
1. Introduction

In recent years, the rapid growth of computer 
and sensor technology has led to a rapid increase in 
the development and operation of various Earth
observation satellites. Korea is also developing and
operating its own Earth observation satellites, including
the KOMPSAT (KOrea Multi-Purpose SATellite) and
Geo-KOMPSAT (Geostationary KOMPSAT) series.

Various satellites observe the Earth’s atmosphere,
ocean, land, and polar regions using their own onboard
sensors. Multiple satellite-derived outputs are also
being produced from modeling and integrated analyses,
including land-cover, vegetation index, rainfall intensity,
soil moisture, and land/sea surface temperatures (Cho
and Suh, 2013; Kim et al., 2013; Park et al., 2015;
Skofronick-Jackson et al., 2017; Xue and Su, 2017;
Son and Kim, 2019). The thematic information from

An Overview of Theoretical and Practical Issues 
in Spatial Downscaling of Coarse Resolution 

Satellite-derived Products

No-Wook Park 1)†·Yeseul Kim2)·Geun-Ho Kwak2)

Abstract: This paper presents a comprehensive overview of recent model developments and practical issues in
spatial downscaling of coarse resolution satellite-derived products. First, theoretical aspects of spatial downscaling
models that have been applied when auxiliary variables are available at a finer spatial resolution are outlined and
discussed. Based on a thorough literature survey, the spatial downscaling models are classified into two categories,
including regression-based and component decomposition-based approaches, and their characteristics and limitations
are then discussed. Second, open issues that have not been fully taken into account and future research directions,
including quantification of uncertainty, trend component estimation across spatial scales, and an extension to a spatio-
temporal downscaling framework, are discussed. If methodological developments pertaining to these issues are done
in the near future, spatial downscaling is expected to play an important role in providing rich thematic information
at the target spatial resolution.

Key Words: Downscaling, Regression, Satellite-derived products, Geostatistics

Korean Journal of Remote Sensing, Vol.35, No.4, 2019, pp.589~607
https://doi.org/10.7780/kjrs.2019.35.4.8

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

Review

Received August 7, 2019; Accepted August 12, 2019; Published online August 19, 2019
1) Professor, Department of Geoinformatic Engineering, Inha University
2) PhD Candidate, Department of Geoinformatic Engineering, Inha University
† 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.

– 589 –

08박노욱(589~607)ok.qxp_원격35-4_2019  2019. 8. 28.  오후 4:07  페이지 589

https://orcid.org/0000-0002-9778-3624


these satellite-derived products is often used as input
for environmental modeling in various fields (Crow
and Wood, 2002; Hong et al., 2007; Oh et al., 2012;
Kim et al., 2019a).

The availability of satellite-derived products depends
heavily on both spatial and temporal resolutions of
input data. Satellite-derived products to be applied for
global, regional, or local analyses differ according to
their spatial resolutions. The period of time-series data
construction and analysis also varies, depending on
temporal resolutions (Park and Kyriakidis, 2019). Most
geostationary satellite products for global and regional
monitoring are obtained with high temporal but low
spatial resolutions. The low spatial resolution of
satellite-derived products is not adequate for detailed
local analysis. In contrast, high spatial resolution
products are not very often available. Fig. 1 illustrates
the difference of information content provided by
satellite data having different spatial resolutions. As
spatial resolution decreases, the amount of thematic
information decreases accordingly. Therefore, an
increase of spatial resolution is often required to fully
use thematic information with high temporal resolution
for environmental monitoring.

This kind of scale conversion, also known as change
of support within the geostatistics or spatial statistics
community (Cressie, 1993), is required for combined
analysis of multi-source spatial data sets with different

spatial units, because spatial data are not directly
obtained at the spatial resolution required for a
particular analytic purpose (Zhang et al., 2014). One
possible way to integrate data sets with different spatial
resolutions is to convert the fine resolution data to a
coarse resolution, thereby equalizing the same spatial
resolutions across data sets. However, this procedure
inevitably results in loss of fine scale information.
Therefore, it is also necessary to generate fine resolution
spatial data for integrated analysis of multi-sensor/
source spatial data sets.

Spatial downscaling, also called disaggregation, is a
scale conversion process that increases the spatial
resolution (Atkinson, 2013), whereas a decrease of
spatial resolution is referred to as spatial upscaling, or
aggregation (Fig. 2). As illustrated in Fig. 2, spatial
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Fig. 1.  Comparison of satellite data with different spatial resolutions. Numbers in parentheses indicate spatial resolution.

Fig. 2.  Illustration of spatial downscaling and upscaling.

08박노욱(589~607)ok.qxp_원격35-4_2019  2019. 8. 28.  오후 4:07  페이지 590



downscaling or upscaling can be applied to regularly
spaced raster data (e.g., satellite data) or areal data that
have irregular shapes and different sizes.

Since the late 2000s, several spatial downscaling
models have been developed and applied to obtain fine
resolution thematic information from coarse resolution
satellite-derived products. Although much effort has
been made to develop advanced spatial downscaling
models, there still remain important issues that greatly
affect the performance and interpretation of spatial
downscaling results; these have not yet been fully
considered in previous studies.

The objectives of this paper are to provide a
comprehensive overview of the state-of-the-art in
spatial downscaling of coarse resolution satellite-
derived products and outline major issues for future
research. First, we discuss the advantages and
limitations of current spatial downscaling models.
From a methodological viewpoint, particular attention
is paid to a geostatistical downscaling framework
(Kyriakidis, 2004) that can predict attribute values by
reflecting the characteristics of coarse resolution input
data. Second, open issues, which have been ignored 

in previous research, but should be considered for
methodological developments and practical applications,
are highlighted and discussed.

2. An Overview of Spatial Downscaling
Models

In this paper, we consider spatial downscaling
models that predict fine resolution thematic information
from coarse resolution satellite-derived products with
fine resolution auxiliary variables that are associated
with the coarse resolution data.

For the formulation of spatial downscaling tasks, let
zC (v) and zF (u) denote the attribute value of the coarse
resolution satellite-derived product and its value at a
fine resolution, respectively, and v and u denote a
coarse resolution pixel and a point within the coarse
pixel in a study area of interest, respectively. The
superscripts C and F denote coarse and fine resolutions,
respectively, throughout this paper. Other inputs for
spatial downscaling are N auxiliary variables that are
available at a fine resolution {ynF(u), n=1, …, N}. Under
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Table 1.  Summary and classification of research papers on spatial downscaling of coarse resolution satellite-derived products

Target product
Methodology

Reference
Regression Residual correction

Precipitation

Exponential regression Spline Immerzeel et al. (2009)
Linear regression Spline Jia et al. (2011)
Linear regression Area-to-point kriging Park (2013)

Geographically weighted regression Spline Chen et al. (2014, 2015)

Linear regression Inverse distance weighting,
point kriging, and spline Zheng and Zhu (2015)

Random forest Area-to-point kriging Kim and Park (2016)
Exponential regression Area-to-point kriging Park et al. (2016)

Linear regression and geographically
weighted regression Area-to-point kriging Kim and Park (2017a)

Cubist Spline Ma et al. (2017)
Random forest Spline Ma et al. (2018)

Geographically weighted regression, linear
regression, and artificial neural networks

Inverse distance weighting,
point kriging, and spline Zhang et al. (2018)

Linear regression and artificial neural
networks Bilinear resampling and spline Sharifi et al. (2019)
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this setting, the aim of spatial downscaling is to predict
the target attribute at a fine resolution (ẑF (u)) using 
all available information sources. Note that the
downscaling output is obtained at a resolution that is
the same as that of the auxiliary variables. The coarse
resolution data can be linked to the attribute values at a
fine resolution via a continuous kernel or sampling
function, g (Kyriakidis and Yoo, 2005):

                       zC (v) = �v g(u) zF (u)du                         (1)

where g can take several forms such as equal or
arbitrary weighting functions.

In this paper, spatial downscaling models are classified
into two categories, based on a literature survey: one
category uses a regression approach and the other is
based on component decomposition. Table 1 lists 
some research papers on spatial downscaling of coarse
resolution satellite-derived products according to the
target variables and the applied methodology. In the

following section, salient theoretical aspects of the two
approaches are given and discussed.

1) Regression-based Downscaling
(1) Basic Theory
In this approach, attribute values at a fine resolution

are predicted via regression modeling with fine
resolution auxiliary variables that are closely associated
with the target variable as:

                  ẑF (u) = f (ynF (u)) n = 1, …, N                   (2)

where f(·) denotes an applied regression function.
The whole workflow of the regression-based

downscaling approach is presented in Fig. 3. The 
coarse resolution target variable and fine resolution
auxiliary variables are regarded as dependent and
independent variables, respectively. Since the dependent
variable for regression modeling is available only at a
coarse resolution, the fine resolution auxiliary variables
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Table 1.  Continued

Target product
Methodology

Reference
Regression Residual correction

Soil moisture

Linear regression Choi and Hur (2012), 
Sánchez-Ruiz et al. (2014)

Random forest, boosted regression trees, and
cubist Im et al. (2016)

Linear regression Point kriging Kim et al. (2017)
Support vector regression and polynomial

regression Kim et al. (2018)

Geographically weighted regression Area-to-point kriging Jin et al. (2018a, 2018b)
Classification and regression trees, 

K-nearest neighbors, Bayesian regression, 
and random forest

Liu et al. (2018)

Random forest and polynomial regression Zhao et al. (2018)
Gradient boosting decision tree Wei et al. (2019)

Land surface 
temperature

Linear regression Zakšek and Oštir (2012),
Amazirh et al. (2019)

Random forest Direct assignment of coarse
resolution residuals

Hutengs and Vohland (2016),
Bartkowiak et al. (2019)

Geographically weighted regression Point kriging Duan and Li (2016)
Artificial neural networks Choe and Yom (2017)

Random forest Yoo et al. (2017)
Geographically weighted regression Area-to-point kriging Pereira et al. (2018)
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are first upscaled to the coarse resolution and regression
modeling is then conducted at a coarse resolution. f(·)
in equation (2) is constructed at a coarse resolution
under the practical assumption that the statistical
relationship between dependent and independent
variables remain unchanged across spatial resolutions.
Linear/non-linear models or advanced machine learning
models, including geographically weighted regression,
random forest, support vector regression, and artificial
neural networks, have been applied as regression
models (Table 1). The regression model constructed at
a coarse resolution is then applied directly to the fine
resolution auxiliary variables to obtain downscaling
results at a fine resolution, as shown in equation (2).

(2) Limitations
The regression-based approach is intuitively

understandable and easy to apply for spatial
downscaling. However, this approach has limitations.
Even though advanced regression models are applied
and auxiliary variables are very closely associated 
with the target variable, regression modeling seldom
accounts for the variation of the target variable perfectly
(i.e., explanatory power cannot be 100%). Consequently,
a residual component that cannot be fully explained 
by the auxiliary variables remains after regression
modeling has been applied. However, the regression-
based approach ignores the residual component. If the
auxiliary variables fail to convey sufficient information
on the target attribute, the residuals cannot be discarded,

because most of the variability of the target variable is
included in the residual component. Furthermore, the
spatial patterns of the downscaling results based purely
on regression modeling would be very different 
from those of the coarse resolution data, when the
explanatory power of the regression model is not large.

2) Component Decomposition-based
Downscaling
(1) Basic Theory
In this approach, the target variable is regarded as a

realization of a random function (Z) that is decomposed
into a deterministic trend component (M) and a stochastic
residual component (R) across the scale (Goovaerts,
1997; Kyriakidis, 2004; Park, 2013) as:

                       ZC (v) = MC (v) + RC (v)                         (3)

                      ZF (u) = MF (u) + RF (u)                        (4)

Using the relationships in equations (3) and (4), fine
resolution attribute values are obtained by summing the
trend and residual components estimated at a fine
resolution (mF (u) and rF (u), respectively) as:

                       ẑF (u) = mF (u) + rF (u)                         (5)

Regarding the decomposition of the target attribute
into the two components, it should be noted that 
since there are no trend data, the true trend component
cannot be available, which indicates that different trend
models (i.e., different regression models) can be applied
(Kyriakidis et al., 2004). As the residual component 
is computed by subtracting the trend component from
the input attribute value, different trend models yield
different residual components. Therefore, the selection
of a regression model for estimation of the trend
component affects both the estimation of the residual
component and the final downscaling results.

As shown in Fig. 4, the fine resolution trend
component is estimated using the fine resolution
auxiliary variables like a regression-based spatial
downscaling approach (see equation (2)). Since the
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Fig. 3.  Workflow of a regression-based spatial downscaling
model.
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regression model is constructed at a coarse resolution,
the residual component is also obtained at a coarse
resolution. The fine resolution residual component is
then predicted from the coarse resolution residual
component by applying interpolation methods. This
component decomposition approach can be regarded
as a hybrid approach in that regression modeling is first
applied for estimation of the trend component and
residual correction (i.e., adding the fine resolution
residual component) is then applied. Unlike the
regression-based approach, there is a possibility that
because of residual correction, spatial patterns of the
final downscaling results would be the same as or
similar to the coarse resolution data, even when the
explanatory power of the applied regression model is
not large.

(2) Prediction of Fine Resolution Residuals
Once the fine resolution trend component has been

estimated, the next task is to estimate the fine resolution
residual component from the coarse resolution residual
component (i.e., downscaling of coarse resolution
residuals). Conventional point interpolation methods,
including splines, point kriging, and inverse distance
weighting (IDW), have been routinely applied for
downscaling of residuals (Table 1). Since splines and
IDW are deterministic interpolators, the residual
component in equations (3) and (4) should be regarded

as the deterministic component, not the stochastic one.
When applying the point interpolators, it is assumed
that attribute values within each coarse pixel can be
collapsed into its centroid point. As discussed in
Goovaerts (2006), this assumption is reasonable if the
zoom ratio (i.e., the ratio between the spatial resolution
of the input data and the target fine resolution for
downscaling) is not too large. As the zoom ratio
increases, however, this simplification of coarse
resolution pixels to points fails to account for the
variations within the coarse resolution pixel.

To predict fine resolution attribute values from 
areal data, Kyriakidis (2004) proposed a novel
geostatistical framework, called area-to-point kriging
(ATPK), which can explicitly and consistently account
for scale differences between input data and point
predictions. Unlike conventional point kriging, ATPK
does not treat coarse resolution pixels or blocks as
points. Instead, it predicts attribute values at a target
fine resolution by a linear combination of neighboring
coarse resolution pixels or blocks. Thanks to its ability
to explicitly account for spatial correlation structures
across spatial scales, its application to downscale
residuals has increased (see Table 1).

The practical issue of the application of ATPK is that
a point-support variogram model is required to
compute area-to-area and area-to-point covariances in
the block kriging system (Kyriakidis, 2004). Since
spatial correlation structures differ across spatial scales,
the parameters (e.g., range and sill) of the areal or block
variogram model are different from those of the
unknown point-support variogram model. This implies
that the block variogram model should not be used 
for ATPK, particularly when heterogeneous local
variations are dominant in the coarse resolution data.
Variogram deconvolution is usually applied to estimate
the point-support variogram model from the areal 
or block variogram model (Pardo-Igúzquiza and
Atkinson, 2007; Goovaerts, 2008). If all area-to-area
and area-to-point covariances are properly modelled,
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Fig. 4.  Workflow of a component decomposition-based
spatial downscaling model.

08박노욱(589~607)ok.qxp_원격35-4_2019  2019. 8. 28.  오후 4:07  페이지 594



ATPK yields coherent or mass-preserving predictions,
which means that upscaled ATPK predictions are the
same as the coarse resolution data values, as in equation
(1). Other deterministic interpolators and point kriging
cannot satisfy the coherence property perfectly.

(3) Area-To-Point Regression Kriging
Park (2013) proposed a geostatistical spatial

downscaling framework that combined multiple linear
regression-based trend component estimation with
ATPK-based residual component estimation. This
model was later named area-to-point regression kriging
(ATPRK) by Wang et al. (2015). Kwak et al. (2018)
also developed the prototype R-based tool, named
R4ATPRK, for the implementation of ATPRK.

ATPRK predictions can perfectly satisfy the coherence
property because linear regression and ATPK are adopted
for estimation of trend and residual components,
respectively (Park, 2013). Coherent predictions of
ATPRK indicate that ATPRK can generate downscaling
results that are consistent with the coarse resolution
data. Recently, non-linear regression models, including
geographically weighted regression and random 
forest, have been widely employed within an ATPRK
framework (Table 1). However, if a non-linear model
is applied, coherence cannot be perfectly satisfied.
When a non-linear model is applied but coherence
should be satisfied, the following normalization of the
fine resolution trend component can be combined with
downscaling of coarse resolution residuals by ATPRK.
The trend component estimated at a fine resolution 
is upscaled to the coarse resolution and the coarse
resolution residual component is then computed by
subtracting the new upscaled trend component from the
coarse resolution data (Hutengs and Vohland, 2016). 
If ATPK is employed to estimate the fine resolution
residual component, the final downscaling result can
satisfy the coherence property.

3. Open Issues and Challenges

Advanced models such as ATPRK can be promising
for spatial downscaling of coarse resolution satellite-
derived product. However, practical issues to be further
developed or considered still remain. These are pointed
out and discussed, with examples, in the following
section.

1) Comparison of Different Regression
and Interpolation Models
In both regression-based and component

decomposition-based approaches, different regression
models can be applied to estimate the fine resolution
trend component (Table 1). The performance of a
regression model is generally dependent on the quality
of the coarse resolution input data and associated fine
resolution auxiliary variables, as well as the physical
and geographical conditions of the study area. Thus,
there is no single best regression model for estimation
of the fine resolution trend component and a quantitative
comparison of different regression models is required
for spatial downscaling.

The performance of fine resolution residual estimates
also depends on an applied interpolator. To compare 
the characteristics of different interpolators for spatial
downscaling of residuals, an experiment on spatial
downscaling of normalized difference vegetation index
(NDVI) data was undertaken. First, MODIS NDVI
data at 250 m were upscaled to four different spatial
resolutions (1 km, 2 km, 5 km, and 10 km). The 10 km
NDVI data (Fig. 5(a)) were then downscaled to the 
5 km, 2 km, and 1 km resolutions (i.e., zoom ratios are
2, 5, and 10, respectively). The NDVI data upscaled 
to 1 km, 2 km, and 5 km were regarded as unknown
true data at each resolution and used to compute error
statistics (e.g., root mean square error (RMSE)) for the
downscaling results. Four interpolators, including IDW,
spline with tension, point ordinary kriging, and ATPK,
were compared for this experiment because they have

An Overview of Theoretical and Practical Issues in Spatial Downscaling of Coarse Resolution Satellite-derived Products

– 595 –

08박노욱(589~607)ok.qxp_원격35-4_2019  2019. 8. 28.  오후 4:07  페이지 595



been commonly applied to residual correction. To apply
the first three interpolators, 10 km pixels were treated
as points and then used for spatial interpolation. The
point-support variogram model required for the
application of ATPK was estimated using variogram
deconvolution and the points at target resolutions
within each 10 km pixel were used to compute area-to-
area and area-to-point covariance values.

The downscaling results at 1 km resolution are
presented in Figs. 5(b)-(e) and the summary statistics
of the downscaling results are listed in Table 2. Since
only distances between the centroids of 10 km resolution
pixels and the 1 km prediction-grid points were considered
in IDW, an unrealistic bull’s-eye effect around the
centroid is shown in the IDW predictions (Fig. 5(b)).
The point kriging-based predictions show strong
smoothing effects with less spatial variability (Fig.
5(d)). Similar spatial patterns were observed in spline
and ATPK predictions.

The summary statistics in Table 2 clearly reveal the

different characteristics of the four interpolators. All
predictions showed mean values that were the same as,
or similar to, those of coarse resolution data and true
fine resolution data, indicating unbiased predictions.
However, the standard deviations that quantify the
variability of predicted values were quite different. As
expected from Fig. 5(d), the standard deviation of point
kriging was the smallest and IDW was the next
smallest. ATPK exhibited the largest standard deviation,
yielding more variability than spline predictions, as
shown in Figs. 5(c) and (e). The different standard
deviations resulted in different prediction ranges of the
four interpolators. IDW predictions exhibited the
minimum and maximum values that were similar to
those of the 10 km input data, whereas ATPK and
splines returned attribute values that were either larger
than the maximum or smaller than the minimum values
of the input data. Because the variability of attributes
at a finer resolution is usually greater than at a coarse
resolution, this characteristic of both ATPK and splines
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Fig. 5.  Spatial downscaling results at 1 km resolution using 10 km NDVI data and different interpolators:
(a) NDVI data at 10 km resolution, (b) IDW predictions, (c) spline predictions, (d) point kriging
predictions, and (e) ATPK predictions. The black rectangles denote the 10 km pixels.

                                                   (a)                                                        (b)                                                        (c)

                                                                          (d)                                                        (e)
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is more appropriate for spatial downscaling. It is
noteworthy that the range of point kriging predictions
was the smallest, although kriging is a non-convex
interpolator. The smallest range of point kriging may
be explained by the variogram model of NDVI values
at the centroids of which the total sill value was the
same as the variance of 10 km NDVI data. When
looking into the correlation between the upscaled
predictions and the 10 km NDVI data, ATPK perfectly
satisfied the coherence property and splines showed the
second largest correlation. When comparing the
prediction accuracy using RMSE, the most accurate
interpolator was ATPK and the second most accurate
was a spline interpolator. Point kriging was the worst
interpolator, indicating that the application of point
kriging after simplification of areal data or pixels to
their centroids was not appropriate. This experiment
confirms that ATPK can be a useful interpolator for
downscaling coarse resolution residual components,
but it is still necessary to compare the effects of ATPK

and a spline interpolator on the final downscaling
results.

2) Scale Invariant Assumption in the Trend
Component Estimation
An important issue that has not been fully considered

in traditional regression-based spatial downscaling
approaches is the assumption of preservation of
statistical relationships across spatial scales, (i.e., the
scale invariant assumption). In other words, the
statistical relationships quantified at a coarse resolution
are assumed to remain unchanged at a finer resolution,
thus, these relationships have been directly applied to
fine resolution auxiliary variables. This practical but
strong assumption is valid only when the linear
regression model is applied, but non-linear models
cannot satisfy this assumption. If specific conditions
are not satisfied, regression coefficients may have
serious bias (Woojoo Lee, personal communication).
The resulting bias is often referred to as ecological bias
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Table 2.  Summary statistics of 10 km NDVI data, true NDVI data, and downscaling results from different interpolators with
respect to different zoom ratio values. Correlation refers to the linear correlation coefficient between 10 km NDVI
values and upscaled predictions

Resolution Data/ 
Interpolators Mean Standard 

deviation Min. Max. RMSE Correlation

10 km NDVI 0.6732 0.1141 0.2619 0.8484 – –

5 km 
(zoom ratio = 2)

True NDVI 0.6732 0.1319 0.2083 0.8688 – –
IDW 0.6730 0.0900 0.3274 0.8110 0.0728 0.9611
Spline 0.6729 0.1097 0.2461 0.8561 0.0590 0.9923

Point kriging 0.6732 0.0835 0.3807 0.7889 0.0820 0.8939
ATPK 0.6732 0.1168 0.2246 0.8708 0.0571 1.0000

2 km 
(zoom ratio = 5)

True NDVI 0.6732 0.1519 0.1427 0.8958 – –
IDW 0.6735 0.0910 0.2600 0.8500 0.1033 0.9590
Spline 0.6734 0.1095 0.2427 0.8552 0.0936 0.9902

Point kriging 0.6735 0.0840 0.2619 0.7963 0.1106 0.8935
ATPK 0.6732 0.1192 0.2001 0.8796 0.0918 1.0000

1 km 
(zoom ratio = 10)

True NDVI 0.6732 0.1613 0.0908 0.8983 – –
IDW 0.6732 0.0908 0.2600 0.8482 0.1168 0.9571
Spline 0.6731 0.1092 0.2402 0.8573 0.1082 0.9888

Point kriging 0.6732 0.0811 0.3907 0.7877 0.1234 0.8908
ATPK 0.6732 0.1204 0.1745 0.9016 0.1065 1.0000
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(Waller and Gotway, 2004). Possible solutions to solve
this problem include a continuous stochastic Gaussian
process model (Tanaka et al., 2018) or a Bayesian
hierarchical model (Keil et al., 2013), and the
performance of the models should be investigated.

3) Quantification of Uncertainty
Downscaled thematic maps are usually used as

inputs for environmental modeling. If significant
uncertainties or errors are included in the downscaling
results, the model outputs are greatly affected by those
uncertainties or errors. Therefore, it is critical to
quantify uncertainty attached to spatial downscaling.

Similar to conventional point kriging, ATPK returns
error variance as well as prediction values. Kriging
error variance reflects the sample data configuration,

but is independent of sample values (Goovaerts, 1997).
Consequently, ATPK error variance cannot be used as
a measure of uncertainty attached to spatial downscaling.
Any kriging algorithm provides prediction results that
are optimal in a least-square sense. As discussed in
Boucher and Kyriakidis (2006), spatial downscaling
should be considered as an under-determined inversion
problem, because there are many possible attribute
values at a fine resolution that satisfies the coherence
property.

In this context, stochastic simulation, which can
generate multiple alternative realizations of unknown
true values at a fine resolution (Goovaerts, 1997;
Kyriakidis and Yoo, 2005), may be a possible solution
to quantification of uncertainty. When applying
stochastic simulation to spatial downscaling, the target
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Fig. 6.  Example of simulation-based downscaling: (a) AMSR-2 rainfall intensity at 25 km, (b) 10th simulation at
5 km, (c) 30th simulation at 5 km, (d) probability of exceeding 10 mm/h, and (e) probability of exceeding
20 mm/h. The black rectangles and polylines denote the 25 km AMSR-2 pixels and administrative
boundaries, respectively.

                                   (a)                                                             (b)                                                          (c)

                                                                          (d)                                                        (e)
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for simulation is the residual component at a coarse
resolution and multiple realizations of the residual
component are obtained at a fine resolution. By adding
them to the deterministic trend component at a fine
resolution, multiple realizations of the unknown target
attribute value, which are conditional to all available
information and reasonably reproduce the spatial
correlation structure, are obtained at a fine resolution.

Fig. 6 illustrates a simulation-based downscaling
approach (Park et al., 2018). The AMSR-2 rainfall
intensity at 25 km resolution was downscaled using
COMS brightness temperatures from infrared and
water vapor channels at 5 km resolution. A total of 
50 realizations were experimentally generated using
simulation of kriging errors (Chilès and Delfiner, 1999)
and the 10th and 30th realizations out of 50 realizations
are shown in Figs. 6(b) and (c). The differences between
multiple realizations (e.g., Figs.6(b) and (c)) can be
used to quantify the uncertainty attached to spatial
downscaling. If the variability of downscaled rainfall
intensity values among multiple realizations is large 
at a certain pixel, that pixel may be regarded as one 
with large uncertainty. Since multiple realization values
are already obtained at each pixel, a probability of
exceeding a certain thresholding value can be easily
computed for a probabilistic interpretation. Figs. 6(d)
and (e) represent a probability of exceeding a rainfall
intensity of 10 mm/h and 20 mm/h, respectively.

The simulation-based approach, discussed above,
quantifies the uncertainty only from the residual
component estimation, because the trend component is
assumed to be deterministic. When the trend component
is regarded as stochastic, the uncertainty attached to
spatial downscaling may also come from the uncertainty
or errors from the trend component estimation. It is,
therefore, necessary to develop a stochastic simulation
framework that can simultaneously account for the two
uncertainty sources.

4) Errors of Coarse Resolution Data
Even though satellite-derived products have been

produced with high quality, any products derived from
satellite remote sensing data inevitably include
systematic, random, and modeling errors. In turn, the
errors of the satellite-derived products greatly affect the
downscaling results, because the performance of spatial
downscaling is subject to the accuracy or reliability of
coarse resolution input data. If the coarse resolution
data include significant errors, the over- and/or 
mis-fitted trend component seriously affects the
performance of downscaling. As discussed in Park et
al. (2016) and Kim and Park (2017a), the regression
models with higher explanatory power do not always
lead to an improvement of prediction performance, and
fitting with higher-order polynomials and machine
learning algorithms may degrade the accuracy of
downscaling. Therefore, the explanatory power of
regression models alone cannot be used for the
selection of an optimal trend estimation model in spatial
downscaling (Kim and Park, 2017a) and comparisons
of different regression models should be made with
caution. Furthermore, when the explanatory power of
the regression models is not large, the residual
component is proportionally large and most of the
variability of the input data is included in the residuals.
In this case, the errors of input data also affect the
prediction of the residuals. Therefore, it is of great
importance to quantify and consider the errors contained
in the satellite-derived products when comparing
different regression models and interpolators (Kim and
Park, 2017b).

In relation to error correction, if information
concerning error or uncertainty is available at the coarse
resolution pixel (e.g., random errors in TRMM and
GPM IMERG products), this information can be first
used for error correction of the satellite-derived
products and the error-filtered data are then used 
as inputs for spatial downscaling. If information
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concerning error of satellite-derived products is not
available, it can be estimated using geostatistical
modeling with ground observations (Park and Kyriakidis,
2019). Christensen (2011) proposed filtered kriging 
that accounts for error variance information to predict
error-filtered values in climate model outputs.
However, filtered kriging treats satellite-products 
as their centroid points; thus, it cannot account for
variations within coarse resolution pixels. Recently,
Kim et al. (2019b) proposed area-to-area filtered
kriging (ATAFK) to filter out an error or uncertainty
component in coarse scale satellite-based products
without the simplification of coarse resolution pixels to
points. This can be regarded as a hybrid kriging
algorithm that combines the basic concept of filtered
kriging with area-to-area block kriging. Fig. 7 illustrates
the error-corrected GPM product by ATAFK, in 
which the attribute values of any pixel with large error
values have been filtered out. Although ATAFK can 
be a promising tool as a preprocessor for spatial
downscaling, it should be noted that the error
information at the coarse resolution pixel may not be
related directly to point-support ground observations,
thus it is necessary to use the ATAFK result as an input
for spatial downscaling and then investigate its impact
on the performance of downscaling.

5) Evaluation of Downscaling Results
The quality of spatial downscaling results and the

performance of different downscaling models have
been evaluated via direct comparisons against ground
observations or estimated true maps. A small number
of the ground observations are usually available for
comparison, thus, not all pixels in the downscaling
results can be assessed. For spatial downscaling of land
surface temperature (LST) products such as MODIS
LST products, LST values at a fine spatial resolution
are first retrieved using Landsat thermal band data. The
retrieved LST values are then regarded as true data and
compared with the downscaling results (Hutengs and
Vohland, 2016; Yang et al., 2017). However, errors are
inevitably included during the retrieval of LST values
at a fine spatial resolution. As a result, quantitative
evaluation of the downscaling results is affected by the
errors contained within the estimated LST values.

Another limitation of traditional evaluation approaches
is that they fail to account for the spatial resolution or
scale difference between the point-support observations
and areal data or pixels (Park and Kyriakidis, 2019).
The output of spatial downscaling is obtained at a finer
spatial resolution, but it is still regarded as the areal data.
For example, when satellite-derived products at 10 km
resolution are downscaled to 1 km resolution, the
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downscaling results are obtained at 1 km pixels or
blocks, not at 1 km-interval points, implying a direct
comparison of these areal data against point-support
ground observation data cannot lead to a proper
quantitative evaluation. For example, soil moisture and
land surface temperature have much larger variability
depending on observation times and locations. 
Thus, location-specific observation values may be
significantly different from the aggregated pixel values
and this fact should be considered when interpreting
quantitative evaluation results.

In this context, a supplementary quantitative measure
should be further considered to evaluate downscaling
results in addition to traditional accuracy measures.
When reminding that spatial downscaling aims at
predicting thematic information at a finer resolution, 
an increase of information content through spatial
downscaling should be considered to evaluate
downscaling results. For example, information entropy
that indicates the richness of information (Zou et al.,
2015) can be a quantitative measure. Large information
entropy values indicate that more detailed spatial
variations are depicted in the downscaling results. Thus,
when comparing different spatial downscaling models,
the information entropy can be used as a supplementary
measure. Park et al. (2016) demonstrated the usefulness
of information entropy as an evaluation measure in
spatial downscaling of AMSR-2 precipitation with
COMS observations. Therefore, the depiction of detailed
spatial patterns should be evaluated along with the error
statistics based on comparison with point-level ground
observations.

6) Consideration of Data Characteristics
In addition to the data that are unbounded in the 

real-number space, some data have their own constraints
to their values. For example, soil moisture values range
between 0 (0 %) and 1 (100 %), and precipitation
intensity takes non-negative values. Land-cover fractions
have both non-negative values and a constant sum of

100 % or 1. If these data are used as inputs for spatial
downscaling, any spatial downscaling model should
take into account these variable-specific characteristics.
However, traditional spatial downscaling models do not
fully account for the constraints of the input data. 
For example, negative values that are physically
meaningless are usually generated around and within
the coarse resolution pixels having relatively small
values.

For the proper consideration of the characteristics 
of input data, a procedure for optimization of the 
initial downscaling results should be included into 
the downscaling process to satisfy the constraints, as
quadratic programming conjunction with ATPK in 
Yoo and Kyriakidis (2006). In addition to the inclusion
of a post-processing procedure, a series of data
transformations specific to the input data type can also
be applied to spatial downscaling. For example, a 
log-ratio approach that has been frequently applied to
compositional data (Pawlowsky-Glahn and Buccianti,
2011) can be employed for spatial downscaling of land-
cover fractions (Park et al., 2018).

7) Spatio-temporal Downscaling
As mentioned in the Introduction, products derived

from geostationary satellites are temporally dense but
spatially coarse, whereas products from low Earth orbit
satellites are spatially fine but temporally sparse. For
the synergistic use of these complementary products in
terms of both spatial and temporal resolutions, spatial
downscaling can be extended to a spatio-temporal
downscaling framework that aims at generating dense
time-series fine resolution datasets (Fig. 8). The key
idea of spatio-temporal downscaling is to first quantify
temporal correlation information from dense time-
series coarse resolution data sets and then to use 
this information to predict fine resolution thematic
information at a time when fine resolution data are not
acquired.

Several fusion models, including a spatial and
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temporal adaptive reflectance fusion model (STARFM:
Gao et al., 2006), an enhanced spatial and temporal
adaptive reflectance fusion model (ESTARFM: Zhu 
et al., 2010), and flexible spatio-temporal data fusion
(FSDAF: Zhu et al., 2016), have been proposed 
and applied to spatio-temporal downscaling (e.g.,
blending reflectance values from MODIS and Landsat). 
Despite their great potential for spatio-temporal
downscaling, there remain some aspects requiring
further improvement. Traditional models only
quantified the temporal correlation information when
the dense time-series coarse resolution data and the
sparse time-series fine resolution data were acquired
simultaneously. That is, they could not take into 
account temporal correlation information from the
dense time-series coarse resolution datasets. As a 
result, the prediction performance may degrade as the
difference between the acquisition time and the
prediction time increases. Therefore, advanced spatio-
temporal downscaling models should be developed that

can fully take into account the temporal correlation
information.

4. Conclusions

With the increasing availability of multi-sensor
satellite data, satellite-derived products have been
widely applied across various fields related to Earth
observation. However, it is not always easy to acquire
satellite-derived products at an appropriate spatial
resolution. Thus, there is a strong need for scale
conversion to extract thematic information at a target
resolution, as well as to integrate multiple spatial
datasets with different supports. Spatial downscaling,
which is a process to predict attributes at a finer
resolution from coarse resolution data, should be
regarded not as a conventional spatial estimation or
prediction task, but as a challenging research topic,
since many aspects need to be taken into account.
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In this context, this paper presented a comprehensive
framing of theory and issues in spatial downscaling of
coarse resolution satellite-derived products. One
particular focus was on a geostatistical framework that
properly treats coarse resolution data and generates
coherent predictions. After the state-of-the-art of spatial
downscaling models had been outlined, several
practical issues and challenges for future research,
including quantification of uncertainty attached to
spatial downscaling, rigorous estimation of trend and
residual components, impacts of erroneous input data
on downscaling performance, model developments
considering data constraints, and spatio-temporal
downscaling, were discussed and demonstrated, with
examples provided based on synthetic and real data
sets. These future research issues were individually
detailed and discussed, but each issue can be unified
with others. For example, a stochastic downscaling
framework presented for quantification of uncertainty
can be extended to the spatio-temporal downscaling
framework and combined to correct the intrinsic errors
contained in coarse resolution data. As another research
topic not discussed in this paper, determining the
optimal finest spatial resolution for spatial downscaling
should also be investigated.

One misconception about spatial downscaling is to
expect an improvement in quality or accuracy after
spatial downscaling. It should be noted that the ultimate
goal of spatial downscaling is to obtain detailed spatial
patterns at a finer resolution, not to generate results with
better accuracy than the input data, because the quality
or accuracy of spatial downscaling results is subject 
to the quality of the input data. If this basic concept 
of spatial downscaling is properly adapted to the
application at hand and unresolved issues outlined in
this paper are further investigated, spatial downscaling
will contribute to the expansion of the potential of
satellite-derived products across various fields related
to Earth observation.
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