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Instituto Superior Técnico, Lisboa, Portugal

rodrigo.neves@ist.utl.pt
June 2018

Abstract—Deep learning is getting a lot of attention in the last
few years, mainly due to the state-of-the-art results obtained in
different areas like object detection, natural language processing,
sequential modeling, among many others. Time series problems
are a special case of sequential data, where deep learning models
can be applied. The standard option to this type of problems
are Recurrent Neural Networks (RNNs), but recent results are
supporting the idea that Convolutional Neural Networks (CNNs)
can also be applied to time series with good results. This raises
the following question - Which are the best attributes and
architectures to apply in time series prediction problems? It was
assessed which is the current state on deep learning applied to
time-series and studied which are the most promising topologies
and characteristics on sequential tasks that are worth it to
be explored. The study focused on two different time series
problems, wind power forecasting and predictive maintenance.
Both experiments were conducted under the same conditions
across different models to guarantee a fair comparison basis.
The study showed that different models and architectures can
be applied on distinct time series problems with some level of
success, thus showing the value and versatility of deep learning
models in distinct areas. The results also showed that CNNs,
together with recurrent architectures, are a viable option to apply
in time series problems.

I. INTRODUCTION

Time series modeling has always been under intense de-
velopment and research in statistics, and more recently, in
the machine learning area. Time series data often arises in
different areas, such as economics, business, engineering and
many others, and can have different applications. It is possible
to obtain an understanding of the underlying structure that is
produced by the observed data or to fit a model in order to
make predictions about the future. For example, in the energy
sector is of extreme priority to know in advance which will
be the power consumed in the next days, or which will be the
amount of energy generated from renewable sources. In the
retail sector, every company wants to know, in advance which
are going to be their sales, or how many pieces of a certain
product will sell to make decisions on how they should manage
their portfolio. In the heavy industry, a single machine failure
can lead to enormous losses, and thereby, if that fault could
be predicted in advance, could save both time and money.

Several techniques and models can be applied on the field
of time series predictions, being the most known ones from the
AutoRegressive Integrated Moving Average (ARIMA) family
models. These models were greatly influenced by the Box-

Jenkins methodology [2] and were developed mainly in the
area of econometrics and statistics.

Driven by the rise of popularity and attention in the area
of deep learning, due to the state-of-the-art results obtained
in several areas, Artificial Neural Networks (ANN), which are
non-linear function approximator, have also been receiving an
increasing attention in time series field. This rise of popularity
is associated with the breakthroughs achieved in this area, with
the successful application of CNNs and RNNs to sequential
modeling problems, with promising results [3]. RNNs are a
type of artificial neural networks that were specially designed
to deal with sequential tasks, and thus can be used on time
series. They have shown promising results in the area of time
series forecasting [4] and predictive maintenance [5].

CNNs that are a different type of neural network, originally
designed to deal with images, are also being applied to
sequence modeling with very promising results [6]. The recent
advances in sequence tasks like, natural language processing
[7], speech recognition [8], machine translation [9], are being
adopted to be applied in time series problems [10].

These advances in sequence modeling within the area of
deep learning are enormous which makes it overwhelming,
being complicated to follow all new advances and research
directions. In the area of sequence modeling the default option
was always to make use of recurrent models like Long-Short
Term Memory (LSTM) and Gated Recurrent Unit (GRU) to
capture and model the inherent sequential dependences. Re-
cently, supported by new paths of research convolutional-based
models are reaching state-of-the-art results in fields like audio
synthesis or machine translation. A study [11] was made to
asses the performance of a convolutional model in sequential
tasks where the authors found that ”a simple convolutional
architecture outperforms canonical recurrent networks such as
LSTMs across a diverge range os tasks and datasets, while
demonstrating longer effective memory”.

In this work we present a systematic and fair comparison
among different deep learning approaches that are possible to
use in time series problems, with the objective of assessing
which are the best characteristics and topologies that we
should aim to have in a model. This task was performed in two
problems: wind power generation forecasting and predictive
maintenance areas, where we used and compared different
recurrent and convolutional architectures.

The results suggests that convolutional-based algorithms,



together with recurrent networks, should be seen as a good
option to use in time series problems. This is supported by
the results obtained on both problems, where we could see
that convolutional-based models were able to match and even
outperform recurrent models.

II. BACKGROUND

Machine learning, and especially deep learning, have been
under great development in the last few years. Machine
learning is a subfield of artificial intelligence (AI), where the
systems have the ability to acquire knowledge, by extracting
patters from raw data, learning from it, and then making
a determination or prediction about the application that it
was designed for. Deep learning, which in turn is, a subfield
of machine learning, is mainly based on an algorithm that
is known as neural network. Neural networks are able to
build complex relationships, extracting the information from
data, without any previous knowledge. Theoretically neural
networks are universal functions approximator [1] and they
can represent any function. CNNs are a type of neural network
that was inspired on convolution operations and was specially
designed to be used with data that has a grid-like topology.
RNNs are specifically designed to deal with sequential tasks,
due to the recurrent connections that they have.

A. Convolution Neural Network
CNNs are a family of neural networks that uses convolution

operation in place of general matrix multiplication, in at least
on of their layers. The typical convolution operation applied
in CNNs is shown in equation 1, where I is the input and K
is known as the kernel. The output is refereed as the feature
map.

S(i, j) = (I∗K)(i, j) =
∑
m

∑
n

I(m,n)K(i−m, j−n) (1)

Convolution operation leverages three important aspects that
can help improving a machine learning system: sparse inter-
actions, parameters sharing and equivariant representations.
Convolution also provides a way of working with variable
input sizes. In shallow neural networks every input interacts
with every output, but that does not happen in CNNs. For
example, when processing an image, the input might have
thousands or millions of pixels, but it is possible to detect
small, meaningful features, such as edges, with kernels that
occupy just tens or hundreds of pixels. This means that it
is needed to store less parameters, which both reduces the
memory requirements of the model and improves its statistical
efficiency. It also means that computing the output requires
fewer operations.

Parameter sharing refers to using the same parameter for
more than one function in a model. In a traditional neural
network, each element of the weight matrix is used exactly
once when computing the output of a layer. In convolutional
networks, each member of the kernel is used at every position
of the input. Taking advantage of that, convolution operations

only learn one set of parameters, rather than learning a
different set of parameters for every location. Due to parameter
sharing CNNs have a property called invariance to translation,
meaning that if the input changes the output changes in the
same way.

A typical layer of a convolutional network consists of three
stages. In the first stage the layer performs several convolutions
operations in parallel, where is produced distinct features
maps. The second stage performs an activation function to
each linear activation, introducing an non-linearity. In the third
stage, it is used a pooling function to further modify the output
of the layer. This modification introduced by the pooling
function replaces the nets output with a summary statistic of
nearby outputs. The most used ones are the max and average
pooling operations.

B. Recurrent Neural Network
RNNs are a type of neural networks that have recurrent

connections and are specially designed for processing sequen-
tial data. One key characteristic of RNNs is the use of shared
parameters across all sequence. Instead of having a different
set of parameters to process each sequence step, the same set
is used across all sequence, allowing the model to generalize
across sequences not seen during training. Parameter sharing
is also important when a specific piece of information can
occur at multiple positions within the sequence. The parameter
sharing used in recurrent networks relies on the assumption
that the same parameters can be used for different time steps.
RNNs can be formally introduced as a set of operations
represented by a directed acyclic computational graph, as in
Figure 1. The recursive operation in a RNN is represented by
equation 2, where h(t) is the hidden state and x(t) the input
at step t. The additional layers seen in Figure 1 adds further
transformations to the data.

h(t) = f(h(t−1),x(t);θ) (2)

When the recurrent network is trained to perform a task
that requires predicting the next step based on previous values,
the network typically learns to use the hidden state, h(t), as
a summary of task-relevant aspects from the past sequence
input.

(a) RNN structure (b) Unfolded RNN

Fig. 1. RNN operations represented in an unfolded graph.

This process has two advantages, being the first one that
independently of the sequence length, the hidden state will



always have the same size because it is expressed as transitions
from one state to another. The second advantage is that is
possible to use the same function f for all transitions. These
two factors make it possible to learn a single model that
operates across all time steps and sequence lengths that takes
advantage of shared parameters across all sequence.

There is a wide variety of RNNs relationships that is pos-
sible to create with the idea of graph unrolling and parameter
sharing across different time steps. It is possible to create a
RNN with an one-to-one, one-to-many, many-to-one or many-
to-many relation. Those relationships are show in Figure 2.

(a) One-to-One (b) One-to-Many

(c) Many-to-One (d) Many-to-Many

Fig. 2. Recurrent neural networks architectures.

1) Back Propagation Through Time: Computing the gra-
dient through a RNN is the same as applying the general-
ized backpropagation algorithm to the unrolled computational
graph. Gradients obtained, by backpropagation, may then be
used with any general purpose gradient-based technique to
train the RNN parameters. The steps to calculate the gradient
comprise the forward and backpropagation step through the
computational graph. The complexity of this operation is
thereby, O(τ), and cannot be reduced by parallelization since
this is an inherently sequential process, where each time step
t depends on all previous time steps. This backpropagation
step in a recurrent graph in known as the BackPropagation
Through Time (BPTT).

A major problem with BPTT is that the gradient is prop-
agated over many stages, due to the recurrence presented

in the network. This causes the gradient to either vanish or
exploding. Even if we assume that the parameters are such
that the recurrent network is stable (can retain information,
with gradients not exploding), the difficulty with long-term
dependencies arises from the exponentially smaller weights
given to long-term interactions compared with short-term
ones. This problem is particular to recurrent architectures.
In practice, the experiments shows that if the span of the
dependencies that need to be captured are increased, gradient-
based optimization becomes increasingly difficult, with the
probability of successful training of a traditional recurrent
neural network via gradient descent rapidly reaches zero for
sequences of only a length of 10 or 20 [13].

2) Long-Short Term Memory: LSTMs were introduced in
1997 [12], and were especially designed to deal with long
term dependencies in RNN architectures. The main idea is the
introduction of self-loops to produce paths where the gradient
can flow and making the weights on this self-loop conditioned
on the context, rather than fixed. The core idea behind behind
LSTMs is the the introduction of the cell state Ct, where
the LSTM has the ability to add or remove information to it,
functioning as a memory. This process is controlled by three
gates mechanisms, forget (equation 3), external input (equation
4) and output gates (equation 6). Equation 5 is the update cell
state operation. The introduction of these gates mechanism
attenuates the problem with vanish gradient, helping in the
task of learning long-term dependencies.

f t = σ(W f × [h(t−1),xt] + bf ) (3)

it = σ(W i × [h(t−1),xt] + bi)

C̃t = tanh(WC × [h(t−1),xt] + bC)
(4)

Ct = f t ⊗C(t−1) + it ⊗ C̃t (5)

ot = σ(W o × [h(t−1),xt] + bo)

ht = ot ⊗ tanh(Ct)
(6)

3) Variants: From LSTM similar ideas were developed,
being the most known one the GRU cell. GRU combines forget
and input gates into a single gate. The cell and hidden state
are also merged. This is a simpler model than LSTM but has
been achieving good results as well. Figure 3 shows LSTM
and GRU cell architectures. Several new cell architectures have
been introduced, like Lattice Recurrent Unit [14], Statistical
Recurrent Unit [15] or independently Recurrent Neural Net-
work [16].

III. MODELS

Despite the recent developments in the last years, using
deep learning algorithms to sequential problems still remains
a challenging problem, mainly due to the vanish gradient
problems that makes learning long-term dependencies difficult
and expensive. Recurrent networks were specially designed



(a) Long Short-Term Memory

(b) Gated Recurrent Unit

Fig. 3. Recurrent neural networks architectures variants.

to deal with sequential problems, and are the default option
for problems of this nature. RNNs are capable of encoding
the sequential context in their hidden state h(t), which, the-
oretically, can capture infinitely long-term dependencies. In
practice, RNNs have shown problems to capture long-term
dependencies, mostly due to the vanish gradient problem. To
overcome that difficult LSTM, and other variants, like GRU,
have been being introduced and got an immense popularity
due to the success in applications such as, language modeling,
machine translation, speech recognition and others. Since
there is a big flexibility in the design of RNN architectures,
there are many other models and training strategies that have
been introduced and are being explored. Several empirical
studies were developed to explore the performance of different
architectures on various sequential tasks, but in [17] it was
conclude that, if there were ”architectures much better than
the LSTM”, they were ”not trivial to find”.

CNNs are mostly known for their applications on tasks
involving images, like image classification or face recognition.
But CNNs are also being applied to sequential problems, in
tasks like, speech recognition [18], sentence classification [19]
or audio synthesis [20]. The results obtained in sequential tasks
with CNNs are notable and promising.

A. Recurrent Architectures
1) RNN Architecture: When dealing with sequential prob-

lems we are interested in predicting the next value of a
sequence conditioned on all previous time steps. This can
be modeled by maximizing the likelihood of our target value
given all previous steps. Given a predictor with parameters θ,

the task is to maximize y(t) conditioned on previous steps, as
shown in equation 7.

p(y|x) =
T∏

t=0

p(y(t)|x(0), ...,x(T ),θ) (7)

RNNs architectures are specially designed to deal with
sequential problems. When a RNN is used to deal with
sequential information the network is trained to condition
each output y(t) based on previous inputs (x(0), ...,x(t)). To
encode all previous information the RNN architecture uses the
hidden state, as shown in equation 8, where h(t−1) encodes
all information up until t−1, and the output y(t) is a function
of h(t−1) and the input xt.

y(t) = f(h(t−1),x(t);θ) (8)

These characteristics makes RNNs architectures a natural
solution to learn the probability distribution function
introduced in equation 7. Depending if we apply a vanilla
RNN architecture or an RNN architecture with a GRU or
LSTM cell the function f that is applied is different.

2) Encoder-Decoder Architectures: The encoder-decoder
RNN architecture was introduced in [9], and it combines two
different RNNs. One for the encoder and other for the decoder.
The encoder has the task of encoding a sequence with an
arbitrary length sequence to a fixed vector length, whereas the
second RNN is used to decode the information in that vector
into another sequence, as shown in Figure 4.

Fig. 4. Encoder Decoder architecture.

From a probabilistic perspective, this method learns a prob-
ability distribution of a future sequence based on previous
values [9], as in equation 9.

p(y|x) =
T 1∏
t=0

p(y(t)|x(0), ...,x(T 2), y(0), ..., y(t−1),θ) (9)

The model will encode all information about the input
sequence in the hidden state, h(t), by applying equation 2. The
hidden state is a latent representation from the input sequence
(x(0), ...,x(T 2)), and is usually refereed as the context vector,
C. The decoder is trained to predict the next value y(t), given
the previous hidden state h(t−1) and also conditioned on the
context vector C, as in equation 10, where the function f
applied depends on the cell state used.



y(t) = f(h(t−1),y(t−1),C;θ) (10)

Attention System
A new approach to encoder-decoder models, introduced in

[7], exploits the bottleneck of encoding an arbitrary sequence
length into a fixed length vector. The objective is to allow the
decoder learn which is the hidden state (or context vector),
from the encoder that is most valuable to predict the next
output. This enables the decoder output to choose the context
vector C, based on the set of positions where the input
sequence carries the most relevant information.

Fig. 5. Encoder Decoder with attention.

Applying this attention system, the output from the decoder
is given by equation 11, where the difference, compared with
the encoder-decoder model without attention, is that the output
yt is now conditioned on a different context vector Ci for each
i, as shown in Figure 5

y(t) = f(h(t−1), y(t−1),Ci;θ) (11)

The context vector will be a weighted sum from the encoder
hidden states, h(i). Each h(i) contains information about the
whole sequence until the i-th input, but it has a very strong
focus on the i-th input.

3) Dilated Recurrent Neural Network: Using RNN ar-
chitectures to train on long sequences results in three major
problems: complex dependencies, gradient problems (van-
ish/exploding) and long training times. Dilated Recurrent Neu-
ral Networks (DilatedRNN) were introduced to deal with these
limitations [21]. They are characterized by a multi-resolution
dilated recurrent skip connections which can decrease the
number of parameters necessary in tasks involving long term
dependencies. The use of dilated recurrent connections can
alleviate the gradient problems, enabling the training in longer
sequences and reducing the number of parameters, which
increases the computational efficiency. The DilatedRNN model
is shown in Figure 6.

On a vanilla recurrent connection the hidden state h(t) is a
function of the previous hidden state h(t−1) and the current
input x(t), as in equation 8. When a dilated recurrent skip
connections is used the hidden state h(t) is a function of the
current input x(t) and the hidden state h(t−s), as shown in
equation 12, where where h(t) is the hidden state at time step

Fig. 6. DilatedRNN model with 3 layers.

t and s is the skip length or the dilation of the l-th layer. The
function f depends on the RNN cell used.

h
(t)
l = f(x

(t)
l ,h

(t−s)
l ;θ) (12)

Dilated recurrent skip connections allow information to
travel along fewer edges and can be calculated in a parallel
fashion. This can be seen in Figure 7, where the input is
processed in parallel instead of a unique sequence. In [21]
the authors used exponentially increasing of dilation factors,
to extract complex time dependencies.

(a) Dilated connections. (b) Optimized dilated layer.

Fig. 7. Dilated recurrent skip connections can reduce the number of
parameters used and allow parallel computations.

B. Convolutional Architectures

1) Wavenet: Wavenet [20] is a CNN architecture, that uses
stacked convolution layers to model the conditional probability
distribution shown in equation 7. Causal convolutions are used
to deal with the time ordering of samples and guarantee that
the model at timestep t cannot depend on any future values
x(t+1) . An example of a causal convolution is depicted in
Figure 8.

Fig. 8. Causal convolution.



To increase the receptive field size, thus increasing the
amount of information from past samples, Wavenet model
makes use of dilated causal convolutions, as in Figure 9.
Dilated convolution is a convolution where the filter has a
larger area than its length by skipping inputs, with a length
that is equivalent to the dilation factor. This allows the model
to have a larger receptive field size, using the same number
of layers, and the same number of parameters.

Fig. 9. Dilated causal convolution.

Wavenet model uses residual and parameterised skip con-
nections, to speed up convergence [21].

Z = tanh(W f,k ∗ x)⊗ σ(W g,k ∗ x) (13)

Gated activation units are used, as in equation 13, where
k is the layer index, f and g the filter and gate, respectively
and W represents the convolution filter that is learned during
training. The Wavenet model architecture can be seen in Figure
10.

Fig. 10. Wavenet model architecture.

2) Temporal Convolution Network: The work introduced
in [11], showed a convolution neural network architecture
outperforming several recurrent architectures for sequence
modeling and it was inspired in recent works about sequential
tasks. The authors stated that convolution networks should
be regarded as a natural starting point for sequential tasks.

The model introduced is called Temporal Convolution Net-
work (TCN). The model was designed to combine simplicity,
autoregressive prediction and very long memory. The model
architecture can be seen in Figure 11. Similarly to the Wavenet
architecture TCN uses dilated convolutions and residual con-
nections to build very long and effective receptive fields.

Fig. 11. Temporal convolution block architecture.

TCN, and convolutional models in general, have several
advantages over RNN architectures for sequential tasks. Con-
volutional models can be parallelized, unlike RNNs where the
output at time step t must wait for all previous time steps to be
computed. They have a flexible receptive field size that can be
changed in several ways, like changing the number of layers
or the kernel size from dilated convolutions. Stable gradients
are another advantage, because the backpropagation algorithm
do not suffer from exploding/vanish gradients like in RNNs
due the recurrent connections. Low memory for training and
a variable length inputs are also two advantages. A drawback
is the memory storage needed during evaluation, since all
sequence must be kept in memory, which is a problem that
RNN don’t have because they only need to store the last hidden
state to compute the next output.

3) Quasi Recurrent Neural Network: The Quasi Recurrent
Neural Network (QRNN) [22] alternates convolutional layers
with a recurrent pooling operation that can be applied in
parallel. This can speed up the model training, when compared
to RNNs.

The two main components of a QRNN are the convolution
layer and the pooling operation layer. The first component
applies a causal convolution, where giving an input X of T
n-dimensional vectors (x1, ...,xT ), it will be produced three
sequences of m-dimensional vectors (see equation 14), where
m is the number of filters used.



Z = tanh(W z ∗X)

F = σ(W f ∗X)

O = σ(W o ∗X)

(14)

The recurrent pooling layer operations are inspired in the
elementwise operations used in LSTM cells. The objective
is to have a function controlled by gates that are able to
mix states across timesteps that act independently on each
channel of the state vector. Three types of pooling operations
are introduced, f -pooling (equation 15), fo-pooling (equation
16) and ifo-pooling (equation 17).

h(t) = f (t) ⊗ h(t−1) + (1− f (t))⊗ z(t) (15)

c(t) = f (t) ⊗ c(t−1) + (1− f (t))⊗ z(t)

h(t) = o(t) ⊗ c(t)
(16)

c(t) = f (t) ⊗ c(t−1) + i(t) ⊗ z(t)

h(t) = o(t) ⊗ c(t)
(17)

An example of a QRNN layer is given in Figure 12.

Fig. 12. Quasi Recurrent Neural Network layer.

IV. METHODOLOGY

The performance and versatility of the models will be tested
on two different time series problems, with the objective of
understanding which are the models characteristics that yield
better results and are worth to be further investigated. All
experiments were developed in Python and the deep learning
models were developed with PyTorch [23].

A. Wind Power Generation
The data used was collected by Redes Energticas Na-

cionais (REN) and consists on the injected wind power in
the Portuguese power system. It was sampled at a 15 minutes
resolution from the first day of 2010 until the last day of
2016. The data collected pertains to all wind farms that are

connected to REN’s telemetry system. For a review about wind
power generation forecasting problems see [24]. Persistence
method is used as baseline to compare the algorithms. Short-
term and medium-term time horizon will be predicted. More
specifically, time horizons of one, six and 24 hours ahead will
be forecast. This means that three different experiments will be
made, where depending on the horizon a different number of
predictions will be made. For example, in a one hour horizon
forecast we will make four predictions, for 15, 30, 45 and 60
minutes ahead. This will be made consecutively, this means
that we will use the 15 minutes ahead prediction as input to
predict the next point, and so on. The training data will range
from the first day of 2010 until the last day of 2015, while
the full year of 2016 will be predicted.

1) Data Preparation: The data collected can be repre-
sented in a matrix form such as, X = [x(1), x(2), ..., x(T )],
where each x(t) ∈ R, represents the wind power gener-
ated at time-step t. The data will be transformed to X =
[x1,x2, ...,xT−p]

T , where each xt ∈ R1×p, represents an
ordered sequence of wind power generated of length p. For
each training step the label will also be an ordered sequence,
and depending on the model used, can be represented as
Y = [x1,x2, ...,xT−n]

T , where each yt ∈ R1×n. The data
will be standardized, having zero mean a unit variance.

2) Metrics: Mean Squared Error (MSE), Mean Absolute
Error (MAE) and Mean Absolute Percentage Error (MAPE)
will be used as metrics to compare the performance.

MSE =

∑N
i=1(y

i
true − yipredicted)2

N
(18)

MAE =

∑N
i=1 ‖yitrue − yipredicted‖

N
(19)

MAPE =
100

N
×

N∑
i=1

‖yitrue − yipredicted‖
yitrue

(20)

B. C-MAPSS Turbofan
Commercial Modular Aero-Propulsion System Simulation

(C-MAPSS) is a turbofan simulation model used to generate
a simulated run-to-failure dataset from a turbofan engine and
it is published in NASA’s prognostics center of excellence
repository. A big bottleneck in data driven approaches to
tackle problem in predictive maintenance scope is the lack
of availability run-to-failure datasets This simulated dataset
allows researchers to build, test and benchmark different
approaches to this problem.

An overview to C-MAPSS dataset is given in Table I. The
data consists of multiple multivariate time series measure-
ments. Within each dataset, each engine is considered from
a fleet of engines of the same type and where each time series
is from a single engine. Each engine starts with different levels
of initial wear and manufacturing variation which is unknown.
These wear and variations are considered as a normal behavior
for each engine. The engine is operating normally at the start
of each time series, and develops a fault at some point. In the



TABLE I
C-MAPSS DATASET OVERVIEW.

Data set FD001 FD002 FD003 FD004

Train Units 100 260 100 249
Test Units 100 259 100 248
Operation Conditions 1 6 1 6
Fault Conditions 1 1 2 2

training set, the fault grows in magnitude until engine failure.
In the test set, the time series ends some time prior to the
failure. The objective is to predict the number of remaining
operational cycles before failure in the test set, i.e., the number
of operational cycles left in the engine. This is known as the
Remaining Useful Life (RUL).

1) Data Preparation: It is known that there are six oper-
ation conditions, thereby a clustering algorithm was applied
to obtain those conditions in an unsupervised way. The three
sensors that measure the operational setting were used in the
clustering. HDBScan algorithm was used [25]. The Min-Max
normalization was adopted, where each sensor was normalized
taking in account the operational setting assigned. A piece-
wise RUL label is used where the limit is settled at 130 time
cycles similarly to the approach used in [26].

Each engine can be represented in matrix form as Xn =

[x1,x2, ...,xP ] ∈ RP×Tn where xp = [x
(1)
p , x

(2)
p , ..., x

(T )
p ] ∈

R1×Tn is the sensor measurement p for the life time of
engine n. The data is transformed to look like X =
[U1,U2, ...,UK ]T ∈ RK×Tn×p where n is the sequence
length and U i = [x

(1)
i ,x

(2)
i , ...,x

(n)
i ]T ∈ Rn×p is a matrix

representing all measurements until time step n for all sensors,
where x(n)

i is the vector representing all sensors measurements
from time step n.

2) Metrics: MSE, MAE and a score function (equation 21)
are used to asses the quality of the models. The score function
is used to penalize more when the RUL is overestimated.

S =

{∑n
i=1(e

−hi
13 − 1) when, hi < 0∑n

i=1(e
hi
10 − 1) when, hi >= 0

(21)

V. RESULTS

A. Wind Power Generation Problem

Analyzing the results shown in table II it is possible to see
that all models are achieving a lower error than the baseline,
specially for the 1 hour horizon. This means that our models
are correctly identifying the short term wind patterns. The
quality of our predictions decreases when we increase the
time horizon. This was expected since the uncertainty becomes
higher when we want to predict several steps ahead. This
behavior is shown in Figure 13.

RNNs architectures (LSTMs and GRUs) achieved better a
performance for the 1 hour horizon. When the time horizon
is wider, we can see that the best results are obtained with
convolutional-based methods, except for the 6 hour horizon in

Fig. 13. Wind power forecasting for a 24 horizon.

the MAPE, where the best result was achieved by the encoder-
decoder model with attention and a GRU cell. This suggests
that convolution based methods are capable of learning long
term dependencies presented and are able to generalize for
longer sequences.

Being the wind speed a very unstable resource, wind power
generation does not have a clear and predictable pattern
throughout the days. As consequence of this is, we can see in
the results obtained that the differences between models are
slim, meaning that, overall, each model is capable of learning
the few patterns present in the data. This is supported by the
learning curves presented in Figure 14 where we can see that
the models are converging to approximately the same training
loss value. If more complex relationships would be presented
in the data, the advantage of applying a LSTM cell over a
RNN cell would appear, since it is widely known that LSTM
cells are capable of keeping information for longer sequences
and modeling more complicated relationships in the data.

Fig. 14. Learning curves for all models for 1 hour horizon.

Based on the results we can see that TCN and Wavenet
models, both convolutional-based methods can match or even
perform better than other type of recurrent-based algorithms,
which is a clear indication that this type of architectures are
a viable option to learn sequential dependencies.

B. C-MAPSS Dataset Problem
Analyzing the results, shown in table IV, we can see that

the TCN model was the one with the best performance. All
models are able to learn the mapping between the sensor data



TABLE II
RESULTS FOR WIND POWER GENERATION FORECAST FOR AN ONE, SIX AND 24 HOUR HORIZON.

Model
1 hour 6 hour 24 hour

MSE MAE MAPE MSE MAE MAPE MSE MAE MAPE

Baseline 12.24× 103 75.67 8.55 175.88× 103 285.41 36.87 679.10× 103 592.07 84.35

RNN 6.49× 103 53.18 5.68 139.70× 103 247.73 33.54 678.26× 103 602.38 93.08

GRU 6.49× 103 52.27 5.55 131.79× 103 238.77 29.52 608.25× 103 543.59 70.59

LSTM 6.33 × 103 52.83 5.61 129.84× 103 239.97 33.07 547.24× 103 539.32 89.40

DRNN - RNN 6.66× 103 54.07 5.77 137.58× 103 245.88 31.93 601.13× 103 556.37 89.47

DRNN - GRU 6.34× 103 52.46 5.70 131.21× 103 243.14 36.87 547.20× 103 559.63 98.92

DRNN - LSTM 6.37× 103 52.72 5.87 129.64× 103 243.89 38.11 554.35× 103 558.98 103.20

Wavenet 6.67× 103 54.41 6.06 179.40× 103 283.01 30.14 537.86 × 103 547.47 101.97

TCN 6.39× 103 52.68 5.68 125.24 × 103 234.72 30.18 544.05× 103 526.74 68.57

QRNN 6.40× 103 52.76 5.62 132.21× 103 242.52 32.30 555.63× 103 546.89 90.36

EncDec RNN 7.70× 103 60.37 8.25 155.62× 103 273.29 41.98 613.75× 103 558.80 76.15

EncDec GRU 6.74× 103 54.07 5.70 142.17× 103 249.17 30.92 590.26× 103 560.79 91.45

EncDec LSTM 6.94× 103 56.71 6.59 132.51× 103 243.57 32.92 562.07× 103 566.40 109.94

Attention RNN 7.22× 103 56.85 6.29 140.03× 103 255.58 32.60 608.93× 103 577.95 86.40

Attention GRU 6.71× 103 54.71 5.96 139.95× 103 247.79 28.37 544.83× 103 538.70 91.64

Attention LSTM 7.02× 103 56.82 6.70 142.79× 103 254.25 32.60 571.68× 103 539.70 79.28

and the RUL, as shown in Figure 15. We can also identify
that the noisy sensor data is affecting our results, since the
predictions are also very noisy.

Fig. 15. RUL predictions for different models.

The theoretical advantage presented by DRNN models is
only seen for RNN cells. This suggests, that a vanilla RNN cell
is not capable of learning long term dependencies. The use of
dilated steps is helping the model to learn those dependencies,
improving the score in the test set. In this problem we can see
that a LSTM cell has yielded better results than the GRU cell,
both with a recurrent and dilated recurrent models. Analyzing
the performance of the QRNN model we can see that it can
match the results from a recurrent model with a GRU cell,
even though being a convolutional-based model. As for the
wind power generation forecasting problem we can see that
convolutional-based methods can outperform recurrent-based
models. More specifically, the TCN model architecture should
be seen as a default option for sequential modeling, because it
has the capacity of learning long term dependencies and brings
several other advantages for being a convolutional model.

TABLE III
THE BEST MODEL (TCN MODEL) RESULTS FOR THE DIFFERENT

DATASETS.

Data set FD001 FD002 FD003 FD004

MSE 153.16 128.83 135.8 141.02

MAE 8.70 8.08 8.32 8.10

Score 268.06 634.95 260.56 730.29

In Table III it is shown the results obtained for the best
model, for all datasets. The majority of the bibliography work
about this problem have been mostly focused on one of the
four data sets. This means that those approaches will be able
to learn the patterns that arises solely from that specific data
set. Making a model that is capable of generalizing across
different operation modes is thus more difficult, but also more
relevant.

VI. CONCLUSIONS

We have conducted an overview about deep learning meth-
ods to apply on time series. The study showed us that
recurrent architectures with a LSTM or GRU cells are the
default options when we talk about time series, in the deep
learning framework. Lately, convolutional-based models were
being applied to sequential modeling problems with very good
results. To asses the viability of applying convolutional-based
models on time series problems different architectures were
chosen to be tested. The performance from both approaches
was tested and compared.

The main conclusions are that convolutional-based algo-
rithms, together with recurrent models, should also be seen as
a good option to use in time series problems. This is supported



TABLE IV
RESULTS OBTAINED FOR THE C-MAPSS DATASET.

Model
lr = 0.005 lr = 0.0075 lr = 0.01

MSE MAE Score MSE MAE MSE MSE MAE Score

RNN 417.95 15.37 15930.16 2735.41 40.75 182673.16 449.23 16.70 15233.22

GRU 361.01 13.80 6030.78 243.62 11.19 3303.27 280.79 11.75 4602.78

LSTM 175.62 9.06 2613.54 287.60 11.78 4204.77 337.85 14.38 4886.68

DRNN - RNN 303.92 13.76 5270.08 370.68 13.86 9710.93 431.47 16.66 11101.54

DRNN - GRU 384.83 15.46 7843.49 476.16 16.44 9206.52 323.96 13.03 5196.69

DRNN - LSTM 326.01 12.58 5315.37 642.55 20.04 13167.01 274.43 11.37 4443.00

TCN 137.53 8.21 1893.87 221.62 11.21 3435.50 170.55 9.86 2256.57

QRNN 375.50 13.38 16360.84 331.95 13.71 4700.95 328.18 13.27 5166.03

by the results obtained on both problems, where we can see
that convolutional-based models were able to match and even
outperform recurrent models.

These are promising results, because a typical problem
in sequential modeling, in deep learning, is the challenge
of learning long term decencies due to the fact of having
a recurrent gradient in the optimization step. Convolutional
based methods can avoid this recurrence and be therefore,
faster than recurrent models, and are also more stable in the
training phase.

The code developed along this thesis is available at [27] and
[28].
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