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Abstract—State-of-the-art forecasting systems are often
based on single machine learning models that have been trained
for individual wind farms. The data of a each wind farm is
typically used exclusively for its ”own” model. This article
presents two approaches with deep neural networks to make
the data usable across wind farms with transfer learning. In the
first case, the adaptation to individual wind farms is achieved by
an separate output layer for each wind farm. With the second
approach, a Bayesian wind farm embedding is proposed.
An experiment with realistic forecast conditions based on
power measurements and weather forecasts of 19 wind farms
is carried out. The proposed techniques are compared to
established single wind farm models such as random forests,
gradient boosted regression trees, and simple multi layer per-
ceptrons. Our results indicate that a significant improvement
in prediction quality can be achieved using multi-task learning,
especially with a short time span of historical training data.

I. INTRODUCTION

Two factors represent the ongoing change in modern
energy supply systems. On the one hand, we observe an
increase in weather-dependent generation from renewable
energies. On the other hand, this goes hand in hand with
decentralisation through smaller generation units. As a result,
there are specific demands on grid management and energy
markets which can only be met with suitable forecasts.

Given these circumstances, modern forecasting systems
produce forecasts for a large number of wind farms or
photovoltaic plants. Machine learning (ML) models, such
as researched in [10] or [9], become increasingly popular
for this purpose. The usual setting is to train an individual
ML model for each plant or park on the basis of historical
weather forecasts and the corresponding power measurement
data. This allows the ML model to learn the individual gen-
eration characteristics of the power plant and to give a good
estimate of the expected power for future weather forecasts.
However, it is assumed that sufficient historical training data
is available. If this is not the case, phyiscal models are often
used. These cannot usually be used without uninformed,
average assumptions, because the forecast provider often
does not know the exact characteristics of the power plant.
Furthermore, a detailed physical modelling is complex and
often a time consuming engineering task.

The techniques of transfer learning (TL), as e.g. summa-
rized in [20], and in particular multi-task learning (MTL),
such as described in [22], offer the possibility of using ML
models across different plants and gaining more general
model knowledge from the training data. This article adopts

MTL to wind power forecasting and investigates the benefits
of such models versus single task models depending on the
length of available training data. The data from 19 operating
wind farms will be used in a software experiment.

The article is divided into the following sections. Section
II first explains the models and techniques used. Then, the
developed approaches for MTL in wind power prediction are
presented in Section III. Section IV contains explanations
and information concerning the data used from 19 wind
farms. Before carrying out and evaluating the corresponding
data experiment, Section V provides a detailed analysis of
the similarity between the wind farms. The evaluation of the
experiments for comparison between MTL and single task
models and the obtained results are discussed in Section VI.
Finally, a discussion with conclusions and outlook to future
research is given in Section VII.

II. METHODS

Machine learning models are widely used in wind power
forecasting. This section provides an overview of the ML-
methods used in the following sections. This includes ran-
dom forests (RF), gradient boosted regression trees (GBRT)
and artificial neural networks (ANN) as well as multi-task
learning techniques. In addition, the procedure used for the
optimization of hyperparameters, Bayesian optimization, is
briefly examined.

A. Random Forests

RF are widely used for both, classification and regression.
The use as regression model is of special interest for wind
power forecasting purposes. The RF model is a bagging
based ensemble [4] of randomized classification and regres-
sion trees (CART) [3].

The CART algorithm creates binary trees. Two branches
are formed at each node on the basis of a decision, which
further divides the data. Typically, individual features are
compared to a threshold value. Each branching either leads
to another node with branching or to a leaf. The leaf then
contains the class or, here, the mean value to be predicted.
In training, the feature and threshold of each branch are
selected by a greedy search so that the tree is built in
a recursive manner starting with the root node until the
maximum number of branches has been reached or until
each leave covers at least a minimum number of samples.



For the bagging ensemble, several of these trees are
trained on different subsets of the training data. For this
purpose, samples are drawn by bootstrapping [6] for each
tree in the ensemble. In addition, only a random subset
of the features is considered when selecting the feature for
branching, with the aim of further reducing the correlation
between the trained trees and thus lowering the bias of the
model.

B. Gradient Boosted Regression Trees

GBRT, as well as RF, are a combination of an ensemble
technique, in this case gradient boosting, and CART trees,
which represent the ensemble members. This technique is
based on the idea of boosting, in which the (k+1)-th member
is trained in such a way that it corrects the weaknesses of
the prediction ŷ

(k)
i from the combined preceding members

{1, ..., k}. While other boosting techniques may apply a
stronger weighting of samples with large errors, gradient
boosting adapts the idea of gradient descent and trains each
member as an approximation of the loss gradient.

For the purpose of regression, the gradient of the mean
squared error (MSE) loss
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can be calculated based on the target yi with respect to the
prediction of the current ensemble ŷ(k)i . As can be seen in
Eq. (1), the gradient is proportional to the residuals which
can be approximated with a CART tree h(k)(xi) ≈ ŷ(k)i −yi.
In the sense of gradient descent, the tree trained in this way
is scaled with a step size α ∈ (0, 1] and subtracted from the
previous ensemble prediction

ŷ
(k+1)
i = ŷ

(k)
i − αh(k)(xi), (2)

with ŷ(0)i = 1
N

∑
yi, until k reaches the maximum number

of trees. The step size and the number of trees, as well as
the CART tree hyperparameter, influences the tendency of
the model to over-fit. This technique was first introduced in
[7].

C. Artificial Neural Networks

ANN are becoming increasingly popular due to recent
developments with deep neural networks and their great
flexibility. The progress made in image recognition [15] and
speech recognition [24] should be mentioned in particular.

A modern ANN consists of a sequence of differentiable
tensor operations, referred to as layers. The fully connected
layer, a typical example and a central building block in all
kinds of ANN, is defined with

h(k) = ϕ(W(k)h(k−1) − b(k)) (3)

where h(k) ∈ Rn is a vector of so-called activations.
The activations are a transformed representation of the data
representation h(k−1) ∈ Rm from the preceding layer. The
weight matrix W(k) ∈ Rn×m, the threshold or bias vector
b(k), and the nonlinear activation function ϕ(.) characterize
the transformation of the k-th layer.

In the simplest case of a deep neural network, the multi
layer perceptron (MLP), there is a sequence of several of

these layers. In a MLP, the input data vector x of one
sample is represented with the input layer h(0) = x while
the output is computed with the last layer ŷ = h(end).
While the activation function of the output layer is usually
linear in the case of regression, the activation functions of
the previous layers, the so-called hidden layers, are non-
linear. The weights and thresholds of each layer are trainable
parameters. To train the MLP, the parameters of the model
are adjusted so that a given loss function is minimized. With
the help of the backpropagation method given in [23], the
gradient of the loss function is formed with respect to the
parameters.

D. Multi-Task and Transfer Learning

Transfer Learning (TL) in ML refers to techniques that
allow knowledge to be transferred automatically from one
problem, application, or task to another. A common appli-
cation is the adaptation of models for image recognition.
Typically, such models have been trained in a very time-
consuming manner on a limited set of classes. The model
found a certain understanding for the structures in images.
If ones want to recognize a new class it, can be useful to
build on the already gained knowledge. In practice, some
of the last layers of a corresponding ANN are typically
exchanged and re-trained, while the previous layers provide
their knowledge unchanged in the form of suitable latent
features.

Multi-Task Learning (MTL) is a variant of TL in which
source and target tasks are rather simultaneously available.
The goal here is a model which fulfils different tasks as best
as possible in such a way that all tasks profit from each
other. MTL as it is used in the following can be assigned to
the category of homogeneous inductive TL where the input
data of the source and target tasks originate from the same
feature space [20]. At the same time, however, different tasks
are to be accomplished (inductive).

A major challenge in MTL is to make common model
knowledge usable in a beneficial way and at the same time
to allow for a specification of the respective tasks. ANN
are a viable way of doing this, as they are characterised
by a learning of representations [22]. The technique of
Hard Parameter Sharing (HPS) used in the following uses
a small, individual part of the ANN parameters for certain
tasks, while the mostly larger part of the model parameters
is learned jointly across all tasks. A similar design is the
described TL example where the last layers of an ANN are
adapted to the individual task, while the layers closer to the
model input form a common representation of the input data
which is useful across several tasks.

Examples for TL in wind power forecasting are given in
[21] and [25].

E. Hyperparameter Optimization

ML models strongly depend on the adjustable hyperpa-
rameters in their model properties. Examples of hyperpa-
rameters range from the maximum number of splits in a
CART to regularization parameters in ANNs. The choice of
hyperparameters influences in particular the ability of the
model to learn complex dependencies in the data and to
generalize.



In order to select the optimal hyperparameters for the
desired problem, cross-validation is a suitable approach. To
do this, the training data is divided several times into a
training and validation set. For each training set, a model
is then trained and evaluated on the validation set using a
suitable error measure. A mean value of all validation errors
is then evaluated. This is called a cross-validation error and
estimates the quality of the model for new, unknown input
data. The cross-validation error can be used to compare
different hyperparameters.

A special feature in the field of wind power forecasting is
the time dependency. The subdivision of the training and val-
idation set should not be random, so that the generalization
error is not falsified. In the following, the data is therefore
divided into four chronologically successive sections. In four
training sessions one of these blocks is used as validation
data while the rest is used for model training.

The optimal choice of hyperparameters is an optimization
problem with the cross-validation error being the objective
function. Typically, a gradient-free optimization method is
required that works despite local minima and, ideally, is able
to process stochastic objective functions for which the eval-
uation of a solution is non-deterministic (e.g., due to random
weight initialization). One such method, which is enjoying
increasing popularity (e.g., in [8] and [26]), is Bayesian
optimization. The method estimates the objective function
using the evaluations of the objective function already made
by a Gaussian process model. Since this yields both, the
expected value and the standard deviation of the objective
function for each unevaluated point, the expected model
improvement can be estimated in advance. The point with
the greatest expected model improvement is then selected for
the next evaluation. In our experiments we used the Matlab
implementation in [16]. For each of the trained models,
the same configuration of Bayesian optimization with 60
optimization steps was selected.

After optimization, the found hyperparameters are used
to train a model with training and validation data. This is
then evaluated against the previously omitted (chronologi-
cally subsequent) test set. On the basis of this test error,
the comparison between the ML methods used is finally
conducted.

III. MULTI-TASK LEARNING APPROACH FOR WIND
FARM FORECASTING

This section describes two approaches developed to find
a model for several wind farms using MTL. The first sub-
section describes the challenge of time-asynchronous MTL,
followed by the description of the first MTL approach with a
task-specific output layer. Then follows the description of the
second MTL approach with a Bayesian task embedding and
finally how TL can be applied to the MTL-trained model.

A. Asynchronous Multi-Task Learning for Wind Farm Data

MTL usually considers input data with several target
values for one sample. In the case of wind power forecasting,
this is not the case. Input data samples are only valid for the
respective location of a wind farm. In addition, historical
power measurements of several wind farms often only cover
a small joint period of time.
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In the following, the wind farm tasks are trained asyn-
chronously. Since our models assume i.i.d., this takes place
in the form of a stochastic gradient descent with mini
batches. Gradually, randomly drawn batches with, e.g., 32
samples are presented to the MLP, each with a different
timestamp and task, i.e., wind farm. The output of a sample
is calculated with the corresponding task-specific parameters.
Using backpropagation, the gradient of the loss function is
then computed with regard to the shared parameters and the
respective task-specific parameters for each sample. The so
gained sample gradients are applied in a stochastic gradient
descent step to update these parameters. At the same time,
however, the task-specific parameters of the other tasks
remain unaffected by a sample, provided that this does not
belong to the corresponding task.

How strongly a task affects the shared parameters in rela-
tion to the other tasks depends on the average gradients of
the loss function and the number of samples of the respective
task. Since the errors of all wind farms are expected in
a similar range and since wind farms with more samples
should be evaluated more strongly, no further measures are
necessary here.

B. Wind Farm Specific Output Layer

An MLP learns a representation in each layer, which
makes it easier for the subsequent layers to generate the
desired output. In the case of regression, the last layer forms
a pure linear combination of the activations of the previous
layer. This corresponds to a linear regression, a rather simple
model, which, however, can generate complicated, non-linear
outputs by the learned non-linear representation of the input
data in the second last layer. Classic MTL with HPS is
therefore usually applied to one or more task-specific output
layers. However, the more layers the individual tasks share
and the less layers are trained task-specifically, the more
the model is forced to use similar representations across
tasks. Therefore, only the output layer was adapted to the
respective task, i.e. the forecast for the respective wind farm.



In order to additionally control the strength of multi-task
learning, the number of units of the second last layer was
selected using hyperparameter optimization.

Fig. 1 shows such an MLP architecture with an exchange-
able, task-dependent output layer on the left-hand side. The
hidden layers are the same for all tasks. This MTL model is
abbreviated as MTL-MLP for multi-task learning multi layer
perceptron in the following.

C. Bayesian Wind Farm Embedding

Embeddings have become more and more popular in
recent years to provide categorical entities (e.g., words) in
a vector representation understandable for ANN as input
data. Besides the application in language models such as
word2vec, e.g. in [17] and [18], there is also the application
for the representation of general categories in [12]. Em-
beddings replace a one-hot encoding, which generates high-
dimensional vectors depending on the number of categories,
by a real-valued lower-dimensional vector. The embedding
vectors can be trained in a supervised way via backpropa-
gation.

In the MTL application with many tasks we will encode
the tasks in the form of an embedding vector. Fig. 1 shows
an MLP architecture on the right side where the embedding
of the respective task is fed into the model in addition to
the weather-dependent input data. During the training, the
weights of the ANN and the embedding vectors are trained
simultaneously by minimizing the MSE. Due to the small
number of 19 entities in the embedding and the almost
unlimited flexibility of the ANN, similar tasks may not be
close together. Therefore, for each entity of the embedding
(task), an identical, independent prior probability distribution
is chosen. This ensures that indistinguishably similar tasks
form a close neighbourhood, while differences in tasks that
are sufficiently supported by data lead to different embedding
encodings. This model is abbreviated with BE-MTL-MLP
for Bayesian embedding multi-task learning multi layer
perceptron.

To find a posterior distribution of the embedding, Bayes By
Backprop is applied to the embedding layer. This technique
described in [2] is mainly based on the work in [13] and
further aspects in [11]. In the concrete case, a standard nor-
mal distribution was used as a variational distribution. Thus,
for each embedding parameter there are two parameters of
the variatonal distribution to be learned. These are the mean
µi,j and the standard deviation σi,j of the i-th task and the
j-th embedding dimension.

The local reparametrization trick described in [14] allows
sampling from the variational distribution. For this, a value
for ε is drawn from a standard normal distribution to compute
the sampled embedding with

wi,j = µi,j + σi,jε with ε ∼ N (0, 1). (4)

Each sampled embedding is randomly combined with a
training data sample. Backpropagation yields the gradient of
the training loss L with respect to the embedding parameter
wi,j . This is combined with the gradient of the Kullback-
Leibler (KL) loss based on the KL-divergence between the
variational distribution and the standard normal distribution

to obtain the following update rules:

∆µi,j =
∂L

∂wi,j
+ λµi,j (5)

∆σi,j =
∂L

∂wi,j
ε+ λ

(
σi,j −

1

σi,j

)
. (6)

The parameter λ controls the weighting of the KL loss
against the prediction loss L. Since the uncertainty of the
target value is not known and since the data cannot be
assumed to be i.d.d., it is recommended to search for the
parameter λ via hyperparameter optimization and cross-
validation.

D. Model Transfer to Wind Farms

A forecast operator usually manages a portfolio of wind
farms with sufficient historical data and often wants to add
new wind farms with few historical data. In this scenario
it makes sense to train an MTL model on the historical
data and to adapt it to the new wind farms using TL. In
the following, TL is realized by re-training the task-specific
parameters while the shared MTL layers do not change
their weights further. This makes sense especially with few
historical data for a new wind farm. The more training data
becomes available, the more fine-tuning of the shared layers
should be considered. However, this will not be examined
in the following.

IV. EXPERIMENTAL SETUP

A. Data Set

The data used in the experiments comprise 19 wind farms.
All wind farms are located in the south-west of Germany.
The data includes the measured aggregated power of the
turbines of a wind farm as well as input features, such as
variables from a numerical weather prediction (NWP) of the
ECMWF from the deterministic IFS forecast described in
[19]. The input features are linearly interpolated from a 3h
resolution to the 15min sampling of the power measure-
ments. To simulate day ahead forecasts only the forecast
horizons bewteen +24h and +48h of the 00:00 a.m. model
run were selected.

In addition to the features primarily relevant to wind
power, such as wind speed, wind direction, air pressure and
temperature, other features such as dew point temperature
and, global horizontal radiation are taken into account (air
mas and mountain / valley breeze effects). For the wind
speed, which is considered both in 10m and 100m height
as well as the global horizontal radiation, three time-lags
with a shift of -1h, 0h and 1h around the forecast time are
formed. The wind direction is represented in the form of
cosine and sine values in order to avoid apparent sudden
dissimilarity between 0◦ and 360◦. In addition to the NWP
forecasts, temporal features such as legal night time and sun
angles are used.

B. Test Procedure and Model Evaluation

A period of one year was chosen for the training of the
models. The start of the training period is April 4, 2018.
The test period is between April 4, 2019 and June 17, 2019.
The main goal of the experiment is the comparison between
classical single task ML models and MTL models in wind



power forecast. Each park is, therefore, evaluated with a
trained model on the data in the test period. The single-task
models are trained with the training data of the respective
park. The MTL models, on the other hand, are trained with
data from several parks. Under the assumption that MTL
models show a particular advantage when the training period
is shortened, the training is carried out with data segments of
different durations. These different training durations include
3, 7, 14, 30, 90, 180 and 365 days. In any case, the end time
of the training period is April 4, 2019, while the start time
is chosen accordingly. In this way, even the shorter training
phases have the most up-to-date data available.

For the MTL models, the 19 wind farms are divided
into four subsets with four or five parks each. In order
to keep the computational effort small, four MTL models
are pre-trained, each with the wind farms from three of the
four subsets. The pre-trained models always cover the entire
training period of a year. This pre-trained MTL model is then
re-trained on the shortened training period of a wind farm
that was not included in the three subsets. This process is
repeated for all wind farms. In this way, it can be simulated
that a new wind farm with little data is integrated into a pool
of wind farms with a longer historical data set.

C. Model Calibration

For each model, various hyperparameters including their
expected value ranges were selected in advance. The more
hyperparameters that are optimized, the larger the search
space. Thus, the limited number of iterations usually leads to
a suboptimal result. If only one hyperparameter is selected,
this may also lead to suboptimal results, since the poten-
tial of model diversity is not fully exploited. This section
documents the selected hyper parameters and their ranges.

The RF, consisting of 100 CART trees, is optimized with
three hyperparameters. Among them is the minimum number
of samples per leaf with values between 1 and 100. In
addition, the maximum number of splits between 1 and 20
and the number of features to sample between 1 and 17 (all
features) were optimized.

The GBRT has been optimized analog to the RF regarding
the maximum number of splits and the number of features
to be sampled per split in the same ranges. The minimum
number of samples per leaf were fixed to ten, while the step
size has been optimized in the interval α ∈ [10−8, 1]. With
α close to 0, the GBRT remains close to the mean of the
training target. A small α can therefore reduce overfitting
but could also cause underfitting.

In the case of MLP, four hyperparameters were optimized.
These include the number of hidden layers between one and
four, the number of units per hidden layer between 20 and
50 and the regularization strength (elastic net) between 10−8

and 1 as well as the weighting between L1 and L2 norm in
the range between 0 and 1. The L1 and L2 regularization
is applied in the same amount for the weights W in all
layers. In the case of the MTL-MLP, another hidden layer
was added before the output layer. The number of units in
this second last layer is individually optimized in the range
between one and ten, because it controls how much the
different tasks have to learn from each other.
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Fig. 2. Heat map with the RMSE error values of the models trained with
the source task data while beeing evaluated on the target task data.

The ANN of the BE-MTL-MLP model is trained with
simple L2 regularization since only the embedding is Bayes.
In this case the regularization is between 10−8 and 103.
Additionally, hyperparameters are optimized to weight the
KL divergence in the range λ ∈ [10−8, 1] and to select a
number of hidden embedding dimensions between one and
five.

V. ANALYSIS OF WIND FARM SIMILARITIES

The benefit of MTL methods depends to a large extent
on the similarity of the tasks considered. The application
of multi-task learning to wind power forecasting described
here falls in the category of homogeneous transfer learning
in which the input data of the different tasks come from the
same feature domain. This allows the model of one (source)
task to be applied directly to another (target) task and to
generate a prediction without further adjustment. Measuring
the quality of such a forecast provides an indication of the
similarity or dissimilarity of both tasks.

Fig. 2 shows a heatmap in which the RMSE in the training
period was color coded depending on the pairing of source
and target task. A simple regression tree was trained as
a prediction model for each source task wind farm where
the maximum number of splits was optimized using hy-
perparameter optimization and cross-validation. Each model
created this way is in turn used to make a forecast using the
features for each target wind farm. Finaly, the target data
of the target wind farm is then compared to the forecast
using the RMSE. The RMSE refers to the nominal power-
standardized power measurement time series in order to
achieve better comparability between wind farms of different
nominal power.

The RMSE heatmap shows a largely symmetrical matrix.
This matrix is square because each wind farm is combined
with each wind farm as source and target. The symmetry
of the matrix results from the circumstance that a source
model on target task data is similarly bad as using the model
trained on the target task data on the source data instead.
The reason that the matrix is not perfectly symmetrical is
that some parks are generally easier to forecast than others
(e.g. because of a general low power production).
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Fig. 3. Bayesian wind farm embedding based on deep neural network and
standard normal distributed prior (λ = 10−4).

In the concrete example it is noticeable that a handful
of wind farms distinguish themselves by larger RMSEs. In
particular, no trained model seems to be able to predict wind
farm 16 with a low RMSE. On the other hand, a relatively
low RMSE for wind farm 19 can be achieved with the model
trained with wind farm 16. Also of interest is wind farm 11,
which seems to be suitable as a model for farm 1 to 3 and
farm 7 to 12, while it usually fails for the other wind farms.
However, wind farm 11 can be predicted relatively well with
almost all other wind farms.

Fig. 3 shows a 2-dimensional embedding which was found
using a BE-MTL-MLP model trained with all 19 wind
farms. The grey ellipses around the points with the farm
indices indicate the posteriori distribution with one, two, and
three standard deviations of the respective wind farm. The
euclidean distances of the points in the embedding partially
reflect the differences in RMSE as seen in the heatmap in
Fig. 2. For example, the heatmap shows a distinct increase
in the RMSE if the model from wind farm 18 is used for
wind farm 16 or vice versa. At the same time, wind farm
18 and wind farm 6 seem to be similar, as a particularly
small increase in the RMSE occurs when the models are
exchanged. These differences in the RMSE are reflected in
the distances between the wind farm embedding points in
Fig. 3.

Fig. 4 shows power curves, i.e. the wind power depending
on the 100m wind speed computed with the trained BE-
MTL-MLP model. The two diagrams show the power curves
of all 19 wind farms (each marked with the farm id). The
colour coding corresponds to the position of the respective
wind farm in the embedding in Fig. 3. The first and second
embedding dimensions correspond to the color of the upper
and lower diagram respectively.

In this case, the second embedding dimension shows a
clear dependence on the shape of the power curve. The
first embedding dimension shows no clear relationship to
the shape of the curve. The exact wind farm characteristics
that influence this embedding dimension have not yet been
determined.
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shape of the power curve.

VI. RESULTS

In this section, the approaches are evaluated and com-
pared. The main question here is whether the use of multi-
task learning methods is justified.

A. Evaluation of errors

Fig. 5 shows several box plots with the RMSE values
of the different models depending on the duration of the
training data. The individual boxes represent the distribution
of the 19 RMSE values during the test period. A value of
0.15 corresponds to a standardized RMSE of 15%, which
was determined with the normalized power with respect to
the nominal power.

For 90 training days or more, very similar distributions of
model errors occur. This apparently applies both to the errors
of a model with different training durations and to a training
duration with different models. With 30 training days or
less, the MLP is particularly noticeable with large errors
and strong differences between the wind farms. Apart from
BE-MTL-MLP, the remaining models also show a relatively
distinct increase in the test error with decreasing training
duration.

Overall, apart from MLPs, the distributions of the models
do not appear to be significantly different. This is mainly due
to the different RMSE of different wind farms, depending
on the location and number of turbines.

A more compact representation of the results is given
in Fig. 6. This figure contains the average RMSE over all
wind farms of the individual models plotted over the training
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Fig. 5. Evaluation of the models depending on the length of the training data period per subplot. Each box represents the distribution of the RMSE of
the 19 wind farms of the model given below.
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Fig. 6. Double logarithmically scaled plot of the wind farm portfolio mean
test RMSE per model plotted over the length of the training data.

duration. The axes are both scaled logarithmically. From this
illustration it becomes clear that a decrease of the error is to
be expected with increasing training duration. At the same
time, this applies to different models at different degrees.

Remarkable are the large mean errors of the MLP. As
the amount of training data increases, the training errors are
aligned with the other models. One reason could be that
a smaller number of samples requires a higher number of
training epochs. Since this has not been further investigated,
the seemingly inferior quality for MLPs in this application
cannot be proven.

Compared to MLP, tree-based methods seem to be more
robust with a small number of training samples. One possible
cause is that the output of a regression tree is the mean value
of some power measurements in the training set. On the other
hand, the output of MLPs for new input data may be random
if there were no comparable examples in the training data.

The BE-MTL-MLP shows low RMSE and a much lower
dependency on training duration. With a length of the
training period of three days, this achieves the model quality
of the GBRT for even more than 30 days. If the BE-MTL-
MLP is trained with 30 days it is with an error of 15.8%
approx. 0.5% points away from the best test error, which is
the GBRT with 365 training days and an RMSE of 15.3%.

The MTL-MLP seems to take at least 14 training days to

stand up to the single task models. The difference between
BE-MTL-MLP and MTL-MLP is mainly to be found in the
missing prior of the MTL-MLP. The weights in the task
output layer of the MTL-MLP can deviate more easily from
the already found weights of the other tasks and thus overfit
more quickly.

In order to show whether one method performs better
than another, the wind farm specific error portion must
be removed. A simple way to do this is to calculate the
difference between the errors of two models per wind farm
and to depict this distribution of the pairwise difference, as
shown in Fig. 7. The BE-MTL-MLP was selected as the
comparison model. If the differences between the model
RMSEs and the BE-MTL-MLP are predominantly in the
positive range, a higher quality of the BE-MTL-MLP can be
expected in these cases. In addition, triangular markings are
shown next to the boxes. These indicate the 95% confidence
range of the estimated median (red line in the box). If both
triangles are above the red line, this is a first, important
indication of a significant result in favor of the BE-MTL-
MLP model.

VII. CONCLUSION

The aim of this work is to compare multi-task learning
methods for cross-farm model training to individual wind
farm models in power forecasting. An experiment with
historical data from 19 wind farms is described. This shows
that MTL methods are particularly advantageous when only
a small amount of training data is available. In some cases
results are achieved with a training period of 3 days, while
other models must be trained for at least 30 days to achieve
a similar result. With one month of training days we can
achieve similar results as with one year without MTL.

Random Forests, Gradient Boosted Regression Trees, and
simple Multi Layer Perceptrons were investigated as single
wind farm models. Two approaches based on multi-task
learning were presented. Both methods are based on deep
neural networks with Hard Parameter Sharing. They stand
out due to their asynchronous training periods, as the training
data of the individual systems do not have to cover the same
period of time.
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Fig. 7. Distribution of the pairwise differences between the RMSEs of the individual wind farms of a model with the RMSEs of the individual wind
farms and the multi-task MLP in analogy to Fig. 5.

The first method, MTL-MLP, uses a task-specific output
layer. In the case of this model, it shows that training data
should be available for at least two weeks. The second
method, BE-MTL-MLP, is even more robust in this aspect.
It uses a stochastic wind farm embedding, which is trained
with a Bayesian prior. This approach allows for a training
with extremely few training samples (3 days).

In addition, the derived embedding offers the possibility of
model interpretation. This shows that the learned parameters
can, among other things, give an indication of the shape of
the power curve. Another application of embedding could
be to automatically identify wind farms with unusual or
erroneous power data.

Future work will relate to the application in regional power
forecasts. The main problem is the prediction of unmeasured
power plants in the region. Here, the shown probablisitic
modelling of the wind farm embedding can find a further
useful application.

In addition, the methods presented can be used for other
types of power plants, e.g. photovoltaics or biomass. In com-
bination with different types of power plants, an application
in load flow forecasting in electrical grids is especially of
interest.
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