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The first seven bands of the Moderate Resolution Imaging Spectroradiometer (MODIS) data have been used
widely for global land-cover/land-use (LCLU) monitoring (e.g., deforestation over the Amazon basin). However,
the spatial resolution ofMODIS bands 3–7 (i.e., 500m) is coarser than that of bands 1 and 2 (i.e., 250m), andmay
be too coarse for a large number of applications. In this paper, a new geostatistical approach based on area-to-
point regression kriging (ATPRK) is proposed for downscaling coarse spatial resolution bands 3–7 such as to pro-
duce a complete set ofMODIS images at 250m. ATPRK takes advantages of the fine spatial resolution information
in bands 1 and 2 by regression modeling, and uses area-to-point kriging to downscale the coarse residuals from
the regression. ATPRK was compared to four existing methods, including the principal component analysis,
wavelets, high-pass filter and kriging with external drift (KED) methods for downscaling in two experiments
on MODIS data from the Brazilian Amazon. Both visual and quantitative evaluations (in terms of the root mean
square error, correlation coefficient, relative global-dimensional synthesis error, universal image quality index,
spectral angle mapper and spectral information divergence) showed that ATPRK produced sharpened images
with the greatest quality. In addition, ATPRK perfectly preserved the spectral properties of the original coarse
data and was faster than KED. The results reveal the great potential of ATPRK applied to MODIS data for a wide
variety of applications, including global monitoring of deforestation. The ATPRK proposed in this paper is an
entirely new image fusion approach based on a new conceptualization.

© 2015 Elsevier Inc. All rights reserved.
1. Introduction

In the Amazon rainforest, deforestation processes have caused large
impacts on the flow of water and energy in the global ecosystem. To
study the future development of the Amazon basin, besides physical
and atmospheric processes, land-cover/land-use (LCLU) change pro-
cesses caused by human activities also require in-depth monitoring.
Moderate Resolution Imaging Spectroradiometer (MODIS) images
have become an increasingly important source of data for detecting de-
forestation processes over the Amazon area, and in near real-time
(Anderson, Shimabukuro, & Arai, 2005). TheMODIS sensor is a common
source of remote sensing imagery used for global monitoring, due to its
free availability, wide swath and regular revisit (near-daily frequency)
capabilities. MODIS images are composed of 36 spectral bands, includ-
ing two 250 m spatial resolution bands (bands 1 and 2), five 500 m
bands (bands 3–7) and 29 1 km bands. The first seven bands have
been used widely for LCLU monitoring.
wzshi@polyu.edu.hk (W. Shi),
cn (Y. Zhao).
When using MODIS data, it is always favorable to take advantage of
all of the first seven bands to provide the richest spectral information
possible for reliable LCLU monitoring. Bands 1 and 2 are related mainly
to land/cloud/aerosol boundaries, while bands 3–7 are related to land/
cloud/aerosol properties. The mismatch in the spatial resolution be-
tween bands 1–2 and bands 3–7 necessitates approaches to match the
spatial resolution of the two groups of bands. There are two categories
of schemes for this purpose. One is to upscale the two 250 m bands to
500 m to match bands 3–7, in which seven-band 500 m data are pro-
duced as a result. This is the common case; for example, the 500 m
MODIS products published online. The other is to downscale bands
3–7 to 250 m, thereby generating the seven-band 250 m data. Land
cover changes usually occur at a finer spatial resolution than 500 m.
Using the seven-band 250 m MODIS data, more LCLU detail and LCLU
change detail can be acquired by image analysis techniques such as
LCLU mapping and change detection. It is of great interest to study the
latter scheme (i.e., downscaling MODIS bands 3–7 to match bands 1
and 2) to provide finer spatial resolution (i.e., 250m) LCLU information.

DownscalingMODIS imageswith bands of different spatial and spec-
tral resolutions is a typical image fusion problem (Kim, Kang, & Lee,
2010; Sales, Souza, & Kyriakidis, 2013; Sirguey, Mathieu, & Arnaud,
2009). Image fusion is a technique for combining a fine spatial, but
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coarse spectral resolution image (e.g., MODIS image bands 1 and 2)with
a coarse spatial, but fine spectral resolution image (e.g., MODIS image
bands 3–7) to generate a fine spatial and spectral resolution image.
For MODIS image downscaling, one band from bands 1 and 2 is selected
as the fine spatial resolution image in general, which acts in the same
way as the panchromatic (PAN) band in the well-known image fusion
technique called PAN-sharpening. The PAN-like band in MODIS images
can be decided according to the differences in the center wavelength of
the bands (Sirguey,Mathieu, Arnaud, Khan, & Chanussot, 2008) or spec-
tral similarity between bands (Kim et al., 2010). The known fine spatial
resolution information is deemed to have great importance in decreas-
ing the inherent uncertainty in the under-determined image downscal-
ing problem. Various image fusion algorithms can bemade available for
downscaling MODIS images, including the intensity–hue–saturation
(Chavez, Sides, & Anderson, 1991), Brovey (Gillespie, Kahle, & Walker,
1987), principal component analysis (PCA) (Shettigara, 1992), wavelet
transformation (Nunez et al., 1999), high-pass filter (HPF) (Aiazzi,
Alparone, Baronti, & Garzelli, 2002), support vector machine (Zheng,
Shi, Liu, Zhu, & Tian, 2007), sparse representation (Wei, Bioucas-Dias,
Dobigeon, & Tourneret, 2015) methods, and the automated statistics-
based fusion method implemented in PCI Geomatica (Zhang, 2004). It
is beyond the scope of this paper to conduct an explicit literature review
on existing image fusion methods. Related reviews can be found in
Bioucas-Dias et al. (2013), Pohl and Van Genderen (1998), Vivone
et al. (2015), Wang, Ziou, Armenakis, Li, and Li (2005), and Zhang and
Mishra (2014).

In MODIS image downscaling and even more general image fusion,
an open issue is the capability to preserve the spectral properties of
the observed coarse images. This means that if the downscaled image
is upscaled to the original coarse spatial resolution, it should be identical
to the original one across all bands. The recently developed
geostatistical solutions are a family of image fusion methods able to re-
tain the spectral properties and have received increasing attention in
image downscaling (Atkinson, Pardo-Igúzquiza, & Chica-Olmo, 2008;
Pardo-Igúzquiza, Chica-Olmo, & Atkinson, 2006; Pardo-Iguzquiza,
Rodríguez-Galiano, Chica-Olmo, & Atkinson, 2011; Sales et al., 2013).
Pardo-Igúzquiza et al. (2006) proposed a cokriging method to down-
scale Landsat images, taking each observed coarse band as the primary
variable and the fine PAN band as the secondary variable and
performing downscaling for each coarse band in turn. This interesting
approach was extended by adopting a spatially adaptive filtering
scheme (Pardo-Iguzquiza et al., 2011), in which the cokriging weights
changed across the image, rather than being fixed in Pardo-Igúzquiza
et al. (2006). Atkinson et al. (2008) extended the cokriging approach
to cases where the pixel size to be predicted is smaller than that of all
input variables (i.e., even smaller than that of the PAN). The cokriging
approach, however, requires complex semivariogram modeling. That
is, the auto-semivariogram and cross-semivariogram need to be esti-
mated for each coarse band. The former accounts for the relationship
between pixels in the primary or secondary variables, while the latter
accounts for the relationship between pixels between the primary and
secondary variables. This characteristic makes the cokriging-based
downscaling approach computationally intensive and difficult to auto-
mate (Liu, Kyriakidis, & Goodchild, 2008). Alternatively, Sales et al.
(2013) applied a kriging with external drift (KED) approach to down-
scale a MODIS image. KED requires only auto-semivariogrammodeling
for the observed coarse band and simplifies the semivariogrammodel-
ing procedure, which makes it easier to implement than cokriging. As
mentioned in Sales et al. (2013), however, KED suffers from expensive
computational cost, because KED needs to compute kriging weights
locally for each fine pixel. The computing time increases linearly with
the number of fine pixels.

In this paper, for the first time, a new geostatistical solution to
MODIS image downscaling based on area-to-point regression kriging
(ATPRK) is proposed. ATPRK consists of two parts: regression and
area-to-point kriging (ATPK). ATPRK can be viewed as an extension of
both regression kriging and ATPK (Atkinson, 2013; Goovaerts, 2008;
Kyriakidis, 2004; Kyriakidis & Yoo, 2005). For the former, ATPRK is a
newly developed regression krigingwith ATPK for kriging interpolation,
while for the latter, ATPRK incorporates fine spatial resolution ancillary
data into ATPK for image downscaling by regression modeling. Regres-
sion kriging is a hybrid interpolation technique that uses regression on
covariates and kriging to interpolate the residuals from the regression
model (Hengl, Heuvelinkb, & Rossiter, 2004, 2007, Hengl, Heuvelinkb,
& Stein, 2004). ATPK is distinguished from conventional centroid-
based kriging which ignores the spatial support (treating it always as
equivalent to the observation support). ATPK takes into account explic-
itly the size of support(s) and predicts variables from areal supports to
points via semivariogram deconvolution to parameterize the Random
Function model and kriging for prediction (Kerry, Goovaerts, Rawlins,
& Marchant, 2012). Moreover, ATPK can precisely honor the observed
areal data. In the proposed ATPRK approach, by regression on ancillary
information (fine spatial resolution band 1 or 2, hereafter called fine
band; the so-called secondary variable in cokriging) in advance, ATPK
is performed for downscaling residuals in coarse bands 3–7 (primary
variable in cokriging). The advantages associated with regression
kriging andATPK encourage the development of ATPRK for downscaling
MODIS imagery in this paper.

ATPRK has shown its potential for disaggregation of data of irregular
geographical units (i.e., data defined on complex polygon maps). Liu
et al. (2008) proposed an ATPRK method to disaggregate population-
density from irregular census units to the land-use zones within them,
where the remote sensing image (i.e., IKONOS image) was used to
obtain ancillary information. To the best of our knowledge, ATPRK has
not been studied in remote sensing image analysis. In remote sensing
images, the spatial support is fixed across a whole image as it is
composed of regularly sized pixels that cover a positive finite area, pro-
ducing a given spatial resolution (Wang, Atkinson, & Shi, 2015a). It is of
great interest to develop an ATPRK approach for remote sensing image
downscaling.

The remainder of this paper is organized as follows. Section 2
introduces the principles of the new approach ATPRK in detail, which
includes two parts, that is, regression and ATPK. The experimental
results are provided in Section 3 for validation. Section 4 further dis-
cusses the proposed approach, followed by a conclusion in Section 5.

2. Methods

2.1. Problem formulation

Let ZVl (xi) be the random variable of pixel V centered at xi (i =
1,…,M, where M is the number of pixels) in coarse band l (l = 3,…,7),
and Zv

k(xj) be the random variable of pixel v centered at xj (j = 1,…,
MF2, where F is the spatial resolution (zoom) ratio between the coarse
and fine bands) in fine band k (k = 1,2). The notations v and V denote
fine and coarse pixels, respectively. The task of the ATPRK-based
MODIS image downscaling method is to predict Zvl(x) for all fine pixels
in all coarse bands. ATPRK contains two phases: regression and ATPK. It
first performs regression of each coarse band on the fine band and then
performs ATPK to downscale the band residuals from the regression
model. The prediction of ATPRK is

Zl
v xð Þ ¼ Zl

v1 xð Þ þ Zl
v2 xð Þ ð1Þ

where Zv1
l (x) and Zv2

l (x) are the predictions of the regression and ATPK
parts. The details regarding their calculation are given in the following
sub-sections.

2.2. Regression between fine and coarse bands

The regression part in ATPRK is critical as it takes advantage of
valuable fine spatial resolution texture information from ancillary



Fig. 1. Flowchart of the proposed ATPRK approach.
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data. In theory, both bands 1 and 2 can be used for building the rela-
tion between fine and coarse bands. This case involves multivariate
regression. However, using all fine bands as covariates does not nec-
essarily lead to an improvement in the prediction. As suggested in
Rodriguez-Galianoa, Pardo-Iguzquizab, Sanchez-Castilloc, Chica-
Olmoa, and Chica-Rivas (2012), some ancillary variables may have
small correlations with the primary variable and cannot provide use-
ful fine spatial resolution information. In this paper, one fine band is
selected from bands 1 and 2. For MODIS image-based snowmapping,
Sirguey et al. (2008) selected a fine band from bands 1 and 2 for each
coarse band of bands 3–7, whichwas determined as the one spectral-
ly closest to the coarse band. It was mentioned in that study that this
choice is subjective and disputable. Kim et al. (2010) used the spec-
tral similarity between MODIS bands, measured using the correla-
tion coefficient (CC), to decide the fine band to be fused for each
coarse band. We apply this scheme for fine band selection. More
specifically, for each coarse band, the fine band with the greater CC
is selected. For coarse band ZV

l , its corresponding fine band used as
covariate is denoted as Zv

lk.
The relationship between ancillary fine band and observed coarse

band is modeled by linear regression, and for the l-th band, the regres-
sion prediction Zv1

l (x) is calculated as

Zl
v1 xð Þ ¼ alZ

lk
v xð Þ þ bl: ð2Þ

The key issue is the estimation of the two coefficients for the l-th
band, that is, al and bl. The relationship in Eq. (2) is assumed to be uni-
versal at different spatial resolutions, and the relationship built at coarse
spatial resolutions can be applied at fine spatial resolution (Gao, Kustas,
& Anderson, 2012). Based on this hypothesis, Eq. (3) holds

Zl
V xð Þ ¼ alZ

lk
V xð Þ þ bl ð3Þ

in which ZV
lk is the coarse image produced by upscaling the ancillary fine

band Zv
lk to the same spatial resolution of the l-th coarse band, that is,

Zlk
V xð Þ ¼ hlV xð Þ � Zlk

v xð Þ ¼
Z

hlV x−yð ÞZlk
v yð Þdy ð4Þ

where hVl (y) is the point spread function (PSF) for the l-th band and ∗ is
the convolution operator.

Since both ZV
l and ZV

lk in Eq. (3) are known, al and bl can be esti-
mated. The two coefficients are estimated by some fitting methods,
such as ordinary least squares (OLS) or generalized least squares
(GLS). Both have been applied widely in the theoretical framework
of regression kriging. The GLS-based fitting, however, is an iterative
process that uses OLS results as initialization and computes coeffi-
cients and residuals repeatedly to derive a satisfactory covariance
function of residuals, thereby approaching an optimal solution.
Some studies showed that the OLS residual-derived covariance
function estimated by a single iteration is often satisfactory and is
not different enough from that derived from GLS to affect the kriging
interpolation in practice (Kitanidis, 1994). In this paper, the OLS
method is employed for coefficient estimation, as it allows a signifi-
cant simplification of the fitting process.

The ancillary information fromother data, such as elevation data and
field measurement correlated to the observation, can also be favorably
incorporated in regression modeling. Given T groups of covariates,
Zv
t(x) (t= 1,…,T), the regression prediction Zv1

l (x) in this more general
case then becomes

Zl
v1 xð Þ ¼

XT
t¼0

altZ
t
v xð Þ; Z0

v xð Þ ¼ 1 ∀x: ð5Þ
2.3. ATPK for downscaling residuals

If the regression prediction is perfect, there should be no bias be-
tween it and the observed coarse band (i.e., Eq. (3) strictly holds for
all coarse pixels) and the regression process alone would be sufficient
for downscaling. The common case, however, is that it is unrealistic to
build such as an ideal regression model. There are residuals, denoted
as ZV2l (x), from the regression process, that is,

Zl
V2 xð Þ ¼ Zl

V xð Þ− alZ
lk
V xð Þ þ bl

h i
: ð6Þ

The results of regression cannot reproduce the spectral properties of
the observed coarse data. Thus, regression alone is not sufficient for
downscaling. The residuals at fine spatial resolution should be compen-
sated for the regression prediction to honor the spectral properties. In
the proposed ATPRK approach, based on the strong assumption that
the residual is an intrinsically stationary process, ATPK acts as the sec-
ondphase to downscale the residuals ZV2l (x) tofine spatial resolution re-
siduals Zv2

l (x). Based on ATPK, the fine residual Zv2
l (x) is a linear

combination of N coarse residuals of band l

Zl
v2 xð Þ ¼

XN
i¼1

λiZ
l
V2 xið Þ; s:t:

XN
i¼1

λi ¼ 1 ð7Þ



1

2

3

4

5

Fig. 2. Studied MODIS image (bands 7, 6 and 4 as RGB), with five marked sub-areas.
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in which λi is theweight for the ith residual of the coarse pixel centered
at xi. TheN coarse residuals are from theN coarse pixels surrounding the
pixel center at x, such asN=5×5windowof coarse pixels. As observed
(a)
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Fig. 3. Results of the ATPRK approach. From left to right: bands 3, 4, 6 and 7. (a) Referenc
from Eq. (7), the ATPK part accounts for the spatial correlation between
coarse pixels, which is not utilized in the regression part.

The objective of the ATPK part is to obtain the N weights {λ1,…,λN}.
The weights are estimated byminimizing the prediction error variance.
The corresponding kriging system is

Cl
VV x1;x1ð Þ … C l

VV x1; xNð Þ 1
: : : :
: : : :
: : : :

Cl
VV xN ; x1ð Þ … C l

VV xN ;xNð Þ 1
1 … 1 0

2
6666664

3
7777775

λ1
:
:
:
λN
μ

2
6666664

3
7777775
¼

C l
vV x; x1ð Þ
:
:
:

Cl
vV x; xNð Þ
1

2
6666664

3
7777775
: ð8Þ

The term CVV
l (xi, xj) is the coarse-to-coarse residual covariance

between coarse pixels centered at xi and xj in band l, CvVl (x, xj) is the
fine-to-coarse residual covariance between fine and coarse pixels
centered at x and xj, respectively, and μ is the Lagrange multiplier. The
N weights can be calculated according to Eq. (8). For this purpose, the
two types of covariance in Eq. (8) need to be obtained in advance.

Suppose s is the Euclidean distance between centroids of any two
pixels, and Cvv

l (s) is the fine-to-fine (called “punctual” in this paper, by
assuming each fine pixel as a point) residual covariance between two
fine pixels. The fine-to-coarse covariance CvV

l (s) and coarse-to-coarse
covariance CVV

l (s) are calculated by convoluting Cvv
l (s) with the PSF

hV
l (s) as follows

Cl
vV sð Þ ¼ Cl

vv sð Þ � hlV sð Þ ð9Þ
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Table 1
Regression coefficients for each coarse band.

Band 3 Band 4 Band 6 Band 7

a 0.4047 0.5194 1.8929 1.7361
b 0.0081 0.0343 0.1244 0.0116
R2 0.9293 0.9591 0.9293 0.9327

Table 2
Parameters (sill and range) of the punctual residual semivariogram.

Residual Band 3 Band 4 Band 6 Band 7

Sill 4.27 × 10−5 4.34 × 10−5 1.01 × 10−3 8.75 × 10−4

Range (km) 5.95 3.58 3.72 4.01
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Cl
VV sð Þ ¼ Cl

vv sð Þ � hlV sð Þ � hlV −sð Þ: ð10Þ

In Eq. (10), −s means that the distance from point A within a pixel
to point B within another pixel, denoted as −s, is opposite to that
from point B to point A (i.e., s). Note that the variable in the PSF should
be a location, as indicated earlier in Eq. (4). However, s in Eqs. (9) and
(10) is originally defined as a distance. Actually, in Eqs. (9) and (10), s
is defined for covariance Cvv

l , which can be recognized as a 2-D image
centered at {0,0}, with values in all directions and at multiple lag dis-
tances. Thus, s in Eqs. (9) and (10) is essentially a location in the
image (e.g., s = {1,1} means a point along the northeast direction
with lag 1.414).

If we assume that the coarse pixel value is the average of the fine
pixel values within it, then the PSF is

hlV xð Þ ¼
1
SV

; if x ∈ V xð Þ
0; otherwise

8<
: ð11Þ

where SV is the size of pixel V, and V(x) is the spatial support of pixel V
centered at x. If the area of pixel v is defined as 1, then SV= F2. Given the
PSF in Eq. (11), the computation of CvVl (x, xj) and CVV

l (xi, xj) are further
simplified as

Cl
vV x;x j
� � ¼ 1

SV

Z

u∈V x jð Þ
Cl
vv x−uð Þdu ¼ 1

F2
XF2
m¼1

Cl
vv smð Þ ð12Þ

Cl
VV xi; x j

� � ¼ 1
SV

Z

u∈V xið Þ

Cl
vV u; x j
� �

du

¼ 1

SV
2

Z

u∈V xið Þ

Z

u0∈V x jð Þ
Cl
vv u−u0ð Þdudu0:

¼ 1

F4
XF2
m¼1

XF2
m0¼1

Cl
vv smm 0ð Þ

ð13Þ

In Eq. (12), sm is the distance between the centroid x of fine pixel v
and the centroid of any fine pixel within the coarse pixel V centered at
xj, and smm0 is the distance between the centroid of any fine pixel within
the coarse pixel centered at xi and the centroid of any fine pixel within
the coarse pixel centered at xj.

The critical problem of kriging weight estimation in ATPK becomes
the estimation of punctual residual covariance Cvv

l (s). It is derived by
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Fig. 4. Deconvolution resu
deconvolution (also termed deregularization in geostatistics) of the
areal covariance, denoted as CVl (s), of the known coarse residual image
Zv2
l . Deconvolution aims to estimate the optimal punctual covariance,

the regularized covariance of which approximates the known areal
covariance.

Given a candidate pool of punctual covariances, each Cvv
l (s) is con-

volved to the regularized areal covariance (denoted as CVl_R(s)). The op-
timal punctual covariance is determined as the one with the smallest
difference between CV

l_R(s) and CV
l (s). The covariance, which is closely

related to the semivariogram (their sum is a constant), can generally
be characterized by three parameters, nugget, sill and range. The es-
sence of punctual covariance estimation is the optimal parameter com-
bination estimation. Note that in Eq. (8), the covariance matrix can be
replaced by the semivariogram matrix and both give the same kriging
weights. Therefore, the covariance modeling, including deconvolution
and convolution, is essentially the semivariogram modeling.

The candidate pool of punctual covariances is generated by referring
to the known areal covariance CV

l (s). Specifically, for each of the three
parameters of Cvvl (s), two multipliers are defined empirically to gener-
ate an interval for selecting the corresponding optimal parameter of
Cvv
l (s). In this paper, the interval for punctual sill selection is set to be-

tween 1 and 3 times that of the areal sill, while the interval for punctual
range selection is set to between 0.5 and 2.5 times that of the areal
range. The step is set to 0.1. Regarding the punctual nugget,
21 × 21 = 441 steps of convolution need to be implemented to test
each given nugget value. The computational cost increases linearly with
the number of nugget candidates. To ease the computational burden,
the assumption made in Atkinson et al. (2008) and Pardo-Igúzquiza
et al. (2006, 2011) is adopted in this paper: there is zero nugget effect
in the punctual covariance. As a result, the optimal punctual parameter
combination is selected from the candidate pool containing 441 groups
of parameters.
2.4. ATPRK

After both regression and ATPK are completed according to
Sections 2.2 and 2.3, their outputs (i.e., Zv1l (x) and Zv2

l (x)) are combined
to produce the final downscaled result, as indicated in Eq. (1). The
whole flowchart of the proposed ATPRK approach for downscaling
MODIS imagery is shown in Fig. 1. For each coarse band l, ATPRK is
performed in turn, and the final result is a fine spatial resolution
seven-band MODIS image. The flowchart in Fig. 1 is easy to implement
and can be revised by adding other available covariates, as illustrated
in Eq. (5).
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An important advantage of ATPK is the coherence characteristic
(Kyriakidis, 2004; Kyriakidis & Yoo, 2005).

Z
hlV x−yð ÞZl

v2 yð Þdy ¼ Zl
V2 xð Þ ð14Þ

This has been proved theoretically and demonstrated practically
(Kyriakidis, 2004; Kyriakidis & Yoo, 2005). By compensating the
Fig. 5. Downscaling results (500 m) for the synthetic MODIS image. (a) Coa
downscaled residuals for regression prediction, we have (see
Appendix A)

Z
hlV x−yð ÞZl

v yð Þdy ¼ Zl
V xð Þ: ð15Þ

This means that when the downscaled result Zvl(x) produced by the
ATPRK approach is upscaled to the original coarse spatial resolution,
it is identical to the original observed coarse image ZV

l (x). Thus, the
rse image (1000 m). (b) PCA. (c) Wavelets. (d) HPF. (e) KED. (f) ATPRK.
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spectral properties of the coarse data are precisely preserved by
ATPRK. This is a significant advantage of the new method ATPRK in
image fusion.

In ATPRK, the regression phase makes use of fine spatial resolution
information from the fine band, while the ATPK phase downscales the
residuals by considering the spatial correlation between the coarse
pixels in the observed coarse bands. The two phases are complementa-
ry. Using the regression part only leads to incoherence of the coarse
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Fig. 6. Downscaling results (500
data, while using the ATPK part only cannot restore the high frequency
details (mainly encapsulated in boundaries and heterogeneous texture)
that can be provided by the ancillary fine band.

When downscaling residuals by ATPK, each areal unit (i.e., coarse
pixel) is not treated as a centroid as in conventional kriging-based inter-
polation. In contrast, the pixel sizes are taken into account explicitly in
deconvolution and convolution processes. Moreover, the PSF is
accounted for in both the regression and ATPK parts in ATPRK.
rea 3 Sub-area 4 Sub-area 5

m) of five sub-areas in Fig. 5.
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3. Experiments

3.1. Data and experimental setup

A set ofMODIS products (i.e., MOD09GQ andMOD09GA) acquired in
September 2011 was used to illustrate the application of the proposed
ATPRK approach. The MOD09GQ product of bands 1 and 2 is provided
at 250 m spatial resolution, while the MOD09GA product of bands 3–7
is provided at 500 m spatial resolution. The studied site is a
500 km × 500 km area of tropical forest in the Brazilian Amazon. The
spatial size of bands 1 and 2 is 2000 × 2000 pixels and bands 3–7 is
1000 × 1000 pixels. The 500 m false color image composed of bands 7,
6 and 4 is shown in Fig. 2.

The experiments were carried out on an Intel Core i7 Processor at
3.40 GHzwith theMATLAB 7.1 version. Besides the proposed ATPRK ap-
proach, another four image downscaling approaches, including PCA,
wavelets, HPF and KED, were also tested to provide a systematic com-
parison and illustration of the benefits of the new approach. The down-
scaling results need to be evaluated both visually and quantitatively.

With respect to the quantitative assessment, two strategies for ex-
perimental design were made.

The first one is to upscale (using a pre-defined PSF, such as that in
Eq. (11)) the 500 m and 250 m bands simultaneously with a factor
two to synthesize 1000 m coarse bands 3–7 and 500m fine (relatively)
bands 1 and 2. The downscaling approaches were performed with the
same zoom factor two to restore the 500 m bands 3–7, using the ancil-
lary information provided by the 500m synthetic bands 1 and 2. The ad-
vantage of using the synthetic image is that it represents greater control
in the test. Although this strategy does not represent a sufficiently real
test of downscaling algorithms due to the uncertainty in PSF and change
of scale in reality, the reference data (i.e., 500 m bands 3–7) are known
perfectly and can be used objectively to assess the quality of products of
tested algorithms. Six indices were used for quantitative evaluation in
this case, including the root mean square error (RMSE), CC, relative
global-dimensional synthesis error (ERGAS) (Ranchin & Wald, 2000),
universal image quality index (UIQI) (Wang & Bovik, 2002), spectral
angle mapper (SAM) and spectral information divergence (SID)
(Chang, 1999).

The second strategy is to directly downscale the real 500 m bands
3–7 to 250 m to produce a seven-band 250 m MODIS image, using the
Table 3
Quantitative assessment of downscaling results for the synthetic MODIS image.

Ideal PCA Wavelets HPF KED ATPRK

RMSE Band 3 0 0.0193 0.0105 0.0101 0.0037 0.0040
Band 4 0 0.0243 0.0096 0.0096 0.0048 0.0049
Band 6 0 0.0995 0.0231 0.0208 0.0212 0.0204
Band 7 0 0.0906 0.0213 0.0193 0.0197 0.0190
Mean 0 0.0584 0.0161 0.0150 0.0124 0.0121
RRE 79.28% 24.84% 19.33% 2.42%

CC Band 3 1 0.8270 0.8885 0.9059 0.9821 0.9794
Band 4 1 0.8226 0.9329 0.9408 0.9811 0.9804
Band 6 1 0.9194 0.9700 0.9750 0.9742 0.9762
Band 7 1 0.9028 0.9695 0.9744 0.9733 0.9753
Mean 1 0.8680 0.9402 0.9490 0.9777 0.9778
RRE 83.18% 62.88% 56.47% 0.45%

UIQI Band 3 1 0.6877 0.8785 0.8909 0.9821 0.9794
Band 4 1 0.6902 0.9299 0.9335 0.9811 0.9804
Band 6 1 0.5778 0.9675 0.9744 0.9741 0.9762
Band 7 1 0.5701 0.9668 0.9738 0.9733 0.9753
Mean 1 0.6315 0.9357 0.9431 0.9777 0.9778
RRE 93.98% 65.47% 60.98% 0.45%

ERGAS 0 18.1190 6.6598 6.3713 3.7587 3.7487
RRE 79.31% 43.71% 41.16% 0.27%

SAM (°) 0 0.1040 0.0515 0.0462 0.0314 0.0291
RRE 72.02% 43.50% 37.01% 7.32%

SID 0 0.1030 0.0090 0.0074 0.0042 0.0039
RRE 96.21% 56.67% 47.30% 7.14%

The bold values indicates the most accurate result in each case.
250 m real bands 1 and 2 as covariates. In this strategy, however,
there is no reference image. The quality of downscaling products
needs to be evaluated against the original seven bands. The index,Qual-
ity with No Reference (QNR) (Alparone et al., 2008), was employed for
quantitative evaluation. QNR quantifies both the spectral and spatial
distortions. The former is measured by the spectral quality of the
fused image by comparing it to the original multi-band 3–7, while the
latter is measured by spatial quality of the fused image by comparing
the spatial details of the used fine band 1 or 2. This strategy is biased
by the definition of the indices (Vivone et al., 2015).

Note that due to striping artifacts in band 5 of the MODIS product
MOD09GA, this coarse band was not considered in the experiments.
However, this band can be readily downscaled after a correction process
(Shen, Zeng, & Zhang, 2011).

3.2. Experiments on synthetic MODIS image

In this experiment, downscaling was performed on the synthetic
1000 m bands 3–7 (except band 5, as mentioned above), by accommo-
dating the 500 m synthetic bands 1 and 2. The zoom factor was set to
two to reproduce the 500m bands 3–7 (except band 5). The downscal-
ing results were compared to the true 500 m bands in Fig. 3(a) for
comparison.

3.2.1. Implementation
First, similarities between the fine (500 m) bands and coarse

(1000m)bandsweremeasured in terms of CC, and band 1 shows great-
er correlation to all four coarse bands than band 2. Thus, band 1 was se-
lected as the fine band for all four coarse bands. Then, the regression
model in Eq. (3) was fitted for each coarse band and the two groups of
coefficients associated with coefficients of determination (R2) are listed
in Table 1. Due to the reflectance variation between bands, both coeffi-
cients a and b are noticeably different for each band. Furthermore,
values of R2 are over 0.92 (a very large association) for all four bands, in-
dicating a high similarity between the coarse bands and the upscaled
PAN-like band (i.e., band 1). This reveals the rationality of the regression
process in ATPRK.

According to Eq. (2), the regression prediction for each bandwas ob-
tained and the regression-predicted fine bands 3, 4, 6 and 7 are shown
in Fig. 3(b). As observed from the regression results, the spectral charac-
ter is quite different from that of the true images, especially for bands 6
and 7. This illustrates the necessity of ATPK in the new method.
Fig. 3(c) shows the coarse residual images. The residual images are spa-
tially continuous, which encourages the use of ATPK for residual
downscaling.

According to Fig. 3(c), an areal (coarse) semivariogram was fitted
with an exponential model for each coarse residual image. Based on
the areal residual semivariograms, deconvolution was carried out. The
coarse, regularized and deconvolved (i.e., punctual) semivariograms
are shown in Fig. 4. It is clear that the regularized coarse semivariogram
and target coarse semivariogram are highly similar and nearly coincide
with each other for each band, indicating the effectiveness of the
deconvolution approach. The parameters of the estimated punctual re-
sidual semivariograms are given in Table 2. It is seen that the sill and
range vary amongst bands, suggesting that the residuals of different
bands have different spatial characteristics. The variation is especially
obvious for the sill, due to the difference in reflectance in different
bands. Following the flowchart in Fig. 1, the 500 m ATPRK prediction
was made and the downscaled images for the four coarse bands are
shown in Fig. 3(d).

3.2.2. Comparison with other downscaling methods
The downscaled bands in Fig. 3(d) are highly similar to the reference

data in Fig. 3(a). To illustrate the benefits and advantages of the ATPRK
approach, the ATPRK result along with PCA, wavelets, HPF and KED re-
sults is displayed in Fig. 5 (bands 7, 6 and 4 as RGB). For a clearer visual



Fig. 7. Preservation of spectral properties of the coarse image. (a) PCA. (b) Wavelets. (c) HPF. (d) KED. (e) ATPRK.
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Table 4
Evaluation (in terms of CC) of the ability to preserve the spectral properties of the
observed coarse image.

PCA Wavelets HPF KED ATPRK

Band 3 0.8392 0.9981 0.9650 0.9986 1
Band 4 0.8334 0.9978 0.9798 0.9987 1
Band 6 0.9393 0.9970 0.9988 0.9979 1
Band 7 0.9212 0.9969 0.9986 0.9978 1
Mean 0.8833 0.9975 0.9856 0.9983 1
RRE 100% 100% 100% 100%
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comparison, five 100 × 100 sub-areas were selected randomly (marked
in Fig. 2) and their corresponding results are zoomed in Fig. 6. The five
sub-areas include both homogeneous (e.g., sub-area 2) and heteroge-
neous (e.g., sub-area 5) landscapes. As shown in the downscaling re-
sults, PCA and HPF can satisfactorily delineate the boundaries for the
homogeneous landscape. Compared to the reference fine image, how-
ever, we can observe that the two methods produced obvious spectral
distortions. The wavelet method can preserve the spectral properties,
but failed to restore the boundaries for the homogeneous landscape
and the texture of heterogeneous pixels. KED outperforms PCA and
HPF in preserving the spectral properties in comparison, and outper-
formswavelets in reproducing homogeneous and heterogeneous varia-
tion. However, mosaic pixels still exist in several places in KED result.
Focusing on the ATPRK result, it shows a satisfactory performance in
conserving spectral properties as well as restoring both homogeneous
and heterogeneous textures. Amongst the five downscaling methods,
the proposed ATPRK produced the result visually closest to the refer-
ence image.

Table 3 exhibits the quantitative assessment (in terms of the six in-
dices) for the five downscalingmethods. For each of RMSE, CC and UIQI,
the values of all four bands and their means are provided for the five
methods. The ideal value for each index is also provided for convenience
of comparison of the five methods. Consistent with visual comparison,
the two geostatistical approaches (i.e., KED and ATPRK) outperform
the other three methods in terms of RMSE, CC and UIQI for all bands,
and their ERGAS, SAM and SID are also closer to the ideal values. Fur-
thermore, although KED outperforms ATPRK for downscaling bands 3
and 4 in terms of the RMSE, CC and UIQI, ATPRK is superior to KED in
terms of all six indices overall. ATPRK has the smallest RMSE, ERGAS,
SAM and SID, and greatest CC and UIQI amongst the five methods.

An index called the reduction in remaining error (RRE) was also
used to emphasize the improvement of ATPRK over the other methods,
as calculated below

RRE ¼ RE1−RE0
RE1

� 100% ð16Þ

where RE1 and RE0 are the remaining errors for the compared down-
scaling method and ATPRK. For CC (or UIQI), RE is calculated by 1-CC
(or 1-UIQI), while for RMSE (or ERGAS, SAM, SID), RE is unmodified.
As observed from Table 3, from PCA, wavelets and HPF to ATPRK, the
RRE values are generally large, indicating obvious improvement. For
KED, the RRE is below 10%, which means much closer performance to
ATPRK than the other three methods.

3.2.3. Ability to conserve spectral properties of the coarse data
An important criterion for evaluation of the quality of fused images

is the ability to conserve spectral properties (i.e., coherence). The
500 m downscaling results of five methods were upscaled to 1000 m
and then compared to the actual 1000m bands. Fig. 7 shows the scatter
plots of the two types of 1000m coarse data for all four bands. Amongst
thefivemethods, the four upscaled PCAbands have the least correlation
with the original coarse bands. The results for wavelets and HPF have
greater correlationwith the original coarse data than for PCA (especially
for bands 6 and 7), but have less correlation when compared to KED.
KED produces a very large coherence (very close to 1) for bands 3 and
4, but slightly smaller coherence for bands 6 and 7. The proposed
ATPRK produces perfect coherence. Table 4 provides the overall coher-
ence evaluation (in terms of CC) for all four bands. For each method,
the CC in Table 4 is exactly the coefficients of determination (R2) in
Fig. 7. Similarly, PCA has the smallest CC for all bands. The CC values
for all bands of the HPF and wavelet methods are greater than that for
PCA, but the mean values of HPF and wavelet are less than that for the
two geostatistical methods. ATPRK produced a perfect CC for each
band, thus, leading to RRE values of 100% in comparison with the
other methods, suggesting that it can preserve exactly the spectral
properties of the observed coarse image.

3.2.4. LCLU classification test on fused images
LCLU classification was performed to illustrate the benefits of the

proposed ATPRK-based downscaling approach. Both the 1000m coarse
and 500 m fine images were classified with the unsupervised ISODATA
classificationmethod. The number of clusters was set to five, and finally
two classes, forest and non-forest, were identified in the classification
results. For each of the two classes, 5000 ground reference samples
were selected by referring to the 500 m reference images. Table 5
shows the producer's accuracy (PA), user's accuracy (UA) and overall
accuracy (OA) for the 1000 m coarse and 500 m fused images. It can
be seen that except PCA, the other four downscaling methods can pro-
duce greater PA and UA than the original coarse image. The OA of all
fivemethods is greater than that of the 1000m coarse image, suggesting
that the image fusion results are more reliable for LCLU mapping.

Inter-comparison of the five methods shows that ATPRK has the
greatest PA and UA for both classes, and the OA is 2.31%, 2.69%, 0.83%
and 0.37% greater than for PCA, wavelets, HPF and KED. The accuracy
gains of ATPRKmake clear its advantages for downscaling. The accuracy
gains mean that the number of correctly classified pixels of the ATPRK
result is 231, 269, 83 and 37 greater than that for PCA, wavelets, HPF
and KED, respectively. Since the area of each fine pixel is 0.25 km2

(500 m by 500 m), in the test area of 2500 km2 (10,000 test pixels),
ATPRK produces a correctly classified surface area of 57.75 km2,
67.25 km2, 20.75 km2 and 9.25 km2 greater than that obtained by the
PCA, wavelets, HPF and KED methods, respectively. Therefore, the
results reveal the great potential of ATPRK applied to MODIS data for
global LCLU monitoring.

3.2.5. Comparison with the regression only and general ATPK methods
ATPRK consists of regressionmodeling andATPK. It compensates the

regression part by applying ATPK to downscale residuals and extends
the general ATPK approach by incorporating fine spatial resolution in-
formation by regression modeling. The regression only and general
ATPKmethodswere compared to ATPRK in this experiment to illustrate
the significance of both parts. The results of the three approaches for
five sub-areas are shown in Fig. 8. Without the post-residual downscal-
ing step, each band produced by regression only is a linearly weighted
PAN-like band (see Eq. (2)) and the corresponding false-color compos-
ite in Fig. 8 is almost black, indicating a great spectral distortion. Thus,
regression only cannot capture fully the spectral properties of the orig-
inal coarse data. As for the general ATPK method, without the ancillary
fine band, it produced fuzzy boundaries and failed to restore heteroge-
neous variation. Table 6 provides a quantitative evaluation. ATPRK out-
performs the regression only and ATPK methods obviously in terms of
all six indices and the RRE values are generally over 10%. Due to the
great spectral distortion, regression only has the largest RMSE, ERGAS,
SAM and SID, and smallest CC and UIQI. Note that the indices of general
ATPK are closer to the ideal values than the PCA,wavelets, HPFmethods.
This is because general ATPK itself can exactly preserve the spectral
properties, although it cannot reproduce sharper images than the
three methods.



Table 5
LCLU classification accuracy (%) of the original coarse image and fused images derived by
different downscaling methods.

1000 m PCA Wavelets HPF KED ATPRK

PA Non-forest 98.08 87.14 98.76 98.82 98.18 98.40
Forest 83.50 96.92 84.54 88.20 89.76 90.28

UA Non-forest 85.60 96.59 86.46 89.33 90.56 91.01
Forest 97.75 88.29 98.55 98.68 98.01 98.26

OA 90.79 92.03 91.65 93.51 93.97 94.34
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Through the comparison between ATPRK and general ATPK, it is
concluded that using ancillary fine spatial resolution information by re-
gression modeling, ATPRK can enhance the quality of fused images.
Moreover, the comparison between ATPRK and regression only reveals
that using ATPK for post-residual downscaling can preserve spectral
properties and it is critical in ATPRK. The regression modeling and
ATPK parts compensate each other and both are indispensable in the
proposed ATPRK approach.

3.2.6. Computational efficiency
Another criterion for evaluation of the tested downscaling methods

is the computational efficiency. PCA, wavelets and HPF are fast methods
and took only several seconds. The three geostatistical methods
(i.e., ATPK, ATPRK and KED) required more time as the kriging interpo-
lation process is time-consuming. More precisely, the KEDmethod took
around 560 s, while both ATPK and ATPRK took around 95 s (the regres-
sion process in ATPRK was very fast and took only 1 s and, thus, ATPRK
and ATPK have the same computational efficiency). ATPRK is, therefore,
much faster than the existing KED approach. This is a more significant
advantage than that for the quality (quantified by the six indices) of
fused images.

3.3. Application to the real MODIS image

Following the second strategy mentioned in Section 3.1, the real
500 m bands 3–7 (except band 5) were downscaled to 250 m. The
ATPRK results of the five sub-areas in Fig. 2 are shown in Fig. 9.
Sub-area 1 Sub-area 2 Sub-a

R
eg

re
ss

io
n 

on
ly

G
en

er
al

 A
T

PK
A

T
PR

K

Fig. 8. Downscaling results (500 m) of the regression only, gener
Comparing the downscaling results at 250 m to the original 500 m
input, it can be seen clearly that using ATPRK for downscaling, the
250 m results are visually sharper and the spectral properties are pre-
cisely preserved. The other four downscalingmethods were also imple-
mented and their QNR values are listed in Table 7 for comparison. From
PCA to wavelets, the QNR increases from 0.9741 to 0.9839. The QNR of
HPF is 0.0057 greater than for wavelets, but 0.0053 smaller than for
KED. The proposed ATPRK method produced the greatest QNR
(i.e., 0.9986), which is 0.0245, 0.0147, 0.0090 and 0.0037 greater than
for PCA, wavelets, HPF and KED.

For QNR, RE in Eq. (16) is calculated by 1-QNR. The remaining errors
of PCA, wavelets, HPF, KED and ATPRK are 0.0259, 0.0161, 0.0104,
0.0051 and 0.0014, and correspondingly, the RRE values for the former
four methods are 94.59%, 91.30%, 86.54% and 72.55%, respectively.
Thus, from the point of view of RRE, the improvement from the other
four methods to the proposed method is obvious. This experiment re-
veals the great potential of the proposed ATPRK method in MODIS
image downscaling in reality.

4. Discussion

The limited spatial resolution of the MODIS data has been a long
standing problem. This paper studies downscaling coarse bands 3–7
coupled with fine (relatively) bands 1 and 2. As widely acknowledged,
image downscaling is an under-determined problem. As a new image
fusion approach, ATPRK fully makes use of the fine spatial resolution in-
formation in bands 1 and 2 to downscale the fine spectral, but coarse
spatial resolution bands 3–7 and to produce a fine spatial and fine spec-
tral resolution MODIS image. The experiments on the Brazilian Amazon
MODIS data validated the advantages of the proposed ATPRK approach
in terms of perfectly conserving spectral properties and presenting
more detail for both homogeneous and heterogeneous landscapes
than in the original coarse image. The generated 250 m seven-band
MODIS product can present more LCLU details that cannot be observed
clearly at 500 m spatial resolution.

The proposed ATPRK approach is user-friendly, accounts for spatial
correlation and the PSF of the sensor, and can readily incorporate infor-
mation provided by other data (this motivates the extension to the
current version of ATPRK). On the other hand, the MODIS data have
rea 3 Sub-area 4 Sub-area 5

al ATPK and ATPRK methods for the synthetic MODIS image.



Table 7
QNR for downscaling results for the real MODIS image.

PCA Wavelets HPF KED ATPRK

QNR 0.9741 0.9839 0.9896 0.9949 0.9986
RRE 94.59% 91.30% 86.54% 72.55%

Table 6
Comparison between the regression only, general ATPK and ATPRK methods.

Ideal Regression only General ATPK ATPRK

RMSE Band 3 0 0.0081 0.0040 0.0040
Band 4 0 0.0083 0.0054 0.0049
Band 6 0 0.0389 0.0239 0.0204
Band 7 0 0.0352 0.0219 0.0190
Mean 0 0.0226 0.0138 0.0121
RRE 46.46% 12.32%

CC Band 3 1 0.9109 0.9795 0.9794
Band 4 1 0.9417 0.9753 0.9804
Band 6 1 0.9100 0.9668 0.9762
Band 7 1 0.9120 0.9668 0.9753
Mean 1 0.9187 0.9721 0.9778
RRE 72.69% 20.43%

UIQI Band 3 1 0.9092 0.9793 0.9794
Band 4 1 0.9411 0.9751 0.9804
Band 6 1 0.9070 0.9663 0.9762
Band 7 1 0.9092 0.9662 0.9753
Mean 1 0.9166 0.9717 0.9778
RRE 73.38% 21.55%

ERGAS 0 7.1030 4.1621 3.7487
RRE 47.22% 9.93%

SAM (°) 0 0.0685 0.0312 0.0291
RRE 57.52% 6.73%

SID 0 0.0129 0.0052 0.0039
RRE 69.77% 25.00%

The bold values indicates the most accurate result in each case.
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been used widely for global monitoring appreciating the free availabili-
ty, wide swath and daily temporal resolution. Inheriting the inherent
advantages associated the MODIS data and ATPRK, the spatially sharp-
ened MODIS product will show its greater potential in real-time global
LCLU monitoring (such as detection of the deforestation process over
the Amazon area (Wang, Atkinson, & Shi, 2015b) than the original
MODIS product, as illustrated in Section 3.2.4).

It is interesting to compare the proposed ATPRK method with two
existing geostatistical solutions to image fusion, that is, cokriging
(Atkinson et al., 2008; Pardo-Igúzquiza et al., 2006, 2011) and KED
(Sales et al., 2013). Cokriging needs to compute both the auto-
semivariogram and cross-semivariogram for each coarse band. ATPRK,
however, simplifies the process noticeably. The utility of the cross-
semivariogram in cokriging, that is, accounting for the cross-correlation
between the primary variable (observed coarse band) and secondary var-
iable (ancillary fine band), is achieved by simple regression modeling in
ATPRK instead (see Eq. (2)). ATPRK requires only auto-semivariogram
modeling for each coarse band, as all calculations occur in each coarse
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Fig. 9. Downscaling results (250 m) of the A
band separately. Thismakes the sizes of thematrices in the kriging system
in Eq. (8) much smaller. Thus, ATPRK is much easier to automate and
more user-friendly. Since the advantage of ATPRK over cokriging is so
obvious in theory, it was not compared to cokriging in the experiments.

Although KED also does not need the cross-semivariogram, the ma-
trices in the kriging systemaremore complicated than in Eq. (8). InKED,
the covariance matrix is extended with ancillary variables and the
kriging weights are calculated locally for each fine pixel. This greatly in-
creases the computational burden of KED, especially for large areas. Fur-
thermore, the extension may lead to an unstable matrix, especially
when the covariate does not vary smoothly in space (Goovaerts,
1997). ATPRK, however, does not suffer from these limitations. ATPRK
explicitly separates trend estimation (i.e., regression part) from spatial
prediction of residuals (i.e., ATPK), and the krigingweights are calculat-
ed only once for the entire study region. This characteristic makes
ATPRK a fast imagedownscaling approach and free of danger of instabil-
ity as for the KED method, as illustrated in the comparison between
ATPRK and KED in the experiments.

In summary, the proposed ATPRK approach holds the following
characteristics and advantages.

1) The use of a fine band by regression modeling can reduce the uncer-
tainty in image downscaling, thus, enhancing the quality of the fused
images;

2) Inheriting the advantages of ATPK, ATPRK accounts explicitly for size
of support (pixel), spatial correlation, and the PSF of the sensor;

3) Inheriting the advantages of ATPK, ATPRK can perfectly preserve the
spectral properties;

4) Compared to cokriging, ATPRK has the advantage of not requiring
cross-semivariogrammodeling and it is more user-friendly;

5) In contrast to KED, ATPRK is a fast image downscaling approach, as it
is a global scheme and calculates kriging weights only once for the
whole image, and the sizes of matrices in the kriging system are
much smaller;

6) ATPRK can easily incorporate fine spatial resolution information pro-
vided by other supplementary data (e.g., elevation data and ground
survey data).
-area 3 Sub-area 4 Sub-area 5

TPRK method for the real MODIS image.
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ATPRK consists of two phases: regression and ATPK. In the regres-
sion part, it is assumed that the regression model in Eq. (2) is universal
at different spatial resolutions and, thus, the regression model built at
coarse spatial resolution in Eq. (3) is used for regression prediction at
fine spatial resolution. In reality, however, the relationship in Eq. (3)
may vary with spatial resolution, especially for heterogeneous pixels.
Moreover, it is an open issue whether linear regression is sufficient to
model the relationship between the ancillary fine band and the ob-
served coarse bands. Although the post-processing stepATPK satisfacto-
rily compensates for the residuals from regression to fine pixels, it
would be interesting to further develop new regression models that
are better able to account for the change of scale and havemore power-
ful modeling ability.

In the ATPK part, the initial and critical point is the estimation of the
punctual semivariogram (or covariance). Ideally, such a semivariogram
can be estimated readily from prior knowledge or training images, if the
information is available. The spatial structure information in the train-
ing images need to be representative of the studied area and the spatial
resolution should also be the same as the target fine spatial resolution
(Wang et al., 2015a). In this paper, the punctual semivariogram was
estimated by a deconvolution approach, which exploits the statistical
information in the coarse residual image and does not require any
prior information. The deconvolution process is completely automatic
and easy to implement. It is worth attempting to develop other alterna-
tives to the deconvolution processes for further cases, such as the ones
allowing for a nugget effect (Wang et al., 2015a). However, it should
be stressed that deconvolution is strictly an ill-posed problem.
Even though one can obtain reassurance about the regularized
semivariogram by minimizing the difference between it and the areal
(coarse) semivariogram (as in the experiments), one can never be
sure that the corresponding punctual semivariogram is exactly the
same as the true semivariogram (Atkinson, 2013). Further cases need
to be tested to study the effect of the punctual semivariogram.

The PSF effect exists in remote sensing images, and the pixel value in
coarse images is viewed as a convolution of fine pixel values and the PSF
(Van der Meer, 2012). In this paper, the simple form of PSF in Eq. (11)
was assumed. In reality, the PSF may be more complicated than the
form in Eq. (11). As suggested by Atkinson et al. (2008) and
Pardo-Igúzquiza et al. (2006, 2011), we used Eq. (11) for convenience
in the experiments of this study. Following the flowchart in Fig. 1, how-
ever, it can be seen clearly that any PSF can readily be used in the pro-
posed ATPRK approach. The proof in Appendix (A3) holds for any
particular PSF, suggesting that the significant coherence characteristic
of ATPRK is not affected by the specific form of PSF.

In the experiments, two strategies were made for quantitative as-
sessment. For the second one without a 250 m reference image, other
alternatives for a reference can be explored. For example, the 30 m
Landsat data of the studied scene can be upscaled to 250 m to provide
a reference. In this respect, it is worthwhile to pay additional attention
to three issues. First, the acquisition date of the Landsat data should be
very close to that of the MODIS data to ensure almost zero changes be-
tween the scene covered by the two different spatial resolution images.
Second, reliable atmospheric correction and geometric registration are
required. Third, an appropriate PSF should be defined for the upscaling
process.

For MODIS data, the spatial resolution varies from nadir to off-nadir
view. The spatial resolution of off-nadir pixels is actually much coarser
than that of nadir pixels. This will motivate the application of the pro-
posed ATPRK in downscaling off-nadir pixels. This is part of our ongoing
research.

In the experiments, band 1 (red band) was selected to sharpen all
four coarse bands, as it shows greater CC than band 2 (NIR). However,
it should be noted that this just happened in the studied area and data
and it does not follow that the use of band 1 as the fine band is universal
for all MODIS images. In general, band 1 has a lower signal to noise ratio
than band 2 and it is sensitive to the atmosphere conditions. When
using the proposed ATPRK approach for downscaling MODIS bands
3–7, the relationship between bands 1–2 and 3–7 should be analyzed
case by case to determine the appropriate fine band for the specific
study area and data.

In this paper, similar to the existing image fusion approaches, we
considered downscaling the coarse bands to the spatial resolution of
the PAN-like band 1 or 2. Whether the 250m fused product is sufficient
for LCLUmonitoring depends on the studied site. In areaswhere the size
of the objects of interest is smaller than 250 m, further downscaling
would be required. In this case, it would be interesting to extend the
ATPRK method to cases where the desired spatial resolution is finer
than that of all available images including the PAN-like band.

Recently, PAN-sharpening has been a lively topic in the remote
sensing community. Many PAN-sharpening algorithms are designed
for fusion of very high spatial resolution (VHR) remote sensing prod-
ucts, such as QuickBird and WorldView. The encouraging results in
this study will promote the application of ATPRK in VHR image fusion.
This seems to be promising and our future research will focus on this.

5. Conclusion

This paper presented a new approach, called ATPRK, for MODIS
image downscaling. It fuses coarse bands 3–7 with fine bands 1 and 2.
The ATPRK approach consists of regression modeling and ATPK, and
the two parts are complementary to each other. The former uses fine
spatial resolution information from the fine band and the latter down-
scales the residuals from regression that are then added back to the re-
gression prediction. An appealing advantage of ATPRK is its perfect
coherence characteristic. It was demonstrated both theoretically and
experimentally that the proposed ATPRK can precisely retain the spec-
tral properties of the observed coarse bands. Furthermore, ATPRK is
user-friendly and can take the point spread function effect into account.
It can also be readily extended by including other supplementary covar-
iates. A set of Brazilian AmazonMODIS data was used in the experimen-
tal study. ATPRK was compared to four existing methods, including the
PCA, wavelets, HPF and KED methods. Both visual and quantitative
evaluation showed that ATPRK can produce sharpened images with
the greatest quality. In addition, ATPRK was faster than KED.
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Appendix A

Without loss of generality, we consider the case of T groups of ancil-
lary variables, that is, the case in Eq. (5). According to Eq. (4), when
building the regression model, each group of ancillary data Zv

t(x) is
upscaled to ZV

t(x) as follows

Zt
V xð Þ ¼

Z
hlV x−yð ÞZt

v yð Þdy: ðA1Þ

In ATPK prediction

Z
hlV x−yð ÞZl

v2 yð Þdy ¼ Zl
V2 xð Þ ¼ Zl

V xð Þ−
XT
t¼0

altZ
t
V xð Þ: ðA2Þ
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Therefore, we have
Z

hlV x−yð ÞZl
v yð Þdy

¼
Z

hlV x−yð Þ Zl
v1 yð Þ þ Zl

v2 yð Þ
h i

dy

¼
Z

hlV x−yð ÞZl
v1 yð Þdy þ

Z
hlV x−yð ÞZl

v2 yð Þdy

¼
Z

hlV x−yð ÞZl
v1 yð Þdy þ Zl

V xð Þ−
XT
t¼0

altZ
t
V xð Þ

¼
Z

hlV x−yð Þ
XT
t¼0

altZ
t
v yð Þdy þ Zl

V xð Þ−
XT
t¼0

altZ
t
V xð Þ:

¼
XT
t¼0

alt

Z
hlV x−yð ÞZt

v yð Þdy þ Zl
V xð Þ−

XT
t¼0

altZ
t
V xð Þ

¼
XT
t¼0

altZ
t
V xð Þ þ Zl

V xð Þ−
XT
t¼0

altZ
t
V xð Þ

¼ Zl
V xð Þ

ðA3Þ
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