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ARTICLE INFO ABSTRACT

Keywords: High-quality fine-resolution satellite time series data are important for monitoring land surface dynamics in
Satellite time series heterogeneous areas. However, the quality of raw satellite time series is affected by clouds and the revisit fre-
Gap filling

quency. Currently, there are two major strategies to reconstruct high-quality fine-resolution time series: the
interpolation of the missing pixels using auxiliary data from the same satellite (known as filling) and the fusion of
fine-resolution and coarse-resolution images (known as fusing). These two strategies use different principles and

Spatiotemporal fusion
Image reconstruction

Cloud
Landsat input data to reach the same goal, but which one is superior in different scenarios is not known. Therefore, this
MODIS study fills this research gap by comparing two representative methods from filling and fusing: the Neighborhood

Similar Pixel Interpolator (NSPI) for filling and the Flexible Spatiotemporal DAta Fusion (FSDAF) for fusing. The
potential factors affecting the accuracy of the two methods were investigated using two simulated experiments.
The results show that (1) the accuracy of both methods decreases with the time interval between the image to be
reconstructed and the auxiliary image; (2) NSPI is generally better than FSDAF for reconstructing images with
small cloud patches but this superiority is insignificant in homogeneous areas; (3) the accuracy of NSPI signif-
icantly decreases with cloud size, and NSPI is worse than FSDAF for reconstructing images with large clouds; and
(4) the performance of FSDAF is significantly affected by the scale difference between the fine- and coarse-
resolution images, especially for heterogeneous areas. The findings of this study can help users select the
appropriate method to reconstruct satellite time series for their specific applications.

1. Introduction contaminations, the temporal resolution of the available observations is

generally coarser than the satellite revisit frequency, resulting in large

High-quality fine-resolution satellite time series data are essential to
monitor and predict land surface variations, and are widely applied in
land cover change detection, vegetation growth modeling, and
ecosystem dynamics monitoring (Hansen et al., 2008; Johnson et al.,
2016; Masek et al., 2008; Shen et al., 2011; Townshend et al., 1991; Zhu
and Liu, 2014; Zhu and Woodcock, 2014). However, most satellite im-
ages acquired by a single sensor cannot concurrently have high temporal
and spatial resolution. For example, the fine spatial resolution sensor (e.
g., 30 m Landsat) can recognize heterogeneous spatial details but is
difficult to capture abrupt land surface changes due to the low revisit
frequency (e.g., 16-days for Landsat). Furthermore, due to cloud

uncertainties in collecting land surface information (Ju and Roy, 2008).
Therefore, the reconstruction of high-quality fine-resolution time series
data is fundamental to extracting accurate and timely spatial and tem-
poral information on the land surface (Li et al., 2017).

Previous studies have proposed two main strategies for remote
sensing time series reconstruction: image filling and image fusing. These
two strategies achieve image reconstruction in different ways. The
filling strategy focuses on filling the contaminated pixels on the fine-
resolution clouded image with fine-resolution cloud-free auxiliary im-
ages in the time series (Fig. 1 (a)), while the fusing strategy produces the
whole fine-resolution image by blending fine- and coarse-resolution
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Fig. 1. Conceptual diagram of the two strategies to reconstruct a fine-resolution satellite image in the time series: (a) filling and (b) fusing.

& Target pixel to be interpolated @ Similar pixels selected

Cloud patches O Spectral class patches

Fig. 2. Schematic diagram of input data in NSPI: a cloud-free auxiliary image acquired at t; and the clouded image acquired at t,.
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Fig. 3. Schematic diagram of smoothing coarse-resolution time series to get the coarse-resolution cloud-free images for the FSDAF fusion method.
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Fig. 4. The CIA and LGWY Area in NIR-red-green composites: Area 1 is a heterogeneous landscape while Area 2 is a homogeneous landscape. (For interpretation of
the references to color in this figure legend, the reader is referred to the Web version of this article.)

satellite images (Fig. 1 (b)).

Image filling was proposed to handle the missing pixels of the
Landsat 7 ETM+ image (named as SLC-off image) due to the failure of
the scan-line corrector (SLC) in 2003. The missing values were filled for
the first time using the localized linear histogram matching (LLHM)
method by incorporating the scanned data of the SLC-off image and
another temporally close SLC-on image (USGS, 2004). With the devel-
opment of the filling strategy, image filling is extended for cloud
removal. Based on different perspectives of information involved, image
filling strategies can be classified into three categories: spatial-based,
temporal-based and hybrid methods. Spatial-based filling locates the

neighboring pixels similar to the target pixel and uses spatial interpo-
lation for image inpainting (Cheng et al., 2014), while the
temporal-based algorithm relies on one or more clear temporally close
images to fill the missing value (Maxwell et al., 2007; Roy et al., 2008).
Hybrid filling restores the value of contaminated pixels by combining
spatial information from clear pixels near the target pixel and temporal
information from clear observations obtained close to the contaminated
image (Chen et al., 2011; Wang et al., 2021a, 2021b; Weiss et al., 2014;
Zhu et al., 2012a, 2012b). The Neighborhood Similar Pixel Interpolator
(NSPI) is the first hybrid method to get a robust prediction of contami-
nated pixels in multi-temporal satellite images. It has been successfully
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Table 1

Date information for the cloud-free Landsat-MODIS pairs (LMPs) for the two
study sites. For CIA DSSD means the number of days since Oct 01, 2001, and for
LGWY DSSD represents the number of days since Apr 01, 2004.

Image # CIA LGWY

DSSD DATE DSSD DATE
1 017 Oct 17, 2001 16 Apr 16, 2004
2 033 Nov 02, 2001 32 May 02, 2004
3 040 Nov 09, 2001 96 Jul 05, 2004
4 056 Nov 25, 2001 128 Aug 06, 2004
5 065 Dec 04, 2001 144 Aug 22, 2004
6 097 Jan 05, 2002 208 Oct 25, 2004
7 104 Jan 12, 2002 240 Nov 26, 2004
8 136 Feb 13, 2002 256 Dec 12, 2004
9 145 Feb 22, 2002 272 Dec 28, 2004
10 168 Mar 17, 2002 288 Jan 13, 2005
11 184 Apr 02, 2002 320 Feb 14, 2005
12 193 Apr 11, 2002 336 Mar 02, 2005
13 200 Apr 18, 2002 368 Apr 03, 2005
14 209 Apr 27, 2002
15 216 May 04, 2002

used to remove clouds and fill the un-scanned gaps in Landsat-7 ETM+
images to reconstruct high-quality Landsat time series (Chen et al.,
2011; Zhu et al., 2012a, 2012b). Besides the above methods, Zhu et al.
(2015) proposed a time-series modeling method: using clear observa-
tions to fit time series models for each Landsat pixel and detect abrupt
surface change, they generate synthetic Landsat images at any given
time. For the scenario of thick and frequent cloud coverage, the reli-
ability of the filling strategy is questionable due to the lack of available
observations.

Different from image filling which uses data from the single sensor,
image fusing aims to produce fine spatial and temporal resolution im-
ages from two sensors, one with high revisit frequency but low spatial
resolution (e.g., MODIS) and the other with high spatial resolution but
low revisit frequency (e.g., Landsat). Previous studies categorized the
spatiotemporal fusing strategy into five types: unmixing-based, weight
function-based, learning-based, Bayesian-based, and hybrid methods
(Zhu et al., 2018a). For convenience, we refer to the pixels in images
with low spatial resolution as “coarse pixels” and those with high spatial
resolution as “fine pixels”. The unmixing-based fusing methods use a

(a) (b) (c)

DSSD-017

Area 1
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linear unmixing process to unmix coarse pixels on the prediction date
and then obtain the predicted image with a high spatial resolution (Rao
et al., 2015; Wu et al., 2012; Zhukov et al., 1999; Zurita-Milla et al.,
2008). The weight function-based methods such as the Spatial and
Temporal Adaptive Reflectance Fusion Model (STARFM) (Gao et al.,
2006) and the Enhanced STARFM (ESTARFM) (Zhu et al., 2010) assume
that all the coarse pixels represent homogeneous land cover and that
reflectance changes between fine- and coarse-resolution images are
consistent or proportional so that the changes derived from
coarse-resolution images can be added to the fine pixels with a weighted
function. The learning-based methods establish the relationship be-
tween coarse-fine image pairs using machine learning algorithms and
apply this relationship to predict the fine-resolution image on a given
prediction date (Huang and Song, 2012; Liu et al, 2016). The
Bayesian-based methods consider spatiotemporal fusion as a Maximum
A Posterior (MAP) problem and model the relationships between the
observed and predicted images (Liao et al., 2016; Shen et al., 2016).
Lastly, the hybrid methods combine two or more methods mentioned
above to improve the effectiveness of spatiotemporal fusing, e.g., the
Flexible Spatiotemporal DAta Fusion, FSDAF (Zhu et al., 2016) and its
derivations: the Improved FSDAF (Liu et al., 2019), the Enhanced FSDAF
(Shi et al., 2019), SFSDAF (Li et al., 2020) and FSDAF 2.0 (Guo et al.,
2020).

Although filling and fusing are both proposed to reconstruct remote
sensing time series, their principles and data inputs are different,
implying a difference in the scope of application of the two strategies.
However, the knowledge about the selection of strategies for real-world
applications is still limited. It is necessary to recognize the potential
influential factors of each strategy before the investigation of the

Table 2
Main influential factors of NSPI and FSDAF (v means influence exists, x means
no impact).

Influential factors NSPI  FSDAF

Time interval between the auxiliary images and the target v v
image to be reconstructed

Spatial heterogeneity v v

Cloud size v X

Scale ratio between fine- and coarse-resolution images X v

..~ DSSD-128

- DSSD-320

Fig. 5. Landsat (30 m) and MODIS (240 m/480 m) preprocessed images on different dates in Area 1 and Area 2 in the same spectral stretch, (a) and (d) are Landsat
images, (b) and (e) are MODIS-240 m images, (c) and (f) are MODIS-480 m images. (a), (c), (d) and (f) are in NIR-red-green composites, (b) and (e) are in NIR-red-red
composites. (For interpretation of the references to color in this figure legend, the reader is referred to the Web version of this article.)
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Fig. 7. Schematic diagram of generating the clouded target image. (a) Clear Landsat image on the first date in Area 1 and Area 2; (b) Natural cloud mask (cloud
coverage: 37.19%); (c) Synthetic contaminated target image on the first date in Area 1 and Area 2.

capacity of each strategy for image reconstruction under different sce-
narios. For example, spatial heterogeneity is one of the influencing
factors for both filling and fusing. It affects the searching of similar
pixels in filling and the relationship modeling between coarse-fine
image pairs in fusing. In addition, quantification of the sensitivity of
each strategy to the influential factors is crucial for the selection of
method when the input data has diverse quality (e.g., different cloud
coverage).

To deepen our understanding of the superiority of filling and fusing,
this study assessed the performance of both strategies in different sce-
narios. Two typical methods, NSPI representing the filling strategy and
FSDAF denoting the fusing strategy, were selected for the performance
comparison. NSPI and FSDAF are two classic methods widely tested in
the literature. Three properties make them especially appropriate for
validating our ideas: (1) they have simple principle and are milestones in

the field of image reconstruction; (2) they are the base models for many
new methods developed recently; and (3) they are reliable and robust for
various sites and have been widely employed by practical studies. The
objectives of this study are to determine: 1) what are the potential fac-
tors influencing the performance of image filling and fusing, respectively
and 2) how the accuracy of reconstructed images changes with the
influential factors. The results of this study provide guidelines on the
selection of strategies for image reconstruction to support real-world
applications.

2. Brief overview of NSPI and FSDAF
2.1. NSPI

NSPI is a hybrid method that integrates “spatial-filling” and
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(b)
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Fig. 8. Schematic diagram of buffering and simulating cloud patches. (a) One initial small cloud patch placed at the center; (b) Different sizes of cloud mask after
buffering; (c) Different positions of cloud mask in each cloud size from 100 times of simulation.

“temporal-filling” into the robust prediction of contaminated pixels in
fine-resolution images. It has been successfully used to remove clouds
and fill the un-scanned gaps in Landsat-7 images to reconstruct high-
quality Landsat time series and widely used in practical studies (Chen
et al.,, 2011; Wang et al., 2020). NSPI needs at least one cloud-free
auxiliary image acquired from the same satellite as the clouded image
as input (Fig. 2).

NSPI has two assumptions: (1) neighboring similar pixels have a high
degree of spectral similarity; and (2) this spectral similarity can be kept
in the time series. It includes four major steps. First, it selects a certain
number (e.g., 20) of pixels that are spectrally similar to the target
contaminated pixel under clouds or within the gaps using the auxiliary
image (named as similar pixels, see Fig. 2). The similarity between these
selected pixels and the target pixel can be quantified by RMSE:

RisE \/Z:u (F(,301) ~ Fley.0))° o

n

where F(x,y, t;) is the target pixel value at location (x, y) at t;, and F(x;,
¥i, t1) is the ith similar pixel value at location (x;, y;) at t;. Smaller RMSE
means higher similarity.

Second, NSPI predicts the target pixel at t, by a weighted average of
pixel values of similar pixels in the clouded image at t,:

Fi(x,y,8) = > WiF (x:,yi,1,) 2
i=1

where F(x;,y;,t,) is the ith similar pixel value at t,. The prediction
Fi(x,y,t,) is named as the spatial prediction because it is based on
spatial dependence characteristics.

Third, NSPI predicts the target pixel at t, using temporal change
information from similar pixels. This prediction is named as the tem-
poral prediction F»(x,y,t,), which is obtained by a weighted average of
the temporal change provided by similar pixels:

Fy(x,y,1,) =F(x,y,t1) + Z Wi (F (xi,y1,1,) — F(xi,yi,11)) 3
p=

Last, NSPI combines spatial prediction and temporal prediction by
introducing weight to obtain the final prediction of the target pixel at t,:

F(x,y,8) =T1-Fy (x5, 1) + Ta-Fa(x, 3, 1,) Q)

where T; and T are the weights considering the reliability of spatial and
temporal prediction.

2.2. FSDAF

FSDAF is the first spatiotemporal fusion method specifically designed
for solving the challenge of abrupt land cover changes (e.g., flooding,
wildfire) recorded in the input data and has been widely used in fusing
remote sensing images (Zhang et al., 2017, 2022; Zhao et al., 2021).
FSDAF assumed that (1) same-class pixels have same temporal changes;
(2) land cover changes can be downscaled by spatial interpolation if it is
observable at coarse images; and (3) temporal changes of similar pixels
have high spatial dependence. It requires only a pair of fine- and
coarse-resolution cloud-free images acquired on the same day (e.g., tp)
and a coarse-resolution cloud-free image on any other day (e.g., t,) to
predict the fine-resolution image, so given cloud-free coarse time series,
fine-resolution time series can be constructed. However, the
coarse-resolution time series is affected by clouds, but this can be
mitigated by the smoothing techniques, as shown in Fig. 3. The steps of
FSDAF are summarized as follows:

First, it predicts the fine-resolution images at t, (the temporal pre-
diction F{:m") by unmixing the temporal changes derived from the
coarse-resolution images from ty to t,, and then calculate the residual of
temporal prediction as:

1 m m
R(x,y) = AC(x,y) — m Z F,"" (xi, 1) — Z Fiy (i, 1) ()
i=1 i=1

where R(x,y) is the residual of a coarse pixel at location (x, y), AC(x,y)
represents the real temporal change derived from the coarse pixel, m
means the number of fine pixels (x;, y;) within the coarse pixel (x, y), F,
is the value of fine pixels at t,. The residual is mainly caused by abrupt
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Fig. 9. Spatial patterns of the reconstructed images of Area 1 derived from the available images with different time intervals using NSPI and FSDAF strategies: (a)
reference image on DSSD-017, (b) simulated cloudy sub-image on DSSD-017 with cloud coverage of 80.04%, (c)—(e) NSPI-30 m filled images derived on DSSD-033,
-097, —193, respectively, (f)-(h) FSDAF-480 m fused images derived on DSSD-033, -097, —193, respectively, (i)-(k) FSDAF-240 m fused images derived on DSSD-
033, -097, —193, respectively. (a)-(h) are false-color images (NIR, red and green as R-G-B) and (i)-(k) are false-color images (NIR, red and red as R-G-B) since only
NIR and red at 240 m are available for MODIS. The smaller images on the right of each image are the zoom-in sub-image. (For interpretation of the references to color

in this figure legend, the reader is referred to the Web version of this article.)

land cover changes.
Then, a Thin Plate Spline (TPS) interpolator is adopted to predict the
fine-resolution image from the coarse-resolution image at t, (the spatial

prediction FZ’“). Since this spatial prediction can capture abrupt land
cover changes, it was used to guide the redistribution of the residual
obtained in Eq. (5), i.e., it is assumed that F:f‘" best represents true

values of the fine pixels at t, and the residual of the homogenous area
can be adjusted by the spatial prediction as:

Rho(x7y) = th,{,m(‘x?y) - F;jmp(xzy) (6)

Finally, as the above operations are implemented within coarse
pixels, the prediction of the final pixel at t, may have block effects. Thus,
the similar pixel strategy used in the classic STARFM was used to get the
final prediction as:

F(ry.t) = Fle.y) + 3 Wi (Fy o) ) %)
i=1

where F; represents the prediction of the fine pixel after redistributing

the residuals, W; is the weight for the ith similar pixel that is determined
by the spectral similarity and spatial distance.

3. Methodology
3.1. Materials

Since it is more challenging to reconstruct cloud-free satellite time
series for regions with complex landscapes and fast temporal changes,
we implemented comparison studies in these regions to better differ-
entiate the performance of fusing and filling strategies. Two typical sites
with different landscapes were selected for experiment: The Coleam-
bally Irrigation Area (CIA) in southern New South Wales (34.87°S,
145.90°E) and the Lower Gwydir Catchment (LGWY) in northern New
South Wales (28.27°S, 149.40°E). CIA has a heterogeneous and frag-
mented landscape where paddy fields are mixed with other croplands
and natural vegetation. Besides, the rice croplands are irrigated in
October, which leads to large temporal changes in the time series. LGWY
is a very temporally dynamic, less spatially heterogeneous site, domi-
nated by relatively large parcels of winter crop fields and natural
vegetation. Therefore both CIA and LGWY are ideal sites for studying the
performance of fusing and filling strategies and have been proved to be
appropriate test sites in former researches (Emelyanova et al., 2013; Rao
et al., 2015; Zhou et al., 2021; Zhu et al., 2016, 2018b). To investigate
the performance of fusing and filling under different landscape
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4 (k)

Fig. 10. Spatial patterns of the reconstructed images in Area 2 derived from the available images with different time intervals using NSPI and FSDAF strategies: (a)
reference image on DSSD-016, (b) cloudy image with cloud coverage of 93.32%, (c)-(e) NSPI-30 m filled images derived on DSSD-032, -208, —288, respectively, (f)-
(h) FSDAF-480 m fused images derived on DSSD-032, -208, —288, respectively, (i)—(k) FSDAF-240 m fused images derived on DSSD-032, -208, —288, respectively.
(a)-(h) are false-color images (NIR, red and green as R-G-B) and (i)-(k) are false-color images (NIR, red and red as R-G-B). The smaller images on the right of each
image are the zoom-in sub-image. (For interpretation of the references to color in this figure legend, the reader is referred to the Web version of this article.)

heterogeneity, we select one sub-region in CIA (Area 1) dominated by
fragmented croplands (high heterogeneity) and one sub-region in LGWY
(Area 2) dominated by natural vegetation (low heterogeneity) (Fig. 4).

Level-2 products of Landsat images were employed as the fine-
resolution images. MOD09GA/MOD09GQ images were used as coarse-
resolution images and were registered with Landsat images. The 250
m and 500 m bands of MODIS images were resampled to 240 m or 480 m
to meet the requirement of FSDAF. A total of 15 cloud-free pairs of
Landsat-7 ETM+ (400 x 400 pixels at 30 m spatial resolution) data are
available in CIA during the austral summer growing season (2001
October — 2002 May), and a total of 13 cloud-free pairs of Landsat-5 TM
(400 x 400 pixels at 30 m spatial resolution) data are collected in LGWY
from April 2004 to April 2005. Table 1 shows the date information for
the cloud-free Landsat-MODIS pairs (LMPs) for the two study sites and
Fig. 5 shows the examples of Landsat (30 m) and MODIS (240 m or 480
m) preprocessed images.

3.2. Experimental design

To design the experiments for the comparison of fusing and filling,
we first investigated the potential influential factors of each strategy,
especially for the two representative methods, NSPI and FSADF. First, as
both methods use the spatial and temporal information in the input data,

their performance will be affected by the spatial heterogeneity and the
time interval between the auxiliary data and the image to be recon-
structed. In general, the high spatial heterogeneity makes the spatial
prediction in both NSPI and FSDAF (Egs. (2) and (6)) less reliable and
the selection of similar pixels more difficult. Similarly, images with
longer time intervals have large temporal changes and even abrupt land
cover changes, bringing more challenges to the temporal prediction in
NSPI and FSDAF. Second, NSPI may be affected by the cloud size since
large clouds may lead to weaker spatial dependence between similar
pixels and the target pixel. By contrast, FSDAF is less affected by cloud
sizes since it predicts the whole image. Third, FSADF may be affected by
the scale ratio between fine- and coarse-resolution images because
larger scale differences between them will lead to larger uncertainties in
spatial interpolation. By comparison, NSPI does not have this effect as it
only uses fine-resolution images. Table 2 summarizes the above influ-
ential factors for both NSPI and FSDAF. Accordingly, we designed two
experiments to compare the performance of NSPI and FSDAF based on
these factors (Fig. 6). Experiment 1 investigates the performance of the
two methods using auxiliary data with different time intervals, and
Experiment 2 examines the performance of the two methods to recon-
struct fine-resolution images with different cloud sizes. In both experi-
ments, we selected two sites with contrasting landscape heterogeneity,
and we used coarse-resolution images with two different spatial
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Fig. 11. Comparison of accuracies (i.e., RMSE and R) of the reconstructed NIR, red and green bands derived from NSPI-30 m, FSDAF-240 m and FSDAF-480 m,
respectively: (a) and (b) are results of Area 1 (i.e., highly heterogeneous area) and (c) and (d) are results of Area 2 (i.e., low heterogeneous area). (For interpretation
of the references to color in this figure legend, the reader is referred to the Web version of this article.)

resolutions (240 m and 480 m) for FSDAF.

Experiment 1: different time intervals between the auxiliary im-
ages and the target image on two sites

To examine the impact of time intervals on filling and fusing, we
employed the input data with different time intervals in NSPI and FSDAF
to predict the Landsat-like image on the first date (i.e., the target image),
respectively. For the purpose of evaluating the accuracy of reconstructed
images in a quantitative way, for the NSPI method, we applied a real
cloud mask extracted from Hong Kong (Zhu and Helmer, 2018) to the
target image to simulate a clouded image and grouped the auxiliary and
target images into multiple image pairs with different time intervals
(Fig. 7). Then these image pairs were used to predict the target image
using the NSPI method. For the FSDAF method, we used the base
Landsat-MODIS pairs with different time intervals as input to predict the
target image. To compare the impact of spatial heterogeneity on the
performance of fusing and filling strategies, the experiment was con-
ducted on two sites with distinct spatial heterogeneity.

Experiment 2: different sizes of cloud patches on two sites

To assess the impact of cloud size on filling and fusing strategies, we
predicted the target image with NSPI in cases of different cloud sizes and
compared it with the results of FSDAF (Experiment 2 in Fig. 6). An initial
small cloud patch was selected from a real cloud mask in Fig. 7 (b) and
was placed in the image center (Fig. 8 (a)). Then cloud patches with
different buffer radii ranging from 1 to 100 were created to simulate the
scenario with different cloud sizes (Fig. 8 (b)). For example, the cloud
size of 30 means the initial cloud patch is buffered with a distance of 30
pixels. To make the results more robust, for each cloud size, we simu-
lated the cloud mask 100 times and placed it at random positions of the
image (Fig. 8 (c)). NSPI was employed in each scenario, and the average
performance of the prediction accuracy was calculated for each cloud

size (Fig. 8).

3.3. Accuracy assessment

Two classic accuracy indices i.e., the root mean square error (RMSE)
and correlation coefficient (R), were selected to evaluate the perfor-
mance of the filling and fusing methods. They were calculated using all
the contaminated pixels of the predicted and true images. The results
with different influential factors of the filling and fusion were assessed.
RMSE shows the average pixel-wise prediction errors of the contami-
nated pixels for quantitative analysis while R shows the pixel-wise
similarity between the predicted and the true image.

4. Results
4.1. Experiment of time interval

Fig. 9 shows the reconstructed images in Area 1 (i.e., highly het-
erogeneous area) derived from the available images with different time
intervals using NSPI and FSDAF strategies. The results were named as
NSPI-30 m, FSDAF-240 m and FSDAF-480 m, based on their methods
and spatial resolutions. They reveal that compared with the reference
image (i.e., truth values) (Fig. 9 (a)), both NSPI and FSDAF capture more
spatial details in highly heterogeneous areas when the available images
have shorter time intervals (e.g., one week) (Fig. 9 (c)-(k)). However,
NSPI generally performs better than FSADF when the available images
have the same time interval. For example, for the time interval of DSSD-
097 (i.e., one and a half months), the reconstructed image derived from
NSPI (Fig. 9 (d)) has better visual performance than that derived from
FSDAF (Fig. 9 (g) and (j)). In addition, the results of FSDAF-240 m and
FSDAF-480 m are slightly different when the available images have the
same time interval, as shown in Fig. 9 (f)-(k).

Fig. 10 shows the reconstructed images in Area 2 (i.e., low hetero-
geneous area) derived from the available images with different time
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Fig. 12. Spatial patterns of reconstructed images in Area 1 derived from the available images with different cloud sizes using NSPI and FSDAF strategies: (a)
reference image on DSSD-017; (b) and (d) cloudy images with cloud coverage of 51.76% and 100%, respectively; (c) and (e) NSPI-30 m filled images derived on
DSSD-097 at cloud size of 10 and 60; (f) FSDAF-480 m fused images derived on DSSD-097; (g) FSDAF-240 m fused images derived on DSSD-097. (a)-(f) are false-color
images (NIR, Red and Green as R-G-B) and (g) is a false-color image (NIR, Red and Red as R-G-B). The smaller images on the right of each image are the zoom-in sub-
image. (For interpretation of the references to color in this figure legend, the reader is referred to the Web version of this article.)

intervals using NSPI and FSDAF strategies. Unlike the highly heteroge-
neous area (Fig. 9), both filled and fused images in the low heteroge-
neous area generally show high consistency no matter which time
intervals are used (Fig. 10). In other words, for low heterogeneous areas,
the two strategies are less affected by the time intervals. However,
despite the adaptability of FSDAF for solving the challenge of abrupt
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land cover changes, the accuracies of fused images decrease with the
increase of time intervals and frequent temporal change. As NSPI
searched the similar neighborhood pixel by pixel, some small and un-
expected patches were filled, resulting in the salt and pepper noise
shown in the zoom-in sub-images in Fig. 10 (d) and (e). Compared with
the filled results, the fused results derived from FSDAF are smoother,
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Fig. 13. Spatial patterns of the reconstructed images in Area 2 derived from the available images with different cloud sizes using NSPI and FSDAF strategies: (a)
reference image on DSSD-016; (b) and (d) cloudy images with cloud coverage of 51.76% and 100%, respectively; (c) and (e) NSPI-30 m filled images derived from
DSSD-128 at cloud size 10 and 60; (f) FSDAF-480 m fused images derived on DSSD-128; (g) FSDAF-240 m fused images derived on DSSD-128. (a)-(f) are false-color
images (NIR, red and green as R-G-B) and (g) is a false-color image (NIR, red and red as R-G-B). The smaller images on the right side of each image are the zoom-in
sub-image. (For interpretation of the references to color in this figure legend, the reader is referred to the Web version of this article.)

which can contribute to better visual performance (Fig. 10 (f)-(k)).
We further quantified the accuracies (i.e., RMSE and R) of NIR, red
and green bands reconstructed by NSPI and FSDAF strategies, respec-
tively, as shown in Fig. 11. For highly heterogeneous areas, the accuracy
of the NIR band derived from the two strategies generally decreases with
longer time intervals (i.e., larger RMSE and smaller R), as shown in

11

Fig. 11 (a) and (b). Among the NIR bands, the NSPI-30 m NIR band has
the highest accuracy while the FSDAF-480 m NIR band has the lowest
accuracy whichever time interval is used. In addition, the accuracies of
the reconstructed NIR bands of NSPI-30 m and FSDAF-240 m have high
similarity for shorter time intervals (e.g., within one month), as shown in
Fig. 11 (a) and (b). Unlike the NIR band, the accuracies of NSPI-30 m red
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Fig. 14. Comparison of accuracies (i.e., RMSE and R) with shaded error (per SD) of reconstructed NIR, red and green bands derived from NSPI-30 m, FSDAF-240 m
and FSDAF-480 m, respectively. (a), (b) and (c) are the results of Area 1 (i.e., highly heterogeneous area); (d), (e) and (f) are the results of Area 2 (i.e., low het-
erogeneous area). (For interpretation of the references to color in this figure legend, the reader is referred to the Web version of this article.)

and green bands keep stable in different time intervals, but those of
FSDAF-derived red and green bands show a distinct declining trend
followed by a rise after the inflection point at around 90 days (Fig. 11 (a)
and (b)). The accuracy of FSDAF-240 m is generally higher than that of
FSDAF-480 m. For low heterogeneous areas, the NSPI method generally
has a better performance than FSDAF (Fig. 11 (c¢) and (d)). The abnormal
sudden increase of FSDAF-derived NIR band in Fig. 11 (c) at 240 days
interval can be attributed to the occurrence of local flooding events.
Also, all NSPI-30 m bands have similar performance regardless of time
interval and the accuracies of FSDAF-derived bands generally have
slight fluctuations due to temporal dynamic change, as shown in Fig. 11
(c) and (d).

4.2. Experiment of cloud size

Figs. 12 and 13 show the reconstructed images in Area 1 (i.e., highly
heterogeneous area) and Area 2 (i.e., low heterogeneous area), respec-
tively, with different simulated cloud sizes using NSPI and FSDAF stra-
tegies and the auxiliary image on DSSD-097 (Area 1) and DSSD-128
(Area 2) (i.e., an auxiliary image can get moderate accuracy shown in
Experiment 1). As the FSDAF method does not use cloudy images, the
cloud sizes only affect the NSPI method. The results were named as

12

NSPI-cloud10 (10-pixel buffered cloud which is a relatively small
cloud), NSPI-cloud60 (60-pixel buffered cloud which is a relatively large
cloud), FSDAF-240 m and FSDAF-480 m. For highly heterogeneous
areas, NSPI-cloud10 has better performance than NSPI-cloud60, thereby
suggesting that cloud size is a key factor for NSPI filling results (Fig. 12
(c) and (e)). In addition, the NSPI method generally captures more
spatial details than the FSDAF method (Fig. 12 (c), (e), (f) and (g)). For
low heterogeneous areas, the reconstructed images have high similarity
whichever method and cloud size were used (Fig. 13). However, some
small and unexpected salt and pepper noises are filled by NSPI, as shown
in Fig. 12 (¢), (e) and Fig. 13 (c), (e).

The accuracies of NIR, red and green bands reconstructed by NSPI
and FSDAF strategies was further quantified, as shown in Fig. 14. In
highly heterogeneous areas, the NIR band derived from NSPI has a lower
accuracy (i.e., larger RMSE and smaller R) with a larger size of cloud
patch (Fig. 14 (a)). By comparison, it has higher accuracy than the NIR
band derived from FSDAF-240 m and FSDAF-480 m when the cloud
patch is small. Then FSDAF-240 m NIR band gradually performs better
than the NSPI NIR band with the increase in cloud size. Similar to the
NIR band, the accuracies of NSPI-30 m red and green bands are also
affected by the size of cloud patches, but the accuracies of NSPI-30 m red
and green bands are generally higher than those of FSDAF-derived red
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Fig. 15. Error analysis of the NSPI in different time intervals (the subplots on the left) and different cloud sizes (the two subplots on the right). (a) is Area 1 (highly

heterogeneous area) and (b) is Area 2 (low heterogeneous area).

Table 3
The correlation between the accuracy of the NSPI method, the spatial MAE and
the temporal SD at different time intervals and cloud sizes.

Time intervals Cloud sizes

Area 1 R (NSPI/Spatial MAE) = —0.041 R (NSPI/Spatial MAE) = 0.978
R (NSPI/Temporal SD) = 0.991 R (NSPI/Temporal SD) = 0.688
Area 2 R (NSPI/Spatial MAE) = —0.162 R (NSPI/Spatial MAE) = 0.913

R (NSPI/Temporal SD) = 0.960 R (NSPI/Temporal SD) = 0.771

and green bands (Fig. 14 (b) and (c)). In low heterogeneous areas, the
accuracies of NSPI-30 m (all bands) have similar performance with Area
1 (Fig. 14 (d), (e) and (f)), while the difference between NSPI-30 m and
FSDAF is smaller than Area 1. It is obvious that the performance of NSPI-
30 m is significantly affected by the size of cloud patches for all bands,
and in that case FSDAF remains a stable performance.

5. Discussion

The performance of NSPI and FSDAF is impacted to different degrees
by various factors, including the landscape characteristics, land surface
dynamics, cloud sizes, and the availability of could-free images. In
general, we cannot simply claim which of the two methods is superior
for reconstructing fine-resolution time series. In this section, we further
discuss the mechanism of how different factors affect the performance of
NSPI, FSDAF, and the combination of both strategies. For simplicity,
only the NIR band was analyzed in error analysis. We also give sug-
gestions to end users for selecting the appropriate strategy in
applications.

5.1. Error analysis of NSPI

The experimental results show that NSPI is sensitive to time intervals
and cloud sizes. Based on the introduction of NSPI in Section 2, NSPI has
two assumptions: (1) neighboring similar pixels have a high degree of
spectral similarity; and (2) this spectral similarity can be kept in the time
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series. We inferred that the low accuracy of NSPI in some scenarios
might be caused by the violation of these two assumptions. To verify
this, two variables S; and T; were calculated to represent these two as-
sumptions respectively:

S,':MEAN(ABS(L()C,',yi,fI) 7L(X,y,ll))) 8)

T;=STD(L(x:, i, 1,) — L(xi, i, 11)) 9)
where S; is the spatial mean absolute error (MAE) between all similar
pixels and a target pixel which corresponds to assumption 1, and T; is
the temporal standard deviation (SD) of temporal changes among
similar pixels which corresponds to assumption 2.

Comparisons of the spatial MAE and temporal SD with the RMSE of
NSPI in two different areas reveal some interesting patterns (Fig. 15).
We further calculated the correlation coefficient (R) between the accu-
racy of NSPI and the spatial MAE and the correlation coefficient between
the accuracy of NSPI and the temporal SD (Table 3). It shows that the
RMSE of NSPI has a higher correlation with the temporal SD (Rarea 1 =
0.991 and Rareaz = 0.960) in the experiment of time interval, and the
accuracy of NSPI has a higher correlation with the spatial error (Rarea 1
= 0.978 and Rarea 2 = 0.913) in the experiment of cloud size. It suggests
that the violation of assumption 2 in NSPI and abrupt land cover changes
are the main reasons for the low accuracy of NSPI when using the input
image with long time intervals, while the violation of assumption 1 and
the lack of neighborhood similar pixels are the main reasons for the low
accuracy of NSPI for removing large cloud patches. These effects are
more significant in heterogeneous areas (Area 1).

5.2. Error analysis of FSDAF

According to the principle of FSDAF reviewed in Section 2, its error
mainly comes from the temporal change derived by the unmixing
method and the residual redistribution guided by the TPS interpolation.
To determine whether unmixing or TPS interpolation dominates the
errors in FSDAF, two indicators were calculated: one is the absolute
relative difference index (ARDI) (Zhou et al., 2021) which quantifies the
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Fig. 16. Error analysis of the FSDAF with ARDI (the left side) and HD (the right side) in different time intervals. (a) is Area 1 (high heterogeneous area) and (b) is
Area 2 (low heterogeneous area).

and Landsat data, corresponding to the uncertainty in TPS interpolation.
Table 4

The correlation between the accuracy of the FSDAF method, ARDI and HD in ARDI = |F w—F x0| / Fio (10)
different time intervals.
HD=|F,y — Cy| an
FSDAF-240 m FSDAF-480 m
Areal R (ARDI/FSDAF-240 m) = 0.889 R (ARDI/FSDAF-480 m) = 0.891 where Fy and F, are the reflectance of the fine-resolution images at the

R (HD/FSDAF-240 m) = —0.304 R (HD/FSDAF-480 m) = —0.241

auxiliary and prediction time respectively, and Cy, is the coarse-
Area 2 R (ARDI/FSDAF-240 m) = 0.356 R (ARDI/FSDAF-480 m) = 0.318

resolution image at the auxiliary time.

R (HD/FSDAF-240 m) = 0.774 R (HD/FSDAF-480 m) = 0.773
Fig. 16 shows the error analysis between the RMSE of FSDAF, ARDI
and HD. The correlation coefficient (R) between the accuracy of FSDAF
temporal change between the auxiliary and prediction time, corre- and ARDI and the correlation coefficient between the accuracy of the
sponding to the uncertainty in unmixing, and the other is the homoge- FSDAF and HD are shown in Table 4. ARDI has a high correlation with

neity difference (HD) which calculates the difference between MODIS

:

(d) DSSD-056

~

(a) DSSD-017

Landsat
065 097
» DSSD
MODIS

() DSSD-033 (i) DSSD-056

Fig. 17. Data preparation for STAIR. (a), (e), (f) clear Landsat image on DSSD-017, -065, —097, (b) simulated cloudy Landsat image on DSSD-033, (c) original
reference Landsat image on DSSD-040, (d) simulated un-scanned Landsat image on DSSD-056, (g)—(i) clear MODIS image on DSSD-033, -040, —056. A Schematic
diagram at the bottom right shows the input data in timeseries, number above the timeline means Landsat available, numbers below the timeline means MODIS
available, number in black means clear image, number in yellow means cloudy or un-scanned image, number in red means the target image to be predicted. (For
interpretation of the references to color in this figure legend, the reader is referred to the Web version of this article.)
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(¢) NSPI DSSD-040

Fig. 18. Spatial pattern of three reconstructed Landsat-like images on DSSD-040 comparing original reference image.

Table 5

Quantitative accuracy (RMSE and R) of STAIR, NSPI and FSDAF at different
bands and computing time using a laptop computer with an Intel Core i7-9750H
CPU and 16 GB memory.

NIR Green R Blue Computing time
STAIR RMSE  0.026 0.011 0.019 0.009 7.1 s (MATLAB)
R 0.951 0.843 0.846 0.852"
NSPI RMSE  0.030 0.010°  0.018"  0.008"  25.8 s (Cloud:
R 0.930 0.779 0.773 0.792 37.19%)
FSDAF RMSE  0.025"  0.013 0.018"  0.011 51.9 s (MODIS 480
R 0.962"  0.845" 0.863"  0.850 m)

2 The best accuracy among three methods.

the accuracy of FSDAF in Area 1 (RFSDAF—24()m =0.889 and RFSDAF-480m =
0.891), and HD has a high correlation with the accuracy of FSDAF in
Area 2 (RFSDAF-24Om = 0.774 and RFSDAF-480m = 0.773). This result sug-
gests that the unmixing step could bring more errors in areas with large
spatial heterogeneity since the temporal changes are more diverse in
heterogeneous areas. On the contrary, the TPS spatial interpolation
brings more errors than the unmixing step in homogenous areas due to
the redistribution of the residuals in FSDAF.

It is worth noting that the performance of NSPI and FSDAF may be
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Table 6
Recommended strategies in different scenarios.

Scenarios NSPI  FSDAF forimages with ~ FSDAF for images
smaller scale with larger scale
difference difference

Small cloud patches v X X

Medium cloud patches X v X

Large cloud patches X v v

Auxiliary data with v v X

short time interval

Auxiliary data with v X X

long time interval
Heterogeneous areas v v X
Homogeneous areas v v v

affected by the uncertainty in similar pixel selection. In addition, the
different temporal variations among similar pixels also lead to large
errors in the prediction by both NSPI and FSDAF. Similar pixels for NSPI
and FSDAF can be selected based on either unsupervised classification or
supervised classification depending on the specific application and data
availability (i.e., the ground reference data). Although supervised clas-
sification can potentially generate more accurate class maps thus better
similar pixels, it does increase the complexity of the methods and
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therefore decrease their applicability. Accordingly, there are two ad-
vantages in selecting similar pixels based on unsupervised classification
as used in this paper: (1) making the whole filling or fusing process
automatic, (2) increased applicability of the methods.

5.3. Combination of filling and fusing strategies

Combination of filling and fusing could potentially produce more
accurate high-quality fine-resolution time-series images if the combi-
nation can take advantage of both the filling and fusing methods and
avoid the weakness from both. Otherwise, the improvement with com-
bination may be limited due to the error propagation. Some filling and
fusing integrated methods have been developed in previous studies, and
they often use a two-step mode, i.e., filling then fusing (Luo et al., 2018)
or fusing then filling (Li et al., 2019).

To test whether the combination of filling and fusing can produce
better results than using filling or fusing alone, we compared the per-
formance of STAIR (SaTellite dAta IntegRation proposed in Luo et al.,
2018) with NSPI and FSDAF. STAIR is a generic and fully-automated
two-step method to generate a high-resolution time series, which first
fill gap pixels in the time series of Landsat-MODIS pairs, and then use a
fusion framework for fusing gap-filled Landsat and MODIS images. We
generated a series of input data in Area 1 of CIA (Fig. 17) to meet the
requirement of STAIR method for predicting the DSSD-040 image. In
addition, we use the same dataset to test NSPI and FSDAF. For NSPI, we
select clear Landsat image on DSSD-017, -065, 097 and a simulated
cloudy image (cloud coverage: 37.19%) on DSSD-040. For FSDAF, we
select the temporally-closest Landsat-MODIS pair on DSSD-033 and
clear MODIS image on DSSD-040.

For these three predicted Landsat-like images on DSSD-040 using
STAIR, NSPI and FSDAF, we compare them in visual and quantitative
ways. Fig. 18 shows the spatial pattern of three reconstructed Landsat-
like images on DSSD-040 comparing original reference image, while
Table 5 shows the quantitative accuracy (RMSE and R) at different bands
and computation speed of three methods. It is obvious that these three
reconstructed Landsat-like images and the original reference image have
very similar spatial pattern, and accuracy of three methods are quite
similar. NSPI and FSDAF use longer computing time than STAIR, but
they can be further speeded up using parallel computing (Gao et al.,
2021) for processing massive images due to their simple structure. The
comparison results shows that the combination method, STAIR, cannot
outperform NSPI and FSDAF in some spectral bands, suggesting that
combination methods may not fully take advantage of the strength of
filling and fusing strategy. The two-step combination of filling and
fusing may introduce additional errors.

Although single-strategy-method like NSPI and FSDAF still has its
superiority in real-world applications, more and more studies have
developed new strategies to combine filling and fusing for image
reconstruction (Li et al., 2021). However, as our experiment on STAIR
showed, the combination of two strategies does not necessarily perform
better than a single strategy. Before developing a better combination
strategy, it is critical to investigate the strength and weakness of both the
filling and fusing methods. Our study fills this gap by comparing the
influencing factors of two representative filling and fusing methods
(NSPI and FSDAF), shedding light for future development of combina-
tion methods.

5.4. Suggestion on the selection of appropriate strategy

The performance of NSPI and FSDAF varied in different landscapes
and different input data. In the experiment of time interval in the highly
heterogeneous area, NSPI performs better than FSDAF, and the NIR band
is the most sensitive band among the three selected bands. By contrast,
the performance of the red and green bands remains stable except for the
FSDAF-480 m fusion result. In the experiment of cloud size in the highly
heterogeneous area, NSPI is significantly affected by the size of cloud
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patches. There is an intersection point between the performance of NSPI
and the FSDAF-240 m as the cloud size increases for the NIR band
(Fig. 14 (a)), suggesting that NSPI performs better at a small cloud size,
while with the increase in cloud size, FSDAF-240 m performs better than
NSPI and the average accuracy of NSPI decreases quickly. Different from
Area 1, all bands simulated in the experiments of time interval and cloud
size in Area 2 have similar performance between NSPI and FSDAF due to
its homogeneity landscape. Table 6 lists the recommended strategies in
different scenarios based on this study, serving as a guideline for further
studies.

6. Conclusion

Filling and fusing are two main strategies to reconstruct high-quality
fine-resolution satellite time series data. This study selected NSPI and
FSDAF as the representative method in each strategy and designed ex-
periments according to their potential influential factors (i.e., the time
interval of auxiliary data, size of cloud patches, heterogeneity of land-
scapes) to compare their performance. In addition, we gave recom-
mendations on the selection of appropriate methods in future research.
NSPI and FSDAF have their superiority for reconstructing fine-resolution
time series in different scenarios. The results suggest that the accuracy of
both methods decreases with the time interval between the predicted
image and the auxiliary image, and NSPI is a better choice when the
auxiliary data has a larger time interval. For the image covered by clouds
with different sizes, the accuracy of NSPI significantly decreases with
cloud size, suggesting that FSDAF is a better choice when the images are
covered by large clouds. Scale ratio is a significant factor affecting the
performance of FSDAF, especially for heterogeneous areas, so a smaller
scale ratio is recommended for using FSDAF to reconstruct fine-
resolution time series. The findings of this study can help users select
the appropriate method to reconstruct satellite time series for their
specific applications. The procedure employed in this study can be used
by future studies to investigate more filling and fusing methods.
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