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Surface gauge measurements have been commonly employed to analyze the precipitation’s high spatial and
temporal variability. However, incomplete area coverage and deficiencies over most tropical and complex
topography mean significant limitations of this measurement type. Satellite-derived datasets, combined with the
integration of in-situ observations with satellite data, are an alternative to address these limitations by offering a
more spatially homogeneous and temporally comprehensive coverage for scarce data areas of the globe.
Nevertheless, applying a bias correction technique on the precipitation datasets is still necessary before they are
used for research due to their considerable bias. Here, we analyze the performance of CHIRPS, WorldClim, and
TerraClimate datasets compared to data from 30 rain gauge stations over the South-West of Colombia, specif-
ically in the Upper Cauca River Basin-UCRB between 1981 and 2018. Additionally, we applied the Quantile
Mapping correction to all gridded precipitation products, and subsequently, the corrected rainfall is compared to
the observed data on the monthly, seasonal, and annual scale. Our results show that the CHIRPS dataset better
captures the seasonal and monthly variability. CHIRPS presents the best performance during less rainy seasons
and at low elevation zones (900-2000 m above sea level-m.a.s.l.), followed by TerraClimate. Utilizing the bias
correction methodology, we generated a new, corrected, and more reliable monthly precipitation time series for
each location from all gridded precipitation products. Additionally, we found that the correction of the CHIRPS
dataset presented the best performance across all spatiotemporal scales in the UCRB. Therefore, this study
provides an accurate precipitation database for a complex topographic tropical region with limited data
availability.

1. Introduction

Every climate system component is primarily determined by mass
and energy fluxes (Jorgensen and Svirezhev, 2004). The biosphere, for
example, is an open system because it exchanges energy (incoming solar
radiation and outgoing longwave radiation) and mass (e.g., water, car-
bon dioxide, nutrients, organic matter) with the atmosphere. In this
sense, precipitation is a fundamental variable of biosphere-atmosphere
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interaction, playing a crucial role in the water balance, water re-
sources management, flood forecasting and serving as an input in hy-
drological modeling for weather and climate studies (Tapiador et al.,
2017).

Typically, precipitation records have been obtained from gauge-
based observation networks. However, these are subject to limitations,
such as the lack of routine record-keeping, significant data gaps (Colston
et al., 2018), reduced availability of long-term and high-quality
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information, and irregular spatial coverage. These factors restrict pre-
cipitation estimations in regions with low gauge density, such as
Colombian high altitudes areas (Valencia et al., 2023). Gridded rainfall
products, such as satellite, reanalysis, or multi-source merge data, pro-
vide solutions to some of these challenges since their most recent ver-
sions offer more spatially and temporally homogeneous coverage for
large areas worldwide. Additionally, several high resolution climate
datasets have already been constructed based on estimates from satellite
and rain gauge observations (Tapiador et al., 2017). Some of them are
the Climate Hazards Group InfraRed Precipitation with Stations-
CHIRPS (Funk et al., 2014), which is a land-only climatic database of
precipitation composed of different global sources such as satellite es-
timates, and in-situ observations (Katsanos et al., 2016). Both Terra-
Climate (Abatzoglou et al., 2018) and WorldClim (Fick and Hijmans,
2017) are a monthly climate dataset of rainfall, temperature, and other
climatic variables with approximately 4 km x 4 km spatial resolution
and 1 km horizontal resolution, respectively.

These datasets have been widely used in numerous studies to
investigate precipitation estimates, the detection of climate variability
and the evaluation of climate models at global and regional scales (Sun
et al., 2018). Unfortunately, these datasets are not entirely consistent.
Previous studies have shown that CHIRPS performs best in Colombia
(Cepeda and Canon, 2022; Giraldo-Osorio et al., 2022; Valencia et al.,
2023). However, the product’s performance depends on topographic
and climatic characteristics throughout the country (Vallejo-Bernal
et al., 2021). For TerraClimate and WorldClim, it is necessary to assess
their performance due to the limited ground data that was used in their
building and validation processes.

In that context, there is a need for evaluation and fitting the dataset
outputs at different spatiotemporal scales to provide accurate informa-
tion in locations with data scarcity. Several correction processes allow
postprocessing procedure that corrects some statistical metrics. Bias
correction corrects the mean, variance, and higher moments of clima-
tological variables from gridded datasets (Holthuijzen et al., 2021) that
come from multiple sources and have various spatial and temporal
resolutions. Some advantages of the bias correction method that have
made it very popular in climate data research are its relative simplicity
and low computational demand (Maraun, 2016). Therefore, several bias
correction methods aim to match to perfectly the mean corrected values
with that of the observed ones, and they are described in detail by Teng
et al. (2015) and Fang et al. (2015). Among the methods mentioned
above, the Linear Scaling and the Quantile-Mapping techniques are
widely used because they do not require the available time series of
gauged observations to be consistent with the precipitation estimates
from datasets (Tang et al., 2021). The bias correction performance de-
pends on the location, the temporal scale, and the choice of the
correction method (Chen et al., 2013) as well as the spatiotemporal
settings of the data used as reference (Francois et al., 2020).

Precipitation exhibits significant variability over time and space,
especially in mountainous regions strongly affected by macroclimate
and terrain (Voropay et al., 2021). Located along the western edge of
South America, the Andes Mountain Range is the world’s longest con-
tinental mountain range, underscoring its significant climatic impor-
tance. Despite its importance, the rainfall network available in the Andes
has significant infrastructure and maintenance limitations, resulting in
low density and frequency of observations (Hobouchian et al., 2017).
Although most of the existing rainfall stations in Colombia are concen-
trated in the Andes region, there is still a lower density coverage in the
Andes and in the rest of the territory at lower altitudes (Teran-Chaves
etal., 2021; Urrea et al., 2019). As a result, only a few studies have been
conducted to reflect climate variability, with little work describing the
climate in more specific regions in the country (Molina and Bernhofer,
2019). Several studies (Urrea et al., 2019; Villar et al., 2009) have
attributed rainfall seasonality in Colombia to factors such as location,
the topography, the influence of the Inter-Tropical Convergence Zone
(ITCZ), the Amazon Rainforest and different phenomena in both the
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Pacific and Atlantic oceans.

The El Nino Southern Oscillation (ENSO) in both phases (e.g., warm
(El Nino) and cold (La Nina)), emerges as one of the major phenomena
significantly impacting the national territory of Colombia (Gutiérrez and
Dracup, 2001). In Southwestern Colombia, during the El Nino phase, a
reduced rainfall anomaly occurs, while higher rainfall conditions occur
during the La Nina phase (Poveda et al., 2011). During El Nino,
Colombia and the Andean region experience a dry season (with an
average of 16% less total annual rainfall) and during La Nina, a wet
season (with an average of 23% more total annual rainfall) (Ceron et al.,
2021a).

Nevertheless, only a few studies have analyzed the accuracy of some
of the high-resolution gridded datasets in representing rainfall gauge
data at monthly, seasonal, and annual scales in Colombia (Cepeda and
Canon, 2022; Urrea et al., 2019), like the Cauca River Basin (CRB). This
last one is Colombia’s second most crucial surface water source. It is
located near the Pacific Ocean and in the Andes Region, which is a re-
gion influenced by oceanic-atmospheric phenomena such as ENSO
(Avila et al., 2019) and is vulnerable to high frequency extreme events
associated with hydrological hazards such as floods, landslides or severe
droughts (Ceron et al., 2020a, 2020b). This significantly affects agri-
cultural production and industrial sectors (Avila and Carvajal, 2014),
which could only worsen with the expected variability that climate
change scenarios that increase variability in the CRB will bring (Poveda
et al., 2011; Urrea et al., 2019).

In this sense, the relationship between different large-scale and local
climate datasets varies from region to region, necessitating evaluation
and correction at the regional scale (Hewitson and Crane, 2006).
Furthermore, any inaccuracies in the input climate data can significantly
affect modeling, calibration, and validation the models that estimate
precipitation. The Upper Cauca River Basin (UCRB) is composed of the
Andean range mountains, which makes it necessary to study its pre-
cipitation regime because of the high altitudes, complex terrain, difficult
access due to armed conflict (Sanchez-Cuervo and Aide, 2013), large
climatic gradients, and sparse and scarce data specifically for altitudes
above 1000 m.a.s.l. (Condom et al., 2020). Given the CRB importance
for Colombian socio-economic and ecological development and the need
for the most accurate precipitation data to support decision-making for
various stakeholders, we aim to obtain new best-fit datasets for the area
and improved long-term gridded precipitation datasets in CRB.

For this complex topographic area, a deeper evaluation using a
denser network of ground stations is needed. Our study assesses the
performance of three gridded high-resolution precipitation datasets
(CHIRPS, TerraClimate, and WorldClim) compared to data from 30 rain
gauge stations in the UCRB in Colombia for the study period from 1981
to 2018 period, both before and after the application of bias-correction.
Our scientific questions are: Which high-resolution data set can better
represent rainfall in the mountainous Andean region of Colombia? How
much can the precipitation datasets be improved after applying a bias
correction methodology in regions with accidental topography?

2. Material and methods
2.1. Study area

From the Colombian Massif rises the Cauca River and its waters flow
in a south-north direction between the Andes’ Western and Central
mountains. The mean longitude of the river is approximately 1,183 km
until it delivers its water into the Magdalena River (Fig. 1). This basin
covers an area of 66,751 km? with a water discharge of 76 km® per year
(Restrepo et al., 2015). The river basin comprises four zones: Upper,
Upper Valley, Middle, and Lower basin. According to the last national
census in 2019 Government of Colombia’s National Administrative
Department of Statistics (DANE; https://www.dane.gov.co/), approxi-
mately 7 million people live in the UCRB (Upper Cauca and Upper Cauca
Valley), representing 15% of the national population. The river’s
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Fig. 1. Study area with gauge station’s locations and monthly mean precipitation between 1981 and 2018.

elevations range from 800 to 4,900 m.a.s.] , with 39 tributaries rivers
(Enciso et al., 2016).

The CRB hydro-meteorology presents a bimodal regime of rainy
periods (from March to May and September to November) and less
precipitation periods (December to February and June to August) (Urrea
et al., 2019). The region presents a mean rainfall of 1,597 mm (4224
mm) and an air temperature of 21.3 °C (+0.5 °C) on an annual scale
(Cerdn et al., 2020a, 2020b). The latter is mainly influenced by a com-
bination of meteorological systems, such as the double migration of the
ITCZ and the advection of water vapor from the eastern Pacific Ocean by
the Chocé jet (Sierra et al., 2021), topography and dynamics of land
cover (Urrea et al., 2019). Interannual climate variability in the region is

dominated by ENSO, which favors an increase in rainfall during La Nina
and a decrease in precipitation during the El Nino phase (Ceron et al.,
2020b, 2021b).

2.2. Site-observed and gridded product’s rainfall data

Daily precipitation data was provided by the Corporaciéon Auténoma
Regional del Valle del Cauca (CVC; https://ecopedia.cve.gov.co/por
tal-hidroclimatologico.html) and Instituto de Hidrologia, Meteorologia
y Estudios Ambientales (IDEAM; https://dhime.ideam.gov.co/webgis/h
ome/) based on historical precipitation from 39 raingauge stations.

Current precipitation datasets present a wide range of spatial
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resolutions for northern South America, from 30 x 30 km to recent high-
resolution data sets of 1 x 1 km (Condom et al., 2020). For this reason, it
is necessary to validate and calibrate the performance of high-resolution
datasets in complex topographic areas. First, the CHIRPS dataset was
selected because of its lengthy trend analysis (Funk et al., 2015a) and
high spatial resolution (5 x 5 km), which has a 1-day temporal resolu-
tion and can be consulted in this next link: https://www.chc.ucsb.edu/
data/chirps. Funk et al. (2015a) and Urrea et al. (2019) validated the
CHIRPS dataset in Colombia, demonstrating its preservation of mean
and seasonality for precipitation at different time scales.

The second high resolution gridded dataset is WorldClim, available
from 1960 to 2048 with a horizontal spatial resolution of 1 km.
WorldClim is a global climatic-gridded dataset with popular environ-
mental, agricultural, and ecological science usage (Fick and Hijmans,
2017). This database (https://www.WorldClim.org/data/index.html)
includes monthly average climate data monitored by meteorological
stations worldwide and data from the Global Historical Climate Network
Dataset (GHCN).

Finally, we used the TerraClimate (Abatzoglou et al., 2018), a cli-
matic high-resolution dataset that combines a variety of climate rean-
alyses at a monthly scale: WorldClim v2, CRU Ts4.0, and the Japanese
JRA-55 product. TerraClimate offers high spatial resolution (4.5 km)
gridded datasets and a precipitation time series from 1958 to the pre-
sent. This dataset has been validated in mountainous regions in Brazilian
territory (Filgueiras et al., 2022) and Colombia (Cepeda and Canon,
2022). TerraClimate is available at https://climate.Northwestknowle
dge.net/TERRACLIMATE/.

2.3. Data sets quality control and selection of common period

We used one daily (CHIRPS) and two monthly (Terraclimate and
Worldclim) precipitation high-resolution datasets from 1981 due to
CHIRPS’s restrictive temporal scale availability, the gridded high-
resolution dataset with the lowest temporal coverage range from 1981
to present. Additionally, most observational datasets for the study re-
gion started in the 80s. From the 39 raingauge stations, we used data
only from stations with a longer record of observations, ensuring a
minimum number of stations representative of the UCRB topography.

Rain gauges with more than 5% missing data (See Table S1, sup-
plementary material) were omitted as selection criteria as per previous
studies used (Paredes-Trejo et al., 2017; Rivera et al., 2018; Zam-
brano-Bigiarini et al., 2017). Only data from 30 stations (Fig. 1) was
selected and later transformed into monthly, seasonal, and annual scales
for comparison and bias correction methods. Additionally, the spatial
distribution of ground stations is highly heterogeneous, with a concen-
tration in the Central range mountain (14 of them), followed by the
Western range (10 stations), and the river Valley (6 stations). We
delimited a common period between 1981 and 2018 due to the avail-
ability of the institutes datasets (e.g., the IDEAM and CVC) that record
meteorological information in the region.

2.4. Statistical metrics and comparison of datasets

A point-to-pixel evaluation was carried out to represent the perfor-
mance of the different global precipitation datasets more accurately in
estimating spatial and temporal variability of daily precipitation. The
time series of rain gauge observations were matched to the corre-
sponding CHIRPS, TerraClimate, and WorldClim pixel over the UCRB.
The performance and accuracy of precipitation datasets were evaluated
for the common period from 1981 to 2018 at four temporal scales
(annual, hydrological year, seasonal, and monthly scale), spatial scale
(orographic analysis), and the performance of the precipitation products
during the ENSO phenomenon.

The ENSO phases were defined following the Oceanic Nino Index
(ONI https://origin.cpc.ncep.noaa.gov/products/analysis_monitoring/e
nsostuff/ONI_v5.php) provided by the U.S. National Oceanic and
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Atmospheric Administration (NOAA) Climate Prediction Center to
classify El Nino and La Nina events in the western tropical Pacific
(Table 1). The ONI is calculated as the 3-month moving average of SST
anomalies in the Nino3.4 region (5° N-5° S, 170°-120° W) (Abelen
et al., 2015; L’Heureux et al., 2013). The El Nino event occurs when the
ONI is higher than 0.5 °C and La Nina when the ONI is lower than
—0.5 °C for at least five consecutive months (Andreoli et al., 2017;
Larkin and Harrison, 2005). Considering that ENSO develops in the
eastern equatorial Pacific during the austral winter (June-August) and
reaches its maximum in summer (December-February) (Andreoli et al.,
2017, 2019; Kayano et al., 2019; Lopes et al., 2022), we analyzed the
performance of raw and corrected datasets for the “Normal” (or sidereal)
year from 1 January to 31 December and the hydrological year defined
as 1 June to 31 May (Giraldo-Osorio et al., 2022; Poveda et al., 2005).

Four statistical performance metrics were used (Table 2): the Kling-
Gupta Efficiency (KGE), the percent bias (Pbias), the root mean square
error (RMSE), and the mean absolute error (MAE). A KGE value of 1
indicates perfect agreement between simulations and observations. The
efficiency measure of the KGE is a combination of three elements
(Table 2): correlation, bias, and variability (Kling et al., 2012). The Pbias
measures the average difference between the estimated and measured
values, with an optimal value of 0. Values above 0 indicate over-
estimation bias, and the opposite means underestimation bias. The MAE
provides information on the average variance between the observed and
estimated datasets, considering systematic and random errors. The
RMSE measures the quadratic scoring rule between the predicted and
observed values. MAE and RMSE values range from 0 to co, with the best
value at 0.

Where the letters indicate G: gauge raingauge measurement, C:
global product rainfall estimate, r: linear correlation between gauge
measurements and products estimates, p: mean, o: standard deviation,
and n: number of data.

2.5. Bias correction methodology

This study used the Empirical Quantile Mapping bias correction
method for precipitation estimates from gridded dataset. Quantile
Mapping (QM) is a non-parametric bias correction method that does not
assume any specific precipitation distribution and can apply to all pre-
cipitation datasets. This technique is chosen because it is easy to
implement and has been proven effective in correcting daily and
monthly precipitation (Potter et al., 2020).

The QM bias correction algorithm was applied to correct all pre-
cipitation datasets to provide better high-resolution datasets that
reproduce the precipitation over the UCRB. QM has been widely used for
correcting precipitation datasets (Heo et al., 2019; Themefl et al., 2011;
Yang et al., 2016). Furthermore, the QM correction method stands out
for faithfully reproducing the annual precipitation cycle and the dura-
tions of wet and dry periods (Fang et al., 2015; Rajczak et al., 2016).
Chen et al. (2013) observed that distribution-based methods within the
QM technique consistently outperformed mean-based methods in bias
correction.

The “qmap” package of Rsoftware was used to apply the bias
correction to the gridded products (Gudmundsson et al., 2012). For
more information, access this link https://www.rdocumentation.org/

Table 1

ENSO phases (El Nino and La Nina) evaluated years for this study.
El Nino La Nina
1982-83 2004-05 1983-84 2005-06
1986-87 2006-07 1984-85 2007-08
1987-88 2009-10 1988-89 2008-09
1991-92 2014-15 1995-96 2010-11
1994-95 2015-16 1998-99 2011-12
1997-98 2018-19 1999-00 2016-17
2002-03 2000-01 2017-18
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Table 2
Formulas of selected performance measures based on statistical metrics.
Statistical indices Formula
The Kling-Gupta efficienc
g-oup v KGE =1 —

(KGE)

\/(r71)2+(%—1)2+(%71>2

PBias = mo%
1
RMSE = ;Z(C‘ G)?

Percent Bias (Pbias)
Root Mean Square Error (RMSE)

Mean absolute error (MAE) 1 n
MAE = > oc—ah

packages/CSTools/versions/2.0.0/topics/CST_QuantileMapping).

For precipitation, we used QM that can be expressed in terms of the
empirical cumulative distribution function (ecdf) and its inverse
(ecdf ):

Pcur.m.d = CCdf71 (eCdfruw,m (Praw‘m.d))

obs,m

Peor, m, d = Corrected precipitation on the dth day of mth month.

Praw.m,d=Raw precipitation on the dth day of mth month.

Themepl et al. (2011) and Enayati et al. (2021) describe the QM and
use ecdfs for precipitation in their papers. Several studies affirm that the
Empirical Quantile Method-EQM is effective in correcting precipitation
variables (Enayati et al., 2021; Fang et al., 2015; Themepl et al., 2011)
and is attractive as a technique due to its capability to correct the mean,
standard deviation, and higher-order distributional moments (Gud-
mundsson et al., 2012).

2.6. Trend analysis

In order to detect trends in the precipitation datasets the Theil-Sen’s
slope estimator (Sen, 1968) was applied. In addition, the significance of
trends is calculated at the confidence level of 95% (o = 0.05) using the
Mann-Kendall test (Kendall, 1975; Mann, 1945). These non-parametric
tests have been broadly used to determine climatic and hydrological
tendencies (Avila et al., 2019; Cer6n et al., 2021b, 2022).

3. Results and discussion
3.1. Performance temporal analysis

3.1.1. Annual scale

In normal year, TerraClimate has the highest mean KGE value (0.50),
and CHIRPS showed the worst mean KGE (0.45) for the 38-year study
period (Fig. 2; left column). TerraClimate and CHIRPS show an over-
estimation of precipitation according to the negative mean values of
Pbias (5.83% and 4.04%, respectively) (Fig. 2b). In comparison,
WorldClim overestimates by 6.09%. The mean RMSE and MAE values
show that CHIRPS has the lowest errors, while WorldClim has the
highest errors between the three gridded products (Fig. 2c and d). For
the corrected datasets, we used just the name of the dataset plus the
letter “C" (e.g., CHIRPS-C, TerraClimate-C, and WorlClim-C). After the
correction, the mean KGE values increased for all datasets by at least 0.1
on average, and the Pbias values of all three datasets almost reached 0.0
(Fig. 2b). Also, the corrected datasets showed a considerable reduction
in error values in more than 140 mm (RMSE and MAE; Fig. 2c and d).
Furthermore, the performance in the hydrological year (Fig. 2; right
column) is quite similar to the normal year. Finally, CHIRPS-C showed
the best capability to represent precipitation variability at these scales,
followed by TerraClimate-C and WorldClim-C.

We found that the best performance on the annual scale was from
CHIRPS, followed by TerraClimate and WorldClim, with the first
showing the lowest mean error metrics. Both CHIRPS and TerraClimate
have been evaluated in a mountainous region in Colombia by Cepeda
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and Canon (2022), who found that CHIRPS had the best accuracy and
performance on an annual scale compared with TerraClimate. However,
TerraClimate represented temporal and spatial patterns of rainfall at this
scale.

We evaluate the performance of the three databases on the annual
scale considering ENSO. Despite this, the overall performance was good,
optimally representing precipitation on the annual scale, even during
the most extreme ENSO events. Lopez-Bermeo et al. (2022) evaluated
the performance of CHIRPS during ENSO in Antioquia (Colombia) and
found similar results, indicating that CHIRPS works well in most
weather conditions.

Regarding the individual performance of precipitation products in
the hydrological year (Fig. 3 and Table 3), CHIRPS overestimates (un-
derestimates) precipitation during El Nino (La Nina) events concerning
the observed data, which is similar to those found by Paredes-Trejo et al.
(2017). ENSO conditions are observed to impact the magnitudes of
annual precipitation (Fig. S1) and hydrological years. Peaks of high
rainfall coincide with La Nina events followed in 1988-1989,
1999-2001, 2008-2009, and 2010-2011. Dry years coincide with El
Nino in 1982-1983, 1991-1992, 1997-1998, and 2015-2016. The re-
sults from the present study agree with several studies about the influ-
ence of ENSO on Colombian rainfall (Ceron et al., 2021a; Hoyos et al.,
2013; Ocampo-Marulanda et al., 2022). Moreover, similar results were
found in other regions in tropical South America, where precipitation
increases (decreases) during La Nina (El Nino) events, such as in the
Amazon (Jiménez-Munoz et al., 2016) and Northeast Brazil (Medeiros
and Oliveira, 2021).

3.1.2. Seasonal scale

On the seasonal scale (Fig. 4a), the mean KGE values are higher for
all products during JJA and DJF, with CHIRPS presenting the highest
value of 0.5 in JJA and both TerraClimate and WorldClim presented the
highest values (0.53 and 0.52, respectively) during DJF. The CHIRPS
dataset presented the lowest overestimation among the products eval-
uated, with Pbias values ranging from 2.9% to 15.4% (Fig. 4b) forall
seasons. TerraClimate and WorldClim showed similar overestimations
(1%-38%). Noteworthily, during the JJA season, all products showed
the highest mean overestimation values among all seasons, ranging from
15.4% to 38%. Furthermore, the error metrics (RMSE and MAE; Fig. 4c
and d) are higher during MAM and SON (rainy periods) than JJA and
DJF (reduced precipitation periods). The characteristic of over-
estimation in JJA and DJF was previously reported by Ocampo-Mar-
ulanda et al. (2022) in Southwestern Narino; also, Cepeda and Canon
(2022) noted overestimation between June and August for the upper
Chicamocha river basin according to CHIRPS and TerraClimate.

The bias correction method reduced on average 25 mm for each
product in the mean error values (RMSE and MAE) for the three datasets
(Fig. 4c and d). Additionally, CHIRPS-C was the most accurate corrected
product at the seasonal scale, with the highest KGE mean values ranging
from 0.55 to 0.66 in all evaluated seasons. Furthermore, there was a
larger increment in the KGE values for the CHIRPS-C dataset range from
0.14 to 0.18 than in the other products. Both TerraClimate and World-
Clim presented similar values for mean error metrics and a mean KGE
around 0.38 and 0.37, respectively. CHIRPS-C underestimated DJF
(—=7.78%) and JJA (—13.72%). Conversely, CHIRPS-C displayed over-
estimation in MAM and SON (around 6%).

For the ENSO years (Fig. S4), CHIRPS and WorldClim showed the
best mean across all trimesters of KGE scores (CHIRPS: 0.46, WorldClim:
0.36, TerraClima: 0.34) in the La Nina years. However, in the El Nino
years the KGE values are lower than La Nina years (CHIRPS: 0.35,
WorldClim: 0.35, TerraClima: 0.33). After the bias correction process,
CHIRPS-C showed the best performance metrics for La Nina (KGE:0.60)
and El Nino (0.49).

Our Pbias analysis revealed larger overestimation values from all
products (CHIRPS: 11%, TerraClimate: 10 % and WorldClim: 12%)
during El Nino compared to La Nina years (CHIRPS: 2%, TerraClimate:
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Fig. 2. Performance evaluation of precipitation datasets at an annual scale before and after the application of the bias correction: a) Kling-Gupta efficiency (KGE), b)
Percent Bias (Pbias), ¢) Root Mean Square Error (RMSE), and d) Mean Absolute Error (MAE). The boxplots for all global products are constructed with the value of the
30 ground stations estimated over the entire period. The first (25th) and third (25th) quartiles show the interquartile spread. The red line indicates the optimum value
of each metric. The letters “C” is associated with the product after the bias correction.

10%, and WorldClim: 9%). This disparity may be attributed to satellite
capabilities, as they tend to have higher cloud-top temperatures, making
them less effective at detecting low-level clouds (Saeidizand et al.,
2018). The study area is characterized by continuous clouds cover over
flat zones due to the Intertropical Convergence Zone, the Choco
Low-Level Jet, orographic cloud formation mechanisms, and the dense
rainforest of the Choc6 region (Ocampo-Marulanda et al., 2022), further
complicates satellite-based precipitation estimation by misinterpreting
cloudy but dry days as rainy ones, especially in regions with lower
rainfall (Saeidizand et al., 2018). Additionally, several studies have
highlighted CHIRPS’ limitations in discriminating between rainfall and

non-rainfall events, particularly during the dry season (Paredes-Trejo
et al., 2017). The reliance of CHIRPS on 0.25° TRMM (Tropical Rainfall
Measuring Mission) training data may contribute to its overestimation
tendency, as averaging over larger areas increases the frequency of
rainfall events (Toté et al., 2015). Moreover, the sparse distribution of
anchor stations could be a factor, as noted by Funk et al. (2015a).
Notably, 80% of the stations used in this research do not belong to the
ground station networks used by CHIRPS calibration. The reduced per-
formance metrics observed at the yearly level compared to the monthly
level, especially for CHIRPS and TerraClimate, may be ascribed to the
aggregation of minor systematic biases and the presence of gaps in data
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Fig. 3. Total annual precipitation in the hydrological year and from observations and CHIRPS, TerraClimate, and WorldClim datasets during the 1981-2018 period.
The vertical blue and red bars in Figure b indicate La Nina and El Nino years (Table 1).

Table 3

Summary of global performance. The interannual analysis assesses the ability of global products to reproduce year-to-year (normal year/hydrological year); the
seasonal analysis (DJF, MAM, JJA, and SON), and monthly variations in average before and after applying the bias correction. The values in bold indicate the best

values in each performance metric.

Characteristics CHIRPS CHIRPS-C TerraClimate TerraClimate-C ~ WorldClim WorldClim-C
Interannual Variability =~ KGE 0.45/0.46 0.59/0.63 0.50/0.48 0.59/0.59 0.47/0.47 0.57/0.58
Pbias (%) 4.04/3.91 0.11/-0.09 5.83/5.71 0.01/-0.12 6.09/6.03 ¢ -0.02/-0.11
RMSE (mm) 440.21/437.87  290.52/279.60  474.57/487.90  313.48/320.72  480.02/485.99  322.89/324.72
MAE (mm) 371.06/391.18  216.89/227.59  405.53/424.40  244.77/282.26  408.76/423.34  251.66/285.44
Seasonality KGE 0.45 0.61 0.38 0.48 0.37 0.48
Pbias (%) 6.18 —2.37 11.68 3.26 11.99 2.64
RMSE (mm) 141.08 116.39 168.40 141.31 167.26 141.81
MAE (mm) 112.51 86.39 135.81 108.10 135.06 108.88
Monthly KGE 0.44 0.60 0.33 0.43 0.31 0.42
Pbias (%) 6.84 -3.27 12.57 3.25 13.00 2.52
RMSE (mm) 62.37 57.41 78.39 74.98 77.13 74.46
MAE (mm) 48.37 42.47 60.74 56.73 60.24 56.69
Orographic effects and regional spatial Overall, CHIRPS, TerraClimate and WorldClim presented poor performance with high altitudes. However, CHIRPS showed the best mean
patterns statistical metrics across all evaluated elevations and temporal ranges. WorldClim and TerraClimate did show similar largest mean error

values and overestimations when representing rainfall amounts at different altitudes. After the bias correction application, the new
corrected datasets improved the representation of rainfall in high and medium altitudes.

when transitioning from daily to annual time scales (Zambrano-Bigiarini
et al., 2017).

Both TerraClimate and WorldClim presented the highest mean errors
for both phases of ENSO, compared with the ones from CHIRPS. On the
other hand, TerraClimate’s inability to capture temporal variability at
finer scales than its parent datasets limit its ability to represent vari-
ability in orographic rainfall ratios and inversions. TerraClimate em-
ploys methods such as climatically aided interpolation and the
combination of high-spatial-resolution climatological normals from the
WorldClim dataset with coarser resolution time-varying (monthly) data
to generate a monthly precipitation dataset, which inherently carries
uncertainties (Fick and Hijmans, 2017).

3.1.3. Monthly scale

Before bias correction, the monthly analysis (Fig. 5) shows that
CHIRPS is the most accurate product in estimating monthly precipita-
tion amounts (KGE oscillates from —0.06 to 0.7). In addition, it provides
a more accurate rainfall estimation throughout the year despite a
considerable overestimation from June to August, with Pbias values
ranging between 11.6% and 24.6 %). The best average KGE monthly
score for CHIRPS is found in February (0.54), and the lowest is in May
(0.36). TerraClimate and WorldClim are the most inaccurate products

on a monthly scale, with significant rainfall underestimation from
January to March (Pbias oscillates from —2.1% to —10.7%) and large
overestimation from June to August (Pbias: 24.4%-58.1%). In addition,
both datasets show lower KGE scores than the ones from CHIRPS for
every month except for December. TerraClimate presented the lowest
KGE scores in August, and WorldClim had the weakest scores in July,
meaning these two products struggled to represent low-rainfall months.

The correction of the CHIRPS dataset had very good results, with an
increase of at least 0.16 units in mean KGE values every month, and on
average, at the monthly scale, its MAE value was reduced by 5.9 mm. So,
CHIRPS-C improved mean KGE values (oscillates from 0.48 to 0.67).
TerraClimate-C, on average, improves its KGE value to 0.1; the highest
increments happened during low rain months such as June to August
and December to January. TerraClimate and WorldClim presented re-
ductions in mean RMSE values, with 3.4 mm for TerraClimate and 2.7
mm for WorldClim. Additionally, we evidenced a decrease in the Pbias
mean values at this scale for TerraClimate (9.32 percentage points) and
WorldClim (10.5 percentage points). However, CHIRPS turn from
overestimating to underestimating —3.3%.

We evidenced that products struggle to accurately represent rainfall
amounts during October and November due to the second rainiest sea-
son in the UCRB. This difficulty is in line with the characteristics of
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Fig. 4. Same as Fig. 2 but at seasonal scale.

satellite-based products (Qin et al., 2014), which were originally
designed for lower rainfall amounts. For instance, the CHIRPS dataset
tends to overestimate gauge observations but underestimates them for
heavy rainfall events. The monthly performance shows concordance
with the seasonal performance analysis, where it is evident that the error
metrics are higher in the rainy seasons (MAM and SON). Furthermore,
satellite precipitation products show evidence of estimating a higher
frequency of high-intensity rain events (Sun et al., 2018). CHIRPS relies
on data from the Tropical Rainfall Measuring Mission (TRMM), so any
issues of overestimation or underestimation may stem from in-
consistencies transferred from TRMM to CHIRPS, resulting in higher
frequency estimates at high precipitation intensity bins compared to
most other products (Caroletti et al., 2019).

The introduction of EQM enhanced the accuracy of all gridded
rainfall datasets across various temporal scales. Specifically, the CHIRPS
corrected data exhibited significantly improved proximity to the
observed values at annual, seasonal, and monthly scales compared to the
non-corrected condition and other corrected gridded datasets. This un-
derscores the effectiveness of EQM in fine-tuning the dataset. TerraCli-
mate presented an improvement in all of its statistical metrics after the
EQM application, but the best results were on an annual and monthly
scale. WorldClim showed a gain in all metrics after the EQM application,
but the best results were on a monthly and seasonal scale. After the bias
correction method, all three precipitation products showed a decrease in
mean MAE and RMSE values across the four seasons.
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metrics from the three databases before and after applying the bias correction.

3.2. Orographic gradient analysis

High precipitation variability is closely tied to orographic effects,
elevated altitudes, and microclimates, all impacting rainfall occurrences
within the Andes Mountain Range (Riquetti et al., 2020). To quantita-
tively assess orographic effects, altitudinal gradients are calculated
based on the altitude values specific to the mountainous systems where
the stations are situated: the Central Mountain Range, the Western
Mountain Range, and the valley. It is important to note that the uneven
distribution of stations across regions (as outlined in Table S1 and Fig. 1
in the supplementary material) and elevation ranges (as depicted in
Fig. 6) posed a challenge for a fair and unbiased comparison among
different climate and elevation zones. Notably, a predominant portion of
the analyzed stations, 20 out of 30, were situated within the elevation
range of 1000 to 2000 m.a.s.l., while a smaller number were below 1000
m.a.s.l. (6 stations) and above 2000 m.a.s.l. (4 stations out of 30).

A drier zone emerges in the Northern region of the upper Cauca River
basin due to the lower average altitude of the rainfall stations, which is
consistent with the observations of Escobar et al. (2006). They described
that precipitation increases proportionally to the altitude of the moun-
tain range’s slopes. Precipitation increases in function of height until it
surpasses elevations above 4000 m.a.s.l.For instance, the total rainfall
mean value in the Central mountain range (594.64 mm) is lower than in

the western (639.19 mm) due to the higher than 4000 m.a.s.l. On the
other hand, in the Valley area of the river basin (average height of 980
m.a.s.l.), the ground data shows lower precipitation values (Fig. 6). In
the Central range mountain (Fig. 6), several stations are located in three
altitude ranges: 1200 to 1600, 1601 to 2000, and 2001 to 3950 m.a.s.l.
Several stations in the Western range mountain are in two altitude
ranges: 1200 to 1600 and 1601 to 2120 m.a.s.l.

In Figs. 7 and 8, CHIRPS describes more accurately the height dif-
ferences. However with higher altitudes >1400 m.a.s.l., the mean KGE
metric for CHIRPS tends to decrease going from 0.52 at altitudes <1400
m.a.s.l. to 0.4 at altitudes >1700 m.a.s.l. TerraClimate and WorldClim
have difficulty accurately representing precipitation values at altitudes
lower than 1400 m.a.s.] and above 1700 m.a.s.l according to the large
positive Pbias mean values ranging between 14.5% and 15.7%. MAM
and JJA are the seasons with the most predominant low and high pre-
cipitation values in the study area, so we focused the analysis on those
seasons.

During MAM (Fig. 7), we evidenced overestimation with mean Pbias
values ranging between 6.4% and 14.6% according to all products,
particularly CHIRPS, showing the largest mean Pbias value of 14.6% at
altitudes lower than 1400 m.a.s.l., CHIRPS also showed underestimation
at points lower than 1700 m.a.s.], but higher than 1400 m.a.s.l. Terra-
Climate and WorldClim showed the largest mean error (MAE) values of
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Fig. 6. Altitudinal gradient of precipitation during DJF (a), MAM (b), JJA (c) and SON (d) from raw datasets between 1981 and 2018.

181.4 mm and 183.7 mm, respectively, in altitudes between 1400 and
1700 m.a.s.l. While CHIRPS presented the highest mean MAE value
(145.8 mm) in altitudes higher than 1700 m.a.s.l., at lower altitudes
than 1400 m.a.s.l, CHIRPS presented the highest mean KGE value (0.5)
for all products and heights. After the bias correction, some products
reduced their Pbias values at altitudes lower than 1400 m.a.s.l. How-
ever, above 1700 m.a.s.l, TerraClimate and WorldClim showed the
lowest reductions in their mean Pbias values.

During JJA (Fig. 8), elevations lower than 1400 ma.s.l. evidenced the
highest mean KGE values ranging from 0.47 to 0.55. CHIRPS display the
best mean KGE with 0.55 in altitudes <1400 m.a.s.]; in contrast, at

10

altitudes >1700 m.a.s.l., CHIRPS exhibited the lowest mean KGE value
of 0.44. At elevations higher than 1700 m.a.s.] all products show the
highest mean MAE values ranging between 76.1 mm and 123.9 mm. In
addition, TerraClimate and WorlClim showed the largest overestimation
at heights> 1700 m.a.s.l. with 67.2% and 68.8%, respectively. After bias
correction, we found that CHIRPS turn from overestimation across
heights lower than 1400 m.a.s.l. and higher than 1700 m.a.s.l to un-
derestimations across all altitudes. The mean KGE values presented in-
crements for all products and across all elevations, with CHIRPS having
the best mean KGE scores of all products, with values ranging between
0.66 and 0.67.
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Fig. 7. Spatial distribution of KGE and Pbias (before and after bias correction) at different altitudes for the rainy season (MAM) in 1981-2018.

Lower elevations typically improve performance across the three
products (Figs. 8 and 9). This is due to the observed trend that as
elevation rises, the effectiveness of gridded products tends to decrease
(Valencia et al., 2023). Additionally, the CHIRPS algorithms may
struggle to accurately detect convective and stratiform rainfall events,
according to (Arregocés et al., 2023), which makes them conclude that
this limitation stems from the algorithms’ failure to consider factors that
influence precipitation rates below the upper cloud level. Paredes-Trejo
et al. (2017) highlighted CHIRPS’s tendency to underestimate monthly
rainfall in orographic regions. Various studies have demonstrated the

11

challenge gridded datasets face in accurately capturing orographic
rainfall. These investigations have identified situations in which warm
orographic rains, frigid surfaces, and ice-covered mountain tops tend to
be erroneously identified as precipitation (Rivera et al., 2018; Toté et al.,
2015; Vicente et al., 2002).

Fig. 9 illustrates that all gridded products performed poorly at higher
elevations, notably between 1,700 and 3,500 m.a.s.l. Stations positioned
at elevations between 1,400 and 1,700 m.a.s.l. exhibited the most
favorable mean Pbias values for all products. Conversely, MAE values
were higher for stations at elevations exceeding 1700 m.a.s.l. The
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Fig. 8. Spatial distribution of KGE and Pbias (before and after bias correction) at different altitudes for the reduced rainfall season (JJA) in the 1981-2018 period.

elevation-dependent analysis suggests that the effectiveness of CHIRPS,
TerraClimate, and WorldClim tends to diminish as elevation increases
across all seasons (Fig. S2 and Fig. S3), as observed in previous studies
(Dumont et al., 2022; Rivera et al., 2018). In different regions world-
wide, TerraClimate has displayed limitations in accurately representing
orographic effects (Dumont et al., 2022), while WorldClim has exhibited
spatial heterogeneity influenced by local and regional topography
(Wang et al., 2022).

A summary of the main results is shown in Table 3. CHIRP’sS sta-
tistical metrics show suitability at temporal and orographic scales. These

12

findings align with the spatiotemporal assessment of gridded precipi-
tation products made by Valencia et al. (2023). Additionally, several
studies have reported that precipitation products tend to overestimate
(underestimate) low (high) precipitation values in products like CHIRPS
(Ocampo-Marulanda et al., 2022; Paredes-Trejo et al., 2017) for Terra-
Climate (Cepeda and Canon, 2022; Dumont et al., 2022; Filgueiras et al.,
2022) and WorldClim (Wang et al., 2022).

According to Toté et al. (2015), CHIRPS demonstrates limited pro-
ficiency in rainfall detection, primarily attributed to its reliance on 0.25°
TRMM data. This dependence leads to an inclination for over-prediction,
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as the dataset tends to do it over larger areas, amplifying the frequency
of rainfall events (Toté et al., 2015). Funk et al. (2015b) suggested that
this tendency may be associated with the sparse distribution of anchor
stations at higher altitudes. Additionally, TerraClimate’s interpolation
of ground data is primarily influenced by regional rainfall patterns,
resulting in a relatively modest representation of orographic effects.
Consequently, TerraClimate’s capability to estimate spatial rainfall
patterns is constrained (Funk et al., 2015b; Toté et al., 2015).

In general, state-of-the-art precipitation datasets still retain impor-
tant biases and errors in mountainous tropical areas, which can be
minimized through bias correction methods, thereby improving the
datasets at different spatiotemporal scales. This improvement, for
example, can contribute significantly to an adequate assessment of
extreme events that could result in hydrometeorological hazards in the
UCRB. The outcomes indicate substantial reductions in rainfall biases at
annual, seasonal, and monthly scales, significantly improving dataset
accuracy. The method proves particularly effective in correcting positive
biases during rainy months (Fig. S5), although certain negative biases
persist, particularly in less rainy months and at higher altitudes. Ac-
cording to Velasquez et al. (2020), some of these remaining biases may
be attributed to potential error propagation originating from interpo-
lation methods and “gauge undercatch” in gridded observational data-
sets, especially in regions of high altitude where data availability is
limited.
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3.3. Trend analysis

Fig. 10 displays the precipitation temporal evolution from observa-
tions and datasets on annual and seasonal scales. Based on annual scale
data from rainfall stations and the raw and corrected datasets, there has
mostly been a decrease in precipitation levels in the study area from
1981 to 2018. Specifically, 73.3% of the observational rainfall stations
reported negative trends on an annual scale and the hydrological year.
In the same way, CHIRPS, CHIRPS-C, WorlClim, and WorldClim-C
reproduce negative trends, but between 80 and 93% of the points
evaluated. Opposite, TerraClimate, and TerraClimate-C delivered posi-
tive trends in more than 70% of the points related to the localization of
stations.

Regarding trend magnitudes (Table S2 displays the average trend
value over UCRB), a consistent negative trend was observed across all
evaluated scales, ranging from —40.07 mm/decade to —48.23 mm/
decade for the annual and hydrological year scales. CHIRPS exhibited
the best performance in estimating magnitudes at these scales, with
average magnitudes of —38.58 mm/decade (Annual) and —37.88 mm/
decade (Hydrological year). After bias correction, CHIRPS-C improved
to —48.00 mm/decade and —48.56 mm/decade, respectively. In
contrast, TerraClimate and WorldClim did not closely simulate the
negative trend or the magnitudes at these scales. For instance, Terra-
climate showed an average of 11.09 mm/decade and WorldClim 10.55
mm/decade at the hydrological year scale.

Seasonal analysis supported these findings, a consistent negative
trend across all seasons, ranging from —3.35 mm/decade to —26.3 mm/
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Fig. 10. (a-f) Trends per decade at annual, hydrological, and seasonal scales. (g) Percentage of stations with positive and negative trends from the total stations

between 1981 and 2018. Significant trends are represented by plus symbols at the confidence level of 90% (a = 0.1). C, T, W, CC, TC, WC and Obs indicates CHIRPS,
TerraClimate, WorlClim, CHIRPS-C, TerraClimate-C, WorlClim-C, and Observation.

decade (Table S2). During the JJA, SON, and DJF, with 80%, 73.03%, correction method. After bias correction, we obtained a new precipita-

and 60%, respectively, the observational stations showed a consistent tion time series with high spatial resolution at a monthly scale, which
decrease in precipitation. However, the signal is mixed in MAM because could be an acceptable complement to sparse rain gauge observations in
only 50% of stations delivered negative trends. Comparing the trend this Andean region characterized by complex topography and data
patterns with climate datasets, CHIRPS-C showed the most similar scarcity.

behavior to observed stations during DJF and JJA, and TerraClimate The results showed that CHIRPS better captured the temporal vari-

during MAM and SON. Noteworthy, in DJF, only CHIRPS and CHIRPS-C ability of precipitation on a monthly scale compared to annually.
can reproduce the observation’s negative trends; the rest of the raw and However, CHIRPS preserved important precipitation features such as

corrected dataset reproduces positive trends in 100% of the stations. mean, total cumulative precipitation, and seasonality scales. Moreover,
These results align with previous studies by Avila et al. (2019) and while CHIRPS accurately represented spatial patterns, it did not pre-
Puertas et al. (2008), which also found a predominance of negative cisely depict altitudinal rainfall gradients at higher altitudes. TerraCli-
trends in precipitation levels in the study area. mate exhibited suitable statistical metrics for characterizing the spatial
rainfall pattern but tended to underestimate rainfall values at an annual
4. Conclusions scale in lower altitudes. WorldClim showed the highest accuracy among
the three precipitation products at the interannual time scale. However,
This study evaluated and compared three high-resolution precipita- at the seasonal scale, WorldClim overestimated rainfall amounts and
tion products over UCRB between 1981 and 2018 on annual, seasonal, variability. From a spatial perspective, WorldClim showed inconsistency
and monthly scales. Additionally, we investigated the performance of in representing the regional rainfall pattern and struggled to estimate
the best precipitation product before and after applying a bias- rainfall in higher altitudes.
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Although the three-precipitation databases represent certain aspects
of rainfall over the URCB, CHIRPS emerged as the best precipitation
product for the region (Table 3), a conclusion similar to those found by
Cepeda and Canon (2022) who studied the Upper Chichamocha River
Basin which is located on the Eastern Cordillera of the Colombian Andes,
with a mean elevation of 2874 m.a.s.l. and the altitudinal range varies
between 2500 and 3950 m.a.s.l. while our study focused on the Upper
Cauca River Basin, located between the Andes’ Western and Central
mountains and has an altitudinal range that varies between 800 and
4000 m.a.s.l.

Although the high-resolution gridded products used in this study
offer valuable insights at the local scale, their usage must be conditioned
by their known limits. Additionally, our findings highlight that imple-
menting bias correction reduces the rainfall estimation error associated
with regional satellite products. This underscores the crucial role of
employing such methodology in hydrological studies.

The novelty of these findings lies in the fact that the monthly cor-
rected values from high-resolution products can be used as reference
values for comparing, evaluating, and calibrating global and regional
climate models, which frequently lack high spatial resolution
throughout the UCRB. Integrating high-quality and corrected precipi-
tation data into hydrological or land-surface models could generate
reliable outputs, particularly in applications sensitive to precipitation
changes and in areas lacking meteorological stations.
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