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Abstract: Since requirements of related applications for time series remotely-sensed images with
high spatial resolution have been hard to be satisfied under current observation conditions of
satellite sensors, it is key to reconstruct high-resolution images at specified dates. As an effective
data reconstruction technique, spatiotemporal fusion can be used to generate time series land
surface parameters with a clear geophysical significance. In this study, an improved fusion model
based on the Sparse Representation-Based Spatiotemporal Reflectance Fusion Model (SPSTFM) is
developed and assessed with reflectance data from Gaofen-2 Multi-Spectral (GF-2 MS) and Gaofen-1
Wide-Field-View (GF-1 WFV). By introducing a spatially enhanced training method to dictionary
training and sparse coding processes, the developed fusion framework is expected to promote the
description of high-resolution and low-resolution overcomplete dictionaries. Assessment indices
including Average Absolute Deviation (AAD), Root-Mean-Square Error (RMSE), Peak Signal to
Noise Ratio (PSNR), Correlation Coefficient (CC), spectral angle mapper (SAM), structure similarity
(SSIM) and Erreur Relative Global Adimensionnelle de Synthese (ERGAS) are then used to test
employed fusion methods for a parallel comparison. The experimental results show that more accurate
prediction of GF-2 MS reflectance than that from the SPSTFM can be obtained and furthermore
comparable with popular two-pair based reflectance fusion models like the Spatial and Temporal
Adaptive Fusion Model (STARFM) and the Enhanced-STARFM (ESTARFM).

Keywords: sparse-representation; spatiotemporal fusion; SPSTFM; two image-pair; GF-2 and GF-1
WEV images

1. Introduction

High Resolution of the Earth Observation System Major Special Project [1] that consists of
seven civil satellites covering multispectral, hyperspectral, multi-view and lidar sensors with spatial
resolution ranging from 0.8 to 50 m was ratified and started by the State Council, China in May, 2006.
Since launched in August 19, 2014, Gaofen-2 (GF-2) A/B satellites carrying a four-channel multispectral
camera (spatial resolution is 3.2m) and a panchromatic camera (spatial resolution is 0.8m) aims to be a
high-resolution earth observation tool (Table 1). However, the actual annual observation frequency of
GEF-2 satellites is rather low due to satellite orbital transfer for observation requirements of disasters,
emergency events, military, scientific researches, et al, which significantly reduces the application value
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of GF-2 data especially for available observations. In consideration of similar spectral channels and
high observation frequency of four identical Wide-Field-View (WFV-1, WFV-2, WFV-3 and WFV-4)
cameras carried by the Gaofen-1 (GF-1) satellite launched in 26 April 2013 [2,3], temporal-spectral
information of GF-1 WFV data can be borrowed to GF-2 multispectral images for the spatiotemporal
interpolation of GF-2 reflectance data. Among developed spatiotemporal interpolation methods to
date, spatiotemporal fusion technique has been proved to be credible owing to its advantages in the
synthesis of spatial, temporal and spectral information from multi-source satellite images.

Table 1. Employed Gaofen-2 (GF-2) and Gaofen-1 Wide-Field-View (GF-1 WFV) multispectral data for
fusion experiments.

Band GF-2 Multispectral GF-1 WFV
Name . . . .
. Spatial Revisit Employed . Spatial Revisit Employed
Band Width Resolution Cycle Dates Band Width Resolution Cycle Dates
D 5 days 07/23/2017 05 7 H g0 2 days 07/24/2017
Red 0.63-0.69 pm 11/08/2017 0.63-0.69 pm 11/08/2017
NIR 0.77-0.89 pm 0.77-0.89 pm

The multi-resource spatiotemporal fusion technique based on surface retrievals like reflectance,
temperature, vegetation index and even land cover mapping [4] has been validated as an effective tool to
reconstruct time series remotely sensed data with middle-high spatial resolution, and furthermore can
be integrated into a spatio-temporal-spectral fusion framework for multisource, multi-view remotely
sensed images [5]. Spatiotemporal fusion methods can be classified as different types in accordance
with employed mathematic models and their application frameworks [6], or detailed methods in
modelling spatiotemporal correlation [7]. Generally, methods based on spectral transformation,
unmixing, spatiotemporal smoothing and sparse-learning are mostly developed in current studies.

Spectral transformation techniques have been introduced to reconstruct a high-resolution
multi-spectral image traditionally with unclear temporal information. A notable exception by [8]
utilized wavelet transformation to fuse Landsat Thematic Mapper (TM) and Moderate Resolution Imaging
Spectroradiometer (MODIS) images, and the resulting image with spatial resolution of 240 m was obtained
by replacing the MODIS low-frequency component of the image with the Landsat TM high-frequency
component. As another spatiotemporal analysis tool, the unmixing-based fusion model was proposed
by [9] and used to estimate high-resolution reflectance from low-resolution values with the least square
method, while [10] developed a linear unmixing model. Since only abundance on the class level (the
ratio of one-class high-resolution pixels in a low-resolution pixel area) derived from high-resolution
data can be obtained, the spatial variability of pixel-level reflectance has not been considered by above
two methods. This problem was then addressed by [11] and [12] that introduce spectral information of
neighborhood pixels into the unmixing of low-resolution images. For those areas that land cover types
changed, methods based on spline interpolation [13] can be introduced to address this problem.

The Spatial and Temporal Adaptive Fusion Model (STARFM) [14] is considered as the most popular
spatiotemporal algorithm and its spatiotemporal adaptation can be improved by reducing errors of
different land covers from satellite sensors [15]. Up to now, the STARFM has been widely applied in
winter wheat yield estimation [16], evapotranspiration mapping [17], disturbance monitoring [18-20],
gross primary productivity evaluation [21], classification improvement [22,23], public health studies [24],
etc. As to the situation that significant changes of temporal reflectance happened over land covers, [25]
developed an Enhanced STARFM (ESTARFM) algorithm applied for a complex heterogeneous land
surface. When seasonal characteristics are similar between observation dates and the modelled date,
it has higher fusion accuracy, especially for changing land covers like vegetation, and can be improved
as a customized fusion model [26]. However, their performances intend to be barely satisfactory while
an abrupt land cover change happened [27].
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A semi-physical spatiotemporal fusion model, in which a backup MODIS reflectance calculation
algorithm was separately applied to Landsat and MODIS pixel-scale reflectance, was proposed for
addressing the problem caused by the Bidirectional Reflectance Distribution Function (BRDF) [28].
To overcome the scale difference problem in the fusion process, an optimized semi-physical fusion model
was developed to accurately predict reflectance changes happened in the scale between high-resolution
pixel and low-resolution pixel, and then applied in a regional fusion demonstration [29]. By orderly
compositing Regression Model fitting (RM fitting), Spatial Filtering (SF), and Residual Compensation
(RC), a spatiotemporal fusion method named Fit-FC was designed to fuse one-pair or two pairs of
Sentinel-2 and Sentinel-3 images for generating nearly daily Sentinel-2 images [30].

The Sparse Representation-Based Spatiotemporal Reflectance Fusion Model (SPSTEM) is firstly
introduced for fusing two observed image pairs (Landsat and MODIS) [31] and then developed with
single image pair [32] for a wide application extension. From the view of computation complex and
performance for large image patches, an Extreme Learning Machine (ELM) with rich local structural
information is introduced to model learning-based spatiotemporal fusion by learning a mapping
function on difference images that is also adopted in SPSTFM [33]. Training and learning steps are
known to be key for learning-based fusion methods. For instance, dictionary learning step is both
employed in two-image-pair-based fusion model and single-image-pair-based fusion model, of which
their fusion strategies and detailed steps are strikingly different. For the single-pair learning-based
fusion model that combined dictionary learning and high-pass modulation in a two-layer fusion
framework, a dictionary training enhanced strategy with spatially or temporally extended training
samples was proposed by preliminarily testing Landsat and MODIS multispectral images [34].

In this paper, an improved learning-enhanced fusion model is developed by introducing the
strategy of spatially extending dictionary training samples to the SPSTEM fusion framework, which is
primarily based on weighted difference images reconstruction with dictionary learning. We introduced
the details of this improved fusion model in Section 2. Experimental satellite data with similar spectral
response function (GF-2 MS and GF-1 WFV) and their fusion results were exhibited in Section 3 and
then discussed in Section 4. This paper is finally concluded in Section 5.

2. Methods

In this study, the improved model based on the SPSTFM adopted a learning-enhanced strategy to
perform the dictionary training process. In detail, inputting two-pair high-resolution images (GF-2 MS)
and low-resolution images (GF-1 WFV) at observed dates were spatially-extended for a larger image
size than the original inputting image size, and then taken as enhanced training samples into dictionary
training and sparse coding steps. By this way, more “overcomplete” high-resolution dictionary and
low-resolution dictionary, than those in the SPSTFM can be retrieved in the sparse learning step,
and expected to promote the reconstruction accuracy of high-resolution and low-resolution images
used in the fusion process.

The original sparse-learning fusion algorithm SPSTFM consists of three processing steps: (1)
Dictionary learning for High-Resolution Difference Image (HRDI) and Low-Resolution Difference Image
(LRDI), (2) HRDI reconstruction, and (3) High-Resolution Surface Reflectance (HRSR) reconstruction.
Since the high-resolution dictionary Dj, of HRDI and the low-resolution dictionary D; of LRDI are both
retrieved from dictionary learning operation, the completeness of Dy, and D; therefore significantly
affects the accuracy of presentation and prediction of high-resolution image at modeled date.

In this study, an improved sparse-learning scheme for two image pair fusion was developed by
promoting the accuracy of dictionary learning process. The main idea of the proposed fusion scheme
was to perform the dictionary training process by using spatially-extended training samples with
larger space range than original input training images. In this way, newly retrieved high-resolution
and low-resolution overcomplete dictionaries D; and D, with higher completeness than those derived
from the dictionary training operation with original training samples, can be obtained. The flow chart
of the proposed fusion scheme is shown in Figure 1.
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Figure 1. Flow chart of the proposed fusion method in this paper.

Atthe beginning of the proposed fusion scheme, spatially-extended high-resolution images (H; and
H,) and corresponding low-resolution images (L] and L}) with the same image size at two observed
dates t1 and t3 were collected and then utilized to generate inputting training samples for subsequent
dictionary learning process. Note that the pattern of the spatial extension of above-mentioned
high-resolution images and low-resolution images is performed by extending each image boundary
(upper, lower, left and right) with the same size. In this way, similar types of surface features with
spectrally similar characteristics can be expected in neighborhood pixels of original images. When the
spatially-extended size of H], L} and H}, L} was determined, a new high-resolution difference image
H', = H] — H, and a new low-resolution difference image L], = L] — L} were calculated and then
taken as updated training samples. Thus, new high-resolution and low-resolution overcomplete
dictionaries D; and Dj can be retrieved by optimizing the formula expressed below:

: 2 2
D}, Dj, aly} = argmin{|[Hy; — D ajyl + IL;; — Djagsl -+ Allaslh M)
D;, Dy
where @], is the corresponding sparse coefficient for both new high-resolution difference image Hj,

and new low-resolution difference image L/,, A is the Lagrange multiplier. By introducing a joint

sparse coding method named K-Means Singular Value Decomposition (K-SVD) based on coupled
dictionary training, the formula (1) can be transformed as:

(Dt 1a) = argminZ’ = Dl + Ayl @
Djoint’alii
where D]"oint = [D’,D;], 7 = [H13'L13]' Here, the original SPSTFM algorithm uses image blocking

strategy to train high-resolution and low-resolution difference images, and the default image patch size is
set as 7 X 7 pixels, the number of atoms is set as 2000 for training a difference image with 500 x 500 pixels.
In consideration of spatial extension of new high-resolution difference image and low-resolution difference
image utilized for dictionary training, the number of atoms for the new training image size should be
reassigned a higher value (above 2000) with the same patch size (7 x 7 pixels).
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Once D; and D, respectively, for new high-resolution and low-resolution difference images were
retrieved, updated sparse coefficient oc’;l for the k’-th difference image patch between t1 and t2 can be
expressed by the corresponding k’-th low-resolution difference image patch x’gl and the new dictionary D;:

K 1 K2 K
ay, = arg krlmnillxm —Djay, |5 + Allag, It 3)

¥

The k’-th HRDI patch ]/5’1 between t1 and t2; therefore, can be solved by:
vy = Djas, @

The k’-th HRDI patch 3/13(,,2 between t2 and t3 can be calculated in the same way as y’éll On a basis
of predefined weighting parameters cu’f and a)’;, the k’-th high-resolution surface reflectance (HRSR)
image patch at the modeled date t2 can finally be predicted as:

HY = off > (HY + o) + o x (HY +1/5) ®)

where H’lf', H’; are the k’-th high-resolution surface reflectance (HRSR) image patch, respectively, at the
observed date t1 and t3. The whole HRSR image at the modelled date t2 is derived by mosaicking each
HRSR image patch H’zc'.

In consideration of the heterogeneity and the diversities of the spatial extension of surface features
in different directions, a robust extension strategy was to drive spatially-extended directions of training
samples to yield to the same central position from their original fusion images. However in our
preliminary experiment, fusion quality of the proposed method was not so sensitive to the spatial
extension directions. In this study, GF-2 and GF-1 WFV reflectance images acquired at two observed
dates were cropped as different image sizes to validate the effect of training-sample sizes on fusion
quality of proposed method. A spatially-extended areas with the actual study area as the center and
covering 64 km? (2000 x 2000 GF-2 pixels) was determined as the maximum image size of training
samples just inputted in the sparse coding process. Moreover, 20 groups of training samples with
image size ranging from 500 x 500 GF-2 pixels to 2000 x 2000 GF-2 pixels were gradually obtained
with a resized step of 0.4 x 0.4 km (100 x 100 GF-2 pixels). As a result, spatially-extended study
areas covered by two-pair high-resolution and low-resolution images at observed dates were orderly
classified to training samples with image sizes resized as 500 x 500, 600 x 600, ... , 2000 x 2000 GF-2
pixels. Note that, above spatially-extended training samples were only used in the dictionary learning
process rather than the weighting calculation for predicting GF-2 reflectance at the modelled date.

3. Results

3.1. Study Area and Data Preprocessing

To avoid the effect of shadows from buildings and mountains on the fusion between high-resolution
images and low-resolution images, a study area located in the North China Plain (Shandong province,
China) covering cropland, residential area (low rise buildings), and water body was selected to perform
fusion experiments. As shown in Figure 2, only the center part of the study area covering 2 x 2 km
(500 x 500 GF-2 pixels) takes part in fusion process (see yellow solid box in Figure 2), and employed
satellite images with larger image size than the center part are taken as training samples for the
proposed sparse learning-based fusion scheme.

GF-2 multispectral images acquired on 30 April, 23 July, and 8 November 2017 and corresponding
GF-1 WFV images acquired on 29 April, 24 July and 8 November 2017, respectively, shown in
Figure 3a,c,d,b,f,e are collected and then employed for substantial fusion experiments, in which the
GF-2 image acquired on 23 July 2017 is used for the validation of fusion results and other images
from GF-2 and GF-1 WFV are used to perform fusion methods in this study. Since GF-2 and GF-1
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WEV data have very similar spectral channels, band width and spectral response function, no extra
spectral normalization operation for GF-2 and GF-1 WFV images are needed before fusion. For a
reliable reflectance computation, all above experimental images with DN (Digital Number) values are
radiometrically corrected, and converted to surface reflectance by atmospheric correction and then
rescaled to [0, 10,000]. Since spectral response characteristics of the Gaofen-2 multispectral sensor
is exactly similar with Gaofen-1 WFV satellite sensors (Figure 4), their land surface reflectance data
produced from atmosphere correction have no need of radiometric normalization. After geometrical
correction, GF-2 images are up-resampled from 3.2 to 4 m for a receivable spatial scale, and GF-1 WFV
images are accordingly down-resampled from 16 to 4 m for pixel-to-pixel fusion processing, and then
GF-1 WFV images are registered to GF-2 images.

116°22'0" 116°24'0" 116°26'0"

116°24'0"

Figure 2. The selected study area in this study and the corresponding Gaofen-2 (GF-2) false-color
composite of NIR (Near-Infrared), red and green bands acquired on 30 April 2017.

Figure 3. Employed GF-2 and GF-1 WFV images in this study. (a,d) and (b,e) are, respectively, GF-2
images acquired on 30 April, 8 November 2017 and GF-1 WFV images acquired on 29 April 8 November
2017 with 2000 x 2000 GF-2 pixels (6.4 kmz). The center image of (a,b,d,e) covers 500 x 500 GF-2 pixels
(yellow solid box) and is then used in all fusion experiments companying with (f) GF-1 WFV image
acquired on July 24, 2017. (c) is the actual GF-2 image acquired on 23 July 2017.
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Figure 4. Spectral response curves of multispectral channels (blue, green, red, and NIR) from the GF-2
sensor and GF-1 WFV multispectral sensors.

3.2. Experimental Results

To give a credible description on fusion quality, seven quantitative indices (Table 2) including
Average Absolute Deviation (AAD), Root-Mean-Square Error (RMSE), Peak Signal to Noise Ratio
(PSNR), Correlation Coefficient (CC), Spectral Angle Mapper (SAM) [35], Structure Similarity (SSIM) [36]
and Erreur Relative Global Adimensionnelle de Synthese (ERGAS) [37] are chosen to validate fusion
results from employed fusion methods.

B
SAM = cos™! le—l Pz ©)
\/Zizl P%)i \/Zizl P%gl.
2up,ug, + Ci)|20p,r;, + C2
SSIM; = Sy Hz )(2 > ) )
(2 + 12 +Ci)(02 + 0% +Co)
B 2
B (RMSE;
ERGAS — 1007 4| Zizt RMSE)” ®)

r B
where pp, and pg, indicate reflectance in band i € [1, B] of modeled image P and actual image R;
([,lpi, yR,.), (Cfp]., CTR,-), and op;g, correspond to the mean value, standard deviation, and covariance in
band i of P and R, respectively; C; = (ky * L)*and C, = (ky *L)?; ky and k, are generally set as 0.01 and
0.03; L is the grayscale of reflectance images; RMSE; is the RMSE in band i of P and R; p and r are the

spatial resolutions of P and R. Small values of RMSE, SAM, and ERGAS and a high value of SSIM
between modeled reflectance and actual reflectance indicate a high fusion quality.
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Table 2. Assessment indices Average Absolute Deviation (AAD), Root-Mean-Square Error (RMSE), Peak Signal to Noise Ratio (PSNR), Correlation Coefficient
(CC), Spectral Angle Mapper (SAM), Structure Similarity (SSIM) and Erreur Relative Global Adimensionnelle de Synthése (ERGAS) of fusion quality from different

fusion algorithms.

Methods "é"li';ining Sample AAD x 102 PSNR CcC ERGAS
Green Red NIR Green Red NIR Green Red NIR
SPSTFM 500 x 500 1.67 1.58 4.72 239890 239886 20.6887 0.8348 0.8206 0.6978 30.2124
600 x 600 1.54 1.57 4.69 23.7903 24.2777 20.9278 0.8391 0.8358 0.7146 28.9806
700 x 700 1.49 1.55 4.64 23.6544 244698 21.3056  0.8445 0.8380 0.7227 27.5489
800 x 800 1.44 1.52 4.58 23.3901 24.6415 215419 0.8489 0.8447 0.7266 28.1647
900 x 900 1.44 1.50 4.53 23.2203 249902 21.6763 0.8533 0.8493 0.7304 26.5306
1000 x 1000 1.40 1.49 3.49 23.1411 25.1369 21.8535 0.8550 0.8525 0.7341 26.1852
1100 x 1100 1.37 1.47 3.45 24.0155 25.4554  22.0025 0.8582 0.8566 0.7369 25.9577
Proposed fusion 1200 x 1200 1.36 1.46 3.37 241223 255109 22.3117 0.8597 0.8584 0.7397 24.5226
model 1300 x 1300 1.33 1.43 3.30 243005 25.6688 22.7006 0.8623 0.8631 0.7434 25.0774
1400 x 1400 1.28 1.44 3.25 244379  25.6979 22.8990 0.8644 0.8679 0.7482 23.4095
1500 x 1500 1.25 1.41 3.11 247706  25.7452  23.1453  0.8679 0.8694 0.7527 23.1710
1600 x 1600 1.24 1.39 2.81 24.8269 257885 23.3366 (0.8688 0.8728 0.7573 23.0139
1700 x 1700 1.22 1.37 2.72 249901 25.8503 23.4210 0.8702 0.8755 0.7610 23.8441
1800 x 1800 1.19 138 2.70 25.1796 259116 23.6962 0.8731 0.8771 0.7644 23.2267
1900 x 1900 1.18 1.36 2.67 25.3661 259820 23.8331 0.8756 0.8797 0.7697 22.9553
2000 x 2000 1.18 1.34 2.66 25.4157 259833 23.8400 0.8754 0.8800 0.7711 22.9874
STARFM — 1.75 1.56 4.38 23.5678 24.1568 20.6543  0.8533 0.8496 0.7301 26.0771
ESTARFM — 1.69 1.47 3.53 23.4508 24.3378 21.6888 0.8384 0.8517 0.7009 25.9248
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Table 2. Cont.

Methods "gli‘iiening Sample AAD x 102 PSNR cC ERGAS
Green Red NIR Green Red NIR Green Red NIR

Methods T'raining Sample RMSE x10? SAM SSIM x 102 Elapsed Time (s)
size Green Red NIR Green Red NIR Green Red NIR

SPSTFM 500 x 500 241 3.36 6.47 17829 17880  1.8993  87.08 73.61 61.18 60.95

Pmrggslse‘i fusion 5 » 600 2.29 321 6.29 17863 17563  1.8563  87.94 83.94 67.94 67.59
700 x 700 2.22 3.17 6.31 17855 17655  1.8109  88.17 84.57 71.17 88.26
800 x 800 231 2.94 5.86 17745 17445 18245  87.34 85.46 72.46 91.75
900 x 900 215 2.85 545 17833 17492 18133  88.26 86.34 73.34 96.30
1000 x 1000 2.10 2T 5.38 17790 17543  1.8046  88.42 87.09 75.07 110.17
1100 x 1100 2.23 2.63 5.29 17811 17415 17811  89.33 87.98 74.82 122.63
1200 x 1200 2.19 2.49 531 17794  1.6893 17914  89.92 88.44 74.69 135.76
1300 x 1300 2.15 251 5.15 17807  1.6780  1.8087  89.77 88.17 74.57 166.44
1400 x 1400 2.16 2.36 491 17765  1.6884  1.7947  89.89 89.29 75.92 179.28
1500 x 1500 2.01 59 4.84 17636  1.6731 17882  90.18 89.42 76.34 201.16
1600 x 1600 2.01 225 4.86 17679 17379  1.8009  90.14 89.64 76.64 227.81
1700 x 1700 2.02 231 4.90 17685 17475 17852  90.07 88.83 75.89 250.66
1800 x 1800 2.01 227 4.84 17521 17551 17801  90.10 89.25 76.41 279.05
1900 x 1900 2.03 2.24 491 17469 17460 17767  90.16 89.71 76.16 311.68
2000 x 2000 2.02 5).90) 488 17514 17471 17823  90.18 90.06 76.81 323.44

STARFM — 2.40 2.45 5.50 17812 17605 18181  87.22 87.47 75.19 10.78

ESTARFM — 241 2.48 5.02 1.7749 1.7538 1.8126 85.80 86.36 70.27 348.56
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Band-based scatter plots are provided to analyze agreements between predicted GF-2 reflectance
and actual GF-2 reflectance and elapsed time is additionally recorded to evaluate the efficiency of
fusion procedures. As a parallel comparison, four spatiotemporal fusion models based on two-pair
observed high-resolution images and low-resolution images (SPSTFM, the proposed method, STARFM
and ESTARFM) are employed to perform experimental data described in Section 3.1. Note that only
images in yellow solid boxes of Figure 3a,b,d—f, all with 500 x 500 pixels are required for inputs of
SPSTFM, STARFM, and ESTARFM algorithms, while spatially-extended images with a maximum size
2000 x 2000 pixels shown in the left image of Figure 3a,b,d e are used as additional auxiliary data for
enhanced dictionary training in the proposed method. Moreover, the proposed fusion procedure is
programed by calling ksvdbox [38] and ompbox [39] in MATLAB 2014b under Microsoft Windows-7
64-bit system with CPU Intel Core i7 (3.4 GHz) and RAM 16 GB.

In SPSTEM algorithm, an image blocking strategy is adopted in dictionary training process and
related parameters are defined primarily as default. For an image with 500 x 500 pixels, default
patch size of both high-resolution difference image and low-resolution difference image is chosen
as 7 X 7 pixels, default sparsity parameter is taken as 0.1, and the default number of dictionary
atoms (size of dictionary codebook) is set as 256. In order to run an essential dictionary training
procedure, sufficient training sample patches are therefore required, so that the number of training
sample patches in SPSTFM is adjusted as 6000 rather than 2000 used by (Song and Huang 2013). As
to the proposed method, training sample sizes from 600 x 600 pixels to 2000 x 2000 pixels (with an
interval of 100 x 100 pixels) that cover larger spatial areas than the area used in SPSTFM, are prepared
for training high-resolution and low-resolution dictionaries separately with 15 spatially-extended
difference images. Default parameters including patch size, sparsity parameter and number of atoms
are set to be the same as SPSTFM, while the number of patches num_patch can be calculated according
to the assigned training sample size size_ts:

size_ts?
5002

num_patch = X 6000 )
where 500 and 6000 match the size_ts and num_patch of SPSTEM algorithm. The calculation based on
the area ratio between extended training image and original training image provides a fair assignment
for SPSTEM and the proposed method. By this way, 8640 and 96,000 of patches are respectively
assigned to train difference images with 600 x 600 and 2000 x 2000 pixels.

In order to optimize fusion quality of STARFM and ESTARFM algorithms, running parameters
especially for searching spectrally similar pixels from neighbor pixels are determined as default. As a
result, the moving window size is set as three times that of GF-1 WFV pixel that is 48 X 48 m (about 12 X
12 GE-2 pixels). Uncertainty parameter in STARFM for assessing spectral differences between temporal
GF-1 WFV images and between corresponding pixels from GF-2 image and GF-1 WFV image is defined
as 50 (0.5% of the maximum of stretched reflectance) for both GF-2 and GF-1 WFV data, while its
default value in ESTAFM is set as 0.2% of the maximum of stretched reflectance (about 20). The number
of land cover types is also important for filtering spectrally similar pixels that are employed to calculate
weighting contributions to predicted pixel reflectance. Although this parameter firstly defined in
STARFM is utilized in the same way as ESTARFM, our preliminary experiment shows that fusion
quality has not been improved but reduced when different levels of adjustments for their default land
cover types are made for STARFM and ESTARFM. In this experiment, the number of land cover types
respectively are set as 40 classes for STARFM and four classes for ESTARFM.

The predicted GF-2 reflectance images at the modeled date (23 July 2017) from employed fusion
models including SPSTFM, the proposed method with the training sample size as 2000 x 2000 pixels,
STARFM and ESTARFM are finally shown in Figure 5 with the composite of green, red, and NIR
channels. All assessment indices including AAD, PSNR, CC, RMSE, SAM, SSIM indices for each
band and ERGAS index for overall bands are listed in Table 2, where the training sample size used
in SPSTFM is 500 x 500 pixels and 15 different training sample sizes used in the proposed method
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are ranging from 600 x 600 to 2000 x 2000 pixels. To find out agreements between predicted GF-2
reflectance and actual GF-2 reflectance, scatter plots are regarded as an additional analysis tool for
validating fusion quality on green band, red band, and NIR band (Figure 6). Band-based agreement
between GF-2 reflectance and corresponding GF-1 WFV reflectance acquired on 29/30 April and 8
November 2017 are also shown with scatter plots in Figure 7.

Figure 5. Actual and predicted GF-2 reflectance images (composite of green, red, and NIR bands) at 23
July 2017, respectively, from (a) actual reflectance image, (b) SPSTEM, (c) the proposed method with
the training sample size as 2000 x 2000 pixels, (d) STARFM, and (e) ESTARFM algorithms. Image areas
covered by green and yellow ovals indicate farmland and water body that are both zoomed in below
the corresponding full image.

Figure 6. Channel-based scatter plots between actual reflectance (X-axis) and predicted reflectance

(Y-axis) from employed fusion algorithms. (a-d), (e-h), and (i-1) are, respectively, green, red, and NIR
reflectance predicted by SPSTEM, the proposed method, STARFM and ESTARFM. The numbers 0 and 1
in the top and bottom of the density slice legend indicate a sparse and a dense plot distribution.
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Figure 7. Scatter plots of GF-2 reflectance and GF-1 WFV reflectance acquired on 29 April and 8
November 2017. (a—c) and (d—f) separately show reflectance agreements in green, red, and NIR bands
for GF-2 (500 x 500 pixels) and GF-1 WFV (500 x 500 pixels) image-pair observed at 29 April and 8
November 2017, respectively.

4. Discussion

Acceptable predicted results from SPSTFM, the proposed method, STARFM and ESTARFM in
Figure 5 can be obtained by fusing two-pair-observed GF-2 and GF-1 WFV images. From a visual
point of view, results from learning-based methods (SPSTFM and the proposed method) generally
have a better color restoration of actual GF-2 composite images than results from STARFM and
ESTARFM. For instance, predicted farmland and water body (yellow and green ovals in Figure 5e) in
the fused image of ESTARFM show an obvious spectral distortion in comparison with the actual GF-2
composite image. This problem is probably caused by the seasonal discrepancy between three GF-1
reflectance images acquired on 29 April, 24 July and 8 November 2017 (see Figure 3b,e,f), which leads to
unstable multiplicative coefficients a in linear models respectively established with GF-2 and GF-1 WFV
reflectance acquired on 29 April 2017, and GF-2 and GF-1 WEFEV reflectance acquired on 8 November
2017. The explanation is well supported by the SSIM index calculated for STARFM and ESTARFM
in Table 2 and channel-based scatter plots between Figure 6¢,g,k from STARFM and Figure 6d,h,]
from ESTARFM.

In view of spatial information restoration, learning-based methods can provide more spatial
texture details than STARFM especially for changing farmland (Figure 5). ESTARFM has a lower
ERGAS index and average SAM index than corresponding ERGAS index and average SAM index
from STARFM (Table 2). A low performance of SPSTFM in assessment indices can be addressed by the
dictionary atoms defined in the dictionary learning and sparse coding process. A significant promotion
of fusion quality therefore can be expected by reduce the number of dictionary atoms.

Moreover, results from the proposed method based on sparse learning give a favorable performance
both in avoiding spectral distortion and capturing spatial texture details. The average of AAD, PSNR,
CC, RMSE, SAM, SSIM, and the ERGAS index derived from SPSTFM are orderly improved when
training sample size are spatially-extended from 500 x 500 to 2000 x 2000 pixels (Table 2). Scatter plots
of green, red, and NIR bands shown in Figure 6bf,j indicate a high agreement between actual GF-2
reflectance and predicted GF-2 reflectance from the proposed method, of which density plots have a
more concentrated distribution than that in Figure 6a,e,i from SPSTFM, Figure 6¢,g,k from STARFM
and Figure 6d,h,1 from ESTARFM. An effective improvement for fusion quality of SPSTFM, STARFM,
and ESTARFM; therefore, can be expected by the proposed method with training sample size above
1200 x 1200 pixels, while it cannot have a significant growth after training sample size larger than
1500 x 1500 pixels. In general, the completeness of learned dictionary from spatially-extended training
samples will not be lower than that from original training samples without spatially extension,
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which can be attributed to learning mechanism of sparse coding for dictionary training. Considering
the fact that spatially-extended image areas have similar land cover types and inner-class heterogeneity
with the original training sample image, the completeness of proposed dictionary training strategy
would be significantly promoted. While similar land cover types are absent in those spatially-extended
image areas, updated atoms in trained dictionaries calculated from extended training image areas
probably have low correlation and also slightly promote the completeness of sparse dictionary.

Green band (Figure 6a,b,c,d) and red band (Figure 6e,f,g,h) generally have higher fusion accuracy
than the NIR reflectance (Figure 6i,j,k,1) for all employed fusion algorithms. In Table 2, assessment
indices from the green band and red band have a higher AAD, RMSE, SAM and a lower PSNR, CC, SSIM
than that from NIR band for all fusion algorithms. The reason may attribute to the spectral correlation
of surface features between GF-2 and GF-1 WFV images at two observed dates. Figure 7a,b,c,d,e f,
respectively, show reflectance agreements between green, red, and NIR bands of GF-2 and GF-1 WFV
acquired on 29/30 April and 8 November 2017. A rather low agreement on the NIR band of GF-2
reflectance with GF-1 WFYV reflectance can be observed, while an acceptable agreement is provided for
reflectance of both the green band and the red band.

The executing time of fusion procedures is finally regarded as an important index to assess
efficiency of fusion algorithms. In this respect, STARFM just costs about 10 s for blending images
with 500 x 500 pixels, while ESTARFM costs 348.56 s (its fast version costs 228. 21 s). As to sparse
learning-based fusion procedures, the elapsed time ranges from 60.95 s to 323.44 s with training sample
size from 500 X 500 to 2000 x 2000 pixels and the number of patches from 6000 to 96,000. On the other
side, the relationship between elapsed time and training sample size of the proposed method intends
to be a rapid increasing rather than a linear growth. Hence, a proper size for selecting training samples
can balance the efficient and accuracy of the proposed method.

5. Conclusions

For the purpose of blending two-pair observed high-resolution images and low-resolution images,
an improved sparse-learning fusion method was developed by introducing an existing strategy of
spatially extending training samples to the dictionary learning process, and then applied to Gaofen
satellite data (GF-2 MS and GF-1 WFV). Employed assessment indices AAD, PSNR, CC, RMSE,
SAM, SSIM, and ERGAS were used to evaluate the models” performance and the conclusions of this
study were:

(i) When observed training samples spatially increased, the improved fusion model can promote
prediction accuracy of the SPSTFM for blending GF-2 MS and GF-1 WFV reflectance images, and;
therefore, can be expected to be effective for multisource remotely sensed data of which the spatial scale
difference significantly affected the fusion quality of results from the single-pair-based fusion algorithm.

(ii) Compared to current popular two-pair spatiotemporal fusion models, including STARFM and
ESTAREFM, a better performance of the improved fusion model can be obtained while a time-consuming
problem; therefore, will be generated. Fortunately, this problem can be addressed by the improvement
of sparse coding process.

(iii) Inputting data quality and their agreement in spatiotemporal-spectral dimensions are
important to results from spatiotemporal fusion methods, including the improved fusion model, which
can also lead to the discrepancy between predicting accuracy and spectral channels of GF-2 MS images.
In fact, because the GF-2 MS and GF-1 WFV sensors have a high similarity in spectral response function,
the radiometric agreement problem can be hardly considered in our fusion experiment.

(iv) Shadows, especially building shadows, usually exists in high-resolution images (GF-2) owing
to effects of imaging geometry on urban areas. For fusion models that needs two observed image
pairs of GF-2 MS and GF-1 WFV in this paper, building shadows caused from two observed imaging
geometric conditions probably lead to a temporal discrepancy in shadow areas. Unfortunately, building
shadows is hard to be effectively removed with one observed high-resolution image, which is indeed a
challenge problem for the single-pair learning-based fusion model. On the other hand, this problem
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can be addressed in the framework of two-image-pair-based fusion methods. For instance, overlapped
shadow areas in two or more observed high-resolution images can be kept while other types of shadows
can be removed using temporal corresponding clear areas, by which a high radiometric agreement
between or among temporal high-resolution reflectance data can be expected.

Author Contributions: Y.G. and Y.L. conceived and designed the experiments; Y.G. performed the experiments;
J.C. and K.S. provided experimental data and contributed with data processing and analysis; Y.G., D.L. and Q.H.
collaborated in the discussion of experimental results; Y.G. wrote the paper; and Y.L. revised the manuscript. All
authors have read and agreed to the published version of the manuscript.

Funding: This research was entirely supported by the National Key R&D Program of China, 2018 YFB0504800
(2018YFB0504804).

Acknowledgments: The authors would like to thank X. Long for reviewing the draft of this article and making
constructive recommendations.

Conflicts of Interest: The authors declare no conflict of interest. The founding sponsors had no role in the design
of the study; in the collection, analyses, or interpretation of data; in the writing of the manuscript, and in the
decision to publish the results.

References

. Tong, X. Development of China high-resolution earth observation system. J. Remote Sens. 2016, 20, 775-780.

2. Han, Q;Ma, L; Liu, L.; Zhang, X.; Fu, Q.; Pan, Z.; Wang, A. On-Orbit Calibration and Evaluation of GF-2
Satellite Based on Wide Dynamic Ground Target. Acta Opt. Sin. 2015, 35, 0728003.

3.  Han, Q.; Fu, Q,; Zhang, X,; Liu, L. High-frequency radiometric calibration for wide field-of-view sensor of
GF-1 satellite. Opt. Precis. Eng. 2014, 22, 1707-1714.

4. Chen, B.; Huang, B.; Xu, B. Multi-s ource remotely sensed data fusion for improving land cover classification.
ISPRS ]. Photogramm. Remote Sens. 2017, 124, 27-39. [CrossRef]

5. Shen, H.; Meng, X.; Zhang, L. An integrated framework for the spatio-temporal-spectral fusion of remote
sensing images. IEEE Trans. Geosci. Remote Sens. 2016, 54, 7135-7148. [CrossRef]

6. Chen, B.; Huang, B.; Xu, B. Comparison of spatiotemporal fusion models: A review. Remote Sens.
2015, 7, 1798-1835. [CrossRef]

7. Zhang, L,; Shen, H. Progress and future of remote sensing data fusion. . Remote Sens. 2016, 20, 1050-1061.

8. Acerbi-Junior, EW.; Clevers, ].G.P.W.; Schaepman, M.E. The assessment of multi-sensor image fusion using
wavelet transforms for mapping the Brazilian Savanna. Int. J. Appl. Earth Obs. Geoinf. 2006, 8, 278-288.
[CrossRef]

9. Fortin, J.P,; Bernier, M.; Lapointe, S.; Gauthier, Y.; De Seve, D.; Beaudoin, S. Estimation of surface variables at
the sub-pixel level for use as input to climate and hydrological models. Rapp. De Rech. Inrs-Eau 1998, 564, 64.

10. Cherchali, S.; Amram, O.; Flouzat, G. Retrieval of temporal profiles of reflectances from simulated and real
NOAA-AVHRR data over heterogeneous landscapes. Int. J. Remote Sens. 2000, 21, 753-775. [CrossRef]

11.  Zhukov, B.; Oertel, D.; Lanzl, F,; Reinhackel, G. Unmixing-based multisensor multiresolution image fusion.
IEEE Trans. Geosci. Remote Sens. 1999, 37, 1212-1226. [CrossRef]

12.  Maselli, F. Definition of spatially variable spectral endmembers by locally calibrated multivariate regression
analyses. Remote Sens. Environ. 2001, 75, 29-38. [CrossRef]

13.  Zhu, X,; Helmer, E.H.; Gao, F; Liu, D.; Chen, J.; Lefsky, M.A. A flexible spatiotemporal method for fusing
satellite images with different resolutions. Remote Sens. Environ. 2016, 172, 165-177. [CrossRef]

14. Gao, F; Masek, J.; Schwaller, M.; Hall, F. On the blending of the Landsat and MODIS surface reflectance:
Predicting daily Landsat surface reflectance. IEEE Trans. Geosci. Remote Sens. 2006, 44, 2207-2218.

15.  Shen, H.; Wu, P; Liu, Y; Ai, T.; Wang, Y.; Liu, X. A spatial and temporal reflectance fusion model considering
sensor observation differences. Int. . Remote Sens. 2013, 34, 4367-4383. [CrossRef]

16. Liu, F; Wang, Z. Synthetic Landsat data through data assimilation for winter wheat yield estimation. In
Proceedings of the 18th International Conference on Geoinformatics, Beijing, China, 18-20 June 2010.


http://dx.doi.org/10.1016/j.isprsjprs.2016.12.008
http://dx.doi.org/10.1109/TGRS.2016.2596290
http://dx.doi.org/10.3390/rs70201798
http://dx.doi.org/10.1016/j.jag.2006.01.001
http://dx.doi.org/10.1080/014311600210551
http://dx.doi.org/10.1109/36.763276
http://dx.doi.org/10.1016/S0034-4257(00)00153-X
http://dx.doi.org/10.1016/j.rse.2015.11.016
http://dx.doi.org/10.1080/01431161.2013.777488

Sensors 2020, 20, 1789 15 of 16

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

Anderson, M.C.; Kustas, W.P.; Norman, ].M.; Hain, C.R.; Mecikalski, J.R.; Schultz, L.; Gonzalez-Dugo, M.P,;
Cammualleri, C.; d'Urso, G.; Pimstein, A.; et al. Mapping daily evapotranspiration at field to continental
scales using geostationary and polar orbiting satellite imagery. Hydrol. Earth Syst. Sci. 2011, 15, 223-239.
[CrossRef]

Gaulton, R.; Hilker, T.; Wulder, M.A.; Coops, N.C.; Stenhouse, G. Characterizing stand-replacing disturbance
in western Alberta grizzly bear habitat, using a satellite-derived high temporal and spatial resolution change
sequence. For. Ecol. Manag. 2011, 261, 865-877. [CrossRef]

Walker, J.].; de Beurs, K.M.; Wynne, R.H.; Gao, E. Evaluation of Landsat and MODIS data fusion products for
analysis of dryland forest phenology. Remote Sens. Environ. 2012, 117, 381-393. [CrossRef]

Bhandari, S.; Phinn, S.; Gill, T. Preparing Landsat image time series (LITS) for monitoring changes in
vegetation phenology in Queensland, Australia. Remote Sens. 2012, 4, 1856-1886. [CrossRef]

Singh, D. Generation and evaluation of gross primary productivity using Landsat data through blending
with MODIS data. Int. ]. Appl. Earth Obs. Geoinf. 2011, 13, 59-69. [CrossRef]

Watts, ].D.; Powell, S.L.; Lawrence, R.L.; Hilker, T. Improved classification of conservation tillage adoption
using high temporal and synthetic satellite imagery. Remote Sens. Environ. 2011, 115, 66-75. [CrossRef]
Zhong, L.H.; Gong, P,; Biging, G.S. Phenology-based crop classification algorithm and its implications
on agricultural water use assessments in California’s Central Valley. Photogramm. Eng. Remote Sens.
2012, 78, 799-813. [CrossRef]

Liu, H.; Weng, Q.H. Enhancing temporal resolution of satellite imagery for public health studies: A case
study of West Nile virus outbreak in Los Angeles in 2007. Remote Sens. Environ. 2012, 117, 57-71. [CrossRef]
Zhu, X.; Chen, J.; Gao, E; Chen, X.; Masek, J.G. An enhanced spatial and temporal adaptive reflectance fusion
model for complex heterogeneous regions. Remote Sens. Environ. 2010, 114, 2610-2623. [CrossRef]
Michishita, R.; Jiang, Z.; Gong, P.; Xu, B. Bi-scale analysis of multitemporal land cover fractions for wetland
vegetation mapping. ISPRS |. Photogramm. Remote Sens. 2012, 72, 1-15. [CrossRef]

Zhu, X,; Cai, F; Tian, J.; Williams, TK.A. Spatiotemporal fusion of multisource remote sensing data: Literature
survey, taxonomy, principles, applications, and future directions. Remote Sens. 2018, 10, 527.

Roy, D.P; Ju, J.; Lewis, P; Schaaf, C.; Gao, F.; Hansen, M.; Lindquist, E. Multi-temporal MODIS-Landsat
data fusion for relative radiometric normalization, gap filling, and prediction of Landsat data. Remote Sens.
Environ. 2008, 112, 3112-3130. [CrossRef]

Li, D.; Tang, P.; Hu, C.; Zheng, K. Spatial-temporal fusion algorithm based on an extended semi-physical
model and its preliminary application. J. Remote Sens. 2014, 18, 307-319.

Wang, Q.; Atkinson, PM. Spatio-temporal fusion for daily Sentinel-2 images. Remote Sens. Environ.
2018, 204, 31-42. [CrossRef]

Song, H.; Huang, B. Spatiotemporal satellite image fusion through one-pair image learning. IEEE Trans.
Geosci. Remote Sens. 2013, 51, 1883-1896. [CrossRef]

Huang, B.; Song, H. Spatiotemporal reflectance fusion via sparse representation. IEEE Trans. Geosci. Remote
Sens. 2012, 50, 3707-3716. [CrossRef]

Liu, X.; Deng, C.; Wang, S.; Huang, G.B.; Zhao, B.; Lauren, P. Fast and accurate spatiotemporal fusion based
upon extreme learning machine. IEEE Geosci. Remote Sens. Lett. 2016, 13, 2039-2043. [CrossRef]

Li, D; Li, Y; Yang, W,; Ge, Y; Han, Q; Ma, L; Chen, Y; Li, X. An Enhanced Single-Pair
Learning-Based Reflectance Fusion Algorithm with Spatiotemporally Extended Training Samples. Remote
Sens. 2018, 10, 1207-1226. [CrossRef]

Yuhas, R.H.; Goetz, A FH.; Boardman, ].W. Discrimination among semi-arid landscape endmembers using
the spectral angle mapper (SAM) algorithm. In Proceedings of the Summaries of the Third Annual JPL
Airborne Geoscience Workshop, Pasadena, CA, USA, 1-5 June 1992; pp. 147-149.

Wang, Z.; Bovik, A.C.; Sheikh, H.R.; Simoncelli, E.P. Image quality assessment: From error visibility to
structural similarity. IEEE Trans. Image Process. 2004, 13, 600-612. [CrossRef] [PubMed]

Renza, D.; Martinez, E.; Arquero, A. A new approach to change detection in multispectral images by means
of ERGAS index. IEEE Geosci. Remote Sens. Lett. 2013, 10, 76-80. [CrossRef]


http://dx.doi.org/10.5194/hess-15-223-2011
http://dx.doi.org/10.1016/j.foreco.2010.12.020
http://dx.doi.org/10.1016/j.rse.2011.10.014
http://dx.doi.org/10.3390/rs4061856
http://dx.doi.org/10.1016/j.jag.2010.06.007
http://dx.doi.org/10.1016/j.rse.2010.08.005
http://dx.doi.org/10.14358/PERS.78.8.799
http://dx.doi.org/10.1016/j.rse.2011.06.023
http://dx.doi.org/10.1016/j.rse.2010.05.032
http://dx.doi.org/10.1016/j.isprsjprs.2012.04.006
http://dx.doi.org/10.1016/j.rse.2008.03.009
http://dx.doi.org/10.1016/j.rse.2017.10.046
http://dx.doi.org/10.1109/TGRS.2012.2213095
http://dx.doi.org/10.1109/TGRS.2012.2186638
http://dx.doi.org/10.1109/LGRS.2016.2622726
http://dx.doi.org/10.3390/rs10081207
http://dx.doi.org/10.1109/TIP.2003.819861
http://www.ncbi.nlm.nih.gov/pubmed/15376593
http://dx.doi.org/10.1109/LGRS.2012.2193372

Sensors 2020, 20, 1789 16 of 16

38. Aharon, M.; Elad, M.; Bruckstein, A.M. The K-SVD: An Algorithm for Designing of Overcomplete Dictionaries
for Sparse Representation. IEEE Trans. Image Process. 2006, 54, 4311-4322. [CrossRef]

39. Rubinstein, R,; Zibulevsky, M.; Elad, M. Efficient Implementation of the K-SVD Algorithm Using Batch
Orthogonal Matching Pursuit. Computer Science Department Technion. Rep. 2008. Available online: http:
/[www.cs.technion.ac.il/users/wwwb/cgi-bin/tr-get.cgi/2008/CS/CS-2008-08.pdf (accessed on 21 March 2020).

® © 2020 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access
@ article distributed under the terms and conditions of the Creative Commons Attribution

(CC BY) license (http://creativecommons.org/licenses/by/4.0/).



http://dx.doi.org/10.1109/TSP.2006.881199
http://www.cs.technion.ac.il/users/wwwb/cgi-bin/tr-get.cgi/2008/CS/CS-2008-08.pdf
http://www.cs.technion.ac.il/users/wwwb/cgi-bin/tr-get.cgi/2008/CS/CS-2008-08.pdf
http://creativecommons.org/
http://creativecommons.org/licenses/by/4.0/.

	Introduction 
	Methods 
	Results 
	Study Area and Data Preprocessing 
	Experimental Results 

	Discussion 
	Conclusions 
	References

