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Abstract—Forecasting wind power production using ma-

chine learning techniques proves difficulti np ractice due
to the high stochasticity of the wind power time-series. To
improve these forecasts, we include wind speed and wind
direction from neighboring points in the vicinity of the wind
turbine or wind farm in question. We assume that this
additional information can improve the wind power forecast
as the wind speed and direction at the wind turbine is
influenced b y t he d istributed w ind s peeds a nd directions
scattered over the topology.
To make best use of these additional inputs, we propose using
convolutional long-short term recurrent neural networks
(convLSTM). Their advantage is the property of including
temporal dependencies arising from the (wind) time-series
as well as spatial dependencies obtained from geographically
scattered wind forecasts. convLSTM shows promising results
to modulate both temporal as well as spatial dependencies on
wind power output time-series.

Index Terms—convolutional neural networks, recurrent
neural networks, wind power forecasting

I. INTRODUCTION

The increase of power generation from renewables
places more and more stress on the electricity grid
due to their volatility and uncertainty. This challenges
grid hosting capacity and stability, possibly resulting in
curtailment of larger wind farms. Forecasts of wind power
outputs can help to solve this issue by enabling grid
operators to better plan their operation thus allowing for
further integration and hence expanding and utilizing of
renewable power from wind farms [1], [2].

Forecasting wind power production however proves
difficult d ue t o t he h igh s tochasticity o f t he time-series.
Wind time-series tend to have a short auto-correlation
and seasonality that could be exploited using classical
time-series analysis approaches. This calls for multivariate
regression techniques that incorporate exogenous, causal
information into the forecasting algorithm [3]. The most
important causal inputs are the wind speed and wind
direction directly at the location of a wind turbine or wind
park.

Recurrent neural networks (RNNs) using long-short term
memory cells (LSTM) show promising results for time-
series forecasting related to the power systems domain,
e.g. [1], [4], [5]. They can effectively capture time-series

dynamics through their self-feeding connection and map
the influence of exogenous variables on a specific time
step (multivariate regressions) as well as the influence of
previous time steps on the current time step (univariate
regression).

The standard RNN approaches include so-called cells or
memory units to tackle the issue of exploding or vanishing
gradients for deep architectures [6], [7]. These cells use
fully-connected, feed-forward operations as in standard
artificial feed-forward neural networks (FFNN) to control
the state of internal memory vectors as well as the state-
to-state transitions [8], [9]. In this paper, we replace these
feed-forward operations through convolutional operations
[9]. Convolutional neural networks (CNN) are widely
applied for image recognition. In the image recognition
domain, their strength lies in capturing the structures and
relationships within the combination of different pixels or
sets of pixels, e.g. [8], [10]. Thus, they modulate spatial
dependencies between these pixels.

We aim at combining the strength of CNN’s spatial
with RNN’s temporal mapping capabilities for improved
wind power output forecasts using convolutional LSTM
(convLSTM) cells. In analogy to pixels in image
recognition, the different wind forecasts from different
weather stations or a set of scattered wind farms will
provide the spatial dimension, whereas the power output
time-series will be the temporal dimension. In this paper
we use a open source wind data set to assess and compare
convLSTM capabilities.

II. SPATIO-TEMPORAL MODELING

A. Recurrent neural networks for sequence learning

A standard feed-forward neuron receives external in-
puts called features, denoted by x and infers and output y.
Parameters of the neuron, i.e. weights w and bias b are
adapted so that the output y is close to the target value
called label y. The output of such a neuron is calculated
by

y=o(w z+Db) (1)
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where o is a nonlinear activation function, often of a
sigmoid, tanh or exponential shape. The inputs x include
any of the exogenous variables used to infer the output y. A
neural network built up using these feed-forward neurons
hence maps the influence of all the different input variables,
also called features, onto the target value, i.e. the output.
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Fig. 1. Recurrent neuron over time

Recurrent neurons possess a self-feeding connection.
This connection, called hidden state h (as depicted in Fig.
1), captures the dynamics of a time-series and can thus be
exploited for time-series modeling when rolled out over
time. A recurrent neuron is similar to the feed-forward
neuron but includes the hidden state as additional input. It
thus produces an output using the following computation:

ye =o(w x +u hi_1 + b) 2)

Here, u is another weight factor different from w to
control the influence of h;_7. The hidden state is calculated
using the following equation and thus incorporates the
recursiveness of RNNs

hi—1 =o(w 2,1 +u hy_2+b) 3)

All the previous computations are for a single neuron. In
application these computation all are matrix computations
when using batch computation and deep architectures,
denoted through capital letters. Further, it is important to
note that the parameters w, u and b stay the same for the
neuron for each time step. They are trained and adapted
once to fit all time steps.

As mentioned in the introduction, using these neurons
poses various difficulties when using deep architectures,
i.e. more than one layer of neurons and / or many roll-
out steps. This is due to the fact that the gradients in
these deep architectures tend to vanish or explode, con-
siderably impeding back-propagation and gradient descent
algorithms (see III-B) for training purposes [7]. Cells
have been introduced instead of neurons to tackle this
issue [6], [11]. Their self-feeding connection consists of
the identity function (derivative is always 1) effectively
solving the problem of exploding or vanishing gradients by
containing the gradient within the cell. The recursiveness
is maintained by retaining, updating and accessing internal
memory vectors, i.e. the hidden states of these cells from
time step to time step. Two memory vectors are passed
from time step to time step: the short-term state i and the

long-term state c. These hidden states are updated via gate-
controllers that in itself are neural networks. In standard
LSTM cells these are fully connected feed-forward neural
networks.

The memory vectors are updated by the gate controllers at
each time step and then passed on to the next time step as
hidden state. The operations for updating the hidden state
using the input gate 1, forget gate f and output gate o (see
Fig. 2) are as follows [9], [11]:

it =0(Wai -2 + Wy hy1 + We @cim1 +b;) (4)
fi=0(Wap 2t +Wpyp-hio1 +Wep®cim1+by) (5)
¢t =fir®c1+1: @P(Woae- ¢ + Whe - hi1 +be) (6)
00 =0(Wyo -2t + Wy hi1+We®c +b,) (7)

hy = or ® ¢(ct) @)

W denotes the different weight matrices. The indices
indicate the different connections of each of the weight
matrices. b denotes the bias terms for each of the fully
connected layers. ¢ signifies a tanh as activation function,
whereas ¢ indicates a sigmoid activation function. The ®-
Symbol indicates a Hadamard product multiplication and -
is a fully-connected, feed-forward computation.

X¢ Xt

[
()

Input Gate

Xt

Forget Gate

Fig. 2. LSTM cell with fully connected gate controllers

B. Convolutional neural networks for spatial modeling

CNNs have convolutional layers as main building
block. In contrast to fully connected layers, the neurons of
a convolutional layer are not connected to all the neurons
of the previous layer (or inputs for the very first layer) but
only to those neurons within their receptive field [8]. In Fig.
3 each neuron is depicted as a square that "looks” onto the
previous layer of neurons, focusing only on those neurons
in its receptive field. The receptive field is indicated by the
square in the previous layer, in this case a 3x3 field. For
convolutional layers the size of the receptive field is called
either filter or kernel size, defined by its height h and width
w.



Fig. 3. Convolutional Layer and Receptive Field

When stacking various convolutional layers on top of each
other, the size of each layer reduces. This is prevented by
padding the margin such that each convolutional layer stays
the same size. Usually a single convolutional layer can have
several feature maps (or channels for the input and output
layer). In this case, the following layer is connected to all
the channels of the previous layer and are stacked on top
of each other, i.e. each of the channels of the following
layer ”looks through” all of the channels of the previous
layer [8].

The output z of a convolutional neuron is calculated using
eq. 9 with the following notation [12]:

e i jk is the output of the z neuron in the ¢-th row and
j-th column in future map k of the layer [

e s, and s, are vertical and horizontal strides, i.e.
movement of the the receptive field over the layer

e fr and f,, are the the size of the receptive field.

e fn denotes the number of feature maps in the layer
-1

« the output of the neuron of layer [ — 1 is identified by
xy jo ) at row ¢’, column j’ and feature map &’

« the bias by, is the bias of layer ! for feature map k of
layer [

o all the neurons of a feature map k in layer [ are
connected with the previous layer | — 1 neurons in
row u and column v (u and v as rows and columns of
the receptive field) and | — 1 feature map %’ through
Wau,v,k'k
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By moving the filter over the feature maps or input channels
of a convolutional layer, CNNs are capable of capturing
spatial dependencies in the input space. Therefore, the
input space must be shaped accordingly so that the spatial
dependencies are represented in the input space, i.e. a 2D

grid with a 3rd dimension as number of input channels
must be chosen.

C. Convolutional long-short term memory cells

Convolutional LSTM (convLSTM) cells aim at mar-
rying the two previously presented concepts to modulate
spatial as well as temporal dependencies. The major draw-
back of standard LSTM cells for spatial modeling is their
fully-connected calculations with only 2D input tensors,
with one dimension representing the time dimension. Con-
vLSTM cells take 3D input tensors to modulate spatial
dependencies at each time step and use the introduced
convolutional operation to move a filter over the input
grid and channels at each time step [9]. Thus convLSTM
cells take 4D inputs: One dimension representing the time
dimension, two dimensions for the spatial dimension and
allocation within a spatial grid and the last dimension for
accommodating more than one input variable per time step
and spatial location. Both input-to-state as well as state-to-
state (when connecting various layers into deep architec-
tures) computations use this convolutional operation. The
standard LSTM gate controllers introduced in eq. 4 to 8
are hence replaced by the following computations:

it =0(Wyixxy + Wpixhi1 + We; ® i1 + b;) (10)
fit=0(Wapxxi+Wppxhi 1+ Wep®@ci—1+by) (11)
et = froci 1+ @O(Waekzi+Whexhy 1 +be) (12)
0t = 0(Wao*xy + Wi hy 1+ Weo ® ¢ +b,) (13)

hy =01 ® ¢(ct) (14)

In eq. 10 to 14 * indicates the convolutional operation that
replaces the feed-forward computations (denoted as - in eq.
4 to 8) in standard LSTM cells.

III. EXPERIMENTAL SET-UP

For evaluating the performance of the convLSTM ap-
proach for forecasting wind power output we use a publicly
available wind data set from the Global Energy Forecasting
Competition 2014 (GEFComl4) [13]. We first train a
standard LSTM model as benchmark and then evaluate the
convLSTM approach against that benchmark. The standard
LSTM model follows the best practice implementation
as described e.g. in [14]. For further comparison, we
also present the performance of a random forest regressor
(RF) as an alternative approach from the machine learning
domain.

A. Data Set

In total, the GEFCom data set provides hourly readings
of wind speed in @ and ¢ components and the power output
for each of 10 different wind farms in Australia for a
time span of 2 years. The documentation on the GEFCom
data set does not provide the necessary information to
conduct a spatial allocation within an input grid emulating
the real world locations and dependencies. Therefore, the
features are simply reshaped in their given order to form



an input grid of the shape height = 4, width = 5 and
channels = 2 (see Fig. 4). Height, width and channels
here use the same notation as used in chapter II-B for
defining the convolutional operation. Each hourly input
instance consists of four values for each of the 10 wind
farms. Reedings at 10m and 100m height are separated
into two different input channels, @ and ¥ at each height
form a separate field, yielding the input shape of [4, 5, 2]
(in height, width, channel notation). Spatial dependencies
hence are provided when moving along the width axis
and also when changing between the upper or lower half
of the height axis. The resulting model is denoted as
convLSTM452.
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Fig. 4. Feature reshaping of the GEFCom data set into [4, 5, 2] shape

Next to the [4, 5, 2] reshaping, we further trained the
convLSTM cells using input spaces reshaped into [5, 2, 4]
and [2, 5, 4] shape, yielding the two additional models
convLSTM524 and convLSTM254. Here the « and ¢ com-
ponents at 10m and 100m each form one of four separate
input channels and the spatial grid is laid out as a 5x2 or
a 2x5 grid.

After the reshaping of each input instance, the input
instances as well as the corresponding target values are
sequentialized to form input sequences of 12 time steps for
the temporal modulation. As the data set time resolution
is hourly, the forecasting algorithms are trained to forecast
sequences of 12 hourly time steps.

B. Training of the convLSTM and LSTM model

The convLSTM model and the LSTM model are
both trained using the Adam optimizer utilizing mini-batch
stochastic gradient descent and back-propagation. To en-
sure a fair comparability of the two approaches, we perform
a random search over a reasonable search space adjusting
the different hyperparameters of the models. Thus, we can
assume that the finally evaluated models are very close to
the best possible parametrization found within the search
space for each of the models. This way, we compare the
general capability of these different RNN types for the
wind forecasting use case on a representative data sets. For
a more elaborate description of neural network training we
refer to [8] and [12].

For the convLSTM model we iterate over the parameter
search space shown in Table I, the LSTM model uses
the search space of Table II. The different hyperparameter

meanings are as follows:

Batch size, learning rate and gradient clip are relevant
parameters for the training set up. I2 regularization and
dropout keep probability are regularization techniques pre-
venting overfitting of the models. For further reading we
refer to [8] and [12].

The number of layer wise feature maps provides separate
lists containing the sequence of the number of feature
maps over the depth, i.e. hidden layers of the model. For
example, [2(4), 8] is a model with two layers, where the
first layer (the input layer) possesses 2 stacked channels
and the second layer (the hidden layer) has a feature map
depth of 8. The last layer always reduces to one single
output channel as final output. The 4 in brackets symbolizes
the second option for the input shapes [2, 5, 4] and [S5, 2,
4] that both have 4 initial input channels rather than 2.
These hyperparameters hence describe the complexity and
degrees of freedom of the convLSTM model.

Number of units, hidden layers and bidirectionality are the
hyperparameters describing the complexity of the LSTM
model, i.e. how many hidden layers contain how many
units (LSTM cells per layer) and whether the model is set
up bidirectionally (if set to true the model is doubled in
complexity and the RNN is rolled out from both directions
of the time-series sequence).

TABLE I
HYPERPARAMETERS AND SEARCH SPACE FOR CONVLSTM MODEL

Hyperparameter Search Space

[2(4), 81,  [2(4), 8, 16, 8],
[2(4), 8, 16, 32, 16, 8],
[2(4), 8, 16, 32, 64, 32, 16, 8],

Number of layer wise feature
maps

Kernel dimension 2

TABLE II
HYPERPARAMETERS AND SEARCH SPACE FOR LSTM MODEL

Hyperparameter Search Space

110, 20, 30, 40]

Number of units

Gradient clip

[1, 3,5, 10]

Besides the standard LSTM RNN, we also use a random
forest regressor (RF) for comparison, following the best
practice implementation as described in e.g. [12]. The
random forest regressor is equally trained by iterating over
a reasonable hyperparameter space (see Table III). The
iterated hyperparameters in the search space for the random
forest regressor all parametrize the degrees of freedom

[2(4), 8, 16, 32, 64, 128, 64, 32, 16, 8]



and the complexity of the forecasting model. For further
reading we refer to [12].

TABLE III
HYPERPARAMETERS AND SEARCH SPACE FOR RANDOM FOREST
REGRESSOR
Hyperparameter \ Search Space
Max depth [3, 5,7, 10]

Number of estimators [10, 50, 100]

Before initiating training, the data set is split 80:20 into
separate training and evaluation data sets. The fitting of
the model parameters and selection of hyperparameters
are performed on the training data set, the performance
of the forecasting models is evaluated and compared on
the evaluation data set. This ensures the comparison of the
models’ generalization capabilities.

All the features within the data set are rescaled to the
standard normal, i.e. for each feature j the mean is cal-
culated and then subtracted from each of the entries before
dividing the entry by it’s variance (see eq. 15). This way
the distribution of the feature is maintained while rescaling
the features to the unit variance. We do this to make the
best use of the sensitive interval of the used activation
functions (i.e. derivative of activation function significantly
# 0 within the interval).

Lij — T
a(z;)
With z; ; a single entry of an individual feature j, 7; the

mean of all the features j and o(x;) the variance over all
the features j.

(15)

Li,j, rescaled =

C. Evaluation

For evaluating all of the different forecasting ap-
proaches, we use the following set of accuracy measures.
All the accuracy measures are calculated using the entire
evaluation data set after training of the different models
has been completed using the training data set.

The R2-accuracy measure, also called coefficient of deter-
mination offers an unskewed, scale independent interpre-
tation of the goodness of fit for each of the models. This
goodness of fit describes the amount of variance in the
target variable, that is described by the parametrized and
trained model and the input data. A perfect fit yields a
R? =1 [15], [16].

The root mean square error (RMSE, eq. 16) is also calcu-
lated to provide an easier interpretation of the forecasting
accuracy.

RMSE = (16)

with i denoting each output y; as well as label g; for all
the sequences of the evaluation data set comprising n

instances.

For further interpretability, the normalized RMSE
(nRMSEy, eq. 17) is calculated by dividing the RMSE by
the overall range of all the labels (targets) in the data set

Ymaz — Ymin:

MSE
nRMSEy, = % x 100 (17)
Ymaz — Ymin
IV. RESULTS

Table IV shows the results of the three different
convLSTM models as well as the benchmarks. RMSE and
nRMSEy, are both calculated using the same scale of the

labels from ¢pmqr = 5.10 t0 Ymin = —4.1 for better
comparability.
TABLE IV
RESULTS OVERVIEW AND COMPARISON
Model R? RMSE nRMSEg,
convLSTM452 0.6696  0.1986 2.16
CconvLSTMS524 T 0.7588° 7 0.1697 1 1.84°
CconvLSTMZ254 T 0.7688°0.1661 1 .81
. Standard LSTM | 06115 02156~ 2.34
Random Forests 0.7216  0.1823 1.98

V. CONCLUSION AND FURTHER RESEARCH

Table IV shows that the convLSTM524 and
convLSTM254 clearly outperform the standard LSTM
approach as well as the RF forecaster. All the convLSTM
models outperform the standard LSTM model. We thus
conclude, that the convLSTM cell is better suited to
capture the particularities of spatio-temporal dependencies
within wind power forecasts than the standard LSTM
approach.

Input spaces convLSTM254 and convLSTM524 resemble
the actual geographical formation in their 2x5 or 5x2
input grids and stack the different features in different
channels. The two models are quite similar in accuracy
and bot clearly outperform convLSTM452, whose input
space does not resemble the spatial relationships between
the inputs as well as the other two (see reshaping in Fig.
4). In a first indication, we suspect that the convLSTM
cell must therefore be capable of finding patterns in spatial
(as well as temporal) dependencies. We suspect that the
performance of the convLSTM cell’s forecasting accuracy
can further be improved, the closer the geographical
locations are resembled within the input space. As the
GEFCom documentation does not provide the (relative)
locations of the different wind farms, we assume that a
better allocation of the different wind farms in the 5x2 or
2x5 input grid could further increase the performance of
the forecasting algorithm.

Thus, when designing a convLSTM based forecasting
algorithm for wind power forecasts, the input space
should resemble the geographical locations of the
different measurements. Comparing the convLSTMS524
and convLSTM254 models with the convLSTM452, we
deduce that different input features at each location should



rather be stacked in channels, than allocating them within
the grid.

Training times for the 15 iterations including one cross-
validations (i.e. a total of 30 different models) took, on
average, less than 45 minutes per model on a standard 2.7
GHz i5 CPU. The best hyperparameters tended to have
kernel sizes of 3 or 4 and used the 8 or 9 layer set up,
expanding the number of feature maps to up to 128.

The convLSTM models may prove very useful in cases of
no wind forecasts available at the direct location of a wind
farm or wind turbine, but there are forecasts available in
their near proximity. In these cases, convLSTM cells might
be capable of learning the spatio-temporal dependencies
of the forecasts in the vicinity and map these onto the
location of wind turbine to produce reasonably accurate
forecasts. This needs further research and suitable data sets.
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