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Abstract—Cloud contamination greatly limits the potential uti-
lization of optical remote sensing images for geoscience applica-
tions. Many solutions have been developed to remove the clouds
from multispectral images. Among these approaches, the temporal-
based methods which borrow complementary information from
multitemporal images outperform the other methods. However, the
common fundamental supposition of the temporal-based methods
decides that they are only suitable for scenes with phenological
changes, while they perform poorly in cases with significant land
cover changes. In this paper, a cloud removal procedure based on
multisource data fusion is developed to overcome this limitation.
On the basis of the temporal-based approaches, which employ
a cloud-free image as reference, this method further introduces
two auxiliary images with similar wavelengths and close acquisi-
tion dates to the reference and target (contaminated) images into
the reconstruction process. The temporal variability of the land
cover is captured from the two auxiliary images through a modi-
fied spatiotemporal data fusion model, and thus, the serious errors
produced by the temporal-based methods can be avoided. More-
over, a residual correction strategy based on the Poisson equation
is used to enhance the spectral coherence between the recovered
and remaining regions. The experiments confirmed that the pro-
posed method can perform very well for cases with significant land
cover changes. Compared with some state-of-the-art approaches,
it produces lower bias and more robust efficacy. In conclusion, our
method will act as an important technical supplement to the cur-
rent cloud removal framework, and it provides the possibility to
handle scenes with significant land cover changes.

Index Terms—Cloud removal, land cover changes, optical
remote sensing images, residual correction, spatiotemporal data
fusion.
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I. INTRODUCTION

A LARGE volume of remotely sensed observations is now
acquired every year, and geoscience applications based

on these data facilitate the monitoring of the land surface en-
vironment and the understanding of Earth dynamics [1]–[2].
However, a huge gap still exists between the data we acquire
and the data we require [3]. A very serious obstacle to the fur-
ther utilization of optical remote sensing images is the cloud and
cloud shadow contamination issue (referred to as cloud contam-
ination, hereafter). The passive radiant energy of cloud-covered
ground features cannot pass through clouds and be captured by
satellite-borne sensors during the acquisition process, resulting
in missing information in optical images. It has been reported
that Landsat ETM+ images are 35% cloud-contaminated glob-
ally [4], and the problem is even worse in humid tropical areas.
Therefore, cloud removal is a vital topic for the subsequent
applications.

Much effort has been devoted to addressing this issue. Es-
sentially speaking, cloud removal is a process of missing
information reconstruction. According to the complementary
information source, the existing reconstruction methods can be
classified into four categories: spatial-based methods, spectral-
based methods, temporal-based methods, and multisource-
based methods [5]. A brief review of cloud removal is presented
below. It is noteworthy that gap filling is identical to cloud re-
moval, in essence, and thus, some approaches for gap filling are
also included in the following discussion.

Spatial-based methods exploit the cloud-free regions of a
target image to provide complementary information. Spatial in-
terpolation approaches were one of the first type of methods
to be applied to estimate missing pixels [6]–[7]; however, they
only work for small gaps. Subsequently, some advanced math-
ematical techniques have been employed to better solve the
issue [8]–[11]. Technically, these methods propagate the geo-
metric structures of ground features from cloud-free regions to
cloud-covered regions; thus, realizing the goal of reconstruc-
tion. Generally speaking, the spatial-based methods are capable
of yielding plausible cloud-free visualization for small gaps
[12]–[13]; however, they perform poorly for large-area contam-
ination, and thus, they are unsuitable for quantitative analy-
sis and further applications. The spectral-based methods make
full use of the correlation between the contaminated bands and
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auxiliary clear bands for the reconstruction. For example, a
haze-optimized transformation method was proposed by Zhang
et al. [14] to radiometrically correct the visible bands of Landsat
images contaminated by thin cloud and haze. A similar strat-
egy can be found in some of the research into the recovery of
missing data of Aqua MODIS band 6 [15]–[17]. However, thick
clouds usually have serious contamination in all bands, and no
complete clear bands can be employed as complementary infor-
mation. As a result, the spectral-based methods only work for
thin clouds, and they cannot deal with thick clouds.

Remote sensing systems with a regular revisit cycle can pro-
vide us with multitemporal images for a given location. The
temporal correlation between multitemporal images is fully uti-
lized for reconstruction by the temporal-based methods. For
time-series data with a dense acquisition frequency, temporal
filter methods can effectively reconstruct the missing regions
resulting from cloud contamination. These methods are based
on the fact that the dense time series tends to display regu-
lar fluctuations if the data are ordered in a chronological way.
Related work can be found in the studies of Beck et al. [18],
Malambo and Heatwole [19], and Yang et al. [20]. Nevertheless,
the temporal filter methods are only applicable to dense time-
series data, which often come with a coarse spatial resolution.
By contrast, temporal replacement methods have been proposed
to be used specifically with high and medium spatial resolution
images having a sparse temporal frequency. For this category,
a cloud-free multitemporal image is adopted as a reference to
recover the contaminated pixels in the target image. An ideal
situation is to directly replace the missing pixels with observed
pixels from the same region in the reference image [21]. Unfor-
tunately, the radiometric differences in multitemporal images
often result in spectral incoherence between the recovered and
remaining regions in the synthetic results. To minimize the dif-
ferences, some studies have further adjusted the brightness of
the observed pixels in the reference image in accordance with
that in cloud-free regions in the target image, using strategies
such as local linear histogram matching (LLHM) [22], the modi-
fied neighborhood similar pixel interpolator (MNSPI) [23], and
weighted linear regression (WLR) [24]. Besides the temporal
replacement methods, another effective way to replace a miss-
ing pixel is to directly utilize same-class pixels in the cloud-free
regions of the target image itself, with the reference image serv-
ing as a guidance to locate similar pixels. Related cases can
be found in Meng et al. [25], Jin et al. [26], and Cheng et al.
[3]. Recently, some advanced techniques have also been used in
this category, such as sparse representation [27]–[30] and deep
learning [31]–[32], and they are expected to generate accurate
recovered results. In general, compared with other categories,
the temporal-based methods are less influenced by the spatial
size and landscape heterogeneity of the missing areas, and they
can produce synthetic cloud-free results with a higher fidelity.
However, the temporal-based methods assume that the spatial
coverage of the land cover is fixed during the acquisition inter-
val. Limited by this common assumption, the temporal-based
methods are appropriate for scenes with phenological changes,
but they cannot handle cases with significant land cover changes
(especially those with unfixed object boundaries).

The multisource-based methods may provide us with a pos-
sible way to solve this problem via the introduction of obser-
vations from other data sources. Unfortunately, there appears
to have been no satisfactory solutions for this problem until
now. To recover the contaminated regions in a target image,
some studies have employed optical images acquired from dif-
ferent remote sensing systems [33]–[34]. For this approach to
work, the auxiliary images must have a similar wavelength and
spatial resolution to the target image. Essentially, the reconstruc-
tion methods in this case are identical to the above-mentioned
temporal-based methods, and thus, they cannot generate satis-
factory results when major land cover changes occur. Moreover,
synthetic aperture radar (SAR) images, which are free from
cloud disturbance, have been introduced as auxiliary data by
Eckardt et al. [35], Huang et al. [33], and Li et al. [37]. How-
ever, SAR images commonly suffer from severe speckle noise,
and using them as an auxiliary is likely to decrease the recon-
struction accuracy. Another interesting study was done by Roy
et al. [38], which used multitemporal Landsat-MODIS fusion
for gap filling. Although, to the best of our knowledge, they were
the first to present the idea that spatiotemporal data fusion has
the potential to reconstruct the missing areas in optical images,
their work [38] only aimed to develop a new spatiotemporal data
fusion model for the production of land surface reflectance with
both high spatial and temporal resolutions. It did not adequately
transfer the spatiotemporal data fusion model into the cloud re-
moval objective. Thus, they did not provide any experiment for
cloud removal.

In this paper, based on the idea of multisource data fusion,
we propose a new cloud removal method that fully integrates
the multisource data into the cloud removal objective. In the
proposed method, a modified spatiotemporal data fusion model
is introduced to effectively integrate multisensor observation
data and generate initial recovered results with high spatial con-
sistency. Furthermore, a residual correction strategy based on
the Poisson equation follows to unite the information from the
target image to enhance the spectral coherence between the re-
covered and remaining regions. In short, the proposed cloud
removal method effectively combines the spatiotemporal data
fusion model with the residual correction process to produce re-
covered results with high spatial and spectral consistency. The
proposed method is then applied to scenes with significant land
cover changes, for which the widely used temporal-based meth-
ods show poor recovery ability. The experiments undertaken in
this study confirmed the efficacy of the proposed method and
revealed that it can acquire plausible visual performance and sat-
isfactory quantitative accuracy for scenes with significant land
cover changes.

II. METHOD

A. Fundamental Framework

Suppose we have a cloud-contaminated image (denoted as
the target image Pt) acquired on the target date t, then the data
source of the given image is termed the primary source. To better
handle significant land cover changes, an additional data source,
defined as the auxiliary source, is introduced in the proposed
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Fig. 1. Flowchart of the proposed cloud removal method.

framework. The auxiliary source is required to have similar
wavelengths to that of the primary source and have a relatively
high temporal frequency to match the acquisition dates. Due
to the tradeoff between the spatial and temporal resolutions,
the auxiliary images are usually of a medium or low spatial
resolution. More specifically, to recover the target image Pt ,
we need to select a cloud-free multitemporal image (denoted
as the reference image Pr ) acquired on the reference date r.
Moreover, two cloud-free coarse-resolution images (denoted as
auxiliary images At and Ar ) from the auxiliary source need to be
provided. Note that the acquisition dates of the auxiliary images
are supposed to be the same as or adjacent to the target date t
and reference date r, respectively, which is why the auxiliary
source should have a relatively high temporal resolution. Before
the implementation of the proposed method, two preprocessing
steps are required: upsampling of the two auxiliary images to
the same spatial resolution as the target image; and acquisition
of a cloud mask of the target image to locate the pixels which
need to be reconstructed.

Generally speaking, the basic framework of the proposed
method consists of two stages. In the first stage, the reference
image Pr and the auxiliary images At and Ar are jointly fused
to fill the contaminated regions in the target image Pt , and thus,
a preliminary cloud-free result is generated. A recently devel-
oped fusion method, termed the spatial and temporal nonlocal
filter-based data fusion model (STNLFFM), is modified to better
handle this case [40]. In the second stage, given that the prelim-
inary recovered regions may display slight spectral incoherence
with the remaining regions due to the slight radiometric differ-
ences between multiple sensors, a residual correction strategy
is used to enhance the spectral consistency. Fig. 1 displays the
overall flowchart of the proposed method.

B. Spatiotemporal Data Fusion

Spatiotemporal data fusion aims to counteract the tradeoff
between the spatial and temporal resolutions of different sensors,
and it was originally developed to generate a Landsat reflectance
time series at a daily frequency by blending Landsat and MODIS

observations [39]. Recently, Cheng et al. [40] came up with
STNLFFM, and the model proved to be superior to some of the
classical data fusion algorithms. In this paper, a modified version
of STNLFFM is provided to better solve the problem. To be
more specific, two improvements are made. First, two fine and
coarse spatial resolution image pairs are required for the original
STNLFFM as input, which is inappropriate for our situation. In
the modified version, the whole weight is removed to support
the fusion with only one image pair. Second, the individual
weight was previously calculated based on patches, while, in
our version, a pixel-scale estimation strategy is considered to
increase the computational efficiency.

For a given pixel location, the STNLFFM method employs
a linear model to describe the temporal variability between the
target image Pt and the reference image Pr . The temporal rela-
tionship is then assumed to be scale-invariant, so we can obtain
the linear model with the aid of the two auxiliary images At and
Ar . Furthermore, the STNLFFM method makes full use of the
similar pixels to increase the robustness of the prediction. On
this basis, the reflectance of a missing pixel can be recovered
with the following equation:

P̂t(x, y,B) =
N∑

i=1

W (xi, yi , B) × [a(xi, yi , B)

× Pr (xi, yi , B) + b(xi, yi , B)] (1)

where P̂t(x, y,B) denotes the estimated reflectance of a miss-
ing pixel located in (x,y) in band B, and it is the unknown that is
to be calculated. Pr (xi, yi , B) denotes the observed reflectance
of the ith similar pixel in band B for the reference image Pr . N is
the total number of similar pixels. a(xi, yi , B) and b(xi, yi , B)
are the conversion coefficients which describe the temporal vari-
ability, and they can be derived from the two auxiliary images
based on the above assumptions. W (xi, yi , B) is the weight of
the ith similar pixel, and it determines how much the ith similar
pixel contributes to the estimation of the missing pixel.

1) Identifying Similar Pixels: Selecting similar pixels is the
prerequisite for the calculation of conversion coefficients and
pixel weights, and the quality of the similar pixels directly af-
fects the accuracy of the subsequent steps. To guarantee the
effectiveness of the search procedure, we take advantage of the
reference image and the auxiliary images to locate similar pix-
els. For a given missing pixel, a local moving window (with a
size w) centered in its location is first applied to select potential
candidates in the close neighborhood, and then two conditions
are set according to the spectral similarity and temporal consis-
tency as follows:

∣∣Pr (x, y,B) − Pr (xi, yi , B)
∣∣ < d × 2Pr (x,y ,B ) (2)

∣∣∣∣At(x, y,B) − Ar (x, y,B)
∣∣ − ∣∣At(xi, yi , B)

− Ar (xi, yi , B)
∣∣∣∣ < σ (3)

where d is a free parameter that determines the threshold in
the first condition in (2). It may slightly vary for different data
sources, and it is set as 0.01 for the Landsat TM case, as sug-
gested in [40]. σ is the uncertainty of the temporal difference
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between two coarse-resolution auxiliary images. It is primarily
caused by the difference in observation conditions. In this paper,
it is set as 0.005 for MODIS, as in the study of Gao et al. [39].
A pixel is picked if it meets the above two conditions. It is note-
worthy that the temporal consistency condition further removes
those pixels which exhibit different temporal variability from
the missing pixel, and it plays an important role in scenes with
significant land cover changes.

It should be noted that the window size w has a direct impact
on the fusion performance. If the size is set too small, we cannot
identify enough similar pixels for estimating the conversion
coefficients in the next step. If it is too large, the computational
burden will be increased significantly. After carrying out a trial-
and-error test, we decided to set the window size to be 41 in our
experiment to balance the fusion accuracy and the computational
efficiency.

2) Calculating Conversion Coefficients: Based on the sup-
position that the linear model is scale-invariant, the auxiliary
images can be explored to derive the conversion coefficients.
Since similar pixels exhibit temporal variability that is con-
sistent with the missing pixel, it is reasonable to assume that
they share the same conversion coefficient set. Here, a restricted
least-squares model is applied to the similar pixels in auxiliary
images At and Ar to obtain a and b.

3) Calculating Pixel Weights: Although the selected pixels
will share evident similarity with the missing pixel, slight dif-
ferences still exist. A pixel with less difference provides more
credible information and, thereby, it should contribute more to
the final estimate. In the modified version of STNLFFM, the
whole weight is removed to support the fusion with only one
coarse-and-fine image pair. Meanwhile, a pixel-based individ-
ual weight is used to increase the computational efficiency, with
the original form of the nonlocal means filter model preserved.
The weight in this paper is calculated as

S(xi, yi , B) = exp
(
−|Ar (xi, yi , B) − At(x, y,B)|

h2

)
(4)

W (xi, yi , B) =
S(xi, yi , B)

∑N
i=1 S(xi, yi , B)

(5)

where S(xi, yi , B) is the spectral similarity of the ith similar
pixel. In STNLFFM, the calculation of S(xi, yi , B) takes the
basic form of a nonlocal filter [40], h is a parameter related to
the noise level of the auxiliary images. Based on our pretesting,
we find it has little influence on the fusion results, so h is set to
0.15 in our experiment, as in [40]. After normalization with (5),
the numerical range of the ith similar pixel weight is [0, 1], and
the sum of all the similar pixel weights equals 1.

4) Estimating Missing Pixels: After the calculation of con-
version coefficients and pixel weights, the estimate of the
missing pixel can be generated through (1), and, thus, all the
contaminated patches can be preliminarily recovered. Addition-
ally, it should be noted that pixels along the boundaries outside
the contaminated patches also need to be estimated, because they
are a necessary input for the residual correction in the second
stage.

C. Residual Correction

Although we assume that the introduced auxiliary source
is spectrally comparable with the primary source, it is likely
that there will still be some radiometric differences between
multiple sensors. As a result, the recovered patches generated
from the spatiotemporal data fusion may display slight spectral
inconsistency with the cloud-free regions in target image Pt ,
especially in the edge areas. Therefore, a residual correction
step is required to minimize the incoherence.

To this end, a patch-based adjustment strategy is embed-
ded in the proposed method. This strategy was originally de-
veloped for seamless image cloning by Pérez et al. [41]. It
mathematically formulates the problem as Poisson equation
and solves it using a global optimization process. For the
target image Pt , we denote the spatial coverage of a cloud-
contaminated patch as Ω (the boundary of the patch is �Ω),
while the cloud-free coverage around the contaminated patch
is termed Ω∗. The cloud-free image after residual correction
can be viewed as an intensity function, which consists of two
parts. The first part is an unknown function f defined over Ω,
with f = {Pt(x, y,B)|(x, y) ∈ Ω}, which is what we want to
obtain. The second part is a known function f∗ defined over
Ω∗, with f ∗ = {Pt(x, y,B)|(x, y) ∈ Ω∗}. The preliminary re-
covered patch in the first stage is defined as the function g over
Ω, with g = {P̂t(x, y,B)|(x, y) ∈ Ω}. Specifically, the gradient
of the preliminary recovered patch g is employed as a guidance
vector field to guide the optimization. A boundary condition is
used to solve the optimization equation, and the adjusted patch
f can be obtained as follows:

minf

∫ ∫

Ω
|∇f −∇g|2 , with f |∂Ω = f∗ |∂Ω (6)

where ∇ = ( ∂
∂x , ∂

∂y ) is the gradient operator. The adjusted re-
covered patch ρ derived from (6) satisfies two conditions: the
first is that the gradient of the adjusted patch f is as close to that
of the preliminary recovered patch g as possible, and the second
is that the transition from the adjusted patch f to the cloud-free
regions in the target image Pt is smooth. To solve (6), a helpful
alternative way using Poisson equation is provided. We further
define a residual function f ′ over Ω, such that f = g + f ′. Since
the pixels along the boundary �Ω are also estimated in the first
stage, the mismatch (f ∗ − g) over �Ω can be obtained, with
f ∗ − g = {Pt(x, y,B) − P̂t(x, y,B)|(x, y) ∈ ∂Ω}. The resid-
ual function f ′ can then be viewed as a membrane interpolation
of the mismatch (f ∗ − g) along the boundary �Ω. Thus, the
residual function f ′ can be solved by the following Poisson
equation with a boundary condition:

Δf ′ = 0 over Ω with f ′ |∂Ω = (f ∗ − g) |∂Ω (7)

where Δ = ( ∂ 2

∂x2 , ∂ 2

∂y 2 ) is the Laplacian operator. The residual
function f ′ can be interpolated with (7), and the adjusted patch
(i.e., the unknown function f) can be produced by adding the
residual back to the preliminary recovered patch g. A brief
implementation procedure for the residual correction strategy is
presented below.



866 IEEE JOURNAL OF SELECTED TOPICS IN APPLIED EARTH OBSERVATIONS AND REMOTE SENSING, VOL. 12, NO. 3, MARCH 2019

Fig. 2. Two datasets used for the algorithm testing (with the red, green, and blue bands as RGB). The first row displays the data of site 1. (a)–(b) Landsat
images of December 28, 2004, and February 14, 2005, respectively. (c) Cloud-contaminated image simulated from (b). (d)–(e) Resampled MODIS images for
December 28, 2004, and February 14, 2005, respectively. The second row displays the data of site 2. (f)–(g) Landsat images of August 22, 2004, and April 3, 2005,
respectively. (h) Cloud-contaminated image simulated from (g). (i)–(j) Resampled MODIS images for August 22, 2004, and April 3, 2005, respectively.

1) Extracting Residuals Along the Patch Boundary: As men-
tioned above, a mask identifying the location of clouds is re-
quired beforehand. With the aid of the Laplacian convolution
kernel, external boundaries �Ω of the cloud patches can be ac-
curately extracted from the mask. Since we also estimate the
pixels along the boundary through the spatiotemporal data fu-
sion in the first stage, the residuals (f ∗ − g) along the boundary
can be obtained between the estimated pixels and the original
observed pixels in the target image Pt .

2) Solving Poisson Equation: A Laplacian coefficient matrix
should be first derived. With the residuals (f ∗ − g) along the
boundary �Ω, we can successfully build Poisson equation [i.e.,
(7)]. The residual function f ′ defined over the contaminated
region Ω can be calculated by solving the equation, and we
can thus obtain the residual of each pixel in the preliminary
recovered patch.

3) Combining Residuals With the Preliminary Estimated Pix-
els: The residual of each pixel is added back to the preliminary
recovered pixel in the first stage, and then the adjusted pixel af-
ter residual correction is estimated. All the contaminated pixels
in the target image Pt are replaced by the adjusted pixels, and
thus, the final cloud-free image is produced.

III. EXPERIMENTS AND RESULTS

Landsat 5 images (bands 1–5, and 7) were selected to conduct
the experiments, and MODIS images (bands 3, 4, 1, 2, 6, and 7),
which show good spectral compatibility with Landsat images,
were used as the auxiliary source. A time-series dataset, which
has been extensively used in data fusion research [42]–[43], was
employed in the experiments. This dataset contains 14 available
Landsat-MODIS image pairs of the Lower Gwydir Catchment
in Australia, observed from April 2004 to April 2005. All the

Landsat images were acquired by the TM sensor, and they were
atmospherically corrected using the algorithm proposed by Li
et al. [44]. MODIS Terra MOD09GA Collection six daily re-
flectance products were used and geographically rectified with
the Landsat data. Given that the Landsat images in the dataset
were resampled to 25 m, it was necessary that we resample the
MODIS images to the same spatial resolution using the cubic
convolution method. All the test data used were typical subsets
cropped from the time-series dataset.

To assess the reconstruction performance of the proposed
method, benchmarking was introduced. The following four
temporal-based methods were employed to enable a com-
parative analysis: LLHM [22], MNSPI [23], WLR [24], and
patch matching-based multitemporal group sparse representa-
tion (PM-MTGSR) [30]. Also, given that spatiotemporal data
fusion can be considered an effective strategy for reconstruction,
we also compared our work with STARFM proposed by Gao et
al. [39]. We first got a fused result from STARFM, using the
reference and auxiliary images as input, and then replaced the
contaminated regions in the target image with the fused result.

A. Experiments With Simulated Cloud Contamination

Since we mainly target special scenes dominated by signif-
icant land cover changes, two typical sites were selected. As
displayed in Fig. 2, two 500 × 500 subsets covering a same
overall area of 156.25 km2 were cropped to conduct the simu-
lated tests. Each group dataset comprised four observed images,
with two from the Landsat source and two from the MODIS
source. For the first site, images acquired on December 28,
2004 (as the reference date), and February 14, 2005 (as the tar-
get date), were selected. Fig. 2(a) and (b) shows that obvious
land cover changes exist in the region marked with yellow. A



SHEN et al.: SPATIOTEMPORAL FUSION BASED CLOUD REMOVAL METHOD FOR REMOTE SENSING IMAGES WITH LAND COVER CHANGES 867

Fig. 3. Recovered results for site 1 (with the red, green, and blue bands as RGB). (a) Original cloud-free Landsat image of February 14, 2005. (b)–(g) Images
recovered by LLHM, MNSPI, WLR, PM-MTGSR, STARFM, and the proposed method, respectively. (h)–(n) Zoomed-in views of the subset region marked in
yellow in (a).

cloud-contaminated region, accounting for approximately 35%
of the whole image, was simulated in the central part of the
original clear image, as shown in Fig. 2(c). For the second site,
images acquired on August 22, 2004 (as the reference date), and
April 3, 2005 (as the target date), were used. Significant land
cover changes can be found in the marked region [see Fig. 2(f)
and (g)]. Fig. 2(h) shows a simulated obscured image with the
same manual cloud mask as Fig. 2(c). It is noteworthy that the
landscape of the second site is more fragmented, and it expe-
rienced more significant changes due to its longer acquisition
interval between multitemporal images.

The recovered images generated by the six methods were
compared with the original clear images, from both visual
and quantitative fidelity aspects. Two widely used indices—the
root-mean-square error (RMSE) and the correlation coefficient
(CC)—were adopted to allow the quantitative assessment. A
lower RMSE and a higher CC indicate better consistency of
recovered result with the target image.

For the first site, the original cloud-free image and six re-
covered images are displayed in Fig. 3, together with a detailed
view of a subset region. Judging from all the recovered images,
we can see that the LLHM method [see Fig. 3(b)] produces seri-
ous directional artifacts and obvious spectral discrepancy in the
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Fig. 4. Recovered results for site 2 (with the red, green, and blue bands as RGB). (a) Original cloud-free Landsat image of April 3, 2005. (b)–(g) Images
recovered by LLHM, MNSPI, WLR, PM-MTGSR, STARFM, and the proposed method, respectively. (h)–(n) Zoomed-in views of the subset region marked in
yellow in (a).

central part of the contaminated region. As all the valid pixels in
the moving window are involved in the coefficient estimation,
and that without any optimal filtration, the recovered image
shows obvious errors. The results of the MNSPI [see Fig. 3(c)]
and WLR [see Fig. 3(d)] methods reveal some close parallels.
The detailed zoomed-in regions in Fig. 4(j) and (k) exhibit evi-
dent reconstruction mistakes. This is primarily caused by the in-
correct temporal information borrowed from the adjacent areas
with significant changes. PM-MTGSR obtains a plausible result,
but the recovered spectral signals [shown in the zoomed in image
in Fig. 3(l)] are slightly different from that in the target image.
The two spatiotemporal-based methods generate results that are

visually closest to the target image. Specifically, the STARFM
result is spectrally inconsistent in the boundary of the recon-
struction region, as shown in Fig. 3(m). The proposed method
avoids this by implementing the residual correction strategy.

The six recovered images and the original clear image of
the second site are shown in Fig. 4; again, a detailed region is
provided to facilitate a visual comparison. In this case, the re-
stored area of the LLHM method [see Fig. 4(b)] presents serious
directional artifacts, and LLHM cannot capture the significant
temporal changes. The MNSPI [see Fig. 4(c)] and WLR [see
Fig. 4(d)] methods provide similar results again. Both their re-
stored results suffer from noise-like errors, and the changed
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TABLE I
QUANTITATIVE ASSESSMENT OF THE SIMULATED TEST FOR THE FIRST SITE

TABLE II
QUANTITATIVE ASSESSMENT OF THE SIMULATED TEST FOR THE SECOND SITE

spectral signature is not well recovered. The detailed region
shown in Fig. 4(j) and (k) reveals that the WLR result is even
more unsatisfactory in this case. PM-MTGSR [see Fig. 4(e)]
fails to reconstruct the changed land cover. In comparison, both
STARFM [see Fig. 4(f)] and the proposed method [see Fig. 4(g)]
produce a relatively favorable result when compared with that
of the other methods. The changed land covers are basically ac-
quired, and the recovered spectral signatures are much closer to
those of the original clear image than other methods. It should
be noted that the recovery ability of the proposed method for
small ground features is not optimal, because MODIS obser-
vations with a 500-m spatial resolution are spectrally mixed in
heterogeneous areas and are insufficient to provide temporal
information of small features.

A quantitative assessment of all the recovered results was
performed. Tables I and II list the RMSE and CC values for
the two tests. The conclusions from the visual inspection are
also supported by the quantitative indices. For both tests, the
proposed method obtains the lowest RMSE and highest CC
values in most bands, indicating that it achieves improved per-
formance. Additionally, as mentioned above, the second site ex-
perienced more dramatic changes in land cover due to its longer
acquisition interval. For this case, the proposed method is su-
perior to temporal-based methods, with better RMSE (lower)

and CC (higher) values. It can be concluded that the proposed
method shows an evident improvement over the other methods
for scenes with significant land cover changes. Regarding the
reconstruction ability in each band, we find that the proposed
method achieves best performance in most bands except NIR.
A much narrower NIR bandwidth is employed in the MODIS
sensor than that in the TM case (MODIS: 841–876 nm; TM:
760–900 nm), and the inconsistency in NIR band may go against
the fundamental assumption of spatiotemporal fusion that both
target source (i.e., TM) and auxiliary source (i.e., MODIS) are
spectrally comparable. As a consequence, the proposed method
may not perform as well as expected in NIR band.

B. Experiments With Time-Series Images

To further explore the robustness of the proposed algorithm,
a set of simulated experiments based on a Landsat-MODIS time
series was conducted. The second site from Section III-A. was
used, due to the dramatic changes it experienced during the
acquisition interval. The time series, which consists of 14 avail-
able Landsat-MODIS image pairs, indicates that the landscape
underwent different kinds of changes over time. Specifically,
the site was mainly dominated by phenological changes before
December 12, 2004, while it experienced significant land cover
changes thereafter.
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Fig. 5. Illustration of the cloud-removal procedure for the proposed method.
Each contaminated image on the target date was recovered using a fixed Landsat-
MODIS reference pair and the MODIS image on the target date.

To conduct the experiment, August 22, 2004, was fixed as the
reference date, and the other 13 dates were used as target dates.
Thirteen Landsat images were imposed with the same simu-
lated contamination as that described in Section III-A. A cloud
removal procedure was then carried out for each target image, as-
sisted by the cloud-free observations on the fixed reference date.
To be specific, for four temporal-based methods (i.e., LLHM,
MNSPI, WLR, and PM-MGTSR), the contaminated regions of
the 13 target images were recovered, respectively, using the
fixed cloud-free Landsat image as reference; for STARFM and
the proposed method, each target image was recovered using
the fixed Landsat-MODIS reference image pair and the corre-
sponding MODIS image acquired on the same date, as shown in
Fig. 5. The evaluation of algorithm performance was conducted
in a quantitative way. In addition to RMSE and CC, another two
indices—the average absolute difference (AAD) and the uni-
versal image quality index (UIQI)—were adopted for further
comparison. A lower AAD and a higher UIQI indicate better
reconstruction accuracy.

The quantitative assessment of the recovered results is dis-
played in Fig. 6. We can see that for most cases before Decem-
ber 12, 2004 (i.e., cases dominated by phonological changes),
PM-MTGSR performs better than the other methods. For most
cases after December 12, 2004, when significant land cover
changes occurred, the spatiotemporal fusion based methods ac-
quire the lowest AAD and RMSE values and the highest CC and
UIQI values; thus, demonstrating that they are superior to the
temporal-based methods. Specifically, the proposed method per-
forms slightly better than STARFM. The results indicate that the
temporal-based methods are able to achieve satisfactory results
with less input in cases dominated by phenological changes,
whereas the proposed method is good at handling scenes with
significant land cover changes.

C. Experiments With Observed Cloud Contamination

The cloud removal performance is mainly judged by visual
inspection for images with observed cloud cover. For scenes
with phenological changes, we can distinguish the performance
in terms of spectral coherence and spatial adjacency. Neverthe-
less, when major land cover changes occur, we cannot confirm
what exactly the land covers have turned into, even if we had
multitemporal images as a reference, so the recovered results of
this kind of scene are often unverifiable.

Fig. 6. Quantitative assessment results for the time-series experiments. (a)
AAD. (b) RMSE. (c) CC. (d) UIQI. Red dashed line indicates the point when
significant land cover changes occurred.

To solve this problem, a special case is provided in Fig. 7. The
chosen site covers an approximate area of 265 km2 (650 columns
× 650 lines at 25-m resolution). The Landsat image of January
29, 2005, is covered with cloud, as shown in Fig. 7(b). We can
see the approximate ground truth in the contaminated region
through the thin cloud, and thus, the target image itself can be
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Fig. 7. Data with observed clouds used for the algorithm testing (with the red, green, and blue bands as RGB). (a)–(b) Landsat images of October 25, 2004,
and January 29, 2005, respectively. (c)–(d) Resampled MODIS images corresponding to (a) and (b). (e) Cloud and cloud shadow mask of (b) obtained by visual
interpretation.

used for a visual comparison. The Landsat image acquired on
October 25, 2004 [see Fig. 7(a)] was taken as the reference in
this experiment. Significant land cover changes took place in
the contaminated region during the acquisition interval, and the
whole region turned into several land patches with distinctly
different spectral characteristics. Two MODIS images acquired
on the same date as the Landsat images were also used, as
shown in Fig. 7(c) and (d). Notably, due to the cloud mobility, the
MODIS image acquired on January 29, 2005 was actually cloud-
free. Given that cloud detection was not our primary concern in
this study, a cloud and cloud shadow mask of Fig. 7(b) produced
by visual interpretation is provided in Fig. 7(e).

The observed cloud-contaminated image, the six restored
cloud-free results, and images of the detailed subset region [see
as indicated in Fig. 8(a)] are displayed in Fig. 8. For the result of
the LLHM method [see Fig. 8(b)], the recovered area presents
serious spectral inconsistency compared with the ground truth,
and LLHM fails to capture the land cover changes. For the
results of MNSPI, WLR, and PM-MTGSR, a significantly
changed region [see Fig. 8(j), (k), and (l)] is zoomed in on for
a detailed comparison. It can be seen that none of the methods
effectively recover the white patch in Fig. 8(h). In compar-
ison, both STARFM [see Fig. 8(f)]and the proposed method [see
Fig. 8(g)] give the visually closest result to the ground truth,
and the white patch is successfully recovered. This is primar-
ily because the auxiliary MODIS images provide more reliable
temporal information for this area. Also, the result of STARFM
[see Fig. 8(m)] presents spectral distortion, whereas the result of
the proposed method does not suffer from this problem. It should
be mentioned that some small features cannot be captured by the
proposed method well. The large zoom factor of approximately
20 between the Landsat and MODIS observations causes the in-
formation loss of small features in the MODIS images, resulting
in the reduced performance.

IV. DISCUSSION

The temporal-based methods currently favored by the remote
sensing community are incapable of handling scenes with signif-
icant land cover changes, especially those with unfixed object
boundaries. There is, therefore, a need to develop new solu-
tions to these special cases. In this paper, we have presented a
cloud removal approach for scenes with significant land cover
changes. The experimental comparison with five benchmark
methods confirmed the reliability of the proposed method, i.e.,

it can effectively restore the changed land cover under clouds.
The quantitative evaluation indicated that the proposed method
can produce more accurate results and gain a more robust per-
formance than other methods if the scene experienced great
land cover changes. It’s noteworthy that our method special-
izes in scenes with significant land cover changes. In practical
applications, the selection of the cloud removal method (the
temporal-based or the newly proposed) should be based on spe-
cific conditions. The temporal-based group is more suitable for
phonological changes with fixed spatial tendency, whereas the
proposed method is recommended for land cover changes hav-
ing unfixed spatial tendency.

In this study, Landsat and MODIS data were chosen to con-
duct the experiments, but it should be noted that the proposed
method could also be applied to other data source combinations.
For example, the Sentinel-3A OLCI sensor revisits the same area
with a temporal resolution of <2.8 days, and the frequency will
even be shortened to <1.4 days after the launch of the twin satel-
lite [45]. It therefore holds the potential to replace the MODIS
data as auxiliary data in the reconstruction procedure. In ad-
dition, the twin Sentinel-2A and -2B satellites together deliver
optical images every five days, and their high spatial resolution
at 10 or 20 m produces even more detailed texture, so they could
also be an alternative choice if the acquisition dates match up
with the desired ones.

A. Technical Innovation of the Proposed Method

For scenes with significant land cover changes, the introduc-
tion of auxiliary images was the greatest contribution to the
improved performance of the proposed method. There is a high
possibility that the spatial coverage of objects varies over time
in these scenes. As a result, similar pixels in the reference im-
age may experience different temporal variability during the
acquisition interval. This is the reason why the temporal-based
methods have a poor ability to handle these special cases. In
comparison, the two introduced auxiliary images are fully ex-
ploited to capture the temporal variability of the land cover in the
newly developed method. Pixels in the auxiliary images tend to
provide more reliable information, since they present temporal
variability that is consistent with the missing pixels. The im-
proved idea plays a key role for scenes which have undergone
major land cover changes.

The implementation considerations in the spatiotemporal fu-
sion model also benefit the cloud removal performance. Abun-
dant similar information always exists within an image, since
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Fig. 8. Recovered results for the test with observed cloud (with the red, green, and blue bands as RGB). (a) Original observed Landsat image with cloud
contamination from January 29, 2005. (b)–(g) Images recovered by LLHM, MNSPI, WLR, PM-MTGSR, STARFM, and the proposed method, respectively.
(h)–(n) Zoomed-in views of the subset region marked in yellow in (a).

satellite-based observations usually cover a wide spatial range.
In order to enhance the accuracy and robustness of the predic-
tions, the data fusion model takes full advantage of the similar
pixels to describe the temporal variability of the land cover.
In addition, the previous temporal-based methods only set a
condition of spectral similarity to select similar pixels, while
the other standard of temporal consistency is used to weed out
those pixels with different temporal variability in this study. The
stricter filtering conditions make a critical difference for scenes
dominated by land cover changes.

Another innovation of the proposed method is the employ-
ment of residual correction. Given that some intrinsic differ-
ences of multisource data always exists in their radiometric
characteristics, the preliminary recovered patches generated
from the spatiotemporal data fusion may exhibit slight visual
disruption with their cloud-free neighborhood. To eliminate the
spectral inconsistency, a residual correction procedure is used

to adjust the estimated pixels in accordance with those in the
remaining regions. The introduced method mathematically for-
mulates the adjustment problem as Poisson equation, and solves
it using a global optimization process. A distinct advantage is
that the residual correction is conducted based on the patches
rather than pixels, and thus, the computational efficiency can be
expected to be improved.

B. Limitations of the Proposed Method

Undeniably, some shortcomings exist in the proposed method.
First, besides the close radiometric characteristics with the target
source, the auxiliary source should have a relatively high tem-
poral resolution to match the acquisition dates of the reference
and target images. However, due to the tradeoff between spatial
resolution and swath width, the auxiliary data source usually
has a low spatial resolution. For example, the MODIS images
used in this paper, with a spatial resolution of 500 m, are insuf-
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ficient to capture details of some small features, especially over
heterogeneous landscapes. Under this circumstance, the mod-
eled temporal variability may have some errors, thus, reducing
the reconstruction accuracy. A recent study attempted to fuse
250-m MODIS red and NIR bands with 500-m MODIS bands,
using the area-to-point regression kriging approach to produce
250-m MODIS bands and enhance the spatiotemporal fusion
[46]. The generated 250-m MODIS images could take the place
of the original 500-m images to improve the final accuracy.

Second, some inherent radiometric differences inevitably ex-
ist in the multisource data. As a result of these differences,
the generated results from spatiotemporal data fusion may have
some visual disruption between the reconstructed areas and the
original cloud-free areas. In this paper, a patch-based residual
correction procedure based on Poisson equation was used to ease
the problem. Some radiometric normalization algorithms for
multisource data could be embedded into the method to reduce
the spectral inconsistency, and thus, more accurate cloud-free
results may be obtained.

V. CONCLUSION

In this paper, a cloud removal method based on spatiotempo-
ral data fusion has been proposed, specifically aiming at scenes
with significant land cover changes. In addition to a cloud-free
multitemporal image, we further introduce two auxiliary images
from another data source into the reconstruction process. Three
aspects in the proposed method contribute to the final estima-
tion. First, the two auxiliary images are employed to capture the
temporal variability of the land cover, and thus, the problem en-
countered by the temporal-based methods can be avoided. The
similar information in the remote sensing scenes is then fully
utilized to enhance the robustness of the prediction. Finally, a
residual correction procedure based on Poisson equation is in-
corporated into the proposed method to enhance the spectral
coherence between the recovered and remaining regions. Both
simulated and real-data experiments demonstrated that the pro-
posed method can achieve a satisfactory performance for scenes
with significant land cover changes, compared with the existing
temporal-based methods. The proposed method acts a techni-
cal supplement to the current thick cloud removal framework,
making it possible to handle scenes with significant land cover
changes. In our future work, the proposed method will be com-
bined with temporal-based methods to build a complete cloud
removal framework, realizing the goal of dealing with different
kinds of changes.
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China, in 2012 and 2015, respectively.

He is currently a Lecturer at the College of Water
Conservancy and Civil Engineering, Xinjiang Agri-
cultural University.

Chengyue Zhang received the B.S. degree in geographic information system
and the M.S. degree in geomatics engineering from Wuhan University, Wuhan,
China, in 2016 and 2018, respectively. He is currently working toward the Ph.D.
degree at the School of Resource and Environmental Sciences, Wuhan Univer-
sity, Wuhan, China.

His research interests include cloud removal, data fusion, and PM2.5 recon-
struction.

Zhiwei Li received the B.S. degree in geoinforma-
tion science and technology from China University of
Geosciences, Wuhan, China, in 2015. He is currently
working toward the Ph.D. degree with the School of
Resource and Environmental Sciences, Wuhan Uni-
versity, Wuhan, China.

His research interests include cloud detection and
removal, deep learning, and remote sensing applica-
tions. He is currently working on projects for cloud
detection and removal for multisource satellite im-
ages in land resources investigation.



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Algerian
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BaskOldFace
    /Batang
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FootlightMTLight
    /FreestyleScript-Regular
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /InformalRoman-Regular
    /Jokerman-Regular
    /JuiceITC-Regular
    /KristenITC-Regular
    /KuenstlerScript-Black
    /KuenstlerScript-Medium
    /KuenstlerScript-TwoBold
    /KunstlerScript
    /LatinWide
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSansUnicode
    /Magneto-Bold
    /MaturaMTScriptCapitals
    /MediciScriptLTStd
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MS-Mincho
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NuptialScript
    /OldEnglishTextMT
    /Onyx
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Parchment-Regular
    /Playbill
    /PMingLiU
    /PoorRichard-Regular
    /Ravie
    /ShowcardGothic-Reg
    /SimSun
    /SnapITC-Regular
    /Stencil
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanMTStd
    /TimesNewRomanMTStd-Bold
    /TimesNewRomanMTStd-BoldCond
    /TimesNewRomanMTStd-BoldIt
    /TimesNewRomanMTStd-Cond
    /TimesNewRomanMTStd-CondIt
    /TimesNewRomanMTStd-Italic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryStd-Demi
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 900
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.00111
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 1200
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.00083
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.00063
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Suggested"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


