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Abstract: The knowledge of rainfall regimes is a relevant requirement for many activities
such as water resources planning, risk management, agriculture activities management,
and other hydrologic applications. The present study has consisted of validating
four techniques (one linear, one non-linear, and two hybrids) that allow identifying
homogenous regions. We take the monthly rainfall in the Southwestern Colombia
(Narifo), an area of 33,268 km” characterized by complex topography and local factors that
can influence the rainfall behavior, to test all techniques. The results showed overall the
best performance for the approach related to non-linear principal component analysis
and self-organizing map. However, in all mainly prevail two regions: the Andean Region
and Pacific Region with a bimodal and unimodal regime, respectively. The bimodal one
dominates over the Andes mountains range and the unimodal one the coastal zone. The
application of non-linear approaches provided a better understanding of the seasonality
of rainfall, and the results may be useful for water resource management.

Key words: rainfall, regionalization, Principal Component Analysis (PCA), Hierarchical
Clustering Analysis (HCA), Non-Linear Component Analysis (NLPCA), Self-Organizing Map

(SOM).

INTRODUCTION

Rainfall is one of the meteorological variables
that deserve further study in tropical areas due
to it is the primary water source for agriculture
activities, varies over space and time, and can
be a good indicator of climatic variability. The
physics of the rainfall formation process is
complexand has no accuracy about its formation
and forecasting (Ramirez et al. 2005). The need
to understand the distribution, intensity, and
frequency of rainfall in different regions, has
promoted the delineation of homogeneous
rainfall zones as a fundamental step in their
analysis (Mannan et al. 2018) through cluster
analysis. Cluster analysis or “clustering” is
a technique used for grouping data points,
objects, or vectors with similar properties and

features; nevertheless, the clusters are different
from each other (Gocic & Trajkovic 2014).

The cluster analysis on rainfall is a complex
process due to dynamism and non-linearity at
spatial and temporal scales. For this reason,
different methods have been used such as (i)
correlation analysis (Shen 2019, Seo et al. 2019),
(ii)Principal Component Analysis (PCA) (Asong
et al. 2015, Guzman 2016), (iii) spectral analysis
(Magallanes et al. 2015), (iv) Hierarchical Cluster
Analysis (HCA) (Santos et al. 2015), (v) PCA in
combination with HCA (Satyanarayana and
Srinivas 2011, Gocic & Trajkovic 2014, Fazel et al.
2018, Raziei 2018), and the over the last decades
(vi) Kohonen Self-Organizing Maps (SOM) (Lin &
Chen 2006, Farsadnia et al. 2014, Rau et al. 2017,
Mannan et al. 2018, Markonis & Strnad 2019).
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These methods allow the rainfall
regionalization, through the identification
of clusters with similar features of rainfall,
to facilitate the research of regional climate
variables, to improve our understanding about
aspects linked to climatic variability (Wong et al.
2016), the dynamics of water balance at several
scales (Rau et al. 2017), to bring support in the
decision making in water resource management
(Guerrero et al. 2006), to the planning of
agriculture (Satyanarayana & Srinivas 2008), and
for rainfall forecasting (Asong et al. 2015).

According to Srinivas (2013), rainfall
regionalization is a relevant process in places
with high spatial and temporal variability to
obtain an adequate analysis of rainfall patterns
and temporal scales. Colombia requires a
detailed analysis of its hydro-climatology due
to its complex orographic features imposed
by the Andes Mountain Range (Garreaud et al.
2009, Poveda et al. 2020), and its hydroclimatic
conditions (Poveda et al. 2011, Poveda 2004). The
large-scale hydrometeorological phenomena
with the most influence over Colombian territory
include EL Nino-Southern Oscillation (ENSO)
(Poveda et al. 2006, Puertas & Carvajal 2008,
Poveda et al. 2011), the Atlantic Multidecadal
Oscillation (AMO) (Cerdn et al. 2020), and the
Pacific Decadal Oscillation (PDO) (Poveda 2004,
Ceron et al. 2020).

Furthermore, the rainfall variability in
Colombia is strongly modulated by inter-
seasonal mechanisms like the Intertropical
Convergence Zone (ITCZ) (Poveda & Mesa 1997,
Poveda et al. 2006), the Choco low-level jet (C))
(Hoyos et al. 2018, Yepes et al. 2019, Serna et al.
2018), the Caribbean low-level jet (Arias et al.
2015, Serna et al. 2018), the Panama jet (Yepes et
al. 2019), Easterly Waves (Dominguez et al. 2020),
Mesoscale Convective System (Jaramillo et al.
2017), and the advection from the Amazon and
Orinoco Basins (Poveda et al. 2006).
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Considering the aforementioned
mechanisms is relevant to highlight the ITCZ, and
the CJ, which exerts a strong modulation over the
Colombia hydroclimatology. According to Poveda
& Mesa (1997), and Poveda et al. (2006), the ITCZ
meridional migration represents the principal
factor driving the annual cycle across Colombia.
The double passage of ITCZ during the austral
and boreal summer over Colombia establish a
bimodal annual cycle in western and central
Colombia, featuringtwo wet seasonsfrom March-
May (MAM) and September-November (SON),
and two dry seasons from December-February
(DJF) and June-August (JJA). Also noteworthy is
the CJ, a southwesterly circulation pattern acting
over the eastern tropical Pacific, where moisture
is form transported from the Chilean coast to
the Colombian Pacific coast (Hoyos et al. 2018,
Yepes et al. 2019). Upon entering the continent,
the CJ is lifted by the orography of the Western
Cordillera of the Colombian Andes, interacts with
the trade winds, and contributes to enhancing
deep convection (Jaramillo et al. 2017, Bedoya-
Soto et al. 2019). CJ exhibits an annual cycle, with
strengthening during SON with speeds varying
between 5 and 7 m.s”, and weakening during
MAM, which is no more than 3 m.s™. Thus, C
modulates the wet season over western and
central Colombia, mainly during SON (Poveda &
Mesa 2000, Serna et al. 2018, Ceron et al. 2020).

Several studies in Colombia show the
implementation of rainfall regionalization
techniques with different purposes such as the
determination of the incidence of the El Nino
and La Nina phenomenon on crop productivity
(Barrios, unpublished data), the establishment
of modes of climatic variability (Carmona
& Poveda 2012, Canchala et al. 2020), the
identification of seasonal and temporal monthly
rainfall variability (Guzman et al. 2014, Carvajal &
Segura 2004, Estupinan 2016), and the estimation
of missing data (Samuel et al. 2011). However,
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there are no specific studies about monthly
rainfall in Southwestern Colombia (Narifo),
despite this area has a complex topography and
is located in a geostrategic position between
the Colombian-Ecuadorian border, the Tropical
Pacific Ocean and the Andes Mountain Range of
South America.

Since rainfall are intrinsically dynamic and
stochastic, we raise two objectives. First, to
compare four techniques for monthly rainfall
regionalization in Narino for the period 1983-
2016: a representative traditional linear
approach PCA+HCA, a non-linear combination
of Non-Linear Principal Component Analysis-
NLPCA+SOM, and two-hybrid ones (PCA+SOM
and NLPCA+HCA). Second, to identify spatial
distribution and seasonality of the monthly
rainfall. The section below presents the details
of the study area and data, followed by the
description of the applied methods and the
results and discussion. Finally, the conclusions
and future directions are presented.

STUDY AREA AND DATA

Study area

The study area lies in Southwestern Colombia
(Narino)inthe south of Colombian Biogeographic
Choco, (Figure 1). This region covers an area of
33,268 km? is crossed by the Andes Mountain,
and is near to the Pacific Ocean.

Rainfall datasets

Series of monthly rainfall with 34 years
of observation between 1983 and 2016
corresponding to forty-five rainfall-gauge
stations located in different zones in Narino,
provided by Instituto de Hidrologia, Meteorologia
y Estudios Ambientales (IDEAM) of Colombia,
are part of this study (Figure 1). Descriptive
statistical details of each rainfall gauge station

RAINFALL REGIONALIZATION IN SOUTHWESTERN COLOMBIA

are available in Table | registered by Canchala et
al. (2019).

Pre-processing

Filling missing data

The estimation of these missing data was
possible through Artificial Neural Networks
(ANN), according to the method proposed
by Scholz et al. (2005). This method uses the
inverse model of the NLPCA technique using a
reconstruction function @, which is performed
by a feed-forward network. The goal of this
function is generating data X that approximates
the target data X by minimizing the squared
error X-X*.The work from Canchala et al. (2019)
details this procedure for the same period’s
gauge-stations. After completing this procedure
for each series, the Root Mean Square Error
(RMSE) helps to evaluate the accuracy of the
estimate method

1 n

RMSE = ;Z(ei—o,)z Eq. 1
i=1

where e is the estimated value, o indicates the

observed value, and n refers to sample size.

Data consistency analysis

Using Pearson’s correlation coefficient (CC),
we obtained a consistency analysis of the
45 monthly rainfall time-series datasets. The
CC was used to quantify the correspondence
between gauge stations and identify gauge
stations anomalous. CC varies from -1to 1 being
the maximum the perfect positive correlation.
For the present research work, the statistical
significance was determined by the Student’s
t-test for a confidence value a=0.05.

Transformation of data

Before to cluster analysis through the different
methodologies, the rainfall observation r
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Figure 1. The geographic location of the study area and distribution of rainfall gauge stations.

of station j at a time i is transformed into a

standard score using:

z =Tl Eq. 2
ij b

S

where 7 and s; are the average and standard
deviation of rainfall data of station j, respectively.

MATERIALS AND METHODS
Methods applied

Principal component analysis

PCA is a widely used linear statistical procedure
that seeks to reduce the number of components
from a climatological rainfall database. These

components correspond to the uncorrelated
orthogonal base (Principal Components - PCs)
(Mir6 et al. 2017). PCA calculates the eigenvectors
and eigenvalues from the correlation matrix. The
eigenvectors provide information concerning
the weight that the original data have in the
recent-formed components, and the eigenvalues
give the value of the explained variance of each
new variable (Martins et al. 2012). Besides, PCA
provides the PCs sorted in descending order of
importance.

In this work, the PCs (u) are linear
combinations of the standardized rainfall
F'=F-F, where the data matrix includes N
columns (stations), and M rows (monthly rainfall
values).
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u=E"F' Eq. 3

The columns of the orthogonal matrix E are
the eigenvectors, well-known as empirical
orthogonal functions. The superscript T
indicates the transpose operation. Every PC
depicts a percentage of the total variance in F
that is proportional to its eigenvalue (ToSi¢ et
al. 2016). The Kaiser Meyer-Olkin (KMO) statistic
helps to test the quality of the obtained PCs,
which compares the magnitude from both
the correlation and the partial correlation
coefficients. Its index varies between 0 and
1, and the assumption of multicollinearity is
accepted when KMO > 0.5 (Sheskin 2003). The
PCs with eigenvalues beyond one were selected,
as suggested by Jolliffe (1986) and Preisendorfer
(1988).

Non-linear principal component analysis

NLPCA is developed as a non-linear
generalization of the classic PCA method (Hsieh
2001), considering the PCA limitations when it
involves non-linear processes (Miro et al. 2017).
NLPCA operates by training a feed-forward
neural network to perform the identity mapping,
where the network inputs and outputs are the
same. The neural network contains an internal
“bottleneck” layer that allows generating a
compact representation of the input data. This
method successfully reduces the dimensionality
and create a feature space map similar to the
actual distribution of the underlying system
parameters (Kramer 1991). In this method, the
PCs turn from the right lines to curves; therefore,
the subspace in the original data-space also is
depicted in a curved mode (Mird et al. 2017).
Details about the Neural Network model for
calculating NLPCA is available in Hsieh (2001)
and Scholz et al. (2008).

RAINFALL REGIONALIZATION IN SOUTHWESTERN COLOMBIA

Hierarchical cluster analysis

For clustering purposes, we use the HCA
with Euclidean distance measure for the
observations and Ward’'s method for the linkage
rule. According to Darand & Daneshvar (2014)
and Hershey et al. (2010), this fusion results in
the most distinctive clusters. Therefore, for the
first stage of the clustering process, which is
the estimation of similarity (or dissimilarity), we
used Euclidean distance. The Euclidean distance
between two elements X=[X, X, .., X ] and Y=[Y,
Y, ... Y lis defined by

n

dy =X =E) + (=1 (X, -1 = (Y (X -¥)

i=1

Eq. 4

where, X.and Y, are the elements to be compared,
which in this study are the standardized rainfall.
Euclidean distance is the most commonly
used measure, although many other distance
measures exist (Gong & Richman 1995).

The second step is to define the clustering
method. This study chose Ward’'s method
because it has been the clustering technique
most used in climate regionalization (Fazel et al.
2018). Overall, it outperforms other algorithms in
terms of segregation, providing relatively dense
groups with minimums within-group variance.
Ward’s method recognizes the minimum variance
within groups, joining elements with a minimal
sum of squares between them (Hervada-Sala &
Jarauta-Bragulat 2004, Santos et al. 2015).

Self-organizing maps

SOM is a non-linear method that allows the
clustering, visualization, and abstraction of
complex data. SOM is a type of ANN trained using
unsupervised learning. SOM approximates the
probability density function of the input data
by an unsupervised learning algorithm, with
properties of neighborhood preservation and
local resolution of the input space proportional
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to the data distribution (Kohonen 2001, 1982).
SOM is composed of two layers: an input layer
composite by a set of nodes, and an output
layer composite by nodes ordered in a two-
dimensional grid (Figure 2) (Hsu & Li 2010). Each
node in the input layer is joined to all the nodes
in the output layer by synaptic links. Each output
node has a weight vector W linked with the input
data, which establishes a relationship between
the feature vector and the cluster of feature
vectors (Farsadnia et al. 2014). Due to its unique
ability to locate a pattern even in complicated
structures and the non-linear characteristics of
climate, in the last years, SOM has become in
a clustering method of hydroclimatic variables
with promising results (Hsu & Li 2010, Nourani et
al. 2012, Farsadnia et al. 2014, Agarwal et al. 2016,
Mannan et al. 2018, Wang & Yin 2019).

Classification and regionalization process

Classification and regionalization process follows
four techniques i) linear approach (PCA+HCA), ii)
non-linear approach (NLPCA+SOM), iii), and iv)
hybrid approaches (PCA+SOM and NLPCA+HCA),
describes in next sections. The methodology is
composed of three steps summarized in Figure
3. The first step is the pre-processing, which
includes the estimation of missing data and the
consistency analysis using Pearson’s correlation
coefficients to identify atypical gauge stations
and discard the anomalous dataset. The second
step corresponds to the regionalization process,
which includes dimensional reduction (PCA or
NLPCA), clustering (HCA or SOM), validation, and
selection of the best method. The last one is
the spatial coherence verification and detailed
characterization of rainfall patterns for each
identified region.

Linear approach (PCA+HCA)

PCA,inassociationwithHCA,isthemostcommonly
used technique to identify homogeneous rainfall

RAINFALL REGIONALIZATION IN SOUTHWESTERN COLOMBIA

regions (Raziei et al. 2008, Darand & Daneshvar
2014, Gocic & Trajkovic 2014) having a notable
performance in the regionalization process. Both
methods are complementary: PCA can reduce
the dimensionality of data, and HCA classifies
sub-regions with similar rainfall features (Fazel
et al. 2018). To identify homogeneous groups
in our dataset following this technique, PCA
was used to reduce the dimensionality of the
dataset following Eq. (3). The KMO statistic
helps establish the quality of the retained
PCs, which are the inputs for the HCA. In the
HCA application, the Euclidean distance (Eq. 4)
measures the observations, and Ward’s method
is the linkage rule.

Non-linear approach (NLPCA+SOM)

Taking into account the advantages of non-
linear methods such as the increased power of
components coming from NLPCA (Hsieh 2001,
Scholz & Vigario 2002, Miro et al. 2017) and the
regardless the shape of SOM (Kohonen 2001,
Farsadnia et al. 2014, Wang & Yin 2019), we
considered combining NLPCA and SOM. NLPCA
was used to reduce the temporal dimensionality
of the dataset and SOM to capture a profile of the
homogeneousareasandtoobtainaclassification
of the gauge stations. The numbers of estimated
NLPCs are equivalent according to the number of
PCs established in a linear approach to be able
to make comparisons, and these NLPCs are the
inputs of SOM. We chose 25 outputs nodes map
(grid of 5 x 5 cells) to improve the visualization.
Since it occurs a random initialization of each
SOM, the results can be different. Therefore, 10
SOMs were trained for each realization, choosing
the one with the best result according to the
performance metrics.

Hybrid approach (PCA+SOM and NLPCA+HCA)

In the field of hydro-climatology, some studies
have applied hybrid techniques that use a
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Figure 2. SOM two-level architecture.

set of methods (Linear and non-linear) as
a way to improve results, due to these are
complementary. Mir6 et al. (2017) reported, in the
estimation of missing data, that the non-linear
computing (related to ANN or hybrid) is more
efficient than linear or traditional inferences,
Chen & Hong (2012) showed that PCA+SOM+L-
moments is a robust and effective technique
for regional rainfall frequency analysis. Chen et
al. (2011) demonstrated that combining PCA and
SOM is useful for the regionalization of design
hyetographs. In this research, we mixed linear
and non-linear methods to get two techniques:
PCA+SOM and NLPCA+HCA. The first step in each
approach corresponds to dimensional reduction
(PCA or NLPCA), while the second one is the
clustering (SOM or HCA) to build homogeneous
groups from the dataset. The results from the
first step are the inputs for the second one.

Validation and performance criteria

The statistical criteria applied to evaluate the
whole procedures were: the PCA and CC, the

RAINFALL REGIONALIZATION IN SOUTHWESTERN COLOMBIA

Exploratory data Exclude atypical
analysis raingauges

New Dataset

—{ Rainfall spatialization

v v v v

NLPCA+SOM J

I I I I

L | 1 |

I I I
v v v

Discriminant
analysis
| |

PCA + HCA PCA+SOM NLPCA+HCA

Clustering

Pearson
correlation

Smirnov

Validation

Test Kolmogorov -J

\ 4

Test Wilcoxon

Characterization of
rainfall patterns by
region ISpatial verification|

Figure 3. Flowchart of methodology.

Statistical
Analysis

Discriminant Analysis (DA), and the Kolmogorov-
Smirnov Test (K-S).

Principal component analysis and Pearson’s
Correlation

Before calculating the correlation analysis, PCA
was used to reduce the size of the time series of
rainfall in each obtained group. For this purpose,
the first orthogonal PCs were estimated for
each region to explain most of the variability
of the original variables with minimum loss of
information (Jolliffe & Cadima 2016). To examine
the dependence of the regional rainfall on
each other, we calculated CC of the first PCs per
region. Low correlation coefficients indicate that
the regional variations in rainfall are from afar
independent of each other (Li-Juan et al. 2009),
while values close to one indicate homogeneity
between regions. The significance of the
correlations was identified by the Student’s
t-test using the p-value for a 95% confidence
value (a=0.05).
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Discriminant analysis

DA is a supervised learning method that processes
a dataset with one classification variable and one
or more quantitative variables to describe them
(Toth 2013). The quantitive variables are also known
as discriminants. The DA is probabilistic, founded
on the presumption that the observation in the
class is caused by probability distribution specific
to the class f,(.). If 7, is the ratio of members of the
population that are in class k, Bayes's theorem says
that the posterior probability that an observation
y belongs to class R is:

o,/ ()

s i Eq.5
Zk:lrk‘fk (y)

Pr[yeclass j]=

Assigning y to the class to which it has
the highest posterior probability of belonging
minimizes the expected misclassification rate;
thisis called the Bayes classifier (Fraley & Raftery
2002). In the present research, the quantitative
variables describing each entity are the first PCs
or NLPCs of the monthly rainfall. The classes
are the cluster identified by the HCA or SOM
network.

Kolmogorov-Smirnov test

K-S test helps to evaluate the homogeneity
of the identified sub-regions; this is a non-
parametric statistical test that deduces whether
the subjacent distribution of two datasets is
significantly different (Raziei 2018, Shen et al.
2016). In this research, we used the K-S test to
deduce whether the monthly rainfall of different
regions identified in the cluster analysis is
statistically different.

Let F(x) and F(x) be two cumulative
distribution functions, the null hypothesis is:

H,: F(x) = F(x) for any x Eq. 6
The alternative hypothesis is:
H.: F.(x) < F,(x) for any x Eq.7
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Wilcoxon signed-rank test

We use the Wilcoxon signed-ranks test (Wilcoxon
1992) to establish the best regionalization
approach considering the results obtained in
the three performance criteria (CC, DA, and K-S).
Wilcoxon signed-ranks test is a non-parametric
alternative to the paired t-test, which ranks the
differences in performances of two classifiers for
each dataset, ignoring the signs, and comparing
the ranks for positive and negative differences
(Demsar 2006).

Spatial verification and analysis of monthly
rainfall

We verify the spatial coherence of stations
classified in each cluster by the stations’
localization on the department of Narino and
assigning different colors and symbols for each
one. This analysis allows the establishment
of geographic, bioclimatic, and ecosystem
coherence of identified regions, a relevant
processsincethe climateandrainfallin Colombia
are the result of the interaction of atmospheric,
biophysical, and geographic factors (Poveda
2004). The analysis of the annual rainfall cycle
was carried out with the identified regions
along with their spatial distribution. Finally, to
understand the influence of topography on its
behavior, a cross-sectional profile of the study
area was constructed with data obtained from
the Google Earth GIS (Wang et al. 2013).

RESULTS AND DISCUSSION

Overall pre-processing data

The results of the estimation of all stations’
missing data are available in Canchala et al.
(2019). The best outcome, obtained with [45-44-
45] nodes per layer, achieves an RMSE in the
imputation of missing data corresponding to 9.8
mm. month™.
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With the estimation of missing data, the
respective data consistency analysis was
carried out by CC for all observed monthly
mean time series of rainfall: The correlation
matrix presented (Figure 4) allows us to detect
the anomalous stations. The CC between
Monopamba (MON) gauge station and the other
44 stations are negatives and show a moderate
negative relationship, behavior different from
that recorded by the other stations.

Given the behavior of MON, the geographic
location, and the annual cycle of monthly rainfall,
we isolated it to know more about this gauge
station. MON is the only station of Narino found
on the eastern slopes of the Andes Mountain
Range, over the Amazon basin (See Figure 1). The
annual cycle rainfall showed a unimodal regime
(with one dry season and one rainy season)
with high rainfall from June to August (JJA) (See
Figure 5), coherent with Urrea et al. (2019). They
used series of daily rain from the IDEAM data
set and found that the unimodal regime occurs
in the Amazon region of Colombia. Due to MON's
rainfall regime is different from that registered
by the other 44 gauge stations, and trying to
define the best method of regionalization of
the monthly rainfall of Narino, we excluded the
MON gauge station from this analysis. MON is
the only station that exists in the Amazon region
of Narino and that during the clustering process
would lead to grouping itself in a separate
cluster. Therefore, in this study, the following
analyzes are performed with 44 gauge stations.

Rainfall classification

We performed a cluster analysis of the monthly
rainfall by applying four regionalization
techniques (PCA+HCA, PCA+SOM, NLPCA+HCA,
and NLPCA+SOM) on the 44 rainfall gauge
stations, previously selected. Each one forced to
obtain 2, 3, and 4 clusters.

RAINFALL REGIONALIZATION IN SOUTHWESTERN COLOMBIA

For reduction of dimensions in all
approaches were estimated PCs and NLPCs by
PCA and NLPCA, respectively. In the PCA, the
KMO index calculated for the monthly rainfall
series corresponded to 0.97, thus suggesting
that the dataset is suitable for PCA. According to
Diaz & Morales (2002), KMO Test > 0.6 is tolerable
for factor analysis purposes, due to the KMO
indicated high multicollinearity among the
monthly records of rainfall gauge stations. The
PCA results get five PCs with eigenvalues beyond
one, which explained 52%, 14%, 41%, 2.7%, and
2.5% respectively, i.e., 75.3% of the explained
variance. Otherwise, NLPCA was used to reduce
the dimensionality of the dataset to five NLPCs,
an equal number of components established in
the linear approach for comparison. To obtain
the NLPCs, we use a network with a [408-200-25-
5] topology and maximum iterations set at 7000.

In linear approach, HCA was applied to the
five PCs using Ward’s method and Euclidean
distance to obtain the regionalization of gauge
stations, whereas, for the non-linear approach,
SOM was applied to the five NLPCs for the same
purpose. According to Chen et al. (2011), if the
SOM-based clustering result is reasonable and
satisfactory, the cluster analysis is accepted. The
initial weight vector values in the input and the
hidden layers are random values between 0.0
and 1.0, and the learning-rate parameter begins
at 01 and ends at 0.01. For the hybrid approach,
SOM (HCA) receives the five PCs (NLPCs) from
performing the clustering process.

Table | present the results obtained with
all approaches with the number of gauge
stations per each Cluster (C). Figure 6 shows
the gauge station allocation considering the
regionalization process per technique.

The regionalization of the gauge station
in two clusters using four different techniques
showed results exactly alike using PCA+HCA,
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PCA+SOM, and NLPCA+SOM. These techniques
located the gauge stations contained in C1
(C2) on the west (east) that corresponds to
Pacific coastal (Andes Mountain) of Narifno.
This topographic condition can influence the
local climate and, therefore, the regionalization
process. Meanwhile, the result obtained by
NLPCA+HCA showed that C2's stations are over
the Andes Mountain and the Pacific coastal
plain, and the C1's stations are over the north of
the Pacific coastal plain.

The PCA+HCA gets three clusters by splitting
the eastern part of Narifo into two, C2 (C3)
located over the south (north) of the Andes
Mountain of Narino, and C1's stations are
located over Pacific coastal of Narino. In this
clustering process, there is no clear evidence
of a clear boundary between the regions C2
and C3. Meanwhile, the results obtained using
PCA+SOM and NLPCA+SOM were the same, by
splitting the coastal area of Narino into two,
encompassing C1 and C3 the north and south
of this area, respectively. Regard to the results
obtained by NLPCA+HCA, these were like the
described previously, with the difference that
in each group identified the number of grouped
stations differ (See Table I).

RAINFALL REGIONALIZATION IN SOUTHWESTERN COLOMBIA

Finally, the clustering of stations in four
clusters using the linear, non-linear, and hybrid
techniques showed different groupings (Figure
6). Although the number of stations contained
in each cluster is different, in the use of non-
linear and hybrid methods, the grouped gauge
stations located over the mountainous region of
Narino were the same. In contrast, the number
of gauge station groups of the Pacific coastal of
Narino corresponded to three, i.e., to the north,
center, and south of this region.

Conversely, the PCA+HCA results showed
that the grouped gauge stations of the Andes
Mountain of Narino were two but without a
clearly defined boundary between the two
zones. Here, C1 (C4) includes the north(south)
of the Pacific Coastal of Narifio, and C3 (C2)
corresponds to the north (south) of the Andes
Mountain of Narino.

Validation

In this research, we applied three performance
measurement metrics to evaluate if the
clustering process is adequate. Table Il shows
the performance of regionalization measured
through CC between the first PCs of each region
for two, three, and four groups. The results

Table I. Results of regionalization by linear, non-linear and hybrid approaches

Number of

clusters Name of cluster PCA+HCA
al 1
2
c2 33
(o 1
3 @) 5
3 27
al 5
Q2 17
4
C4 6
C: Cluster

PCA+SOM NLPCA+HCA NLPCA+SOM
1 7 1
33 37 33
5 7 5
33 32 33
6 5 6
5 5 5
32 32 33
6 2 2
1 5 4
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showed that when we compare the rainfall of
the clusters located on the Pacific coast and
the mountainous area of Narino, the CC is
low, meaning that the rains in these two areas
of Narino are heterogeneous. In contrast, the
results for three and four groups showed that
correlations between north and south of the
Pacific coastal and Andes Mountain of Narino
are high (i.e.,, the CC between C3 and C1 for
three groups using PCA+SOM, NLPCA+HCA, and
NLPCA+SOM is 0.69, -0.77, and 0.69, respectively),
indicating that the rainfall in the analyzed
clusters shares common features. Therefore,
for this study, when the number of clusters
increases, there is a greater between cluster
correlation.

The second performance metric used was
the DA, which qualifies the probability of the
stations belonging to the assigned cluster with a
valuefrom 0to 1. Table lll shows the percentage of
stations that presented the maximum likelihood
of belonging to the assigned cluster. The results
show 100% classification accuracy of gauge
stations classified using the non-linear and
hybrid approach for two, three, and four groups.

Table Il Correlation coefficients between each region

RAINFALL REGIONALIZATION IN SOUTHWESTERN COLOMBIA

In contrast, the linear method’s classification
results showed that not all stations had the
maximum probability for 2, 3, and 4 groups.

Finally, we evaluate the homogeneity of
the identified regions using the K-S test to infer
whether the monthly rainfall from obtained
groups are statistically different, considering
that the null hypothesis indicates that the
distributions are the same. Table IV shows that
almost all comparisons accepted the alternative
hypothesis, but C3 and C1in NLPCA+HCA for four
groups configuration not. The measurement of
the difference between regions uses the 5%
significance level for all techniques.

Due to the performance metrics used are
inconclusive, we used the Wilcoxon’s rank-
sum test; Table V shows their results. The best
regionalization techniques, according to these
results, are PCA+SOM and NLPCA+SOM (including
SOM for the clustering process). Still, the latter
appears to be a slight advantage against
the first (NLPCA as a technique to reduce the
dimensionality), although the difference is
not statistically significant. The two methods
have in common that they use SOM for the

Number PCA+HCA PCA+SOM NLPCA+HCA NLPCA+SOM
ofCluster ¢ 2 3 € € € € & € € € ¢ ¢ € ¢ 4
cl 100 | 018 100 | 018 100 | 0.20 100 | 018
@) 018 | 1.00 018 | 1.00 020 | 1.00 018 | 1.00
al 100 | 015 | 0.23 1.00 | 018 | 0.69 100 | -023  -077 100 | 018 | 0.69
@) 0.23 | 1.00 | 090 018 | 1.00 | 016 -0.23| 1.00 | 018 018 | 100 | 016
C3 015 1 090 @ 1.00 0.69 016 @ 1.00 -0.77 1 018 @ 1.00 0.69 016 1.00
a 100 | 020 | 016 | 0.69 | 1.00 | 017 | 016 |-047 | 1.00 [-0.23| 0.60 | 0.69 | 1.00 | 018 | -0.60  0.67
2 0.20  1.00 090 016 @ 017 1.00 -049 -052 -0.23 100  -017 -015 018 1.00 @ -015 @ 016
c3 016 | 090 | 1.00 | 013 | 016 |-049 | 1.00 | 0.69 | 0.60  -017 | 1.00 074  -0.60 -015 100 | -0.73

Ch 0.69 | 016 | 013 | 1.00 | -0.47 | -0.52 ' 0.69

1.00  0.69 -015 ) 0.74  1.00 067 @ 016 @ -0.73 @ 1.00
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Table Ill Classification accuracy (%) of gauge stations -
Discriminant analysis

Number of Clusters
Method
2 3 4
PCA+HCA 97.73 90.91 9318
PCA+SOM 97.73 100.00 100.00
NLPCA+HCA 100.00 100.00 100.00
NLPCA+SOM 100.00 100.00 100.00

regionalization phase, a result expected given
that SOM captures the cluster’'s shape as a non-
linear method with high performance in cluster
analysis on rainfall (Lin & Chen 2006, Farsadnia
et al. 2014, Rau et al. 2017, Mannan et al. 2018,
Markonis & Strnad 2019). Therefore, this study
showed that SOM+NLPCA constitutes a powerful
approach in the rainfall’'s regionalization
process in an area of the tropical region with
complex topographic conditions due to the
Andes Mountain range and the proximity of the
tropical Pacific Ocean.

Furthermore, according to the performance
metrics, mainly CC, the adequate region’s
number is two, because the CC between CI
and C2 is low (0.18), indicating that they are
heterogeneous (Table II). This result shows
adequate geographical coherence in the spatial
distribution of the 44 gauge stations in the study
area (See Figure 6).

Region’s characterization and rainfall analysis

The method NLPCA+SOM allowed establishing
that Narino has two homogeneous climatic:
Andean Region (AR) and Pacific Region (PR)
(See Figure 6). The spatial distribution of gauge
stations showed that thirty-three gauge stations
are over the AR, and eleven gauge stations are
over the Pacific coast of Narino PR in the southern
Colombian Biogeographic Choco (Figure 7). The
results of the regionalization process through the

RAINFALL REGIONALIZATION IN SOUTHWESTERN COLOMBIA

non-linear approaches are consistent with the 17
regions from mean monthly rainfall identified in
Colombia by Guzman et al. (2014) using monthly
rainfall dataset of 408 gauge stations of IDEAM and
PCA. It showed that Narino is part of two climatic
zones: region eight, which includes the south of
Colombian Pacific and region ten that contain the
Andean area of Narino. Furthermore, the results
also are consistent with the regionalization of
monthly rainfall dataset of 1703 gauge stations
managed by IDEAM in Colombia performed by
Estupifan (2016) through K-means, in which
regions 1(16) matches with the AR(PR).

The two regions identified have different
interannual rainfall variability patterns, which
we document in this section. AR extends over
eastern Narino and includes the mountainous
areawherethe average monthly rainfallisaround
130 mm.month™. This region shows a bimodal
annual cycle with wet seasons from March to
May (MAM) and September to November (SON),
and dry seasons from December to February
(DJF) and from JJA (See Figure 7a). Furthermore,
the second wet (dry) season SON(DJF) is more
intense than the first season MAM(JJA). According
to Guzman et al. (2014), Poveda et al. (2011), and
Schneider et al. (2014) the main factor that
determines the bimodal regime of rainfall is
the variation of moisture by the trade winds
and the double passage of the ITCZ during the
year, associated with the meridional migration
of solar radiation. Moreover, other atmospheric
mechanisms explain the rainfall cycle over the
Andean areas, such as the westerlies winds, the
complex Andean orography, local circulations
(Espinoza et al. 2020), and the Easterly Waves
that, according to Dominguez et al. (2020) to
produce up to 50% of seasonal rainfall over
northern South America.

The annual regime found is coherent with
the analysis of seasonality of rainfall developed
by Guzman et al. (2014) and Estupinan (2016).
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Table IV. Results of Kolmogorov-Smirnov Test.

RAINFALL REGIONALIZATION IN SOUTHWESTERN COLOMBIA

Number of PCA+HCA PCA+SOM NLPCA+HCA NLPCA+SOM
Cluster (1 €2/ ¢ € € €| ¢ € € € ¢4 | C2 3
a - Ha| - | - | - |Ha| - | - | - |Ha| - | - | - |Ha - | -
2 Ha - - - Ha - - - Ha - - - Ha - - -
a - Ha | Ha - - Ha | Ha - - Ha | Ha - - Ha | Ha -
C2 Ha - Ha - Ha - Ha - Ha - Ha - Ha - Ha -
C3 Ha | Ha - - Ha | Ha - - Ha | Ha - - Ha | Ha - -
a - Ha | Ha | Ha &= - Ha | Ha | Ha | - Ha | Ho | Ha | - Ha | Ha | Ha
2 Ha - Ha @ Ha | Ha - Ha ' Ha | Ha - Ha ' Ha | Ha - Ha | Ha
a3 Ha | Ha | - Ha ' Ha | Ha | - Ha | Ho | Ha | - Ha | Ha | Ha = - Ha
Ch Ha ' Ha | Ha - Ha ' Ha | Ha - Ha @ Ha | Ha - Ha ' Ha | Ha -
Ho: Distributions are the same;
Ha: Distributions are different.
Table V Ranks of clustering methods found for performance metric.
Performance metrics PCA+HCA PCA+SOM NLPCA+HCA NLPCA+SOM
CC, 2 2 4 2
CC, 4 2.5 1 25
cc, 3 2 4 1
DA, 3.5 3.5 15 15
DA, 4 2 2 2
DA, 4 2 2 2
K-S, 2.5 2.5 2.5 2.5
K-S, 25 2.5 25 25
K-S, 2 2 4 2
Total Rank 27.5 21 235 18
R 3.06 2.33 2.61 2.00

They founded and described bimodal regimen
in the Andean region of Narino, and is consistent
with the analysis performed recently by Urrea
et al. (2019) in which explains that in Colombia
the beginning of the first rainy season starts in
the south of the Andean region in February and
moves north in April. In contrast, the beginning
of the second wet season occurs when the ITCZ
moves to the south, this season starts in August
at the north, but just in October, the season

An Acad Bras Cienc (2022) 94(4)

begins at the south of the region. Regarding
the intensity of dry and wet periods, Urrea et
al. (2019) reported that in the bimodal cycle
of Colombia’s Andean region, the second wet
season is more intense than the first, while the
dry season varies according to on location. These
results also are consistent with Poveda & Mesa
(2000) and Yepes et al. (2019). They reported that
during SON the C) modulates the wet season over
western and central Colombia, given that the C
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exhibits an annual cycle with strengthening in
SON and weakening in MAM. According to Poveda
et al. (2014), the intensity of the wet (dry) seasons
can increase during wet (dry) years linked to
La Nina (EL Nifo) event of ENSO, and according
to Dominguez et al. (2020), under ENSO neutral
conditions the Easterly Waves contribution to
interannual variability can become important in
the north of South America.

An Acad Bras Cienc (2022) 94(4)

Otherwise, PR covers the coastal area of
Narino, where the average monthly rainfall
is around 350 mm. month™, which is twice the
mean monthly rainfall of AR. This zone exhibits a
unimodal annual cycle, that is, has one rainy from
April to July, and one dry season from August to
March (See Figure 7b). This result is consistent
with the findings of Guzman et al. (2014), Urrea
et al. (2019), and Dominguez et al. (2020). They
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described that the rainy season in Colombia
occurs at the beginning of the year in the
southernmost in early November and moves to
the north, where it starts in May, according to the
ITCZ's and the Easterly Waves movement. Besides,
the second half of the year in this region is less
rainy, due to the ITCZ’s northernmost location
over the continent and the eastern equatorial
Pacific. The dry season starts in the South of
Colombia May and beginning June and moves
to the north where starts ending November and
beginning December (Poveda et al. 2011, Cordoba-
Machado et al. 2015, Urrea et al. 2019).

All the above results are consistent with
the analysis seasonality of rainfall in Colombia
developed by Urrea et al. (2019). They found
that in Colombia’s Pacific region occurs mainly
the unimodal regime, which is characteristic in
areas with low elevations. Another feature of this
region is that the rainfall’'s intensities are higher
than recorded in the AR. That behavior linked
to low-level jets brings much moisture to this
region as the CJ and the Caribbean low-level Jet
that crosses the Isthmus of Panama by recurving
and penetrating the Pacific Coast of Colombia
(Amador et al. 2006, Poveda & Mesa 2000).

Finally, Figure 7 depicts the spatial distribution
of annual mean rainfall, which indicates one
core of intense rainfall from 7000 to 8500 mm.
year'. These findings are consistent with Poveda
et al. (2004) which used monthly-multiannual
precipitation dataset from 411 meteorological
stations in the Colombian Pacific region. They
established ecogeographic sub-regions in the
Choco Biogeographic Colombian, among which
the South Pacific sub-region in the lower parts of
the basins of the Patia and Mira rivers.

Furthermore, it is coherent with Ceron et al.
(2021), who found three central nuclei of higher
rainfall in the Choco Biogeographic Colombian
through different methods of interpolation. The
lowest intensity nucleus (from 3000 to 7000 mm.

RAINFALL REGIONALIZATION IN SOUTHWESTERN COLOMBIA

year”) coincides with the core shown in Figure
7. According to Poveda & Mesa (1999), there is
a strong correlation between the rainfall of this
region with the interaction between the surface
winds of the Pacific Ocean and the eastern trade
winds on the western cordillera. These come
loaded with moisture, interact with the trade
winds of the Andes, which, combined with the
effect of surface warming and orographic rise,
produce a highly unstable profile when colliding
with the windward of the Andes. This region, is
one of the rainiest places on Earth, the record
rainfall is explained by the CJ, enhanced by
atmosphere-ocean-land surface interactions
(Poveda & Mesa 1999, Espinoza et al. 2020).

The described conditions above favor deep
convection,theriseofhumidair,thehighamounts
of condensation, which lead to an increase in
the rainfall over the foothills of the Pacific plain
(See Figure 7 and Figure 8). On the other hand,
the rainfall regime on the eastern slope of the
Andes Mountain Range is strongly influenced
by moisture from the Amazon ecosystem,
characterized by abundant water supply and a
continuous process of evapotranspiration of the
vegetation cover of this area with the overlying
atmosphere (Barreiro & Diaz 2011). In the AR,
600 mm annual rainfall occurs, this is mainly
due to the Foehn effect defined as strong, warm,
and very dry winds descending in the leeside
of mountains (Brinkmann 1971). This effect is
induced by orography, where the warm air mass
ascent on the windward slopes so the air cools,
leading to condensation and latent heat release,
allowing the formation of clouds and orographic
rains over the windward slope; the rainfall
removes the condensed water so that descent
on the leeside is dry, which increases the
warming, lead to higher leeside temperatures
and the consequent diminishing of the moisture
(Elvidge & Renfrew 2016).
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Figure 8. Cross-section profiles of Narifo showing the influence of the Tropical Pacific Ocean, Andes mountain, and

Amazon region.

CONCLUSIONS

Narino’slocationintheIntertropical Convergence
Zone (ITCZ), near to the Pacific Ocean and with
the presence of the Andes Mountain, makes
it challenging to understand spatially and
temporally the variability of rainfall and other
climatic parameters which are relevant for the
water management. Therefore, considering
the previously mentioned, four methods for
regionalization of monthly rainfall of 34 years
in Narifno (Southwestern Colombia) were tested
and compared. The two best techniques have
proved to be Non-Linear Principal Component
Analysis and Self-Organizing Maps (NLPCA+SOM)
and Principal Component Analysis-PCA+SOM.
However, the ability of the non-linear approach
to capture non-linear relationships makes them
the best option. Three performance metrics
established the accuracy of the regionalization
process: the Pearson’s correlation coefficient
(CC) of the first PCs between each region, the
Discriminant Analysis (DA), and the Kolmogorov-
Smirnov Test (K-S). The best technique,
considering each metric, was chosen by applying
the Wilcoxon Test.

The clustering of stations rainfall by
NLPCA+SOM led to identifying two homogeneous
regions with different seasonal rainfall patterns.

An Acad Bras Cienc (2022) 94(4)

The identified clusters correspond to two:
Andean Region (AR) and Pacific Region (PR)
with a bimodal and unimodal annual cycle,
respectively. Both groups showed that the
rainfall pattern is mainly influenced by the ITCZ's
movement, the complex region’s orography, the
Choco low level jet, the Easterly Waves, and the
ENSO phenomenon. The analysis of the annual
rainfall cycle of AR indicated a reduction in
two-quarters: From December to February and
from June to August; it also shows an increase
between March to May and from September to
November. Meanwhile, the PR analysis showed
one wet season from April to July and a one-dry
season from August to March.

Theintensity of rainfallin PR was higher than
recorded in the AR due to the Pacific Ocean’s
surface winds interacting with the eastern trade
winds on the western Andes cordillera. These
interactions with the surface warming effect,
and the orographic rise conducive to the deep
convection, the elevation of moisture, the
high amounts of condensation, therefore, the
high rainfall. The obtained results are relevant
and useful for accurate characterization of
the basin’s hydrology and better water and
agricultural planning in the region.
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Future works will be oriented into the study
of rainfall variability in each region identified
here and their teleconnections with large-scale
climate indices, e.g., detecting relationships to
ENSO, and in this way, allow the construction of
better models for water management.
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