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Table 1. Some generated data sets from 1D-WGAN-GP compared to the mean en-
velope of the original data. Plotted per class for comparison, data sets with multiple
classes were done by plotting the first three classes of the data set.

Data Set Class1 Class2 Class3

CinCECGTorso

ECG5000

Haptics

Herring

InlineSkate
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Table 2. Continuation of the generated data sets from 1D-WGAN-GP compared to
the mean envelope of the original data. Plotted per class for comparison and only up
to three classes for visualization purposes.

Data Set Class1 Class2 Class3

InstWingbSnd

BeetleFly

BirdChicken

Coffee

DiaSizRedu

FacesUCR

Meat
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Table 3. FCN-LSTM classification results on original data sets and generated data
sets, in percent accuracy.

Data Set Original Data
% Acc.

Generated
Data % Acc.

% Difference

CinCECGTorso 90.94 94.23 +3.29

ECG5000 94.84 93.85 -0.99

Haptics 57.47 55.25 -2.22

Herring 76.56 78.62 +2.06

InlineSkate 46.55 49.34 +2.79

InsectWingsbeatsound 68.23 70.24 +2.01

BettleFly 100.0 100.0 0.00

BirdChicken 100.0 100.0 0.00

Coffee 100.0 100.0 0.00

DiatomSizeReduction 97.71 96.32 -1.39

FacesUCR 98.98 98.90 -0.08

Meat 100.0 100.0 0.00

ChloConc 100.0 97.83 -2.17

Fish 98.29 95.85 -2.44

FordA 97.33 98.71 +1.38

Ham 83.81 81.23 -2.58

GunPoint 100.0 100.0 0.00

Mallat 98.34 94.68 -3.66

NonInvThor1 96.54 94.85 -1.69

ShapesAll 91.83 91.60 -0.23

Wafer 100.0 100.0 0.00

ArrowHead 92.00 93.47 +1.47

Car 96.70 96.87 +0.17

CBF 100.0 99.58 -0.42

DistPhxAGp 86.00 85.75 -0.25

ECG5Days 99.42 99.17 -0.25

FacesAll 96.57 97.24 +0.67

OSULeaf 99.59 97.68 -1.91

Plane 100.0 100.0 0.00

ShapeletSim 100.0 100.0 0.00

StarlightCur 97.71 96.32 -1.39

ToeSeg1 99.12 96.85 -2.27

Yoga 91.90 90.28 -1.62
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Estimation of the crustal velocity field in the Balanegra 
fault from GPS position time series in 2006 - 2018 
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Abstract. In 2006 a non-continuos GPS network was installed to monitor the 
Balanegra fault, one of the most active faults recognized in the Campo de Da-
lias area. This is a zone with relevant seismicity associated with the active tec-
tonic deformations of the southern boundary of the Betic Cordillera. The goal of 
our research is to constrain the activity of this fault from high quality GPS 
measurements to obtain precise deformation rates. Here we show the first re-
sults computed from five GPS campaigns in the timespan 2006-2018. These re-
sults agree with the general movement of the area. Moreover, we have identi-
fied a residual velocity field with values ranging from 1.7 to 3.0 mm/yr. There 
is a clear geodetic evidence of recent and active deformation by folding and 
faulting in the eastern Betic Cordillera, which currently undergoes the NNW-
SSE convergence of the Eurasian and African plates, while also affected by or-
thogonal extension. The integration of further geologic and seismic information 
with the GPS site rates will allow a better understanding of the kinematics of 
this interesting geologic structure. 

Keywords: PPP, GPS position time series, crustal deformation, Balanegra fault 

1 The Balanegra Fault and the GPS network 

The study of low rate deformation tectonic structures is of great relevance because 
although they are related with high seismic risk it is very difficult to accurately de-
termine the deformation rates [1]. The Balanegra fault is a geologic structures located 
in the southeastern region of the Betic Cordillera [2]. The village of Adra and its sur-
roundings near the Balanegra fault have undergone long periods of seismic activity, 
particularly in the past two centuries. To observe the dynamic of this fault, five sites 
named 940, 960, 970, 980 and 990 were built in 2006 [3].  
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The markers were positioned in well-defined areas on both geologic blocks of the 
fault. Each GPS site consists of a benchmark anchored to solid rock. An aluminium 
tube of 0.5 m was screwed on with the GPS antenna located at the top during the 
measurements. Only site 980 is a classical pillar. Five GPS campaigns were carried 
out in 2006, 2011, 2016, 2017 and 2018. Simultaneous recording was done during at 
least 72 hours in each campaign.  
 
The GPS equipment used in 2006 and 2011 campaigns was Leica Geosystems 
GX1230 receivers with LEIAX1202 antennas whereas in 2016, 2017 and 2018 cam-
paigns LEICA Geosystems AR10 receivers and LEIAR10 antennas were used.  
 
Figure 1 shows the geological map and the monitoring network and figure 2 the site 
990 tracking the GPS constellation during the 2018 campaign. 

Fig. 1. Geological Map and GPS sites. 
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To process the GPS data we used Precise Point Positioning (PPP) methodology and 
the GIPSY-OASIS software, version 6.4, developed by the JPL (https://gipsy-
oasis.jpl.nasa.gov/). The processing strategy uses zero-ambiguity resolution strategy 
[4]. A similar standard procedure for all five campaigns was used. We have consid-
ered JPL final ephemeris and pole products, FES2004 ocean tide loading model [5], 
hydrostatic and wet components of tropospheric delay, a 10º cut-off angle and cali-
brated data of antenna phase center.  

 

 

Fig. 2. Site 990 during a GPS campaign. 

2 GPS position time series 

All the site coordinates were computed in the IGS14 reference frame, then we created 
the position time series of the network sites in North and East components. Here we 
also considered the changes of antennas between 2011 and 2016 campaigns, which 
produced a shift in the time series. Figure 3 shows the position time series in horizon-
tal components (North and East) for all the sites of the network in centimetres. The 
model applied to the original time series, using weighted least squares, consists of an 
intercept, a site rate and an offset to account for antenna change. The error term is 
composed of white noise and temporally correlated random error. The colored noise is 
described by a random-walk process. We have assumed a typical magnitude for this 
process of 1.0 mm/√yr. The GPS-derived site rates and uncertainties are shown in 
table 1. A more effective representation of the velocity field was estimated through 
the residual velocities with respect to stable Eurasia. This residual velocity field gave 
us important information about the Balanegra fault.  
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Fig. 3. Position time series in East and North components for all sites in cm. 
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3 First results and analysis 

Table 1 lists the absolute velocities and 1σ uncertainties, as well as the residual veloc-
ities for all the sites. The figure 4 shows the absolute velocity field from GPS position 
time series in the IGS14 reference frame. The figure 5 presents the velocity field with 
respect to the Eurasian plate.  
 
We have obtained absolute velocities in agreement with the general movement of the 
area: mean of 17.9 mm/yr East and 16.4 mm/yr North components. The differences 
with the EURASIA plate motion model allow us to compute a residual velocity field 
with values ranging from 1.7 mm/yr to 3 mm/yr, showing the deformation pattern of 
the area.  
 
There is a clear geological evidence of recent and active deformation by folding and 
faulting in the eastern Betic Cordillera, which currently undergoes the NNW-SSE 
convergence of the Eurasian and African plates, while also affected by orthogonal 
extension. 
 

Table. 1. Absolute and residual velocities for GPS sites.  
 

Site ID        Velocity 
       (mm yr-1) 

      Uncertainty          
       (mm yr-1) 

   Res. Velocity 
      (mm yr-1) 

 East North East North East North 
940 17.5 15.6 ±0.3 ±0.7 -2.7  -0.9 
960 17.6 15.0 ±0.4 ±0.6 -2.5  -1.6 
970 19.0 17.7 ±0.4 ±0.6 -1.2   1.2 
980 17.8 16.4 ±0.4 ±0.5 -2.4  -0.1 
990 17.3 17.2 ±0.3 ±0.5 -2.9   0.7 

4 Conclusions 

Our research reveals that our statistical methodology and GPS analysis technique 
have been able to measure the movements of a geologic structure from position time 
series at millimeter level. GPS rates show the complex interaction of active faults and 
folds in the Campo de Dalías region. The NNW-SSE Eurasian-Nubian convergence is 
the responsible of the development of ENE-WSW folds that produced a NW dis-
placement of the southernmost sites. Moreover, the Campo de Dalías undergoes an 
ENE-WSW extension, in agreement with the recent most active faults. In this frame-
work, the normal Balanegra fault has also a marked oblique dextral kinematics. Long-
er time series from new GPS campaigns will improve the estimations of the velocity 
field and will allow us to confirm these results. 
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Fig. 4. Absolute velocity field from position time series in the IGS14 reference frame. 
 

Fig. 5. Residual velocity field with respect to Eurasian plate.  
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Abstract. This paper presents a convolutional neural network (CNN)
which can be used for forecasting electricity load profiles 36 hours into
the future. In contrast to well established CNN architectures, the input
data is one-dimensional. A parameter scanning of network parameters is
conducted in order to gain information about the influence of the kernel
size, number of filters, and dense size. The results show that a good
forecast quality can already be achieved with basic CNN architectures.
The method works not only for smooth sum loads of many hundred
consumers, but also for the load of apartment buildings.

Keywords: energy load forecasting, STLF, neural networks, CNN, con-
volutional networks

1 Introduction

There is no dispute in the scientific community that human-induced climate
change is real. The effects of climate change are for example rising sea levels, an
increasing CO2 concentration in the atmosphere, and more regularly occurring
extreme weather events, to name only few of them.[1, 2] To slow down and stop
the global warming, it is crucial to reduce the generation of greenhouse gases,
especially in energy production. One of the keys to accomplish a reduction is
to establish more renewable energies in the energy market. By doing so, power
plants that produce high levels of CO2, like coal power plants, can in the long
term be substituted by renewable energy sources. Another key to minimise the
emission of greenhouse gases is to decrease the total energy consumption and to
increase energy efficiency in consumption and production.

In the research project MAGGIE [3, 4], we try to address all of the above men-
tioned challenges. The goal of the research project is to energetically modernise
existing historic apartment buildings and draft a concept for sector coupling in
city districts. In the first step, one exemplary building will be modernised and
evaluated. Afterwards, the whole city district will be modernised in a similar
manner. In order to decrease the heat consumption of the building the thermal
insulation is renewed and in the course of the research project new insulations
are in development. In addition, a new heating system (see fig. 1) with an inno-
vative control system is implemented. This heating system allows increases in
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energy efficiency and can help integrate renewable energy sources into the power
market. The core of the system is a combined heat and power plant (CHP),
and a heat pump. All of them generate thermal energy, the heat pump from
electricity and the CHP from fuel. The thermal energy is used to heat the water
of a buffer storage, which is then, in combination with a heat exchanger, used
as process and drinking water. In addition, the CHP generates electricity, as
does a photovoltaic system (PV system) installed on the roof of the building,
which can then be used to either power the heat pump or supply the habitants
with electricity. A connection to the power grid receives surplus electricity and
ensures there is always enough electricity available.

Fig. 1: Schematic of the new heating system. The red lines symbolise heat trans-
port using water and the green lines symbolise electricity transport.

By utilising both forms of generated energy, the total energy efficiency of
the system is nowadays higher than that of a conventional heating system, for
example a gas-fired boiler, in combination with electricity from the power grid.
[5]

All parts of the energy system are monitored continuously and can be con-
trolled independently and remotely by the control system, which allows one to
shift the production and consumption of heat and electricity in time and be-
tween the participants of the system by heating and using the water at the
needed times. This allows for optimisation of the machine schedules depending
on an optimisation target. Those targets can, for example, be self-sufficiency or
cost-reduction.

After the modernisation of the entire city district, the energy systems of all
houses in the district or even of several districts can act as a virtual power plant
(VPP). This VPP can then work as a base load power plant or can help to
stabilise the power grid and therefore assist to integrate renewable energies.
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The main challenge of the system consists in knowing the electric and heat
load of the building and its inhabitants. The loads are crucial for schedule opti-
misation as the feed-in into the power-grid and the consumption from the power
grid have to be reported to the power grid operator the day before at midday
in a 15 minute grid. Deviations in the heat load can be buffered with the heat
buffer, deviations in the electric load, however, cannot be buffered in any way.
Therefore, the focus of this paper is on forecasting electricity loads.

2 Smart Meter Data

In two directives [6, 7], the EU outlined their decision to establish SmartMeter
devices in the energy sector throughout the entire European Union with the
aim to enable customers to better monitor and manage their consumptional
behaviour. A SmartMeter, in contrast with a conventional electric meter, records
the energy consumption at least every 15 minutes or in even shorter periods.
In this paper, the data of the CER Smart Metering project [8] is used. The
dataset consists of individual SmartMeter data from over 5 000 Irish homes and
businesses recorded for 18 months.

As the electric load of a single household is highly volatile and therefore
impossible to predict, sum load time series of 15, 40, and 350 randomly picked
households were created. Those time series correspond to a small apartment
building, a big apartment building, and a whole city district. Figure 2 shows an
exemplary day of the mentioned time series. In this work we focus on the load
time series of 40 and 350 households.

3 Importance of Time Series Forecasting

The electric load forecast is crucial in order to fully utilise the possibilities of
the implemented heating system and similar systems. Without a good forecast,
a part of the heat buffer capacity has to be withheld in order to balance the
deviation in the electric load by the CHP. The prediction horizon is h = 144
samples as 36 h have to be predicted in a 15 min grid.

There are already several publications about time series forecasting and
short-term load forecasting (STLF). [9, 10] However, most of the methods pre-
dict either only one or very few time steps in the future, or are applied on load
time series of whole cities/states which are, due to the properties of statistics,
way smoother than the load time series of one building. Those smooth time se-
ries can be described properly with statistical methods when external factors
(e.g. the weather) are taken into account. Therefore, their shape and features
are also easy for neural networks to learn. None of the methods mentioned in
recent publications, however, are designed to predict the electric load of only
one building.

In the next chapter we propose the use of Convolutional Neural Networks
(CNN) for time series prediction and report the first results of different network
structures.
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(a) Load of a single household (b) Combined load 15 households

(c) Combined load 40 households (d) Combined load 350 households

Fig. 2: (a) shows a load time series of a single household. (b)-(d) show each an
exemplary day of the combined load time series. The different extracts display
how volatile the load of a single household is and that the volatility decreases
when households are combined.

4 Convolutional Neural Networks

Convolutional Networks, in the way they are used today, were first introduced by
LeCun et al.[11] for zip code recognition. Since then, they were further developed
and are now the standard for image and pattern recognition.

CNNs consist of convolutional layers, pooling layers, and fully-connected lay-
ers. In the convolutional layers, a set of feature maps, also called activation
maps, are created. Each neuron in the feature map is only connected to a subset
of neurons in its input layer. All neurons of the feature map share the same
weights, thereby reducing the number of parameters significantly compared to a
fully-connected neural network. In the most common CNN architectures, pooling
layers alternate with convolutional layers. The pooling layer reduces the spatial
dimension of the feature maps for the next computational steps in order to min-
imise the computational load and to avoid overfitting. At the end of the network,
after an arbitrary number of the prior layers, fully-connected layers combine the
resulting feature maps and return a classification measure. [11, 12]
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5 Forecasting with CNNs

CNNs are traditionally used for image and pattern recognition by extracting
features from two-dimensional data. In our research, we use a similar architecture
for the forecasting of one-dimensional time series. The basic idea is that the
convolutional layers extract features. These features are then combined by one
or more fully-connected layers, and finally a forecast is created based on the
classification of the last fully-connected layer (see fig 3). The pooling layers are
omitted because an excessive amount of parameters is not a problem for one-
dimensional data and the necessity of pooling layers is questioned in recent
research [13].

A forecast can be created in two different ways, either directly or iteratively.
A direct forecast means the network generates the desired forecast at once.
Thus, the number of neurons in the output layer equal the prediction horizon
h. When the forecast is generated iteratively, only one time step is predicted by
the network. Then, the predicted point is appended to the input data and the
first data point of the input is cut off, so that the new input has the required
shape. Based on the new input, the next point is predicted. This procedure is
repeated until h data points are predicted.

Fig. 3: Principle architecture of the used neural network.

6 Evalution of different network structures and training
parameters

In order to get a better understanding of how the 1D-CNNs process data and
how the network architecture influences the results, are the first tests conducted
with very basic networks. They are built from one convolutional layer followed
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by one fully-connected layer which directly calculates the output. The evaluation
of these networks yield the basic training parameters that are used throughout
the rest of this work.

The best results were obtained with batch-size b = 128 and epochs e = 40.
Nadam [14] is used as optimiser and the mean squared error (MSE) as loss-
function. When using bigger batch-sizes, unwanted jumps in the training loss
were observed regularly, and when using smaller batch-sizes, overfitting occured
early during training.

(a) MSE dependent on the dense size
and the number of filters.

(b) MSE dependent on the dense size
and the kernel size

(c) MSE dependent on the kernel size
and the number of filter.

(d) An exemplary forecast of the 350
households load on the validation data.

Fig. 4: Heatmaps (a)-(c) show the MSE of the 40 household forecasts. The MSE
values are a mean values across the third parameter. (d) shows a forecast using
the trained CNN.

In the next trials, an additional fully-connected layer was added in between
the convolutional layer and the fully-connected output layer (see network ar-
chitecture in fig. 3). The additional fully-connected layer improved the forecast
qualitiy independently from other network and training parameters. As this sim-
ple network already produces promising results, the convolutional layer is varied
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Fig. 3. Density plot of MAET (left side) and VAET (center) as a function of the op-
timization parameters M (number of comparison days in the past), and k (number
of nearest neighbours). As can be noted, no improvements of the total scores are ap-
preciable for M ' 25, k ' 6. MAE dependence of VAE (left side) in the parameters
grid explored. As can be noted, there is an almost linear dependence between the two
quantities.

MBE =
1

N

N∑
n=1

y(n)− y(n). (3)

The MBE quantifies how the model is biased compared to the true time
series.

Fig. 4. Incoming visits forecast in correspondence of the new Year’s Eve week. Black
solid line represent the data portion used to look for similar patterns in the historical
dataset, ligth grey the true data and red line their forecast.

In Fig. 4 we show a forecast example of the accesses for the ED 3 in Table 1,
in correspondence of the new Year’s Eve week. As can be observed, the predicted
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Calendar based forecast of emergency department visits 9

ED
Mean daily

accesses
MAE(d) MBE(d) VAE(d)

Mean hourly
accesses

MAE(h) MBE(h) VAE(h)

1 38.65 8.3 1.02 44.27 1.61 1.03 0.04 1.06
2 39.72 7.43 -1.45 36.06 1.65 0.95 -0.06 1.06
3 203.8 17.35 1.23 214.68 8.49 2.32 0.05 4.49
4 104.08 13.09 -2.23 111.4 4.34 1.62 -0.09 2.15
5 36.05 7.12 -0.07 30.78 1.5 0.91 0 0.88
6 17.42 5.03 -0.64 19.8 0.73 0.56 -0.03 0.49
7 75.83 11.47 -3.18 157.41 3.16 1.35 -0.13 1.66
8 75.1 11.05 -2.12 141.3 3.13 1.23 -0.09 1.42
9 39.51 7.55 -2.97 39.6 1.65 0.93 -0.12 0.95
10 67.71 10.5 -2.13 82.3 2.82 1.31 -0.09 1.73
11 14.82 4.55 -0.26 14.4 0.62 0.54 -0.01 0.44
12 21.69 5.53 -1.18 22.82 0.9 0.68 -0.05 0.58
13 186.71 19.88 -0.77 251.57 7.78 2.25 -0.03 4.14

Table 1. Table of resulting forecast MAE, VAE and MBE, calculated along the last
one year of data, aggregated on daily (MAE(d), VAE(d) and MBE(d)), and hourly
(MAE(h), VAE(h) and MBE(h)) timescale.

data (solid red line) adequately resembled the actual data (solid gray line) in
the test set.

As can be noted from Table 1, the algorithm performs as better as the average
hourly and daily accesses are higher, since for small volumes of patient income
the daily dynamics is closer to a random process. For the predicted data the
hourly MAE(h) ranges from 87% of the mean hourly accesses in the smaller
facility (ED 6), to the 27% in the bigger one (ED 3). On a daily timescale the
prediction quality appear to improve, since for the same ED (ED 6 and ED 3)
MAE(d) are 29% and 8.5%.

5 Comparison to Other Models

We compared the performance of our forecasting scheme to two alternative pre-
diction systems: a REplication model (RE), and an Artificial Neural Networm
model (ANN). In the RE model the N days ahead prediction is obtained by
replicating the most recent sequence in the hystorical dataset sharing the same
calendar pattern. In this way the prediction will always mimic the most recent
matching past. The ANN model consists in a single layer feedforward network
composed by 130 hidden neurons (as obtained by metaparameter optimization).
The hidden and output neurons activation functions is the rectified linear (ReLU)
activation. This model was trained to reconstruct the pN (i) vectors in the train-
ing set in two different way, based on the input provided:

– Only the pM (i) vectors (see Model section), thus with no information about
any calendar pattern.

– The concatenation between pM (i) and the calendar condition of the days to
reconstruct, the latter encoded in a vector in RN .
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