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High spatial and temporal resolution remote sensing data play an important role in monitoring the rapid change of the earth
surface. However, there is an irreconcilable contradiction between the spatial and temporal resolutions of the remote sensing
image acquired from a same sensor. The spatiotemporal fusion technology for remote sensing data is an effective way to solve
the contradiction. In this paper, we will study the spatiotemporal fusion method based on the convolutional neural network,
which can fuse the Landsat data with high spatial but low temporal resolution and MODIS data with low spatial but high
temporal resolution, and generate time series data with high spatial resolution. In order to improve the accuracy of
spatiotemporal fusion, a residual convolution neural network is proposed. MODIS image is used as the input to predict the
residual image between MODIS and Landsat, and the sum of the predicted residual image and MODIS data is used as the
predicted Landsat-like image. In this paper, the residual network not only increases the depth of the superresolution network
but also avoids the problem of vanishing gradient due to the deep network structure. The experimental results show that the
prediction accuracy by our method is greater than that of several mainstream methods.

1. Introduction

Due to the limitation of the hardware technology of the
remote sensing satellite and the cost of satellite launching, it
is difficult for the same satellite to obtain the remote sensing
image with both high spatial and temporal resolutions. Land-
sat series satellites can obtain multispectral data with a spatial
resolution of 30m. While multispectral images reflect the
spectral information of ground features, when performing
classification and other processing, unlike hyperspectral,
which has rich dimensions, dimensionality reduction pro-
cessing is required. Although there are many dimensionality
reduction methods, it can achieve dimensionality reduction
of hyperspectral images [1]. But multispectral image imaging
is more convenient, making it widely used in many fields.
With this feature, Landsat data has been widely used in the
exploration of earth resources, management of agriculture,
forestry, animal husbandry, and natural disaster and envi-
ronmental pollution monitoring [2–4]. However, the 16-
day visit circle of the Landsat satellite and the impact of cloud

pollution limit their potential use in monitoring and
researching the land surface dynamic changes. On the other
hand, Moderate-resolution Imaging Spectroradiometer
(MODIS) on Terra/Aqua satellite has a visit circle per 1-2
days, which has a high temporal resolution and can be
applied in vegetation phenology [5, 6] and other fields. How-
ever, the spatial resolution of MODIS data is 250-1000m,
which has a poor representation of the details of the ground
objects and is not enough to observe the heterogeneous
landscape.

In 1995, Vignolles et al. [7] first proposed to generate
high spatiotemporal resolution data by using spatiotemporal
fusion technology. Since then, different types of spatiotempo-
ral fusion methods have been emerging. The spatiotemporal
fusion technology of remote sensing images is fused with the
spatial features of high spatial but low temporal resolution
images and the temporal features of low spatial but high tem-
poral resolution images to generate time series images with
high spatial resolution. According to the principle, the exist-
ing spatiotemporal fusion models can be divided into three

Hindawi
Journal of Sensors
Volume 2020, Article ID 8873079, 11 pages
https://doi.org/10.1155/2020/8873079

https://orcid.org/0000-0003-0716-3243
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1155/2020/8873079


types: reconstruction based, spatial unmixing based, and
learning based.

The basic principle of reconstruction-based methods is to
calculate the reflectance of the center fusion pixel through a
weighting function which takes full account of the spectral,
temporal, and spatial information in similar pixels. Gao
et al. [8] first proposed the spatiotemporal adaptive reflection
fusion model (STARFM), which uses a pair of MODIS and
ETM+ reflectance images at known time phase and MODIS
reflectance images at predicted time phase to generate 30m
spatial resolution image. Hilker et al. [9] proposed a spatio-
temporal fusion algorithm for mapping reflectance change
(STAARCH) based on tasseled cap change. The algorithm
can not only generate 30m spatial resolution ETM+ like
images but also detect highly detailed surface classes. How-
ever, the fusion accuracy of STARFM and STAARCH are
highly related to the surface landscape heterogeneity, result-
ing in low fusion accuracy for heterogeneous area. David
et al. [10] considered the influence of bidirectional reflec-
tance effect, proposing a semiphysical method to generate
fused Landsat ETM+ reflectance using MODIS and Landsat
ETM+ data. Zhu et al. [11] based on STARFM considering
the reflectivity difference between different sensor imaging
systems due to different orbital parameters, band bandwidth,
spectral response curve and other factors, the transfer coeffi-
cient between different sensor differences is increased, and
the enhanced STARFM (ESTARFM) model is proposed to
improve the fusion accuracy of complex surface area (hetero-
geneous area) to a certain extent. The model uses two sets of
MODIS and ETM+ reflectance images and MODIS reflec-
tance images to generate 30m spatial resolution ETM+ like
image. Wang and Atkinson [12] proposed a spatiotemporal
fusion algorithm consisting of three parts: regression model
fitting (RM Fitting), spatial filtering (SF), and residual com-
pensation (RC), referred to as Fit-FC; this method only uses
a pair of known high-low resolution image pair as input
and can better predict the spatial change between images in
different periods. Chiman et al. [13] proposed a simple and
intuitive method and has two steps. First, a mapping is
established between two MODIS images where one is at an
earlier time, t1, and the other one is at the time of prediction,
tp. Second, this mapping is applied to a known Landsat
image at t1 to generate a predicted Landsat image at tp.

Spatial-temporal fusion methods based on spatial unmix-
ing performs spatial unmixing of pixels in known low-
resolution images and applies the classification results to
high-resolution images at the unknown time to predict
high-resolution images. Zhukov et al. [14] proposed a spatio-
temporal fusion method that considers the spatial variability
of pixel reflectivity based on the assumption that the pixel
reflectivity does not change drastically between neighbor
pixels. This method introduces window technology to predict
the high-resolution reflectance of each type of feature. This
method is not ideal for the farmland area which changes
dramatically in a short time. Wu [15] proposed a spatial
and temporal data fusion approach (STDFA) based on the
assumption that the temporal variation characteristics of
the class reflectivity are consistent with the intraclass pixel
reflectivity. This method extracts the temporal change infor-

mation of ground features from time-series low spatial reso-
lution images and performs classification and density
segmentation on known two periods of high spatial resolu-
tion images to obtain classified images, so as to obtain class
average reflectance for image fusion. On the basis of [15],
Wu and Huang [16] comprehensively considered the spatial
variability and temporal variation of pixel reflectivity and
proposed an enhanced STDFA; the method solves the prob-
lem of missing remote sensing data. Hazaymeh and Hassan
[17] proposed a relatively simple and more efficient algo-
rithm; the Spatiotemporal Image-Fusion Model (STI-FM)
applies clustering to the images first, and, for each cluster,
performs a separate prediction. Zhu et al. [18] proposed a
flexible spatiotemporal data fusion (FSDAF) based on spec-
tral demixing analysis and thin-plate spline interpolation.
The algorithm uses less input data, which is suitable for het-
erogeneous areas and can effectively preserve the low-
resolution details of the image during the prediction period.

In remote sensing image processing, learning-based
methods are more commonly used for classification of
ground features [19]. In recent years, spatiotemporal fusion
methods based on learning have been widely concerned. In
2012, Huang and Song [20] first introduced sparse represen-
tation technology into the process of spatiotemporal fusion
and proposed a sparse representation based on a spatiotem-
poral reflectance fusion model (SPSTFM), which uses the
MODIS and ETM+ images of the front and back phases
at the predicted time phase. First, use high- and low-
resolution difference images to train a couple dictionary
representing high- and low-resolution features, and then
use a low-resolution image to predict high-resolution
image. Song and Huang [21] proposed a sparse representa-
tion of spatiotemporal reflectance fusion model using only
a pair of known high- and low-resolution image pair, which
first enhanced MODIS image by sparse representation to
obtain a transition image, then predicted image is generated
by combining known high-resolution image with transition
image through high-pass modulation. The model reduces
the number of known image pair that needs to be inputted,
so that the algorithm can be applied in the case of lack of
data and has more general applicability. Spatiotemporal
fusion method based on feature learning considers the spatial
information of changing image. However, there are some
limitations in previous methods based on sparse representa-
tion. First, the image features need to be designed, which
brings complexity and instability to performance. Secondly,
the method does not consider the large amount of actual
remote sensing data but only develops and validates the
algorithm for small-scale research areas.

The convolutional neural network (CNN) [22] model has
a simple structure and can be used to solve the problems of
target recognition [23] and image classification [24] in com-
puter vision. In recent years, CNN has also been used in the
field of superresolution. As the pioneer CNN model for SR,
superresolution convolutional neural network (SRCNN)
[25] predicts the nonlinear LR-HR mapping via a fully con-
volutional network and significantly outperforms classical
non-DL methods. In the field of remote sensing, Song et al.
[26] proposed a five-layer convolutional neural network
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(CNN) spatiotemporal fusion model. This model is similar to
[21] and is a two-stage model. It learns the CNN nonlinear
mapping betweenMODIS and Landsat images and combines
high-pass modulation with a weighting strategy to predict
Landsat-like images. Liu et al. [27] proposed a two-stream
convolutional neural network StfNet, which not only consid-
ered the temporal dependence of remote sensing images but
also introduced temporal constraint, the network takes a
coarse difference image with the neighboring fine image as
inputs and the corresponding fine difference image as output,
the method can restore spatial details greater. At present,
there are two main problems faced by learning-based spatio-
temporal fusion methods: first, the deep-seated network can
improve the prediction accuracy; however, the deep-seated
network will lead vanishing gradient or convergence diffi-
culty and second, it is difficult to obtain two pairs of suitable
prior image pairs as the input of network training. For exam-
ple, StfNet is a fusion method using two pairs of prior images
as input. Considering the above two points, we propose a
spatiotemporal fusion model based on residual convolution
neural network. The model can only uses a pair of prior
images as train input. The MODIS image is very similar to
the predicted Landsat image. In other words, the low-
frequency information of low-resolution image is similar to
that of high-resolution image. In fact, the low-resolution
image and the high-resolution image only lack the residual
of the high-frequency part. If only train the high-frequency
residual between the high resolution and the low resolution,
which does not need to spend too much time in the low-
frequency part. And can deepen the network structure to
avoid problems such as gradient disappearance. For this rea-
son, we introduce the idea of ResNet [28] and set up a spatio-
temporal fusion framework of remote sensing image suitable
for a small-sample training set for CNN. Considering the
time dependence between the image sequences, we use the
MODIS-Landsat image pairs of the front and back phases
of the prediction image to construct the prediction network,
respectively. The experimental results show that compared
with benchmark methods, the spectral color and spatial
details of our method are closer to the real Landsat image.

The rest of this paper is divided into three sections. In
Section 2, the principle of residual CNN is introduced.
Section 3 provides the experimental verification process and
results. Section 4 gives the conclusion.

2. Methods

In this paper, we use CNN and ResNet to construct a dual
stream network to predict Landsat-like images. The princi-
ples involved are briefly introduced as follows.

2.1. CNN. Convolutional neural network (CNN) is one of the
most representative network models in the deep learning
method [29]. With the continuous development of deep
learning techniques in recent years, it has achieved very good
results in the field of image processing. Compared with the
traditional data processing algorithm, CNN avoids the
complicated preprocessing work such as manually extracting
data from the data, so that it can be directly used in the orig-
inal data.

CNN is a nonfully connected multilayer neural network,
as shown in Figure 1. The main structure consists of a convo-
lutional layer, pooling layer, activation layer, and fully con-
nected layer [30]. The convolutional layer, pooling layer,
and activation layer are the feature extraction layers of
CNN, which are used to extract the signal features. The fully
connected layer is the CNN classifier. Since this paper mainly
uses the deep convolution network to extract the spatial char-
acteristics of the remote sensing image, the feature extraction
layer of deep convolutional neural networks is analyzed.

2.2. Residual Learning. If the input of a neural network is x,
and the expected output is HðxÞ; HðÞ is the expected map-
ping. If we want to learn such a model, the training difficulty
will be greater; if we have learned the more saturated accu-
racy (or when we find that the error in the lower layer
becomes larger), then the next learning goal will be trans-
formed into the learning of identity mapping, that is, to make
the input x an approximate output HðxÞ, which is in order to
keep in the later hierarchy without causing a drop in
accuracy.

As shown in the residual network structure diagram in
Figure 2, input x is directly transferred to the output as the
initial result through “shortcut connections,” and the output
result is HðxÞ = FðxÞ + x. When FðxÞ = 0, then HðxÞ = x,
which is the constant mapping mentioned above. Therefore,
ResNet is equivalent to changing the learning goal, not a
complete output of learning, but the difference between the
goal value HðxÞ and x, that is, the so-called residual FðxÞ =

Input

Convolutional
layer Pooling layer Convolutional

layer Pooling layer

Figure 1: Flowchart of CNN network structure.
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Figure 2: Residual learning unit.
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HðxÞ − x. Therefore, the later training goal is to approach the
residual result to 0, so that with the deepening of the network,
the accuracy does not decline.

2.3. Spatiotemporal Fusion Using Residual Learning in CNN.
In this paper, Landsat image is regarded as high spatial but
low temporal resolution data; MODIS image is regarded as
high temporal but low spatial resolution data. We express
the Landsat image and MODIS image at ti as Li and Mi,
respectively. If there are two pairs of prior images, the two-
stream residual CNN network uses the known Landsat-
MODIS image pair at t1 and t3, and MODIS image at t2 to
predict Landsat-like image.

2.3.1. Training Stage. In the training stage, in order to build
an nonlinear mapping model between MODIS and
Landsat-MODIS residual images, we first up sample the
spatial resolution of Mi to the same size as Li. Then, the
Landsat and MODIS images at the same time are differ-
enced to obtain a residual image Di. Thus, we expect to
learn a mapping function f ðxÞ which approximates Di.
Pixel value in Di are likely to be zero or small. We want
to predict this residual image. The loss function now
becomes 1/2ky − f ðxÞk2, where f ðxÞ is the network predic-
tion. We divide the high- and low-resolution images corre-
sponding on the same time into overlapping image patches.
Define the set of high- and low-resolution samples as X and
Y, where the corresponding samples are x and y. The over-
lapping segmentation is performed here to increase the
number of training samples. After predicting the residual
image, the ground truth Landsat image is obtained by the
sum of the input MODIS image and the predicted residual
image.

In the network, the loss layer has three inputs: residual
estimation, input MODIS image, and Landsat image. The
loss is calculated as the Euclidean distance between the
reconstructed image and the real Landsat image. In order to
achieve the purpose of high-precision spatiotemporal fusion,
we use a very deep convolutional network. We use 18 layers
where layers except the first and the last are of the same type:
64 filters of the size 3 × 3 × 64, where a filter operates on 3 × 3
spatial region across 64 channels (feature maps). The first
layer operates on the input image. The last layer, used for
image reconstruction, consists of a single filter of size 3 × 3
× 64. The process structure is shown in Figure 3.

Training was performed by using back-propagation-
based minibatch gradient descent to optimize regression
targets. We set the momentum parameter to 0.9. Training
is regularized by weight loss (l2 penalty multiplied by 0.0001).

2.3.2. Prediction Stage. There are two pairs of prior Landsat-
MODIS images and theMODIS image on prediction date, we
aim to fuse them to predict the Landsat-like image on predic-
tion date. Denote the prior dates as t1 and t3, the prediction
date as t2, we predict L2 based on the residual learning
CNN. Mi, Li, and Di are divided into patches, and their cor-
responding image patches are mk

i ,lki , and dk1 , respectively.
Taking mk

1 as the input of CNN, the label is lki , and the sum
of the residual image dk1 and mk

1 is used as the prediction.
In this paper, the number of network layers is set to 18. In
the process of reconstruction, input mk

2 into the trained net-
work and get the predicted l1k2 . Similarly, l3k2 can be predicted
by Landsat-MODIS image pair at t3. Considering the tempo-
ral correlation between the image at the predicted time and
the reference image, we use the corresponding temporal
weight when reconstructing each image patch. Finally, the
high spatial resolution image patch at the predicted time is
obtained:

lk2 = ωk
1 ∗ l1k2 + ωk

3 ∗ l3k2 , ð1Þ

where l1k2 and l3k2 are the kth predicted patch using L1 and L3
as the reference image, respectively, ωk

1 and ωk
3 are the corre-

sponding weight, and determined as follows:

ωk
i =

1/vki
1/vk1
� �

+ 1/vk3
� � i = 1, 3ð Þ: ð2Þ

The local weight is calculated by the sumU of normalized
difference vegetation index (NDVI) [31] and normalized dif-
ference built-up index (NDBI) [32], where vki is used to mea-
sure the change degree between MODIS images at two times,
and it is the absolute average change of U in mk

ij, where mk
ij

represents the MODIS image change at different times. After
each image patch is reconstructed one by one, it is restored to
the whole image. In order to ensure the continuity of the
reconstructed image, there is an overlap between adjacent
patches, and the pixel value of the overlapped part of the

Conv.1 ReLU.1

…

Conv.17 ReLU.17 Conv.18 (residual)
Mi Di Li

+

Figure 3: Flowchart illustrating the proposed scheme of two-stream residual learning in CNN.
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image patch is taken as the mean value when the whole image
is restored.

3. Experiments

Two datasets were used in the experiments. The first dataset
contains two pairs of MODIS-Landsat images, and the sec-
ond dataset contains three pairs of MODIS-Landsat images.
Both areas are located in Coleambally, New South Wales,
Australia. MODIS data uses the surface reflectance of
MOD09A1 (500m) and MOD09Q1 (250m) for 8-day syn-
thetic products. We up sampled all MODIS in the dataset
to the same resolution as the Landsat image of the corre-
sponding date. Compared with natural images, remote sens-
ing images have a large size and rich details. Therefore, the
remote sensing images are overlapped and divided into
patches to obtain the training set. In the paper, the images
of the two areas are overlapped divided into 33 × 33 image
patches. The above image patch set is used as the train set
and prediction set. We compare our method with the main-
stream and advanced methods (including STARFM, FSDAF,
Fit-FC, STDFA, STI-FM, HCM, ESTARFM, SPSTFM, and
StfNet), which will be described in detail in this section.

3.1. Experiment on the First Dataset. In order to verify the
applicability of our proposed spatial-temporal fusion method
based on residual convolutional neural network for one prior

Landsat-MODIS image pair, we use a single-stream network
to verify and compare the same data as the input of
STARFM, FSDAF, Fit-FC, STDFA, STI-FM, and HCM.

In this experiment, two pairs of Landsat and MODIS
surface reflectance images covering a 20 km × 20 km area in
Coleambally are used. The two pair images were acquired
on 2 July 2013 and 17 August 2013. Figure 4 shows the
30m Landsat images (upper row) and 500m MODIS images
(lower row) using green-red-NIR as RGB composite image.
Then, we use the bicubic interpolation method to downscale
the 500m MODIS image into 30m. Our experimental task
used the pair of Landsat-MODIS images on 2 July 2013 and
the MDOIS image on 17 August 2013 to predict the 30m
Landsat-like image on 17 August 2013. At the same time,
STARFM, FSDAF, Fit-FC, STDFA, STI-FM, and HCM are
tested with the same input in this experiment, and the true
30m Landsat image acquired on 17 August 2013 is used as
the reference to evaluate the accuracy of fusion results.

Figure 5 shows the fusion results by four methods
(STARFM, Fit-FC, FSDAF, STDFA, STI-FM, HCM, and
our method). Obviously, the prediction accuracy by our
method is greater. For example, the highlighted areas in the
bottom left part of subarea S, for Fit-FC, STDFA, FSDAF,
STI-FM, HCM, and STARFM, some dark green pixels are
incorrectly predicted as purple pixels. In addition, the
highlighted areas in the bottom right part of the subarea,
Fit-FC, STDFA, FSDAF, STI-FM, HCM, and STARFM

(a) (b)

(c) (d)

Figure 4: 30m Landsat 8 and 500m MODIS images for the first dataset (green, red, and NIR bands as RGB). (a) and (b) are 30 m Landsat
images on 2 July 2013 and 17 August 2013, respectively, (c) and (d) are the corresponding 500m MODIS images for (a) and (b).
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incorrectly predicted some red pixels as purple and blue
pixels. However, our method is closer to the reference image.
The main reason is that the Fit-FC method directly applies
the known linear coefficients of the low-resolution image to
fit the high-resolution image on the prediction period. There-
fore, when the spatial resolution difference between the high-
and low-resolution images is large, there will be obvious
“block effect,” for example, the spatial resolution difference
between Landsat image andMODIS image is nearly 17 times.
STDFA assumes that the temporal variation characteristics of
the same surface coverage class in coarse pixels are consis-
tent, but there may be inconsistencies in practical applica-
tions, so the fusion result is affected. The accuracy of the
FSDAF spatiotemporal fusion algorithm is low, which is
mainly caused by two aspects: The prediction accuracy of
FSDAF is worse, which is mainly caused by two aspects: at
first, the known high-resolution data needs to be classified,

and the classification accuracy by unsupervised classification
method (such as the K-means method) will have a certain
impact on the results; at second, when the spatial resolution
difference between high- and low-resolution data is large,
the endmember (that is, high-resolution pixel) represented
area will be more refined. When the number of categories is
small, the fusion result will be relatively smooth, and when
the number of categories is large, the fitting accuracy will also
be reduced (such as in low-resolution pixels, if the richness of
a certain category is low, the total prediction error will be
increase). STI-FM is susceptible to interference from outliers,
so when the spatial characteristics change significantly, the
prediction effect is not good. The method of using gradation
mapping is greatly affected by the heterogeneous region, so
HCM failed to show the best performance in this experiment.
STARFM considers the similarity of neighboring pixels, so
the prediction accuracy is relatively stable. However, the

(a1)

(b1) (c1) (d1)

(e1) (f1) (g1) (h1)

(a2)

(b2) (c2) (d2)

(e2) (f2) (g2) (h2)

Figure 5: 30m Landsat 8 results for the first dataset (green, red, and NIR bands as RGB). (a1) is the 30m true Landsat 8 image on 17 August,
2013. (b1) is the 30m Fit-FC-derived Landsat 8 images on 17 August, 2013. (c1) is the 30m STDFA-derived Landsat 8 images on 17 August,
2013. (d1) is the 30m FSDAF-derived Landsat 8 images on 17 August, 2013. (e1) is the 30m STI-FM-derived Landsat 8 images on 17 August,
2013. (f1) is the 30m HCM-derived Landsat 8 images on 17 August, 2013. (g1) is is the 30m STARFM-derived Landsat 8 images on 17
August, 2013. (h1) is the 30m our method-derived Landsat 8 images on 17 August, 2013. Row 1 shows the results for the whole area, and
Row 2 is the results for a heterogeneous subareas (S) marked in (a1).
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premise of STARFM is that the spectrum of similar pixels in
the neighborhood is constant and there is no land cover
change during the observation period, which makes the
model susceptible to environmental and phenological
changes, resulting in large prediction errors, especially for
heterogeneous areas. Our method uses deep convolutional
neural networks to more effectively extract the features of
low-resolution images and residual images and constructs a
mapping relationship between low-resolution images and
residual images through a residual learning network. This
mapping relationship is nonlinear mapping and is more in
line with the change of ground features. In addition, the
number of layers in the network is deepened through residual
learning, which strengthens the robustness of the network.
Therefore, the experimental results based on our method
have better visual effects.

Table 1 lists the objective evaluation results of four fusion
methods and uses three common fusion evaluation methods
of remote sensing image, including root mean square error
(RMSE) [33], correlation coefficient (CC) [34], and universal
image quality index (UIQI) [35]. The ideal values for RMSE,
CC, and UIQI are 0, 1, and 1, respectively. From Table 1, we
can see that for the six bands of all fusion results, the fusion
results of our method have smaller RMSE and larger CC
and UIQI. Our method is compared with other six methods
(STARFM, Fit-FC, FSDAF, STDFA, STI-FM, and HCM);
the gain of the mean CC is 0.0259, 0.0365 0.0168, 0.0253,
0.0620, and 0.0487, and the gain of the mean UIQI is
0.0261, 0.0368, 0.0175, 0.0254, 0.0620, and 0.0489, respec-

tively. The mean RMSE is reduced by 0.0018, 0.0024,
0.0012, 0.0021, 0.0040, and 0.0032, respectively. In addition,
the fusion result based on our method is better than
STATFM, and STARFM is better than Fit-FC, the rest of
the sequence is STDFA>FSDAF>HCM>STI-FM. The main
reason is when the spatial resolution difference between
high- and low-resolution images is large, Fit-FC directly
applies the fitting coefficients of low-resolution images into
high-resolution images, which causes large errors; FSDAF
also has similar fitting errors. STDFA assumes that the tem-
poral variation characteristics of the same surface coverage
class in coarse pixels are consistent, but there may be incon-
sistencies in practical applications, so the fusion result is
affected. Although STARFM considers the similarity of
neighboring pixels, the reconstruction method of each pixel
cannot consider the continuity of the image. STI-FM is sus-
ceptible to interference from outliers, so when the spatial
characteristics change significantly, the prediction effect is
not good. HCM using gradation mapping is greatly affected
by the heterogeneous region. Our method can better restore
the continuity of the image by reconstructing the image
patch.

3.2. Experiment on the Second Dataset. In this experiment,
three pairs of Landsat-MODIS images covering 30 km × 30
km area of Coleambally are used to verify the applicability
of our method for two pairs of prior images. The three pairs
of images were acquired on 6 April, 2012, 12 May, 2012, and
20 July, 2012, respectively. Figure 6 shows the 30m Landsat

Table 1: Quantitative assessment for the Coleambally dataset.

Bands Fit-FC STDFA FSDAF STI-FM HCM STARFM Our method

RMSE

Blue 0.0088 0.0089 0.0091 0.0098 0.0094 0.0086 0.0081

Green 0.0113 0.0115 0.0117 0.0124 0.0120 0.0110 0.0105

Red 0.0150 0.0152 0.0154 0.0164 0.0159 0.0146 0.0139

NIR 0.0240 0.0244 0.0248 0.0268 0.0258 0.0233 0.0219

SWIR1 0.0328 0.0331 0.0339 0.0363 0.0351 0.0318 0.0299

SWIR2 0.0308 0.0317 0.0319 0.0344 0.0331 0.0299 0.0279

Mean 0.0205 0.0208 0.0211 0.0227 0.0219 0.0199 0.0187

CC

Blue 0.8761 0.8773 0.8674 0.8463 0.8574 0.8833 0.8967

Green 0.8786 0.8928 0.8705 0.8510 0.8612 0.8853 0.8976

Red 0.8925 0.8931 0.8856 0.8687 0.8775 0.8982 0.9085

NIR 0.7713 0.7722 0.7550 0.7171 0.7367 0.7850 0.8098

SWIR1 0.8327 0.8331 0.8207 0.7925 0.8072 0.8429 0.8627

SWIR2 0.8393 0.8398 0.8269 0.7978 0.8130 0.8497 0.8697

Mean 0.8484 0.8489 0.8377 0.8122 0.8255 0.8574 0.8742

UIQI

Blue 0.8653 0.8662 0.8564 0.8350 0.8462 0.8728 0.8867

Green 0.8680 0.8687 0.8597 0.8400 0.8503 0.8750 0.8879

Red 0.8835 0.8841 0.8763 0.8591 0.8681 0.8895 0.9008

NIR 0.7644 0.7652 0.7488 0.7125 0.7313 0.7775 0.8011

SWIR1 0.8251 0.8259 0.8132 0.7855 0.7999 0.8352 0.8557

SWIR2 0.8313 0.8319 0.8190 0.7903 0.8053 0.8418 0.8622

Mean 0.8396 0.8403 0.8289 0.8037 0.8168 0.8486 0.8657
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image (upper row) and 500m MODIS image (lower row)
using green-red-NIR as RGB composite image. This experi-
ment is to verify the accuracy of our methods based on two
pairs of prior images, we use the two image pairs on 6 April,

2012 and 20 July, 2012, and MODIS image on 12 May, 2012
to predict the Landsat-like image on 12 May, 2012.

Figure 7 shows the 30m prediction results on August 12,
2012 based on the four methods (ESTARFM, SPSTFM,

(a) (b) (c)

(d) (e) (f)

Figure 6: 30m Landsat and 500m MODIS images for the second dataset (green, red, and NIR bands as RGB). (a), (b), and (c) are 30m
Landsat images on 6 April, 2012, 12 May, 2012, and 20 July, 2012, respectively, and (d–f) are the corresponding 500m MODIS images for
(a–c).

(a1) (b1) (c1) (d1) (e1)

(a2) (b2) (c2) (d2) (e2)

Figure 7: 30m Landsat results for the second dataset (green, red, and NIR bands as RGB). (a1) is the 30m true Landsat image on July 11,
2012. (b1) is the 30m ESTARFM-derived Landsat images on 12 May, 2012. (c1) is the 30m SPSTFM-derived Landsat images on 12 May,
2012. (d1) is the 30m StfNet-derived Landsat images on 12 May, 2012. (e1) is the 30m our method-derived Landsat images on 12 May,
2012. Row 1 shows the results for the whole area, and Row 2 is the results for the heterogeneous sub-areas (S1) marked in (a1).
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StfNet, and our method). It is worth noting that the
ESTARFM result is the worst, StfNet is better than SPSTFM,
and our method is better than StfNet. For example, the
highlighted areas in the bottom left of subarea S, ESTARFM,
and SPSTFM incorrectly predicted some light green pixels as
dark green pixels. Although the prediction by StfNet is sim-
ilar to the reference image, but there are some yellow pixels
which had been incorrectly predicted to be blue pixels.
However, for our method, the prediction is closer to the
true reference image. Compared with the three benchmark
methods, our method provides excellent performance. The
main reason is ESTARFM assumes that during the observa-
tion period, the conversion coefficients between high- and
low-resolution images remain unchanged, but in actual
conditions, land types and coverage will change, so this
assumption is not applicable in the areas with significant
changes. SPSTFM utilizes sparse representation and dictio-
nary learning approaches in the signal domain to increase
prediction accuracy for land cover change and heteroge-
neous region. Although the network structure, compared
with our method, SPSTFM only applicable for small-scale
regions and cannot extract sufficient image features.
Although StfNet can produce more accurate prediction
results by deep network, but the data contained in the
training process is too large and the network is hard to con-
vergent, which also has a certain impact on the prediction
accuracy. Our method using residual learning network
can only learn the difference information between high-
and low-resolution images. Since the low-frequency infor-
mation between high- and low-resolution images is similar,
if we directly learn mapping relationship between high- and
low-resolution images, it will increase the amount of calcula-
tion, which also introduces errors. Through residual learning,
not only the nonlinear mapping relationship between high-
and low-frequency information can be directly learned, but
also the network layers can be deepened, which enhances
the accuracy and stability of the network structure.

Table 2 shows the comparison results in RMSE, CC, and
UIQI. From Table 2, we can see that for six bands, the fusion
results by our method can obtain smaller average RMSE and
larger CC and UIQI. It is easy to find that our method is
better than StfNet, the StfNet is better than SPSTFM, and
ESTARFM is the worst among the four approaches. Specif-
ically, the CC gains of our method over ESTARFM,
SPSTFM, and StfNet are 0.0508, 0.0257, and 0.0134, and
the UIQI gains are 0.0467, 0.0238, and 0.0126, respectively.
The main reason is that ESTARFM assumes that the con-
version coefficients remain unchanged during the observa-
tion period, but there are land cover types in this area,
such as subregion S, so the conversion coefficients are not
consistent, so the prediction results are greatly biased.
SPSTFM takes the image patch as the reconstruction unit
and considers the continuity between adjacent pixels, so it
has strong robustness in dealing with complex surface
changes. However, due to the instability of forcing the same
sparse coefficient of high- and low-resolution dictionaries
to construct the mapping relationship, the performance in
this experiment is worse than our method. StfNet has a
deep network layers; however, it is difficult to converge

due to directly training the mapping relationship between
high- and low-resolution images, which also leads to network
instability. Our method through residual network not only
improves the stability of the network but also enhances the
accuracy of the fusion results.

4. Conclusion

In this paper, we propose a residual convolution neural net-
work to predict Landsat-like image, and the method can be
applied to the case where there is only a pair of prior images.
This methodmainly includes two steps: firstly, use the known
MODIS-Landsat image pair to train the residual convolu-
tional neural network and secondly, input MODIS image at
predicted phase to reconstruct Landsat-like image. Com-
pared with the several benchmark algorithms (STARFM,
FSDAF, Fit-FC, ESTARFM, SPSTFM, and SftNet), our
method has the advantages of learning algorithm, which
takes the image patch as the reconstruction unit and con-
siders the continuity between adjacent pixels. Training the
residual to construct the depth network not only enhances
the stability of the network but also improves the prediction
accuracy.

The spatiotemporal fusion methods based on learning
have greater prediction accuracy for heterogeneous regions.
In this paper, we use a multilayer convolution neural network
to extract spatial features. In the future work, we will try to
design more effective methods to extract spatial features to
improve the recognition ability of change information. In
recent years, deep learning has received extensive attention.

Table 2: Quantitative assessment for the second dataset.

Bands ESTARFM SPSTFM StfNet Our method

RMSE

Blue 0.0118 0.0112 0.0109 0.0104

Green 0.0139 0.0132 0.0128 0.0122

Red 0.0217 0.0208 0.0203 0.0196

NIR 0.0361 0.0332 0.0317 0.0301

SWIR1 0.0306 0.0288 0.0279 0.0268

SWIR2 0.0369 0.0356 0.0348 0.0340

Mean 0.0252 0.0238 0.0231 0.0222

CC

Blue 0.8512 0.8727 0.8837 0.8964

Green 0.8520 0.8729 0.8833 0.8951

Red 0.8537 0.8756 0.8864 0.8990

NIR 0.7131 0.7601 0.7824 0.8055

SWIR1 0.8519 0.8735 0.8843 0.8955

SWIR2 0.8725 0.8900 0.8987 0.9077

Mean 0.8324 0.8575 0.8698 0.8832

UIQI

Blue 0.8425 0.8622 0.8723 0.8847

Green 0.8431 0.8624 0.8719 0.8834

Red 0.8297 0.8483 0.8574 0.8688

NIR 0.7040 0.7500 0.7714 0.7940

SWIR1 0.8455 0.8655 0.8753 0.8858

SWIR2 0.8529 0.8667 0.8735 0.8810

Mean 0.8196 0.8425 0.8537 0.8663
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Deep learning needs a lot of data to train model. Because of
the characteristics of large amount of data and rich informa-
tion in remote sensing data, we can use the “big data” charac-
teristics of remote sensing data to train more effective
mapping relationship between MODIS and Landsat images
by deep learning training, so as to improve the prediction
accuracy. In addition, although the spatiotemporal fusion
models based on learning have outstanding performance,
but the calculation time is longer, which is also a “common
failure” based on the learning method. Therefore, our future
work will follow the idea of improving the accuracy of fusion
results and reducing computational complexity.

Data Availability

Data is not available for the following reasons: In this paper,
we received remote sensing data from Institute of Remote
Sensing Applications Chinese Academy of Sciences and con-
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the author cannot judge whether data is available or not.
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