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ARTICLE INFO ABSTRACT

Keywords: This article proposes a method to improve the efficiency of solar power plants by estimating and
Sensor networks forecasting the spatial distribution of direct normal irradiance (DNI) using a sensor network and
Kriging

anemometer data. For this purpose, the proposed approach employs spatio-temporal kriging with
an anisotropic spatio-temporal variogram that depends on wind speed to accurately estimate the
distribution of DNI in real-time, making it useful for short-term forecast and nowcast of DNIL
Finally, the method is validated using synthetic data from varying sky conditions, outperforming
another state-of-the-art technique.
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1. Introduction

Climate change is considered one of the top challenges for the future of humanity. For this reason, many society efforts aim at
decreasing their levelized costs of electricity (LCOE) from renewable energies to beat those of fossil fuel technologies [1]. Therefore,
it is not surprising that the use of solar energy around the world has rapidly increased in recent years. The most common plants for
electric production using solar energy are photovoltaic plants (PV) and concentrated solar thermal plants (CST). In this regard, the
LCOE of PV plants is substantially lower than that of CST plants, but CST plants can incorporate thermal energy storage (TES) (e.g.,
using molten salt) to generate electricity even during the night.

CST plants are usually located on large extensions of land with high solar incidence, with parabolic trough collector CST being
the most cost-effective and common type [2]. These plants use parabolic mirrors that concentrate solar rays onto pipes located at the
focal point of the parabola, where a heat transfer fluid (HTF) circulates and absorbs the concentrated solar radiation. The HTF is then
sent to a power generation plant through a collector that gathers the hot oil from the manifolds. In most commercial plants, the solar
field consists of a number of loops connected in parallel, with each loop formed by a number of serially connected collectors, usually
four, which track the sun on one axis to maximize the collected energy [3]. Since the total flow rate through the collectors needs to
be controlled to maintain the HTF temperature within operational limits while maximizing the power generated, a major challenge
occurs when irradiance varies across the plant. For example, a localized cloud could trigger a harmful flow decrease in unshaded
collectors, so their HTF temperature might go beyond the admissible levels, damaging the plant equipment. Because of this, in some
cases it is necessary to defocus the collectors as a safety measure.

The problem of controlling CST flows has been addressed from different approaches, among which the best performance is achieved
by the use of predictive control strategies such as model predictive control (MPC) [4-6], particularly when it is possible to control the
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Nomenclature
Acronyms CFE Real cloud factor in cell ij at time instant ¢
DNI Direct Normal Irradiance JIPS Adjustment error of PolyS at time instant ¢
GIS Geographic information system CF]CEI Estimated cloud factor in cell ij at time instant ¢
CST Concentrated solar thermal plants 5 Estimation error at time instant ¢
HTF Heat transfer fluid yPS Proposed STV
TES Thermal energy storage yM Poly$ ,STV
MPC Model predictive control Y D ExPerlmental STV
STV Spatio-temporal variogram J 5 Ad].ustment error of proposed method . ‘
J, Adjustment error of proposed method at time in-
Sets stant ¢
S Set of sensors JPs Adjustment error of PolyS
A% Number of measurements Algorithm parameters
¢ Set of cells Ry Range of instants in which a measurement affects
Ce Cell ¢ other measurements
Sn Sensor n Rp Range of cells where a measurement affects other
S Number of sensors measurements
M Set of measurements Ry Maximum number of measurements considered to
m, Measurement y estimate a certail cell DNI value
X, x coordinate of ; measurement hyys Spatial and temporal lags of measurements
Yy y coordinate of y measurement a,a,,... Parameters to adjust y° to yM
1y t in which y measurement was taken Other parameters
1, DNI lecture of 4 measurement
N Number of cells in the X-axis
Algorithm variables M Number of cells in the Y -axis

flow entering each loop of collectors by means of valves. For these controllers, an estimation of the current and future distribution
of the Direct Normal Irradiance (DNI) throughout the plant is needed. To this end, some authors such as [7] and [8] have proposed
to use all-sky cameras to estimate the spatially distributed DNI from the images, and other authors such as [9], [10], and [11] have
proposed the use of robot fleets to estimate it from the DNI measurements gathered.

In this context, the mapping of environmental variables has been largely approached using kriging [12], which has become a de
facto standard for many geographic information systems (GIS) such as ArcGIS. Kriging is a technique that was first developed in [13]
and has since become widespread for all types of spatial applications [14]. In particular, the spatio-temporal generalization is specially
indicated for dynamic variables with shifting concentration over a certain area, becoming a suitable method to deal with DNI changes
due to clouds. This technique also introduces significant advances in accuracy and applicability. Notably, existing approaches often
rely on static spatial models that fail to capture the dynamic nature of environmental factors influencing solar irradiance. In contrast,
these methods leverage both spatial and temporal data to account for rapid environmental changes. Indeed, this method has been
proposed for simultaneous environmental mapping of dynamic variables in works such as [15], [16] and [17], and sensor placement
in works such as [18], and [19]. [20,21], and [22] proposed time-forward Kriging and vector autoregressive models to perform DNI
forecasting. Some works also consider the effect of wind on the spatial distribution of DNI, e.g., [23] which highlighted the relevance
of taking into account its direction and speed in this context, especially when carrying out short-term forecasting. However, this
last method requires symmetry in the variogram, which is unreasonable with clouds moving in the wind direction, and employs a
polynomial function to model the wind influence, losing accuracy in the estimation. Moreover, it also requires the estimation of a
high number of parameters, particularly when many past measurements are used for the DNI prediction.

To deal with the above issues, this work proposes an innovative anisotropic spatio-temporal variogram (STV) that explicitly
incorporates wind direction and speed into the model. These meteorological variables, readily measurable and routinely recorded by
meteorological stations at most solar plant locations, improve the responsiveness of the STV to changing weather conditions. This
integration enables more accurate and robust estimation and short-term forecasting, i.e., nowcasting, of the spatial distribution of
solar irradiance. In addition, the proposed STV model achieves these improvements while requiring fewer parameters compared to
traditional methods, which simplifies the computational process. Not only does this reduction in complexity make the model more
efficient but it also increases its applicability in real-world scenarios, offering significant advantages in operational solar energy
management. Additionally, a new method has been developed to select the measurements used in the kriging estimation, further
refining the accuracy of our predictions. Finally, the versatility of the proposed method may also benefit PV plants, which can
leverage distributed estimation and forecasting of DNI for enhanced operational efficiency.

The rest of this work is organized as follows: Section 2 details the formulation of the problem and describes how the proposed
variogram was computed. Section 3 describes both how the data were generated and how the STV was adjusted to the data, and the
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(a) Layout of the plant (b) Example of clouds above the power plant.

Fig. 1. Thermosolar power plant scheme: (a) represents the layout of the plant and (b) represents the same layout in 3D under a certain distribution of clouds.

results obtained for both real-time estimation and short-term forecasting. Finally, in Section 4 the conclusions of this work are listed
and some future lines are discussed.

2. Spatial and temporal DNI mapping using Kriging

Kriging is a powerful geostatistical method that can be used for spatial and temporal estimation and prediction. It estimates the
value of a variable at a specific location and time instant based on recent observations at nearby locations and time points [14].
Consider a PTC solar plant as the one shown in Fig. 1a, which is deployed over a very large flat area that can be discretized

into a meshgrid of N X M elements, yielding a set of cells C = {c;,c,...,c.,...,cxyp )} Whose DNI value at point (x.,y,) to be
computed for each instant in a set 7 € {¢,...,¢r}. It is assumed that there is a set of S DNI sensors S = {sy,s,,...,55} located at
different positions on the XY plane. Each sensor is assumed to continuously perform DNI measurements with metadata regarding
their position and time, yielding a set of V measurements M = {m,m,, ..., my }, with m, = {x”,yﬂ,tﬂ,lﬂ} and y=1,2,...,V. In this
context, x,, and y, denote the coordinates where the measurement y was taken, 7, indicates the time when the measurement was
taken, and /,, represents the DNI recorded.

Since the nominal DNI profile for a clean sky (no clouds or particles) can be computed using latitude, solar day, and solar time, as
shown by [24], a Cloud Factor (CF) CF,; € [0, 1] is defined to measure the nominal DNI drop in the cell ¢ € C at time instant ¢ when
clouds are present, as in Fig. 1b. In particular, CF,, is 1 when a cloud eliminates 100% of the nominal DNI in a cell and 0 when the
cell receives the nominal DNI. Intermediate values represent situations where the cloud is not dense enough to clog the nominal DNI
completely.

The problem therefore is to compute an estimated/predicted CF in all cells c € C and in all t € T, say CF, CF;, such that the total
error:

E=Y E,

teT

1 E
E =i Y ICF,-CF}|, t€T,
ceC
is minimized.
The estimation/prediction of the cloud factor at a location (x,, y,) and time instant ¢ using kriging is performed as:

CFi= Y weven-I,
HEM! (X¢oye.t)
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where w,,(x.,y,,1) are weights associated with each measurement in a measurement subset M (x,,y.,1) = {m’l R m’2 ,m(,, }eMm.!
These weights are computed solving the linear equations of ordinary kriging:

Z Wi(Xe, Yoo 1) ¥ = X1y = Vit =) Fu=y(x; = x,y; =y, t; = 1), i€ M (x, 5.1
JEM! (x¢,ye.1)
W, (xgs Yo 1) = 1
ieM (xcYeot)
where x;, y;, t; and x, y;, 1; are the locations and time instants of the i-th and j-th measurements, u is an additional variable to
remove bias, and y(hx,hy,h,) is the spatio-temporal variogram (STV), which sets the semivariance for the lags in distance (4, hy)
and time (h,). Here, y(hx,hy, h,) has been designed as (1):

YO hyh) =15 + 70 (h) + 75 (h) - ¥y (A, by hy), (€h)

where D stands for designed. In particular, y(')) is the nugget effect (in this context, the standard deviation of the sensor), and yi) (hy),
y? (h;), and y? (hy. hy, h,) are functions that depend on a set of parameters a, ..., a;y and b, that must be adjusted:

. yP(ht) models the purely temporal evolution of STV following a sigmoid that goes from a; to a, as |h,| grows, with a5 and a,
setting respectively its medium time and slope. Its expression is given by:

a

—(hta3) ’
1+e

yP(h)=a +

y? (h;) modulates the amplitude of y;) (hy, hy, hy) with the time lag h,, and follows an inverse sigmoid that decreases to 0 as &,
grows. Parameters a5 and ag play an analogous role to that of a5 and a,. Its expression has been designed as:

by
hi—as *
I+e %
Regarding its initial value, parameter b, is set as:

vy (h) =

a3

D a -2
by==yy a1+ —— ~<1+e “6>,
I4+e «
to guarantee that y2(0,0,0) = y(])) , so that the variance of a measurement in the same spot and at the same time coincides with
the nugget effect (the only uncertainty is that of the sensor). By setting b; in this manner, we ensure that the model’s variance at
the origin accurately reflects only the sensor’s uncertainty, thus anchoring the model’s response surface to a known baseline.

y? (hy. hy, h,) corresponds to a bidimensional Gaussian function given by:

V(R by, hy) = exp (—(H(hy, ) + B (s h))).

This function goes from 1 to 0 as the sum of the modified distance lags:

h,—aq-vw, h
, h;(hy’hr) = w’
ag 410

h;(hxihr) — hx — a7 Uwy - ht
grows. These lags set the center of the Gaussian function considering the displacement of the cloud in time, which is given by
the product of 4, and the wind speed components in the X and Y axis, vy, and vy,, which are weighed by a; and ay, and
the distance lags A, and h,, which are again weighed by parameters ag and a,,. The rationale of including the wind velocity is
that the STV can be adjusted with data of any wind direction and velocity. Also, note that if there is total certainty in the wind
direction and speed, a; and ay must be identical.

Fig. 2 shows a STV. As can be seen, it becomes an upward-moving plane with a moving bump located at the spatio-temporal region
where a measurement is more meaningful for the point and time where the cloud factor is to be estimated/predicted. That is, the lower
the variogram, the stronger the effect of the corresponding measurements in the estimation/forecast. In general, y increases with |A,|
until it saturates, with the bump moving upwind pointing out the most relevant measurements. For example, if cloud shadows are
moving eastward at 10 meters per minute and the cloud factor of point (x, y,?) is to be estimated using measurements only from 10
minutes ago, the most meaningful measurements will be those located 100 meters west of (x, y). However, as |A,| increases so does
the minimum y, since there is more uncertainty.

! For a given t € T, forecasting is performed when time 7 > jr‘t/l],ax )t 4> otherwise, estimation is performed.
HEM' (x,y.1
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Fig. 2. Temporal evolution of a STV: (a) represents the STV with the temporal lag being 0 seconds, (b) represents the STV with the temporal lag being 25 seconds,
and (c) represents the STV with the temporal lag being 80 seconds.

2.1. Identification of the STV parameters

Tuning the parameters of the proposed STV (a;, ...,a;) can be done as follows:

1. Select N randomly distributed points in space-time.
2. For each random point r = (x,,y,.t,), compute its experimental semivariance y&“ in its surroundings using the cloud factor
CFR(x,y,1) and that of the points surrounding it CFR(x + h.,y+ hy, t+ h,) using (2):

yM(hy by b)) = -(CFR(x,+hx,y,+hy,t,+h,)—CFR(x,,y,,t,))2, h, €My, h,€H,,

N —

h, € H,, @

where y}“ is the measured gamma for point r, and H,,H,, and H, are sets of predefined distances and time lags. Note that H,
will only have negative values since, obviously, future measurements cannot be used. }, and H, will have negative and positive
values with higher resolution upwind.

3. Use these Ny - |H,| - |Hy| - |H,| points to compute the |H,]| - |Hy| - |H,| points of the experimental STV by averaging, where | - |
denotes the cardinality of the corresponding set, by (3):

Np
1
PMhy hyh) = N Y yMhhy. b)), h, €Hh €My h €H,. 3
r=1

4. Finally, the values of the parameters of the STV are obtained by minimizing the error between the designed STV yP(h,,h vl
and the experimental one, yM(hx, hy, h,), by (4):

D_ D
L= P, )
h,€H,
with
D M D
IP= 3 Y MUk h) =P by bl by € Hy
hy€Hy hy€Hy
Since this optimization is non-convey, it is necessary to run the optimization algorithm from many different initial points to avoid

local minima.

2.2. The point of minimum semivariance and the selection of measurements

To estimate the cloud factor of point (x,,y,) at time ¢, it is necessary to define the point of minimum semivariance as the point with
the most significant measurement according to the STV. Considering the STV proposed in (1), this point can be computed as:

a
x, (x,y,h x— =L vy, by

Pms(x, ¥, hy) = [ (. ’)] = a3
ymS(X, Vs ht) y— E : UWy : ht

Then, the measurement set M’ (x,y,?) used for the estimation is selected as shown in Fig. 3. In particular, measurements are
taken considering a temporal threshold, Ry, and a spatial threshold, Rp, based on their distance to p,,. Finally, measurements are
evaluated using y° and sorted in decreasing order, so that the first Ry are chosen.
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Fig. 3. A mesh of 24 sensors takes 24 measurements per time instant with Ry =2, i.e., only the current instant and the two previous instants are considered, having
a total of V =72 measurements (in red, green or blue depending on whether they were taken at 7, 7 — 1 or t — 2 respectively). The position of the point of minimum
semivariance in ¢, t — 1 and ¢ — 2 is represented with a red, green and blue cross, and a circle with Ry, radius is represented in the same color. Then, M’ (x, y,1) will
be composed of red measurements inside the red circle plus green measurements inside the green circle plus blue measurements inside the blue circle. Note that even
though sg and s, are very close to the point where the estimation is wanted, it makes no sense to use measurements from these sensors of the instant # — 2.

3. Case study and results

In this section the case-study used to test the proposed method is presented. Particularly, Subsection 3.1 describes how the synthetic
CF data were generated, Subsection 3.2 describes the process of adjusting the theoretic variogram in (1) to the data, in Subsection 3.3
the algorithm used for comparison is presented, and in Subsection 3.4 both algorithms are tested.

3.1. Data generation

Obtaining an accurate STV requires spatially distributed dynamic maps, which ideally involve a dense network of sensors. Such
setups are cost-prohibitive due to high expenses in sensor deployment and maintenance. Therefore, generating data computationally
provides a feasible and economical alternative that allows for extensive spatial analysis. Clouds are modeled as clusters of ellipsoids
in random directions contained within a larger ellipsoid with random Gaussian dimensions following [25]; see, e.g., Fig. 1b. Wind is
considered as a vectorial field in the volume contained within the limits of the plant area, the ground, and the maximum height of
the cumulus clouds (2000 meters). It is important to keep in mind that the higher the altitude the faster the wind becomes, following
the well-known Hellmann equation:

Vw <hw>”
vy \hy

where vy is the speed of wind at height Ay, and vy, is the speed of wind at the measurement height 4j,; a is the Hellmann coefficient,
which depends on the type of terrain. In this work, it is assumed that @ = 0.2, which corresponds to a moderately rough terrain.

Given the turbulent nature of the wind, it is also considered that in each of the mesh cells there is a disturbance N'(0,0y) € R3.
Since the velocity field is available, the velocity of each cloud at each time instant can be interpolated. Then, Spencer equations [26]
can be used to obtain solar rays from the center of each cell (here, cells are 20 x 20 m?) and calculate their interference with clouds,
assigning larger values of C F if the interference of the solar rays with a cloud is significant, and lower values otherwise. By generating
random clouds and various wind fields as described above, different data sequences have been generated as shown here.?

3.2. Obtention of the variogram and adjustment to theoretical model

To compute the STV, N, = 500000 random points {xy?} have been generated and then a spatio-temporal mesh has been created
surrounding each point, by defining H,, Hy, H, (see (5)), to use (2) and (3).

2 https://youtu.be/LkV-yv380ONc.
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Table 1
Adjusted parameters of the proposed
spatio-temporal variogram.

a,  0.0994 ag 555886
a,  0.0047 a;  —0.2041
a; 400000921 g 723831
a, 2001.8875  a,  —0.2041

a5 —389.0172  a, 802274

H, =H, =[-1200,-1100, ...,-100,-80, ...,-20,0,200, ..., 1200] m,
H, =[-200,-180,...,-40,-30,-25,...,-10,-8,...,0] s.

(5)

For the sake of accuracy, the mesh is denser upwind since the most significant measurements in the past are those in the upwind
direction and farther away. In addition, as it was previously explained the significance of measurements decreases with time. Fig. 2
represents its spatial variation for i, = 0 seconds (Fig. 2a), h, = —25 seconds (Fig. 2b), and h, = —80 seconds (Fig. 2c) considering
the velocity of the cloud shadows vV =[2,2].

Parameters a;,...,d,, in equation (1) were adjusted using the fmincon optimization algorithm in MATLAB® to minimize equa-
tion (4), thereby obtaining the parameter values as listed in Table 1. The adjustment process consisted of employing SQP algorithms
within fmincon to fine-tune the parameter values, in order to minimize the discrepancy between the model output and observed
data, as defined by equation (1). For the sake of simplicity, y(')) is set to 0 in this work. In Fig. 4, the adjusted proposed function,
yP(hy. by, h,) (Fig. 4a-4c), along with |yM(h,, h,, k) — yP(h,, h,, h,)| (Fig. 4d-4f) are shown in the same temporal slices that were
presented in Fig. 2.

3.3. Baseline variogram and adjustment

The algorithm PolyS presented in [23] is used for comparison. This algorithm relies on the covariance function given by:

CPS(hth’ ht) = CFS(hl’h27 ht) +4- CDiff(hlﬁh2’ht)’

ey
1=y _ [ hl+hl v
e Graln2apiz L YV

Crs(hy, by, h)= ———>
rs (. o, ) 1+a-|h|> 1—v

Lo |

Coigr(hys hy h) =T 150 - Ly sol Ky (D) - Ay + Ko (L)) - [y |+ K3 (1)) - by - Ao |+
+ Ky(Ihy) - iy + Ks(1hy D) - 13 + Ke(1h DL,

with h; and h, the lag in the wind direction and its perpendicular respectively, 7 indicator functions, v the nugget effect, and a set
of parameters that need to be adjusted (a, ¢, a, §, 4, and a six K’s for each A, considered). Then, considering that the semivariogram
and the covariance are related by y?S(,, hy, hy) = Cpg(o0, 00,00) — Cpg(hy, hy, hy) and that the coordinates Ay, h,, can be transformed
into h,, h, simply by a rotation, the same method as before can be used to adjust the parameters, i.e., fmincon in MATLAB® was
used to minimize:

JPS — Z s,

h,€H,

with

I= 3N M hyh) =Pk )l b €,
hy€Hy hyeH,

obtaining a = 5.9254, ¢ = 1.2491, a = 0.2786, f = 0.4592, A1 =4.6955, and, since the nugget effect is disregarded, v =0 = y(? . However,
by using this method, one set of six K’s for each h, € H, is obtained. To obtain continuous K that allow us to use the STV with
measurements at any temporal lag polynomial interpolation is used and the coefficients obtained can be seen in Table 2. In Fig. 5
the adjusted proposed function, yPS(hx, hy, h,) (Fig. 5a-5¢), along with IyM(hx, hy, h,) — yPS(hX, hy, h,)| (Fig. 5d-5f) are shown in the
same temporal slices that were presented in Fig. 2.

A video containing 4, € H, can be seen here.® The graph shows the experimental values on the left, the proposed adjusted function
in the second place, the error between the former and the obtained data in the third place, the adjusted PolyS in the fourth place, and
finally, the error between the PolyS and the experimental data is depicted on the right.

3 https://youtu.be/ltqGvkWgvHc.
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(d) |7M(h17hy7hf) - 7D(h27hy7ht)|7 (e) |’YM(h17hy7hf) - ﬂYD(h’Z7hyvht)‘7 (f) h/M(hﬂh hy7 h’t) - ’YD(hI7hy7hf)|7
JP =0.2727 (h = 0). JP =0.6189 (h; = —25). JP =0.3533 (h: = —80).

Fig. 4. yP time slices: (a-c) represent the y® with the temporal lag being 0, 25, and 80 seconds respectively, and (d-f) represent the error with the STV with the same
temporal lags.

Table 2
K values in form K, = ¢, - |k, |> + ¢, - |, |2+ ¢5 - |h,| + ¢4

¢ - 108 ¢, - 10° ¢y - 10* ¢, - 10*

K, 0.0114 -0.0393  0.0361 —0.3667
K,  0.0109 0.0382 0.0357 —0.05541
K5 —0.0002  0.0006 —0.0005  0.0035
K, 0.0001 0.0002 —-0.0002  0.0023
Ks —0.0001 0.0002 —0.0002  —0.0004
Ks 04505 1.5310 —1.4394  9.8246

3.4. Map estimation results

In this subsection a field of 5000 x 2000 meters (based on a typical CST), was meshed into a 250 x 50 grid, i.e., in 20 X 20 meters
cells.

3.4.1. Sensor meshes

The spatio-temporal Kriging was tested in 2 different scenarios: one with sensors every 500 meters (coarse mesh scenario) and
another one with sensors every 200 meters (fine mesh scenario). The temporal range, the spatial range and the maximum number of
measurements were adjusted manually in both scenarios, and their values can be seen in Table 3.

3.4.2. Random instant analysis

In order to test the effectiveness of the algorithm a specific time instant r* = 3670 is randomly selected, which can be seen in Fig. 6a.
Some previous instants are used to gain insight on the selected one, namely * — 60 = 3610, * — 180 = 3490, and * — 300 = 3370,
which are also shown in Fig. 6b, Fig. 6¢, and Fig. 6d respectively. Note that instant 3370 is the least significant instant for their
estimation since time range is 300 seconds. All these time frames can also be seen here.*

First, the ability of the fine mesh to estimate the complete map at t* (see Fig. 7a) has been tested (the results are shown in Fig. 7b)
obtaining E, = 0.05132. Next, the very short-term (1 minutes in advance) forecast estimation is assessed obtaining E, = 0.05591, i.e.,
only 8.9% worse than the real time estimation (see Fig. 7c). Finally, for the short-term (5 minute in advance) forecast estimation

4 https://youtu.be/LkV-yv380ONc.


https://youtu.be/LkV-yv38ONc
https://youtu.be/LkV-yv38ONc

J.G. Martin, J.R.D. Frejo, J.M. Maestre et al. Heliyon 10 (2024) e39247

0l 1000
500 —

w00 &
500 500 1000 oY

I}['n]
(d) |7M(hz7hy7ht) 77PS(hZahyvhi)‘7(e) |7M(h17hy7hi) 7’YPS(hI7hy7ht)|7(f) |7M(h27hyahi) - ’Yps(hﬂh hy7 ht)|7
JES =4.9662 (ht = 0). JES =1.7123 (hy = —25). JES =1.2758 (hs = —80).

Fig. 5. y™S time slices: (a-c) represent the yPS with the temporal lag being 0, 25, and 80 seconds respectively, and (d-f) represent the error with the STV with the same
temporal lags.

Table 3
Ranges for kriging.
Fine Mesh of sensors Coarse mesh of sensors
Ry [s] 300 300
Ry, [m] 220 560
Ry, [measurements] 40 200

(which can be seen in Fig. 7d) E, = 0.08189 is obtained, which is 58.56% worse than the current estimation. Note that the most
relevant clouds (the ones around [1200, 600], [2000,800], [2600,700], [4400,800], and [4600,800]) can be seen in the short term
estimation.

Then, the ability of the coarse mesh to estimate the instant t* (see Fig. 8a) is checked (results that can be seen in Fig. 8b) obtaining
E; =0.08231. Next, the very-short-term forecasting capability is checked by estimating the DNI along the plant 1 minute in advance
(see Fig. 8c), obtaining an average error of E, = 0.08794, which is 6.85% worse than the real time estimation. Finally, the short-term
forecasting capability (5 minutes in advance) using the coarse mesh is tested (see Fig. 8d) obtaining E, = 0.09833, which is 19.47%
worse than the real time estimation.

As can be seen in Fig. 7 and Fig. 8, the estimation becomes fuzzier as the forecasting time increases. Also, note that the relative
decrease in performance with this parameter in the coarse mesh is less than in the fine mesh, but the real time estimation is 60.37%
worse with the coarse mesh.

3.4.3. Averaging results

The E, in the two meshes was also compared with different forecasts, from 1 to 5 minutes during a 10-minute simulation from
1, =337 until ¢t = 349 (randomly selected) to study how it varies with it. The averaged results can be seen in Fig. 9 and a video can
be seen here.® Note that the error increases as the forecasting time does. However, this increase is greater with the coarse mesh than
with the fine one.

Then, 100 random points were taken where the current estimation and 1, 2, 3, 4, and 5 minutes forecasts were performed during
the 11 hours simulation and the error was averaged, obtaining the results in Fig. 10a. Also, in order to test the forecasting capacity
of both algorithms in a point where there is a sensor, the same test was performed considering the 4 points where there is a sensor
in both the fine and the coarse meshes ([1000, 1000], [2000, 100], [3000, 1000], and [4000, 1000]) obtaining the results in Fig. 10b.

5 https://youtu.be/ss-3aXJRCuQ.
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Fig. 6. Simulated data in different interesting time instants. (a) represents the real CF in t*, (b) represents the real CF one minute before r*, (¢) represents the real CF
three minutes before 7*, and (d) represents the real CF five minutes before #*. The video can be seen here.
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(c) CFE (t*, forecasted at t* — 60 s). (d) CF® (t*, forecasted at t* — 300 s).

Fig. 7. Comparison between kriging estimation with fine mesh and real DNI. (a) represents the real CF in r*, (b) represents the estimation obtained in r*, (c) represents
the forecasting of r* done one minute before, and (d) represents the forecasting of * done five minutes before. Red dots represent sensors of the fine mesh.

Finally, a summary comparing both methods is shown in Table 4. It can be seen that the proposed method outperforms the one in
the literature for the estimation and the forecasting except for the 5 minutes forecasting with the coarse mesh, where similar results
were obtained. Also, it can be seen that the improvement is greater for estimation or nowcasting, rather than for short-term forecasting
because performance decreases with forecasting time.

4. Conclusions

A novel anisotropic STV considering the direction and speed of the wind is presented here. The proposed method can be used
to obtain spatially distributed estimation of DNI and short-term forecast estimations and outperforms another recent method in the
literature for the considered application.

The spatio-temporal kriging technique provides an estimation of the variables measured and the standard deviation at each
point of the map. Therefore, a similar strategy to the one in [11] can be carried out, paving the way to replace the wireless sensor
network proposed here by a robotic sensor network. In addition, kriging also offers the possibility of integrating different types of
data. Currently, other sources of data such as the temperature sensors of the loops are in the process of being included, which can
help estimate the DNI received by the loops [27]. Furthermore, following [28] estimations of DNI through video cameras will be
incorporated, which can be available at the plant at present and that can be integrated in aerial robots in the future. Finally, this
method could be enhanced by machine-learning hybrid techniques as the ones presented in [29], [30], and [31].
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Fig. 8. Comparison between kriging estimation with coarse mesh and real DNI. (a) represents the real CF in r*, (b) represents the estimation obtained in t*, (c)
represents the forecasting of * done one minute before, and (d) represents the forecasting of +* done five minutes before. Red dots represent sensors of the coarse
mesh.

Mean Error

——Error Coarse Mesh
- = =Error Coarse Mesh PolyS
——Error Fine Mesh
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Fig. 9. Mean error of the current estimation and the forecasted estimations with different forecasting times (1, 2, 3, 4, and 5 minutes) in both sensor meshes during
the time interval that goes from 7, = 3370 seconds to t = 3970 seconds. A video of the current estimation and the forecasts during this time interval can be seen here.

Table 4

Comparison of our proposal and the baseline method.
Prop./PolyS Fine Mesh Coarse Mesh
Forecasting time [min] 0 1 2 3 4 5 0 1 2 3 4 5
Random points 069 069 071 073 074 078 088 091 092 094 096 099
In sensors NA 0.67 0.80 0.77 0.77 0.81 NA 0.63 0.87 0.98 0.95 1.03
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Fig. 10. Average error during the complete simulation. (a) represents the average of the error among 100 random points, and (b) represents the average error on those
points where there are sensors on both meshes.
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