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Abstract
The semi-arid Northeast Brazil (NEB) is just recovering from a very severe water crisis induced by a multiyear drought. With this crisis, the question of water resources
management has entered the national political agenda, creating an opportunity to
better prepare the country to deal with future droughts. In order to improve climate
predictions, and thus preparedness in NEB, a circulation pattern (CP) classification
algorithm offers various options. Therefore, the main objective of this study was to
develop a computer aided CP classification based on the Simulated ANnealing and
Diversified RAndomization clustering (SANDRA) algorithm. First, suitable predictor variables and cluster domain setting are evaluated using ERA-Interim reanalyses.
It is found that near surface variables such as geopotential at 1,000 hPa (GP1,000) or
mean sea level pressure (MSLP) should be combined with horizontal wind speed at
the upper 700 hPa level (UWND700). A 11-cluster solution is favoured due to the
trade-offs between interpretability of the cluster centroids and the explained variances of the predictors. Second, occurrence and transition probabilities of this
11-cluster solution of GP1,000 and UWND700 are analysed, and typical CPs, which are
linked to dry and wet conditions in the region are identified. The suitability of the
new classification to be potentially applied for statistical downscaling or CPconditional bias correction approach is analysed. The CP-conditional cumulative
density functions (CDFs) exhibit discriminative power to separate between wet and
dry conditions, indicating a good performance of the CP approach.
KEYWORDS
bias correction, circulation pattern classification, Northeast Brazil, precipitation, SANDRA,
statistical downscaling

1 | INTRODUCTION
The semi-arid northeast of Brazil (NEB) is one of the
most densely populated dryland regions in the world. It

is characterized by recurrent droughts (Marengo
et al., 2017), and just now still recovering from a series of
drought years from 2012 to 2018 (Pilz et al., 2019). This
has recently led to a severe water crisis, not only in NEB,
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but also the large metropolitan areas of S~ao Paulo, Belo
Horizonte, and Rio de Janeiro.
The NEB can be characterized by a high-rainfall variability, that is, on interannual and intraannual scale, but
also on decadal scale (Zhou and Lau, 2001).
According to Kousky (1979), eastern coastal regions
may receive even more than 2000 mm/year, while some
interior valleys receive less than 400 mm/year. Particularly in these arid regions, the year-to-year variability is
higher. They show that frontal systems, which penetrate
the southern parts of the NEB, play a crucial role for
December–January precipitation in the southern part,
but also for fall and winter precipitation along the coast.
Such frontal systems lower the surface pressure at low
latitudes, and thus favour the southward movement of
the equatorial trough zone. Figure 1 illustrates such
interannual variability by showing precipitation anomalies for three selected years. Heavy precipitation deficits
up to 1,000 mm can be seen during the recent drought
period for the years 2012 and 2014, whereas precipitation
excess is exemplary shown for the year 1985.
The high-rainfall variability on the different temporal
scales poses significant challenges for water resources
management in the region. Even in years with average
rainfall amounts, such as in 2017 and 2018, NEB was not
able to overcome its water scarcity due to the high-spatial
variability of the rainfall in the region. In these years, the
largest reservoirs could not be filled up by more than 10%
of its capacity.
Intraannual or seasonal precipitation variability during the wet season of the interior NEB is impacted by sea
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surface temperature (SST) anomaly patterns in the Atlantic, the Pacific, and to a lesser extent the Indian Ocean
(Ward and Folland, 1991). Likewise, in Hastenrath (2012),
drought occurrence in NEB has been linked to SST
anomalies in the eastern Pacific. The El Niño Southern
Oscillation (ENSO) as well as the northern tropical
Atlantic region (i.e., the Tropical Atlantic SST Dipole) is
influencing the location of the Intertropical Convergence
Zone (ITCZ), which is known to be the main source of
rain during the rainy season in this region.
According to Costa et al. (2016), most of the drought
and wet anomalies could be linked to anomalous states
of El Niño Southern Oscillation (ENSO), but not necessarily linked to specific El Niño or La Niña events. In a
later study, Costa et al. (2018) identified a multi-annual
relationship between the state of the sea surface temperature (SST) of the Atlantic and Pacific oceans and anomalous hydrological variability in NEB. Thereby, the
northern Tropical Atlantic conditions were shown to play
an important role in modulating the long-term variability
of the hydrological response of the basins, while only
extreme ENSO anomalies seemed to affect the rainy
season.
Such large-scale synoptic information, represented by
general circulation models (GCMs) can be used for prediction purposes in many water resources management applications. One possibility to implement the large-scale
synoptic information is to classify the atmospheric state into
circulation patterns or weather types, hereinafter referred
to as circulation patterns (CPs) (e.g., Fernández-González
et al., 2012). In general, one can distinguish between

F I G U R E 1 Wet precipitation anomaly of 1985 (left) and dry precipitation anomalies of 2012 (middle) and 2014 (right) over the
northeast region of Brazil (kriging of observation data, 1981–2010)
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manual (subjective) and computer assisted (objective or
mostly semi-objective) methods. Often, it is distinguished
also between “circulation to environment” and “environment to circulation” approaches (e.g., Dayan et al., 2012). In
the former, the classification is performed without consideration of the target variable, whereas the latter accounts for
the target variable(s) during the classification. Both
approaches are suitable tools in synoptic climatology, and
they can be applied both to analyse the link between atmospheric circulation types derived from CP classifications
and surface variables such as, precipitation, temperature, or
discharge (e.g., Bárdossy et al., 2002; Bárdossy, 2010;
Wypych et al., 2018; Bednorz et al., 2019). Such links exist
even when the local scale climate is driven by mesoscale
events such as convective systems, since these are conditional on the synoptic conditions (Goodess and
Jones, 2002). Other authors established links between
atmospheric conditions or Sea Surface Temperature (SST)
patterns and droughts (e.g., Burgdorf et al., 2019), and demonstrated the usability of their classification for drought
prediction. Due to the existence of such links, CP classifications have been originally developed for weather
forecasting.
Although GCMs are often strongly biased in prognostic variables such as precipitation, it is widely accepted
that GCMs are able to appropriately reflect the large-scale
circulation (e.g., Sunyer et al., 2015). This forms the basis
for statistical downscaling of hydrometeorological target
variables, nowadays, the most widely used application of
CPs (e.g., Wetterhall et al., 2007; Bárdossy, 2010;
Bárdossy and Pegram, 2011). Apart from dynamical
downscaling by using process-based regional climate
models (RCMs), in statistical downscaling the large-scale
synopic information, represented by CPs is used to derive
hydrometeorological variables of interest (e.g., precipitation, temperature, and discharge) on local scales. Moreover, CP classification can be applied for model evaluation
and validation, for example, to evaluate the performance
of GCMs or RCMs due to their representation of the
large-scale information (e.g., Dafka et al., 2018; Prein
et al., 2019).
Another very recent application is the identification and
correction of the spatio-temporal bias structures in RCMs
(Le Roux et al., 2019). The RCMs may have largely different
performances depending on the season and the prevailing
large-scale atmospheric circulation (Laux et al., 2011;
Wetterhall et al., 2012). The inclusion of conditional information about the state of the atmospheric circulation, for
example, as CP time series, obtained by classification algorithms may thus help to improve the bias correction. An
overview of different classification algorithms, distinguished between subjective, objective, and mixed
approaches can be found in Huth et al. (2008).

3

Most approaches are developed for the mid-latitudes,
where distinct high- and low-pressure systems are distinguished. A relatively large body of literature exists for Central Europe (e.g., James, 2007; Philipp et al., 2007, 2010) or
the Mediterranean region (e.g., Corte-Real et al., 1995;
Goodess and Palutikof, 1998; Trigo and DaCamara, 2000;
Fernández-González et al., 2012). Within the framework of
the European Cooperation in Science and Technology
(COST) action 733 Harmonization and Applications of
Weather Types Classifications for European Regions, a bunch
of different objective and subjective weather type classifications for Europe have been collected and provided for climate science community (Philipp et al., 2007), and a
classification catalogue has been derived for the European
domain (Huth et al., 2008; Philipp et al., 2010).
Only few studies exist for tropical and subtropical
regions. Amongst them are the study of Ngarukiyimana
et al. (2018) for Rwanda in East Africa, Moron et al. (2008)
for the Senegal in West Africa, and Robertson et al. (2004)
for the NEB. In the latter, a non-homogeneous hidden Markov model was used to downscale daily precipitation occurrence at 10 stations in NEB, using GCM simulations of
seasonal-mean large-scale precipitation, obtained with historical sea surface temperatures prescribed globally. It was
concluded that their model provides a useful tool for understanding the statistics of rainfall occurrence at stations with
respect to the large-scale atmospheric patterns, and for producing local-scale daily rainfall series for impact studies.
Due to the above mentioned physical link between
synoptic-scale patterns such as ENSO and the hydrological
situation in the NEB, the main objective of this study is to
develop a computer aided circulation pattern (CP) classification approach for applications in water resources management. For this reason, it is aimed at a throughout evaluation
based on different predictor variables as well as domain settings for the classification with respect to its ability to discriminate between dry and wet conditions in the NEB.
Thus, it may provide the base for many applications in water
resources management in the region.
The paper is structured as follows: in the following
Section 2, we elucidate more detailed climatic features of
the study region within NEB. We selected the S~ao Francisco (SF) river basin to highlight the complex climatology and the specific challenges for water resources
management. In Section 3, the SANDRA CP classification method, the Markov Chain approach as well as the
data for the classification and the validation used in this
study are explained. Section 4 is subdivided into the
description of the classification and the selected features
of the classified CPs, that is, Occurrence Probability of
CPs, Persistence of CPs, Transition Probability of CPs,
Wetness Indices of CPs, and the CDF of CPs, followed by
Section 5.
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2 | S T UDY R E GI ON
We selected the S~ao Francisco (SF) river basin to highlight the complex climatology and specific challenges
with respect to water resources management in NEB,
which helps to explain our setup for the classification in
Section 3.
The SF basin (Figure 2) covers an area of approximately 630,000 km2, and has its sources in the southeast
of Brazil, in the state of Minas Gerais. From there, the SF
river flows approximately 2,700 km until it meets the
Atlantic Ocean in the northeastern region. Starting in
Minas Gerais, it crosses the states of Bahia, Pernambuco,
Alagoas and Sergipe. The SF river basin partly covers also
the states of Goiás and the Federal District Brasilia. The
large size of SF river basin (it corresponds approximately
to the size of France) and the fact that it is an interstate
basin makes water resources management a particularly
challenging task.
The precipitation regime in the SF basin is complex
as it is modulated by different meteorological systems,
such as the South Atlantic Convergence Zone in the
southernmost part of the basin and ITCZ, leading to a
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relatively high-spatiotemporal variability of precipitation
(see Figure 3). The figure shows the monthly precipitation climatology for Três Marias, Sobradinho, Aracaju
(from the South to the North). The upper SF basin, represented by Três Marias, provides the highest rainfall
amounts to the SF river basin, the main season lasts from
October to February. The main generating rainfall system
is the incursion of cold fronts, that is, the South Atlantic
Convergence Zone. For the northernmost area, the lower
SF basin, represented by Aracuju, the main season peaks
from may to July. This region is affected by the the movement of the ITCZ. The middle SF basin, as depicted by
Sobradinho, has an intermediate precipitation climatology. Besides the onset of the rainy season, the overall
rainfall amounts decrease from the upper to the lower SF
basin. During the dry season (June–August), significant
amounts of rains (and thus streamflow) can be observed
across the SF basin due to convective systems and penetrating cold fronts. For this reason, it should be noted
that water resources management in the SF basin
requires weather and climate forecasts not only for the
rainy season, but for the entire year. This need is also corroborated by the fact that water from the SF River is

F I G U R E 2 The S~ao Francisco
(SF) river basin in NEB. The figure is
obtained from https://de.m.
wikipedia.org/wiki/Datei:S~ao_
Francisco_basin_map.png, released
under the licence CC BY-SA 4.0
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F I G U R E 3 The monthly precipitation climatology for Três
Marias, Sobradinho and Aracaju, derived from GPCP, representing
the upper-, middle-, and lower-SF basin, respectively. The location
of the stations can be obtained from Figure 2

diverted to the north of the more semi-arid NEB, in
order to improve water availability there. In particular,
seasonal climate forecasts for the forthcoming months
can help decision makers in water resources management in such semi-arid environments (e.g., Siegmund
et al., 2015).

3 | DATA AND METHODS
Figure 4 provides a work flow of the procedure applied in
this study. The work flow (from top to bottom) is indicated by the arrows, the main methods are given in the
grey shaded boxes, that is, (i) the SANDRA CP Classification and (ii) the Markov Chain approach. Both methods
are applied based on ERA-Interim data. The CPs are
finally linked to local weather conditions (see Table 1) by
calculating the wetness index and the CP-conditional
CDFs, based on observation data. In the following the
data are described first, followed by the methods.

3.1 | Data
3.1.1

|

ERA-Interim reanalyses

The ERA-Interim project, initiated in 2006, aimed to
provide a bridge between ECMWF's previous reanalysis,
that is, ERA-40 (1957–2002), and the next-generation
extended reanalysis envisaged at ECMWF (ERA5).
Improvements compared to ERA-40 mainly comprised
the representation of the hydrological cycle, the quality
of the stratospheric circulation, and the handling of
biases and changes in the observing system. The ERAInterim atmospheric model and reanalysis system has

F I G U R E 4 Flow chart of applied methods and data. The
applied work flow (from top to bottom) is indicated by the arrows,
the main methods are given in the grey shaded boxes, that is, the
SANDRA CP classification and the Markov chain approach. Both
methods are applied based on ERA-Interim data. The CPs are
finally linked to local weather conditions by calculating the wetness
index and the CP-conditional CDFs, based on observation data

used cycle 31r2 of ECMWF's Integrated Forecast System
(IFS). Data are provided on a reduced Gaussian grid
with approximately uniform horizontal 79 km spacing
(approximately 0.75 of latitude and longitude), at
60 vertical levels (with top level at 0.1 hPa). A detailed
description can be found in Dee et al. (2011). ERAInterim is a reanalysis product, frequently used for
validation purposes and known to be skillful in representing atmospheric processes (Lin et al., 2014). Note
that we did not use the more recent high-resolution
(approximately 31 km) ERA5 product by intention,
since the higher resolution would have tremendously
increased the computational demands without expected
significantly improved results. This is due to the fact
that the spatial variability in the upper-level atmospheric fields (as usually applied for CP classifications)
is relatively low.
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TABLE 1

Station IDs, coordinates, and missing values (%)

Station ID

Name

Lat

Lon

Missing values

101

JACOBINA

−11.2

−40.5

7.7

102

REMANSO

−9.6

−42.1

3.8

110

JURAMENTO

−16.8

−43.7

12.2

114

IBIRITE

−20.0

−44.0

13.9

115

SAO MATEUS

−18.7

−39.9

9.5

120

JOAO PINHEIRO

−17.7

−46.2

11.2

127

ITABAIANINHA

−11.1

−37.8

17.0

135

BOM JESUS DO PIAUI

−9.1

−44.1

14.9

161

BOM JESUS DA LAPA

−13.3

−43.4

15.3

166

PAULISTANA

−8.1

−41.1

14.6

171

MONTE AZUL

−15.2

−42.9

12.4

179

POSSE

−14.1

−46.4

8.8

182

BARRA

−11.1

−43.2

10.5

183

CAETITE

−14.1

−42.5

17.4

184

LENCOIS

−12.6

−41.4

15.1

202

PAO DE ACUCAR

−9.8

−37.4

17.3

203

DIAMANTINA

−18.2

−43.6

12.8

207

PESQUEIRA

−8.4

−36.8

9.3

244

PROPRIA

−10.2

−36.8

8.7

248

MONTES CLAROS

−16.7

−43.8

20.0

255

VALE DO GURGUEIA CRISTIANO CASTRO

−8.4

−43.7

13.0

256

JANAUBA

−15.8

−43.3

8.7

265

PIRAPORA

−17.4

−44.9

18.2

290

CORRENTINA

−13.3

−44.6

7.6

297

JANUARIA

−15.4

−44.0

6.4

309

ITAMARANDIBA

−17.9

−42.9

7.8

334

UNAI

−16.4

−46.9

7.5

364

ITUACU

−13.8

−41.3

14.1

467

BURITIS

−15.5

−46.4

17.7

744

PATROCINIO

−19.0

−47.0

14.5

The predictor variables used for the CP classification
(see Table 2) are daily ERA-Interim data at 12:00 UTC.
The number of grid cells used in the classification experiments depends on the domain size, for the final classification setup in the domain 10 N–30 S and 60–20 W,
54 × 54 grid cells have been used.

3.1.2

|

Observation data

The precipitation data used in this study consists of meteorological stations from INMET (National Institute for
Meteorology), ANA (National Water Agency) and various

other meteorological state agencies such as Meteorology
and Water Resource Center of Ceara State (FUNCEME)
in northeastern Brazil). FUNCEME has collected and
provided the data for this study, and has been responsible
to quality check and correct the data.
From the provided observation data, a small subset of
30 stations within the domain 8–21 S and 47–36 W have
been pre-selected for evaluating the CP classification on local
scale. The selection has been made based on the fraction of
allowed missing values not exceeding 20% during the period
1980 to 2016. The location of the selected stations and the
fraction of missing values (%) is shown in Figure 5. The exact
coordinates and station names are given in Table 1.
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TABLE 2
Explained cluster variance (ECV) [0, …, 1] of the performed SANDRA classification experiments using the domain
10 N–30 S and 60–20 W and geopotential height (GP) in 1,000, 700, 500, and 300 hPa), mean sea level pressure (MSLP), and horizontal
wind component (UWND) in 700 hPa (upper part)
Number CPs

5

6

7

8

9

10

11

12

13

14

15

16

0.72

0.73

0.73

Predictor variables
GP1,000

0.69

GP700

0.61

GP500

0.61

GP300

0.64

GP1,000 + GP700

0.60

GP1,000 + GP500

0.54

GP1,000 + GP300

0.57

(MSLP + UWND700)
(GP1,000 + UWND700)

0.61












0.63

0.65

0.67

0.68

0.69

0.70

0.71

0.72

0.65

0.67

0.68

0.69

0.70

0.71

0.72



(GP1,000 + UWND700) 10 N–30 S and 60–10 W

0.67



(GP1,000 + UWND700) 10 N–30 S and 60–0 W

0.65

(GP1,000 + UWND700) 10 N–30 S and
60 W–10 E

0.65

(GP1,000 + UWND700) 15 N–35 S and 65–15 W

0.59





(GP1,000 + UWND700) 10 N – 40 S and
60–10 W

0.59

(GP1,000 + UWND700) 10 N–40 S and 70–10 W

0.56

Note: Domain experiments by using GP in 1,000 hPa and UWND in 700 hPa with different domain extensions (lower part).

In semi-arid NEB, improved knowledge of the expected
precipitation amounts a few months ahead may help water
managers for decision support. CP classification can potentially contribute in various ways: it can be used as a tool for
statistical downscaling of GCMs, or as a CP-conditional bias
correction tool for GCMs and RCMs on various time scales
(short-, seasonal-, and long-term scales). The SANDRA CP
classification approach can be used therefore and is
described in the following subsection. Next, the setup for
the classification for the study region is given, followed by a
description of the data used in this study.
Note that the period for the circulation pattern classification as well as for the analyses of the results is split
into a calibration period (1980–2009) and an independent, but shorter validation period (2010–2016).

performance of the simulated annealing algorithm compared to the conventional k-means classification
(e.g., Lutz et al., 2012). The latter has no strategy to avoid
of getting stuck in local optima during the optimization
procedure. Simulated annealing has been designed to better approximate the global optimum, that is, it does not
converge to a local optimum which cannot be left anymore during the optimization procedure (Philipp
et al., 2010; Bárdossy et al., 2015). The method allows
data objects to be assigned to a wrong cluster during the
iteration process, meaning that the object is not necessarily assigned to its closest cluster centroid. Each object can
be classified into a wrong cluster, if the acceptance probability P is larger than a random number between 0 and
1, where P is given by:


EDold −EDnew
,
P =exp
T

3.2 | Methods
3.2.1 | SANDRA circulation pattern
classification
Simulated ANnealing and Diversified RAndomization
clustering (SANDRA) cluster analysis, developed by
Philipp et al. (2007), is applied for the NEB for the first
time. It has been selected due to the improved

ð1Þ

where
qﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
ED= kx 1 −x 2 k2 :

ð2Þ

All data objects x are normalized before the Euclidean
distance ED is calculated. EDold is the ED between the
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F I G U R E 5 Map showing the
station ID numbers and the number
of missing values (%) for each station.
The exact coordinates and number of
missing values can be obtained from
Table 1

data object and the old cluster, EDnew is the ED to
the potentially new cluster, T is a control parameter (the
annealing temperature) that is reduced after each iteration step by a constant factor a, the so-called cooling rate:
T i+ 1 = a× T i ,

ð3Þ

where i is the iteration step. The initial value of T is automatically chosen for each run by the used clustering software and its typical value is around 108–109. A constant
value of 0.99 is used for the cooling rate a for all iteration
steps. With the above algorithm and setting of values, the
initial iteration steps of a single classification run are
often characterized by wrong assignments due to the
high-annealing temperature value. As annealing temperature decreases in the following iteration steps, the probability of wrong assignments decreases accordingly.
During the final iteration steps reassignments mostly
take place if the resulting distance between object and
cluster centroid is smaller than the current distance. The
process of reassignments repeats until no further
changes, neither wrong nor right assignments, are taking
place. The limit of iterations is infinite, thus the process
repeats until convergence is reached. Then, the algorithm
calculates the explained cluster variance (ECV) of the
current clustering for comparison of different runs.
The classification is repeated a predefined number of
times with randomized starting partitions of the data
(called diversified randomization, here: 1,000 times) to
overcome issues of the simulated annealing algorithm
with respect to the optimization starting position. The

run with the best ECV is chosen as final result of the
SANDRA clustering.
The final classification setup is obtained by evaluating
the performance of multiple runs with different predictor
variables (i.e., predictor screening), different cluster numbers, and different domain locations (Table 2, upper part).
An 11-cluster-solution of both, the horizontal wind at
700 hPa (UWND700) and the geopotential at 1,000 hPa
(GP1,000) has been selected as suitable solution. An
11-cluster-solution meets the predefined threshold of 0.7
(corresponding to 70%) of the ECV while keeping the
number of classes relatively small. A too large number of
classes is expected to reduce the sample size for certain
CPs and would thus hinder to derive robust results in the
CP-conditional analyses. The ECV in relation to an
increasing number of classes is describing a logarithmic
function. An increase of the cluster numbers from 11 to
19 would result in an increase of ECV from 0.7 to 0.75 only
(Figure 6). Note that a classification based on the mean sea
level pressure (MSLP) combined with the UWND700
would result in very similar performances.
The classification has been tested using different
domain settings for the two predictand variables GP1,000
and UWND700 and a 10-cluster solution (see Table 2,
lower part). Based on the performed domain settings, the
domain between 10 N–30 S and 60–20 W is found to
deliver good results.
In SANDRA, the number of clusters used for the classification has to be predefined. The selection of the numbers of clusters depends on different criteria and can be
understood as a trade-off between the interpretability of
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the cluster centroids and the overall explained cluster
variance (ECV) of the predictor field(s). The ECV is
defined as:
ECV =1 −

WSS
,
TSS

ð4Þ

where WSS is the so-called within-cluster sum of square,
and TSS is the total sum of squares. WSS is calculated as
follows:
WSS =

k X
X

kx −zi k2 ,

ð5Þ

i = 1 x∈Ci

where x denotes all data objects who belong to the Cluster Ci, zi refers to the ith corresponding cluster centroid,
and k denotes the number of clusters. More technical
information about the SANDRA classification is given in
Philipp et al. (2007, 2010) and Hoffmann and
Schlünzen (2013).
A small number of clusters increase the interpretability while reducing the fraction of the ECV. Higher cluster
numbers may also increase the possibility to better link
the prevailing circulation with unusual conditions, such
as dry or wet conditions.

FIGURE 6
cluster number

3.2.2 |

Markov chains

The occurrence and sequence of CPs can be modelled as
a Markov chain, which is a stochastic model describing
the sequence of possible events in which the probability
of each event depends only on the state attained in the
previous event. A Markov Chain can be used for describing systems that follow a chain of linked events such as,
a sequence of rainfall events or, as used here, a sequence
of CPs. A Markov chain consists of a finite set of states
(e.g., dry or wet, different CPs), whose transitions, that is,
the change from a certain CP state into another
(e.g., from CP1 to CP2) occurring with certain (transition)
probabilities. Markov chains are frequently applied in
modelling and statistical downscaling precipitation
(e.g., Robertson and Smyth, 2003; Laux et al., 2009;
Greene et al., 2011). In this study, occurrence probabilities of the CPs are calculated. Moreover, their persistences and transition probabilities and their transition
pathways are derived. Graphically, a Markov chain can
be represented by a directed graph, which illustrates transition probabilities and pathways. The states are represented by vertices, and transitions are described by
arrows. The Markov chain is strongly connected if there
is a directed path from each vertex to every other vertex
(e.g., Gansner et al., 1993).

Explained variance of joint horizontal wind component at 700 hPa and geopotential (GP) at 1,000 hPa as a function of the
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|

Linking CPs to precipitation

In order to study the impact of the CP on the weather
state (i.e., wet or dry), the wetness index Iwet
(Bárdossy, 2010) is applied. It is defined as follows:
I weti ðCPÞ =

zd,i ðCPÞ
,
zd,i

ð6Þ

where zd,i(CP) is the normalized daily (d) precipitation
amount of a certain CP at station i and zd,i is the overall
mean daily precipitation amount at station i,
irrespectively of the prevailing CP. The wetness index
thus offers one possibility to compare the clusters
with respect to their precipitation amount (wetness)
between different locations (stations). A value higher
than unity of any given CP means that the CP is
much wetter than the average precipitation, and a
value significantly smaller than unity that the CP is
much drier than the average precipitation at this station. In turn, a value around unity means that the CP

is representing normal, that is, approximately average
conditions.
Another possibility to link the CPs to the weather
state is to analyse the CP-conditional cumulative density
functions (CDFs). This indicates whether or not the different CPs have discriminative power to describe the
weather state, and thus can be applied in applications
such as bias correction or statistical downscaling.

4 | RESULTS
In the following, the derived CPs are grouped according
to their major atmospheric conditions. The CP are then
described according to their major characteristics and
their relation to wet and dry states in NEB, as analysed
based on the wetness index Iwet. Then, the occurrence frequencies, the persistences, and the transition pathways
and -probabilities of the CPs are analysed. Finally, the
value of the classification is discussed with respect to the
development of a CP-conditional bias correction.

F I G U R E 7 Cluster centroids of
geopotential (GP) at 1,000 hPa
(m2s−2) of the selected 11-clustersolution

LAUX ET AL.

11

4.1 | Circulation patterns (CPs) of the
cluster solution
The classification scheme is based on the dominant centers of GP1,000 within the domain (Figure 7), which are
virtually existing only in the southern, that is, the subtropical part of the domain. The CPs can be grouped into
three major groups (A, B, C), corresponding to a CP with
a clear contrast between a maritime High- and a continental Low-pressure system (group A), a CP with a

TABLE 3

maritime High and continental ridge (group B), and a CP
with a High pressure bridge (group C). The clusters can
then be further subdivided according to the magnitude/
degree of the derived groups (Table 3) as well as in combination with UWND700, as shown in Figure 8. Thus, in
this study, we combined atmospheric information from
lower (1,000 hPa) and middle troposphere (700 hPa),
which is often seen as more credible for, for example,
determining convective events, caused by high reaching
clouds (e.g., Dayan et al., 2012). Since the grouping is

Unique character combination consisting of a 6-character string to label and characterize the derived CPs based on the

GP1,000 field
Position in name string

Abbreviations

1. & 4.

m: Maritime

c: Continental

b: Bridge

2. & 5.

H: High

L: Low

E: Extension

3. & 6.

w: Weak

m: Moderate

s: Strong

Note: Positions 1 & 4 define the position of the Centre of action, 2 & 5 the group or type of the Centre of action, and 3 & 6 their degree/magnitude. As an example, mHscLm means maritime High strong, continental Low moderate.

F I G U R E 8 Cluster centroids of
horizontal wind speed at 700 hPa
(ms−1) of the selected 11-clustersolution
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based on the atmospheric conditions and does not
include the local weather situation, it cannot be fully
avoided that wet and dry conditions can occur within a
certain group. Subsequent calculations are done based on
the individual 11 CPs.
In the following, the assignment of the 11 CPs to the
three groups is described and each CP is briefly
characterized:

FIGURE 9

4.1.1 | Group a: CP With a clear contrast
between a maritime high- and a
continental low-pressure system
• CP1 (mHscLm, maritime High strong, continental Low
moderate): CP1 (Figures 7a and 8a) is characterized by
a strong subtropical High over the South Atlantic,
which extends to the coastal regions of Central Brazil

Annual consideration of the wetness index (WI) for 30 selected stations based on the selected 11-cluster-solution

LAUX ET AL.
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and a continental Low over Southwest Brazil. Only
marginally differentiated GP1,000 fields prevail over the
Amazon and the equatorial Atlantic. The maximum
westerly flow of the UWND700 is in the coastal region
of South Brazil and the maximum easterly flow is in
the coastal region of the Amazon. This CP is linked
with wetness indices WIs ≈ 1 or smaller in NEB, which
leads to rather dry to average rainfall amounts
(Figure 9a).
• CP3 (mHmcLs, maritime High moderate, continental
Low strong): CP3 (Figures 7c and 8c) is characterized
by a relatively weak subtropical High over the South
Atlantic and a strong continental Low over Southwest
Brazil. Like for CP1, only marginally differentiated
GP1,000 fields prevail over the Amazon and the equatorial Atlantic. Overall, the horizontal wind component
is moderate and the westerly flows are shifted to the
Southwest of the continental region, the easterly flows
prevail over the Amazon and the equatorial Atlantic.
CP3 indicates rather wet conditions in NEB (WIs > 1),
see Figure 9c.

• CP5 (mHwcLs, maritime High weak, continental Low
strong): CP5 (Figures 7e and 8e) is characterized by a
subtropical High shifted far into the South Atlantic
and a strong continental Low over Southwest Brazil as
well as low pressure in front of the coast of southern
Brazil. In general, the magnitude of the GP1,000 fields
are low in magnitude and only poorly differentiated
over the Amazon and the Equatorial Atlantic. There is
a moderate westerly flow in front of the south Brazilian coast and over southern Brazil as well as a moderate easterly flow over the Amazon and the Equatorial
Atlantic. Similarly to CP3, CP5 indicates wet conditions (WIs >> 1, see Figure 9e).
• CP6 (mHmcLw, maritime High moderate, continental
Low weak): CP6 (Figures 7f and 8f) is characterized by
a moderately pronounced subtropical High shifted to
the South Atlantic and a weak continental Low over
Southwest Brazil. The GP1,000 fields are low in magnitude and only poorly differentiated over the Amazon
and the Equatorial Atlantic. The maximum of the
westerly flow is in front of the coast of southern Brazil,

TABLE 4
Occurrence frequencies of CPs during the year of the selected 11-cluster-solution for the calibration period 1980–2009 and
the validation period 2010–2016 (in brackets)
J

F

M

A

M

J

J

A

S

O

N

D

4.4

5.7

3.2

4.7

8.5

13.3

9.9

14.6

20.7

23.8

11.4

4.5

(9.7)

(7.7)

(5.9)

(5.3)

(6.5)

(7.8)

(8.3)

(9.3)

(11.2)

(12.8)

(12.7)

(12.2)

9.8

13.3

25.4

21.6

11.8

0.6

0.2

0.1

2.1

6.6

9.6

11.8

(7.8)

(8.4)

(11.7)

(14.4)

(13.0)

(11.3)

(9.6)

(8.4)

(7.7)

(7.4)

(8.2)

(8.1)

24.6

18.4

12.9

10.4

4.8

0.3

0.6

0.8

2.0

13.8

27.7

30.3

(26.3)

(31.6)

(25.3)

(21.5)

(17.8)

(15.2)

(13.1)

(11.5)

(10.4)

(10.6)

(12.0)

(13.5)

0.3

2.0

1.2

5.6

19.2

12.8

8.2

8.4

13.0

5.2

1.8

0.1

(0.5)

(0.5)

(1.7)

(3.3)

(7.2)

(7.6)

(7.7)

(7.8)

(8.0)

(7.9)

(7.4)

(6.8)

24.9

15.3

14.5

5.9

2.3

0.4

0.0

0.1

1.0

5.3

17.1

24.5

(14.7)

(12.8)

(11.6)

(9.1)

(7.3)

(6.1)

(5.2)

(4.5)

(4.1)

(4.5)

(5.6)

(7.6)

22.4

21.2

13.2

8.9

5.3

3.8

4.0

2.3

5.6

10.6

12.2

16.8

(25.3)

(19.8)

(19.1)

(15.9)

(13.4)

(12.0)

(10.5)

(9.3)

(8.8)

(8.8)

(8.6)

(9.5)

0.0

0.0

0.0

0.0

3.0

11.0

21.9

17.3

7.4

0.8

0.0

0.0

(0.0)

(0.0)

(0.0)

(0.0)

(0.7)

(3.2)

(6.1)

(7.8)

(8.1)

(7.2)

(6.6)

(6.0)

1.2

2.2

2.8

9.8

20.4

19.0

11.0

10.2

16.8

13.0

3.0

1.5

(1.4)

(0.7)

(2.8)

(4.4)

(8.3)

(9.7)

(9.5)

(9.4)

(9.9)

(10.1)

(9.5)

(8.8)

CP9

0.1

0.0

0.1

0.3

5.0

19.1

23.4

30.4

18.7

7.1

0.9

0.2

(0.5)

(0.2)

(0.3)

(0.2)

(0.8)

(2.9)

(6.8)

(9.5)

(10.8)

(10.4)

(9.6)

(8.8)

CP10

0.0

0.0

0.0

0.9

4.1

17.0

20.2

14.9

7.3

1.2

0.1

0.0

(0.0)

(0.0)

(0.0)

(0.0)

(0.4)

(3.2)

(5.1)

(6.8)

(6.7)

(6.1)

(5.6)

(5.1)

12.3

21.8

26.7

32.0

15.5

2.7

0.5

0.9

5.4

12.8

16.2

10.2

(13.8)

(18.3)

(21.5)

(25.8)

(24.6)

(21.1)

(18.1)

(15.9)

(14.3)

(14.2)

(14.2)

(13.6)

CP1

CP2

CP3

CP4

CP5

CP6

CP7

CP8

CP11

Note: Frequencies >20% are bolded.
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and a weak maximum of the easterly flow prevails in
the region of the Amazonian coast. CP6 shows WIs > 1,
and thus rather wet conditions in NEB (Figure 9f).

4.1.2 | Group B: CP With a maritime
high and a continental ridge
• CP2 (mHwcLw), maritime High weak, continental
Low weak: CP2 (Figures 7b and 8b) CP2 shows
WIs >> 1 and leads to wet conditions in NEB
(Figure 9b).
• CP7 (mHscEs, maritime High strong, continental Extension strong: CP7 (Figures 7g and 8g) is characterized by
a pronounced subtropical High over the South Atlantic
extending to continental continental South Brazil. The
magnitude of the GP1,000 field is high, but poorly
differentiated over the Amazon and the Equatorial
Atlantic. The westerly flow is weak and shifted to the
South. The easterly flow has a pronounced maximum
over the Amazon. This CP, in general, can be linked to
dry conditions (Figure 9g).
• CP8: mHmcEm, maritime High moderate, continental
Extension moderate: CP8 (Figures 7h and 8h) captivates with a moderately pronounced subtropical extending to continental continental South Brazil. The
magnitude of the GP1,000 is relatively high, but only
poorly differentiated over the Amazon, the Equatorial
Atlantic and Southwest Brazil. CP8 is linked to normal
(average) conditions in NEB (WIs ≈ 1), see Figure 9h.
• CP9: mHscEm, maritime High strong, continental
Extension moderate: CP9 (Figures 7i and 8i) is characterized by a pronounced subtropical High with the
maximum over the South Atlantic and a high-pressure
ridge over Central Brazil. In general, the GP1,000 is relatively high, but poorly differentiated over the Amazon,
the Equatorial Atlantic and Southwest Brazil. The
westerly flows are moderate with their maximums
shifted to Southwest Brazil. The easterly flows are pronounced and have their maximums over the Amazon.
CP9 is linked with anomalous dry conditions
(WIs << 1, see (Figure 9i).
• CP11: mHwcEw, maritime High weak, continental
Extension weak: CP11 (Figures 7k and 8k) shows a subtropical High over the South Atlantic, extended to continental southern Brazil. In general, the GP1,000 fields
shows low values and is only poorly differentiated over
the Amazon, the Equatorial Atlantic and Southwest
Brazil. The westerly flow is weak only and the maximum is shifted to the South Atlantic. The easterly flow
is moderate with its maximum shifted to the Equatorial Atlantic. CP11 brings wet conditions to NEB
(Figure 9k).

4.1.3 |
bridge

Group C: CP with a high-pressure

• CP4 (bHw, bridge High weak): CP4 (Figures 7d and 8d)
is characterized by a moderate subtropical High over
the South Atlantic and a pronounced continental High
over Southwest Brazil. There is a tendency for a highpressure bridge formation over the coast of Central
Brazil and a lower GP1,000 in the coastal region of
South Brazil. Overall, only moderate and poorly differentiated GP1,000 fields over the Amazon and Equatorial
Atlantic prevail. The maximum of the westerly flows is
shifted to the South Atlantic and the easterly flow is
moderate and has its maximum over the eastern equatorial Atlantic. CP4 can be linked with dry conditions
(Figure 9d).
• CP10 (bHs, bridge High strong): CP10 (Figures 7j and
8j) can be described by a strong high-pressure bridge
with its two maximums over the South Atlantic and

TABLE 5
Average persistence (days) of the CPs for the
selected 11-cluster-solution for the calibration period 1980–2009
and the validation period 2010–2016 (values for the dry and the wet
season are in brackets)
CP

Calibration (1980–2009)
(wet, dry)

Validation (2010–2016)
(wet, dry)

CP1

1.9

2.1

(1.7, 2.0)

(2.1 2.1)

1.9

2.0

(1.9, 1.7)

(2.0, 1.9)

2.1

2.2

(2.1, 1.7)

(2.3, 1.7)

1.6

1.8

(1.3, 1.6)

(1.4, 1.8)

2.6

2.9

(2.7, 1.8)

(3.0, 2.0)

1.7

1.9

(1.9, 1.4)

(2.1, 1.4)

2.8

2.6

(−, 2.7)

(−, 2.6)

1.8

1.8

(1.6, 1.8)

(1.8, 1.7)

2.4

2.2

(1.5, 2.4)

(1.3, 2.2)

CP2

CP3

CP4

CP5

CP6

CP7

CP8

CP9

CP10

CP11

2.0

2.0

(1.3, 2.0)

(1.0, 2.0)

2.0

1.9

(2.1, 1.6)

(2.0, 1.6)
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Southwest Brazil. The GP1,000 has relatively high
values, but is poorly differentiated over the Amazon
and the Equatorial Atlantic. The westerly flows are
strong and have their maximum in front of the coast of
South Brazil. The easterly flow is also strong with its
maximum over the Amazon. For most of the stations,
CP10 is linked with weakly dry conditions (Figure 9j).

exclusively during the dry season. CP5 virtually does not
occur during the dry season. This indicates that the identified cluster solution based on the atmospheric fields is
potentially able to discriminate between dry and wet
states in NEB.

4.2.2 |
4.2 | Seasonal consideration of selected
features of the CPs
In semi-arid regions such as the NEB with a distinct dry
and rainy season during the year, one would expect a certain level of discriminative power of the classification
based on a seasonal consideration. The applied classification is thus being separately analysed for the rainy season
from November to April, and the dry season from May to
October by considering the occurrence probability, the
persistence as well as the spatial distribution of the wetness index:

4.2.1

|

Occurrence probability of CPs

In the 11-cluster-solution, it is found that the occurrence
of certain CPs heavily depends on the time of the year
(Table 4). While some of the CPs predominantly occur
during the rainy season (CP2, CP3, CP5, CP6, CP11),
others like CP1, CP4, CP7, CP8, CP9, CP10 predominantly occur during the dry season. CP7, CP9, and CP10
are typical dry season patterns and occur nearly

F I G U R E 1 0 Directed graph of
the selected 11-cluster-solution w/o
discrimination between wet and dry
season. The arrows represent the
transitions from a certain CP to
another, and the colours of the
arrows represent the corresponding
transition probabilities

Persistence of CPs

Overall, the mean persistence of the classified CPs is
about 2.1 days with a standard deviation of 0.4 days for
both, the calibration and the validation period (Table 5).
This indicates that the obtained results are robust for
independent periods.
However, the persistences vary for the dry and the
wet season. Average over all CPs, the differences of the
mean persistences between dry and wet season is about
0.5 days. This is true for both, the calibration and the validation period. However, there are large discrepancies for
different CPs. While the differences can be approximately
0.9 days (for calibration period, and even 1.0 day for the
validation period) for CP5 and CP9, only small differences can be found for CP2 and CP8 (0.2 days for calibration, 0.1 days for validation).

4.2.3 |

Transition probability of CPs

Based on Markov chains, the directed graph of the CPs of
the 11-cluster-solution is calculated using the transition
matrices (Figure 10). This figure represents the state
changes from one CP to another for the whole year as
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well as the corresponding transition probabilities, coded
as colours of the arrows. It can be seen that the graph is
strongly connected, that is, most of the states (CPs) are
connected to each other. On the other hand, it can be
seen that some of the transition probabilities from some
CPs to others are increased. This includes, for example,
the transitions from CP4 to CP8, from CP7 to CP9, or
from CP10 to CP7. This goes along with physically plausible transitions, that is, sequences from one CP to another.
The transitions from CP4 to CP8 and CP10 to CP7 are

LAUX ET AL.

essentially comparable shifts of patterns. In both cases a
high-pressure bridge pattern transitions into a single but
large high-pressure field pattern. The main difference
between these transitions is the intensity of the starting
high-pressure bridge and the resulting single highpressure field. CP4 is essentially a less intense CP10 and
CP8 is a less intense CP7, so the CP4 to CP8 transition
can simply be considered as equal to the CP10 to CP7
transition under less intense pressure fields. The CP7 to
CP9 transition reflects a change from the strongest single

F I G U R E 1 1 Directed graph of
the selected 11-cluster-solution for
the wet (top) and the dry season
(bottom). The arrows represent the
transitions from a certain CP to
another, and the colours of the
arrows represent the corresponding
transition probabilities
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high-pressure field pattern into a less intense version of
itself. Since all of these before mentioned transitions are
from one high-pressure state into another and occur in
an area considered as part of the subtropical highpressure area resulting from the tropical circulation, the
increased transition probabilities are considered as plausible. A direct transition into a non-high pressure CP
would imply the occurrence of a sudden change of the
whole tropical circulation, which can be considered as a
low-probability event. The CP10 to CP7 and the CP7 to
CP9 transitions described above are a sequence of high-

FIGURE 12

probability transitions. Due to their high-occurrence
probabilities and the fact that these CPs are considered as
dry CPs (with a low WI) this sequences in particular
might be a valuable for future research on drought
prediction.
The directed graphs differ significantly for the different seasons (Figure 11). For the wet season (Figure 11,
top), the graph is less connected compared to that of the
dry season (Figure 11, bottom). This is due to the fact that
CP7 virtually does not occur during the wet season. In
addition, some of the transitions occur only in one

Dry season consideration of the wetness index (WI) for 30 selected stations based on the selected 11-cluster-solution
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direction. This is the case for the transition from CP10 to
CP8 as well as from CP9 to CP3.

4.2.4

|

Wetness indices of CPs

The wetness indices (WIs) without discrimination
between wet and dry season is already described in combination with the occurrence of the different CPs.

Figures 12 and 13 depict the WIs for 30 different stations
in NEB, separately for the dry and the wet season in the
calibration period. One can see that CP4 shows extraordinary high values of WI (WI >> 1) during the dry season,
but also enhanced values for CP2 and CP5, and for fewer
stations also for CP11. During the wet season, on the
other hand, CP4 leads to very dry conditions for all stations. CP7 does not occur and CP10 shows a highly variable pattern, which is related to the very small number of

F I G U R E 1 3 Wet season consideration of the wetness index (WI) for 30 selected stations based on the selected 11-cluster-solution.
Please note that CP7 (shown in subplot g) does not occur during the wet season

LAUX ET AL.
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F I G U R E 1 4 Empirical
cumulative distribution function of
the selected 11-cluster-solution for
one arbitrarily selected precipitation
gauge in the region

frequencies during the rainy season. In this case, few
rainfall occurrences may cause very high WIs. For the
remaining CPs, WIs slightly larger than unity are found.
For both, the dry and the wet season, no clear spatial patterns of the stations across the NEB as, for example,
related to topography for any given CP is found. The
results are very similar and could thus be confirmed for
the validation period (not shown).

4.2.5

|

CDFs of CPs

The required level of discriminative power of the identified CPs is assessed for one arbitrarily selected precipitation gauge in the region. The empirical cumulative
density function is shown for the different CPs for the
annual consideration (Figure 14). It can be seen that wet
CPs (e.g., CP2, CP3, CP5, CP6, CP11) exhibit a different
shape compared to the remaining CPs that are linked to
dry situations. This, in combination with different bias
correction approaches, such as quantile mapping, potentially allows to derive transfer functions with a higher
performance.

5 | DISCUSSION AND
C O N C L U S IO N S
A semi-objective circulation pattern classification has been
performed and analysed for the semi-arid NEB region. In

this study, we followed a typical “circulation to environment” approach, in which the CP classification (here: the
SANDRA algorithm) is performed as a separate step that
typify significant modes of the atmospheric circulation.
After the classification, the CPs are linked to environmental
phenomena at surface, such as heavy precipitation events
causing high-runoff episodes (e.g., Prudhomme and
Genevier, 2011; Wypych et al., 2018; Bednorz et al., 2019) or
droughts (e.g., Dayan et al., 2012; Burgdorf et al., 2019).
Although the classification algorithm per se is objective, a lot of subjective decisions have to be met and may
heavily impact on the results. The decisions comprise the
selection of suitable predictor variables, the domain size
and -location, the number of cluster centroids, and
others. Therefore, tremendous efforts have been made for
predictor screening and domain settings, making this a
valuable base for further studies in NEB. For NEB, the
only available study on circulation pattern classifications
the authors are aware of is Robertson et al. (2004). In our
study, for instance, it is found that near surface pressure
patterns, such as MSLP and GP, reveal better classification performances, expressed as total explained cluster
variances, when combined with upper level variables,
such as the horizontal wind component.
It is stressed that also the grouping of the CPs is based
on subjective decisions, and these decisions are based on
the atmospheric conditions exclusively, which means
that the observed weather states at surface have not been
considered. However, the discriminative power of the
resulting groups confirmed their potential applicability: it
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is found that group A (CPs 1, 2, 3, 5, 6) is the wettest
(WI = 1.19 on average for all stations), followed by group
B (CPs 7, 8, 9, 11) with an average WI = 0.82, and group
C (CPs 4, 10), with an average WI = 0.70 (not shown).
Other grouping approaches, for example, by considering
the wetness index would possibly lead to different groups.
For the case of this study, CP1 could be (re-)grouped into
group B and CP11 into group A, thus increasing the differences in the WIs between both groups and better discriminating between dry and wet conditions in NEB. In
this study, however, it is intentionally decided to group
due to the atmospheric conditions exclusively. Moreover,
it is worth mentioning that the grouping has been performed only to aid interpretability of the results, all considerations for potential applications are done based on
the 11 individual CPs.
The findings of this study open various avenues for
applications in water resources management in NEB, such
as a tool for statistical downscaling of GCMs based on CPs,
or a CP-conditional bias correction algorithm of RCM output. Therefore, one may capitalize on the fact that a typical
“wet” CP has a different precipitation distribution in time
and space compared to a “dry” CP, which has been demonstrated in this study. This may finally lead to more efficient
and robust model corrections when compared to those
using the full distribution for correction. A correction based
on separate months does usually implicitly accounts for
this, however, this may not be a suitable solution when the
same transfer functions are applied in future climate impact
studies since the timing of seasons might shift (Wetterhall
et al., 2012). As such, a CP-conditional bias correction
approach can be seen as one potential solution to partly
overcome the caveats due to the stationary assumptions,
which exist for other bias correction approaches.
In addition to that, the CP classification can also be
used to study drought dynamics in the region. Global
warming may not only amplify drought duration and
severity, but possibly changing drought dynamics in complex ways (Burgdorf et al., 2019). Although droughts are
recurrent phenomena (Marengo et al., 2017), the recent
multi-annual drought from 2012 to 2018 might be an
indication for a change in the drought dynamics in NEB.
Since droughts in NEB are known to be linked to the SST
anomaly patterns in the Atlantic, the Pacific, and to a lesser
extent in the Indian Ocean (e.g., Ward and Folland, 1991;
Hastenrath, 2012; Costa et al., 2018), future works can focus
on drought prediction using CP classification based on SST
as predictor. Due to the strong link between SST anomalies
and MSLP patterns, the presented SANDRA classification
can also be tested for other domains covering also parts of
the Pacific or the Indian Ocean. As suggested by the
results of this study, near surface pressure patterns, such as
MSLP or GP, reveal better classification performances, when
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combined with upper level variables, such as the horizontal
wind component in 700 hPa. The choice of the low-level variable, that is, if the GP1,000 or the MSLP is applied, does not
affect the overall classification performance.
The development of statistical downscaling or CPconditional bias correction approaches for NEB is beyond
the scope of this paper, however, will be subject of further
studies. Different characteristics with respect to occurrence,
persistence, and transition probability during the dry and
the wet season are promising indicators for discriminative
power of the identified CPs. Therefore, it will be evaluated to
which extend the occurrence- and transition probabilities as
well as persistences of the CPs may help to improve statistical downscaling- and bias correction approaches. Finally,
another classification strategy following the “environment
to circulation” approach can be applied, in which the CP
classification is considered along a specific environmentbased criteria set for a particular phenomenon, such as a
drought or a flood (Dayan et al., 2012). An example is the
classification of Bárdossy and Pegram (2012).
If the focus is on drought prediction, the presented
CP classification approach itself can be further improved
by including information about the local weather state
(e.g., precipitation) in the classification approach directly
(Bárdossy, 2010). This is subject of ongoing research and
may lead to better results.
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