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Abstract. A wind speed forecast corresponds to an estimate of the
upcoming production of a wind farm. The paper illustrates a variant of
the Nearest Neighbor algorithm that yields wind speed forecasts, with
a fast time resolution, for a (very) short time horizon. The proposed
algorithm allows us to monitor a grid of wind farms, which collaborate by sharing information (i.e. wind speed measurements). It accounts
for both spatial and temporal correlation of shared information. Experiments show that the presented algorithm is able to determine more
accurate forecasts than a state-of-art statistical algorithm, namely auto.
ARIMA.

1

Introduction

The growing integration of wind farms into the power grid requires precise forecasts of upcoming energy productions at diﬀerent time scales, depending on the
intended application. Very short-term forecasts (≤6 h) can be used for the turbine
active control, short-term forecasts (48–72 h) may serve for wind power scheduling, as well as for economic dispatch, while longer time scales (up to 5–7 days
ahead) may be considered for planning the maintenance of wind farms and transmission lines. Depending on the nature information processed, wind forecasting
approaches can be classiﬁed into physical, statistical and hybrid approaches. A
physical approach [1,6] uses weather forecast, while a statistical approach [2,8–
10,13]) is based on vast amount of historical data (time series) without considering
meteorological conditions. A hybrid approach [4,7]) uses both weather forecasts
and time series analysis.
In this paper, we address the problem of very short-term wind speed forecasting by resorting to a statistical approach. We describe a spatio-temporal lazy
learning-based algorithm, called WiNN (spatio-temporal WInd Nearest Neighbor algorithm), which is based on a variant of the Nearest Neighbor algorithm,
which accounts for two forms of autocorrelation: the temporal autocorrelation,
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which may exist in wind speed time series data, and the spatial autocorrelation, which may exist between wind speed data measured at near wind farms.
For every wind farm, lazy learning is performed to produce forecasts from wind
speed values observed in a given spatio-temporal neighborhood. The main advantage of lazy learning is that the computation of a complex forecasting model of
the historical data à la ARIMA is avoided. In addition, it can be easily extended
to account for spatial autocorrelation as well.
The paper is organized as follows. In Sect. 2, we illustrate the data scenario
and formulate the learning problem considered. In Sect. 3, we present the proposed algorithm, while in Sect. 4, we discuss the dataset and the relevant results.
Finally, Sect. 5 draws some conclusions and outlines some future work.

2

Data Setting and Learning Problem

Data Scenario A wind farm grid is deﬁned as a geophysical streaming system
(K, Z, T ), where: (1) K is the set of wind farms spanned on a bi-dimensional1
XY representation of the geographic space, (2) Z is the wind speed variable
and (3) T is the time line discretized in equally spaced time points denoted as
1, 2, . . . , t, . . .. In this data scenario, z(k, t) denotes a measure of Z collected from
a certain wind farm k ∈ K, at a speciﬁc time point t ∈ T . A wind speed stream
z(k) is the stream of measures z(k, t) collected at wind farm k ∈ K for each time
point t ∈ T , that is, z(k) = z(k, 1), z(k, 2), . . . , z(k, t), . . .. Following the sliding
window model [3], z(k) is decomposed into consecutive sliding windows of equal
size w, namely z(k) = z(k, 1 → w), z(k, 2 → w + 1), . . . , z(k, t − w + 1 → t), . . .,
where z(k, t − d − w + 1 → t − d) denotes the backward data window of wind farm
k at time t, with backward horizon w and temporal delay d = 0, 1, . . . , t − w.
Forecasting Problem. Given a wind farm grid (K, Z, T ) and a time horizon w, a
forecasting service aims at producing, at each time point t and for every wind
farm k ∈ K, the predictions of upcoming w values of Z, which are henceforth
denoted as ẑ(k, t + 1), ẑ(k, t + 2), . . . , ẑ(k, t + w). In this study, the forecasting
service for the upcoming w measurements of Z is based on the backward w
measurements of Z collected over the grid. Backward data can be selected with
a possible temporal delay that is at worst w-sized.

3

WiNN

WiNN is a lazy learning algorithm that allows us to yield (very-) short term
forecasting of wind speed in a wind farm grid (K, Z, T ). Input parameters of the
algorithm are a spatial radius r, a window size w and a similarity threshold δ.
The top-level description of the algorithm is reported in Algorithm 1.
First, for every target wind farm k ∈ K, WiNN applies a spatial ﬁlter, in order
to determine a spatial neighborhood with center k and radius r (Algorithm 1,
lines 1–3).
1

Multi-dimensional representation of geographic space can be equally dealt.
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Algorithm 1. WiNN(K, Z, T )
1:
2:
3:
4:
5:
6:
7:
8:
9:
10:
11:
12:
13:
14:
15:

for k ∈ K do
compute σ(k, r) {Definition 31}
end for
for t ∈ T do
for k ∈ K do
for d ∈ 1, . . . , w do
compute τ (k, t, −d) {Definition 32}
η(k, t, −d) ← σ(k) ∩ τ (k, t, −d) {Definition 33}
end for{Forecasting}
for f ∈ 1, . . . , w do
compute L(k, t + f ) {Definition 34}
ẑ(k, t + f ) ← knn(L(k, t + f )) {Definition 35}
end for
end for
end for

Definition 1 (Spatial Neighborhood). The spatial neighborhood σ(k, r) is
the set of reference wind farms of K (σ(k, r) ⊆ K) such that:
σ(k) = {h ∈ K|h = k and geoDistance(k, h) ≤ r},

(1)

where geoDistance(k, h) is the geographic distance computed between the spatial
coordinates xy(k) and xy(h), respectively.
This phase is performed when the processing of the wind data streams produced by (K, Z, T ) starts. It is repeated only when changes occur in the grid
structure, i.e. a farm is either deleted from or added to the grid. After this initialization phase, WiNN processes data (wind speed measurements) as they are
produced by the grid. At every streaming time point, it applies a temporal ﬁlter
to every target farm (Algorithm 1, line 7), in order to identify neighbor farms
whose backward data are correlated, with a temporal delay, to the backward
data measured by the target farm at the present time (Algorithm 1, line 8). The
temporal delay d ranges between 1 and w.
Definition 2 (Temporal Neighborhood). Let d be a positive, integer-valued
temporal delay with d ≤ w. The temporal neighborhood τ (k, t, −d) is the set of
reference wind farms of K (τ (k, t, −d) ⊆ K) such that:
τ (k, t, −d) = {h ∈ K|h = k and dataDistance(k, h, t, −d, w) ≤ δ},

(2)

where dataDistance(k, h, t, −d, w) is the Euclidean distance computed between
the target backward data z(k, t−w+1 → t) and the reference, d-delayed backward
data z(h, t − d + w + 1 → t − d), that is
dataDistance(k, h, t, −d, w) =

w

i=1

2

(z(h, t − d − w + i) − z(k, t − w + i)) .

12

A. Appice et al.

In this study, the deﬁnition of this kind of neighborhood with a temporal
delay is motivated by the characteristics of the physical variable (wind speed)
that we are considering for the forecasting problem. Wind can be considered as a
moving object over space, so it is reasonable that the wind speed measured from
the target wind farm k at time point t is more similar (i.e. higher correlated) to
the wind speed measured from a reference wind farm h at a time point before t
(i.e. t − d) rather than to the wind speed measured from h at t. In this study,
we construct neighborhoods with various temporal delay values, in order to be
able to properly model wind as a moving object also without accounting for
information concerning the wind direction.

(a) k, h1 , h2 , h3

(b) τ (k, t, −1) = {h1 }

(c) τ (k, t, −2) = {h2 , h3 }

Fig. 1. Example of temporal neighborhoods constructed with window size w = 3, time
delay d = 1 (1(b)) and d = 2 (1(c)) for target wind farm k by considering reference
wind farms h1 , h2 and h3 , respectively (1(a)).

Example 1. Let us consider one target wind farm k, as well as three reference
wind farms, namely, h1 , h2 and h3 which measure wind speed data processed
with window size w = 3(Fig. (1(a)). We can construct a temporal neighborhood
of k with time delay d = −1 by comparing z(k, t − w + 1 → t) to z(h1 , t − w →
t − 1), z(h2 , t − w → t − 1) and z(h3 , t − w → t − 1) (Fig. 1(b)), while we
can construct the temporal data neighborhood of k with time delay d = −2 by
comparing z(k, t − w + 1 → t) to z(h1 , t − w − 1 → t − 2), z(h2 , t − w − 1 → t − 2)
and z(h3 , t − w − 1 → t − 2) (Fig. 1(c)).
A spatial-temporal neighborhood is built by applying a spatial ﬁlter and a
temporal ﬁlter in cascade. WiNN builds, for every wind farm k ∈ K, w spatialtemporal neighborhoods, one for every delay d = 1, 2, . . . , w (Algorithm 1, line 8).
Definition 3 (Spatio-Temporal Neighborhood). The spatio-temporal neighborhood η(k, t, −d) is the set of reference wind farms of K (η(k, t, −d) ⊆ K),
which satisfy both the spatial neighborhood filter σ(k) (Definition 1) and the temporal
neighborhood filter τ (k, t, −d) (Definition 2) simultaneously, that is, η(k, t, −d) =
σ(k) ∩ τ (k, t, −d).
Subsequently, spatio-temporal neighborhoods constructed with temporal
delays d = 1, 2, . . . , w (Algorithm 1, line 11) are processed, in order to populate d learning datasets L(k, t + 1), L(k, t + 2), . . . , L(k, t + w).
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Definition 4 (Lazy Learning Data Set). Let {η(k, t, −1)}d=1,2,...,w be the
set of spatio-temporal neighborhoods (Definition 3) associated with k ∈ K at
time t and constructed with the temporal delay d = 1, 2, . . . w, respectively. The
learning data set L(k, t+d) is the set of timestamped data points (reference farm,
timestamp, measured wind speed), that is defined as follows:

{(h, t − f + d, z(h, t − f + d))|h ∈ η(k, t − f )}.
L(k, t + d) =
f ≥d

Every learning set L(k, t + d), with d = 1, 2, . . . , w, is constructed in order
to forecast ẑ(k, t + d). Lazy learning is performed by resorting to a spatiotemporal version of the Nearest Neighbour formula (Algorithm 1, lines 12). A
spatio-temporal distance is computed, in order to estimate the weight according
to any sampled backward data point can contribute to the forecast value.
Definition 5 (k-NN). The forecast value ẑ(k, t + d) is determined as follows:

ω((k, t + d), (h, t ))z(h, t )
ẑ(k, t + d) =

(h,t ,z)∈L(k,t+d)



ω((k, t + d), (h, t ))

,

(3)

(h,t ,z)∈L(k,t+d)
1
1

where ω((k, t+d), (h, t )) = st((k,t+d),(h,t
 ))3 and st((k, t+d), (h, t )) = 2 scaled01
(d(k, h)) + 12 scaled01 d(t + d, t )).

It is noteworthy that st(·, ·) is computed as the sum of the scaling in the
interval [0,1] of the distance (d(k, h) = geoDistance(k, h)) computed between
the geographic coordinates of target wind farm k and neighbor reference farm h,
as well as of the scaling in the interval [0,1] of the distance (d(t+d, t ) = t+d−t )
computed between the timestamps associated to the forecast value (t + d) and
to the sampled neighbor (t ).

4

Experimental Study

The experiments have been carried out using real world data publicly provided
by the DOE/NREL/ALLIANCE3 (http://www.nrel.gov/). The data consist of
wind speed measurements from 1326 diﬀerent locations at 80 m of height in the
Eastern region of the US. The data were collected in 10 min intervals during the
year of 2004 (time line). This wind farm grid is able to produce 580 GW, and
each farm produces between 100 MW and 600 MW. Experiments are run on an
Intel(R) Core(TM) i7 920 @2.67GHz running Windows 7 Professional. In this
study, we have evaluated the sensitivity of both accuracy and eﬃciency of WiNN
to the set-up of the spatial radius. In addition, we have analyzed the accuracy of
WiNN compared to that of auto.ARIMA [5]. The selected competitor is a stateof-art statistical forecasting algorithm. Both algorithms have been evaluated in
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(very-) short forecasting setting. Forecasts have been produced by considering
a time horizon of six hours with wind speed forecasting performed every 10 min
(w = 36). δ is automatically determined for each considered temporal delay d,
as a percentage (δ % = 10 %) of the maximum Euclidean distance computed
between each pair of backward time series, selected for every farm of the grid,
at time t and with delay d.
Evaluating WiNN. We have considered the entire wind farm grid, in order to
analyze the size of constructed spatial neighborhoods, the average learning time
spent, at each time point t, to forecast upcoming wind speed values (over six
hours), as well as the accuracy of produced forecasts. Learning time is measured
in milliseconds and averaged on the number of time points, as well as on the
number of wind farms processed. WiNN is run repeatedly with a radius r varying between 100 km, 250 km and 400 km. Figure 2 (left side) reports the average
learning time spent by every wind farm, in order to complete the considered forecasting task. We observe that by increasing the radius, the number of reference
wind farms processed, as well as the average distance between neighbor farms
increase. Learning times increase accordingly, but they are greatly lower than
10 min. Thus, the forecasting service deployed with WiNN can work in (near)real time. Figure 2 reports the root mean squared error of the forecasts produced
from the wind farm grid. Errors are calculated from the forecasts produced at
each time point of the considered time line, for the forward 36 time points (6 h).
We observe that the forecasting error decreases by increasing the number of reference neighbor farms processed. However, the reduction of forecasting error is
negligible when the radius of spatial neighborhoods is enlarged from 250 Km to
400 km, while the average learning time doubles (from 8 msec to 17 msec) in the
same case. Hence, we consider that the choice r = 250 km can guarantee an
acceptable trade-oﬀ between accuracy and eﬃciency.

r(km) n.neighbors avg distance time (msecs)
100
23.44
61.79
1
250
97.141
152.08
8
400
193.41
238.89
17

Fig. 2. WiNN: radius r varying among 100 km, 250 km and 400 km. Left side: size
of constructed spatial neighborhoods (column 2), average geographic distance between
spatial neighbors (column 3) and learning time spent in millisecs (column 4) to complete
forecasting. Right side: average rmse (axis Y) of forecasts produced from the entire grid
of wind farms at time t+d with t ∈ T and d = 1, 2, . . . , 36 (axis X) (Color figure online).
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Fig. 3. WiNN vs auto.ARIMA: analysis of the forecasting accuracy measured per forecasting time point.

Comparing WiNN with auto.ARIMA. We have considered 15 wind farms randomly selected across the grid. For every selected wind farm, we have compared
forecasting errors of WiNN with forecasting errors of auto.ARIMA. WiNN is run
by setting radius r equal to 250 Km and window size w equal to 36. This means
that it forecasts, at each time point of the considered time line, the upcoming 36
values of the wind speed and uses backward windows of size equal to 36, in order
to determine these forecasts. Similarly to WiNN, the competitor auto.ARIMA
forecasts, at each time point of the considered time line, upcoming 36 values
of wind speed. These forecasts are determined by considering backward historical data with size ranging between 36 (six hours), 144 (24 h) and 288 (48 h).
Figure 3 reports the root mean squared error of the forecasts produced from
the ﬁfteen selected wind farms for the upcoming 36 time points (6 h). Errors
are calculated from the forecasts produced at each time point of the considered
time line. Results show that auto.ARIMA outperforms WiNN if we consider the
forecasts of the wind speed associated with the future time points close to t
(i.e. t + 1, t + 2, t + 3, t + 4 and t + 5), but WiNN outperforms auto.ARIMA if
we consider the forecasts associated with the future time points distant from t
(t+6, t+7, . . . , t+36). Additionally, auto.ARIMA can produce lower errors, which
are closer to the errors produced by WiNN, only by augmenting the amount of
historical data to be learned. These results conﬁrm the eﬃcacy of dealing with
spatial information when forecasting wind speed in a wind farm grid. Results
also show the feasibility of the lazy learning approach that we have formulated
for this forecasting task.

5

Conclusion

This paper presents a data mining algorithm that resorts to a spatio-temporal
variation of Nearest Neighbor algorithm in order to produce accurate forecasting
of very short term wind speed values in a wind farm grid. The eﬃcacy of the
proposed algorithm is compared to that of a state-of-art statistical model. As
future work, we plan to investigate the combination of the neighborhood construction described in this paper with the spatial aware versions of the ARIMA
model described in [11,12].
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