
1. Introduction

Coarse scale satellite data, such as those from the
Advanced Microwave Scanning Radiometer (AMSR)
and Global Precipitation Measurement (GPM) missions,

have been widely used for various hydrological and
environmental modeling tasks because they provide
thematic information with high temporal resolution at
global and regional scales (Njoku et al., 2003; Zhang
et al., 2003; Yang and Na, 2009; Hou et al., 2014; Kim

Assessing the Impacts of Errors in Coarse Scale Data 
on the Performance of Spatial Downscaling:

An Experiment with Synthetic Satellite 
Precipitation Products

Yeseul Kim* and No-Wook Park*†
*Department of Geoinformatic Engineering, Inha University

Abstract : The performance of spatial downscaling models depends on the quality of input coarse scale

products. Thus, the impact of intrinsic errors contained in coarse scale satellite products on predictive

performance should be properly assessed in parallel with the development of advanced downscaling models.

Such an assessment is the main objective of this paper. Based on a synthetic satellite precipitation product at

a coarse scale generated from rain gauge data, two synthetic precipitation products with different amounts

of error were generated and used as inputs for spatial downscaling. Geographically weighted regression, which

typically has very high explanatory power, was selected as the trend component estimation model, and area-

to-point kriging was applied for residual correction in the spatial downscaling experiment. When errors in the

coarse scale product were greater, the trend component estimates were much more susceptible to errors. But

residual correction could reduce the impact of the erroneous trend component estimates, which improved the

predictive performance. However, residual correction could not improve predictive performance significantly

when substantial errors were contained in the input coarse scale data. Therefore, the development of advanced

spatial downscaling models should be focused on correction of intrinsic errors in the coarse scale satellite

product if a priori error information could be available, rather than on the application of advanced regression

models with high explanatory power.

Key Words : Downscaling, Geographically weighted regression, Residual, Error analysis

Korean Journal of Remote Sensing, Vol.33, No.4, 2017, pp.445~454
http://dx.doi.org/10.7780/kjrs.2017.33.4.10

–445–

Received July 18, 2017; Revised August 8, 2017; Accepted August 28, 2017.
† Corresponding Author: No-Wook Park (nwpark@inha.ac.kr)
This is an Open-Access article distributed under the terms of the Creative Commons Attribution Non-Commercial License
(http://creativecommons. org/licenses/by-nc/3.0) which permits unrestricted non-commercial use, distribution, and reproduction in
any medium, provided the original work is properly cited.

ISSN 1225-6161 ( Print )
ISSN 2287-9307 (Online)

Article



et al., 2016). Despite the great potential of coarse scale
satellite data for environmental applications, it is often
difficult to apply these data to local analysis because of
their low spatial resolutions. To fully utilize the
advantages of coarse scale satellite data with high
temporal resolution, spatial downscaling or
disaggregation, which refers to predicting the attributes
of coarse scale data at a finer scale, have been applied
(Atkinson and Tate, 2000; Park, 2013; Kim and Park,
2016).

Auxiliary variables, which are available at a fine
scale and are also related to the target coarse scale data,
have often been used for spatial downscaling of coarse
scale satellite data (Fang et al., 2013; Srivastava et al.,
2013; Shi et al., 2015; Jing et al., 2016). Spatial
downscaling with auxiliary fine scale variables are
theoretically based on decomposition of the target
attribute into trend and residual components
(Immerzeel et al., 2009; Park, 2013). The trend
component, which refers to the background mean field
of the target property, is typically estimated from
quantitative relations between the target property and
related auxiliary variables. Various regression models,
including linear and non-linear regression models, have
been applied to estimate the trend component
(Immerzeel et al., 2009; Hong et al., 2011; Singh et al.,
2014). Recently, machine learning models and
geographically weighted regression (GWR) have been
applied to account for the complex relations between
the target property and auxiliary variables (Chen et al.,
2014; Chen et al., 2015; Hutengs and Vohland, 2016;
Kim and Park, 2016). The residual component, which
cannot be explained by auxiliary variables during the
trend component estimation, is often discarded for
spatial downscaling (Moon et al., 2014; Ke et al.,
2016), but some recent studies have highlighted the
importance of residual correction (Hutengs and
Vohland, 2016; Kim and Park, 2016).

Because trend components are estimated directly
from the regression model, intrinsic errors included in

coarse scale data greatly affect downscaling performance.
Any regression model with high explanatory power has
a tendency to over-fit the input coarse scale data with
errors (Kim and Park, 2017). As a result, predictive
performance may be poor because of error propagation.
Most previous downscaling studies have focused on
the application of advanced regression models (Chen
et al., 2014; Djamai et al., 2015; Hutengs and Vohland,
2016; Ke et al., 2016). To the best of our knowledge,
very few studies have analyzed the impacts of errors in
input coarse scale data on the predictive performance
of spatial downscaling. Recently, Kim and Park (2017)
reported that the regression model with higher
explanatory power did not always lead to improvement
of the predictive performance of the downscaling result
because of over-fitting input data with errors. However,
they did not investigate the degree to which errors in
coarse scale satellite data affect the predictive
performance of spatial downscaling.

In this study, the impact of errors in coarse scale
satellite data on the predictive performance of spatial
downscaling was quantitatively assessed through a
downscaling experiment with synthetic datasets.
Because information on errors at each pixel of the
coarse scale satellite data is not readily available,
synthetic precipitation datasets were first generated and
then used as inputs for the spatial downscaling
experiment. Through this downscaling experiment with
the synthetic datasets, we investigated and discussed
the impacts of errors in input data and residual
correction on the predictive performance.

2. Data and Methods

1) Data
Assessment of the impact of errors in coarse scale

satellite data requires both true error-free input data
which can be regarded as reference data with no errors,
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and quantitative information on errors (e.g., magnitude).
However, this information is not available in processing
satellite data. Therefore, true error-free input data were
first generated, and some degree of error was
intentionally added to the true input data. To mimic
actual satellite data processing, precipitation was
experimentally selected as a target attribute for spatial
downscaling, because many rain gauge datasets, which
can be regarded as measurements of true amounts of
precipitation, are readily available in South Korea.

First, the error-free coarse scale precipitation product
for South Korea was generated by applying block
kriging (Goovaerts, 1997) with monthly accumulated
precipitation measurements from automated weather
station (AWS) and automated synoptic observing
system (ASOS). Errors associated with block kriging
itself were not considered because relative comparison
is the main objective of this experiment with synthetic
data. Islands, including Jeju, were excluded from the
experiment to conduct downscaling only on the
mainland of South Korea because the AWS and ASOS
data are available mainly over land. In addition, to
represent the precipitation characteristics of South
Korea, data from April and July in 2015 were chosen.
Out of 448 rain gauge datasets available on land in

South Korea, 298 and 150 rain gauges were used to
generate the error-free precipitation product and
validation, respectively, as denoted by gray and black
circles, respectively, in Fig. 1. The spatial resolution of
the error-free precipitation product at a coarse scale was
experimentally set to 10 km, which is equal to that of
GPM precipitation data.

Two synthetic precipitation products with different
errors were generated and considered as actual satellite
precipitation products. Errors from Gaussian distributions
with means of zero and different standard deviation
values (10 and 50) were added intentionally to the
error-free precipitation product. The three synthetic
precipitation products used for spatial downscaling are
shown in Fig. 2. Hereafter, E0, E1, and E2 refer to
coarse scale precipitation products with no errors,
relatively small errors, and relatively large errors,
respectively.

MODIS monthly normalized difference vegetation
index (NDVI) and elevation data from shuttle radar
topography mission (SRTM) DEM, which have been
widely used in spatial downscaling of monthly
precipitation products (Chen et al., 2014; Chen et al.,
2015; Jing et al., 2016), were used as fine scale
auxiliary variables. The spatial resolution of the
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Fig. 1.  Locations of rain gauges in the study area used for both modeling and validation.



auxiliary variables was set to 1 km. Thus, the
downscaling results were obtained at 1 km resolution.

2) Methods
For spatial downscaling of coarse scale satellite

products with NDVI and elevation, area-to-point
regression kriging (Park, 2013) was employed as the
main downscaling model (Fig. 3). The key idea of this
model is the decomposition of precipitation into
deterministic trend and stochastic residual components
(Park, 2013). Regression and area-to-point kriging
(Kyriakidis, 2004) were used to estimate the trend and
residual components, respectively. A detailed
theoretical background to this approach has been
provided by Park (2013).

In this study, GWR with locally estimated regression
coefficients (Fotheringham et al., 2002) was selected

as the regression model, as described by Kim and Park
(2017). GWR typically shows higher explanatory
power than linear regression; therefore, it is appropriate
to analyze the impact of errors in the input coarse scale
data. After GWR was applied at 10 km resolution, the
estimated regression coefficients were directly applied
to NDVI and elevation data at 1 km resolution to
estimate the trend component at 1 km resolution. Area-
to-point kriging (Kyriakidis, 2004), which has been
known as effective for predicting attribute values at a
fine scale from block data at a coarse scale, was
employed to estimate the residual component at 1 km
resolution from residuals at 10 km resolution. The final
downscaling results were obtained by adding the trend
and residual components estimated at 1 km resolution.

In the component decomposition approach, the
estimation of trend and residual components depends
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Fig. 2.  Three synthetic precipitation products at 10km for (a) April and (b) July. E0, E1, and E2
denote coarse scale precipitation products with no errors, relatively small errors, and
relatively large errors, respectively.



heavily on the regression model applied. In the case of
the regression model with high explanatory power, the
trend component tends to have a greater impact than
the residual component on the predictive performance
of downscaling. If errors are included in the target
coarse scale data, they affect both the trend and residual
components. The trend component estimated by over-
fitting the erroneous coarse scale data results in the
smaller residual component and greatly affects
predictive performance. In addition, if the explanatory
power of the regression model is relatively low, the
residual component is much larger than the trend
component. In this case, errors in the original coarse
scale data are reflected in the residual component and
affect the predictive performance accordingly.
Therefore, it is necessary to assess the impacts of both
over-fitting in estimation of the trend component and
residual correction. For comparison purposes, two
downscaling results obtained with and without residual
correction were generated for each synthetic precipitation
product.

Quantitative assessment of predictive performance
was conducted by comparing precipitation values at
150 reference rain gauges that were not used to generate
E0 (black circles in Fig. 1) with downscaling results.
Root mean square error (RMSE) values were used as a
quantitative measure of predictive accuracy.

3. Results and Discussion

For trend component estimation, GWR was applied
separately to three synthetic precipitation products at
10 km resolution. The coefficient of determination (R2)
between the input coarse scale precipitation and the
predicted precipitation at 10 km was computed to
quantify the explanatory power of the GWR model. As
shown in Table 1, an increase of errors in the input
coarse scale precipitation product led to a decrease of
the explanatory power of the GWR model for both
April and July. This result indicates that the impact of
residual correction on predictive performance increases
when the input coarse scale precipitation product
contains a large amount of error (e.g., E2).

Fig. 4 presents downscaling results based on trend
component estimates without residual correction. From
the comparison of Fig. 4 with the original coarse scale
precipitation shown in Fig. 2, the downscaling result
for E0 is quite similar to the original E0 product, and
this similarity can be ascribed to high explanatory
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Fig. 3.  Work flow of area-to-point regression kriging applied in this experiment.

Table 1.  Explanatory power (R2) of the GWR model for three
synthetic precipitation products for April and July

Data
Month E0 E1 E2

April 0.97 0.93 0.86
July 0.89 0.86 0.72



power of GWR in trend component estimation.
Detailed local patterns borrowed from NDVI and
elevation data at 1 km resolution were reflected in the
downscaling results without residual correction;
however, some noisy local patterns were also observed
in all trend components, particularly for April (boxes
in Fig. 4(a)). These noisy patterns may be generated
during the application of GWR modeled at 10 km
resolution to NDVI and elevation data at 1 km
resolution.

After the trend component was estimated via GWR,
the residual component at 1 km resolution was
predicted using area-to-point kriging. Then, the final
downscaling results were obtained by adding trend and
residual components at 1 km resolution.

The downscaling results with residual correction are
shown in Fig. 5. For the E0 product, spatial patterns
between downscaling results with and without residual

correction were very similar for both April and July
(Figs. 4 and 5). The similarity of spatial patterns
between these two downscaling results for the E0
product are mainly attributed to highest explanatory
power of the GWR model, which results in much
greater impact of the trend component than of the
residual component on the downscaling results. In
contrast, spatial patterns of the two downscaling results
for the E1 and E2 products were different. The residual
components for these two products with errors were
still smaller than the trend components, but had non-
negligible magnitudes compared with the E0 product.
Therefore, the errors of the products had considerable
influence on the downscaling results, which resulted in
different spatial patterns. In addition, some noisy
patterns in April shown in Fig. 4 are not found in Fig.
5, and the overall pattern of the original coarse sale data
shown in Fig. 2 was reflected well in the downscaling
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Fig. 4.  Downscaling results without residual correction for (a) April and (b) July. Each rectangle
denotes a pixel at 10 km resolution.



result with residual correction. These qualitative
comparison results indicate that the impact of the
residual component is reflected more strongly when the
product with smaller errors is downscaled than when
the product with larger errors is downscaled.

The results of quantitative comparison of predictive
performance for different downscaling results are
presented in Fig. 6. As expected, RMSEs increased for
both April and July when the magnitude of errors
increased, irrespective of residual correction. The
degree of improvement in predictive performance was
more pronounced in April than in July. When the E0
product in April was downscaled, the impact of residual
correction was not significant. However, improvement
of predictive performance was achieved for the E1 and
E2 products when residual correction was combined
with trend component estimation. In particular, the
RMSEs were significantly improved for the April

products. Residual correction led to improvement by
about 39.5 % and 24.8 % in RMSE for the E2 and E3
products, respectively, for April. The quantitative
relation over-fitted to the input data with errors through
the regression model with higher explanatory power
was directly applied to the auxiliary variables at a fine
scale, which led to poorer predictive performance.
Therefore, these quantitative assessment results in April
indicate that errors included in the input coarse scale
product have greater influence on trend component
estimation than residual component estimation.

However, the impacts of the magnitude of errors
and residual correction were not striking in July.
Improvement of only about 3.2 % in RMSE was
achieved for the E1 and E2 products in July. To
interpret the result in July in depth, we first checked the
quality and accuracy of input products at 10 km
resolution through the comparison with reference rain
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Fig. 5.  Downscaling results with residual corrections for (a) April and (b) July.



gauge data. The RMSEs of the E0 product at 10 km
resolution in April and July were 19.86 mm and 30.16
mm, respectively. In this experiment, the E0 product
was assumed to be error-free. However, this
assumption was not valid for the E0 product in July,
which means that errors from block kriging cannot be
ignored. This lower accuracy in the coarse scale
product in July led to less striking impacts of residual
correction, compared to the result in April. These non-
negligible errors in the E0 product in July were further
verified by comparing the nugget effect of residuals.
Among several parameters for variogram modeling, the
nugget effect that is a discontinuity at the origin of the
variogram is related to measurement errors (Goovaerts,
1997). When comparing the relative nugget effect that
is the ratio of the nugget effect to the total sill value, we
found the relative nugget effect values for the residuals
at a coarse scale in July were larger than those in April
(e.g., 0.60 and 0.77 for the E0 products in April and
July, respectively). The relatively lower explanatory
power in July (see Table 1) means that residuals in July
contain a large portion of the variability of input coarse
scale data with errors. As a result, the residuals of the
E0 product in July had a large relative nugget effect,
which indicates a large amount of error. Thus, the errors
in input data reduced the impact of residual correction
in July.

Based on the assessment results in both April and
July, it can be concluded that residual correction could

improve the predictive performance of downscaling in
some cases, but the impacts of residual correction also
depend on the magnitude of errors contained in the
input coarse scale data. It is thus necessary to develop
an advanced downscaling methodology that could
correct the impacts of errors.

4. Conclusions

In this study, the impact of errors included in coarse
scale data on spatial downscaling performance has been
quantitatively assessed. The quality of the trend
component estimated from coarse scale data with errors
and the necessity of residual correction were
investigated through a downscaling experiment with
synthetic precipitation products. The results of this
downscaling experiment indicated that when the input
coarse scale product contained errors, the trend
component estimated from the advanced regression
model (i.e., GWR in this study) was greatly affected by
those errors, and residual correction was needed to
reduce the impact of the trend component corrupted by
errors. However, as the errors in the coarse scale data
increased, predictive performance of the corresponding
downscaling results with residual correction also
decreased. Therefore, error correction should be
considered prior to or during downscaling coarse scale
satellite products with random and modeling errors. If
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Fig. 6. Comparison of RMSE values for downscaling results with and without residual correction.



quantitative information on error or uncertainty is
available for satellite products, this information could
be incorporated into the spatial downscaling framework
to reduce the impact of erroneous data. Future research
will be directed to developing an advanced spatial
downscaling model that can properly account for errors
in the input coarse scale satellite data, as well as to
verify major findings in this study through more
experiments.
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