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Abstract—In this paper, a new subpixel resolution land cover
change detection (LCCD) method based on the Hopfield neural
network (HNN) is proposed. The new method borrows information from a known fine spatial resolution land cover map (FSRM)
representing one date for subpixel mapping (SPM) from a coarse
spatial resolution image on another, closer date. It is implemented
by using the thematic information in the FSRM to modify the initialization of neuron values in the original HNN. The predicted
SPM result was compared to the original FSRM to achieve subpixel resolution LCCD. The proposed method was compared with
the original unmodified HNN method as well as six state-of-the-art
methods for LCCD. To explore the effect of uncertainty in spectral
unmixing, which mainly originates from spectral separability in
the input, coarse image, and the point spread function (PSF) of the
sensor, a set of synthetic multispectral images with different class
separabilities and PSFs was used in experiments. It was found that
the proposed LCCD method (i.e., HNN with an FSRM) can separate more real changes from noise and produce more accurate
LCCD results than the state-of-the-art methods. The advantage of
the proposed method is more evident when the class separability
is small and the variance in the PSF is large, that is, the uncertainty in spectral unmixing is large. Furthermore, the utilization
of an FSRM can expedite the HNN-based processing required for
LCCD. The advantage of the proposed method was also validated
by applying to a set of real Landsat-Moderate Resolution Imaging
Spectroradiometer (MODIS) images.
Index Terms—Hopfield neural network (HNN), land cover
change detection (LCCD), subpixel mapping (SPM), superresolution mapping.

I. I NTRODUCTION

L

AND COVER change detection (LCCD), one of the most
important topics in remote sensing, has received increasing attention over the past decades [1]–[4]. With rapid changes
on the Earth’s surface, especially in highly developed areas, fine
temporal resolution LCCD is becoming increasingly important.
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Meanwhile, it is often necessary to monitor land cover changes
at a fine spatial resolution to provide sufficient detail for specific
applications. Although sensors such as WorldView and GeoEye
can capture images with a fine temporal and spatial resolution,
the high cost limits their more general applications. Moreover,
the narrow swath of these sensors cannot meet the demand of
LCCD for large areas. It is, therefore, of great interest to conduct LCCD at both fine spatial and temporal resolutions using
computer technologies.
For fine temporal resolution images with wide swath, such as
the Moderate Resolution Imaging Spectroradiometer (MODIS)
images, the spatial resolution is commonly coarse. For the
purpose of fine spatial and temporal resolution LCCD, it is
promising to obtain fine spatial resolution land cover information using downscaling techniques, by taking the fine temporal,
but coarse spatial resolution images as inputs, possibly coupled
with ancillary variables, such as images with fine spatial, but
coarse temporal resolution.
Spatiotemporal fusion [5], also termed image blending in
some remote sensing literature [6], is a common technique for
fusing a coarse spatial, but fine temporal resolution image with
a fine spatial, but coarse temporal resolution image to generate a fine spatial and temporal resolution image. Spatiotemporal
fusion can be followed by standard LCCD techniques to achieve
fine spatial and temporal resolution LCCD. However, spatiotemporal fusion is implemented based on the availability of
at least one pair of fine-coarse spatial resolution images (e.g.,
Landsat-MODIS [7]) of the same area. The image pairs have
to be acquired at a similar time to ensure almost zero changes
between the scenes covered by the two different spatial resolution sensors. Considering cloud contamination and possible
time inconsistency of image acquisitions [8], high quality image
pairs can be difficult to obtain.
In coarse spatial resolution images, mixed pixels, which contain more than one land cover class, are a common problem. As
a popular mixed pixel analysis technique, spectral unmixing has
been studied for decades [9]. Spectral unmixing estimates the
proportions of land cover classes within each mixed pixel, and
the outputs of the coarse spatial, but fine temporal resolution
image series can provide information on how much the proportion of each class changed during the studied period [10], [11].
However, spectral unmixing outputs are still at a coarse spatial
resolution and cannot inform users of the LCCD information at
a finer spatial resolution.
By taking the coarse proportions (i.e., unmixing outputs)
as input, subpixel mapping (SPM) [12], also termed superresolution mapping in the remote sensing community [13],
has been developed for thematic mapping at a finer spatial

1939-1404 © 2014 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.
See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.

1340

IEEE JOURNAL OF SELECTED TOPICS IN APPLIED EARTH OBSERVATIONS AND REMOTE SENSING, VOL. 8, NO. 3, MARCH 2015

resolution (i.e., subpixel resolution) relative to the input image.
In recent years, a variety of SPM algorithms have been
developed, including genetic algorithms [14], particle swarm
optimization [15], pixel swapping algorithm (PSA) [16]–[19],
Hopfield neural network (HNN) [20]–[23], subpixel/pixel spatial attraction model (SPSAM) [24]–[28], back-propagation
neural network [29]–[33], Kriging [34], indicator cokriging
[35]–[38], Markov random field [39]–[44], contouring method
[45]–[47], and interpolation-based methods [48]–[50].
SPM is a promising technique for fine spatial and temporal
resolution LCCD and has increased its presence in LCCD [51]–
[54]. Foody and Doan [51] applied the HNN-based SPM to
detect forest cover changes in Brazil at the spatial resolution of
Landsat data (i.e., 30 m) using two 300-m Medium Resolution
Imaging Spectrometer-like images. For SPM of the coarse
image on one date, Ling et al. [52] and Xu and Huang [53]
modified the PSA, by incorporating the land cover information
in a known fine spatial resolution land cover map (FSRM) from
a former date. Li et al. [54] added a temporal energy function
to a conventional Markov random field model to monitor forest
changes in the Brazilian Amazon Basin at a subpixel resolution. However, the new model proposed in [54] introduces extra
parameters (e.g., weights for the temporal energy function).
Spectral unmixing remains an open problem currently and
the predicted pixel-level proportions are rarely perfect. The
HNN has been used widely in SPM, appreciating the fact that
the constraint of the HNN maintains as far as possible, but not
slavishly, the original pixel-level proportions [55]. Therefore,
in the HNN, errors from spectral unmixing can be alleviated to
some extent. This is the advantage over PSA and other SPM
algorithms that are coherent with the original pixel-level proportions. Furthermore, similar to the PSA, the HNN considers
the interaction between subpixels and spatial dependence is
described at the subpixel level. This character makes the HNN
able to produce smooth SPM results, which is particularly suitable for homogeneous landscapes. Based on these advantages,
in this paper, a new subpixel resolution LCCD algorithm based
on the HNN is proposed. Different from [51], this paper considers borrowing information from an FSRM in a HNN-based
SPM (in [51], the original HNN was used for SPM and no
FSRM was used).
The SPM problem is under-determined and many multiple
plausible solutions can lead to an equally coherent recreation
of the input coarse proportion images. With auxiliary information, SPM can be enhanced and more changes from noise can be
separated. In LCCD, it is important to take temporal information into account. FSRM carries reliable land cover information
at the target fine spatial resolution and it is of great interest to
include the temporal information from such data in subpixel
resolution LCCD.
In the HNN model, the utilization of the FSRM may not only
increase the SPM and LCCD accuracy, but also may expedite
the implementation of the HNN. The approach to incorporating
the FSRM information does not involve any new parameter. In
contrast to spatiotemporal fusion, the proposed HNN with an
FSRM method does not need a pair of fine-coarse spatial resolution images. Note that the novelty of the proposed method
essentially lies in the SPM process and the subpixel resolution

Fig. 1. Subpixel resolution LCCD problem.

LCCD is an application: the SPM result is compared with the
FSRM for LCCD. The main contributions of this paper are,
thus, as follows.
1) With the introduction of an FSRM, a new HNN model
was proposed for subpixel resolution LCCD for the first
time, in which the FSRM was used to initialize a part
of neuron values (0 or 1 for each class) in the original
HNN.
2) The effects of land cover class spectral separability [in
terms of transformed divergence (TD)] on the accuracy of
the proposed LCCD method were evaluated.
3) The effects of the point spread function (PSF) on the
accuracy of the proposed LCCD method were evaluated.
The remainder of this paper is organized as follows.
Section II first introduces the subpixel resolution LCCD problem (Section II-A), then the principle of the original HNNbased SPM method (Section II-B), and then incorporation of
an FSRM in subpixel resolution LCCD (Section II-C), followed
by the explicit description of the proposed HNN-based SPM for
LCCD with an FSRM (Section II-D). Section III provides the
experimental results, including comparison between the proposed LCCD method with the original HNN and state-of-the-art
methods, analysis of the effects of TD and PSF on LCCD accuracy, and application to real Landsat-MODIS images. Further
discussion is given in Section IV, while Section V concludes
the paper.
II. M ETHODS
A. Subpixel Resolution LCCD Problem
Fig. 1 shows the subpixel resolution LCCD problem in this
paper. The LCCD is conducted by using two input images covering the same scene (marked in red) with different spatial
resolutions. One is a fine spatial resolution image FSRM at T 0
time, while the other is a coarse spatial resolution image at T 1
time. Spectral unmixing is first performed on the coarse image
to estimate the proportions of each land cover class in the coarse
pixels, and then SPM is conducted on the coarse proportion
images to produce a fine spatial resolution (the same resolution
as for the FSRM) thematic map. The subpixel map is compared with the FSRM for subpixel resolution LCCD. In SPM
of the coarse image, the land cover information in the FSRM is
incorporated into the SPM approach (i.e., HNN in this paper)
to enhance the SPM.
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B. HNN-Based SPM
Let (h, i, j) be a neuron in row i and column j [corresponds
to subpixel (i, j)] of the network layer representing land cover
class h, and vhij be the output of the neuron. The output value
means the value of class h (h = 1, 2, . . . , K, where K is the
number of land cover classes) for subpixel (i, j). If the output
vhij is 1, the subpixel (i, j) is allocated to class h, and if the
neuron output value is 0, the subpixel does not belong to class
h [56]. The HNN is used as an optimization tool to update iteratively the class values (i.e., vhij ) for each subpixel. The output
vhij is a function of the input signal uhij
vhij =

1
[1 + tanh(λuhij )]
2

(1)

where λ determines the steepness of the function. The input for
the tth iteration is
uhij (t + dt) = uhij +

duhij (t)
dt
dt

duhij (t)
dEhij
=−
.
dt
dvhij

(3)

The network energy function is

(w1 G1hij + w2 G2hij + w3 Phij + w4 Mhij )
E=
i

j

(4)
where w1 , w2 , w3 , and w4 are four weights, G1 and G2 are
two spatial clustering functions, P is the proportion constraint,
and M is the multiclass constraint [21]. According to (4), the
energy change in the neuron for subpixel (i, j) is determined by
dEhij
dG1hij
dG2hij
dPhij
dMhij
= w1
+ w2
+ w3
+ w4
.
dvhij
dvhij
dvhij
dvhij
dvhij
(5)
The first two terms of the right-hand side of (5) are
expressed as
⎡
⎛
⎞ ⎤
i+1
⎜1 
dG1hij
1⎢
⎢
⎜
= ⎣1 + tanh⎝
dvhij
2
8

i+1


⎟ ⎥
⎥
vhbc − 0.5⎟
⎠λ⎦(vhij −1)

b=i−1 c=j−1
b=i
c=j

(6)
⎡

⎞ ⎤

⎛

i+1
⎜1 
dG2hij
1⎢
⎜
1
−
tanh
= ⎢
⎝8
dvhij
2⎣

i+1


b=i−1 c=j−1
b=i
c=j

vhbc

1
dPhij
=
dvhij
2S 2

x·S+S


y·S+S


[1+ tanh(vhbc − 0.5)λ] − Fhxy

b=x·S+1 c=y·S+1

(8)
where x and y are coordinates of the coarse pixel that subpixel
(i, j) falls within, Fhxy is the coarse proportion of class h for
pixel (x, y), and S is the zoom factor (i.e., each coarse pixel is
divided into S × S subpixels). The multiclass constraint means
that for any subpixel, say (i, j), the sum of neuron outputs for
all classes should be equal to 1, thus
dMhij
=
dvhij



K



vkij

− 1.

(9)

k=1

(2)

where dt is a time step. The second term on the right-hand
side of (2) represents the energy change of the neuron and is
described by

h

0.5, while function G2 decreases the neuron output to 0, if the
average output of the surrounding neurons is less than 0.5.
The proportion constraint for class h is

⎟ ⎥
⎥
− 0.5⎟
⎠λ⎦ vhij .
(7)

To increase the spatial correlation between neighboring subpixels, the function G1 increases the neuron output to 1, if
the average output of the surrounding neurons is greater than

C. Incorporation of an FSRM in Subpixel Resolution LCCD
There is a temporal dependence between the images covering the same scene, especially for images acquired on close
dates. These images are considered to resemble each other.
The land cover information in the FSRM on one date (T 0)
can provide auxiliary information for SPM of the coarse spatial resolution image on a closer date (T 1), thus, reducing
errors in subpixel resolution LCCD. The principle of incorporating an FSRM in subpixel resolution LCCD is based on
the comparison of spectral unmixing-derived class proportions
with proportions obtained by degradation of the known FSRM.
Guided by the proportion difference in a class at two different times, some locations at the subpixel scale are considered
to be changed or unchanged for the class, and some subpixels are correspondingly considered to belong or not belong to
the class. This can help to reduce the solution space of SPM
and decrease the uncertainty in SPM. The incorporation of
an FSRM in subpixel resolution LCCD includes the following
steps [52].
1) The FSRM is degraded with an S × S mean filter to yield
the coarse proportions of each class on that date, which is
denoted as F 0hxy .
2) The spectral unmixing-derived class proportion is compared with the proportions obtained by the degradation of
FSRM, and for any class, say h, the proportion difference
Δhxy is calculated by
Δhxy = Fhxy − F 0hxy .

(10)

Finally, the changed and unchanged subpixel locations for
each class are determined, according to the following three
rules.
Rule 1) If Δhxy < 0, in coarse pixel (x, y), subpixels for
class h in the coarse image at T 1 are within the area
for class h in the FSRM at T 0 (such as the gray area
representing class h in Fig. 2), and some subpixels
within that area are changed to other classes (i.e., non
h classes in the white area).
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Fig. 2. Incorporation of an FSRM in subpixel resolution LCCD, where a single
coarse pixel (x, y) and class h are used for illustration.

Rule 2) If Δhxy = 0, in coarse pixel (x, y), no change occurs
for class h, and the spatial distribution of class h
within coarse pixel (x, y) in the coarse image at T 1
is the same as that in the FSRM at T 0.
Rule 3) If Δhxy > 0, in coarse pixel (x, y), the locations of
subpixels for class h in the FSRM (such as the gray
area in Fig. 2) are assigned to class h in the coarse
image at T 1, and some subpixels at the remaining locations (i.e., the white area) are changed to
class h.
At the bottom of Fig. 2, some examples are shown for
three cases: Δhxy = 2/36, Δhxy = 0, and Δhxy = −2/36.
According to the corresponding hypothetical rules, at T 1, two
subpixels of non h class (e.g., the black subpixels in the left
result) would be changed to class h, no changes occur for
class h (middle result), and two subpixels of class h (e.g.,
the light gray subpixels in the right result) would be changed
to non h classes. The key task of the SPM is to determine
which subpixels in the white area are changed to class h
when Δhxy > 0 and which subpixels in the gray area are
changed to non h classes when Δhxy < 0. In this paper, this
is achieved using the HNN approach, as illustrated in (1)–(9).
The new HNN-based SPM for LCCD is introduced in the next
section.
D. HNN for Subpixel Resolution LCCD With an FSRM
From the three rules in Section II-C, we can see that the
determined changed and unchanged subpixel locations can be
used to initialize the neuron values for each class in HNNbased SPM. The proposed HNN for subpixel resolution LCCD
with an FSRM is performed based on the modification of
neuron value initialization in the original HNN. For a coarse
pixel (x, y), let us divide all K classes into two groups:

one group consists of the classes with negative proportion
differences (i.e., Δ < 0), U1 , U2 , . . . , Um , and the other group
consists of the classes with nonnegative proportion differences (i.e., Δ ≥ 0), V1 , V2 , . . . , Vn , where m + n = K.
To facilitate the illustration, we still use Fig. 2 as an
example.
For classes U1 , U2 , . . . , Um , according to Rule 1) in
Section II-C, all subpixels for class Uh (h = 1, 2, . . . , m) in
the coarse image at T 1 fall within the area for class Uh in
the FSRM at T 0 (e.g., the gray area in Fig. 2), and all subpixels outside that area should not be assigned to class Uh .
Following this rule, for classes U1 , U2 , . . . , Um , the neuron outputs for the subpixels outside the “gray area” in the FSRM can
be determined as 0. During the iterative process in the HNN,
these values are fixed for the network layers representing these
classes.
For classes V1 , V2 , . . . , Vn , guided by the Rules 2) and 3), all
subpixels within the area for class Vh (h = 1, 2, . . . , n) in the
FSRM (e.g., the gray area in Fig. 2) should be assigned to class
Vh in the coarse image at T 1. With this in mind, for classes
V1 , V2 , . . . , Vn , the neuron outputs for the subpixels within the
“gray area” in the FSRM can be initialized to 1, which are
fixed and do not involve iterative update for the network layers
representing these classes.
After the modified initialization, the implementation of
HNN-based SPM then becomes a prediction of neuron outputs
of which the initialized values are not fixed. The steps of the
proposed HNN for subpixel resolution LCCD with an FSRM
are given below.
1) Spectral unmixing is performed on the coarse image
at T 1. The outputs are a set of coarse proportions
{Fhxy |h = 1, 2, . . . , K; x = 1, 2, . . . , X; y = 1, 2, . . . ,
Y }, where X and Y are the rows and columns of the
coarse image.
2) The spectral unmixing-derived proportion is compared with the proportion obtained by degrading the
FSRM. The outputs are a set of proportion differences {Δhxy |h = 1, 2, . . . , K; x = 1, 2, . . . , X; y =
1, 2, . . . , Y }.
3) According to the proportion differences, for each coarse
pixel, all K classes are divided into two groups
U1 , U2 , . . . , Um and V1 , V2 , . . . , Vn . Neuron outputs for
the two groups of classes are initialized, as shown in the
pseudocode.
4) The HNN-based SPM is implemented. During the iterative process, the initialized values 0 and 1 in Step 3) are
fixed and do not involve iterative update.
5) The predicted SPM result at T 1 is compared with the
FSRM at T 0 in terms of class labels for LCCD.
As can be seen from Step 4), different from the original
HNN, for each network layer representing a certain class,
the new HNN model does not update the subpixel class values (i.e., neuron outputs) for the subpixels initialized with 0
or 1. Such scheme in the new HNN method can potentially
help to decrease the computation burden. This is an obvious advantage of the proposed HNN method over the original
HNN.
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Algorithm: Initialization of HNN with an FSRM
Inputs: FSRM and {Δhxy |h = 1, 2, . . . , K; x = 1, 2, . . . , X;
y = 1, 2, . . . , Y }
for x = 1: X
for y = 1: Y
Find the classes with negative proportion differences (i.e., Δ < 0), U1 , U2 , . . . , Um , and the classes
with nonnegative proportion differences (i.e., Δ ≥ 0),
V1 , V 2 , . . . , V n .
for h = 1: m
For the network layer representing class Uh :
The neuron outputs for the subpixels outside the
“gray area” in the FSRM (see Fig. 2) are set to 0;
The neuron outputs for the subpixels within the
“gray area” in the FSRM are determined with a
proportion-constrained initialization [20].
endfor
for h = 1: n
For the network layer representing class Vh :
The neuron outputs for the subpixels within the
“gray area” in the FSRM (see Fig. 2) are set to 1;
The neuron outputs for the subpixels outside the
“gray area” in the FSRM are determined with a
proportion-constrained initialization.
endfor
endfor
endfor
Outputs: {vhij |h = 1, 2, . . . , K; x = 1, 2, . . . , XS 2 ; y = 1, 2,
. . . , Y S2}
III. E XPERIMENTS
In Sections III-A–III-E, the experiments were carried out on
the synthetic multispectral images to study the effect of spectral
unmixing errors (originating from the spectral separability and
PSF in the images) in the proposed method. In Section III-F,
a set of real Landsat-MODIS images covering a tropical forest
area in Brazil was used to test the proposed method in a real
case. For simplicity, we denote the original HNN-based SPM
method [21], [51] as HNN1 and the new HNN method that borrows information from the FSRM as HNN2. For both HNN1
and HNN2, all the weighting constants in the network energy
function were set to 1, the steepness of the tanh function was
set to 10, the time step was set to 0.001, and the number of iterations was set to 1000. For HNN1, the proportion-constrained
initialization was employed, as suggested in [20].

Fig. 3. Two images used in the experiments. The original images acquired in
(a) August 2001 (T 0) and (b) August 2002 (T 1) (bands 4, 3, and 2 as RGB).
(c) and (d) are the manually drawn reference maps of (a) and (b), respectively.

shows the two images and the corresponding manually digitized
reference maps. The 30 m reference map at T 0 in Fig. 3(c) was
used as the FSRM.
Spectral unmixing is a preprocessing step of SPM and the
uncertainty from the former can be propagated directly to the
latter. Moreover, from (10), we can see that the spectral unmixing outputs need to be compared with the proportions in the
FSRM, and the proportion difference determines which rule
in Section III-C should be used. Therefore, spectral unmixing plays an important role in the subpixel resolution LCCD
method incorporating an FSRM. This necessitates the study
of the effect of spectral unmixing errors in subpixel resolution
LCCD. The uncertainty in spectral unmixing is closely related
to spectral separability and PSF in remote sensing images.
To explore the effect of spectral unmixing in LCCD, we used
synthetic multispectral images for time T 1. First, the 30-m fine
spatial resolution image at T 1 was synthesized, according to
the reference land cover map in Fig. 3(d) and the predefined
spectral separability (in terms of TD). The band number was
set to three. Then the coarse spatial resolution image at T 1
was generated by degrading the synthesized fine spatial resolution (i.e., 30 m) images with an S × S mean filter, using a
predefined PSF. To detect the changes at the fine spatial resolution, spectral unmixing and SPM were performed on the coarse
image to reproduce the fine spatial resolution T 1 land cover
map, which was compared with the FSRM for subpixel resolution LCCD. Using this setup, it was possible to synthesize
coarse images with different spectral separabilities and PSFs,
and thus, possible to analyze the effect of spectral separability
and the PSF in the proposed method. Furthermore, the reference land cover map at fine spatial resolution at T 1 is known
perfectly for accuracy assessment.
Concerning synthesizing the multispectral image at T 1,
the covariance matrix of the four classes was set to RI,
where I is the identity matrix, and the constant R = 10. The
mean value of C1 was set to a constant (100,100,100), and
the mean values of the other three classes were correspondingly set to (100 + Δμ, 100, 100), (100, 100 + Δμ, 100), and
(100, 100, 100 + Δμ), respectively, where Δμ is a function of
the predefined TD [40]

A. Data
The two original images were acquired by the Landsat-7
Enhanced Thematic Mapper sensor in August 2001 (T 0) and
August 2002 (T 1) in the Liaoning Province, China. The spatial
resolution is about 30 m. The studied area covers 240 × 240
pixels and four land cover classes, C1, C2, C3, and C4. Fig. 3

Δμ =



−8R ln (1 − T D/2).

(11)

TD is an index reflecting the spectral separability in remote
sensing images. The separability between classes increases
when the TD increases. Therefore, by tuning the TD values,
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Fig. 4. Synthetic multispectral images. Fine spatial resolution images generated with (a) T D = 0.5, (b) T D = 1, and (c) T D = 1.5. Coarse spatial
resolution images generated by degrading the fine spatial resolutions with
(d) T D = 0.5, S = 12; (e) T D = 1, S = 8; and (f) T D = 1.5, S = 4.

Fig. 5. Spectral unmixing results of the coarse image generated with T D = 1
and S = 8 for (a) C1, (b) C2, (c) C3, and (d) C4.

coarse images with different spectral separabilities can be synthesized. In the experiments, three different TD values were
considered: 0.5, 1, and 1.5. Fig. 4 shows the synthetic images
for different TD [PSF was not added in Fig. 4(d)–(f)].

B. Comparison Between Subpixel Resolution LCCD Methods
In this section, we compared the proposed HNN2 method
with the original HNN1 method and another six subpixel resolution LCCD methods: PSA with the FSRM [52] and the
five recently developed methods in [57] (i.e., bilinear interpolation, bicubic interpolation, SPSAM, Kriging, and radial
basis function (RBF) interpolation [58] methods), which also
incorporated the FSRM in LCCD. Fig. 4(e) produced with
T D = 1 and S = 8 was considered as the coarse image at
T 1. The synthesized coarse image has a spatial resolution of
240 m, comparable with that for the MODIS image. Spectral
unmixing was implemented on this coarse image and fully constrained least squares linear spectral mixture analysis [59] was
employed. The estimated coarse proportion images of the four
classes are shown in Fig. 5. Taking the proportion images as
input, the eight SPM algorithms were then applied (zoom factor S = 8), and the SPM results at T 1 were compared to the
FSRM at T 0 for subpixel resolution LCCD.
Fig. 6 shows the LCCD results for the eight SPM methods. As can be seen from the results, the bilinear interpolation,
bicubic interpolation, SPSAM, Kriging, and RBF interpolation

methods generated some small patches and a scattering of noisy
pixel values. Referring to the reference change map, it is clear
that these pixels should belong to the unchanged area, but were
recognized as changed pixels. For example, some pixels for C1
at T 0 should still belong to C1 at T 1, but were incorrectly
classified as C4 (i.e., pixels for “C1 to C4” in the results).
Although PSA produced more compact results than the other
five methods, the small patches still exist. Compared with the
PSA, bilinear, bicubic, SPSAM, Kriging, and RBF methods,
HNN1 generated smoother and “cleaner” results, and some
pixels of the pixels previously misclassified for unchanged
areas were correctly classified. This is because the HNN model
does not maintain perfectly the proportions derived by spectral
unmixing, which themselves contain inherent errors. However,
obvious errors exist in the HNN1 result. For example, some pixels were erroneously identified as “C1 to C2,” which appear as
long blocky artifacts, as shown in the areas marked by the red
line. The proposed HNN2, which borrowed land cover information from the FSRM, produced more satisfactory results than
HNN1. This can be illustrated by the fact that there are noticeably fewer pixels incorrectly identified as “C1 to C2,” and the
blocky artifacts for this category of change are much “thinner”
than that in the HNN1 result (see the examples marked by the
red line). Overall, the HNN2 method produced visually a more
accurate LCCD result than the other seven subpixel resolution
LCCD algorithms.
The overall accuracy (OA) for each method was calculated
from the full-transition error matrix [60]. For the bilinear, bicubic, SPSAM, Kriging, and RBF methods, the OA was around
93.1%. The PSA and HNN1 methods have a similar OA of
around 92.8%. The OA of the proposed HNN2 method was
94.86%, about 2% greater than the other seven methods.
C. Effects of Class Spectral Separability
Three images synthesized with three different TD values
(i.e., 0.5, 1, and 1.5), as shown in Fig. 4(a)–(c), were considered in this section. Meanwhile, the coarse images were
created with five different degradation factors: 4, 6, 8, 10, and
12. Correspondingly, the zoom factors of the SPM were set to
S = 4, 6, 8, 10, and 12 to restore the fine spatial resolution
(i.e., 30 m) images at T 1. Fig. 7 shows the OA of the subpixel resolution LCCD for four of the SPM methods: 1) RBF;
2) PSA; 3) HNN1; and 4) HNN2, with variable zoom factor S
and TD. Note that the OA of LCCD of the other four SPM algorithms, bilinear interpolation, bicubic interpolation, SPSAM,
and Kriging, is not shown in this figure, as they have similar
OA to the RBF for all S and TD. Thus, the RBF method was
selected as a representative for the five methods in [57]. From
Fig. 7, three observations can be made.
First, consistent with the conclusion in Section III-B, the
proposed HNN2 generally has greater accuracy than the other
methods. The accuracy difference between HNN1 and HNN2
becomes more obvious when S increases. More precisely, the
accuracy gain of HNN2 over HNN1 is small at S = 4, but
increases steadily from around 0.6% at S = 6% to 2% at S = 8,
2.5%, at S = 10, and 3.5% at S = 12. The reason is that the
uncertainty in SPM increases with increasing S, and with the
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Fig. 6. Subpixel resolution LCCD results for the eight SPM methods.

Fig. 7. OA of the subpixel resolution LCCD methods in relation to zoom factor S and TD. (a) S = 4, (b) S = 6, (c) S = 8, (d) S = 10, and (e) S = 12.

aid of the FSRM, HNN2 can reduce the solution space, thereby
decreasing the uncertainty in SPM, especially for large S. This
is not the case for HNN1 which was implemented based on the
spatial dependence assumption without additional information.
Second, the OA of all methods increases when TD increases.
This is because larger TD corresponds to greater class separability and the uncertainty in the preprocessing step of SPM
(i.e., spectral unmixing) decreases correspondingly. This can be
illustrated by the scatter-plots of the class proportions in Fig. 8,
where the spectral unmixing results for S = 8 are provided.
Focusing on the plots for three different TD values (the three
rows), we find that from T D = 0.5 to T D = 1.5, the distribution of points for all four classes becomes more compact and

closer to the line of y = x (x and y represent the horizontal
and vertical axes), suggesting that the estimated proportions are
closer to the actual proportions. Fig. 9 shows the corresponding
spectral unmixing errors for Fig. 8 using the root-mean-square
error (RMSE). When TD increases, the RMSE values of all four
classes decrease.
Third, the advantage of the HNN2 over the RBF and PSA
methods in terms of OA becomes less obvious when TD
increases and is lost completely for a large zoom factor (e.g.,
S = 12). That is, the accuracy gains of RBF and PSA at large
TD (e.g., T D = 1.5) are greater than that for HNN2. Two
explanations can be made for this phenomenon: 1) as evident
from Figs. 8 and 9, spectral unmixing error decreases with
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Fig. 8. Scatter-plots of class proportions for different TD (S = 8). The horizontal axis represents the reference class proportions, while the vertical axis
represents the spectral unmixing-derived class proportions. Line 1: T D = 0.5;
Line 2: T D = 1; Line 3: T D = 1.5. Left to right: C1, C2, C3, and C4.

Fig. 9. Spectral unmixing errors (in terms of RMSE) in relation to TD (S = 8).

increasing TD. The greater accuracy gains of RBF and PSA
with increasing TD arises because the two methods are more
sensitive to the spectral unmixing accuracy, and compared with
the postprocessing step (i.e., SPM), spectral unmixing plays
a dominant role in their LCCD performances. This is not the
case for the proposed HNN2, which can relax the proportion
constraint; 2) both RBF and PSA utilized the FSRM in the
experiments, and the benefits of using the FSRM for them
are especially obvious for large zoom factor cases where large
uncertainty exists in the SPM (as for each coarse pixel, the
locations of more subpixel classes need to be predicted and
uncertainty in the SPM increases).
D. Effects of PSF
The PSF inevitably exists in remote sensing data acquisition.
It means that the signal for a given pixel is a function (in part) of
spatial variation in neighboring pixels. As mentioned in [61], in
the absence of a known PSF for the sensor involved, a suitable
alternative would be to assume a Gaussian PSF. In this section,
we used a Gaussian PSF, in which the size was 3 × 3 pixels and

the variance, denoted as D, was set to five values: 0.5, 0.75,
1, 1.25, and 1.5, respectively. Specifically, the image simulated
with T D = 1 was degraded with an 8 × 8 mean filter, using the
PSF with different D. Spectral unmixing was first performed
on the simulated coarse images with different PSF, followed by
the subpixel resolution LCCD methods (S = 8).
Fig. 10 shows the image generated using a PSF with D =
0.75 and its spectral unmixing results. Comparing Fig. 10(a)
with Fig. 4(e), it can be seen that due to the existence of the
PSF, the coarse image in Fig. 10(a) is visually more ambiguous
and difficult to interpret. This is also the case in the estimated unmixing results in Fig. 10(b)–(e) when compared with
Fig. 5(a)–(d). Taking Fig. 10 as input for SPM, the LCCD
results produced by RBF, PSA, HNN1, and HNN2 are shown
in Fig. 11. Comparing these results with Fig. 6, it can be
seen that the PSF imposes negative effects on the subpixel
resolution LCCD. Specifically, the RBF result in Fig. 11(a) contains obvious linear artifacts, and the PSA result in Fig. 11(b)
contains larger size patches than the PSA result in Fig. 6.
Regarding the HNN1 and HNN2 results, they are smoother
than for the RBF method and there exist fewer misclassified
pixels. Due to the effect of the PSF, however, more pixels
are incorrectly classified as “C1 to C2” and “C2 to C1” in
Fig. 11(c) and (d). Intercomparison of the four maps in Fig. 11
leads to the conclusion that the proposed HNN2 produces
the most accurate LCCD result while accounting for the PSF
effect.
The LCCD accuracy of the eight methods for the five variance values is exhibited in Fig. 12. Note that D = 0 means
no PSF effect was added to the image simulation (i.e., the
case studied in Section III-B). The results of D = 0 was
included in Fig. 12 to illustrate the influence brought by the
PSF in the subpixel resolution LCCD. Three observations can
be made from the bar chart. First, HNN2 consistently produces
the greatest accuracy among the eight LCCD methods for all
five variance values and this advantage becomes more evident
with increasing D. Second, the accuracy at D = 0 is greater
than that of D = 0.5, 0.75, 1, 1.25, and 1.5. This means that
the PSF imparts extra uncertainty in the subpixel resolution
LCCD. Third, as D increases, the accuracy of all eight methods decreases. This is particularly evident when D increases
from 0.5 to 0.75.
The last two observations necessitate the study of the influence of the PSF in spectral unmixing. Fig. 13 shows the
scatter-plots of the spectral unmixing results for D = 0, 0.75,
and 1.5. Without the PSF, the points are the most compact and
the closest to the line of y = x. When D increases, the distribution becomes more scattered, which indicates an increase in
spectral unmixing error. The spectral unmixing errors quantified (by the RMSE) for different D are displayed in Fig. 14.
It can be observed clearly that the unmixing errors of all four
classes increase as D increases. When D increases from 0.5
to 0.75, the errors of all four classes increase rapidly, and
become stable from D = 1.25 to D = 1.5. With increasing D,
the increased unmixing errors result in decreased LCCD accuracy. For example, from D = 0.5 to D = 0.75, the increased
unmixing errors lead to an obvious decrease in the accuracy of
LCCD (Fig. 12).
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Fig. 10. Spectral unmixing results of the coarse image generated with T D = 1, S = 8, and D = 0.75. (a) The coarse image. (b)–(e) Proportion images of C1,
C2, C3, and C4.

Fig. 11. Subpixel resolution LCCD results for the coarse image generated using a PSF with a variance D = 0.75 (T D = 1 and S = 8): (a) RBF, (b) PSA,
(c) HNN1, and (d) HNN2.

Fig. 12. OA of the eight LCCD methods in relation to the variance D in PSF
(T D = 1 and S = 8).

E. Computing Efficiency
As mentioned in Section II-D, for each network layer representing a certain class, the HNN2 does not need to update the
neuron outputs for the subpixels initialized with 0 or 1 from the
FSRM. Theoretically, therefore, the HNN2 needs less computing time than HNN1. The computing times of PSA, HNN1, and
HNN2 are listed in Table I. All experiments were tested on an
Intel Core i7 Processor at 3.40-GHz with the MATLAB 7.1 version. PSA was implemented based on simulated annealing and
the number of iterations was set to 2000. Note that the bilinear, bicubic, SPSAM, Kriging, and RBF methods are very fast
subpixel resolution LCCD algorithms, as presented in [57]. In
the experiments in this study, they took less than 3 s and they
are much faster than the other three methods (i.e., PSA, HNN1,
and HNN2). Examining the values in Table I, we find that PSA
took much less time than HNN1 and HNN2. However, with
the modified initialization from the FSRM, HNN2 is faster than
HNN1.

Fig. 13. Scatter-plots of class proportions for different variance D in PSF
(T D = 1 and S = 8). The horizontal axis represents the reference class proportions, while the vertical axis represents the spectral unmixing-derived class
proportions. Line 1: D = 0; Line 2: D = 0.75; Line 3: D = 1.5. Left to right:
C1, C2, C3, and C4.

It should be mentioned that when S increases, PSA took
less time, but HNN1 and HNN2 took more time. The reason
is that PSA swaps subpixels within the coarse pixel and it is
implemented in units of coarse pixels. With fixed iterations,
the computing time of PSA is related mainly to the size of the
coarse image. From S = 4 to S = 12 in the experiments in this
paper, the size of the coarse images decreased from 60 × 60
pixels to 20 × 20 pixels. The HNN1 and HNN2 methods, however, are implemented in units of fine spatial resolution pixels
(i.e., subpixels). Their computing time is, therefore, closely
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Fig. 15. Landsat-MODIS images (bands 4, 3, and 2 as RGB). (a) The Landsat
image in July 1988. (b) The MODIS image in July 2005.
Fig. 14. Spectral unmixing errors (in terms of RMSE) in relation to the variance
D in the PSF (T D = 1 and S = 8).
TABLE I
C OMPUTING T IME ( S ) OF PSA, HNN1, AND HNN2 IN LCCD

related to the size of the map at the target fine spatial resolution, i.e., the number of subpixels for which the classes need to
be predicted.

the decreased forest class for all eight methods is less than 60%
and is the lowest among all four classes. However, the number
of pixels for this class is only 5% of the whole scene and the
relatively lower accuracy is not very influential on the OA. For
the five methods in [57] and PSA method, the accuracy of all
classes is generally lower than that of the two HNN methods.
The OA of the six methods is around 75.5% and the two HNN
methods produce greater OA (over 76% and over 77%) than the
other six methods. With the FSRM, the HNN2 method produces
greater accuracy for the two main classes (i.e., unchanged nonforest and unchanged forest) than for the HNN1 method. More
precisely, for HNN2, the accuracy of the unchanged nonforest
and unchanged forest is 1.5% and 2.5%, respectively, greater
than that of HNN1, and correspondingly, the OA of HNN2 is
1.2% greater than that of HNN1.

F. Application to Real Landsat-MODIS Images
The proposed method was applied to a set of real LandsatMODIS images. The studied site is a 45 km × 45 km area of
tropical forest in Brazil. The land cover (mainly includes forest
and nonforest) changes at the Landsat spatial resolution (i.e.,
30 m) from July 1988 (T 0) to July 2005 (T 1) were detected,
using a Landsat image acquired in July 1988 and a MODIS
image acquired in July 2005. The Landsat image acquired in
July 1988 was used as the source of the FSRM, and the SPM
was conducted on a MODIS image acquired in July 2005 to
produce the 30-m spatial resolution land cover map at T 1.
The original MODIS image was reprojected into a Universal
Transverse Mercator and resampled to a spatial resolution of
450 m using the nearest-neighbor algorithm. The zoom factor
for SPM was set to 15. The spatial size of the MODIS image is
100 × 100 pixels and the Landsat image is 1500 × 1500 pixels.
The images are shown in Fig. 15.
For supervised assessment of SPM and LCCD, the other
Landsat image acquired in July 2005 (T 1) was used as reference after registration. For each 30-m Landsat image, an
unsupervised k-means classifier was employed to generate the
30-m fine spatial resolution thematic map. The 30 m T 0 map
was used as the FSRM and the 30-m T 1 map was used as
the reference for SPM. Spectral unmixing was implemented on
the MODIS image, using fully constrained least squares linear
spectral mixture analysis. The generated proportion images of
forest and nonforest were used as input to the SPM. Table II
is the LCCD accuracy of the eight methods. The accuracy of

IV. D ISCUSSION
The experimental results demonstrate the effectiveness of the
proposed subpixel resolution LCCD method with an FSRM. It
is known that the evolution of land cover is complex in reality, and commonly, the temporal relation between images of the
same scene decreases as the time interval increases. Approaches
involving an FSRM are, thus, recommended as more suitable
for change detection over short time intervals.
In Sections III-B and III-D, a set of MODIS-like coarse
images was synthesized to test the LCCD methods. The
encouraging results of the new HNN method suggest that it
is potentially useful for reproducing 30-m spatial resolution
Landsat-like thematic map information from a 240-m MODISlike coarse image. With the inherent fine temporal resolution
of MODIS images, the new method provides an interesting
avenue for LCCD with both fine spatial and temporal resolutions. Furthermore, in Section III-C, we simulated coarse
images with different spatial resolutions (i.e., by degrading the
fine spatial resolution multispectral images with a factor ranging from 4 to 12) and the results suggested that the HNN with
an FSRM method is advantageous for all coarse images. This
reveals that the proposed method is applicable to remote sensing images with various spatial resolutions, not only MODIS
images.
In the experiments, we synthesized coarse spatial resolution multispectral images with different spectral separabilities
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TABLE II
ACCURACY (%) OF THE E IGHT LCCD M ETHODS FOR THE L ANDSAT-MODIS I MAGES

and PSFs to simulate the uncertainty in spectral unmixing in
real cases. The new HNN method was compared with seven
benchmark algorithms, including the original HNN without an
FSRM, PSA with an FSRM and five fast methods with an
FSRM that were recently developed in [57]. The results show
that the proposed HNN with an FSRM method produced consistently more accurate LCCD results than the other methods.
The advantage is more obvious for a small TD value and large
variance value in PSF, which corresponds to the case of large
uncertainty in spectral unmixing. The unique advantage of the
HNN-based method is that it does not slavishly maintain the
proportion constraint, and the spatial clustering functions in
the HNN can help to yield smooth SPM results. This is helpful to reduce the negative effect imposed by imperfect spectral
unmixing (which mainly originates from spectral separability
and the PSF) and separate real changes from noise. However,
it should be mentioned that this character of the HNN makes
the proposed method more appropriate for homogeneous landscape mapping (as was the case in the experiments), and it is
not appropriate for restoring sharp edges of land cover at the
subpixel level. Moreover, the spatial clustering function-based
goal in the proposed HNN works well for the well-known Hresolution case (where the objects of interest are larger than the
pixel size of the input coarse image). In cases where the objects
of interest are smaller than the pixel size (i.e., the L-resolution
case), the new method may lead to results with over-compact
and over-large objects. Alternative prior spatial structure information based models, such as the model in [62], are more suited
to, and should be applied in, the L-resolution case.
Although the proposed HNN with an FSRM method is capable of producing accurate LCCD results, the cost is the long
computing time, as discussed in Section III-E. The five fast
methods recently developed in [57] took only 3 s in the experiments. Users need to select appropriate SPM methods for
LCCD according to their requirements. If the goal is increased
accuracy, the proposed method is a preferable choice; if the
goal is increased efficiency, the five fast methods in [57] are
a preferable choice. In fact, the computing efficiency of the
HNN-based SPM is closely related to the number of mixed pixels (along with the desired zoom factor). For pure pixels, the
proportion-constrained initialization [20] can be used for neurons and the update in the HNN does not need to be undertaken
for subpixels within pure pixels. We tested the proposed HNN
with an FSRM (i.e., HNN2) and original HNN (i.e., HNN1)
by using proportion images generated by degrading directly the
reference land cover map in Fig. 3(d). The computing times
are listed in Table III. The time in Table III is less than that

TABLE III
C OMPUTING T IME ( S ) OF HNN1 AND HNN2 IN LCCD, W HERE
P ROPORTION I MAGES W ERE S IMULATED BY D EGRADING THE
R EFERENCE L AND C OVER M AP IN F IG . 3( D )

in Table I. Without any uncertainty in spectral unmixing, more
pure pixels can be correctly recognized and the number of subpixels for which the classes need to be predicted decreases, thus
reducing the computing time. Another important observation
from Table III is that the extent of the reduction in computing time for HNN2 is larger than that for HNN1. Analysis
of Table III reveals that accurate spectral unmixing, especially
accurate pure pixel recognition, is very helpful for reducing the
computation burden of HNN, no matter whether an FSRM is
used. In addition, HNN2 is again demonstrated to be more efficient than HNN1. The FSRM can, thus, be used to speed up the
HNN. This is an important advantage of the proposed HNN2
over the original HNN1.
As indicated in (10), the spectral unmixing-derived proportions need to be compared with the proportions generated from
the FSRM and the proportion difference determines which rule
in Section II-C should be used in the proposed HNN-based
subpixel LCCD method. The reliabilities of both proportions
in (10) are important. In the experiments, we analyzed the
uncertainty introduced by spectral unmixing, assuming that the
FSRM is known perfectly. Although errors inevitably exist in
spectral unmixing, which impart uncertainty in the calculation
of the proportion difference in (10), the proposed method can
still produce greater LCCD accuracy than the original HNN
without the FSRM. In reality, the FSRM can be obtained by
hard classification of the known fine spatial resolution image on
one date, if such an image is available (similar to the premise
of spatiotemporal fusion), or from some databases in a geographic information system (GIS). It would be an interesting
topic to study the uncertainty in the FSRM in the proposed
LCCD method.
As discussed above and analyzed in the experiments, spectral unmixing plays an important role in the proposed subpixel
LCCD method, not only affecting LCCD accuracy but also
computing efficiency. This calls for the application and exploration of more reliable spectral unmixing algorithms in LCCD,
such as nonlinear unmixing [63] and multiple end-member
spectral mixture analysis [64]. On the other hand, in [65],
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with the acknowledgment that spectral unmixing is rarely perfect, for pixel-level LCCD, a threshold was set to determine
the unchanged areas. This threshold may also be applied to
subpixel resolution LCCD, which can help to detect more
unchanged areas and reduce the computational burden of the
proposed method. However, such a threshold needs to be determined with the availability of training information (i.e., fine
spatial resolution training samples). These training samples
need to be acquired on the same day as that of the coarse
images for SPM. Determining how best to collect such training
information is a challenging task for future research.

ACKNOWLEDGMENT
The authors would like to thank Mr. M. Hao of China
University of Mining and Technology, Xuzhou, China, for providing the Liaoning Landsat dataset, Dr. X. Li of the Institute
of Geodesy and Geophysics, Chinese Academy of Sciences,
Wuhan, China, for kind discussion on synthesizing multispectral images and sharing the Brazil Landsat-MODIS dataset, and
the anonymous reviewers for their valuable and constructive
comments which have greatly improved the work.

R EFERENCES
V. C ONCLUSION
LCCD is becoming increasingly important for a wide range
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