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Abstract : Spatial downscaling with fine resolution auxiliary variables has been widely applied to predict

precipitation at fine resolution from coarse resolution satellite-based precipitation products. The spatial

downscaling framework is usually based on the decomposition of precipitation values into trend and residual

components. The fine resolution auxiliary variables contribute to the estimation of the trend components.

The main focus of this study is on quantitative analysis of impacts of trend component estimates on predictive

performance in spatial downscaling. Two regression models were considered to estimate the trend

components: multiple linear regression (MLR) and geographically weighted regression (GWR). After

estimating the trend components using the two models, residual components were predicted at fine resolution

grids using area-to-point kriging. Finally, the sum of the trend and residual components were considered as

downscaling results. From the downscaling experiments with time-series Tropical Rainfall Measuring Mission

(TRMM) 3B43 precipitation data, MLR-based downscaling showed the similar or even better predictive

performance, compared with GWR-based downscaling with very high explanatory power. Despite very high

explanatory power of GWR, the relationships quantified from TRMM precipitation data with errors and the

auxiliary variables at coarse resolution may exaggerate the errors in the trend components at fine resolution.

As a result, the errors attached to the trend estimates greatly affected the predictive performance. These

results indicate that any regression model with high explanatory power does not always improve predictive

performance due to intrinsic errors of the input coarse resolution data. Thus, it is suggested that the

explanatory power of trend estimation models alone cannot be always used for the selection of an optimal

model in spatial downscaling with fine resolution auxiliary variables.
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1. Introduction

In recent year, several satellite-based precipitation
products, which can provide spatial precipitation
distributions with high temporal resolutions over large
areas, have often been used for hydrological and
ecological modeling tasks (Kim et al., 2013; Lee et al.,
2014; van Heok et al., 2016). However, the spatial
resolution of the satellite-based precipitation products is
too coarse to apply for a local scale analysis, in particular
some regions where few rain gauge data are available.
For example, Tropical Rainfall Measuring Mission
(TRMM) precipitation data provide precipitation
information with a spatial resolution of 0.25˚ which may
not be adequate for local hydrological modeling.

To resolve this scale issue, spatial downscaling or
disaggregation of coarse resolution satellite-based
precipitation products has been often applied to map
precipitation at a finer resolution. For downscaling the
precipitation products, satellite-based environmental
variables such as elevation and vegetation index, which
are related to precipitation, has been widely used as
auxiliary variables (Foody, 2003; Immerzeel et al., 2009;
Jia et al., 2011). In order to incorporate the fine
resolution auxiliary variables into spatial downscaling,
component decomposition models have been used as a
main downscaling framework. The basic principle of the
component decomposition models is that any target
attribute can be decomposed into trend and residual
components (Park, 2013). The trend components are
estimated using regression analysis of the target attribute
and auxiliary variables. The residual components, which
cannot be explained by the auxiliary variables, are
separately estimated at fine resolution. The final
downscaling results are obtained by the sum of the trend
and residual components at fine resolution.

When applying the component decomposition models
to spatial downscaling, many regression models have
been applied to estimate the trend components by

considering quantitative relationships between the target
attribute and auxiliary variables (Immerzeel et al., 2009;
Jia et al., 2011; Xu et al., 2015). For example, multiple
linear regression (MLR), exponential models,
geographically weighted regression (GWR), random
forests and support vector machines have been applied
for downscaling satellite-based precipitation products
(Immerzeel et al., 2009; Chen et al., 2014; Chen et al.,
2015; Jing et al., 2016). When estimating the trend
components using regression models, the different
regression models are affected by the quality of input
coarse resolution satellite-based products. If the input
coarse resolution products include significant intrinsic
errors and a certain regression model has very high
explanatory power, both error propagation and over-
fitting may yield the downscaling results with poor
predictive performance. However, previous studies have
applied advanced regression models with high
explanatory power without analyzing these effects.

The main objective of this study is to investigate the
impact of explanatory powers of different regression
models on predictive performance of downscaling. MLR
and GWR are employed in this study to estimate the trend
components within a geostatistical downscaling model in
Park (2013). Unlike MLR that uses global regression
coefficients, GWR uses spatially varying relationships
between dependent and independent variables and
usually has very high explanatory power (Fotheringham
et al., 2002). Experiments for spatial downscaling of
TRMM 3B43 precipitation data with fine resolution
auxiliary variables in South Korea are conducted to
evaluate the impact of trend components.

2. Materials and Methods

1) Materials 
The study area is South Korea where the East Asian

summer monsoon with rainy season is dominant from
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late June to late July (Ryu et al., 2012) (Fig. 1). TRMM
3B43 data that provide monthly precipitation intensity
(Kummerow et al., 1998; Huffman et al., 2007) were
used as input data for spatial downscaling. Except for
April and October with the low amount of precipitation,
the precipitation data acquired from May to September
2013 were used in the downscaling experiments. The
original TRMM precipitation data were geocoded to
Transverse Mercator (TM) coordinates with a spatial
resolution of 25 km and the precipitation intensity was
converted to monthly accumulated precipitation at a
mm scale.

Digital elevation model (DEM) and normalized
difference vegetation index (NDVI), which have been
widely used in spatial downscaling of precipitation
(Immerzeel et al., 2009; Jia et al., 2011; Chen et al.,
2014), were used in the downscaling experiments. The
MODIS monthly NDVI products (MOD13) and
Shuttle Radar Topography Mission (SRTM) DEM
were used as fine resolution auxiliary variables. Both
NDVI and DEM were geocoded to TM coordinates at
a spatial resolution of 1 km. Thus, the input and target
resolutions are 25 km and 1 km, respectively.

For evaluation of predictive performance of different

regression models, 69 precipitation data from
automated synoptic observing system (ASOS) were
used as a validation set (Fig. 1). By considering the
availability of the NDVI and DEM, some islands were
excluded and spatial downscaling was carried out only
in land.

2) Methods
The geostatistical downscaling model in Park (2013)

was employed as a main downscaling method (Fig. 2).
Based on the component decomposition, trend
components are estimated from regression modeling
with DEM and NDVI. In this study, MLR and GWR
are employed as regression models. To quantify the
relationships between TRMM precipitation and
auxiliary variables, NDVI and DEM are first upscaled
to the 25 km data by applying an average operator.
Then, MLR and GWR are applied to derive
quantitative relationships between precipitation and the
two auxiliary variables at the original 25 km resolution.
The trend components at 1 km resolution are then
obtained by applying the relationships to DEM and
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Fig. 1.  The location of ASOS over the DEM in South Korea.
Fig. 2.  Flowchart for spatial downscaling of TRMM precipitation

data with DEM and NDVI.



NDVI at 1 km resolution. Residuals available at 25 km
resolution are downscaled via area-to-point (ATP)
kriging (Kyriakidis, 2004). The downscaled
precipitation at 1 km resolution is finally obtained by
adding the residual components to the trend
components at 1 km resolution.

(1) Trend components estimation
As for the first regression model, MLR is first

applied to estimate trend components, which is the
basic regression model for estimating linear
relationships among the variables (Myers, 1990).
Suppose that there are K TRMM precipitation pixels
{zp (vk), k = 1,…,K} at 25 km resolution, where vk

denotes the location of kth pixels. If yDEM (vk) and yNDVI

(vk) refer to upscaled DEM and NDVI at 25 km
resolution, then the multiple linear regression model is
given as:
    zp (vk) = a + b·yDEM (vk) + c·yNDVI (vk) + R(vk)     (1)

where a, b, and c are linear regression coefficients for
the intercept, and slopes of DEM and NDVI,
respectively. R(vk) is the residual at 25 km resolution.

Under the scale-invariant property, the regression
coefficients at 25 km resolution in equation (1) can be
applied directly to the DEM and NDVI at 1 km
resolution (Park, 2013). The regression model at 1 km
resolution can be given as equation (2):
       (zp̂MLR)(u) = a + b·yDEM (u) + c·yNDVI (u)          (2)

where (zp̂MLR)(u) denotes the trend components at the
location (u) of pixels at 1 km resolution.

GWR is one of spatial regression models where
regression coefficients for independent variables
changes as a function of the location u in space
(Fotheringham et al., 2002). Thus, equation (1) for the
aspatial regression model is modified for GWR as:
            zp(vk) = a(vk) + b(vk)·yDEM (vk) 

+ c(vk)·yNDVI(vk) + R(vk)         (3)

If Z and Y denote the matrix of dependent and

independent variables, respectively, the estimates of
regression coefficients (β̂) is given as (Fotheringham
et al., 2002):

β̂=(YTWY)-1 YTWZ                            (4)

where W is the geographical weight matrix in which
off-diagonal elements are zero and diagonal elements
are the weightings. T denotes the transpose of a matrix.
Equation (4) is applied to data sets at both 25 km and 1
km resolutions.

The trend components (zp̂GWR(u)) at 1 km resolution
are obtained using the following relationship in
equation (3):
  (zp̂GWR)(u) = a(u) + b(u)·yDEM (u)+ c(u)·yNDVI (u)    (5)

Unlike equation (2) where the same regression
coefficients are used in the regression models at
different resolutions, the regression coefficients at 1 km
resolution in GWR are newly estimated using local
weights in equation (4).

In GWR, the independent variables are weighted in
accordance with their proximity to the regression
location. Thus, the different regression coefficients are
obtained when using independent variables at different
resolutions. In GWR, a spatial kernel function is used
to compute the geographical weight matrix. There are
two primary kernel functions such as fixed and adaptive
kernels (Fotheringham et al., 2002). To consider data
locations in coastal areas, the adaptive bi-square
functions of which size can spatially change according
to the density of data was applied in this study.

(2) Residual components estimation
Even though any advanced regression models are

applied to estimate the trend components, one cannot
ignore the residuals that cannot be accounted for by
independent variables. After applying regression
modeling, thus, the next step is to predict residual
components at 1 km resolution from residuals at 25 km
resolution (R(vk)), as shown in equations (1) and (3).

In this study, ATP kriging proposed by Kyriakidis
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(2004) was employed to predict the residual
components at 1 km resolution. Residual estimates at
1 km resolution by ATP ordinary kriging can be
obtained by a linear combination of neighboring
residuals at 25 km resolution as:

          R(u) = λk (u)R(υk) with λk (u) = 1            (6)

where λk (u) is an ordinary kriging weight assigned to
the residual R(υk) at 25 km resolution. The point-
support variogram required for the ordinary kriging
weights in equation (6) was estimated by variogram
deconvolution (Goovaerts, 2008).

The downscaling results at 1 km resolution were
finally obtained by adding the residual components
estimates in equation (6) to the trend component
estimates in either equation (2) or equation (5).

(3) Evaluation
The predictive performance of downscaling results

based on MLR and GWR models was evaluated by
comparing true precipitation values from 69 ASOS
data. The root mean square error (RMSE) was
computed as a quantitative measure of errors. In
addition, the index of relative improvement in RMSE
of GWR with respect to RMSE of MLR was computed
to highlight the different predictive performance of
MLR and GWR models.

          RI(%) = ×100           (7)

where RMSEGWR and RMSEMLR are the RMSE values
for downscaling results based on GWR and MLR,
respectively.

3. Results and Discussion

First, MLR and GWR were applied to quantify the
relationship between TRMM precipitation and two
independent variables at 25 km resolution. How well

the regression models with DEM and NDVI could fit
the TRMM precipitation was quantified as the
coefficient of determination (R2) (Table 1). The square
of the linear correlation coefficient between the original
TRMM precipitation data and the GWR predictions
was used as R2 for GWR. As expected, GWR models
had very higher R2 values for all months than MLR
models because GWR can model local relationships.
By contrast, some months such as June and August
showed very low R2 values for MLR, which indicates
that the linear relationship between TRMM
precipitation and the DEM and NDVI was very weak
and other variables or non-linear relationships should
be applied to regression modeling. Convective
precipitation by the East Asian summer monsoon is
very common in South Korea (Ryu et al., 2012). Thus,
elevation and vegetation index might fail to convey
sufficient information on precipitation during the
application of MLR. Since the TRMM precipitation is
regarded as the sum of trend and residual components,
it is expected that the downscaling results based on
MLR are greatly affected by the residuals. Meanwhile,
the very high R2 values for GWR indicate the
magnitude of the residuals is very low. Accordingly,
the downscaling results based on GWR are expected
to be affected much by the trend components. Fig. 3
presents the original TRMM precipitation data at 25
km resolution and the trend components at 1 km
resolution estimated by MLR and GWR in July. As
GWR has a R2 value of 98.7%, the trend components
of GWR account for most of variations of the TRMM
precipitation data while reflecting the overall spatial
patterns of the original TRMM data.

Next, ATP kriging was applied to predict the residual
components at 1 km resolution. The residual
components in July are shown in Fig. 4. The predictions
of the residuals of MLR showed very large positive and
negative values in the northern and south-eastern parts
of the study area in which the precipitation value in the
original TRMM data was very high and low,

K

∑
k = 1

RMSEMLR � RMSEGWR
RMSEMLR

K

∑
k = 1
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respectively. The lower explanatory power of MLR
resulted in the relatively large value of residuals. Thus,
the residuals contain the major characteristics of the
TRMM precipitation data. By contrast, the predictions
of the residuals of GWR are relatively lower than those
of MLR because the most of variations of the TRMM

precipitation data have been already explained by the
DEM and NDVI.

The final downscaling results at 1 km resolution are
presented in Fig. 5. Both the trend and residual
components contributed to the generation of
downscaling results. Thus, all downscaling results
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Table 1.  R2 values of MLR and GWR models for each month
May June July August September

MLR 17.7 3.2 15.5 2.4 2.8
GWR 96.5 96.1 98.7 97.4 97.2

Fig. 3.  Trend components at 1 km resolution in July estimated by MLR and GWR. The TRMM precipitation data at 25 km resolution
is given for a comparison purpose.

Fig. 4.  Residual components at 1 km resolution in July estimated by ATP kriging.
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Fig. 5.  Downscaling results of monthly TRMM precipitation data using MLR and GWR: (a) May, (b) June, (c) July, (d) August, and
(e) September.

(c)

(b)

(a)



preserved the overall spatial patterns of precipitation in
the TRMM data. But, local variations in the
downscaling results were different due to the
application of different regression models, which yield
the different predictive performance. Some
discontinuous patterns observed in downscaling results
using GWR were also included in those using MLR,
particularly for May and July due to relatively higher
R2 values. In particular, these patterns appeared to be
more prominent in July when the variability of
precipitation was significant. As shown in Fig. 3, the
local variation of precipitation was more prominent in
the trend estimates using MLR than those using GWR.

After residual correction, these variations in the trend
estimates were reduced in the downscaling results using
MLR. Meanwhile, most variations of TRMM
precipitation were already explained by the trend
estimates using GWR (the R2 value of 98.7%). As a
result, the contribution of residual correction was
relatively low and the downscaling results using GWR
were very similar to the trend estimates.

The evaluation results of predictive performance of
MLR- and GWR-based downscaling results are given
in Table 2. Unlike the expectations from the very high
explanatory power of GWR, GWR did not improve
predictive performance, compared with MLR. MLR-
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based downscaling results showed similar or even
improved predictive performance, except for June. In
particular, the significant improvement in the RMSE
for MLR was obtained in July. Similar results were
reported in previous studies such as Jia et al. (2008) and
Park et al. (2016). The poor predictive performance
may be explained by the errors in the original TRMM
precipitation data. The higher explanatory power of
GWR yielded the trend components that have been
over-fitted to the TRMM precipitation data with errors.
Although the trend components were added to the
residual components with relatively small values, the
downscaling results were still affected greatly by the
trend components over-fitted to the erroneous input
data, thus, resulting in the poor predictive performance.
These results indicate that the regression model selected
with high explanatory power may not always improve
the predictive performance due to the impacts of errors
and residuals, which is well recognized in statistical
modeling (Hastie et al., 2009; Shmueli, 2010)

4. Conclusions

In this study, the impact of trend component
estimates on downscaling performance was
investigated in spatial downscaling of satellite-based
precipitation products with auxiliary variables. MLR
and GWR were employed as the regression models to
estimate the trend components. Experiments with
monthly TRMM precipitation data revealed that the
downscaling results based on GWR showed very high

explanatory power in estimating the trend
components, but did not lead to an improvement in
predictive performance. In most months, the
downscaling with GWR showed even worse
predictive performance than that with MLR. Thus, it
is concluded that the great explanatory power of the
regression models does not always guarantee the
better predictive performance because over-fitting to
input data including intrinsic errors may degrade the
predictive performance.

In spatial downscaling based on component
decomposition models, the downscaling results are
affected by both trend and residual components.
When there remain a lot of residuals after regression
modeling, the prediction of residuals is also affected
by the errors in the input data because the residuals
contain the large proportion of the variations of the
input data. In this study, the impact of the errors in the
TRMM precipitation data was greater in the trend
component estimation than in the residual component
estimation. To strengthen these major findings in this
study, extensive experiments with more time-series
datasets will be carried out to investigate the impacts
of both trend and residual components on predictive
performance.
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Table 2.  Error statistics of downscaling results based on MLR and GWR models

Month
RMSE (mm)

RI of GWR over MLR (%)
MLR GWR

May 33.20 33.30 -0.30
June 34.05 33.88 0.50
July 119.70 146.46 -22.36

August 43.63 48.39 -10.91
September 38.63 39.42 -2.05



Science, ICT & Future Planning (NRF-2015R1Q1Q1
Q05000966).
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