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Preface

This book contains a selection of papers accepted for presentation and discussion at the
2023 World Conference on Information Systems and Technologies (WorldCIST’23).
This conference had the scientific support of the Sant’Anna School of Advanced Stud-
ies, Pisa, University of Calabria, Information and Technology Management Association
(ITMA), IEEE Systems, Man, and Cybernetics Society (IEEE SMC), Iberian Associ-
ation for Information Systems and Technologies (AISTI), and Global Institute for IT
Management (GIIM). It took place in Pisa city, Italy, 4–6 April 2023.

The World Conference on Information Systems and Technologies (WorldCIST) is a
global forum for researchers and practitioners to present and discuss recent results and
innovations, current trends, professional experiences and challenges of modern Informa-
tion Systems and Technologies research, technological development, and applications.
One of its main aims is to strengthen the drive toward a holistic symbiosis between
academy, society, and industry. WorldCIST’23 was built on the successes of: World-
CIST’13 held at Olhão, Algarve, Portugal; WorldCIST’14 held at Funchal, Madeira,
Portugal; WorldCIST’15 held at São Miguel, Azores, Portugal; WorldCIST’16 held at
Recife, Pernambuco, Brazil; WorldCIST’17 held at Porto Santo, Madeira, Portugal;
WorldCIST’18 held at Naples, Italy; WorldCIST’19 held at La Toja, Spain; World-
CIST’20 held at Budva, Montenegro; WorldCIST’21 held at Terceira Island, Portugal;
and WorldCIST’22, which took place online at Budva, Montenegro.

The Program Committee of WorldCIST’23 was composed of a multidisciplinary
group of 339 experts and those who are intimately concerned with Information Systems
and Technologies. They have had the responsibility for evaluating, in a ‘blind review’
process, and the papers received for each of the main themes proposed for the Con-
ference were: A) Information and Knowledge Management; B) Organizational Models
and Information Systems; C) Software and Systems Modeling; D) Software Systems,
Architectures, Applications, and Tools; E) Multimedia Systems and Applications; F)
Computer Networks, Mobility, and Pervasive Systems; G) Intelligent and Decision Sup-
port Systems; H) Big Data Analytics and Applications; I) Human-Computer Interaction;
J) Ethics, Computers & Security; K) Health Informatics; L) Information Technologies in
Education;M) InformationTechnologies inRadiocommunications; andN)Technologies
for Biomedical Applications.

The conference also included workshop sessions taking place in parallel with the
conference ones. Workshop sessions covered themes such as: Novel Computational
Paradigms,Methods, andApproaches inBioinformatics; Artificial Intelligence for Tech-
nology Transfer; Blockchain and Distributed Ledger Technology (DLT) in Business;
Enabling Software Engineering Practices Via Latest Development’s Trends; Information
Systems and Technologies for the Steel Sector; Information Systems and Technologies
for Digital Cultural Heritage and Tourism; Recent Advances in Deep Learning Methods
and Evolutionary Computing for Health Care; Data Mining and Machine Learning in
Smart Cities; Digital Marketing and Communication, Technologies, and Applications;
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Digital Transformation and Artificial Intelligence; and Open Learning and Inclusive
Education Through Information and Communication Technology.

WorldCIST’23 and itsworkshops received about 400 contributions from53 countries
around the world. The papers accepted for oral presentation and discussion at the con-
ference are published by Springer (this book) in four volumes and will be submitted for
indexing byWoS, Scopus, EI-Compendex, DBLP, and/or Google Scholar, among others.
Extended versions of selected best papers will be published in special or regular issues
of leading and relevant journals, mainly JCR/SCI/SSCI and Scopus/EI-Compendex
indexed journals.

We acknowledge all of those that contributed to the staging of WorldCIST’23
(authors, committees, workshop organizers, and sponsors). We deeply appreciate their
involvement and support that was crucial for the success of WorldCIST’23.

April 2023 Alvaro Rocha
Hojjat Adeli

Gintautas Dzemyda
Fernando Moreira

Valentina Colla
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Reconstruction of Meteorological Records
with PCA-Based Analog Ensemble

Methods

Murilo M. Breve1,2, Carlos Balsa1,2, and José Rufino1,2(B)

1 Research Centre in Digitalization and Intelligent Robotics (CeDRI), Instituto
Politécnico de Bragança, Campus de Santa Apolónia, 5300-253 Bragança, Portugal

{murilo.breve,balsa,rufino}@ipb.pt
2 Laboratório para a Sustentabilidade e Tecnologia em Regiões de Montanha

(SusTEC), Instituto Politécnico de Bragança, Campus de Santa Apolónia, 5300-253
Bragança, Portugal

Abstract. The Analog Ensemble (AnEn) method has been used to
reconstruct missing data in time series with base on other correlated
time series with full data. As the AnEn method benefits from the use of
large volumes of data, there is a great interest in improving its efficiency.
In this paper, the Principal Component Analysis (PCA) technique is
combined with the classical AnEn method and a K-means cluster-based
variant, within the context of reconstructing missing meteorological data
at a particular station using information from neighboring stations. This
combination allows to reduce the dimension of the number of predictor
time series, while ensuring better accuracy and higher computational
performance than the AnEn methods: it reduces prediction errors by up
to 30% and achieves a computational speedup of up to 2x.

Keywords: Meteorological data reconstruction · Analogue ensemble ·
K-means clustering · Principal component analysis · MATLAB · R

1 Introduction

Information about past weather states is crucial to many scientific domains and
practical applications. In the renewable energy field, for instance, it is vital to
know the historical weather data and meteorological patterns, in order to esti-
mate the productive potential of a given site, before making substantial financial
investments [9]. However, full meteorological data may not always be available or
may be absent altogether. In this scenario, data reconstruction techniques come
into play. These should be numerically accurate and computationally efficient.

A well-known approach for meteorological data reconstruction is the Analog
Ensemble (AnEn) method. Initially, it was used as a post-processing technique,
to improve the accuracy of deterministic numerical forecast models [13]: past
observations that are similar to the forecast are used to enhance the accuracy of
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the forecast. The AnEn method can also be used directly for weather forecast-
ing [6,18]. More recently [5], AnEn was used to reconstruct data of a meteoro-
logical variable by means of data from other variables at the same site, or based
on data from the same or other variables from neighbor locations.

Compared to other machine learning methods, implementing the AnEn app-
roach is considered relatively simple [1]. Concerning prediction assertiveness, a
comparison [12] between AnEn and a Convolutional Neural Network (CNN), as
post-processing methods of a Weather Research and Forecasting (WRF) model,
showed that both methods improved equally the prediction accuracy. Similarly,
in a homogeneous comparison [16] of the same methods, used as Empirical-
statistical downscaling techniques, AnEn outperformed the CNN.

Large training datasets (historical observations from which missing values
are derived) are advantageous for the AnEn methods: the more data is avail-
able, the easier it is to capture the variation tendency of the variable(s) to be
reconstructed [7,16]. At the same time, more data entails more processing time.
Hence, there is a lot of interest in improving the computational efficiency of these
methods, while preserving (and ideally improving) their numerical accuracy. To
this end, several variants of the AnEn methods have been investigated.

ClustAnEn (Cluster-based AnEn) is a variant of the AnEn method, based
on K-means clustering, that is particularly efficient from a computational stand-
point [3,4]. In this variant, there is a prior grouping of all feasible analogs, which
allows selecting the analogs only by their group, instead of searching all possible
analogs one by one. In addition to significantly reduce computational costs, this
variant does not reduce the accuracy of the reconstructions.

Another approach that can be used to leverage the AnEn method is its
combination with the Principal Components Analysis (PCA) technique. PCA
is commonly used in multivariate statistics to minimize the datasets size while
maintaining the most important information. Recently, PCA proved to be effec-
tive in the context of the reconstruction of meteorological data when combined
with the AnEn method, originating the PCAnEn hybrid method [2].

This work consolidates previous investigations on the PCAnEn method and
expands it further by applying the same rationale (integration with the PCA
technique) to the ClustAnEn method (which results in the new PCClustAnEn
variant). Thus, data coming from multiple predictor stations is reduced to one
or two principal components (PCs) that are then used (instead of the original
variables records) when applying the original AnEn method or its ClustAnEn
variant, to reconstruct the missing data. The PCAnEn and PCClustAnEn tech-
niques are also compared in numerical accuracy and computational efficiency.

The rest of the paper is organized as follows. Section 2 describes the dataset
used and points out the correlations between meteorological variables and sta-
tions. Sections 3 and 4 introduce the PCA technique and combine it with the
AnEn methods. Section 5 applies the new methods to reconstructs meteorologi-
cal variables. Section 6 lays out final considerations and future work directions.
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2 Meteorological Dataset

The data used in this paper for the reconstruction experiments originates from
the US government National Data Buoy Center (NDBC) [14]. NBDC operates
a network of data gathering buoys and coastal stations dispersed across various
regions of the globe. This work uses data from various stations placed in the south
of the Chesapeake Bay and surroundings (see Fig. 1). The predicted station is
WDSV2 (name in red), and the predictor stations (name in white) are located
within a 30 km radius from it (note: in the remaining of the paper, the suffix
“V2” is omitted for simplicity). These stations are either at (buoys) or close to
(coastal stations) sea level, and share similar climatological conditions.

YKTV2
YKRV2

SWPV2

MNPV2

KPTV2

CRYV2
CHYV2

CHBV2

NOAA

30km

20mi 37.25N, 75.71W

WDSV2

Fig. 1. Geolocation of the meteorological stations [14].

Several measurements or variables are taken at each station. These variables
differ, depending on if the station is in a buoy or not. For this work, a common
set of variables, available at all stations, was considered: atmospheric pressure
(PRES) [mbar], air temperature (ATMP ) [◦C], wind speed (WSPD) [m/s] and
peak gust speed (GST ) [m/s]. Depending on the variable, the measurements are
taken every 6min or correspond to averages over a 6min period.

Some basic properties of these variables may be seen in Table 1, namely the
global average value in the dataset and the availability, for each station, between
2010 until the end of the year 2019. In this study, only variables with at least
85% of availability (in bold) were used. Moreover, because some stations are
unable to comply with this degree of availability, the combination of stations
used for each variable may be different.

To decide which variables will later be combined in the experiments, a prelim-
inary study must be performed on the correlation between variables and stations.
This is important because when variables are sufficiently correlated, the PCA
method may be used to retain more data in fewer dimensions.
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Table 1. Meteorological dataset characterization.

Station WSPD GST PRES ATMP

Mean Avail.(%) Mean Avail.(%) Mean Avail.(%) Mean Avail.(%)

WDS 5.7 97.5 6.6 97.5 1017.4 93.6 16.5 87.9

YKR 5.9 98.0 6.9 98.0 1017.4 98.6 15.9 98.5

YKT 4.3 97.7 5.4 97.7 1017.3 98.4 16.0 98.2

MNP 2.6 96.4 4.1 96.5 1017.5 97.9 16.8 97.7

CHY 5.4 95.5 6.9 95.5 1017.0 31.1 16.1 97.0

DOM 3.9 97.5 5.3 97.5 1017.8 98.3 16.1 98.2

KPT 4.7 97.4 6.0 97.5 NA 0 NA 0

SWP NA 0 NA 0 1017.7 96.1 NA 0

CRY 4.1 82.5 15.6 80.5 1017.6 82.8 16.5 34.3
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Fig. 2. Correlation between stations for each variable.

The correlations between the stations for each variable, relative to the same
time period of Table 1, are shown in Fig. 2. In general, all stations are somehow
correlated across all variables, with the ATMP and PRES variables showing
the strongest correlations (1 or near 1).

Figure 3 presents the correlations between different meteorological variables
within the same station. Due to the percentage of data available in the KPT and
CHY stations, only records of two (WSPD and GST ) and three (WSPD, GST
and ATMP ) variables, respectively, are used for these stations. In the other
stations, the records of all variables are available (see Table 1). The correlation
between WSPD and GST is strong across all stations. Between ATMP and
PRES, there is a minor inverse correlation. The other variables at different sta-
tions showed a weak correlation. Thus, only WSPD and GST are used together
in the experiments, once they are the only strongly correlated variables.

3 Determination of the Principal Components

Following the study on the correlation between variables and stations, the PCA
approach may then be applied to reduce the dimensionality of the datasets.

Firstly, the dimensions with most data dispersion are identified. This enables
to identify the principal components (PCs) that best distinguish the dataset
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Fig. 3. Correlation between variables at each station.

under study. Consider that the dataset corresponding to the multiple predictor
stations is represented by the data matrix H ∈ IRm×n, where each column hi,
with i = 1, . . . , n, includes the scaled and normalized records of a single variable.
Then, the thin singular value decomposition of H gives H = UΣV T , where U ∈
IRm×n, Σ ∈ IRn×n and V ∈ IRm×n (for details see [10]). The diagonal matrix Σ
contains the singular values σi of H, for i = 1, . . . , n, where σ1 > σ2 > . . . > σn.
The right singular vectors vi are the principal components directions of H.

The vector z1 = Hv1 has the largest sample variance (σ2
1/m) amongst all

linear combinations of the columns of H, and so z1 is the first principal com-
ponent (PC1). The second principal component (PC2) is z2 = Hv2, once v2
corresponds to the second largest variance (σ2

2/m). The remaining principal
components are defined similarly. The new variables are linear combinations
of the columns of H, i.e., they are linear combinations of the normalized original
variables h1, h2, . . . , hn, given by

zj = v1jh1 + v2jh2 + . . .+ vnjhn for j = 1, 2, . . . , n (1)

where the coefficients vij (called loadings), with i = 1, 2, . . . , n, are the elements
of the vector vj . The value of a coefficient is proportional to how significant a
particular variable is in the principal component. It is expected that a few of the
first principal components accurately reflect the original dataset, since they are
likely to account for a significant proportion of the overall variation [17].

Figures 4 and 5 show the standard deviations of each PC for different
amounts of input stations (# Stations). The standard deviation threshold of
1 is shown by a dotted line. PCs with standard deviation values above this line
have more variance and, consequently, more information than the original nor-
malized variables, whose standard deviation is equal to 1. Note that the variables
from the WDS station were not included in the original variables because WDS
was used only as the predicted station.
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Fig. 4. Standard deviation of the PCs from the variables WSPD and GST .

Fig. 5. Standard deviation of the PCs from the variables PRES and ATMP .

In Fig. 4 the Principal Component Analysis is conducted from a data matrix
that includes two meteorological variables, WSPD and GST , from distinct sta-
tions. Except for the 2-station arrangement, both PC1 and PC2 exhibited val-
ues of standard deviation higher than one. These PCs with standard deviation
greater than one were selected for the training phase.

The standard deviations of the PCs computed from the PRES and ATMP
variables are shown in Fig. 5. It is crucial to highlight that, unlike the variables
WSPD and GST (see Fig. 4), the PRES and ATMP variables were examined
individually because they do not correlate sufficiently (see Fig. 3). Both vari-
ables showed the same pattern of standard deviation values, indicating that the
PC1 was enough to capture most information of the data in all configurations of
stations. Furthermore, in contrast to the WSPD and GST analysis, more infor-
mation was contained in the PC1, since the relative concentration of standard
deviation in this PC was significantly larger.
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4 Analog Ensemble Combined with PCA

The AnEn method is able to reconstruct missing data in a time series. In this
work, the time series builds on meteorological data and the reconstruction at a
predicted station is carried out using data from neighbor predictor stations.

The process starts by identifying, in each predictor station, the predictor
value for the same moment in time for which the predicted value must be recon-
structed. Then, past historical values are found, in the predictor stations dataset,
that are similar to the predictor value. These past values are called analogs. In
the next step, the analogs are matched in time with corresponding observations
(also historical measurements) of the predicted station. Finally, the missing value
is predicted (reconstructed) by averaging the matching observations. The recon-
struction error can then be evaluated if the real observed value for that instant
is indeed available (as it is the case in this work).

The previous simplified description considers single numerical values for the
predictor and analogs. In fact, these are vectors of 2k+1 values (measurements),
recorded at successive instants of the same time window, and k > 0 is an integer
representing the width of each half-window (past and future) around the central
instant. Therefore, analogs are established based on the similarity of vectors, and
not single values, which enables the selection of analogs based on similar weather
trends rather than single similar values [5]. The mapping of analogs (vectors)
into observations (single values) is then based on the analogs central values.

In addition, when using multiple predictor stations, the analogs identified for
each station may be required to overlap in time (dependent approach), or not
(independent approach). In the current work, it was used the first alternative.

When the PCA technique is combined with the AnEn method (PCAnEn),
the principal components (PCs) generated from the datasets of the predictor
stations are used instead of the original datasets. This allows to use data from
a larger number of stations, without increasing the computational effort.

The same idea may be applied to the K-means variant of the AnEn method.
This variant enables to reduce the number of operations needed to determine the
analogs of a given predictor. This is accomplished by replacing the comparison
with all possible analogs, by a comparison with the clusters produced using
the K-means clustering method. More precisely, the comparison is made with
the centroids of the clusters, whose number is much less than the number of
possible analog vectors (see [4] for details). Thus, similarly to what happens in
the PCAnEn method, the PCClustAnEn method involves replacing the original
predictor datasets with corresponding PCs prior to the clustering.

5 Experimental Evaluation

Both the PCAnEn and PCClustAnEn methods were put to the test for the
reconstruction in the WDS station of the four variables selected for this study
(WSPD, GST , ATMP and PRES), every 6m, from 10m to 6pm period, during
the full year of 2019 (prediction period). The remaining stations (within a 30 km



92 M. M. Breve et al.

radius around WDS, and with more than 85% of data available), were used as
predictor stations, considering the training period of 2011 to 2018.

The reconstruction was performed by two separate implementations of the
methods, one in R [15] and another in MATLAB [11]. This allowed for the mutual
verification of the numerical results and provided an opportunity to compare the
implementations performance-wise. The computing system used to execute the
methods was a KVM-based virtual machine (with 16 virtual cores of a Intel
Xeon W-2195 CPU, 64 GB of RAM and 256 GB of SSD) hosted on the CeDRI
cluster, running Linux Ubuntu 20.04 LTS, R 4.2.2 and MATLAB R2021a.

Besides testing the PCAnEn and PClustAnEn methods, the corresponding
non-PCA variants (AnEn and ClustAnEn) applied to the original datasets were
also tested. This way, the specific impact of the PCA technique may also be
accessed. To make the comparison fair, AnEn and ClustAnEn were tested using
as predictors the same two stations used to test the PCAnEn and PClustAnEn
with a 2-station configuration (#Stations = 2). This means that the variable is
predicted from the same variable located in the two closest stations, thus ensur-
ing the most favourable configuration to the AnEn and ClustAnEn methods.

The accuracy of the predicted/reconstructed values is assessed by comparing
them to the exact values recorded at station WDS during the prediction period.
The comparison is done by means of the Root Mean Square (RMSE) error that
measures, simultaneously, the systematic and the random error [8].

Table 2. RMSE of the reconstruction with different methods.

Method # Stations MATLAB R

WSPD GST ATMP PRES WSPD GST ATMP PRES

PCAnEn 2 1.65 1.95 1.01 0.51 1.65 1.97 1.01 0.51

3 1.32 1.52 0.84 0.48 1.32 1.52 0.84 0.48

4 1.27 1.46 0.78 0.45 1.27 1.45 0.78 0.45

5 1.19 1.36 0.71 0.61 1.19 1.36 0.71 0.61

6 1.24 1.42 — — 1.24 1.44 — —

AnEn 2 1.68 1.77 0.86 0.59 1.67 1.76 0.86 0.59

PCClustAnEn 2 1.65 1.95 1.01 0.52 1.65 1.95 1.01 0.52

3 1.32 1.50 0.84 0.48 1.32 1.51 0.84 0.48

4 1.27 1.45 0.78 0.45 1.28 1.45 0.78 0.45

5 1.20 1.35 0.72 0.61 1.20 1.36 0.72 0.60

6 1.27 1.40 — — 1.25 1.42 — —

ClustAnEn 2 1.69 1.73 0.88 0.60 1.69 1.74 0.87 0.56

Table 2 presents the RMSE values for all tests performed. For each test, the
number of PCs used was 1 or 2, after the values of the respective standard
deviation, as explained in Sect. 3. Between PCAnEn and PCClustAnEn, there
were no noteworthy changes in accuracy. The 5-station setup demonstrated a
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lower RMSE than the non-PCA approaches for the majority of variables. The
higher errors are obtained with the 2-station configurations, in which case there’s
no sensible advantage in using the PCA variants over the non-PCA ones. The
reductions in error rates from the PCA implementations ranged from ≈18% to
≈30%, for the best setting of each variable, compared to the non-PCA methods.
These considerations apply to both implementations (R and MATLAB).

Regarding the computational performance, Fig. 6 shows the processing times
of the MATLAB (M) and R (R) codes, with different amounts of stations, for the
reconstruction of the WSPD variable, using all the CPU cores (16) available in
the test bed computational system. The WSPD variable was chosen for the per-
formance evaluation because a) it is available for more stations (recall Table 2),
and b) it requires 2 PCs to represent the original variables when using 3 or more
stations. The same is also valid for the GST variable, whose processing times
are either the same (PCA-based approaches) or similar (other approaches).

Fig. 6. Reconstruction time of WSPD with 16 cores (2 to 6 stations).

When using clustering (ClustAnEn and PCClustAnEn), the reconstruction
times are the lowest, and the variations are small for different numbers of sta-
tions, whether using PCA or not; also, for the only scenario where it makes sense
to use the non-PCA approaches (2 stations), using clustering alone (ClustAnEn)
is slower than combining it with PCA (PCClustAnEn).

Without clustering (AnEn and PCAnEn), the processing times are noticeably
higher. When applying PCA (PCAnEN), the highest times are obtained with 3
or more stations (using 2 PCs), and they are similar; these times roughly double
the time with 2 stations (using 1 PC); thus, without clustering, the number of
PCs used has a noticeable influence (direct proportionality) on the processing
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times. For the 2-stations scenario, not using PCA (AnEn) doubles the processing
times compared to using PCA (PCAnEn), being equivalent to using PCA with
more than 2 stations, once it is also using two time series.

Lowering the processing times is important, but it shouldn’t be at the expense
of higher reconstruction errors. Ideally, the reconstruction should be faster and
also more accurate. The smallest RMSE errors for the WSPD variable are
obtained with PCA-based methods using 5 stations, whether clustering is used
(PCClustAnEn) or not (PCAnEn) – recall Table 2. However, clustering ensures
much lower processing times, with a speedup between !2,7 (MATLAB code)
and !7,8 (R code). Comparing the processing times of PCClustAnEn with 5
stations, with the ones of ClustAnEn with 2 stations (the best provided by not
using PCA) yields almost none speedup (46,9/45,7=1,03 and 45,3/38,4=1,18);
however, the RMSE error of PCClustAnEn with 5 stations is only 1,2/1,69≈70%
of the error of ClustAnEn with 2 stations, thus favouring the first approach.

The impact on performance of using or not the PCA method is perceivable
in the 2-stations scenario. Here, using PCA provides speedups ranging from
2,26 to 1,08, for comparable methods (AnEn vs PCAnEn, and ClustAnEn vs
PCClustAnEn).

Another advantage of adding PCA emerges when two variables, like WPSD
and GST , are used together in the analysis. Once they share the same time
series, PCA-based methods can predict both variables in a single run, unlike the
non-PCA approaches, which would require two runs of the reconstruction code.

Fig. 7. Reconstruction time of WSPD with 1 to 16 cores (6 stations).

The MATLAB code was found consistently faster than the R code. This is
visible in Fig. 6 for 16 cores, and can also be seen in Fig. 7 for a variable num-
ber of cores. However, under PCClustAnEn the differences were minor, meaning
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both implementations are equally efficient when applying the K-means cluster-
ing. More important, PCClustAnEn required much less processing times, in all
configurations, compared to PCAnEn. Also, PCClustAnEn mostly doesn’t ben-
efit from the extra cores, in opposition to the PCAnEn method, where the search
for analogues is the biggest code hotspot and is easily parallelizable.

It should also be stressed that both R and MATLAB were used with default
configurations, without any extra performance tuning to optimize their behavior.

6 Conclusion

This paper describes the combination of Analog Ensemble (AnEn) methods with
Principal Component Analysis (PCA), allowing for data from several stations
to be reduced to a smaller number of time series, corresponding to the Princi-
pal Components (PCs). These are then used, instead of the original variables
records, to reconstruct data missing in the records of a meteorological site.

In our experiments, the PCA technique improved the assertiveness of predic-
tion without compromising the computational performance, since it is possible
to increase the number of stations without increasing the quantity of input time
series. It was also shown that the efficacy of PCA is heavily influenced by the
correlation between the time series of several predictors, as higher correlation
allows for a high proportion of information/variance in the first components.

Furthermore, two different implementations of the methods studied were used
and compared, one in MATLAB and other in R. This allowed to double-check
the numerical results and gain insight on the potential performance impact of
choosing either implementation. The scalability of both codes was also studied,
in a medium-scale multicore system. The performance evaluation showed the
superiority of the AnEn methods where PCA is combined with clustering.

Future applications of the same methodology with larger datasets are
planned, to assess more accurately the effects of the quantity, correlation and
closeness of predictor stations. The R code will also be tuned to improve its
performance.
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2. Balsa, C., Breve, M.M., André, B., Rodrigues, C.V., Rufino, J.: PCAnEn - Hind-
casting with Analogue Ensembles of Principal Components. In: Garcia, M.V.,
Gordón-Gallegos, C. (eds.) CSEI 2022. LNNS, vol. 678, pp. 169–183. Springer,
Cham (2022). https://doi.org/10.1007/978-3-031-30592-4 13

https://doi.org/10.54499/UIDB/05757/2020
https://doi.org/10.54499/UIDB/05757/2020
https://doi.org/10.54499/LA/P/0007/2020
https://doi.org/10.1016/j.solener.2021.11.033
https://doi.org/10.1016/j.solener.2021.11.033
https://www.sciencedirect.com/science/article/pii/S0038092X21009920
https://doi.org/10.1007/978-3-031-30592-4_13


96 M. M. Breve et al.
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