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The soft-then-hard sub-pixel mapping (STHSPM) algorithm is a type of sub-pixel
mapping (SPM) algorithm that first estimates the soft class values for sub-pixels at the
target fine spatial resolution and then predicts the hard class labels for sub-pixels. In
this article, four fast STHSPM algorithms (i.e. bilinear, bicubic, kriging, and radial
basis function interpolation) were enhanced by using multiple shifted images (MSIs).
The proportion images of the MSIs were first downscaled to the desired fine spatial
resolution and then the multiple downscaled images were integrated for each class,
followed by the class allocation process. Three remote-sensing images were used to
test the proposed methods, and the results showed that MSIs can help to increase the
SPM accuracy of the four STHSPM algorithms. The approach to incorporating MSIs
into the STHSPM algorithms is non-iterative and fast.

1. Introduction
Mixed pixels, which cover more than one land-cover class in remote-sensing images, have
brought great challenges for conventional pixel-level classification. Spectral unmixing has
been studied for decades to estimate the proportions of classes within mixed pixels.
However, such a technique cannot inform analysts the spatial distribution of classes
within mixed pixels. Sub-pixel mapping (SPM), also termed super-resolution mapping
in the remote-sensing community, is a technique for thematic mapping at a finer spatial
resolution relative to the input image. Taking the spectral unmixing results (i.e. coarse
spatial resolution proportions) as input, SPM can be achieved by dividing the original
pixel into multiple sub-pixels and then predicting their classes. The number of sub-pixels
for each class depends on the coarse proportion and desired zoom factor.
SPM is performed based on spatial dependence theory: compared with more
distant pixels, neighbouring pixels are more likely to be of the same class
(Atkinson 2009, 2013). In recent years, various SPM algorithms have been developed.
In Wang, Shi, and Wang (2014a), the existing SPM algorithms were divided to several
families. Some algorithms were developed based on optimization models, including
pixel swapping algorithm (Atkinson 2005; Makido et al. 2007; Shen, Qi, and
Wang 2009; Villa et al. 2013; Xu and Huang 2014), genetic algorithms (Mertens
et al. 2003), Hopfield neural network (Tatem et al. 2001; Muad and Foody 2012;
Foody and Doan 2007), two-point histogram (Atkinson 2004), particle swarm optimization (Wang, Wang, and Liu 2012) and differential evolution (Zhong and
Zhang 2012). In these algorithms, a certain objective based on spatial dependence or
prior spatial structure was constructed first. Guided by the objective, the initialized
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sub-pixel resolution land-cover map was then optimized to approach a solution. This
type of SPM algorithm requires several iterations to obtain a satisfactory result, which
is always time-consuming, particularly for the objectives that need to be solved by
artiﬁcial intelligence algorithms (e.g., genetic algorithms, simulating annealing, and
Hopﬁeld neural network).
Another family of SPM algorithm, called the soft-then-hard SPM (STHSPM)
algorithm (Wang, Shi, and Wang 2014a; Wang, Shi, and Zhang 2014), achieves
SPM by estimating first the soft class values (between 0 and 1 for each class) at the
target fine spatial resolution and then the hard class values (0 or 1 for each class) of
sub-pixels. In addition, SPM can be performed by a type of one-stage method that
takes the raw image in units of reﬂectance as input and does not necessarily need
spectral unmixing (Kasetkasem, Arora, and Varshney 2005; Tolpekin and Stein 2009;
Ardila et al. 2011; Li, Du, and Ling 2012; Li et al. 2014; Ling et al. 2014; Zhang, Du,
et al. 2014). The one-stage method is time-consuming as it is iterative, and during
each iteration, spectral and spatial information are considered simultaneously. The
contouring and vectorial boundary methods were also developed for SPM, which
drew the boundaries of classes running through the coarse pixels (Foody, Muslim,
and Atkinson 2005; Su et al. 2012; Ge, Li, and Lakhan 2009, 2014). However, they
are more suitable for SPM of large objects.
The main advantage of the STHSPM algorithm is that it can be achieved without
iterations, and thus, SPM can be realized quickly. In the STHSPM algorithm, estimation of soft class value at fine spatial resolution (i.e. downscaling continua) is a critical
step. Such a step can be realized by kriging (Verhoeye and Wulf 2002), backpropagation neural network (Mertens et al. 2004; Gu, Zhang, and Zhang 2008;
Nigussie, Zurita-Milla, and Clevers 2011; Zhang et al. 2008), and indicator cokriging
(Boucher, Kyriakidis, and Cronkite-Ratcliff 2008; Jin, Mountrakis, and Li 2012;
Wang, Shi, and Wang 2014b). However, back-propagation neural network and indicator cokriging require prior spatial structure information at the target fine spatial
resolution, which is always difficult to obtain in practical applications. Recently, some
interpolation algorithms have been studied to estimate soft class values at fine spatial
resolution (i.e. for the purpose of downscaling continua) (Ling et al. 2013; Wang, Shi,
and Atkinson 2014). These algorithms can be generalized into the STHSPM algorithm.
In this article, we applied four STHSPM algorithms to SPM, including bilinear,
bicubic, kriging, and the recently developed radial basis function (RBF) interpolation
(Wang, Shi, and Atkinson 2014). The advantages of these four algorithms are that they are
non-iterative and fast, and more importantly, they do not need prior spatial structure
information (Wang, Atkinson, and Shi 2015).
The SPM problem is usually under-determined, with multiple plausible solutions that
can lead to an equally coherent recreation of the input coarse image. To decrease the
uncertainty in sub-pixel map reproduction and increase SPM accuracy, a variety of
auxiliary information has been applied, such as landline vector boundaries (Aplin and
Atkinson 2001), lidar data (Nguyen, Atkinson, and Lewis 2005), panchromatic images
(Nguyen, Atkinson, and Lewis 2011), high-resolution colour images (Mahmood
et al. 2013), and multiple shifted images (MSIs) (Ling et al. 2010; Xu et al. 2013;
Wang and Wang 2013).
In this article, MSIs were used as auxiliary data sets to enhance the four fast STHSPM
algorithms (i.e. bilinear, bicubic, kriging, and RBF methods). MSIs are a series of images
captured by sensors that cover the same area periodically and, thus, have the same spatial
resolution. Due to the slight relative translations between the satellite and Earth, these
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images are commonly not completely identical but are shifted from each other at the subpixel level. MSIs were used to increase the SPM accuracy in Ling et al. (2010), Xu et al.
(2013), and Wang and Wang (2013), based on different SPM approaches, including
Hopﬁeld neural network, maximum a posteriori (MAP), and Markov random field.
These approaches made use of the supplementary information form MSIs at coarse spatial
resolution, and such coarse information in MSIs was incorporated into the SPM models to
provide multiple constraints and decrease uncertainties in SPM. However, these
approaches are iterative and computationally expensive. Alternatively, with MSI as
auxiliary information, the four STHSPM algorithms in this article inherit the aforementioned advantages: they are non-iterative and performed without prior spatial structure
information.

2. Methodology
2.1. Four STHSPM algorithms
The STHSPM algorithm first estimates the soft class values at the desired fine spatial resolution
and then allocates a hard class label to each sub-pixel. In this article, bilinear, bicubic, kriging,
and RBF interpolation were used to estimate soft class values. The bilinear and bicubic
interpolation methods are widely available in packages such as MATLAB, R, IDL, and some
publicly available programming libraries. In this section, the principles of kriging and RBF
interpolation for soft class value estimation are introduced briefly.
Suppose S is the zoom factor for SPM (i.e. each coarse pixel is divided into S by S
sub-pixels), Pj (j ¼ 1; 2; . . . ; M , where M is the number of pixels in the coarse image) is a
coarse pixel, pj;i (i ¼ 1; 2; . . . ; S 2 ) is a sub-pixel within coarse pixel Pj , Fk ðPj Þ
(k ¼ 1; 2; . . . ; K, where K is the number of land-cover classes) is the coarse proportion
(i.e. spectral unmixing results) of class k within Pj , and Fk ðpj;i Þ (0  Fk ðpj;i Þ  1) is the
soft class
value for class k at sub-pixel pj;i . The soft class value set,



Fk ðpj;i Þi ¼ 1; 2; . . . ;S 2 ; j ¼ 1; 2; . . . ; M ; k ¼ 1; 2; . . . ; K , is estimated by taking the


coarse proportions Fk ðPj Þjj ¼ 1; 2; . . . ; M ; k ¼ 1; 2; . . . ; K as input.
In the kriging method, the soft attribute value is related to the coarse proportions of
neighbouring coarse pixels and considered as a weighted linear combination of the
proportions:

Fk ðpj;i Þ ¼

N
X

βn Fk ðPn Þ;

(1)

n¼1

where N is the number of neighbouring coarse pixels, Fk ðPn Þ is the coarse proportion of
class k at neighbouring pixel Pn ; and βn is a weight estimated by solving the kriging system.
The semivariogram can be derived from the coarse spatial resolution images (Verhoeye
and De Wulf 2002). In this article, the isotropic semivariogram is considered, and the
commonly used exponential model is applied to ﬁt the continuous semivariogram function.
For the RBF, the soft class value is predicted by

Fk ðpj;i Þ ¼

N
X
n¼1

λk ðPn ÞϕðPn ; pj;i Þ;

(2)
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where ϕðPn ; pj;i Þ is a basis function that measures the spatial relation between sub-pixel pj;i
and its neighbouring pixel Pn , and λk ðPn Þ is a coefficient. The basis function takes the
Gaussian form
ϕðPn ; pj;i Þ ¼ ed

2

ðPn ;pj;i Þ=a2

;

(3)

where a is a parameter and dðPn ; pj;i Þ is the Euclidean distance between the centroids of
sub-pixel pj;i and pixel Pn . The coefficients λk ðP1 Þ; λk ðP2 Þ; . . . λk ðPN Þ are computed as
(Wang, Shi, and Atkinson 2014; Wang, Atkinson, and Shi 2015)
32 λ ðP Þ 3 2 F ðP Þ 3
k
1
k
1
ϕðP1 ; P1 Þ ϕðP2 ; P1 Þ    ϕðPN ; P1 Þ
6 Fk ðP2 Þ 7
λk ðP2 Þ 7
6 ϕðP1 ; P2 Þ ϕðP2 ; P2 Þ    ϕðPN ; P2 Þ 76
6
7
6
7
6
76 .
7 ¼ 6 ..
7;
4
54 .

 

5
4
5
.
.
ϕðP1 ; PN Þ ϕðP2 ; PN Þ    ϕðPN ; PN Þ
λk ðPN Þ
Fk ðPN Þ
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(4)

where the elements in the first matrix on the left-hand side are calculated in the same way
as for Equation (3).

2.2. STHSPM with MSI
In Ling et al. (2010), Xu et al. (2013), and Wang and Wang (2013), MSIs were used
to enhance SPM by using Hopﬁeld neural network, MAP, and Markov random field.
The additional information from MSIs was used at coarse spatial resolution. More
precisely, R (the number of MSIs) constraints at the coarse pixel level were incorporated into the relevant SPM models. The constraints can be characterized in terms of
class proportion (Ling et al. 2010; Xu et al. 2013) or spectral reflectance of the coarse
pixel (Wang and Wang 2013). When predicting sub-pixel class, each sub-pixel falls
within R coarse pixels in MSIs and needs to satisfy the R constraints from the coarse
pixels. The sub-pixel class varies after each prediction, and thus, iterations are
required to approach satisfactory SPM results. The iterative process is always timeconsuming.
In this article, the approach to using MSIs in the STHSPM algorithms is different from
that in Ling et al. (2010), Xu et al. (2013), and Wang and Wang (2013). Based on the
STHSPM algorithms, information from MSIs was used at target fine spatial resolution, by
downscaling all RK (R MSIs, with each MSI having K proportion images) proportion
images (derived by spectral unmixing of all MSIs) to the target fine spatial resolution in
advance. Downscaling proportion images of MSIs was achieved by the four STHSPM
algorithms. They are non-iterative and fast and do not need prior spatial structure
information on land-cover classes. The proposed STHSPM with MSIs methods, therefore,
inherit all advantages of the four STHSPM algorithms and MSI data are straightforwardly
and efficiently integrated.
The principles of incorporating MSIs in the STHSPM algorithms are described in
this section. The MSIs were assumed to be translated horizontally and vertically at the
sub-pixel level in this article. Let (Xr ,Yr ) be the shift between the r-th (r = 1,2, …, R,
where R is the number of MSIs) and the first coarse image, where Xr and Yr represent
the rightward and the downward shifts in units of coarse pixel. Given the zoom factor
S for SPM, the corresponding sub-pixel shifts are then (Xr S,Yr S). As shown in
Figure 1, if the coordinate of a sub-pixel in the first image (such as A in Figure 1)
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Figure 1. Two coarse images A and B with (0.5, 0.5) coarse pixel shift and given a zoom factor of
2, the corresponding sub-pixel shifts are (1, 1).

is (am , bm ), the coordinate of its corresponding sub-pixel in the r-th shifted image
(such as B in Figure 1) should be (am  Xr S, bm  Yr S). In Figure 1, (Xr , Yr ) = (0.5,
0.5) and S = 2.
Using MSIs in the STHSPM algorithms, the soft class value for the k-th class at subpixel pj;i , denoted as Fk ðpj;i Þ, is determined by integration of R soft class values:
Fk ðpj;i Þ ¼

R
1X
Fk ðprj;i Þ;
R r¼1

(5)

where prj;i is pj;i ’s corresponding sub-pixel in the r-th coarse image. Taking the k-th class
proportion image for the r-th coarse image as input, Fk ðprj;i Þ is estimated by any of the four
STHSPM algorithms (i.e. bilinear, bicubic, kriging, and RBF methods).
After the soft class value estimation in the STHSPM algorithm, the next step is to
allocate hard class labels to sub-pixels. Suppose Bk ðpj;i Þ is the binary class value

Bk ðpj;i Þ ¼

1; if sub-pixel pj;i belongs to class k
0; otherwise:

(6)

For a particular coarse pixel Pj , the number of sub-pixels for class k, Ek ðPj Þ, is
calculated as
Ek ðPj Þ ¼ roundðFk ðPj ÞS 2 Þ;

(7)

where round(•) is a function that takes the integer nearest to •. The objective of
hard
class
allocation
in
the
STHSPM
algorithm
is
to
predict



2

Bk ðpj;i Þ i ¼ 1; 2; . . . ;S ; j ¼ 1; 2; . . . ; M ; k ¼ 1; 2; . . . ; K . Under the coherence constraint imposed by the coarse resolution class proportions in Equation (7), downscaled
image sets F1 ; F2 ; . . . ; FK (obtained according to Equation (5)) are used to assign hard
class labels to sub-pixels.
In this article, we employed a class allocation method developed in Wang, Shi, and
Wang (2014a). In this method, sub-pixels for each class are allocated in units of class. For
each class, sub-pixels with larger soft class values are allocated before those with smaller
ones. Using this method, the intra-class spatial dependence can be maximized. This class
allocation method is fast and implemented under the constraint in Equation (7). The
visiting order of all classes can be determined by comparing the Moran’s I of all K classes
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and the classes with higher indices are visited first, as proposed in Wang, Shi, and Wang
(2014a).
The implementation of the proposed methods (i.e. STHSPM with MSIs) includes the
following steps. Figure 2 shows the flow chart correspondingly, where a four-class landcover map in Bath, UK, is used for illustration.
(1) Spectral unmixing of all MSIs. The results for each coarse image are K class
proportion images and the outputs are RK proportion images.
(2) Downscaling of all RK proportion images with the STHSPM algorithms. The
outputs are RK downscaled images composed of soft class values.
(3) Integration of downscaled images. For each class, it has a group of R downscaled
images. They are integrated according to Equation (5) to generate a single downscaled image for each class.
(4) Class allocation for each sub-pixel. Under the coherence constraint in Equation (7),
K integrated downscaled images are used to assign hard class labels to sub-pixels.

3. Experimental results
3.1. Experimental set-up
Three remote-sensing images were used in the experiments to demonstrate the effectiveness of the proposed STHSPM with MSI method. To avoid the uncertainty in spectral
unmixing and concentrate solely on the performance of SPM methods, synthetic proportion images were used. The proportion images were simulated by degrading the fine
spatial resolution land-cover map with an S by S mean filter (i.e. all S by S fine spatial
resolution pixels were degraded to a coarse pixel). SPM methods were implemented to
restore the fine spatial resolution map with zoom factor S. By such a set-up, the original
fine spatial resolution map is known perfectly for supervised assessment. As a variety of
algorithms can be used for image registration of MSIs (Zitova and Flusser 2003), the
estimation of sub-pixel shifts is beyond the scope of this article. Alternatively, the MSIs
were synthesized from the original fine spatial resolution map. Specifically, the fine
spatial resolution map was first shifted in units of fine pixels and then degraded to
generate the MSIs with an S by S mean filter. The synthesized MSIs have the same
spatial resolution as that of the studied coarse image. Such a set-up can avoid the
uncertainty in sub-pixel shift estimation and the shifted images are error free. In the
experiments, three MSIs were considered and the sub-pixel shifts were assumed to be
(0.5, 0), (0, 0.5), and (0.5, 0.5) coarse pixel.
For the kriging method, the window size of the neighbourhood was set to 5, as
suggested by the repeated test. The parameters of the RBF method were set according
to the parameter analysis in Wang, Shi, and Atkinson (2014), and the parameter a in the
basis function was set to 10 and the window size of the neighbourhood was set to 5 (i.e. N
in Equation (2) was equal to 25).
SPM is essentially a hard classification technique, and the SPM accuracy was evaluated quantitatively by the overall accuracy in terms of the percentage of correctly
classified (PCC) pixels. Note that sub-pixels within the non-mixed pixels in the input
coarse images were not included in the accuracy statistics, since they only increased the
PCC values without providing any useful information on SPM performances (Mertens
et al. 2003).
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Figure 2.

Flow chart of the proposed STHSPM with MSI method. (a) Flow chart. (b) An example.
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3.2. Data
The detailed information of the three images is described as follows.

3.2.1. The aerial image
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The aerial image covers an area in Bath, UK. It has a spatial size of 360 by 360 pixels,
with each pixel covering 0.6 by 0.6 m of the ground. Four classes are included in the area:
road, tree, building, and grass. The image and the classified land-cover map are shown in
Figure 3(a), both of which were provided by Dr A. J. Tatem.

3.2.2. The Reflective Optics System Imaging Spectrometer (ROSIS) image
The ROSIS hyperspectral image was captured by the ROSIS sensor during a ﬂight
campaign over Pavia, northern Italy. The image contains 102 bands and the tested area
has 384 by 384 pixels. The spatial resolution of the image is 1.3 m. Six classes can be
recognized from the area, including shadow, water, road, tree, grass, and roof. Figure 3(b)
shows the false colour image (bands 102, 56, and 31 for RGB) and the classified image,
which was obtained with the tensor discriminative locality alignment-based classifier in
Zhang et al. (2013).

3.2.3. The QuickBird image
The QuickBird image covers the suburb of Xuzhou City, China, and was acquired in
August 2005. It has a spatial resolution of 0.61 m and contains 480 by 480 pixels and
three multispectral bands (Zhang, Shi, et al. 2014). The original image and the classified
land-cover map are shown in Figure 3(c). The land-cover map contains seven classes:
shadow, water, road, tree, grass, roof, and bare soil. The map was obtained with an
algorithm that first integrated spatial features of pixel shape feature set, grey level cooccurrence matrix, and Gabor transform with spectral information and then used a support
vector machine for classification.

3.3. SPM results
The three classified land-cover maps in Figure 3 were degraded with a factor of 8, to
synthesize the proportion images with 5, 10 and 5 m spatial resolutions for the aerial
image, ROSIS image, and QuickBird image. The proportion images are shown in Figure 4.
Taking the proportion images as input, SPM methods were performed with S = 8 to reproduce
the fine spatial resolution maps. Figures 5–7 display the SPM results of the four STHSPM
algorithms, where the results produced without MSIs and with MSIs are shown. In each
studied image, a subarea was zoomed for convenience of visual comparison.

3.3.1. Visual inspection
As can be observed from the three groups of results for the eight methods, when using
MSIs, all four STHSPM algorithms can generate more accurate SPM results.
Specifically, in results of the original STHSPM algorithms (i.e. without MSIs), there
are a number of disconnected shapes and rough boundaries. For example, in results for
the aerial image, there are some obvious burr artefacts on the boundaries of tree and
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Figure 3. Three images used in the experiments. (a) The aerial image (provided by Dr Andrew J.
Tatem). (b) The ROSIS image (provided by Prof. Gamba and Dr Lefei Zhang). (c) The QuickBird image
(provided by Zhang, Shi, et al. 2014). Left: the original image; right: classified land-cover map used as
reference for SPM.

road classes (see Figure 5(d)); in results for the ROSIS image in Figure 6, there exist
noticeable linear artefacts, especially for the shadow, roof, and road classes; in results
for the QuickBird image, linear artefacts can be clearly observed for the roof and tree
classes, and disconnected shapes can be observed for the road class, as shown in the
zoom area in Figure 7(d). With MSIs, the improvement observed from visual
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100%

Figure 4. Proportion images of the classes in the degraded land-cover maps of the three images.
(a) The aerial image. (b) The ROSIS image. (c) The QuickBird image.

inspection is evident. Examining the results of the STHSPM with MSIs in Figure 5,
there are many fewer burr artefacts and the class boundaries, especially for the road
classes, are smoother; in Figure 6(c), the distribution of the classes, such as shadow
and roof, is closer to the reference map in Figure 6(a), which can be well illustrated
by Figure 6(e). For the QuickBird image, when MSIs are used, the distribution of the
shadow and road classes is more continuous and the linear features are better restored.
Consequently, the proposed methods significantly increase the SPM performances of
original STHSPM algorithms.

3.3.2. Quantitative assessment
Tables 1–3 list the SPM accuracy of the eight methods for the three tested images. From
the three tables, two observations can be made.
First, with the aid of MSIs, all four STHSPM algorithms are able to produce
greater accuracy than for the case without MSIs. For the aerial image, when MSIs are
used, the PCC values of four algorithms increase by around 2%. In Table 2, by using
MSIs, the classification accuracy of all six classes arises, and the accuracy gains are
particularly noticeable for the shadow class (a gain of 6%), road class (a gain of 5%),
and grass class (a gain of 6%). With respect to the PCC, the gains reach 5% for the
four STHSPM algorithms. Checking the values for the QuickBird image, when MSIs
are used, the PCC values of four algorithms are close to 80%, about 4.5% greater than
that obtained without MSIs.
Second, amongst the four STHSPM algorithms, the RBF method is found to have the
greatest accuracy (values marked in bold), regardless the use of MSIs. We take the ROSIS
image as an example for illustration of this phenomenon. Without MSIs, the PCC of the
RBF method is around 2%, 1.4%, and 1% greater than that of the bilinear, bicubic, and
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(b)

(c)

(d)

(e)

Figure 5. SPM results for the aerial image (S = 8). (a) Reference. (b)–(e) SPM results, from left to
right: bilinear, bicubic, kriging, and RBF results. (b) Without MSIs. (c) With MSIs. (d) Zoom for
(b). (e) Zoom for (c).
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(b)

(c)

(d)

(e)

Figure 6. SPM results for the ROSIS image (S = 8). (a) Reference. (b)–(e) SPM results, from left
to right: bilinear, bicubic, kriging, and RBF results. (b) Without MSIs. (c) With MSIs. (d) Zoom for
(b). (e) Zoom for (c).
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Figure 7. SPM results for the QuickBird image (S = 8). (a) Reference. (b)–(e) SPM results, from
left to right: bilinear, bicubic, kriging, and RBF results. (b) Without MSIs. (c) With MSIs. (d) Zoom
for (b). (e) Zoom for (c).
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Road
Tree
Building
Grass
PCC

Table 2.

With MSI

Bilinear

Bicubic

Kriging

RBF

Bilinear

Bicubic

Kriging

RBF

95.80
93.43
91.05
93.13
93.00

96.02
93.84
91.54
93.51
93.39

95.66
93.12
91.17
93.06
92.94

96.31
93.64
92.03
93.75
93.64

97.39
94.96
93.50
95.00
94.93

97.50
95.14
93.92
95.28
95.21

97.43
95.27
93.83
95.24
95.18

97.62
95.27
94.25
95.49
95.43

SPM accuracy (%) for the ROSIS image (S = 8).
Without MSI

Shadow
Water
Road
Tree
Grass
Roof
PCC

Table 3.

With MSI

Bilinear

Bicubic

Kriging

RBF

Bilinear

Bicubic

Kriging

RBF

55.67
86.69
72.49
74.83
69.43
80.47
73.03

56.51
86.62
73.14
75.54
70.31
80.92
73.66

56.29
87.01
73.66
75.60
70.73
81.02
73.88

58.35
87.40
74.71
76.44
71.99
82.01
75.00

63.58
88.60
78.16
79.16
75.44
84.70
78.24

64.54
88.91
78.92
79.75
76.26
85.15
78.90

63.90
88.91
78.66
79.57
76.01
84.97
78.64

64.75
89.23
79.38
79.96
76.76
85.26
79.20

SPM accuracy (%) for the QuickBird image (S = 8).
Without MSI

Shadow
Water
Road
Tree
Grass
Roof
Bare soil
PCC

With MSI

Bilinear

Bicubic

Kriging

RBF

Bilinear

Bicubic

Kriging

RBF

48.25
88.31
59.39
70.90
68.25
83.09
68.58
74.67

49.39
88.31
60.23
71.45
68.84
83.48
68.91
75.19

50.37
88.82
61.09
71.48
68.94
83.78
69.38
75.56

51.32
89.32
62.05
72.00
69.41
84.23
70.14
76.12

58.05
91.91
67.15
76.23
73.27
86.37
72.50
79.32

58.78
92.16
67.86
76.71
73.87
86.71
72.84
79.76

58.69
92.10
67.70
76.47
73.73
86.63
73.01
79.66

59.13
92.13
68.27
76.68
74.17
86.85
73.38
79.96

kriging methods, while with MSIs, the accuracy gains are 1%, 0.3%, and 0.5%
correspondingly.

3.4. Analysis of zoom factor and registration error
The eight methods were tested with five different zoom factors for each image. For the
aerial image, S = 5, 8, 10, 12, and 15 were considered, while for the ROSIS and
QuickBird images, S = 4, 6, 8, 12, and 16 were considered. Figure 8 exhibits the PCC
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(b)

(c)

Figure 8. PCC (%) of the STHSPM algorithms in relation to the zoom factor. (a) The aerial image.
(b) The ROSIS image. (c) The QuickBird image.

for all zoom factors. In the three sub-figures for the three images, the SPM accuracy of all
eight methods decreases as S increases. With MSIs, for each zoom factor, the accuracy of
the four algorithms arises evidently. Moreover, in all cases, the RBF with MSIs produces
consistently the greatest accuracy among the eight SPM methods.
The registration error exists commonly in multiple-image analysis. This necessitates
the study of registration error (it reflects the accuracy of sub-pixel shift estimation) in the
proposed methods using MSIs. Here, we simulated the errors ranging from −0.4 to 0.4
coarse pixel, with a step of 0.1 coarse pixel, and the zoom factor S = 10 was considered
for the three images. For example, if the registration error is 0.1, the original shifts (0.5,
0), (0, 0.5), and (0.5, 0.5) were adjusted to (0.6, 0.1), (0.1, 0.6), and (0.6, 0.6) (Xu
et al. 2013). Figure 9 displays the SPM accuracy of the four STHSPM algorithms with
MSIs in relation to the registration error. As shown in the figure, the registration error
imposes a negative effect on the proposed methods. The SPM accuracy of all four
methods decreases with the increasing absolute value of registration error.

4. Discussion
The experimental results in Section 3 validate the effectiveness of the proposed STHSPM
algorithm with MSI method. Using MSIs, the four STHSPM algorithms (i.e. bilinear,
bicubic, kriging, and RBF) produce more accurate results than those produced without
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(a)

(b)

(c)

Figure 9. PCC (%) of the STHSPM algorithms with MSIs in relation to the registration error. (a)
The aerial image. (b) The ROSIS image. (c) The QuickBird image.

MSIs. Specifically, the SPM results of the methods using MSIs are visually more continuous and smoother than those produced without MSIs, and the PCC values of the new
methods are greater than those of original STHSPM algorithms.
The proposed methods were tested with various zoom factors for the three images. In
the experiments, the coarse images were created by degrading the fine spatial resolution
land-cover map in Figure 3 with a mean filter, and thus, a different factor corresponds to
proportion images with different coarse spatial resolution. From the results in Figure 8, it
was found that by using MSIs, the SPM accuracy of four STHSPM algorithms increased
obviously for all zoom factors. This reveals that the proposed methods are suitable for
SPM of diverse spatial resolution remote-sensing images.
As mentioned in Wang, Shi, and Atkinson (2014), the RBF method has strong nonlinear modelling ability. In RBF-based SPM, the spatial autocorrelation between any subpixel and its neighbouring coarse pixels is characterized by the basis function (i.e.
Equation (3)). Meanwhile, as can be seen from Equation (4), when adaptively calculating
the coefficients of basis function, the spatial autocorrelation between coarse pixels in the
input proportion images (i.e. coarse pixels in a neighbourhood window) is accounted for.
Therefore, the RBF method captures and uses as much of the available information about
spatial dependence, which is the unique advantage of RBF interpolation over the other
three algorithms. Inheriting this advantage, the RBF method with MSI method consistently produces the greatest accuracy amongst the eight methods.
The registration error is an important factor affecting the performances of the proposed
methods that use multiple images. As illustrated in Figure 9, the influence becomes more
obvious when the registration error is large. For example, when the absolute value of
registration error increases from 0 to 0.1, 0.2, 0.3, and 0.4, the SPM accuracy decreases by
around 0.5%, 1.5%, 4%, and 7.5%, respectively. Therefore, accurate sub-pixel shift
estimation is vital in the proposed methods.
Focusing on the PCC values in Figure 8, the accuracy gains for the ROSIS and
QuickBird images are over 4% with the use of MSIs, but the accuracy gains for the aerial
image are around 2%, which is less than for the other two images. As can be observed
from Figure 3, the spatial distribution of land cover in the ROSIS and QuickBird images is
more complex than for the aerial image. For example, the size of objects in Figures 3(b)
and (c) are much smaller than that in Figure 3(a). There are many linear and elongated
features (especially for the shadow and road classes) in the ROSIS and QuickBird images.
In Tables 2 and 3, the accuracy gains are the greatest for the shadow and road classes.
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More precisely, in the two tables, the gains of the shadow classes are around 6% and 8%,
while the gains are 5% and 6% for the road class. Such advantages can also be confirmed
by the visual comparison in Figures 5–7 (see, e.g., the zoom results in the figures). The
greater accuracy gains in Figures 8(b) and (c) indicate that the proposed methods that use
MSIs are more advantageous in cases where the land-cover distribution is complex,
particularly in a case involving linear features. It should be highlighted that although
the accuracy gains for the aerial image are relatively fewer, the better reproduction of class
boundaries for this image (e.g. boundaries of tree and building classes in Figures 5(c)
and (e)) suggests that the proposed methods are also considerably valuable for SPM of
large objects.
With respect to the computation efficiency, the proposed methods took less than
1 min. They are much faster than the Hopfield neural network-based SPM with MSIs
that took several hours to generate a satisfactory SPM result (Ling et al. 2010). The
proposed methods do not involve any iteration when incorporating the information of
MSIs into the STHSPM algorithms and, thus, are real-time methods for incorporating
MSIs into SPM.
The MSIs are captured by sensors that cover the same area periodically. In some cases,
the area may evolve rapidly, especially for the area in the highly developed cities, or the
area where land cover is sensitive to changes in climate. In this case, the scenes in the
MSIs are not completely identical. It is, therefore, suggested that the MSIs are more
appropriate for the two cases: (1) the land-cover changes of the studied area is small
during the acquisition dates of the multiple images and (2) the revisit frequency of the
sensor is high (such as QuickBird, WorldView, and GeoEye) and nearly no changes occur
during the revisit interval.
In this article, we studied four STHSPM algorithms and enhance them with MSIs. In
future research, other fast and non-iterative STHSPM algorithms are worthy of exploration. It is also promising to incorporate additional information from other auxiliary data
into the STHSPM algorithms.

5. Conclusion
The inherent uncertainty in SPM necessitates the exploration of information from auxiliary data. In this article, four STHSPM algorithms (i.e. bilinear, bicubic, kriging, and
RBF) were used for SPM, appreciating the fact that they are non-iterative and can be
performed without any prior spatial structure information on land cover. The MSIs were
used as additional information to increase the SPM accuracy. Both visual and quantitative
assessments on the experimental results validate the effectiveness of the proposed methods. With the aid of MSIs, all four STHSPM algorithms can produce more accurate SPM
results. Furthermore, the RBF with MSIs method can produce the greatest accuracy
among all methods. The new methods are also non-iterative and do not require prior
spatial structure information. This article provides a new option to make use of MSIs
in SPM.
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