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Landsat-8 and Sentinel-2 Image Fusion Based
on Multiscale Smoothing-Sharpening Filter

Peng Wang
Gang Xu, Liguo Wang

Abstract—With the increasing demand for high temporal and
spatial resolution multispectral image sequences, many studies
have been carried out on fusion on Landsat-8 and Sentinel-2 images
to obtain image sequences with a revisit cycle of 2 and 3 days
and a spatial resolution of 10 m. However, current fusion methods
suffer from complex computation and loss of spectral and spatial
information. To address these issues, a Landsat-8 and Sentinel-
2 image fusion based on multiscale smoothing-sharpening filter
(MSSF) method is proposed. MSSF combines well the initial spatial
prediction obtained from the Landsat-8 image at the target date
and the detailed image extracted from the Sentinel-2 image at the
reference date. Thin plate spline interpolation with morphological
opening-closing algorithm is implemented on the Landsat-8 image
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at the target date, and the Laplacian of Gaussian enhancement
algorithm is applied to the Sentinel-2 image at the reference date
in the preprocessing stage. Smoothing-sharpening filter (SSIF) is
employed to separate the high and low frequency components of
the two preprocessed images. The multiscale SSIF is then utilized
to migrate the details from the preprocessed Sentinel-2 image to the
preprocessed Landsat-8 image. The performance of MSSF and five
compared methods was evaluated qualitatively and quantitatively.
Experiments on three remote sensing data sets gathered from dif-
ferent experimental sites confirm that the proposed MSSF method
could efficiently generate Sentinel-2-like images with high spatial
and spectral resolution.

Index Terms—Image filtering, image fusion, Landsat-8, remote
sensing image, Sentinel-2.

1. INTRODUCTION

spatial resolution satellites play an important role [1], [2],
[3] in crop yield estimation [4], [5], natural disaster monitor-
ing [6], environmental pollution monitoring [7], [8], climate
change research [9], [10], and mineral resources exploration
[11]. Among the medium spatial resolution data, Landsat-8 op-
erational land imager and Sentinel-2 multispectral imager have
been widely used. Landsat-8 provides data in 11 bands, of which
10 bands have a spatial resolution of 30 m and one panchromatic
band has a spatial resolution of 15 m [12]. This satellite can
achieve global coverage once every 16 days. Sentinel-2 consists
of two satellites, named Sentinel-2A and Sentinel-2B, with a
five-day revisitcycle [ 13]. It provides data in 13 bands, including
4 bands at 10 m spatial resolution, 6 bands at 20 m spatial
resolution, and 3 bands at 60 m spatial resolution [14]. Although
Sentinel-2 data combine high spatial and temporal resolution,
weather factors such as clouds and rain can render a large amount
of data unusable. In addition, the 5-day revisit period makes it
impossible to monitor rapid surface changes [15], [16]. Combin-
ing Landsat-8 and Sentinel-2 data can reduce the revisit period
to 2 and 3 days [17], greatly expanding the application value of
the data series. Moreover, Landsat-8 and Sentinel-2 images have
similar wavelengths and the same geographic coordinate system
[18], [19], which makes it feasible to monitor surface changes
at higher frequencies by fusing Landsat-8 and Sentinel-2 data
[20].

Many methods have been developed for Landsat-8 and
Sentinel-2 image fusion. Wang et al. [21] extend area-to-point
regression kriging (ATPRK) to Landsat-8 and Sentinel-2 image
fusion and utilized the 15 m panchromatic band of the Landsat-8

S URFACE reflectance image sequences acquired by medium
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image and 20 m bands of the Sentinel-2 image as auxiliary
references. Another type of method is based on the classical spa-
tiotemporal image fusion (STIF) models. For example, the spa-
tial and temporal adaptive reflectance fusion model (STARFM)
proposed by Gao et al. [22] is the first weight function-based
STIF model, which selects similar neighboring pixels within
a moving window and then calculates the reflectance value of
the center pixel using a linear weighting function. The flexible
spatiotemporal data fusion (FSDAF) method proposed by Zhu
etal. [23] combines weighting and unmixing to predict temporal
variation through unmixing, followed by distributing residuals
guided by spatial interpolation results. Guan et al. [24] propose
an object-based STIF framework using an object-restricted sim-
ilar pixel selection method that significantly improves the ability
of the similar pixel-based STIF models to fuse Landsat-8 and
Sentinel-2 images. But most classical STIF methods require
at least three input images, i.e., a low-resolution image at the
target date and two high-resolution images at the reference date.
Since the coverage dates of Landsat-8 and Sentinel-2 barely
overlap, it makes this input requirement difficult to fulfill. To
solve this problem, Wu et al. [25] perform image degradation and
radiometric correction processes on the input images, enabling
classical STIF models to accomplish Landsat-8 and Sentinel-2
image fusion with only two input images. In recent years, some
methods based on deep learning have been developed [26],
[27]. Wu et al. [28] develop a degradation-term constrained
spatiotemporal fusion network (DSTFN), which uses a struc-
ture combining residual dense blocks and attention mechanism
modules to enhance feature-level image fusion. Cheng et al. [29]
propose a multiscale and attention mechanism-based residual
spatiotemporal fusion network (MARSTFN), combining fea-
tures obtained from the multiscale and attention mechanisms,
residual networks and skip connections.

Although the studies mentioned earlier have produced good
performance, they still encounter some problems in practice.
Machine learning-based methods usually have trouble in pre-
serving spatial and spectral information and suffer from spectral
distortion, over-smoothing, and over-sharpening. It has been
shown that ATPRK suffers from over-sharpening [30]. Classi-
cal STIF models are mainly used to accomplish Landsat and
MODIS image fusion, where the zoomed-in scale factor of
spatial resolution is 16-20 times. However, the scale factor in
Landsat-8 and Sentinel-2 image fusion is three times. More-
over, compared to the target of STIF, i.e., Landsat images, the
resolution of Sentinel-2 images is higher, which means finer
structures to be reconstructed. Therefore, applying classical
STIF models directly to Landsat-8 and Sentinel-2 image fusion
could cause spectral distortions and lack of detailed features
in the fused images [31], [32]. Deep learning-based methods
generally achieve better fusion results, but they require many
training samples with high computational complexity.

To solve the abovementioned problems, this article proposes
a Landsat-8 and Sentinel-2 image fusion based on multiscale
smoothing-sharpening filter (MSSF) method. We focus on the
fusion of Landsat-830-m bands and Sentinel-210-m bands. The
proposed MSSF mainly utilizes a smoothing-sharpening filter
(SSIF) [33], which controls smoothing and sharpening by tuning
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parameter with desirable edge-awareness property. In addition,
preprocessing is designed in MSSF to enhance the quality of
inputimages. MSSF preserves the main features of the Landsat-8
image at the target date and transfers detailed information of the
Sentinel-2 image at the reference date. The contributions of this
work are as follows.

1) The proposed MSSF contains a novel Landsat-8 and
Sentinel-2 image fusion framework by designing a mul-
tiscale SSIF. The high and low frequency components
are separated through SSIF. A multiscale SSIF is de-
signed to extract and transfer the missing details of the
Landsat-8 image from the high frequency components of
the Sentinel-2 image, enhancing the spatial details of the
fused image.

2) MSSF boosts two input images by using denoising and
enhancement in preprocessing. The Landsat-8 image is
upsampled via thin plate spline (TPS) interpolation [34]
followed by morphological opening-closing algorithm
[35] to reduce noise. The Sentinel-2 image is enhanced
with Laplacian of Gaussian (LOG) enhancement algo-
rithm [36] to reduce noise and enhance spatial details.

The rest of this article is organized as follows. Section II

describes the proposed method in detail. Section III conducts the
experiments on three data sets. Section IV presents discussions
on parameter selection and performance of the proposed MSSF.
Section V draws the conclusions.

II. PROPOSED METHOD

As shown in Fig. 1, the proposed method utilizes a Sentinel-2
image S at the reference date £y, and a Landsat-8 image L
at the target date ¢, to produce a fused image Sproposed at
t, with the resolution of the Sentinel-2 image. L is upsam-
pled via TPS interpolation, and denoised via morphological
opening-closing algorithm. While S is denoised, the detailed
information is enhanced through LOG enhancement algorithm
in the preprocessing step. SSIF is then employed to extract high
frequency components of the preprocessed Landsat-8 image and
Sentinel-2 image. The high frequency components are processed
by multiscale SSIF to migrate the missing detailed image of the
Landsat-8 image from the Sentinel-2 image.

A. Preprocessing

The proposed method employs TPS to upsample the original
Landsat-8 image at Z,, to the size of the Sentinel-2 image, because
TPS can produce smooth results and retains most of the spatial
information. TPS is a robust spatial data interpolation algorithm
based on spatial correlation, which builds a surface passing
through all control points via TPS function and minimizes curva-
ture amount of that surface, measured by an energy function [37].
The interpolation result of pixel (x, y) in band k is calculated as
follows:

L
Lk (z,y) = a0 + a1z +agy + Y bidflogd; (1)
=1
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Fig. 1. Flowchart of MSSF model.

where ag, a1, as, and b; are parameters determined by minimiz-
ing the energy function, and L is the number of known control

points (x;,y;), d; = \/(x —21)* 4 (y — y1)*. by should satisfy
the constraints in the following equation:

L L L
D= b= by =0. @
=1 =1 =1

Noise and artifacts may exist in the original image due to
sensor and environmental conditions, which creep into the fused
image and reduce the accuracy of the fusion result [38]. Since
upsampling also tends to cause noise amplification and blurring
[39], itis necessary to reduce the influence of noise on Landsat-8
and Sentinel-2 images in the preprocessing step. The proposed
method applies a simple and effective denoising procedure to the
upsampled Landsat-8 image by morphological opening-closing
algorithm as shown in (3). The opening algorithm serves to
remove tiny objects and unnecessary edges, while the closing
algorithm tends to fill tiny voids within the object [40].

Ly, (2.y) = [Ly,(2,y) 0 S(m,n)] @ S(m,n)  (3)

where S(m,n) is the square structuring element. o indicates
the opening algorithm which is morphological erosion followed
by morphological dilation, e indicates the closing algorithm
which is morphological dilation followed by morphological
erosion. The morphological erosion and morphological dilation
are calculated as follows:

L) © S(m,m) = min(LE, (& -+ m,y + ) — S(m,n)
“)
(&)

where © represents the morphological erosion, and @ represents
the morphological dilation.

Spatial details in the Sentinel-2 image at ¢ play an important
role in the fusion process. The optimized image S is obtained

Spropased

Multi-scale
SSIF

Shigh

by applying LOG enhancement algorithm to the Sentinel-2
image S, where the noise is reduced by the Gaussian filter and
the spatial details are enhanced by the Laplace operator. The
optimized image S processed by LOG operator with center point
(0,0) and standard deviation o is generated as follows:
2 2 2 2212
S(a,9) = S(ay) + Sl y) « T ZET S (o)

2106

where * is the convolution operator.

B. SSIF

While the TPS interpolation captures the main spatial infor-
mation in the Landsat-8 image, such as land cover changes and
local variations, considerable texture and edge information is
missing due to resolution deficiencies. These details are mainly
present in the high frequency components of an image, and it is
reasonable to assume that they do not change between ¢, and ¢,
[41]. Therefore, the proposed method extracts the high frequency
components of the two images and migrates the details from the
Sentinel-2 image at ¢y band by band.

This is realized by SSIF since it is an edge-aware filter and
the level of smoothing or sharpening can be easily adjusted by
only one tuning parameter. The guidance image can be the input
image or another image. Similar to the classical guided filter
[42], SSIF develops a patch interpolation model. There are M =
(2r + 1) pixels contained in a patch with a radius of , and the
ith patch is denoted as ;. Let I;(q) represent the pixel value at
position ¢ in €2;, the output .J;(¢) of SSIF is

Ji(q) = pi + sign(¢;)i(Gi(q) — vi) (7

where ; is the mean of the input image patch, ¢, is the covari-
ance of the input and guidance image patch, G;(q) is the pixel
value at position ¢ in €2; in the guidance image, and v; is the
mean of the guidance image patch. «; is the coefficient of the
local linear model between J;(¢) and G;(q). a; is a constant for
which an appropriate value needs to be determined to minimize
the model error. The negative log-likelihood for the patch is
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calculated as follows:

~logp({a)}Has) = 5 3 (o) = Ji0)?

qe);
2
Si
= 50422 — | il i (8)

where ¢ = +; > gen, (Gilg) — v;)? is the covariance of the
guidance image patch, and 7 is set to 1. Considering that «;
satisfies the generalized Gamma distribution [43] as a priori, the
cost function D(«;) can be obtained.

D (ai) = —logp({Ji(q)}|ai) —logp ()

2
— SN2 bl 4 ——a? — ,
=50 |¢,|a1+2920¢1 nlog «; ©)

where 6 > 0 is a scale parameter and 1 > 0 is a parameter to
control the shape of the distribution. The parameter settings are
adjusted to € = %, 1 = ke to ensure that the selection between
smoothing (0 < k < 1) and sharpening (x > 1) is controlled
only by . Let g—(i = 0, a; can be obtained as follows:

2
i 4
\/( l¢| > N 2/%
i te Si te

The pixel at position ¢ belongs to M overlapping patches
because blocks containing M pixels are built centered on each
pixel. The final result is a weighted average of the outputs
produced by each patch, specifically, the filtered pixel value at
position q is

1
2 )P +e

(10)

M M
J(q) = G(q) > wisign(py)a; + D wip; — sign(¢y)ovivy)
=1 i=1
(11)

where G(q) represents the pixel value at position ¢ in the
guidance image, and the weight w; is calculated by

wy= —— 12

L+ (¢2/(552))* 1

where ¢; is a regularization parameter which ensures

Zfil w; =1, s is a user-defined scale parameter and ¢? is

the average of all ¢Z. SSIF(-) denotes the SSIF operator in this
article.

The smoothing function of SSIF serves as a low-pass filter
with an edge-preserving effect, which extracts the low frequency
components of the preprocessed Landsat-8 and Sentinel-2 im-
ages. The high frequency components Lp;q, and Sh;gn are
obtained by subtracting the low frequency components from the
corresponding filter inputs.

Lhigh = Luy — SSIF (Lup) (13)

Shigh = S — SSIF (S) . (14)

C. Multiscale SSIF Structure

The high frequency components of the Sentinel-2 image are
employed as the initial input image, and the high frequency
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Fig. 2. Flowchart of a dual-scale example of multiscale SSIF.
components of the Landsant-8 image are employed as the guid-
ance image. SSIF is utilized to extract the missing detail parts
of f,up. In order to bring the detailed image closer to the land
cover at ¢, rather than ¢y, a multiscale SSIF structure [44], [45]
is designed where filtered outputs are processed repeatedly by
SSIF. A dual-scale example of the proposed multiscale SSIF is
shown in Fig. 2.

S; = SSIF (S, 1) (15)

where j is the number of repetitions, and each repetition in-
creases the scale by one, yielding a blurrier filtered image and a
detailed image which is the difference between two neighboring
filtered images calculated by (15). When j = 1, Sj_1 = Shign.

D;=8;1 5. (16)

The total detailed image is the sum of detailed images at all
scales

A7)

where N is the number of scales. The final fusion {esult is
obtained by summing the total detailed image D with L,

Sproposed = I:up +D. (18)

III. EXPERIMENTS

Three remote sensing data sets consisting of Landsat-8 Level-
2 and Sentinel-2 Level-1C products collected from two regions
are used in our experiments. Four bands are selected in the
experiments, including the blue band, the green band, the red
band, and the near-infrared (NIR) band. The composite of all
images uses NIR-red-green as RGB. The performance of the
proposed method is compared with four methods, namely AT-
PRK, STARFM, FSDAF, the regression model fitting, spatial
filtering and residual compensation (Fit-FC) [46] method, and
DSTEFN. The parameters in all compared methods are configured
according to the corresponding original papers. All classical
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Fig. 3.

(a) Sentinel-2 image of Dezhou captured on December 16, 2018, (b) Landsat-8 image, and (c) Sentinel-2 image captured on March 16, 2018.

Fig. 4.

(a) Actual Sentinel-2 image at the Dezhou study area observed on December 16, 2018. (b) Sentinel-2 image observed on March 16, 2018, and the fused

images generated by (c) ATPRK, (d) STARFM, (e) FSDAF, (f) fit-FC, (g) DSTFN, and (h) MSSF.

STIF-based methods, i.e., STARFM, FSDAF, and Fit-FC, adopt
corresponding simplified versions to accommodate scenes with
only two input images. DSTFN is trained using a data set
collected at the Dezhou site. The scale of the multiscale SSIF
in the proposed MSSF is uniformly set to 2. Structure similarity
(SSIM) [47], peak signal-to-noise ratio (PSNR) [48], root mean
square error (RMSE) [49], correlation coefficient (CC) [50], and
spectral angle mapping (SAM) [51] are employed as quality
indices. Higher SSIM, PSNR and CC, as well as lower RMSE
and SAM indicate superior fusion results.

The data sets used in Experiments 1 and 2 were collected
in Dezhou, Shandong Province, China. Each Sentinel-2 image
covers 990 x 990 pixels, while each Landsat-8 image covers
330 x 330 pixels. Changes in the farmlands in this region are
synchronized with the growth cycles of two kinds of crop,
namely winter wheat, which is sowed in the previous year and
matures in early June, and maize, which is sowed in late June and
matures in early October. In addition, the land cover types of the
region include urban regions and some decentralized villages.

The data set used in Experiments 3 was collected at the border
across Hailar and Qiqihar in Northeast China. Each Sentinel-2
image covers 1320 x 1320 pixels, while each Landsat-8 image
covers 440 x 440 pixels. The main land cover types in the
area involve extensive farmlands, woodlands and lakes, and a

small number of residential areas. Among them, woodlands are
homogeneous with slow phenological changes, while farmlands
are heterogeneous with significant phenological changes, which
are influenced by human activities. For convenient description,
the data sets used in the three experiments are abbreviated as
Scenario 1, Scenario 2, and Scenario 3, respectively, in the
subsequent sections.

A. Experiment 1-Images From a Region Experiencing Land
Cover Changes

The Sentinel-2 image on December 16, 2018 [Fig. 3(a)] and
the Landsat-8 image on March 16, 2018 [Fig. 3(b)] were used
to generate a 10-m image on March 16, 2018, and the actual
Sentinel-2 image [Fig. 3(c)] was employed as a comparison
image. Fig. 4 presents the two input images, the actual Sentinel-2
image and the fused images obtained by different methods. The
enlarged images of the area indicated in Fig. 4 are depicted in
Fig. 5.

This area contains various land cover types with fine structure
and undergoes land cover changes and phenological changes,
which makes fusion difficult. All methods tested are able to
detect major land cover changes. However, the fusion results
of STARFM and Fit-FC suffer from inaccurate pixel values and
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Fig. 5.
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(® (b

Zoomed images of the area marked in Fig. 4 extracted from (a) actual Sentinel-2 image observed on December 16, 2018, (b) Sentinel-2 image observed

on March 16, 2018, and the fused images generated by (c) ATPRK, (d) STARFM, (e) FSDAF, (f) fit-FC, (g) DSTFN, and (h) MSSF.

Fig. 6.
TABLE I
QUALITY INDICES IN SCENARIO 1

SSIM PSNR RMSE CcC SAM

ATPRK 09111 32.2061 0.0245 0.9444 0.1098
STARFM 0.8950 30.8575 0.0287 0.9285 0.1030
FSDAF 0.9135 32.4952 0.0237 0.9537 0.0912
Fit-FC 0.8962 31.1460 0.0277 0.9347 0.1011
DSTEN 0.9424 34.2333 0.0194 0.9709 0.0891
MSSF 0.9273 33.4200 0.0213 0.9635 0.0845

missing spatial details. FSDAF produces a fusion result with less
reflectance inaccuracy and more structure information compared
to STARFM and Fit-FC, but still loses some spatial details. The
result of ATPRK, while showing high spectral similarity, suffers
from significant over-sharpening. MSSF yields a fusion result
that is closer to the actual image at the target date from both
spatial and spectral points of view with clear edges and textures.
DSTEN also produces an excellent visual result.

The quality indices in Table I are consistent with the visual
comparison. The proposed MSSF produces the highest SSIM,
PSNR, and CC, and the smallest RMSE and SAM among all
machine learning-based methods tested. The result obtained by
DSTEN is superior to that of MSSF. However, considering that
training is performed on the data set in the same region, and that
additional bands were utilized, i.e., the 15-m panchromatic band

(a) Sentinel-2 image of Dezhou captured on April 20, 2018, and (b) Landsat-8 image and (c) Sentinel-2 image captured on March 16, 2018.

of Landsat-8 data and the 20-m bands of Sentinel-2 data. We only
present this result as a reference. Therefore, the proposed MSSF
has outstanding performance in addressing land cover changes
from spatial and spectral point of view.

B. Experiment 2-Images From a Region Experiencing Land
Cover and Phenological Changes

In this experiment, the Sentinel-2 image on April 20, 2018
[Fig. 6(a)] and the Landsat-8 image on March 16, 2018
[Fig. 6(b)] were collected as inputs to generate a 10-m image on
March 16, 2018, and the Sentinel-2 image collected on March
16, 2018 [Fig. 6(c)] was utilized as a comparison image. Fig. 7
presents the two input images, the actual Sentinel-2 image on
March 16, 2018 and the fused images obtained by different
methods. The zoomed images of the subarea marked in Fig. 7
are shown in Fig. 8.

This heterogeneous region mainly experienced phenological
changes, some of which experienced land cover changes. The
difficulty of fusion is mainly on capturing land cover changes
while recreating the fine structure of the dense construction
in the urban area. ATPRK manages to capture time changes
in detail, but there is obvious jaggedness and mosaicking in
the fused image, which causes low clarity. STARFM, FSDAF,
and Fit-FC all generate well-defined edges and structures, but
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Fig. 7.

(a) Actual Sentinel-2 image at the Dezhou study area observed on April 20, 2018. (b) Sentinel-2 image observed on March 16, 2018, and the fused images

generated by (c) ATPRK, (d) STARFM, (e) FSDAF, (f) fit-FC, (g) DSTFN, and (h) MSSE.

Fig. 8.

Zoomed images of the area marked in Fig. 7 extracted from (a) actual Sentinel-2 image observed on April 20, 2018, (b) Sentinel-2 image observed on

March 16, 2018, and the fused images generated by (c) ATPRK, (d) STAREM, (e) FSDAF, (f) fit-FC, (g) DSTEN, and (h) MSSE.

TABLE II
QUALITY INDICES IN SCENARIO 2

SSIM PSNR RMSE CcC SAM

ATPRK 0.9174 31.8639 0.0255 0.9484 0.1048
STARFM 0.9156 31.4843 0.0267 0.9461 0.0929
FSDAF 0.9144 31.7719 0.0258 0.9501 0.0985
Fit-FC 09111 31.4246 0.0268 0.9485 0.0909
DSTFEN 0.9481 33.7874 0.0204 0.9710 0.0787
MSSF 0.9353 33.3073 0.0216 0.9669 0.0777

could not capture temporal variations in the waters well. MSSF
reproduces land cover changes relatively accurately, and the
fusion image appears more uniform and maintains most of the
boundary information.

The quality indices of all the compared methods in this
experiment are demonstrated in Table II. It can be summarized

that the fused result of MSSF has higher SSIM, PSNR, and
CC, and smaller RMSE and SAM compared with other machine
learning-based methods, indicating that MSSF has the ability to
produce accurate fusion results.

C. Experiment 3-Images From a Region Experiencing
Phenological Changes

In this experiment, the Sentinel-2 image on February 26,
2019 [Fig. 9(a)] and the Landsat-8 image on January 7, 2019
[Fig. 9(b)] were utilized as inputs to generate a 10-m image
on January 7, 2019. The actual Sentinel-2 image on January 7,
2019 [Fig. 9(c)] was used for validation. Fig. 10 presents the
two inputs, the actual Sentinel-2 image on January 7, 2019 and
the fused images obtained by different methods. The zoomed
images of the subarea marked in Fig. 10 are shown in Fig. 11.
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Fig. 9. (a) Sentinel-2 image of Hailar captured on February 26, 2019, (b) Landsat-8 image, and (c) Sentinel-2 image captured on January 7, 2019.

(8 (h)

Fig. 10.  (a) Actual Sentinel-2 image at the Hailar study area observed on February 26, 2019, (b) Sentinel-2 image observed on January 7, 2019, and the fused
images generated by (c) ATPRK, (d) STARFM, (e) FSDAF, (f) fit-FC, (g) DSTEN, and (h) MSSE.

(b)

Fig. 11.  Zoomed images of the area marked in Fig. 10 extracted from (a) actual Sentinel-2 image observed on February 26, 2019, (b) Sentinel-2 image observed
on January 7, 2019, and the fused images generated by (c) ATPRK, (d) STARFM, (e) FSDAF, (f) fit-FC, (g) DSTFN, and (h) MSSF.
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Fig. 13.
TABLE III
QUALITY INDICES IN SCENARIO 3

SSIM PSNR RMSE CcC SAM

ATPRK 0.9239 30.5877 0.0296 0.9385 0.1037
STARFM 0.9359 30.7406 0.0290 0.9439 0.0775
FSDAF 0.9406 31.6991 0.0260 0.9558 0.0818
Fit-FC 0.9352 30.9285 0.0284 0.9474 0.0778
DSTFN 0.9458 32.0479 0.0250 0.9599 0.0816
MSSF 0.9558 33.0511 0.0223 0.9694 0.0821

The region which consists of extensive farmlands mainly
undergoes phenological changes. This data set was selected to
determine the ability of MSSF to reproduce the texture of farm-
lands. STARFM and Fit-FC provide results generally similar to
the actual Sentinel-2 image, but fail to accurately calculate the
pixel values of each land patch and capture subtle details. In
contrast, ATPRK, FSDAF, and MSSF can capture reflectance
changes perfectly. However, the results of ATPRK and FSDAF
still suffer from fuzzy details and boundaries. The fused image
obtained by MSSF is the closer to the actual Sentinel-2 image.

The quality indices for this experiment are given in Table III.
Although the proposed MSSF does not perform better in terms
of SAM index because the multiscale SSIF possibly affects the
spectral similarity when transferring the details of the Sentinel-2
image at the reference date, it performs the best on the remaining
indices, i.e., SSIM, PSNR, RMSE, and CC. In addition, the result
obtained by DSTFN without training on the data set in the same
region is overall inferior to that of MSSF. It can be observed that
MSSF is more robust.

IV. DiscuUssION
A. Parameter Selection

Selecting appropriate parameters helps to utilize the pro-
posed method adequately. There are four main parameters to
be determined in the proposed MSSF, i.e., patch radius (7),
sharpening-smoothing factor (x), sharpening gain (€), and scale
(s). Through preliminary experiments, we found that r, € and s
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(a) SSIM, (b) PSNR, (c) RMSE, (d) CC, and (e) SAM evaluating of MSSF fusion results at different 7 in Scenario 1.

(© (d

(a) SSIM, (b) PSNR, (c) RMSE, (d) CC, and (e) SAM evaluating of MSSF fusion results at different € in Scenario 1.

had a minor effect on the fusion results. The results of exper-
iments in Scenario 1 are shown in line graphs in Figs. 12-14.
Similar results were achieved in other scenarios. Therefore, they
were fixed to r = 4, e = 0.4 and s = 1 [52]. As shown in (10)
and (11), xis akey parameter controlling smoothing (0 < k < 1)
or sharpening (x > 1), which is set between 0 and 1 in MSSEF,
since only the smoothing function is employed. Specifically, the
closer x gets to 0, the more pronounced the smoothing effect is
and the detailed image contains more information. Conversely,
the closer « gets to 1, the weaker the smoothing effect is and the
sparser the detailed image is. However, simply assuming that
a small  leads to a good fusion result is wrong, because the
Sentinel-2 image and the Landsat-8 image are captured on
different dates, and transferring too much information may cause
artifacts. It is therefore necessary to discuss the selection of «.
Experiments with different values of x are conducted on the
same three data sets as those in Section III. The SSIM, PSNR,
RMSE, CC, and SAM are computed and demonstrated in line
graphs in Figs. 15-17.

In Scenario 1, the PSNR, RMSE, CC, and SAM are opti-
mized at £ = 0.1. The SSIM reaches its maximum at x = 0.01.
Considering all quality indices together, x = 0.1 is chosen for
fusion.

In Scenario 2, the PSNR, RMSE, and CC achieve optimum
at k = 0.3, the SSIM achieves optimum at x = 0.2, while the
SAM reaches its minimum at x = 0.5. x is determined to be 0.3,
where the SSIM and SAM are closer to their optimal values.

In Scenario 3, most quality indices are optimized at k = 0.1,
i.e., the SSIM, PSNR, RMSE, and CC. The SAM reaches
its maximum at x = 0.5. Considering the five quality indices
together, x = 0.1 is chosen for fusion.

We can find some patterns from the abovementioned three
experiments. In a single experiment, the values of x for each
index to reach optimum are usually close to each other. When x
is small, the SSIM is usually better, the visual outcome is clearer
and the edges are more defined, while the SAM gets worse. This
is probably because when the x value is small, SSIF extracts
and transfers considerable details from the Sentinel-2 image,
which may synchronously lead to the migration of inaccurate
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Fig. 17.

spectral information. It can be reasonably hypothesized that
when the temporal variation between t( and ¢, is small, it is
recommended that a smaller s value be selected, whereas if
the temporal variation is large, a larger x value would be more
appropriate.

The optimal values of the quality indices of other compared
methods are labeled with dotted lines in the line graphs. Since
we mainly study the performance of MSSF among machine
learning-based methods, the labeled lines represent the optimal
values of machine learning-based methods. It can be noticed
that the MSSF still achieves better results than the comparison
methods in most of the indices when the x value changes. In
addition, when « varies between 0.1 and 0.4, each experiment
gives good results and the variation of each index is not drastic.
Therefore, it can be prioritized to regulate in this interval.

B. Ablation Experiments

Ablation experiments are conducted to demonstrate the ef-
fectiveness of each proposed module. On the one hand, the

(c) (d (e

(a) SSIM, (b) PSNR, (c) RMSE, (d) CC, and (e) SAM evaluating of MSSF fusion results at different < in Scenario 3.

multiscale SSIF is kept constant and the preprocessing step
is set to bilinear interpolation, TPS interpolation, TPS inter-
polation, and morphological opening-closing algorithm and the
proposed preprocessing, respectively. The results of experiments
conducted on the same three data sets as those in Section III are
shown in Tables IV-VI. As shown in the table, with the addition
of preprocessing modules, the quality indices are progressively
improved, which indicates that each preprocessing module has
the ability to enhance the performance of the proposed MSSF.
Meanwhile, MSSF without preprocessing achieves better per-
formance than all other compared methods in Section III, which
proves that multiscale SSIF is an equally valid and important
part of the proposed MSSF.

On the other hand, in order to further validate the effective-
ness of the proposed multiscale SSIF, the preprocessing is kept
constant and the multiscale SSIF is replaced with single-scale
SSIF and multiscale guided filter, respectively. The results of
experiments in three scenarios are displayed in the last two
rows of Tables IV-VI. It can be noticed that the introduction of
multiscale processing and SSIF also enhances the fusion effect.
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TABLE IV
QUALITY INDICES OF ABLATION EXPERIMENTS IN SCENARIO 1

SSIM PSNR RMSE CcC SAM
Bilinear interpolation 0.9208 32.9108 0.0226 0.9576 0.0886
TPS interpolation 0.9242 33.1573 0.0220 0.9604 0.0860
TPS interpolation and morphological processing 0.9266 33.3228 0.0216 0.9615 0.0848
MSSF 0.9273 33.4200 0.0213 0.9635 0.0845
Single-scale SSIF 0.9255 33.3538 0.0215 0.9638 0.0858
Multi-scale guided filter 0.9199 32.5988 0.0234 0.9489 0.1079
TABLE V

QUALITY INDICES OF ABLATION EXPERIMENTS IN SCENARIO 2
SSIM PSNR RMSE CcC SAM
Bilinear interpolation 0.9308 32.9426 0.0225 0.9632 0.0821
TPS interpolation 0.9328 33.0948 0.0221 0.9644 0.0811
TPS interpolation and morphological processing 0.9343 33.2132 0.0218 0.9649 0.0810
MSSF 0.9353 33.3073 0.0216 0.9669 0.0777
Single-scale SSIF 0.9325 33.1092 0.0221 0.9662 0.0777
Multi-scale guided filter 0.8856 29.6829 0.0328 0.9236 0.1868

TABLE VI

QUALITY INDICES OF ABLATION EXPERIMENTS IN SCENARIO 3
SSIM PSNR RMSE CcC SAM
Bilinear interpolation 0.9462 32.0303 0.0250 0.9587 0.0867
TPS interpolation 0.9546 32.8683 0.0227 0.9673 0.0846
TPS interpolation and morphological processing 0.9554 32.9616 0.0225 0.9678 0.0865
MSSF 0.9558 33.0511 0.0223 0.9694 0.0821
Single-scale SSIF 0.9542 32.9071 0.0226 0.9693 0.0788
Multi-scale guided filter 0.9417 31.5727 0.0264 0.9525 0.1174

(b) (c)
(e) ()
Fig. 18.  Boundary maps extracted from the green band of (a) Sentinel-2 image

of Hailar captured on January 7, 2019 and the fusion results of (b) ATPRK, (c)
STARFM, (d) FSDAF, (e) fit-FC, and (f) MSSF.

(d

C. Spatial Fidelity Comparison

Since the quality indices evaluate the performance of Landsat-
8 and Sentinel-2 image fusion methods mainly based on the
perspective of spectral similarity, boundary maps are extracted to
test the spatial fidelity of the proposed MSSF. Taking the results
of Experiment 3 as an example, the boundary maps obtained by
the Canny edge detection operator [53] from green bands of the
Sentinel-2 image on January 7, 2019 and the fused images of
five methods are shown in Fig. 18. The corresponding zoomed
images of the subarea marked in Fig. 18 are shown in Fig. 19.

Fig. 19. Zoomed images of the area marked in Fig. 15 extracted from boundary
maps of (a) Sentinel-2 image of Hailar captured on January 7,2019 and the fusion
results of (b) ATPRK, (c) STARFM, (d) FSDAF, (e) fit-FC, and (f) MSSF.

Compared to the boundary map of the Sentinel-2 image at the
target date, the boundaries of the fusion result of ATPRK appear
denser, which implies that ATPRK suffers from over-sharpening.
The boundary maps of STARFM and Fit-FC are sparser than the
actual boundary maps, which indicates a loss of boundary infor-
mation, especially in the lower left part. Similarly, as can be seen
from the zoomed image, the boundaries obtained by all classical
STIF-based methods are characterized by omissions and errors
to varying degrees. In particular, the boundary maps obtained
by FSDAF, although more enriched, are significantly different



17968

TABLE VII
PROCESSING TIME OF SIX METHODS ON THE PREVIOUS DATA SETS

Experiment 1 Experiment 2 Experiment 3
ATPRK 26.1720s 26.2843s 44.3153s
STARFM 1051.1343s 1023.2061s 1906.4571s
FSDAF 47.7754s 35.1190s 69.1122s
Fit-FC 525.8063s 522.9659s 935.5663s
DSTFN 86.4393s 168.2045s 211.5476s
MSSF 2.1492s 2.0945s 3.8112s

from the reference boundary map, implying erroneous boundary
information that may interfere with the fusion accuracy. Consid-
ering the general and local performance, the boundary map of
MSSF is the closest to the reference boundary map. It can be
concluded that MSSF has the highest spatial fidelity among all
compared methods, indicating a strong ability to recover subtle
edges and spatial structure.

D. Processing Time

Processing time is another important measure for assessing
the performance of Landsat-8 and Sentinel-2 image fusion.
The processing time of all methods in the three experiments
in Section III is presented in Table VII. The processing time
of DSTFEN does not include training time. It can be found that
the proposed MSSF achieves the shortest processing time on
all three data sets, i.e., 2.1492 s in Experiment 1, 2.0945 s
in Experiment 2 and 3.8112 s in Experiment 3. Among other
compared methods, STARFM and Fit-FC took longer processing
time, since they both apply a weighting function, containing a
step of calculating the weights of spectrally similar neighbor
pixels for each pixel, which requires large computational effort
and processing time. ATPRK and FSDAF operated relatively
fast, second only to the proposed MSSF. The data set in Hailar
used in Experiment 3 is larger in size than the data sets in Dezhou
used in Experiments 1 and 2, and therefore the execution time for
all methods increased. In summary, MSSF is an excellent method
with low computational complexity and high fusion capability.

V. CONCLUSION

The study of Landsat-8 and Sentinel-2 image fusion is impor-
tant as it allows for more frequent acquisition of high-resolution
data, thus permitting high-precision monitoring of the rapidly
changing land surface. Existing fusion methods cannot satisfy
this requirement well because of problems such as spectral
distortions, over-sharpening or over-smoothing, and long com-
putation time. MSSF is proposed in order to solve these prob-
lems. MSSF implements preprocessing on the input Landsat-8
image at the target date and Sentinel-2 image at the reference
date by TPS interpolation with morphological opening-closing
algorithm and LOG enhancement algorithm, respectively, then
separates the high and low frequency components of the pre-
processed image via SSIF. The proposed method extracts and
migrates the details from the high frequency components of the
preprocessed Sentinel-2 image to the preprocessed Landsat-8
image through multiscale SSIF.
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A series of experiments and discussions are conducted to mea-
sure the fusion performance of the proposed MSSF in different
study areas. The results show that in terms of visual comparison,
the proposed MSSF does not only capture phenological and land
cover changes accurately, but also reconstructs subtle structures
and edges. In terms of quantitative comparison, the proposed
MSSF achieves the highest SSIM, PSNR, and CC, and the lowest
RMSE and SAM among compared machine learning-based
methods on both data sets in Dezhou. On the Hailar data set,
except for the SAM value which is in the middle ranking, the
proposed MSSF outperforms all compared machine learning-
based methods on the rest quality indices. In addition, MSSF is
more advantageous in terms of spatial fidelity and computation
time. In summary, MSSF is an effective Landsat-8 and Sentinel-2
image fusion method with clear principles, fast computation, and
good performance from both spatial and spectral perspectives.
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