
the scenarios. The results demonstrated the effectiveness of the proposed approach in
coping with the varying cloud shadowing conditions. Further research could focus on
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the solar flux distribution measurement system in a real heliostat field and calibrating the
prediction model in real-time to cope with the uncertainties. Additionally, the acceleration
of the controller calculation is a matter of concern for large-scale heliostat fields.
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