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Abstract. Solar fields of parabolic troughs are extensive complex thermal hydraulic facilities. Intra-hour and intra-minute
variabilities of the DNI, mainly caused by passing clouds, pose an operational challenge for parabolic trough power
plants. Under perfect circumstances a solar field controller would adjusts the mass flow in such a way, that the design
temperature is always maintained constant with a maximized focus rate. However, heterogeneous irradiance conditions or
flow distribution may cause some solar field sections to temporarily overheat while others may not reach the set point
temperature, which in turn leads to an economic loss. State of the art solar field controllers have only access to
incomplete information on spatial DNI variability, from DNI measurements of few pyrheliometers. Solar field controllers
could be optimized with access to highly resolved DNI informations both in space and time. Such DNI information can
be provided by all sky imager (ASI) based irradiance monitoring systems. In a previous study we developed and
benchmarked new solar field controllers with access to spatial DNI information from an ASI system for a 50 MWe plant
close to Córdoba (Spain). Significant improvements in revenue were observed. Yet, this previous study was limited to 22
days only. In this study, we estimate the potential benefit of these new solar field controllers over a 2 year period on the
basis of the simulation results over 22 days. The upscaling method makes use of DNI variability classes. Using the ASI
data we obtain a significant improvement in revenue up to 2% for the 2 year period.

INTRODUCTION
Parabolic trough (PT) power plants with thermal energy storages (TES) provide a dispatchable and renewable
energy source for regions with a high annual direct normal irradiance (DNI) sum. Therefore, PT power plants could
play a vital balancing role in electrical grids with an increased share of intermittent sources such as solar
photovoltaic or wind [1]. Whether we will see a continuous growth of the global PT power plant industry depends
predominantly on the economic competitiveness against other renewable or conventional technologies. Significant
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reductions in levelized cost of electricity (LCoE) were reached in the last couple of years [2]. Yet, PT power plants
still offer a considerable cost reduction potential, mainly by scale effects, by improving the component efficiencies
or by optimizing the plant operation [3]. This work contributes to the optimization of the plant operation.
PT solar fields are complex and extensive thermal hydraulic facilities, which concentrate the DNI on receiver
tubes and pass the energy to a heat transfer fluid which in turn passes the energy to a conventional Rankine cycle or
a TES. A perfect solar field controller adjusts the mass flow in such a way, that the design temperature is always
maintained constant without any need of defocusing collectors. Particularly under variable conditions, mainly
caused by passing clouds with spatially heterogeneous optical thickness, the solar field controllers cannot meet this
ideal control scenario. State of the art controllers only have access to the DNI signal from few pyrheliometers, and
thus have only limited information on spatial variability of the DNI. Better information on spatially distributed DNI
over the extensive solar field could help to improve control processes under variable conditions. Camera based
monitoring systems can provide DNI information with a high spatial and temporal resolution, which allows an
analysis of the spatial and temporal variability of the DNI in space and time.
Distinct camera based monitoring systems are described in the literature, some consist of upward-facing all sky
imagers (ASI) [4-6] other consist of downward-facing shadow cameras [7]. Where ASI based systems detect clouds
in the sky and project there shadows on the ground, detect shadow camera based systems directly shadows on the
ground. Both approaches can convert shadow maps into irradiance maps with access to local irradiance
measurements.
Comprehensive numerical models are suitable for the development and qualification of new control strategies [812]. [12] developed a simulation environment for entire PT solar fields called virtual solar field (VSF), which can
consider spatially inhomogeneous DNI informations from camera based monitoring systems.
The fundamental potential of spatial DNI information for the optimization of PT solar field controller was
investigated with the VSF by [13], showing a potential gain in revenue up to 2.5% for some days. However, this
study did not consider the uncertainties of the spatial DNI information from a camera based monitoring systems. A
follow-up study [14] developed and evaluated the potential benefit of PT solar field controllers with access to DNI
maps from an ASI system [6], under consideration of the ASI systems uncertainties by incorporating additional
spatial DNI information from an shadow camera system [7]. Both involved camera based monitoring systems are
operated at CIEMAT’s Plataforma Solar de Almería (PSA). [14] does not use the spatial DNI information for the
control of the individual solar field collectors directly, knowing that the uncertainties might be considerably high at
any given moment and for any discrete spot of the solar field. Instead, in indirect approach is used in which the
spatial and temporal DNI variability at any given moment is classified using the DNI maps. The classification
results as well as the average DNI over the solar field are handed to the PT solar field controller. Optimized specific
control parameters are presented in [14] for each of the spatial and temporal DNI variability classes. These new class
dependent control strategies were benchmarked against a state of the art parabolic trough solar field controller. The
benchmarking comprised 22 days, with a wide variety of conditions in irradiance, cloud height and type (low layer,
middle layer, high layer and multi-layer conditions) as well as the resulting DNI variability classes. An overall
increase in revenue by roughly 2% was observed. The DNI classification procedure was crucial for this significant
improvement, as the used camera based monitoring systems are capable to catch the prevailing overall spatial and
temporal DNI variability conditions accurately enough for the plant control, despite the significant uncertainties of
the spatial DNI information.
In this study we investigate the potential benefit of these new DNI variability class dependent controllers over
two entire years (2016 and 2017). Performing a 2 year study with VSF and shadow camera data is not feasible due
to limit available shadow camera data and calculation time. Therefore, no VSF simulations are performed. Instead
we developed a statistical approach to estimate the influence of the new controllers. This approach utilizes the
relative change in revenue of the class dependent controller compared to a state of the art controller of the previous
22 days obtained for combinations of spatial and temporal DNI variability classes. These values of relative change
in revenue are treated as expected relative change in revenue for the corresponding DNI variability class
combinations. For the estimation, we analyze the distribution of prevailing DNI variability class combinations for
each day.
In the following sections we will briefly present the used results of the previously published study before we
describe the estimation procedure in more detail. Finally we will summarize our findings and present an outlook.
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RESULTS OF VSF SIMULATIONS WITH CLASS DEPENDENT CONTROLLERS
This section summarizes some results of the study [14], which are the basis of the statistical approach for the
benefit estimation of the class dependent controller over a two year period, as presented in the following section.

Spatial and Temporal DNI Variability Classification
Two distinct DNI variability classification procedures are utilized. The temporal DNI variability classification
describes the temporal variability as observed by a pyrheliometer [15,16] whereas the spatial DNI variability
describes the spatial heterogeneity of DNI on the solar field as observed by the ASI system [14].
The DNI conditions are classified into 8 temporal and 5 spatial classes (see Table 1). Figure 1 shows the DNI,
clear sky DNI and the corresponding temporal as well as spatial DNI variability classification for the 09.09.2015 and
PSA as an example. The conditions show a low variability in time and space until 11 UTC, afterwards the
variabilities in DNI increase induced by passing clouds. Despite the variable conditions the DNI remains mostly at a
considerably high level above 400 W/m².
TABLE 1. Description temporal and spatial DNI variability classes
Class
1
2
3
4

General description temporal DNI variability
Clear sky conditions with low temporal DNI variability and
very high clear sky index
Almost clear sky with low temporal DNI variability and
high clear sky index
Almost clear sky with intermediate temporal DNI variability
and high/ intermediate clear sky index
Partly cloudy with high temporal DNI variability and
intermediate clear sky index

5

Partly cloudy with intermediate temporal DNI variability and
intermediate clear sky index

6

Partly cloudy with high temporal DNI variability and
intermediate/low clear sky index
Almost overcast with intermediate temporal DNI variability
and low clear sky index
Overcast with low temporal DNI variability and very low
clear sky index

7
8

General description spatial DNI variability
Sunny conditions on solar field
Low spatial DNI variability: Only shadows from
clouds with high transmittance
High spatial DNI variability
Intermediate spatial variability: Most of the solar
field shaded
Cases with only thin clouds and only thick clouds
excluded
Low spatial variability: Most of the solar field
shaded (overcast)
Only shadows from clouds with low
transmittance
-

FIGURE 1. Spatial DNI variability classes of an example day (09.09.2015)
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Reference and Class Dependent Controllers
The class dependent controllers and the state of the art reference controller utilized by [14] are tailored to the La
Africana solar field design. La Africana is a commercial 50 MW PT power plant operated in southern Spain. [14]
developed two distinct class dependent control strategies with optimized controller parameters for distinct
combinations of spatial and temporal DNI variabilities [17]. These control strategies are called objective temperature
(OT) and objective focus rate (OFR). The OT controller is trimmed to maintain the solar field outlet temperature as
constant as possible, whereas the OFR controller tries to maximize the solar heat collection by minimizing any
defocusing. Whereas the class dependent controller have access to the spatial DNI information from the ASI system
has the reference controller only access to DNI measurements from two pyrheliometers, according to the La
Africana power plant.

Results of VSF Simulations with Class Dependent Controllers
The two novel class dependent controllers were benchmarked over 22 days with the state of the art controller.
For the simulations the novel class dependent controllers receive the expected average DNI on the solar field and the
corresponding variability classification results determined from DNI maps created by the ASI system described in
[6]. The actual ruling DNI conditions acting on the solar field are provided by a shadow camera system [7]. Both
camera systems are operated contemporaneous at PSA. By utilizing two distinct sources for the DNI maps, it is
possible to evaluate the solar field operation, considering that the ASI derived DNI maps seen by the controllers are
different compared to the actual DNI conditions.
Overall the class dependent controllers outperformed the reference controller by 1.38% (OT controller) and 1.4%
(OFR controller) in terms of revenue. The monetary assessment of PT solar field controller with the results of VSF
simulations are carried out according to the procedures described in [13].
Eight temporal and five spatial DNI variability classes result in 40 possible combinations. Table 2 shows the
change in relative revenue and relative occurrence of combination between spatial and temporal DNI variability
discretized over the combinations. Nine of the 40 combinations do not occur within the 22 day benchmarking
campaign. The class dependent controllers outperform the reference controller in 20 (OT) and 22 (OFR)
combinations of spatial and temporal DNI variability conditions (green cells) which make more than 85% (OT) and
89% (OFR) of the data set. Almost all conditions with an advantage for the reference controller are found for highly
variable or overcast conditions, which are not frequent and connected to a low average DNI and plant yield. Some
combinations show very pronounced double digit changes in relative revenue. All these combinations are linked to
rare transient conditions with an occurrence <0.1% of the data set. For most of the remaining combinations the
change in relative revenue is within ±5%.

27.5% -3.6% 3.2% -2.2% 0.5% 5.9%
<0.1% 0.49% 0.14% 3.06% 3.73% 0.96% 

5
-

-

-

-2.0% 0.3% 0.7% -2.7% -0.1% -8.5%
0.10% 0.49% 2.86% 2.09% 4.11% 0.61% -



3 13.9% 1.4% 0.3% 0.1% -3.0% -3.9% -18.4%
<0.1% 0.36% 2.84% 3.15% 0.85% 2.10% <0.1% -



2 2.2% 0.7% 0.9% 0.4% 0.7% -7.1%
0.27% 0.84% 1.80% 0.84% 0.71% 0.31% -

-



1 1.0% 2.1% 3.1% -1.6% 1.9% 1.4%
47.10% 13.98% 2.96% 1.02% 1.78% 0.23% -

-



4
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5

6

7

8

Spatial DNI variability class 1 to 5

Spatial DNI variability class 1 to 5

TABLE 2. Change in relative revenue (upper value in each cell; positive values indicate an improvement compared to the
reference controller) and relative occurrence of combination between spatial and temporal DNI variability (lower value in each
cell) discretized in combinations of temporal and spatial DNI variability classes (left) OT controller (right) OFR controller
30.5% -4.5% -6.8% -2.7% -2.2% 0.5%
<0.1% 0.49% 0.14% 3.06% 3.73% 0.96%

5
-

-

-

0.1% 1.2% 1.1% -6.6% 3.9% -8.9%
0.10% 0.49% 2.86% 2.09% 4.11% 0.61% -

4

3 16.7% 0.3% 0.8% 1.8% 0.1% 0.7% -21.2%
<0.1% 0.36% 2.84% 3.15% 0.85% 2.10% <0.1% 2 -3.1% 0.1% 2.5% 3.2% 1.8% -8.2%
0.27% 0.84% 1.80% 0.84% 0.71% 0.31% -

-

1 0.8% 2.1% 3.7% 0.1% 3.1% 1.0%
47.10% 13.98% 2.96% 1.02% 1.78% 0.23% -

-
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Temporal DNI variability class 1 to 8




Temporal DNI variability class 1 to 8
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7

8

[14] utilizes the results depicted in Table 2 as binary decision system for the applicability of the class dependent
controller. From this, a hybridized solar field controller concept was developed, which consists of two sets of
controllers. The first one is the reference controller making use of the irradiance information from two
pyrheliometers whereas the second one uses the class dependent control parameters with access to the ASI system.
The class dependent controller are considered as applicable when the DNI conditions correspond to a combination
of spatial and temporal DNI variability class with an expected positive relative change in revenue (green cells Table
2).
A clear improvement is visible for the hybridized control concept (see Table 3). The hybridized controllers
outperform the reference controller in shares of 91.0% (OT hybridized) or 96.8% (OFR hybridized) of the entire
data set, with an overall benefit of 1.93% (OT hybridized) or 1.95% (OFR hybridized) in revenue.

27.2% -4.0% 9.0% -1.8% -2.1% 1.7%
<0.1% 0.49% 0.14% 3.06% 3.73% 0.96% 

5
-

-

-

-0.3% 1.2% 0.2% 7.2% 3.0% -5.5%
0.10% 0.49% 2.86% 2.09% 4.11% 0.61% -



3 13.5% 1.4% 1.6% 2.0% 2.0% 2.6% 0.5%
<0.1% 0.36% 2.84% 3.15% 0.85% 2.10% <0.1% -



2 2.9% 4.7% 2.9% 3.7% 4.5% 4.5%
0.27% 0.84% 1.80% 0.84% 0.71% 0.31% -



4

-

1 1.2% 3.3% 2.1% -1.0% 2.9% 2.2%
47.10% 13.98% 2.96% 1.02% 1.78% 0.23% 1

2

3

4

5

6

7


8

Spatial DNI variability class 1 to 5

Spatial DNI variability class 1 to 5

TABLE 3. Change in relative revenue (upper value in each cell; positive values indicate an improvement compared to the
reference controller) and relative occurrence of combination between spatial and temporal DNI variability (lower value in each
cell) discretized in combinations of temporal and spatial DNI variability classes (left) OT hybridized controller (right) OFR
hybridized controller
31.8% -2.3% 16.0% 5.6% 1.5% 4.2%
<0.1% 0.49% 0.14% 3.06% 3.73% 0.96%

5
-

-

-

-1.1% 1.5% 3.0% 7.7% 8.2% -2.7%
0.10% 0.49% 2.86% 2.09% 4.11% 0.61% -

4

3 16.4% 0.1% 1.4% 2.9% 0.0% 3.1% -0.4%
<0.1% 0.36% 2.84% 3.15% 0.85% 2.10% <0.1% 2 2.9% 0.9% 2.1% 2.5% 1.7% 0.3%
0.27% 0.84% 1.80% 0.84% 0.71% 0.31% -

-

1 1.0% 2.9% 3.3% -0.6% 2.5% 2.5%
47.10% 13.98% 2.96% 1.02% 1.78% 0.23% -

-
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Temporal DNI variability class 1 to 8
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The values of relative change in revenue for distinct combinations of spatial and temporal DNI variability classes
depicted in Table 3 are the basis of this study. In the subsequent section the potential benefit of the new solar field
controllers is estimated by means of a statistical approach over a two year period.

PERFORMANCE ESTIMATION OF CLASS DEPENDENT CONTROL STRATEGIES
OVER A 2 YEAR PERIOD
Based on the detailed evaluation over 22 days, the impact of the new control strategies is estimated over the
years 2016 and 2017 at PSA. Only the superior hybridized control concepts with regards to the applicability
conditions are considered for this study. For the performance estimation the distribution of the occurred
combinations of temporal and spatial DNI variability is analyzed individually for each day of the years 2016 and
2017.
The distribution for a given day is described as ݂, for the combinations iC =1…40. The overall expected
relative change in revenue per day (ܿ.௩,௦௧, ) is estimated by combining ݂, with the expected relative change
in revenue for the corresponding class combinations (ܿ.௩,௫, ) from Table 3:
ܿ.௩,௦௧, ൌ σୀସ
ୀଵ ݂, ή ܿ.௩,௫,

(1)

The distribution of all occurred combinations over the years 2016 and 2017 at PSA is listed in Table 4. Only
roughly 0.4% of the two year data set corresponds to DNI variability conditions which did not occur within the 22
day benchmarking campaign. These conditions are not taken into account for the estimation procedure. The
energetic effect of these conditions is marginal for PT power plant operation, as they belong to overcast transient
conditions.
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Spatial DNI variability
class 1 to 5

TABLE 4. Temporal and spatial DNI variability class distribution of possible combinations within the years 2016 and 2017.
5 0.30%

0% <0.1% 0.12% 0.27% 2.35% 6.42% 6.11%

4 <0.1% <0.1% 0.29% 1.07% 2.71% 3.36% 1.04% <0.1%
3 0.10% 0.26% 1.16% 1.50% 0.81% 1.03% <0.1% <0.1%
2 0.32% 1.02% 1.04% 0.47% 0.67% 0.19% <0.1%

0%

1 43.53% 19.44% 2.04% 0.53% 1.56% 0.16% <0.1%

0%

1

2

3

4

5

6

7

8

Temporal DNI variability class 1 to 8

The distribution of change in relative revenue over all days is shown in Fig. 2. We see a positive benefit in
94.8% (OT hybridized) and 99.9% (OFR hybridized) of all days. Both controllers show the highest day count for a
change in relative revenue of roughly 1.4%. Min, max and some selected percentile values corresponding to the 2
year data set are shown in Fig. 3. From Fig. 3 we see that the OFR hybridized controller outperforms the OT
hybridized controller in all percentile ranges.

FIGURE 2. Distribution of change in relative revenue per day between class dependent controllers and reference controller over
the years 2016 and 2017 with regards to the applicability conditions (left) OT hybridized (right) OFR hybridized

FIGURE 3. Min, max and some selected percentile values of estimated change in relative revenue over all days (hybridized
controller)

That the OFR hybridized controller outperforms the OT hybridized controller can be explained by the used data
sets and the previously determined expected relative change in revenue within distinct combinations of spatial and
temporal DNI variability classes. Only 6 combinations for both controllers remain, for which the reference controller
outperforms the corresponding class dependent controller (see Table 3). For the OFR hybridized controller the 6
combinations are evenly distributed over distinct variability conditions, which explains why the OFR hybridized
controller outperforms the reference controller on almost all days. On the contrary the OT hybridized controller is
outperformed by two overcast conditions (spatial class 5 and temporal class 6 to 7), which makes the OT hybridized
controller less suitable during days with continuous overcast conditions.
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Of course we should always take into account that not all days have the same contribution to the overall plant
yield. Figure 4 illustrates the estimated change in relative revenue per day over the corresponding daily effective
DNI sum. The effective DNI is calculated according to
ܫܰܦ ൌ  ܫܰܦή cos ሺߠሻ

(2)

with ߠ as the incidence angle on the PT collectors. The incidence angle of a PT collector in north south
alignment can be calculated according to
ߠ ൌ acos ቀඥܿ ݏଶ ሺߠ௭ ሻ  ܿ ݏଶ ሺߜሻ ή ݊݅ݏଶ ሺ߱ሻቁ

(3)

with ߠ௭ as solar zenith angle, ߜ as declination and ߱ as hour angle [18]. It is clearly visible that both class
dependent controllers work well on days with a high daily effective DNI sum. Around 91% of all days with an
negative benefit for the OT hybridized controller belong to days with a low daily effective DNI sum
<2 kWh/(m²day), which corresponds to the previously mentioned weaknesses of the OT hybridized controller with
predominantly overcast days.

FIGURE 4. Estimated change relative revenue per day over daily effective DNI sum (hybridized controller)

Weighted average values of the change in relative revenue over distinct ranges of daily effective DNI sum
(ܿ.௩,௦௧, ) are shown in Fig. 5. Figure 5 also includes the corresponding distribution of the daily sums of
ܫܰܦ . The weighting factor of each day is based on the quotient of the daily effective DNI sum and the effective
DNI sum over all days within that range, according to equation 4
ܿ.௩,௦௧, ൌ

ವಿ,ವ
ವಿ,ೝೌ

σವ
ವ ೝ.ೝೡ,ೞ,ವ ή


,

(4)

where nD is the total number of all days within a particular range. The weighted average changes in relative
revenue within distinct ranges of daily effective DNI sum show a similar benefit for both controllers in days with a
daily effective DNI sum above 3 kWh/(m²day). In fact, a small advantage of the OT hybridized controller is visible
for these ranges. In contrast, a significant advantage of the OFR hybridized controller is visible for days with a daily
effective DNI sum below 3 kWh/(m²day). Over all days the weighted average change in relative revenue amounts to
1.8% (OT hybridized) and 2.0% (OFR hybridized) respectively. The estimated improvement of 2.0% in revenue
corresponds in the case of La Africana to 2.0 GWh/year or roughly 200,000 €/year.
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FIGURE 5. Weighted average change relative revenue over all days within distinct ranges of Daily effective DNI sum as well as
corresponding data distribution (hybridized controller)

CONCLUSION
In this study we evaluated the potential benefit of spatial DNI information from ASI systems over a period of
two complete years (2016 and 2017). Parabolic trough (PT) solar field controllers with access to spatial DNI
information were developed in a previous study [14]. These so called class dependent controller utilize optimized
specific control parameters for distinct combinations of spatial and temporal DNI variability classes, as classified
from the ASI systems DNI maps. The uncertainties of the ASI system were considered, by introducing additional
spatial DNI information from a fundamentally distinct shadow camera system, which describes the real weather
conditions unknown by the solar field controllers.
[14] benchmarked over 22 days two distinct control strategies (OT: Objective temperature and OFR objective
focus rate) as well as a hybridized controller for PT solar fields. The hybridized control concept decides at any point
in time between the class dependent controller or a state of the art controller, according to the prevailing DNI
variability conditions and the results of an applicability analysis. From the benchmark the expected change in
revenue within possible combinations of spatial and temporal DNI variability classes for the hybridized controller
are known.
For this study, the distribution of occurring spatial and temporal DNI variability combinations for each day
within the years 2016 and 2017 were analyzed. Subsequently, these distributions were combined with the expected
change in revenue of the hybridized controller within the combinations, which leads to an estimate of the expected
change in revenue per day. We see that the hybridized controllers lead to a benefit in 94.8% (OT hybridized) and
99.9% (OFR hybridized) of the days. Looking into the daily effective DNI sum, it is clear that almost all days were
the state of the art controller outperforms the hybridized controllers belong to energetically less interesting days
(daily effective DNI sum <2 kWh/(m²day)). In average over all days of the two years the plant revenue increases
significantly by 1.8% (OT hybridized) and 2.0% (OFR hybridized) compared to a state of the art controller.
It has to be considered that the ASI system provides also predictions up to 15 minutes ahead. However, currently
the predictions are not utilized by the investigated power plant controller. A further improvement could be achieved
by including model predictive control strategies, which could utilize the predictions.
All controller used in this study are tailored to the La Africana solar field design. Nevertheless, similar possible
improvements are expected for other PT power plants. Even power plants with fundamentally different control
approaches can benefit from the spatial DNI information with the associated spatial and temporal DNI variability
classes, as these are additional input information which can be introduced to any existing or future PT solar field
controller.
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Finally, we would like to mention that other CSP technologies, such as Fresnel and point focusing tower power
plants, could also benefit from the spatial DNI information provided by ASIs.
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