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Abstract: Dense time series of remote sensing images with high spatio-temporal resolution are
critical for monitoring land surface dynamics in heterogeneous landscapes. Spatio-temporal fusion is
an effective solution to obtaining such time series images. Many spatio-temporal fusion methods
have been developed for producing high spatial resolution images at frequent intervals by blending
fine spatial images and coarse spatial resolution images. Previous studies have revealed that the
accuracy of fused images depends not only on the fusion algorithm, but also on the input image
pairs being used. However, the impact of input images dates on the fusion accuracy for time series
with different temporal variation patterns remains unknown. In this paper, the impact of input
image pairs on the fusion accuracy for monotonic linear change (MLC), monotonic non-linear change
(MNLC), and non-monotonic change (NMC) time periods were evaluated, respectively, and the
optimal selection strategies of input image dates for different situations were proposed. The 16-day
composited NDVI time series (i.e., Collection 6 MODIS NDVI product) were used to present the
temporal variation patterns of land surfaces in the study areas. To obtain sufficient observation dates
to evaluate the impact of input image pairs on the spatio-temporal fusion accuracy, we utilized the
Harmonized Landsat-8 Sentinel-2 (HLS) data. The ESTARFM was selected as the spatio-temporal
fusion method for this study. The results show that the impact of input image date on the accuracy of
spatio-temporal fusion varies with the temporal variation patterns of the time periods being fused.
For the MLC period, the fusion accuracy at the prediction date (PD) is linearly correlated to the time
interval between the change date (CD) of the input image and the PD, but the impact of the input
image date on the fusion accuracy at the PD is not very significant. For the MNLC period, the fusion
accuracy at the PD is non-linearly correlated to the time interval between the CD and the PD, the
impact of the time interval between the CD and the PD on the fusion accuracy is more significant for
the MNLC than for the MLC periods. Given the similar change of time intervals between the CD and
the PD, the increments of R? of fusion result for the MNLC is over ten times larger than those for
the MLC. For the NMC period, a shorter time interval between the CD and the PD does not lead to
higher fusion accuracies. On the contrary, it may lower the fusion accuracy. This study suggests that
temporal variation patterns of the data must be taken into account when selecting optimal dates of
input images in the fusion model.

Keywords: spatio-temporal fusion; ESTARFM; temporal variation pattern; HLS; data selection strategy

1. Introduction

Spatial and temporal resolution are the fundamental and key issues in the field of
remote sensing. In recent years, a large number of satellite sensors with different spatial,
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temporal, and spectral characteristics have been launched, resulting in a dramatic improve-
ment in the ability of obtaining images of the Earth’s surface [1]. Many satellite data sets
such as MODIS, Landsat, and Sentinel-2 images became available to the public free of
charge [2,3]. However, these sensors typically represent a trade-off between spatial and
temporal resolution due to technical and financial constraints [4,5], which makes obtaining
images with both a high temporal and spatial resolution a challenge [6]. For example, Land-
sat acquires images with a relatively high spatial resolution (30 m), but with a low temporal
resolution (a 16-day revisit period), while Moderate Resolution Imaging Spectroradiometer
(MODIS) acquires images with a coarse spatial resolution (250 m in red and NIR bands
and 500 m in other land reflectance bands) but with a high temporal resolution (daily).
Dense time series remote sensing images with both high spatial and temporal resolutions
are highly desired for land cover mapping [7], forest disturbance monitoring [8], carbon
sequestration modeling [9], crop yields estimation [10,11], understanding human-nature
interactions [12], and revealing the ecosystem—climate feedback [13]. Spatio-temporal
fusion of multi-source remote sensing images is an effective approach to obtaining high
spatial and temporal resolution data [14].

Spatio-temporal fusion is an approach for fusing satellite images from two sensors
with a high temporal resolution but a coarse spatial resolution (e.g., MODIS) and a high
spatial resolution but a low temporal resolution (e.g., Landsat and Sentinel-2A /B) [15].
The output of spatio-temporal fusion is a synthesized image with both a high spatial and
temporal resolution. Spatio-temporal fusion algorithms have been developed rapidly over
the past decade [16]. Among them, the most cited method is the STARFM [6], which used
a pair of Landsat and MODIS images collected on the same date to predict the Landsat
scale reflectance at other MODIS image dates.

The STARFM has been widely used and became the basis for many other methods,
such as the STAARCH [17], the semi-physical fusion approach [18], and the ESTARFM [19].
Building upon the STARFM by introducing a conversion coefficient and using two im-
age pairs to select similar pixels [20,21], the ESTARFM with the improved accuracy in
heterogeneous areas has become the most widely used spatio-temporal fusion algorithm.

Previous studies demonstrated that in addition to the fusion algorithms, the accu-
racy of spatio-temporal fusion also highly depends on the selection of the base image
pairs [22,23]. Considerable efforts have been made to evaluate the influence of input image
pairs on the accuracy of spatio-temporal fusion [24]. Zhu et al. [25] selected the base image
pair that was temporally nearest to the prediction date for spatio-temporal fusion. This is
called the nearest date strategy (NDS). However, selecting the input image pairs closest
to the prediction date does not ensure the highest fusion accuracy [22]. Essentially, the
spatio-temporal fusion accuracy is largely dependent on the similarity between pixels of the
input image and those at the prediction date, and the similarity is affected by many factors
such as land cover changes [24], radiometric differences [26,27], and the time interval
between the input image date and the prediction date [19]. Xie et al. [24] suggested that the
correlation of the images between the base and prediction dates can be used to express the
similarity of those images, and thereby proposed the highest correlation strategy (HCS) for
selecting input image pairs. They further demonstrated that the spatio-temporal fusion
accuracy based on HCS outperforms that of the NDS for the STAREM [24]. Building upon
previous works, Wang et al. [22] proposed an operational fusion framework in which the
user can make a choice between the NDS and HCS. Alternatively, Chen et al. [28] proposed
a cross-fusion method that considers the radiometric differences between the images of
base and prediction dates.

As we note above, the impact of the similarity between the images of input pair to the
one at the prediction date on the fusion accuracy has been broadly recognized. However,
the relationship between the similarity and time interval of two images on two dates is
complex and demands in-depth investigation. The similarity between the input image
pair to the prediction date also depends on the temporal variation patterns of the variables
being fused (e.g., surface reflectance and NDVI). The temporal variation of pixels can have
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different patterns such as the monotonic linear, the monotonic non-linear, and the non-
monotonic. For the different temporal variation patterns, the similarity between the input
image pair to the prediction date would be different, even when the time interval between
the input images and the prediction date is the same. However, the impacts of temporal
variation patterns on the accuracy of spatio-temporal fusion have not yet been investigated.
Thus, the impact of input image dates on the accuracy of spatio-temporal fusion for land
surface with different temporal variations remains unknown. To address this gap, this
study aims to investigate the impacts of the input image pair on the spatio-temporal fusion
accuracy for the time series with different temporal variation patterns. The ultimate goal is
to provide new insights for the optimal selection of input data to increase accuracies in the
spatio-temporal fusion model.

2. Data and Study Area
2.1. Satellite Data
2.1.1. Fine Spatial Resolution Data

To analyze the impacts of dates of input images on the fusion accuracy of variables
with different temporal variation patterns, dense high spatial resolution images are required.
Due to the limitation of revisit period and cloud cover [29,30], images acquired by a single
satellite sensor such as Landsat are temporally sparse [31,32]. To obtain a sufficient number
of high spatial resolution images, in this study, the HLS (Harmonized Landsat-8 Sentinel-2)
product (version 1.4) was used as the fine resolution input images for spatio-temporal fusion
(HLS data provided by NASA can be downloaded from https:/ /hls.gsfc.nasa.gov/data/,
accessed on 6 July 2021). The HLS dataset was produced by harmonizing images acquired
by Sentinel-2A /B MSI and Landsat-8 OLI that have similar band configurations [33-35].
The harmonization processes include atmospheric correction [36-38], cloud masking [39],
co-registration [40], view and illumination angles normalization [41,42], and spectral band-
pass adjustment [43]. The harmonization processes not only make HLS data have global
observations of the land every 2-3 days with a spatial resolution of 30 m [44,45], but also
largely eliminates the radiometric differences between the Landsat-8 and Sentinel-2 images.
Therefore, we can ignore the radiometric differences between the images from Landsat-8
OLI and Sentinel-2 MSI in the fusion process and focus the analysis on the fusion results of
different temporal variation patterns. The detailed description of the product is referred to
the product user’s guide (https:/ /hls.gsfc.nasa.gov/documents/, accessed on 6 July 2021).

The HLS data in 2016 were selected for this study, so only the Sentinel-2A data were
harmonized in HLS. Only the images of blue, green, red, near-infrared, and the short-wave
infrared bands were used for spatio-temporal fusion. Low-quality pixels of the HLS images
were indicated as highly impacted by aerosol, cloud, cirrus, and adjacent clouds in the
quality assessment (QA) layer and were masked out, and only high-quality pixels were
used for fusion. Considering the cloud cover contamination, only HLS images with more
than 94% clear pixels were selected for fusion.

2.1.2. Coarse Spatial Resolution Data

Because HLS is the Nadir BRDF-Adjusted Reflectance (NBAR) product, for radio-
metric consistency, the Collection 6 MODIS NBAR product (MCD43A4) was used as
coarse spatial resolution land surface reflectance data for this study. MCD43A4 product
is distributed by NASA EOSDIS Land Processes DAAC and can be downloaded from
https:/ /search.earthdata.nasa.gov/search (accessed on 10 August 2021) [46—48]. The Col-
lection 6 MCD43A4 were generated at a 500 m spatial resolution for all bands but only
blue, green, red, near-infrared, and short-wave infrared bands were selected for spatio-
temporal fusion in this study. The Collection 6 MODIS NDVI products (MOD13A1 and
MYD13A1) were used to obtain a 16-day composited Normalized Difference Vegetation
Index (NDVI) to present the different temporal variation patterns of time series in the study
areas. MOD13A1 and MYD13A1 are also distributed by NASA EOSDIS Land Processes
DAAC and can be downloaded from https:/ /search.earthdata.nasa.gov/search (accessed
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on 10 August 2021). We selected NDVI instead of surface reflectance to present the temporal
variation patterns of land surface, as NDVI is more atmospheric effect-resistant than surface
reflectance for presenting the temporal variation patterns of land surface. The MCD43A4
images and corresponding MODIS NDVI data were reprojected from sinusoidal to UTM
and re-sampled to 30 m spatial resolution using bi-linear interpolation via MODIS Re-
projection tool (MRT). The MODIS and HLS images were co-registered using the moving
window correlation method. For more details of the automatic co-registration method,
please refer to [22].

2.2. Study Area

Two HLS tiles covering a spatially heterogeneous landscape were selected for this
study. Each HLS tile covers 109.8 km x 109.8 km. Tile 1 is located in Bahia, Brazil (12°45'S,
45°47'W) with region code BAH (Tile ID: 23LMG) in HLS (BAH, hereafter). BAH has
a tropical savanna climate, characterized by a drier and a rainy season. Tile 2 is located in
Arkansas, USA (35°30'N, 90°27'W) with region code NEA (Tile ID: 15SYV) in HLS (NEA,
hereafter). NEA has a humid subtropical climate, of which summer is hot and humid and
winter is slightly dry and mild to cool. Figure 1 shows the standard false-color-composited
images of the HLS acquired in the growing season of both study areas. The land cover types
of both study areas are dominated by natural vegetation and crops (as shown in Figure 1),
therefore the time series of NDVI can approximately represent the temporal variations of
the land surface reflectance.
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Figure 1. Standard false-color-composite images of NEA area and BAH area on 11 May 2016 and
28 September 2016, respectively.

Figure 2 shows the averaged NDVI time series of BAH and NEA in 2016, extracted
from Collection 6 MODIS NDVI products (MOD13A1 and MYD13A1). There are three kinds
of temporal variation patterns in the time series of NDVI: monotonic linear change (MLC),
monotonic nonlinear change (MNLC), and non-monotonic change (NMC). For the MLC, the
NDVI shows monotonic and linear change during a period of time. An extreme situation
of the MLC is that NDVI stays unchanging during a period of time (e.g., vegetation in
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the maturity period). For the MNLC, the NDVI shows monotonic and non-linear change
during a period of time, which means the NDVI changes monotonically but is not stationary,
and there are breaking points in the NDVI time series. For the NMC, the NDVI shows
a non-monotonic change during a period of time, which means there is a turning point that
exists in the NDVI time series. A NDVI time series shows non-monotonic changes when it
covers both the vegetation growing phase and senescence phase.
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Figure 2. Time series of NDVI for study area (a) BAH and (b) NEA.

For revealing the impact of input image dates on the accuracy of spatio-temporal
fusion, time series of images containing temporal variation patterns of MLC, MNLC, and
NMC are required. The NDVI time series of both BAH and NEA contains all three NDVI
temporal variation patterns (as shown in Figure 3). Figure 4 shows the day of year (DOY)
of HLS images (with more than 94% clear pixels) used in this study for both study areas.
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Figure 3. Temporal variation in the three sets of NDVI (Pointed out by vertical line). (a) MLC, (b)
MNLC, and (c) NMC.
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Figure 4. DOY of HLS images used in (a) BAH area and (b) NEA area.

3. Methodology

In this study, NDVI time series were extracted from the combined MOD13A1 and
MYD13A1 for BAH and NEA areas, respectively. The input image pairs of HLS data
at different dates were selected for MLC, MNLC, and NMLC periods, respectively. The
ESTARFM fusion was conducted during MLC, MNLC, and NMLC periods, respectively,
using input image pairs with different dates. The impacts of dates of input image pairs
on the ESTARFM fusion accuracy were analyzed for MLC, MNLC, and NMLC periods,
separately. The flowchart of the experiments and analysis is shown in Figure 5.
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Figure 5. Flowchart of method.

3.1. ESTARFM Algorithm

The enhanced STARFM (ESTARFM) was used as the spatio-temporal fusion algorithm
for this study. The ESTARFM is a modified STARFM that employs a conversion coefficient
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to convert the reflectance changes of a mixed coarse resolution pixel to the fine resolution
pixels within it [19]. By using at least two pairs of MODIS-HLS images acquired on the
same date to participate in the fusion, the ESTARFM makes a more accurate prediction of
reflectance in changing heterogeneous landscapes than STARFM does. For the ESTARFM,
the HLS images of the predicted date t;, is estimated by using the HLS image acquired on
the date t, together with the corresponding MODIS images on these two dates according
to Equation (1).

N
Hn(xw/z,yw/z, tp, B) = H(xw/z,yw/z,tn,B) + Zwi*vi * [M(xi, ¥;, tp, B) — M(xi, y;, tn, B)] (1)
i=1

where H and M represent the HLS images and MODIS images, respectively, and their
spatial resolutions are consistent. B is the predicted band, w is the length of the moving
window (window size 51 x 51 in this study), and (xy /2, Vw/2) is the position of the center
pixel in the moving window; the value of the center pixel is what needs to be predicted in
fusion. N is the total number of similar pixels in an extractable moving window, where
similar pixels are defined as pixels that are similar to center pixels in reflectance. (x;, y;) is
the location of each similar pixel, v; is the conversion coefficient of these similar pixels to
adjust the temporal change from coarse pixels to fine pixels, and wj is the weight of the
i-th similar pixel according to its contribution rate to the center pixel. For the ESTARFM
algorithm, the spectral and distance weights were determined according to the spectral
similarity and spatial distance between the similar pixels and the center pixel. The predicted
HLS image Hm(Xw/2, Yw/2, tp, B) on the same date t, is obtained by using the HLS and
MODIS images on another reference date t,, according to Equation (1). To get a more
accurate predicted HLS image on date tp,, the two predicted HLS images (Hm(Xw /2, Yw/2/
tp, B) and Hn(Xw /2, yw/2, tp, B)) were added together considering the temporal weight as
shown in Equation (2).

H (X /2, Yy /2 tprB) = Tm*Hm (Xw/2, Yy /2 tpr B) + Tn*Hn (Xw/2, Yy /2 tp/B) - (2)

where, the H(xy,/2, yw/2, tp, B) is the predicted HLS image on date tp. T, and Ty, are
temporal weights of the two reference dates ty, and t,. The sum of Ty, and Ty, is 1. The T,
and Ty, are calculated by considering the similarity of images between the predicted date t;,
and the two reference dates tp, and ty, respectively.

3.2. Selection of Input Image Pairs

The ESTARFM requires two input image pairs before and after the prediction date,
separately. For convenience, we fixed the date of one input image pair and only changed
the date of another input image pair. We named the prediction date as PD, the fixed date
as FD, and the changing date as CD. In order to analyze the impacts of dates of input
image pairs on the fusion accuracy, image pairs at CD need to be selected for different
temporal variation patterns. Specifically, input image pairs at CDs for the MLC period,
MNLC period, and NMC period were selected, respectively. In all cases, the image pairs at
CD that were closer to the PD were selected successively, and the fusion accuracy of the
input image pair at every CD was evaluated.

3.3. Accuracy Assessment

For each study area, the fused HLS-MODIS images were compared to the observed
HLS images on PDs for fusion accuracy assessment. Only clear pixels were included for
accuracy assessment. Since HLS adjusted the spectral bandpass of Sentinel-2 to Landsat-8,
only Landsat-8 images in HLS are used as the true images for accuracy assessment. The
metrics used for evaluation of the fusion accuracy are Coefficient of Determination (R?) and
the Root Mean Square Error (RMSE). In order to analyze the changes of fusion accuracy
as the CD of input image pairs are becoming closer to the PD, the Relative Change of
R-Squared (RCRS) was defined to present the relative change rate of the R? between the
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fused image with the input image at given CD, and the fused image with input image at
another CD one more closer to PD. RCRS is calculated using Equation (3).

R% — R?
RCRS = dT % 100 (3)

where R? is the coefficient of determination of the fusion result with input image at a given
CD, and R? is the coefficient of determination of the fusion result with input image at a CD
one more closer to the PD. RCRS > 0 means the input image on date closer to PD leads
to higher fusion accuracy. Conversely, RCRS < 0 means that input image on date closer
to PD leads to lower fusion accuracy. RCRS = 0 indicates that the date of input images is
independent to the fusion accuracy.

4. Results and Analysis
4.1. Impact of the CD on Fusion Accuracy for MLC Period

In BAH, HLS images at the PD (DOY is 196), the FD (DOY is 148), and the CDs (DOY
are 201, 212, 221, 228, and 244, respectively) were selected for the ESTARFM fusion during
the MLC period, as is shown in Figure 3a. The selected HLS data for the ESTARFM fusion
experiments during the MLC period are listed in Table 1, in which S denotes the data are
from Sentinel-2A and L denotes the data are from Landsat-8. The time interval denotes
the date gap between the CD image and the PD image. The R, RMSE, and RCRS of the
fused results with input images at different CDs are shown in Figure 6. The standard
false-color-composited images of the fused results and the true image at the PD are shown
in Figure 7.

Table 1. Data selected for MLC period.

FD (DOY) PD (DOY) CD (DOY) Time Interval (Days)
148 196 244 (L) 48
148 196 228 (L) 32
148 196 221 (S) 25
148 196 212 (L) 16
148 196 201 (S) 5
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Figure 6. Accuracies of the fused images with different CDs for the MLC period. (a) R?, (b) RMSE,
and (c) RCRS (The horizontal axis indicates the DOY of the input CD image pairs for (a,b), and the
change of DOY for (c); the vertical axis indicates the values of R?, RMSE, and RCRS, respectively).



Remote Sens. 2022, 14, 2431

90f18

Fused image Fused image

DOY of CD image is 244 DOY of CD image is 228 DOY of CD image is 221

Fused image Fused image

DOY of C1) image is 212 DOY of CD image is 201 DOY of PD) image is 196

Figure 7. Standard false-color-composite images of the fused images with different CDs for the MLC
period and the true image.

Figure 6 indicates that during the MLC period, for all bands, the fusion accuracies
of the fused images increase when the CD of input images become closer to the PD,
and the change of accuracy for different CDs is also monotonically linear. However, the
improvement of fusion accuracies is insignificant. While the CDs changed from 244 to
201 (the time interval with PD changed from 48 to 5 days), except for the NIR band, the
changes of R? and RMSE are only about 0.05 and 0.01, separately, and the RCRS values of
the most bands are less than 2%. For the NIR band, the R? increased from 0.748 to 0.952,
the RMSE decreased from 0.024 to 0.01, and the RCRS values are less than 8%. The results
imply that for an MLC period, a closer input image date to the PD does not improve the
fusion accuracy significantly. Figure 7 shows that the fused images with different CDs
have no significant differences. This is because, for an MLC period, the effects of the linear
differences among input images at different CDs could be partly compensated by the linear
weights in the ESTARFM algorithm.

4.2. Impact of the CD on Fusion Accuracy for MNLC Period

To evaluate the impact of input image dates on ESTARFM fusion during the MNLC
period of the NDVI time series (Figure 3b), the PD image (DOY is 272), the FD image (DOY
is 336), and the CD images (DOY are 240, 247, 256, and 267) in the NEA were selected
for analysis (Table 2). The R?, RMSE, and RCRS of the fused results at the PD with input
images at different CDs are shown in Figure 8.

Table 2. Data selected for MNLC period.

CD (DOY) PD (DOY) FD (DOY) Time Interval (Days)
240 (L) 272 336 32
247 (S) 272 336 25
256 (L) 272 336 16

267 (S) 272 336 5
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Figure 8. Accuracies of the fused images with different CDs for the MNLC period. (a) RZ, (b) RMSE,
and (c) RCRS (the horizontal axis indicates the DOY of the input CD image pairs for (a,b), and the
change of DOY for (c); the vertical axis indicates the values of R2, RMSE, and RCRS, respectively).

Figure 8 shows that as the CDs become closer to the PD, the fusion accuracies for the
MNLC period increase nonlinearly (Figure 8a,b). This is different from the linear increase
of the fusion accuracies for the MLC period (Figure 6a,b). When the time intervals between
the CD and the PD changed from 32 to 5 days (the CDs changed from 240 to 267), the R?
nearly doubled for the MNLC period for all bands. In addition, the overall change of fusion
accuracies for the MNLC (Figure 8a,b) are significantly higher than those for the MLC
(Figure 6a,b). Specifically, for the NIR band (with the most significant change of accuracy
in Section 4.1), when the time interval changed from 32 to 5 days, the R? increased from
0.806 to 0.952 for the MLC (Section 4.1), and from 0.387 to 0.778 for the MNLC.

Overall, the RCRS values of all bands are over 10% for the MNLC period (Figure 8c),
and for the MLC period, the RCRS values of the most bands are less than 2% and only the
RCRS values of the NIR band only are near 8% (Figure 6¢). We counted the overall situation
of the RCRS values with the change of the CD for the MLC period and MNLC period, and
the results are shown in Figure 9. The results show that with the change of the CD, the
mean value of the RCSR for the MNLC (24.5485) is approximately fifteen times larger than
the mean value of the RCSR for the MLC (1.6483).This is because for an MNLC period, the
land surface reflectance changes monotonically but nonlinearly with the time, the similarity
between the images at the CD and PD also shows nonlinear changes, so a linear weighting
approach used in the ESTARFM is not sufficient to capture the nonlinear change.
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Figure 9. Boxplots of RCRS with CD for (a) MLC period and (b) MNLC period. The red number
represents average value, and the black number is the upper quartile, the median, and the lower
quartile from top to bottom.

The standard false-color-composited images of the fused images and the true image at
the PD for the MNLC are shown in Figure 10. Unlike fused results for the MLC period (as
shown in Figure 7), the results show the fused images with different CDs had significant
differences. Specifically, the closer the CDs are to the PD, the more similar the fused images
are to the true image in color.

Fused image Fused image Fused image

DOY of CD image is 240 DOY of CD image is 247 DOY of CD image is 256

Fused image True image

DOY of CD image is 267

DOY of PD image is 272

Figure 10. Standard false-color-composited images of the fused images with different CDs for the
MNLC period and the true image.

These results indicate that for an MNLC period to achieve relatively high fusion
accuracy, a much shorter time interval between the CD and PD is required than that for
an MLC period. It implies that denser high spatial resolution observation is more effective
for spatio-temporal fusion during the MNLC period than for the MLC period.
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4.3. Impact of the CD on Fusion Accuracy for NMC Period

The image at the PD (the DOY is 272), the FD (the DOY is 336), and the CDs (add DOY
of 96, 128, and 160 compared to Section 4.2) in the NEA were selected for the ESTARFM
fusion experiments during the NMC period. The selected images are listed in Table 3. The
NDVI value increases first and then decreases in the NEA area, as is shown in Figure 3c.
The R, RMSE, and RCRS of the fused results at the PD with different CDs are shown in
Figure 11. The standard false-color-composited images of the fused results and the true
image at the PD are shown in Figure 12.

Table 3. Data selected for NMC period.

CD (DOY) PD (DOY) FD (DOY) Time Interval (Days)
9% (L) 272 336 176
128 (L) 272 336 144
160 (L) 272 336 112
240 (L) 272 336 32
247 (S) 272 336 25
256 (L) 272 336 16
267 (S) 272 336 5
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Figure 11. Accuracies of the fused images with different CDs for NMC period. (a) RZ?, (b) RMSE, and
(c) RCRS (The horizontal axis indicates the DOY of the input CD image pairs for (a,b), and the change
of DOY for (c); the vertical axis indicates the values of R2, RMSE, and RCRS, respectively).
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As shown in Figure 11a,b, for the NMC, the fusion accuracies at the PD, based on
input images at different CDs, change non-monotonically, which indicates that a closer
input image date to the PD results in a lower fusion accuracy. Because the time series of
the MNLC period is part of the time series of the NMC period (Figure 3b,c), the fusion
accuracies at the PD (the DOY = 272) for the CDs at a DOY of 240, 247, 256, and 267, the
fusion accuracies are exactly the same to those in Figure 8 (Figure 11). However, for the
CDs at a DOY of 96, 128, and 160, which are before the date of the turning point (i.e., the
DOY = 209) in the NDVI time series (Figure 3c), shorter time intervals between the CD and
the PD do not lead to higher fusion accuracies. When the DOYs of the CD change from
128 to 160, the corresponding fusion accuracies are reduced (as shown in Figure 11a,b) and
the RCRS values are negative (as shown in Figure 11c). This is because for the NMC period,
when the CD and PD locate in the two sides of the turning point, the similarities between
the images at the CD and the PD no longer depend on the time intervals between the CD
and the PD. As shown in Figures 3c and 12, the NDVI value and the standard false-color-
composited image between DOY 128 and DOY 272 are more similar than those between
DOY 160 and DOY 272. Thus, the fusion accuracies at DOY 272 based on the input image
at DOY 128 are higher than those based on the input image at DOY 160. In particular, the
standard false-color-composited image with the CD at DOY 128 for a sub-region are more
similar in color to the true image than the one with the CD at DOY 160 (yellow boxes in
Figure 12). Thus, for the spatio-temporal fusion during the NMC time period, the optimal
selection of the input image date should not be based on the time interval between the CD
and PD, but based on the similarity of the images at the CD and PD.

Fused image

Fused image Fused image

DOY of CD image is 128 DOY of CD image is 160 DOY of CD image is 240

Fused image True i

DOY of CD image is 247 DOY of PD image is 272

Figure 12. Standard false-color-composited images of the fused results with different input image
dates for the NMC period and the true image (yellow box highlights a sub-region).

5. Discussions

This study investigated the impacts of different input image dates on the spatio-
temporal fusion accuracy for a time series with different temporal variation patterns. The
HLS 1.4 land surface reflectance was used as the fine spatial resolution data for its denser
observation frequency, and MCD43A4 was used as the coarse spatial resolution data for
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spatio-temporal fusion. The most widely used spatio-temporal fusion algorithm, ESTARFM,
was used for the investigation. The results of this paper revealed the impact of input image
dates on the accuracy of spatio-temporal fusion for land surface with different temporal
variations.

For the monotonic change (MC) period, inputting the image at a date closer to the
prediction date (PD) largely leads to a higher fusion accuracy. In this case, the NDS is
appropriate to the input image selection [23,25]. However, for the MLC and MNLC periods,
the impact of the time interval between the input image date and the prediction date
on the fusion accuracies varies. Given the same time interval between the input image
date and the prediction date, the fusion accuracies for the temporal pattern of the MLC
are much higher than those of the MNLC. This is because the linear change of the land
surface reflectance in the MLC time series could be accurately modeled by the linear weight
function used in the ESTARFM algorithm, but the nonlinear changes of the land surface
reflectance in MNLC time series could not be captured well by a linear weight function.
The results also show that for the MLC period, shorter intervals between the input image
date and the prediction dates leads to a very small improvement (RCRS values of the most
bands are less than 2% in this study) in fusion accuracy, which implies that the revisit
period of a high spatial resolution image is less critical to the spatio-temporal fusion for
land surface with MLC pattern. However, when the dates of the input image become closer
to the PD, the increments of fusion accuracies for the MNLC period are much larger (more
than 10 times) than those for the MLC period. Therefore, when the ESTARFM is applied
to spatio-temporal fusion in the MNLC period, the input data with the date as close as
possible to the PD, if there are anyj is strongly recommended.

For the NMC period, the effect of the time interval between the input image date and
the prediction date on the fusion accuracy is complex and cannot be characterized only
by the time interval between the input image date and the prediction date. If the input
image date and the prediction date are on the same side of the turning point in the NMC
time series, in addition, the sub-sequence between the input and prediction dates is either
MLC or MNLC, and the rules for MLC and MNLC hold true in this case. If the input image
date and the prediction date are on the two sides of the turning point in the NMC time
series, shorter time intervals between the input and prediction dates do not lead to a higher
fusion accuracy. In such a case, the selection of the optimal input image date should not be
dictated by the time interval but by the similarity between the input image and the image
at the prediction date. The similarity between two dates is not only affected by the natural
variation of the land surface, such as the growing and senescence of vegetation, but also
by other factors such as land cover changes [24] and radiometric differences [26,28]. For
the NMC time series, to select an optimal input image date for spatio-temporal fusion, the
priori knowledge about the temporal variation pattern of the time series is necessary.

The findings of this paper provide important insights to the optimal selection of input
image pairs based on the temporal variation patterns of land surface for spatio-temporal
fusion. For the MC period, to get a fused image with a higher accuracy, inputted image
pairs whose date is as close as possible to the PD are suggested. More specifically, for the
MLC period, a longer time interval between the input image date and PD is acceptable if
no input image is close to the PD available. This is particularly important in tropical areas
where optimal images are to be contaminated by cloud cover. However, for the MNLC
period, selecting the input image at the date closest to the PD is strongly recommended.
In case no image at a date close to the PD is available from any single remote sensor,
using harmonized multi-source high spatial resolution images such as those of the HLS
is an effective solution to this problem. For the NMC period, the selection of the input
image date should not be based on its closeness to the PD, whereas selecting the input
image date based on the similarity between the input image date and the PD is a more
reasonable choice. To get to know the similarity between two dates in the time series in
advance, a coarse spatial resolution but with a high temporal resolution image time series
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from sensors such as MODIS and VIIRS are good references for learning the temporal
variation pattern of land surface under study.

Strictly speaking, each band of each pixel in the image has its own temporal variation
pattern. In theory, the optimal selection of the input image should be conducted pixel
by pixel and band by band. Yet, this would make the selection of optimal input image
much more complex and unpractical. For land surface, the reflectance changes over time
are mainly caused by the land cover changes that could be approximately presented by
the vegetation index. Therefore, from a practical perspective, the averaged NDVI time
series is used to approximately represent the dominant temporal variations of land surface
reflectance.

While this study focuses on the impact of input images on the spatio-temporal fusion
accuracy, the effect of radiometric difference between the images taking part in the spatio-
temporal fusion should be kept in mind [22,27,49], especially in cases that the harmonized
multi-sensor remote sensing data, such as the HLS product, were used as the fine spatial
resolution data for spatio-temporal fusion. In Figure 6¢, when the DOY of input CD image
changes from 228 to 221 and from 212 to 201, the RCRS values of the blue band are negative,
which is unreasonable. The negative RCRS values of the blue band only occur when the
input images from Landsat-8 to Sentinel-2A (the DOY of 228 vs. 212, and the DOY of 212
vs. 201 in Table 1) are compared. These negative RCRS values are probably caused by the
inconsistency between the harmonized Landsat-8 OLI and Sentinel-2A MSI data in HLS
1.4. The less accurate harmonization of the blue band in HLS 1.4 had been reported by
Claverie et al. [36] and Shang et al. [50].

6. Conclusions

Spatio-temporal fusion is an effective way to generate images with both high spatial
and temporal resolutions. Previous studies have revealed that the accuracy of spatio-
temporal fusion results partially depend on the input image pair used. However, the
impacts of the different dates of the input image on the accuracy of spatio-temporal fusion
for land surface with different temporal variation patterns have not been evaluated.

This study investigated the impacts of different dates for input images on the spatio-
temporal fusion accuracy for time periods with the monotonic linear change (MLC), the
monotonic nonlinear change (MNLC), and the non-monotonic change (NMC), respectively.
The results revealed that:

(1) The impacts of input image date on the accuracy of spatio-temporal fusion depend on
the temporal variation patterns of the land surface between the input image date and
the prediction date.

(2) For time periods with a monotonic linear change (MLC), a shorter time interval
between the input image date (CD) and the prediction date (PD) improves the fusion
accuracy. The relationship between the degree of improvement in accuracy and
the change of time intervals between the CD and the PD is also nearly linear. The
differences of the fusion accuracies of different input image dates are not significant,
which implies that a long time interval between the CD and the PD could yield high
fusion accuracies for a time period with the MLC.

(3) For time periods with a monotonic nonlinear change (MNLC), a shorter time interval
between the input image date (CD) and the prediction date (PD) improves the fusion
accuracy as well. The relationship between the degree of improvement in accuracy
and the change of time intervals between the CD and the PD is non-linear. The impact
of the interval between the CD and the PD on the fusion accuracy is more significant
for the MNLC than for the MLC. Thus, for the MNLC, to obtain accurate fusion results,
selecting an input image with a date close to the PD is strongly recommended.

(4) For time periods with a non-monotonic change (NMC), in which there is a turning
point between the input image date and the prediction date, the impacts of the input
image date on the fusion accuracy are complex. A shorter time interval between the
CD and the PD may lead to a lower fusion accuracy, whereas a longer time interval
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between the CD and the PD may lead to a higher fusion accuracy. For the NMC, the
optimal selection of the input image date should not depend on the time interval, but
on the similarity of the images between the CD and the PD.

The analysis of this paper is based on the ESTARFM. However, the conclusions we
drew based on the ESTARFM are held for other weight function-based spatio-temporal
fusion algorithms such as STARFM [6] and STAARCH [17]. Taking the temporal variation
patterns accounted for in selecting the optimal input image date is also valuable for the
hybrid spatio-temporal fusion algorithms such as FSDAM [25] and Fit-FC [51], and the
learning-based spatio-temporal fusion algorithms [52-54].
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