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ABSTRACT

Reduction of in situ precipitation measurements increases the uncertainty of rainfall fields. To tackle this problem
we use alternative data sources, but not only remote sensed rainfall. We performed rain gauge interpolations,
downscaling of the MSWEP dataset based on vegetation data, simple linear downscaling, and a merging between
MSWEP and rain gauge data. We present a comparison of the performance of rainfall fields produced with different
network densities, which mimics precipitation data availability in a basin. We found that interpolation methods
highly deteriorate their performance when the network density is artificially reduced. Using vegetation indices with
a simple approach can reduce the error of the MSWEP, yet the highest reduction is achieved by blending the
MSWEP with the rain gauge data. A combination of downscaling and merging methods can further reduce the
error in low network densities.
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1 INTRODUCTION

A proper estimation of the distributed rainfall field in a basin is paramount. It affects the estimation of water
discharge in rainfall-runoff models, the calculation of indices in water planning and management, among other
studies. There exist many methodologies to perform this estimation, yet the most popular techniques are based
on rain gauge observations that are then interpolated. However, according to Garcia, Rodriguez, Wijnen, &
Pakulski (2016), there has been a global decrease in the in situ precipitation measurements in recent decades.

To improve the rainfall estimation in regions with data limitations, alternative sources such as satellite and
reanalysis data bring support and robustness to calculations. There is remote sensed data of rainfall but also
data associated with the influence of rainfall in other environmental variables. For instance, remote sensed
vegetation variables that have been exploited in the field of ecohydrology. Although these alternative products,
associated with rainfall quantification, have good spatial and temporal coverage, they suffer from bias and
temporal consistency. Several downscaling and merging algorithms have been proposed (Li & Shao, 2010).

The Double Smoothing (DS) algorithm is a statistical merging approach which is not based on gaussian or
geostationary assumptions (Li & Shao, 2010). It is a simple and flexible method that only requires the
coordinates and time series of the rain gauge and satellite products, allowing to easily add, retrieve or modify
the datasets used in the analysis. The purpose of this work is to compare the performance of the DS algorithm
against traditional interpolation and simple downscaling methodologies. In the analysis, the available rain
gauge information, inside a data rich watershed in the tropical Andes was constrained, allowing to explore the
model’s performance at different station densities.

2 DATA AND METHODS

The case study was the Sogamoso river basin in Colombia, which has 219 rain gauges, from where 156 were
selected for the analysis (those with more than 50% of missing daily rainfall data in the period 1980-2012 were
excluded). We used the Multi-Source Weighted-Ensemble Precipitation (MSWEP) (Beck et al., 2017) as rainfall
support product (rain gauges utilize in its creation were discarded). Estimates of the Enhanced Vegetation Index
(EVI) from the MODIS sensor on board of both the Terra and Aqua satellites (Didan, 2015), were used at 1km
resolution to perform a simple downscaling based on ecohydrological concepts. A 90 m resolution Digital
Elevation Model (DEM) was employed to bolster an interpolation method, coming from the SRTM mission.

We explored different levels of rain gauge network density and different configurations, via random sampling.
The performance of interpolation, downscaling and merging methods was calculated against the observed data
in the basin, using cross validation (CV) and independent validation (IV) methods. Due to the availability of EVI
measurements, the period chosen to conduct the goodness of fit was from 2000 to 2005.

The DS merging was conducted with the modified rainmerging R package, which allowed calibrating the model
parameters (Duque-Gardeazabal, Zamora, & Rodriguez, 2018). We also made use of the ordinary, universal,
external drift and regression Kriging, and IDW interpolators and chose to only show the best results for
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comparison (regression Kriging and IDW). We downscaled the precipitation of the MSWEP by monthly
averaging the EVI time series, upscaling the 1 km satellite images to 25 km, making a regression between the
25 km MSWEP and EVI values lagged 1 month (based on the experiments of Lépez Lépez, Immerzeel,
Rodriguez, Sterk, & Schellekens (2018)), applying the regression to the 1 km EVI values and finally
disaggregating the monthly rainfall into daily values. Likewise, we used a simple bilinear downscaling of the
MSWEP data.

3 RESULTS

Figure 1 shows that a bilinear downscaling can slightly reduce the RMSE of the MSWEP. However, the reduction
is higher if the analysis considers the cumulative influence of rainfall on vegetation, through the use of EVI.
These results are present for both comparison methodologies (CV and 1V), and for almost every rain gauge
network density and configuration. This behavior is also reported by the Percent Bias (not shown here).

Figure 2 shows a lower estimation error by using the interpolation methods than the performed downscalings.
Yet some of them highly suffer when the density of measurement is reduced (e.g. regression kriging). The
lowest error is consistently produced by merging the MSWEP with local rain gauges, even if the network density
is below 1 gauge/1000km2,
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Figure 1. Performance of MSWEP and its
downscalings, against the rain gauge networks Figure 2. Performance of MSWEP, interpolations
configuration and DS merging method

4 CONCLUSIONS

This research evidenced that the lowest rainfall error among the used methods was the merging between the
MSWEP and the rain gauges observations. This occurred not only for high density networks but also for
experiments mimicking a data scarce basin. It was also demonstrated that considering ancillary environmental
information can decrease the error. Even a simple regression with the EVI produced a higher error reduction
compared with a simple methodology. However, it did not outperform the merging with a low number of rain
gauges. More specialized downscaling methodologies such as the Geographic Weighted Regression and the
combination with other ancillary variables can improve even more the error of the rainfall field estimations. The
error can be further reduced if the rain gauge data is merged with a product that has been firstly downscaled
with the previously mentioned procedures.
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