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Abstract – Multivariable machine learning (ML)
models are increasingly used for time series
predictions. However, avoiding the overfitting and
underfitting in ML-based time series prediction
requires special consideration depending on the size
and characteristics of the available training dataset.
Predictive error compensating wavelet neural network
(PEC-WNN) improves the time series prediction
accuracy by enhancing the orthogonal features within
a data fusion scheme. In this study, time series
prediction performance of the PEC-WNNs have been
evaluated on two different problems in comparison to
conventional machine learning methods including the
long short-term memory (LSTM) network. The results
have shown that PECNET provides significantly more
accurate predictions. RMSPE error is reduced by more
than 60% with respect to other compared ML methods
for Lorenz Attractor and wind speed prediction
problems.
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1. Introduction
Machine learning (ML) algorithms have gained in
importance in time series prediction problems.
Depending on the nature and amount of available
data, used parameters can make it difficult to build an
accurate ML model. Improving performance is one
of the main tasks in predicting time series based on
the ML model without causing overfitting when
additional parameters and their features are imposed
as input.
In this study, prediction performance improvement
of predictive error compensating wavelet neural
networks (PEC-WNNs), an effective ML structure
for time series prediction is proposed [1], [2].
Improved PEC-WNN model enables choosing
orthogonal features in data fusion applications.
Different types of data can be fused in the same
model by extracting useful knowledge from time
series data. The methods for time series prediction
depend on past data observations which contain
useful information that describes the behavior of the
relevant system [1]. In principle, a system can be
reconstructed by single-variable time series as long
as the embedding dimension is large enough for an
automatic system, but it cannot guarantee that any
single variable time series is effective [3]. However,
multivariable time series models have more dynamic
information and can reflect the essential aspects of a
system more effectively by considering multivariable
factors [4].
In the forecasting models, from an ML point of
view, irrelevant features impair its accuracy and
generalizing ability, causing overfitting. The
presence of redundant features, which cause
overfitting, is a critical issue, especially when we
consider the number of samples and the number of
features. It is often the case that the number of
available features is large. However, most of the
available features are redundant or irrelevant, and as
such, they may have a negative effect on the learning
process, and the accuracy of the model, as they can
add more noise than useful information [5]. Because
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of that, reducing the feature set to the essential ones
has various advantages: it reduces the computational
cost of the learning process and improves the
accuracy without causing overfitting. In general, it is
performed either by feature extraction or by feature
selection, or combinations thereof [6]. The feature
extraction approach transforms the initial feature
space into a lower-dimensional space. On the other
hand, feature selection reduces the dimensionality
problem by selecting the best possible subset of the
complete input feature set.
Currently, the feature selection studies can be
classified into the following directions: (a) embedded
method; (b) filter-based method; (c) wrapper-based
method [7]. The embedded method automatically
performs
feature
selection,
having
lower
computational complexity but algorithm performance
depends on the choice of the predictor. The filterbased method performs feature selection based solely
on the characteristic of the training set causing poor
interaction with the target values and ignoring the
correlation between features. The wrapper-based
method is based on optimization and a forecasting
model in the process of feature selection with high
algorithm complexity and low computational
efficiency. In contrast, in the proposed model, PECWNN chooses the highest correlating data to the
residual error acquired by the previously trained
network. In the first network, we are using highly
correlated data to the target data. Input data of each
network is normalized, the discrete wavelet
transform is applied and wavelet coefficients are
used as neural network input. The main goal of data
preparation is to guarantee the quality of the data
before it is used in ML algorithms [8]. The most
widely used normalization methods include the minmax, the z-score, and the decimal scaling. However,
these methods are unable to efficiently handle nonstationary time series data. The applicability of
widely used normalization methods depends on
knowing their min/max values, standard deviation,
and mean. Several recent works attempt to address
this issue by using carefully handcrafted stationary
features or by employing more sophisticated
normalization schemes. Even though proposed
approaches overcome the problems of normalization
methods and lead to better performance of used
models, they are facing significant drawbacks since
they are based on heuristically designed
normalization.
In this study to overcome these limitations, we
propose an average subtraction normalization that is
capable to normalize the input data considering the
average value of the current input. The mean value of
the current input is calculated and subtracted from
each distinct input, allowing the effective handling of
non-stationary data. The proposed normalization is
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applied to each network used in this model. After the
normalization, we applied discrete wavelet transform
that decomposes input data into different scales,
making it useful in distinguishing seasonality,
revealing structural breaks and volatility clusters, and
identifying local and global dynamic properties of a
process at a specific timescale [9]. Further, after the
training of the main network is done, we obtain the
error pattern between measured and predicted values.
The correlation between error patterns and
supplementary data is computed. The highest
correlating data to the residual error is selected as
supplementary data in the second network.
Generally, one or two additional feature components
are sufficient [10], however, the proposed PECWNN model is able to select as many features as
supplementary data correlates to the residual error.
In the literature, many statistical methods based on
autoregression and moving average (MA) are
considered state-of-the-art for time series modeling
[11]. The main drawback of this method is the
assumption that the data have a known distribution.
More recently, several studies have demonstrated
that the ML algorithms for time series prediction
provide outperforming results compared to the
statistical models. The artificial neural networks
(ANN) are used to resolve non-linear functional
dependencies between time series data in the past and
its future [12]. The most used ANN model in time
series predictions is the multilayer perceptron (MLP)
[13]. The structure of the MLP requires a large
number of parameters to solve complex non-linear
problems. This results in a low learning rate and poor
generalization [13]. Time series data prediction to
achieve better accuracy demands the NN models to
be adaptive to changes that occur over time in the
data [1]. Despite the efficiency of NN in the
prediction of time series, two main problems can be
pointed
out:
network
architecture
and
hyperparameters design, and sensitivity to estimation
errors. The PEC-WNN consists of at least three fully
connected and separately trained neural networks
(NNs). The NN models are trained independently and
therefore not prone to accumulate errors. The
statistically highest correlating data are used as
primary inputs. The second data in the cascaded
network is selected by seeking the highest correlation
to the error pattern obtained in the primary network.
The second NN is trained with the past prediction
errors of the primary NN, while the first NN is
directly trained with the target prediction data. The
third NN is trained with the past prediction errors of
the second NN. Multiple NNs can be used in a
similar manner through cascaded NNs that each
compensates the remaining error. Cascaded networks
in PEC-WNNs are ended by a NN that only
compensates residual error only by using its past
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values. An additional, final NN merges outputs of
three NNs in the cascaded part of the network. The
results show the effectiveness of the proposed
algorithm with respect to the competitor methods
both in terms of prediction accuracy and model
complexity. Additionally, without changing the
network structure and hyperparameter set the
proposed algorithm has the competence to find
precise solutions.
In this study, we provide a description of PECWNN with the proposed normalization technique,
present new insights on the orthogonal feature
extractions using pattern similarity and correlation
analysis to the residual errors. The main idea is to
find the orthogonal features to the residual error in
the sequence of networks and construct a network
with the most correlated features to the residual error
without causing overfitting or reducing the accuracy
of the model.
Overall, the main contributions of this study can be
summarized as:








Improvement of the prediction accuracy using
multiple neural networks without causing
overfitting
The same neural network models are applied for
two different time series prediction problems
The average subtraction normalization overcome
the traditional normalization problems for nonstationary time series data
The wavelet transformation used as a feature
extraction method yields better accuracy in the
proposed model
The highly correlated mixed-frequency data are
trained with the target prediction data, while
additional networks use the highly correlated
data to the residual errors
PEC-WNN enable choosing the orthogonal
features in data fusion applications, which
appears as a promising machine learning model
for spatial and temporal predictions

The rest of this paper is assembled as follows. In
the next section, the proposed PEC-WNN model for
time series prediction and orthogonal feature
selection is explained. The time series problems, the
Lorenz Attractor time series data, and wind
forecasting problem are provided in section 3 along
with the corresponding results and discussion.
Section 4 presents the concluding remarks.
2. Predictive Error Compensating Neural
Networks
The Predictive Error Compensating Wavelet
Neural Network (PEC-WNN) utilized in this study
comprises four separately trained neural networks, as
demonstrated in Figure 1. The number of cascaded
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networks can be increased concerning the number of
input parameters and data samples. In the first neural
network, the highest correlated data are used
together. The current input of each parameter is
shifted to the previous values using the unit time
delay operator z-1. The estimated output has its own
error pattern from the main network. Seeking the
correlation between residual error and remaining
parameters in sequences of networks gives us the
network with the most orthogonal features. Each
subsequent neural network uses shifted past values of
residual error from the previous network. For
example, the second neural network is trained with
the past prediction errors of the main neural network,
while the main neural network is directly trained with
the target prediction data. We use additional and
separately trained NNs with error data patterns of
previously trained networks without applying the
errors back to the same network and increasing the
number of inputs or changing the network
configurations. The final neural network merges
outputs of neural networks in the cascaded part.
Due to the problems in the traditional
normalization approaches to handle non-stationary
time series data (for more details check [8]), we
proposed the normalization method that uses the
average values of the current input to the neural
network (Figure 2.). The idea is to calculate the mean
of the network inputs and subtract the obtained value
from particular input data. By this, we are allowed to
build a normalization method capable to represent
different volatilities and preserving the original time
series properties inside each input sequence.
The original time series data applied to each
network are normalized and preprocessed by discrete
wavelet transform (DWT). The reason for selecting
the DWT is considering its ability to analyze a signal
both in time and frequency domains. The wavelet
transform automatically adapts itself to a suitable
resolution and overcomes the limitations of the
Fourier transform [9]. The input signal is presented
with x[n], the low- and high-pass filters are
represented by h[n] and g[n] respectively. In this
way, we obtain a sequence of coefficients that
characterizes and compact the original signal
information. Decomposed signal y[n] consists of
high and low-frequency components as shown in
equation 1.
𝑦𝑛

𝑦

𝑛

1

𝑦

𝑛

1

(1)

Low-pass outputs are recursively passed through
identical filter banks in order to use different
resolutions at every stage. The filtering process is
expressed mathematically using equations (2) and
(3). Equation (2) provides an approximation, and
equation (3) provides the detailed signal.
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We use Haar wavelet filters, since they
beneficially diminish the rate of distortion during the
signal
decomposition
and
reconstruction,
significantly
reducing
the
processing
and
computational time [1].
The configuration of neural networks consists of
three layers: input, hidden, and output layer for
predicting the n-step-ahead time series data.
Employed networks have the same network
configurations. Regarding the formulas found in the
literature [14], [15], [16] the number of neurons in
the hidden layers are selected based on the trial and
error method. The activation function used for these
networks is Rectified Linear Unit (ReLU). In
comparison with sigmoid and hyperbolic tangent
activation functions, linear activation function ReLU
(given in equation 4), notably improves the
achievement of the feed-forward networks [14].
𝑓 𝑥

𝑥

𝑚𝑎𝑥 0, 𝑥

(4)

The learning rate and momentum of stochastic
gradient descent (SGD) optimization algorithm are
0.05 and 0.75, respectively. In order to do the feature
selection by checking the correlation of
supplementary data and residual errors, we added an
additional network that contains the data highly
correlated to the error pattern. Otherwise, if we
increase the number of input parameters in the same
NN with the correlation between different inputs may
rise the overfitting rate. For that purpose, we use
correlation analysis as the main statistical tool to find
the relationship between the residual error and
remaining parameters in the additional networks. The
main idea is to measure the correlation with respect
to the supplementary input data to the residual error
rate obtained in the previous NN. Formally, the
Pearson correlation coefficient between two
corresponding
sets
of
measures
𝑒𝑟𝑟
and 𝑌
𝑌
is defined as:
𝑒𝑟𝑟
∑

𝑟
∑

∙

(5)

∑

Where N is number of samples, 𝑒𝑟𝑟
and 𝑌 are
and additional
the means of residual errors (𝑒𝑟𝑟
data (Y) respectively.
Uncovering hidden patterns associated with the
target variables is not trivial [10]. One of the major
issues in addressing this problem is how to deal with
the existence of a high correlation between
supplementary and target data, which can cause a
problem in overfitting. However, in this study,
hidden patterns associated with the residual errors
obtained in the previously trained networks and
supplementary data are analyzed.
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3. Experimental Setup and Results
We performed an experimental setup using two
different data sets to test the proposed improvements
of the PEC-WNN model and usage of supplementary
data. The Lorenz Attractor, three-dimensional
chaotic time series data, and meteorological data for
wind speed prediction are used for this purpose.
Along with the proposed model PEC-WNN, we
made a comparison between multivariate regression
(MLR), neural network model (NN), wavelet neural
network model (WNN), and long short-term memory
(LSTM) model, and provide comparative results.
Multivariable regression represents an extension of
multiple regression with one dependent variable and
multiple independent variables. We try to predict the
output based on the number of independent variables.
Long short-term memory (LSTM) represents an
artificial recurrent neural network architecture used
in the field of deep learning. The model presented in
[17] is used to compare the performances of the
PEC-WNN model. The implemented LSTM model
has one hidden layer with 25 hidden units and dense
output.
The root-mean-square error (RMSE) and rootmean-square percentage error (RMSPE) are used for
the comparison of the experimental results. The
mathematical formulations are given below, (Eq. 6
and Eq. 7) where Xreal is real and Xestimatedis estimated
values in time i. The number of data samples is given
by n.
∑

𝑅𝑀𝑆𝐸

,

,

∑

𝑅𝑀𝑆𝑃𝐸

,

(6)
,

,

(7)

a. Lorenz Attractor
The Lorenz Attractor represents a multivariable
time series prediction problem consisting of three
differential equations [1] (equations are given below
(8)-(10)). Close initial conditions lead to very
different trajectories, making the Lorenz system a
chaotic dynamical system [18]. The characteristics of
the Lorenz Attractor are presented in Figure 3.
𝜎∙ 𝑦

𝑥

𝑥∙ 𝜌

𝑧

𝑥∙𝑦

𝛽∙𝑧

(8)
y

(9)
(10)
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Figure 1. Predictive error compensating neural network model for multivariable time series prediction. Supplementary
data is selected by computing the correlation between residual error and remaining variables

TEM Journal – Volume 10 / Number 4 / 2021.
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Figure 2. The normalization of input values computing the
average value of used inputs and subtracting it from exact
input

Figure 3. First 3000 values of each Lorenz Attractor
dimension

The equations are derived from the Navier-Stokes
equations [1]. The parameter settings are =10,
=8/3 and =28, with initial conditions [x(0), y(0),
z(0)]=[0,1,1.05] as in [18]. The dataset contains 10
000 multivariable data samples. We applied a
multivariable dataset as input to predict the single
variable as the output, similarly as in our previous
study [1]. The main difference, comparing the
previous work is applying multivariable input to the
separately trained neural networks considering the
orthogonality between supplementary data and
residual errors. The highest correlating variable to the
residual error in the primary network is selected as
the additional input. The last cascaded network is
trained with the remaining residual error and the
previous error values are used as input. The final
network merges outputs of cascaded neural networks
and compensates the main predictions. We
considered 80% of data for training and 20% of data
for validation performances. In the first setup, mixed
frequencies data of single variable x are used
together in one or more neural networks. The four
average values together with the last successive
values are used in the primary neural network (in the
table marked as 1st data configuration). After the
training is done in the primary network, the error
pattern is obtained between the predicted and target
values. The values are shifted and used as input to
the error prediction network.
1960

In the second data setup, the supplementary data
are added to the proposed model by checking the
orthogonality between additional data and the
residual error obtained in the previously trained
network. Similarly, to the previous setup, low and
high frequencies data highly correlated to the target
value in the primary network are used together. The
main difference is in the second network, where
concerning the correlation between additional
parameters and residual error we select the inputs for
the second network. The correlations between
residual error obtained in the primary network and
additional Lorenz Attractor dimensions, y and z are
0.2249 and -0.0184, respectively. It can be seen that
the highest correlated supplementary input to the
residual error is y-dimension. By including the ydimension to the PEC-WNN as supplementary data,
the obtained RMSE error is reduced to 0.25. If we
apply the same experiment with the lower correlated
data, z-dimension the RMSE error is increased to
0.61 which is even higher than when we use only one
input data.
Selecting the additional data by checking the
orthogonality between supplementary data and the
residual error provides us a lower error without
causing overfitting in our model. The results for each
setup are presented in Table 1. In Figure 4. the real
and predicted values of the Lorenz Attractor test data
set are presented.
Table 1. The RMSE and RMSPE results for conducted
PEC-WNN experiments
PEC-WNN
1st input data
configuration
2nd input data
configuration
(y-dimension)
2nd input data
configuration
(z-dimension)

RMSE

RMSPE
(%)

0.4429

9.03

0.2455

5.42

0.6157

12.55

Figure 4. The real and predicted values of the first 600
values of Lorenz Attractor test data set
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Table 2. Comparison of PEC-WNN RMSE to the RMSE of
other implemented methods
MLR
1.768

NN
0.822

WNN
0.816

LSTM
0.618

PEC-WNN
0.246

The PEC-WNN results are compared to other
implemented methods, such as multivariable linear
regression, neural networks, wavelet neural
networks, and LSTM, the RMSE results are much
higher than the PEC-WNN results. The RMSE error
is higher by more than 50%, (see Table 2.). In
addition to the ability to select as much as we have
highly correlated supplementary parameters to the
residual errors, the complexity of the proposed model
and its execution time is less than the implemented
models.

(a)

b. Wind speed time series prediction
In this part, to forecast the wind speed in the next
30minutes we used 30minutes of air temperature and
vapor pressure data. The time sampling proposed in
this work is considered as short-term wind speed
prediction [19]. The data are collected by the
monitoring station network of the Turkish
Agricultural
and
Environmental
Informatics
Research and Application Center (TARBIL) for the
period between October 2016 – July 2017. The
TARBIL stations are placed next to the agricultural
fields and observed 24hours/day. The relevant data
are stored in the databases with 10 minutes sampling
period for different parameters. The input data for
our wind speed forecasting model are temperature
(C), air pressure (mbar), and relative humidity (%),
similarly to [20]. The sampling frequency is
30minutes. The daily values of input parameters are
given in the figures below (Figure 5. (a), (b), (c) and
(d)). The correlation between input parameters is
given in Figure 6. The correlation between input
parameters and wind speed is less than 0.2 (Figure
6.).
In the first data setup, where we are applying
mixed frequencies together, the RMSE error is 1.69
what is less more than 50% in comparison to the
simple MLR, NN, WNN, or even LSTM. The
supplementary data selected by checking the
orthogonality between residual error obtained in the
primary network and additional data reduces the
error. The correlation between residual error and
supplementary parameters are -0.0153 and 0.0228 for
pressure and relative humidity parameters. The
highest correlating parameter, relative humidity, to
the residual error is used as a supplementary
parameter, and the RMSE error is reduced to 1.32. In
case we use pressure as a supplementary parameter,
which is less correlated with residual error, the
RMSE error increases to 1.58.
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(b)

(c)

(d)
Figure 5. Daily meteorological data example for
30minutes average values, (a) wind speed, (b) temperature
at 10m, (c) pressure, (d) relative humidity

Figure 6. The correlation of input parameters with
respect to the wind speed
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We use 80% of data for training and 20% of data
for validation performances. The same experiments
were made as for the Lorentz Attractor example,
which relate to the mixed frequencies, selecting
additional data based on orthogonality between
supplementary data and residual errors are made for
the wind speed forecast model. The results and
similar conclusions can be drawn by analyzing the
RMSE and RMSPE errors presented in Table 3. The
RMSE comparison results of the proposed PECWNN model to the implemented MLR, NN, WNN,
and LSTM are presented in Table 4. In Figure 7. the
real and predicted values of the wind speed
forecasting test data set are presented.

Figure 7. The wind speed forecasting measured and
predicted values for test dataset
Table 3. The RMSE and RMSPE results for conducted
PEC-WNN experiments
PEC-WNN
1st input data
configuration
2nd input data
configuration
(pressure)
2nd input data
configuration
(humidity)

RMSE (m/s)

RMSPE (%)

1.69

22.68

1.58

21.64

1.32

18.61

Table 4. Comparison of PEC-WNN RMSE to the RMSE of
other implemented methods
MLR
7.34

NN
3.19

WNN
3.14

LSTM
2.11

PEC-WNN
1.32

4. Conclusion
In this study, time series prediction performance
improvement of PEC-WNN has been demonstrated
for chaotic and stochastic dataset examples. The
proposed PEC-WNN model is applied to two
different time series problems and reduces the RMSE
error by more than 60% compared to the
multivariable regression, NN, WNN, and LSTM
models. At the same time, by adding additional data
the model complexity is not exponentially increased.
In comparison to the implemented LSTM model, the
complexity of the proposed PEC-WNN is less. On the
other hand, when we use additional data if the
correlation is relatively low with respect to the
previous parameters, what is the case in these
examples, it may increase the overfitting risk.
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However, choosing additional data concerning the
correlation to the residual error avoids the
dependency between main data, because the
following network is correlated to the error pattern.
PEC-WNN provides a promising prediction model for
a wide range of time series prediction problems where
different types of conventional networks are also
possible to be imposed besides the basic schematics.
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