
1 

This manuscript is a preprint and has submitted for publication in ISPRS Journal of 

Photogrammetry and Remote Sensing. Please note that, despite having undergone peer-

review, the manuscript has yet to be formally accepted for publication. Subsequent versions 

of this manuscript may have slightly different content. If accepted, the final version of 

this manuscript will be available via the ‘Peer-reviewed Publication DOI’ link on the right-

hand side of this webpage. Please feel free to contact any of the authors; we welcome 

feedback 

1 

2 

Virtual image patch-based cloud removal for Landsat images 3 

Zhanpeng Wanga, Yinghai Kea,b,c*, Demin Zhoua,b,c, Xiaojuan Lia,b,c, Lin Zhua,b,c, Huili 4 

Gonga,b,c 5 

a College of Resource Environment and Tourism, Capital Normal University, Beijing, 100048, 6 

China; 7 

b Beijing Laboratory of Water Resources Security, Capital Normal University, Beijing, 8 

100048, China9 

c Laboratory Cultivation Base of Environment Process and Digital Simulation, Capital Normal 10 

University, Beijing, 100048, China. 11 

12 

13 

14 

Corresponding Author: Yinghai Ke, Ph. D, yke@cnu.edu.cn 15 

16 
17 

mailto:yke@cnu.edu.cn


2 
 

Virtual image patch-based cloud removal for Landsat images 18 

 19 

Abstract 20 

The inevitable thick cloud contamination in Landsat images has severely limited the usability 21 

and applications of these images. Developing cloud removal algorithms has been a hot research 22 

topic in recent years. Many previous algorithms used one or multiple cloud-free images in the 23 

same area acquired on other dates as reference image(s) to reconstruct missing pixel values. 24 

Although it has been widely recognized that reference image(s) has great impacts on the 25 

performances of cloud removal algorithms, it still remains challenging to determine the optimal 26 

reference image(s). In addition, abrupt land cover change can substantially degrade the 27 

reconstruction accuracies. To address these issues, we present a new cloud removal algorithm 28 

called Virtual Image patch-based Cloud Removal (VICR). For each cloud region, VICR 29 

reconstructs the missing surface reflectance by three steps: virtual image patch construction 30 

based on time-series reference images, similar pixel selection using the newly proposed 31 

temporally weighted spectral distance (TWSD), and residual image estimation. By establishing 32 

two buffer zones around the cloud region, VICR allows automatic selection of the optimal set 33 

of time-series reference images. The effectiveness of VICR was validated at four testing sites 34 

with different landscapes (i.e., urban, croplands and wetlands) and land change patterns (i.e., 35 

phenological change, abrupt change cause by flooding and tidal inundation), and the 36 

performances were compared with mNSPI (modified neighborhood similar pixel interpolator), 37 

WLR (weighted linear regression) and ARRC (AutoRegression to Remove Clouds). 38 

Experimental results showed that VICR outperformed the other algorithms and achieved lower 39 
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Root Mean Square Errors in surface reflectance estimation at the four sites. The improvement 40 

is particularly noticeable at the sites with abrupt land change. By considering the difference in 41 

the contributions from each reference image, TWSD improved the ability of VICR in predicting 42 

abrupt change in surface reflectance. Moreover, VICR is more robust to different cloud sizes 43 

and to changing reference images. VICR is also computationally faster than ARRC and mNSPI. 44 

The framework for time-series image cloud removal by VICR has great potential to be applied 45 

for large datasets processing.  46 

Keywords: Cloud removal; Virtual image; TWSD; Time-series images; Landsat 47 

 48 

1. Introduction 49 

Remote sensing imagery acquired by optical satellite sensors are important earth 50 

observation data sources and play irreplaceable roles in the studies of global climate change 51 

and natural resources management (Kokhanovsky, 2013; Nijland et al., 2019; Wang et al., 52 

2021b). Among the optical satellite sensors, the Landsat series, including Thematic Mapper 53 

(TM), Enhanced Thematic Mapper (ETM+), Operational Land Imager (OLI) are possibly one 54 

of the most widely used owing to their medium spatial resolution, regular revisit cycle and long-55 

term data continuity (Zhu et al., 2020; Huang et al., 2021). However, cloud contaminations in 56 

Landsat images are inevitable because approximately one-third of global land area is obscured 57 

by clouds. For some areas, the probability of cloud cover is even higher (Shen et al., 2015; Cao 58 

et al., 2020). Clouds and their shadows lead to significant reductions in the availability of valid 59 

observations and restrict real-time monitoring of land surface change (Wang et al., 2021b; Li et 60 

al., 2021). Compared to thin clouds, thick clouds result in missing image values as they 61 
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completely block the electromagnetic energy reflected from the land surface. Reconstruction of 62 

the images covered by thick clouds and their shadows (hereafter we call cloud removal) has 63 

become a hot research topic for the purpose of wider application of time-series Landsat images 64 

(Shen et al., 2015; Chen et al., 2017; Luo et al., 2018; Zhang et al., 2021). 65 

The basic idea of cloud removal approaches is to predict unknown pixels in cloud/shadow 66 

areas with the assist of known information. According to the sources of auxiliary information, 67 

cloud removal methods can be divided into three categories: (1) single image-based methods, 68 

(2) multi-sensor image-based methods, and (3) single-sensor reference image(s)-based methods. 69 

Single image-based methods restore cloud pixels based on the assumption that the missing data 70 

and the surrounding cloudless data share the same statistical distribution or geometric structures. 71 

Typical methods include spatial interpolation (Siravenha et al., 2011; Li et al., 2014), and deep 72 

learning algorithms such as Generative Adversarial Networks (Xu et al., 2021; Zheng et al., 73 

2021). These methods do not require additional data source, while produce unreliable results 74 

for large cloud (Cao et al., 2020; Zhang et al., 2021; Zheng et al., 2021). The second category 75 

of methods uses auxiliary information from different sensors such as synthetic aperture radar 76 

(SAR) images that are less affected by cloud, or MODIS images that have short revisit cycle 77 

(Li et al., 2019; Shen et al., 2019; Gao et al., 2021; Meraner et al., 2020). Due to radiometric 78 

inconsistencies and spatial resolution discrepancies, these methods have limited performances 79 

in areas with complex spatial patterns (Li et al., 2019; Shen et al., 2019; Meraner et al., 2020). 80 

Single-sensor reference image(s)-based methods utilize cloud-free images acquired by the same 81 

sensor on other date(s) as reference image(s). The spectral and spatial relationships between the 82 

neighboring pixels and the cloud pixels (also called target pixels) are quantified based on the 83 
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reference image(s) and used to fill the missing values (Chen et al., 2011; Zhu et al., 2012; Zeng 84 

et al., 2013; Vuolo et al., 2017; Malek et al., 2018; Cao et al., 2020; Zhang et al., 2020; Zhang 85 

et al., 2021; Xu et al., 2022). As images acquired by the same sensor (e.g., Landsat 86 

TM/ETM+/OLI) are not affected by radiometric or geometric inconsistencies, this type of 87 

methods has become the mainstream for thick cloud removal. Representative and commonly 88 

used methods include Neighborhood Similar Pixel Interpolator (NSPI) (Chen et al., 2011), 89 

improved neighborhood similar pixel interpolator (mNSPI) (Zhu et al., 2012) and weighted 90 

linear regression model (WLR) (Zeng et al., 2013).  91 

Most previous research relied on one cloudless image as the reference image (Zhu et al., 92 

2012; Cheng et al., 2014; Zhang et al., 2018; Xu et al., 2022). The reconstruction accuracies 93 

depend on the similarity between the reference image and the cloud image. Generally, larger 94 

time interval between the reference image and the cloud image indicates weaker correlation 95 

between them (Lin et al., 2013; Du et al., 2019). Recent methods proposed utilization of multi-96 

temporal reference images (Chen et al., 2017; Cao et al., 2020; Zhang et al., 2020). For example, 97 

Chen et al. (2017) sorted multi-temporal reference images and utilized the most similar three 98 

reference images. Cao et al. (2020) proposed AutoRegression to Remove Cloud (ARRC) 99 

algorithm which uses multi-year (normally 3-4 years) Landsat surface reflectance time series 100 

to restore missing data. Zhang et al. (2020) proposed a spatio-temporal patch group deep 101 

learning framework based on multi-temporal images. Incorporation of multiple reference 102 

images effectively reduce the dependency on a single reference image. However, it is still 103 

difficult to determine the optimal set of reference images because too much dependency on time 104 

series reference information might lead to adverse effect when abrupt land cover change 105 
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occurred in the cloud image (Cao et al., 2020; Zhang et al., 2021).  106 

Another key to the success of cloud removal algorithms is how to integrate the reference 107 

information to fill the missing values. Two types of strategies, i.e., pixel-based and patch-based 108 

strategies have been proposed. Pixel-based strategy aims to predict values of each target pixel 109 

based on neighboring pixels. Similarity metrics between neighboring pixels and the target pixel 110 

are usually developed to select similar neighboring pixels and to predict target pixel value (Zhu 111 

et al., 2012; Cheng et al., 2014; Chen et al., 2017 ;Cao et al., 2020). However, it is difficult to 112 

determine whether the similar pixels are still similar to the target pixel at the time of cloud 113 

image acquisition. Abrupt land cover change can lead to obvious change in the target cloud 114 

pixel, thus utilization of “similar” pixels during other time leads to reconstruction errors (Chen 115 

et al., 2018; Li et al., 2019). To alleviate the errors, reference images with greater similarities 116 

with the targe image should be paid greater attention in similar pixel selection. Patch-based 117 

strategy involves learning relationships between pairs of cloudless and the simulated cloud-118 

contaminated image patches as training datasets. Deep learning models, such as spatio-temporal 119 

patch group deep learning framework have been developed (Zhang et al., 2020). However, to 120 

date the proposed deep learning models primarily aimed to restore textural and structure 121 

patterns in the target image rather than achieve high accuracy of the surface reflectance 122 

estimation of individual pixels (Zhang et al., 2020; Zhang et al., 2021; Xu et al., 2022). For 123 

example, Xu et al. (2022) reconstructed Landsat Level-1 digital number images and the 16-bit 124 

images were down sampled to 8-bit. In addition, requirements for large number of training 125 

datasets and the complex parameter settings of deep learning restrict its wide applications for 126 

operational cloud removal. 127 
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In this study, we propose a new cloud removal algorithm for Landsat surface reflectance 128 

(SR) images that we call Virtual Image patch-based Cloud Removal (VICR). It combines patch-129 

based virtual image construction and pixel-based prediction by using temporal, spectral and 130 

spatial information in time-series reference images. The idea of virtual image is to produce a 131 

synthesis reference image patch based on time-series reference images, which is closer to the 132 

image at the prediction time than any of the original reference images. Although the concept of 133 

virtual image was developed for spatio-temporal fusion of Landsat and MODIS data (Wang et 134 

al., 2020), it is introduced in cloud removal for the first time. In addition, VICR provides two 135 

functions different from previous cloud removal algorithms: (1) it allows automatic selection 136 

of the optimal set of temporal reference images; (2) it provides a new similarity index, namely 137 

temporal weighted spectral distance (TWSD), for similar pixel selection that aims to reduce 138 

prediction errors caused by temporal changes. We expect VICR to achieve more stable cloud 139 

removal performance in landscapes with complex spatial pattern and abrupt change than the 140 

previous cloud removal algorithms based on temporal reference image(s). In addition, we 141 

expect that VICR is computational efficient and can be practically applied for cloud removal 142 

for time-series images.  143 

2. Virtual image patch-based Cloud Removal (VICR) algorithm 144 

VICR performs cloud removal for each cloud region separately. The basic idea of VICR 145 

is that Landsat SR image patch at band n within a cloud region can be reconstructed by a virtual 146 

image patch that is transformed from time-series reference image patches and a residual image. 147 

𝑳𝑳�𝑝𝑝_𝑐𝑐𝑐𝑐(𝑛𝑛) = 𝑳𝑳𝑣𝑣_𝑐𝑐𝑐𝑐(𝑛𝑛) + 𝜸𝜸𝑐𝑐𝑐𝑐(𝑛𝑛)                        (1) 148 

where 𝑳𝑳�𝑝𝑝_𝑐𝑐𝑐𝑐(𝑛𝑛) indicates the Landsat SR image patch within the cloud region at band n at 149 
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target time, 𝑳𝑳𝑣𝑣_𝑐𝑐𝑐𝑐(𝑛𝑛)  indicates the virtual surface reflectance image patch at band n, and 150 

𝜸𝜸𝑐𝑐𝑐𝑐(𝑛𝑛) indicates the residual image patch.  151 

As illustrated in Fig.1, VICR includes three main steps: (1) construct the virtual image 152 

patch 𝑳𝑳𝑣𝑣_𝑐𝑐𝑐𝑐(𝑛𝑛)  in the cloud region by local linear transformation of time-series reference 153 

images; in this step, the optimal set of reference images are determined (Section 2.1); (2) for 154 

each pixel in the cloud region, select similar pixels in the neighborhood of the cloud region with 155 

TWSD (Section 2.2); (3) construct residual image 𝜸𝜸𝑐𝑐𝑐𝑐(𝑛𝑛) for cloud region based on similar 156 

pixels and then predict SR image 𝑳𝑳�𝑝𝑝_𝑐𝑐𝑐𝑐(𝑛𝑛) in the cloud region (Section 2.3).  157 

 158 
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Fig. 1. The flowchart of VICR 159 

2.1 Construct virtual image patch 160 

VICR constructs virtual image patch within cloud region for each band. For band n, 161 

𝑳𝑳𝑣𝑣_𝑐𝑐𝑐𝑐(𝑛𝑛) is a linear transformation of time-series reference image patches in the same region. 162 

It can be expressed as: 163 

𝑳𝑳𝑣𝑣_𝑐𝑐𝑐𝑐(𝑛𝑛)= ∑ 𝑎𝑎𝑡𝑡(𝑛𝑛) ×  𝑳𝑳𝑡𝑡_𝑐𝑐𝑐𝑐(𝑛𝑛) + 𝑏𝑏(𝑛𝑛)𝑇𝑇
𝑡𝑡=1                        (2) 164 

where 𝑳𝑳𝑡𝑡_𝑐𝑐𝑐𝑐(𝑛𝑛) is the reference image patch in the cloud region acquired at time t. Note that 165 

𝑳𝑳𝑡𝑡_𝑐𝑐𝑐𝑐(𝑛𝑛) should be cloudless in the cloud region. T is the total number of reference images. 166 

𝑎𝑎𝑡𝑡(𝑛𝑛) is the coefficient of the tth reference image and 𝑏𝑏(𝑛𝑛) is a constant. Both parameters are 167 

to be estimated, and the optimal set of time-series reference image patches are to be determined.  168 

2.1.1 Estimation of 𝑎𝑎𝑡𝑡(𝑛𝑛) and 𝑏𝑏(𝑛𝑛) 169 

 To estimate 𝑎𝑎𝑡𝑡(𝑛𝑛) and 𝑏𝑏(𝑛𝑛), we assume that the image patch in the cloud region and its 170 

neighborhood image around the cloud region share the same transformation function. Therefore, 171 

we generate a buffer area outside the cloud region using dilation operation with a window size 172 

of 31×31 pixels (“imdilate” function in MATLAB). The buffer area has approximately 15 173 

pixels width, and we call it “buffer zone 1” (buf1) as illustrated in Fig. 2. Next, 𝑎𝑎𝑡𝑡(𝑛𝑛) and 174 

𝑏𝑏(𝑛𝑛)  are estimated using the linear regression model fitted between time-series reference 175 

image patches at time t and the image patch at the target time within buf1.  176 

𝑳𝑳𝑏𝑏𝑏𝑏𝑏𝑏1(𝑛𝑛)= ∑ 𝑎𝑎𝑡𝑡(𝑛𝑛) ×  𝑳𝑳𝑡𝑡_𝑏𝑏𝑏𝑏𝑏𝑏1(𝑛𝑛) + 𝑏𝑏(𝑛𝑛) + 𝜸𝜸𝑏𝑏𝑏𝑏𝑏𝑏1(𝑛𝑛)𝑇𝑇
𝑡𝑡=1               (3) 177 

where 𝑳𝑳𝑏𝑏𝑏𝑏𝑏𝑏1(𝑛𝑛)  represents the image within buf1 at band 𝑛𝑛  at the target time, and 178 

𝑳𝑳𝑡𝑡_𝑏𝑏𝑏𝑏𝑏𝑏1(𝑛𝑛)  represents the reference image within buf1 at band 𝑛𝑛  at time 𝑡𝑡 . 𝜸𝜸𝑏𝑏𝑏𝑏𝑏𝑏1(𝑛𝑛) 179 

represents the residual image of the band 𝑛𝑛 within buf1. 𝑎𝑎𝑡𝑡(𝑛𝑛) and 𝑏𝑏(𝑛𝑛) are derived using 180 
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the least squares method.  181 

 182 

Fig. 2. Establishment of buffer zone 1 (buf1), buffer zone 2 (buf2) around the cloud region. 183 

2.1.2 Selection of the optimal set of time-series reference images 184 

In the above process, it is clear that the number and the acquisition time of the reference 185 

images affect the accuracy of regression fitting. We expect that a set of reference images can be 186 

selected to minimize 𝜸𝜸𝑏𝑏𝑏𝑏𝑏𝑏1(𝑛𝑛) so that the virtual image estimated from Eq. 3 is as close as the 187 

real image at the target time. For this purpose, we build a new buffer area with the same window 188 

size outside buf1, which is called buffer zone 2 (buf2) (Fig. 2). The virtual image at the target 189 

time within buf2 (𝑳𝑳𝑣𝑣_𝑏𝑏𝑏𝑏𝑏𝑏2) is obtained through the regression parameters 𝑎𝑎𝑡𝑡(𝑛𝑛), 𝑏𝑏(𝑛𝑛) and the 190 

reference images within buf2 (𝑳𝑳𝑡𝑡_𝑏𝑏𝑏𝑏𝑏𝑏2(𝑛𝑛)) (Eq. 4).  191 

𝑳𝑳𝑣𝑣_𝑏𝑏𝑏𝑏𝑏𝑏2(𝑛𝑛)= ∑ 𝑎𝑎𝑡𝑡(𝑛𝑛) ×  𝑳𝑳𝑡𝑡_𝑏𝑏𝑏𝑏𝑏𝑏2(𝑛𝑛) + 𝑏𝑏(𝑛𝑛)𝑇𝑇
𝑡𝑡=1                   (4) 192 

We hope that 𝑳𝑳𝑣𝑣_𝑏𝑏𝑏𝑏𝑏𝑏2 is very close to the real image at the target time 𝑳𝑳𝑏𝑏𝑏𝑏𝑏𝑏2. We assume 193 

that the reference image patches that yield the most accurate estimation of 𝑳𝑳𝑣𝑣_𝑏𝑏𝑏𝑏𝑏𝑏2 result in 194 

the highest fitting accuracy in buf1 as well as in the cloud region. We call these reference images 195 

the optimal set of reference images. In this study, we take an iterative strategy to select the 196 

optimal set of reference images.  197 

Step 1. Select the image that is temporally closest to the target image and has no 198 



11 
 

cloud/shadow in the cloud region as the first reference image (t1 in Fig. 3). In case that two 199 

images are selected and have the same temporal interval with the target image, the image 200 

acquired before the target date is preferred as the first reference image. Then, calculate 201 

coefficients 𝑎𝑎1(𝑛𝑛) and 𝑏𝑏(𝑛𝑛) by Eq.3.  202 

Step 2. Calculate 𝑳𝑳𝑣𝑣_𝑏𝑏𝑏𝑏𝑏𝑏2(𝑛𝑛) using the coefficients (Eq. 4) and then calculate the root 203 

mean square error of 𝑳𝑳𝑣𝑣_𝑏𝑏𝑏𝑏𝑏𝑏2 averaged over all bands (𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅��������1) following Eq. 5. 204 

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅��������  = 1
𝑁𝑁
∑ �∑ (𝑳𝑳𝑣𝑣_𝑏𝑏𝑏𝑏𝑏𝑏2(𝑥𝑥𝑘𝑘,𝑦𝑦𝑘𝑘,𝑛𝑛) - 𝑳𝑳𝑏𝑏𝑏𝑏𝑏𝑏2(𝑥𝑥𝑘𝑘,𝑦𝑦𝑘𝑘,𝑛𝑛))2𝐾𝐾

𝑘𝑘=1
𝐾𝐾

𝑁𝑁
𝑛𝑛=1             (5) 205 

where (𝑥𝑥𝑘𝑘, 𝑦𝑦𝑘𝑘) is the position of the 𝑘𝑘th pixel and 𝐾𝐾 represents the total number of pixels 206 

in buf2. 𝑁𝑁 represents the total number of image bands.  207 

Step 3. Select another image on the opposite side of the previous reference image date on 208 

the time axis (Fig. 3). If the image is cloud free within the cloud region, then consider it as the 209 

second reference image and add it in the input of Eq. 3 (t2 in Fig. 3); otherwise, skip it and go 210 

to the other side of the image on the time axis. Calculate 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅��������2 and compare it with 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅��������1. 211 

If 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅��������2 < 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅��������1, repeat Step 3 until 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅�������� does not continue to decline. At this time, it 212 

is considered that the selected images are the optimal set of time-series reference images. 213 

 214 

Fig. 3. An illustration of selection and sorting of reference images. The tick marks denote the image 215 

acquisition dates. The time interval between neighboring tick marks is 16 days. The red tick mark denotes 216 
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the date when the target image was acquired. The images on the grey tick marks have cloud pixels in the 217 

cloud region, therefore they are not considered as reference images. The images on the blue tick marks are 218 

cloud free within the cloud region. The arrows show the sequence of image selection. It starts from the 219 

temporally closest image before target date (shown in green square arrowhead), and then visit the image on 220 

the other side of target date. In this example, the images on t1, t2, …, and t7 are added as input in sequence. 221 

2.1.3 Generation of 𝑳𝑳𝒗𝒗_𝒄𝒄𝒄𝒄(𝒏𝒏) and 𝜸𝜸𝒃𝒃𝒃𝒃𝒃𝒃𝟏𝟏(𝒏𝒏) 222 

Based on the optimal set of time-series reference images, we can generate the virtual image 223 

in the cloud region at target time (𝑳𝑳𝑣𝑣_𝑐𝑐𝑐𝑐(𝑛𝑛))  using Eq. 2 and the residual image in buf1 224 

(𝜸𝜸𝑏𝑏𝑏𝑏𝑏𝑏1(𝑛𝑛)) using Eq. 3.  225 

2.2 Construct TWSD and select similar pixels 226 

In section 2.2 and 2.3, we aim to estimate residual image 𝜸𝜸𝑐𝑐𝑐𝑐(𝑛𝑛) for the cloud region. 227 

The residual of each pixel in the cloud region is estimated by weighted average of the residuals 228 

of its similar pixels in 𝜸𝜸𝑏𝑏𝑏𝑏𝑏𝑏1(𝑛𝑛). To capture the change in SR in temporal domain, we propose 229 

a new similarity index, i.e., temporal-weighted spectral distance (TWSD, Eq. 6), in which both 230 

spectral and temporal distances between pixels are considered. 231 

TWSD𝑖𝑖𝑖𝑖  = �
∑ ∑ |𝑎𝑎𝑡𝑡(𝑛𝑛)|∗[𝑳𝑳𝑡𝑡_𝑐𝑐𝑐𝑐(𝑥𝑥𝑖𝑖,𝑦𝑦𝑖𝑖,𝑛𝑛)−𝑳𝑳𝑡𝑡_𝑏𝑏𝑏𝑏𝑏𝑏1�𝑥𝑥𝑗𝑗,𝑦𝑦𝑗𝑗,𝑛𝑛�]2𝑁𝑁

𝑛𝑛=1
𝑇𝑇
𝑡𝑡=1

𝑁𝑁
                 (6) 232 

where (𝑥𝑥𝑖𝑖 ,𝑦𝑦𝑖𝑖) is the position of the 𝑖𝑖th pixel in the cloud region and (𝑥𝑥𝑖𝑖 ,𝑦𝑦𝑖𝑖) is the position 233 

of the 𝑗𝑗th pixel in buf1. TWSD𝑖𝑖𝑖𝑖 represents the distance between the 𝑖𝑖th pixel and the jth pixel 234 

in both spectral and temporal domain. Unlike previous spectral distance metrics (Zhu et al., 235 

2012; Chen et al., 2017; Cao et al., 2020), we incorporate the transformation coefficient 𝑎𝑎𝑡𝑡(𝑛𝑛) 236 

because the magnitude of 𝑎𝑎𝑡𝑡(𝑛𝑛) is highly related to the correlation between the image at the 237 

reference time t and the target time. Larger 𝑎𝑎𝑡𝑡(𝑛𝑛)  indicates higher contribution, thus the 238 
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neighboring pixels at time t should be given greater weights. For each pixel in the cloud region, 239 

we select the 20 pixels with the lowest TWSD (i.e., M = 20) as the similar pixels of the target 240 

pixel. These similar pixels are used to estimate the residuals of the target pixel and then to obtain 241 

the residual image in the cloud region. 242 

2.3 Estimate residual image and recover cloud image 243 

For a target pixel (𝑥𝑥𝑖𝑖 , 𝑦𝑦𝑖𝑖)  in the cloud region, its residual is estimated using linear 244 

weighted sum approach considering the spatial and spectral-temporal distances to its similar 245 

pixels. The spatial distance Dist𝑖𝑖𝑖𝑖  between the target pixel 𝑖𝑖  and its similar pixel 𝑗𝑗  is 246 

calculated as their Euclidean distance. 247 

Dist𝑖𝑖𝑖𝑖 = ��𝑥𝑥𝑖𝑖 − 𝑥𝑥𝑖𝑖�
2 + �𝑦𝑦𝑖𝑖 − 𝑦𝑦𝑖𝑖�

2
                         (7) 248 

We use TWSD𝑖𝑖𝑖𝑖 to represent the spectral-temporal distance between pixel 𝑖𝑖 and 𝑗𝑗. Then, 249 

Dist𝑖𝑖𝑖𝑖  and TWSD𝑖𝑖𝑖𝑖 are normalized through: 250 

𝐷𝐷𝑖𝑖𝑖𝑖  = Dist𝑖𝑖𝑗𝑗−min (Dist𝑖𝑖)
max(Dist𝑖𝑖)−min (Dist𝑖𝑖)

+ 1                           (8) 251 

𝑅𝑅𝑆𝑆𝑖𝑖𝑖𝑖= TWSD𝑖𝑖𝑗𝑗−min (TWSD𝑖𝑖)
max(TWSD𝑖𝑖)−min (TWSD𝑖𝑖)

+ 1                         (9) 252 

where 𝐷𝐷𝑖𝑖𝑖𝑖 and 𝑅𝑅𝑆𝑆𝑖𝑖𝑖𝑖 represent the normalized spatial distance and spectral-temporal distance 253 

respectively. Dist𝑖𝑖  and TWSD𝑖𝑖  represent the arrays composed of the spatial distances 254 

[Dist𝑖𝑖1, Dist𝑖𝑖2, … , Dist𝑖𝑖𝑖𝑖  ] and spectral-temporal distances [TWSD𝑖𝑖1, TWSD𝑖𝑖2, … , TWSD𝑖𝑖𝑖𝑖  ] 255 

between the target pixel 𝑖𝑖 and the M similar pixels, respectively (M=20). The max(·) and 256 

min(·) are to find the maximum and minimum values of the array. The weight 𝑤𝑤𝑖𝑖𝑖𝑖 of the 257 

similar pixel 𝑗𝑗 of the target pixel 𝑖𝑖 is calculated as: 258 

𝑤𝑤𝑖𝑖𝑖𝑖= 1/(𝐷𝐷𝑖𝑖𝑗𝑗𝑆𝑆𝑇𝑇𝑖𝑖𝑗𝑗)
∑ 1/(𝐷𝐷𝑖𝑖𝑗𝑗𝑆𝑆𝑇𝑇𝑖𝑖𝑗𝑗)𝑀𝑀
𝑗𝑗=1

                              (10) 259 

Finally, for the cloud region we obtain the residual value of the target pixel i by weighted 260 
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summation of the residuals of the similar pixels in buf1. 261 

𝜸𝜸𝑐𝑐𝑐𝑐(𝑥𝑥𝑖𝑖 ,𝑦𝑦𝑖𝑖 ,𝑛𝑛)=∑ 𝑤𝑤𝑖𝑖𝑖𝑖 × 𝜸𝜸𝑏𝑏𝑏𝑏𝑏𝑏1�𝑥𝑥𝑖𝑖 ,𝑦𝑦𝑖𝑖 ,𝑛𝑛�𝑖𝑖
𝑖𝑖=1                        (11) 262 

When the residual image of the cloud area 𝜸𝜸𝑐𝑐𝑐𝑐(𝑛𝑛) is constructed, it is added to the virtual 263 

image 𝑳𝑳𝑣𝑣_𝑐𝑐𝑐𝑐  obtained in Eq. 1 to predict the cloud free image in the cloud region 𝑳𝑳�𝑝𝑝_𝑐𝑐𝑐𝑐 . 264 

Following the above procedures, we reconstruct each cloud region separately. Once the image 265 

patches in all cloud regions are reconstructed, they are combined to obtain the final cloud-free 266 

image scene. 267 

3. Experimental data and evaluation 268 

3.1 Testing sites 269 

Four sites with different landscape heterogeneities and land change patterns were selected 270 

to evaluate the VICR method. The first site is at the Jianghan Plain in Hubei Province, China 271 

(112.8°E, 30.2°N). This site is an important agricultural production area in Central China. The 272 

crop types are dominated with rapeseed and paddy rice rotations (Tao et al., 2019; Fang et al., 273 

2021) and the croplands are fragmented, presenting heterogeneous spatial patterns. The second 274 

site is in the Lower Gwydir Catchment, Australia (149.36°E, 29.08°S). Land use include 275 

grazing, dryland cropping, horticulture, and irrigated lands (Shi et al., 2014). A flood event 276 

occurred in mid-December 2004, resulting in an abrupt land cover change shown on the Landsat 277 

5 TM image on December 12th, 2004. The third site covers urban and suburban areas in Beijing 278 

(116.45°E, 39.95°N), China, presenting great spatial heterogeneity and vegetation phenological 279 

dynamics. The fourth site is at the coastal wetland in Yellow River Delta in Shandong Province, 280 

China (119.2°E, 37.75°N). As an area with intense land sea interactions, land surface reflectance 281 

changes frequently due to tidal inundation and sediment accumulation. In recent years, the 282 
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landscape patterns in the Yellow River Delta have changed dramatically due to rapid expansion 283 

of an invasive plant species Spartina alterniflora (Wang et al., 2021).  284 

3.2 Landsat data and preprocessing 285 

To evaluate the VICR method, we selected a cloud-free Landsat imagery at each site and 286 

simulated a cloud region (hereafter we call target image) (Fig. 4). The cloud region has around 287 

90,000~100,0000 pixels. Time-series Landsat images with cloud cover less than 80% acquired 288 

before and after the target date were considered as candidate reference images. All Landsat 289 

images were Collection 1 Tier 1 Level 2 surface reflectance products downloaded from Google 290 

Earth Engine. For each Landsat image, we used the quality assurance band to detect cloud and 291 

cloud shadow regions and mask them. We did not use Landsat 7 ETM+ images because the 292 

images had missing strips after the scan-line corrector failed in 2003.  293 

(A) Jianghan Plain 

         
       Actual image (09/14/15)                     Cloud-simulated image    
(B) Lower Gwydir Catchment 
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       Actual image (12/12/04)                      Cloud-simulated image    
(C) Beijing 

         
       Actual image (09/12/17)                      Cloud-simulated image    
(D) Yellow River Delta  

         
       Actual image (07/31/18)                      Cloud-simulated image    

Fig. 4. Actual images and cloud-simulated images in standard false color composition over (A) Jianghan 294 

Plain (Landsat 8 OLI), (B) Lower Gwydir Catchment (Landsat 5 TM), (C) Beijing (Landsat 8 OLI), and (D) 295 

Yellow River Delta (Landsat 8 OLI). Acquisition dates are in the parentheses in the format of MM/DD/YY. 296 
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The image sizes for the testing sites A-C are 1200×1200 pixels, and that of testing site D is 1397×1234 297 

pixels. The number of simulated cloud pixels in (A-D) are 93312, 107529, 89813, and 103174, respectively. 298 

 299 

3.3 Assessment metrics 300 

The performance of VICR was evaluated by comparing the reconstructed images and the 301 

actual image in cloud region. Quantitative assessment was conducted using Correlation 302 

Coefficient (CC), Root Mean Square Error (RMSE) and Structural Similarity Index Measure 303 

(SSIM). CC represents the degree of agreement between the estimation and the real value. 304 

RMSE measures the statistical difference of pixel values between the predicted image and the 305 

real image. SSIM evaluates the overall structure similarity between the two images (Zhou et al., 306 

2004). The quantitative evaluation was carried out for six bands of Landsat OLI/TM sensors, 307 

i.e., blue, green, red, near infrared red (NIR), short-wave infrared 1 (SWIR1) and short-wave 308 

infrared 2 (SWIR2) bands.  309 

4. Experiment design and results 310 

Seven experiments were designed to evaluate the performances of VICR method from 311 

multiple aspects. Experiment I (Section 4.1) aimed to verify the reliability of the automatic 312 

selection of optimal reference images. Experiment II (Section 4.2) evaluated the effectiveness 313 

of the TWSD metrics. Experiment III (Section 4.3) compared the accuracies of VICR with 314 

ARRC, mNSPI and WLR algorithms. Experiment IV (Section 4.4) evaluated the sensitivity of 315 

reconstruction accuracy to reference image compared to ARRC, mNSPI and WLR. Experiment 316 

V (Section 4.5) analyzed the influence of different cloud sizes on the stability of the accuracies. 317 

Experiment VI (Section 4.6) used real cloud-contaminated images for cloud removal and 318 

compared the reconstruction effects with ARRC, mNSPI and WLR. Meanwhile, taking 319 
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Jianghan Plain and Yellow River Delta as examples, the time-series NDVIs were constructed 320 

and compared with the NDVI from MODIS (MOD13Q1). Experiment VII (Section 4.7) 321 

compared the computation efficiencies of VICR with ARRC, mNSPI and WLR methods.  322 

We selected mNSPI, WLR and ARRC for comparison because they all involved using both 323 

temporal and spatial auxiliary information in reference image(s) for cloud removal. mNSPI and 324 

WLR are based on a single reference image and have been widely used. The source codes are 325 

publicly available (mNSPI: https://xiaolinzhu.weebly.com/; WLR: 326 

http://sendimage.whu.edu.cn/send-resource-download/). mNSPI is provided in IDL code, and 327 

WLR is provided with an executable program. ARRC is a recently proposed cloud removal 328 

method based on time series Landsat images (Cao et al., 2020). It combines predictions from a 329 

long-term component using autoregression of time series observations (3 years of Landsat 330 

images were used as recommended by ARRC) and a short-term component based on a single 331 

cloudless reference image. As the source code is not available, we rewrote ARRC on MATLAB. 332 

VICR was also coded on MATLAB. All processes in this study were carried out on a 333 

workstation (Dell-T8520, CPU: i9-10900X 3.70GHz, RAM: 32GB). 334 

4.1 Experiment I: Assessment on the selection of optimal set of reference images 335 

4.1.1 Experiment design 336 

VICR uses the fitting parameters obtained from buf1 to predict virtual image in buf2 337 

(𝑳𝑳𝑣𝑣_𝑏𝑏𝑏𝑏𝑏𝑏2) at the target time, and the RMSE between the 𝑳𝑳𝑣𝑣_𝑏𝑏𝑏𝑏𝑏𝑏2 and the actual image in buf2 338 

(𝑳𝑳𝑏𝑏𝑏𝑏𝑏𝑏2) was used to guide determination of the optimal set of time-series reference images. The 339 

basic assumption is that with changing reference images the prediction errors in the cloud region 340 

present the same variation patterns as the 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅�������� s of 𝑳𝑳𝑣𝑣_𝑏𝑏𝑏𝑏𝑏𝑏2 , because buf2 and the cloud 341 

https://xiaolinzhu.weebly.com/
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region are spatially close. To justify the assumption, we conducted VICR based on the input of 342 

1 to 12 reference images. The reference images were selected and added to the reference image 343 

list following the procedures in Section 2.1 (Fig. 3), and the order of the input images is shown 344 

in Table 1. The 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅�������� of 𝑳𝑳𝑣𝑣_𝑏𝑏𝑏𝑏𝑏𝑏2, the 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅�������� of the virtual image in the cloud region (𝑳𝑳𝑣𝑣_𝑐𝑐𝑐𝑐), 345 

and the 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅�������� of the reconstructed image in the cloud region (𝑳𝑳�𝑝𝑝_𝑐𝑐𝑐𝑐) were calculated for four 346 

testing sites, respectively.  347 

Table 1. Reference images and their input orders for VICR in Jianghan Plain, Lower Gwydir Catchment, 348 

Beijing and Yellow River Delta. 349 

Jianghan Plain Lower Gwydir Catchment Beijing  Yellow River Delta 

Reference image Order Reference image Order Reference image Order Reference image Order 

11/14/14 11 08/06/04 11 03/04/17 11 05/25/17 12 

12/16/14 10 08/22/04 10 04/21/17 8 07/12/17 10 

01/17/15 8 09/23/04 8 05/07/17 6 09/30/17 9 

03/22/15 6 10/09/04 6 05/23/17 4 01/20/18 6 

07/28/15 3 10/25/04 4 07/10/17 2 03/09/18 5 

Target image: 09/14/15 11/26/04** 1 Target image: 09/12/17 06/29/18** 2 

10/16/15* 1 Target image: 12/12/04 09/28/17* 1 Target image: 07/31/18 

11/01/15** 2 12/28/04* 2 10/30/17** 3 08/16/18* 1 

02/05/16 4 01/13/05 3 11/15/17 5 09/17/18 3 

05/11/16 5 01/29/05 5 12/01/17 7 10/03/18 4 

04/09/16 7 02/14/05 7 12/17/17 9 03/12/19 7 

08/31/16 9 03/02/05 9 01/02/18 10 04/13/19 8 

12/05/16 12 04/03/05 12 02/03/18 12 05/31/19 11 

Image date in MM/DD/YY 

* represents the cloudless reference image for mNSPI, WLR and ARRC short-term components in Experiment III. 

** represents the cloudless reference image for mNSPI, WLR and ARRC short-term components when the image * is not 

available in Experiment IV. 

4.1.2 Experiment results 350 

In general, the 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅�������� s of 𝑳𝑳𝑣𝑣_𝑏𝑏𝑏𝑏𝑏𝑏2 , 𝑳𝑳𝑣𝑣_𝑐𝑐𝑐𝑐  and 𝑳𝑳�𝑝𝑝_𝑐𝑐𝑐𝑐  show consistent pattern with 351 

increasing number of reference images (Fig. 5). They all present decreasing trend with first a 352 

few reference images and then gradually stabilize. For Beijing, the 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅��������s of 𝑳𝑳𝑣𝑣_𝑏𝑏𝑏𝑏𝑏𝑏2, 𝑳𝑳𝑣𝑣_𝑐𝑐𝑐𝑐 353 

and 𝑳𝑳�𝑝𝑝_𝑐𝑐𝑐𝑐 all reach the minimum when 3 reference images were used as input (Fig. 5c). For 354 
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Jianghan Plain, Lower Gwydir Catchment and Yellow River Delta, the 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅��������  of 𝑳𝑳𝑣𝑣_𝑏𝑏𝑏𝑏𝑏𝑏2 355 

stops decreasing when the 7th, 6th and 6th reference image was added, respectively (Fig. 5a, b, 356 

d). This means that the first 7, 6, and 6 images were selected as the optimal set of reference 357 

images for the three sites, respectively. With these reference images, unfortunately, the 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅�������� 358 

of 𝑳𝑳�𝑝𝑝_𝑐𝑐𝑐𝑐 are not the minimum. For Jianghan Plain, Lower Gwydir Catchment and Yellow River 359 

Delta, the 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅��������  of 𝑳𝑳�𝑝𝑝_𝑐𝑐𝑐𝑐  reaches the minimum with 4, 11 and 10 reference images, 360 

respectively (Figure 5a, b, d). However, little difference is found between the minimum 361 

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅�������� and the 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅��������  resulted from the optimal set of reference images (1.43×10-4 for 362 

Jianghan Plain, 0.3×10-4 for Beijing, and 4.5×10-4 for Yellow River Delta), indicating that 363 

good accuracies are still achieved with the optimal set of reference images.  364 

Fig. 5 shows that the first a few reference images temporally close to the target date had 365 

more contribution than those images farther from the target date. The 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅��������s first decreased 366 

substantially and then had little change or even increased slightly. It seems that more reference 367 

images do not necessarily lead to higher accuracies. For instance, for Beijing the 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅��������s of 368 

𝑳𝑳�𝑝𝑝_𝑐𝑐𝑐𝑐 show slight increase when more than 3 reference images were used as input; for Lower 369 

Gwydir Catchment, the 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅�������� from 12 reference images is higher than that from 6 and 11 370 

reference images. In addition, we observe that the 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅�������� of 𝑳𝑳�𝑝𝑝_𝑐𝑐𝑐𝑐 is much lower than that of 371 

𝑳𝑳𝑣𝑣_𝑐𝑐𝑐𝑐 regardless of the number of reference images, suggesting that the estimation of residual 372 

image based on similar pixels is critical for the estimation of 𝑳𝑳�𝑝𝑝_𝑐𝑐𝑐𝑐. 373 
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 374 

Fig. 5. 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅��������s of the virtual image in the buffer zone 2 (𝑳𝑳𝑣𝑣_𝑏𝑏𝑏𝑏𝑏𝑏2), the virtual image in the cloud region 375 

(𝑳𝑳𝑣𝑣_𝑐𝑐𝑐𝑐), and the reconstructed image in the cloud region 𝑳𝑳�𝑝𝑝_𝑐𝑐𝑐𝑐 resulted from one to twelve reference 376 

images. The minimum RMSEs of 𝑳𝑳𝑣𝑣_𝑏𝑏𝑏𝑏𝑏𝑏2 and 𝑳𝑳�𝑝𝑝_𝑐𝑐𝑐𝑐 are marked with triangles. 377 

4.2 Experiment II: Assessment on TWSD 378 

4.2.1 Experiment design 379 

VICR uses TWSD to select similar pixels in buf1 and to estimate residuals for the target 380 

pixels in cloud region. The newly proposed TWSD considers the spectral similarity between 381 

pixels in temporal domain. To test the efficacy of TWSD, we compared the TWSD to spectral 382 

distance (𝑅𝑅𝐷𝐷) that has been widely used for similar pixel selection in cloud removal algorithms 383 

such as NSPI, mNSPI, STWR and the ARRC short-term component. Apart from similar pixel 384 

selection, these algorithms also used 𝑅𝑅𝐷𝐷 to quantify the contribution of the similar pixels to 385 

the target pixel. In this experiment, we designed four scenarios.  386 
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Scenario 1: 𝑅𝑅𝐷𝐷 is used for both similar pixel selection and residual allocation (substitute 387 

TWSD in Eq. 9 with 𝑅𝑅𝐷𝐷) based on virtual images in cloud region and buf1. The formulation 388 

of 𝑅𝑅𝐷𝐷 is listed in Eq. 12.  389 

Scenario 2: 𝑅𝑅𝐷𝐷 is used to select similar pixels, and TWSD is used to allocate residuals. 390 

Scenario 3: TWSD is used to select similar pixels, and 𝑅𝑅𝐷𝐷 is used to allocate residuals.  391 

Scenario 4: TWSD is used for both similar pixel selection and residual allocation (VICR). 392 

   𝑅𝑅𝐷𝐷𝑖𝑖𝑖𝑖  = �
∑ [𝑳𝑳𝑣𝑣_𝑐𝑐𝑐𝑐(𝑥𝑥𝑖𝑖,𝑦𝑦𝑖𝑖,𝑛𝑛)−𝑳𝑳𝑣𝑣_𝑏𝑏𝑏𝑏𝑏𝑏1�𝑥𝑥𝑗𝑗,𝑦𝑦𝑗𝑗,𝑛𝑛�]2𝑁𝑁
𝑛𝑛=1

𝑁𝑁
                     (12) 393 

For each site and each band of Landsat image, the cloud-removed image in cloud region 394 

was compared with the actual image, and RMSE was calculated. By comparing the RMSEs of 395 

reconstruction results, the role of TWSD in similar pixel selection and residual redistribution is 396 

analyzed.  397 

4.2.2 Experiment results 398 

Fig. 6 shows that TWSD for both similar pixel selection and residual allocation (Scenario 399 

4) achieved the lowest RMSE for the four testing sites (except for the NIR and SWIR1 image 400 

in Beijing), while Scenario 1 produced the highest RMSE. When TWSD was used for similar 401 

pixel selection (Scenario 3 and 4), the reconstruction accuracies were significantly improved 402 

regardless which metrics was used for residual allocation (Scenario 3 vs. Scenario 1; Scenario 403 

4 vs. Scenario 2). When 𝑅𝑅𝐷𝐷 was used for similar pixel selection, TWSD used for residual 404 

estimation slightly improved the reconstruction accuracy (Scenario 2 vs. Scenario 1). Compared 405 

to the other three testing sites, the Lower Gwydir Catchment which experienced abrupt land 406 

change witnessed greater accuracy improvement when TWSD was used for similar pixel 407 

selection (Fig. 6b). This suggests that the similarity between similar pixels and target pixels 408 
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plays a critical role in reconstruction, especially for the images with great land change.  409 

 410 

Fig. 6. RMSEs of the reconstructed cloud image at each band for (a) Jianghan Plain, (b) Lower Gwydir 411 

Catchment, (c) Beijing and (d) Yellow River Delta at four scenarios where spectral distance (SD) and/or 412 

temporally weighted spectral distance (TWSD) for similar pixel selection and/or residual allocation.  413 

 414 

4.3 Experiment III: Quantitative evaluation and comparison with other cloud-removal 415 

methods 416 

4.3.1 Experiment design 417 

To evaluate the performance of VICR, we compared the reconstruction accuracies of VICR 418 

with those of mNSPI, WLR and ARRC. We conducted two sub-experiments. The first one was 419 

performed on the cloud-simulated images in Table 1. For mNSPI, WLR, and ARRC short-term 420 

component, we used the cloud free image that was closest to the cloud contaminated image as 421 

reference image (Table 1, Fig. S1). The second sub-experiment was performed for each site on 422 
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another cloud simulated image (Table S1). On these images, three cloud regions with a total of 423 

over 120, 000 pixels were generated and randomly distributed across the image (Fig. S2). For 424 

both sub-experiments, 20 similar pixels were selected for VICR, mNSPI, WLR and ARRC 425 

short-term component for fair comparison. CC, RMSE and SSIM were calculated for the cloud 426 

regions and used as quantitative metrics. For the second sub-experiment, the values of the 427 

quantitative metrics for each cloud region were averaged.  428 

4.3.2 Experiment results 429 

Due to space limitation, the results of the second sub-experiment are shown in 430 

supplementary materials (Fig. S2 and S3). Here we display the results of the first sub-431 

experiments. Generally, the reconstructed images from VICR are visually more similar to the 432 

actual image than those from mNSPI, WLR and ARRC (Fig. 7). For example, for the patchy 433 

croplands in Jianghan Plain, the cloud-removed images from WLR and ARRC show poorer 434 

spatial heterogeneities and obviously smoother effects than VICR. Some fallow croplands are 435 

not well reconstructed. Both VICR and mNSPI better restore spatial details, while VICR 436 

obviously show higher spectral similarities with the actual image. For Lower Gwydir 437 

Catchment site where flooding caused significant land cover change, the cloud-removed images 438 

from mNSPI, WLR and ARRC are more similar to the reference image (Fig. S1). In comparison, 439 

the predicted image from VICR shows better spectral similarity with the actual image in part of 440 

the flood-inundated region. For Beijing site where the land change in urban areas is relatively 441 

small, the results from the four methods are close. For the Yellow River Delta, the results from 442 

mNSPI, WLR and ARRC demonstrate obvious spectral and texture discrepancies from the 443 

actual image and the tidal creeks were not well restored. In contrast, VICR generated more 444 
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visually satisfactory results where tidal creeks and tidal flats are kept intact. 445 

(A) Jianghan Plain 

 
  Actual image         mNSPI            WLR            ARRC           VICR 

(B) Lower Gwydir Catchment 

 
  Actual image         mNSPI            WLR            ARRC           VICR 

(C) Beijing 

 
  Actual image         mNSPI            WLR            ARRC           VICR 

(D) Yellow River Delta 

 
  Actual image         mNSPI            WLR            ARRC           VICR 
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Fig. 7. Visual comparisons between mNSPI, WLR, ARRC, and VICR the cloud-simulated images over (A) 446 

Jianghan Plain, (B) Lower Gwydir Catchment, (C) Beijing and (D) Yellow River Delta. 447 

Quantitative assessment results are shown in Fig. 8. In general, VICR presents much better 448 

performances (lower RMSE, higher CC and SSIM) than mNSPI and WLR for all sites at all 449 

bands. The decrease in RMSEs ranges from 0.0014 to 0.0223 compared to mNSPI, and ranges 450 

from 0.0017 to 0.0193 compared to WLR. For all sites, VICR performs better than ARRC in 451 

terms of CCs and RMSEs, especially for the sites with abrupt land change. For Lower Gwydir 452 

Catchment, VICR shows considerably higher CCs and lower RMSEs at red (0.0368 vs. 0.0400), 453 

green (0.0312 vs. 0.0334), SWIR1 (0.0422 vs. 0.0463) and SWIR2 (0.0302 vs. 0.0342) bands, 454 

indicating that VICR better captured the flood inundation than ARRC (Fig. 8B). At the SWIR1 455 

and SWIR2 bands, VICR showed higher SSIMs than ARRC. For the Yellow River Delta, the 456 

improvements in CCs and RMSEs are more significant compared to the other sites. For example, 457 

CCs of VICR at NIR, SWIR1 and SWIR2 bands are 0.9507, 0.9221 and 0.9124, respectively, 458 

while those of ARRC are 0.9260, 0.8995 and 0.8962. The RMSEs of VICR at NIR, SWIR1 and 459 

SWIR2 bands are 0.0234, 0.0255 and 0.0169 respectively, while those of ARRC are 0.0286, 460 

0.0290 and 0.0185, respectively. In most cases, VICR achieved comparable or slightly higher 461 

SSIM than ARRC. For Beijing and Jianghan Plain, VICR produced slightly lower SSIMs than 462 

ARRC at SWIR1 and SWIR2 bands (Fig. 8A and 8C). Take Beijing for example, SSIM values 463 

of ARRC at SWIR1 and SWIR2 bands are 0.9485 and 0.9514 respectively, while those of VICR 464 

are 0.9454 and 0.9485 respectively. The second sub-experiments obtained similar comparison 465 

results as the first sub-experiment (Fig. S2 and S3), and VICR achieved higher SSIM at SWIR1 466 

and SWIR2 bands than ARRC in Jianghan Plain. 467 
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(A) Jianghan Plain 

 
(B) Lower Gwydir Catchment 

 
(C) Beijing 

 
(D) Yellow River Delta 

 
 

Fig. 8. Comparisons of CC (left column), RMSE (center column) and SSIM (right column) between mNSPI, 468 

WLR, ARRC, and VICR for the cloud-simulated images over (A) Jianghan Plain, (B) Lower Gwydir 469 

Catchment, (C) Beijing and (D) Yellow River Delta. 470 

4.4 Experiment IV: Sensitivity to reference images 471 

4.4.1 Experiment design 472 

We hope that a robust cloud removal method is little affected by the selection of reference 473 

images. To evaluate the sensitivity of mNSPI, WLR, ARRC and VICR to different reference 474 

images, we conducted two sub-experiments by altering reference images and analyzing the 475 
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change in reconstruction performances. The first sub-experiment assumes that the reference 476 

images in Experiment III were not available. For mNSPI, WLR and ARRC short-term 477 

component, we replaced the reference image in Experiment III (images with * in Table 1 and 478 

Fig. S1) with another cloud-free image (images with ** in Table 1 and Fig. S1). For ARRC 479 

long-term component and VICR, we removed the reference image from the time-series 480 

reference image list. Note that the time intervals between the target image and the new reference 481 

image were longer than or same as the original reference image. In the second sub-experiment, 482 

we assume the revisit period of Landsat satellite is 32, 48 and 64 days and thus lengthened the 483 

time interval between the reference image and the target image, and among the time-series 484 

reference images. For each site we predicted the image in the cloud region and compared the 485 

performances of the four algorithms. 486 

4.4.2 Experiment results 487 

Fig. 9 displays the results from the first sub-experiment. In Jianghan Plain, Lower Gwydir 488 

Catchment and Beijing, the RMSEs from all algorithms increased at most bands when using 489 

the new reference image (Fig. 9). Compared to mNSPI and WLR, ARRC and VICR obviously 490 

showed smaller increment of RMSEs, especially at the SWIR1 and SWIR2 bands for Lower 491 

Gwydir Catchment, and at all bands for Beijing. For the Beijing site, assuming that the reference 492 

image on 09/28/17 (MM/DD/YY) was not available, the next available reference image was on 493 

10/30/17. From the target date (09/12/17) to the end of October, the land surface reflectance 494 

has changed a lot due to crop harvesting and vegetation phenological change (Figure S1A). In 495 

Lower Gwydir Catchment, although the time intervals between the two reference images 496 

(11/26/04 and 12/28/04) and the target image (12/12/04) were both 16 days, the accuracies of 497 
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mNSPI and WLR decreased significantly because flood event occurred during mid-December. 498 

This indicates that large surface reflectance change has substantial negative effects on the 499 

performances of mNSPI and WLR.  500 

In Yellow River Delta, it is interesting that using the reference image temporally farther 501 

from the target date (more than a month from 06/29/18 to 07/31/18) achieved better 502 

performance than the original reference image (08/16/18) for all methods. mNSPI, WLR and 503 

ARRC all showed considerable decrease in RMSEs at all bands, while the VICR presented 504 

more stable performance. Examination of the reference images showed that the wetlands in this 505 

site experienced tidal inundation due to high tide level on 08/16, resulting in great surface 506 

reflectance change. The reference image on 06/29 is spectrally more like the target image. 507 

Although ARRC long-term component utilized time-series Landsat images, its short-term 508 

component is still based on a single reference image. When surface reflectance experienced 509 

abrupt change, the short-term component is given higher weight when combining with long-510 

term components (Cao et al., 2020). As a results, changing the reference image still has 511 

considerable impacts on the accuracies of ARRC in the cases where surface reflectance has 512 

abrupt change. Compared to ARRC, the change in RMSEs of VICR is negligible in Yellow 513 

River Delta (Fig. 9d). In addition, even if the time interval between the reference image and the 514 

target image becomes longer, the VICR still ensures the lowest RMSE compared to other 515 

methods for all four sites.  516 
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 517 

Fig. 9. Comparisons of RMSEs between mNSPI, WLR, ARRC and VICR for the cloud-simulated images for 518 

(a) Jianghan Plain, (b) Lower Gwydir Catchment, (c) Beijing and (d) Yellow River Delta in Experiment IV 519 

(colored bars) and in Experiment III (transparent bars with black border).  520 

Fig. 10 shows the RMSEs averaged over all bands ( RMSE�������� ) from the second sub-521 

experiment. All four algorithms showed increasing RMSE��������  with increasing time intervals 522 

among images, while VICR generally showed lower magnitude of RMSE�������� variation (except at 523 

Jianghan Plain). The reconstruction errors of VICR are significantly lower than mNSPI and 524 

WLR, and slightly lower than ARRC (except for revisit cycle = 32 days at Jianghan Plain). In 525 

Lower Gwydir Catchment and Yellow River Delta, VICR presents obvious improvement in 526 

accuracies (Fig. 10b and 10c). 527 
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 528 

Fig. 10. Comparisons of RMSE��������s between mNSPI, WLR, ARRC and VICR for the cloud-simulated images 529 

for (a) Jianghan Plain, (b) Lower Gwydir Catchment, (c) Beijing and (d) Yellow River Delta with revisit 530 

periods of 16, 32, 48 and 64 days. 531 

4.5 Experiment V: Sensitivity to different cloud sizes 532 

4.5.1 Experiment design 533 

Intuitively, larger cloud region suggests less auxiliary information in the surrounding area 534 

can be provided for the reconstruction, especially for the central area of the cloud region. We 535 

hope that a robust cloud removal algorithm is affected by different cloud sizes as little as 536 

possible. To evaluate the sensitivity of VICR to different cloud sizes, we generated clouds with 537 

sizes of 50×50, 100×100, 150×150, 250×250, 300×300, 350×350 and 400×400 pixels (Fig. 11) 538 

and reconstructed images in the cloud region based on the same reference images in Experiment 539 

III. For each method and cloud size, RMSEs at each band in the center 50×50 pixels was 540 

calculated and compared. Note that for Yellow River Delta, we used the image on 06/29/18 as 541 
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reference image for mNSPI, WLR and ARRC short-term component to avoid the impacts of 542 

tidal inundation and to ensure good results.  543 

 544 

Fig. 11. Simulated clouds with 50×50, 100×100, 150×150, 250×250, 300×300, 350×350 and 400×400 545 

pixels on the actual image in the four sites. 546 

4.5.2 Experiment results 547 

Fig. 12 illustrates RMSEs at NIR band of the four methods for different cloud sizes. 548 

RMSEs at other bands are shown in Fig. S4-S8 due to space limitation. VICR achieved 549 

considerably lower RMSE than mNSPI and WLR at all bands regardless of the cloud size for 550 

Jianghan Plain, Beijing and Yellow River Delta. In most cases, VICR presented slightly lower 551 
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RMSEs than ARRC. In addition, RMSEs of VICR showed smaller fluctuations than ARRC 552 

with varying cloud sizes. This is particularly noticeable at NIR band in Lower Gwydir 553 

Catchment (Fig. 12b), and at SWIR1 and SWIR2 bands in Yellow River Delta (Fig. S6). In 554 

Lower Gwydir Catchment, the RMSEs of all algorithms show upward trend with increasing 555 

cloud size (Fig. 12b). As the cloud covers the area with flood inundation, smaller cloud region 556 

indicates more flood-inundated neighboring pixels can be found. In an extreme case that the 557 

cloud covers the entire flood-inundated area, none of the neighboring pixels are spectrally 558 

similar to the target region, which certainly results in low reconstruction accuracies. Compared 559 

to mNSPI and WLR, VICR presented smaller increment of RMSE at SWIR1 and SWIR2 bands 560 

(Fig. S6), which are both representative bands showing water signal. Likewise, in Yellow River 561 

Delta, VICR achieved noticeably lower and more stable RMSEs than other methods at SWIR1 562 

and SWIR2 bands for all cloud sizes.  563 

 564 

Fig. 12. The RMSEs of the reconstructed images from mNSPI, WLR, ARRC, and VICR at NIR band for 565 
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cloud sizes ranging from 50×50 pixels to 400×400 pixels. Note that the RMSEs were calculated for the 50×50 566 

pixels in the center of the clouds. 567 

4.6 Experiment VI: Performance on real cloud-contaminated images 568 

4.6.1 Experiment design 569 

In this experiment, we performed cloud removal for real cloud-contaminated images and 570 

visually compared the reconstruction results of different methods. Considering practical 571 

applications, we also used VICR to remove clouds on the time-series Landsat 8 OLI SR images 572 

during 2015-2019 at Jianghan Plain and during 2016-2020 at Yellow River Delta. We calculated 573 

Normalized Difference Vegetation Index (NDVI) based on each reconstructed image and 574 

compared the time series NDVIs with the NDVIs from the Terra Moderate Resolution Imaging 575 

Spectroradiometer (MODIS) Vegetation Indices Version 6 product (MOD13Q1). We sorted the 576 

time-series Landsat images in order of the cloud cover percentage and processed them one by 577 

one from low to high cloud cover. Each cloud-removed image was then used as the reference 578 

image for images with larger cloud cover. We call this process “time-series cloud removal 579 

procedure”. 580 

4.6.2 Experiment results 581 

As illustrated in Fig. 13, the images reconstructed by VICR generally recovered better 582 

spatial details and maintained more realistic spectral characteristics compared to other 583 

algorithms. In Jianghan Plain, the reconstructed image by VICR presents greater spectral 584 

heterogeneity in cropland patches compared to other algorithms. The boundaries between the 585 

cropland patches are more visible in the image reconstructed by VICR. In Lower Gwydir 586 

Catchment, the images reconstructed by VICR, mNSPI and WLR presented similar spatial 587 
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details, while that by ARRC presented smoother effect. In Yellow River Delta, it is obvious that 588 

the QA band layer detected larger clouds/cloud shadow areas than those in the actual image. 589 

The zoomed-in actual image covers a Spartina Alterniflora patch (Wang et al., 2021) which is 590 

partially contaminated by clouds in the southern coast of Yellow River Delta (yellow box in 591 

Fig.13D). The reconstructed image by VICR restores more accurate spectral information than 592 

the other methods as it is spectrally more similar to the actual image.  593 

(A) Jianghan Plain, Landsat 8 OLI SR image acquired on 11/06/17 

 
Actual image Cloud mask (49.4%) VICR 

 
mNSPI WLR ARRC 

(B) Lower Gwydir Catchment, Landsat 5 TM SR image acquired on 03/18/05 

 
Actual image Cloud mask (71.3%) VICR 
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mNSPI WLR ARRC 

(C) Beijing, Sensor: Landsat 8 OLI SR image acquired on 04/05/17 

 
Actual image Cloud mask (35.1%) VICR 

 
mNSPI WLR ARRC 

(D) Yellow River Delta, Landsat 8 OLI SR image acquired on 07/18/19 

 
Actual image Cloud mask (41.8%) VICR 
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mNSPI WLR ARRC 

Fig. 13. Visual effects of reconstructed images from VICR, mNSPI, WLR and ARRC on real cloud-594 

contaminated images over (A) Jianghan Plain, (B) Lower Gywdir Catchment, (C) Beijing and (D) Yellow 595 

River Delta.  596 

 597 

Fig. 14 shows that the time series images recovered by VICR effectively supplemented the 598 

number of NDVI observations. The number of observations increased from 31 to 47 during 599 

2015-2019 at the pixel in Jianghan Plain. The NDVI time series presented phenological 600 

dynamics well at both sites. In Jianghan Plain, rapeseed was normally harvested around May 601 

and then rice was planted. The crop rotation is observed in MOD13Q1 time series as it shows 602 

a local peak around March and a higher local peak around August. The local peak around March 603 

2016 is not observed from the original Landsat NDVI time series but is well captured by the 604 

cloud-removed image (Fig. 14a). Likewise, the growing peak of paddy rice in August 2018 was 605 

better captured by the cloud-removed images (Fig. 14a). For the Phragmites australis marsh 606 

wetland pixel in Yellow River Delta, the reconstructed NDVI time series demonstrates greater 607 

variations than MOD13Q1. Negative NDVIs are obtained during December to February 608 

because the wetland pixel is covered by water in leaf-off season. In addition, the reconstructed 609 

NDVI time series better demonstrates growing and senescence patterns of Phragmites australis 610 

compared to the original time-series NDVI (e.g., in 2019).  611 
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612 

 613 

Fig. 14. NDVIs from cloud-free and cloud-removed Landsat images at (a) the pixel (30.2477°N, 112.8263°E) 614 

at a crop field in Jianghan Plain and (b) the pixel (37.8163°N, 119.0197°E) at Phragmites australis marsh 615 

wetland in Yellow River Delta. For comparison, MOD13Q1 NDVI time-series smoothed by spline function 616 

are plotted as blue line. 617 

 618 

4.7 Experiment VII: Computation efficiency 619 

We expect a good cloud removal algorithm to have reasonable computation efficiency 620 

besides high accuracy, so that it can be applied to large number of time-series images in an 621 

operational way. In this experiment, we compared the computing time of mNSPI, WLR, ARRC 622 

and VICR in Experiment III (the first sub-experiment) and Experiment V. We also calculated 623 
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the total computing time of VICR for cloud removal from time-series Landsat images in 624 

Experiment VI. Although mNSPI is provided in IDL code and ARRC and VICR are written on 625 

MATLAB, previous comparisons showed equivalent efficiency between IDL and MATLAB 626 

(Liu et al., 2019).  627 

Table 2 lists the computation time of mNSPI, WLR, ARRC and VICR when performing 628 

on the simulated cloud region in Experiment III. Fig. 15 illustrates the computation time 629 

averaged on each pixel in cloud regions with different sizes in Experiment V. In Experiment III, 630 

the computation time is: ARRC > mNSPI > VICR > WLR (Table 2). In most cases in 631 

Experiment V, the computation time per pixel of VICR is slightly longer than mNSPI and WLR. 632 

In both experiments, ARRC required much longer time than the other three methods. It is  633 

interesting that mNSPI took much longer time in Experiment III than in Experiment V even if 634 

the cloud sizes are similar. This is probably because mNSPI requires searching for the central 635 

pixel of the cloud region, and this process is much less efficient for irregular-shaped cloud than 636 

that for regular-shaped cloud. Therefore, it is expected that mNSPI has large variation in 637 

computation efficiency for reconstructing real cloud images. The total time of VICR for the 638 

largest cloud (160,000 pixels for 400×400 cloud) was only 480 seconds (maximum 0.003 639 

seconds per pixel in Fig. 15). When processing time-series Landsat images in 5-year periods in 640 

Experiment VI, the cumulative processing time was around 15.4 hours (55,000 seconds) for 641 

Jianghan Plain (47 images) and 32.8 hours for Yellow River Delta (72 images) (Fig. S9).  642 

 643 

 644 

 645 
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Table 2. Elapsed time in seconds for different methods in Experiment III. The cloud pixels are 93312, 107529, 646 

89813, and 103174 in Jianghan Plain, Lower Gwydir Catchment, Beijing and Yellow River Delta, 647 

respectively. 648 

Testing sites mNSPI WLR ARRC VICR 

Jianghan Plain 1892.44 40.89 3464.405 208.97 

Lower Gwydir Catchment 1157.27 79.19 5923.87 347.70 

Beijing 2407.62 49.14 3305.695 206.21 

Yellow River Delta 1615.19 99.49 3883.475 215.64 

 649 

Fig. 15. Elapsed time per cloud pixel (in seconds) for mNSPI, WLR, ARRC and VICR for cloud size of 650 

50×50, 100×100, 150×150, 250×250, 300×300, 350×350 and 400×400 pixels in Experiment V. 651 

5. Discussion 652 

VICR is different from previous algorithms in that it is based on virtual image construction. 653 

It is composed of patch-based virtual image prediction based on time-series reference images 654 

and pixel-based residual allocation incorporating spectral, temporal and spatial information. 655 
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Advantages of this algorithm are discussed in Section 5.1-5.3. The uncertainties of VICR are 656 

discussed in Section 5.4. 657 

5.1 Virtual image construction for optimal reference images selection 658 

The first improvement of VICR is that it allows automatic selection of optimal set of 659 

reference images. It is widely recognized that the selection of reference image has great impacts 660 

on the performance of cloud removal. Generally, the temporally closer reference image has 661 

more similar spectral characteristics to the target image so that higher reconstruction accuracy 662 

can be achieved (Zhu et al., 2012; Wang et al., 2021a). However, this might not be true when 663 

sudden land change occurred. In the coastal wetlands in Yellow River Delta, the closest 664 

reference image resulted in lower accuracies of mNSPI, WLR and ARRC than using reference 665 

image with longer time interval to the target image. Several approaches have been proposed to 666 

address this issue. Some studies considered using CC or SSIM to select the most similar 667 

reference image (Lin et al., 2013; Kalkan and Maktav, 2018), but it was also proved that this 668 

method did not improve the reconstruction accuracy considerably (Cao et al., 2020). STWR 669 

algorithm sorted the reference image patches based on the spectral similarity and selected the 670 

most similar three patches as reference images (Chen et al., 2017). It is hard to determine 671 

whether the three selected images can achieve the highest accuracy. Another solution is to 672 

incorporate long-term time-series reference images such as the ARRC long-term component. 673 

However, the ARRC long-term component is advantageous in capturing gradual temporal 674 

patterns of a pixel rather than capturing abrupt change (Cao et al., 2020). Our algorithm 675 

balances between ARRC and those algorithms depending on a fixed number of reference 676 

images because it can flexibly select the optimal set of reference images by virtual image 677 



42 
 

construction strategy. In virtual image construction, the coefficient at represents the contribution 678 

of the reference image patch to the target image. As shown in Fig. S10, when the second 679 

reference image was added for Lower Gwydir Catchment and Yellow River Delta, the at value 680 

of the first reference image has a substantial decrease and becomes lower than that of the second 681 

image, indicating the second reference image has greater contribution in prediction. The varying 682 

at values when adding input reference images ensure that the land change pattern can be 683 

captured.  684 

The idea of virtual image refers to the virtual image pair-based spatio-temporal fusion 685 

(VIPSTF) algorithm proposed by Wang et al. (2020), which constructs virtual Landsat-MODIS 686 

image pairs to predict image with the same spatial resolution as Landsat and the same temporal 687 

resolution as MODIS. The virtual image pair was generated by transplanting the linear 688 

relationship between time-series MODIS images to Landsat images. It was demonstrated 689 

theoretically that the virtual image pair is closer to the data at the prediction time than the known 690 

Landsat-MODIS image pairs (Wang et al., 2020). Inspired by this concept, in this study we 691 

constructed virtual image patch within cloud region to provide an initial prediction of the cloud 692 

image. We innovatively proposed to build two buffer zones around the cloud region, with each 693 

playing different roles. Buf1 helps to establish linear relationship between time-series reference 694 

images and the target image, and buf2 helps to find the optimal set of reference images. Results 695 

in Experiment I verified that this strategy is reasonable, and the results are reliable. More 696 

importantly, it eliminates the need for human intervention of reference image selection, which 697 

makes the algorithm more operational.  698 

5.2 Advantages of TWSD and its potential applications 699 
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The second improvement of VICR is that the newly proposed TWSD can reduce the 700 

reconstruction errors by incorporating temporal information in similar pixel selection and 701 

residual allocation compared to the widely used SD (as illustrated in Section 4.2). The major 702 

contribution of TWSD to the accuracy improvement is in the process of similar pixel selection. 703 

Most existing similar-pixel selection methods assume that the similar pixels on the reference 704 

image remain similar on the cloud image (Chen et al., 2011), which is probably not true when 705 

land cover experienced abrupt change. For those methods based on multi-temporal or time-706 

series reference images (such as ARRC), similar pixels are defined as those with similar 707 

temporal trend of spectral reflectance (Chen et al., 2016; Cao et al., 2020; Yan et al., 2018; Yan 708 

et al., 2020; Chen et al., 2021). The similarity metrics treats the multi-temporal (or time-series) 709 

reference images as equally important. However, in real cases, the greater the differences  710 

between the reference images and the cloud image, the reliability of the selected similar pixels 711 

based on these reference images will inevitably decrease. In this study, we developed TWSD 712 

by using the coefficient 𝑎𝑎𝑡𝑡 obtained from linear regression model as the weight to consider 713 

different contributions from the reference images. A larger 𝑎𝑎𝑡𝑡  value represents that the 714 

reference image at the corresponding time t contributes more to the prediction of the cloud 715 

image. This indicates that the similar pixels calculated based on this reference image are more 716 

reliable. A smaller 𝑎𝑎𝑡𝑡 indicates that the similar pixel selected based on this reference image is 717 

less relevant.  718 

TWSD has potential to be applied to other tasks requiring similar pixel selection such as 719 

spatial-temporal fusion (STF) algorithms, where spectral change in coarse resolution pixels 720 

need to be interpolated according to similarity between neighboring pixels and target pixels to 721 
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reconstruct fine-resolution image (Zhu et al., 2018; Liu et al., 2019; Zhou et al., 2021). Some 722 

STF algorithms utilized multi-temporal Landsat-MODIS image pairs as references. Typical 723 

examples include ESTARFM (Enhanced Spatial and Temporal Adaptive Reflectance Fusion 724 

Model) (Zhu et al., 2010), STAIR (SaTellite dAta IntegRation) (Luo et al., 2018), and VIPSTF 725 

(Virtual image pairs-based spatio-temporal fusion) (Wang et al., 2020). In these algorithms, 726 

TWSD has potential be applied to calculate the spectral similarity in temporal domain in order 727 

to better select similar pixels and capture land change.  728 

5.3 Robustness and efficiency of VICR method 729 

Experiment III showed that VICR achieved better accuracies than mNSPI, WLR and 730 

ARRC, and the improvement in the accuracies was more obvious in the cases with abrupt land 731 

cover change. Compared to the other three algorithms, the performances of VICR were less 732 

affected when removing the closest reference image (Experiment IV) and were less affected 733 

with varying cloud sizes (Experiment V). This is understandable because VICR is not 734 

dependent on one reference image, and it flexibly selects the optimal set of time-series reference 735 

images. In addition, it captures temporal change in the key processes including virtual image 736 

construction, similar pixel selection and residual distribution by taking account temporal 737 

contribution of each reference image.  738 

The results of Experiment VI and VII showed that VICR achieved good visual effects for 739 

real cloud removal and obtained reasonable time-series NDVI. It costs much less processing 740 

time than ARRC, and the cumulative processing time of cloud removal for five-year Landsat 741 

time-series images is acceptable. The good computational efficiency can be explained by that 742 

the linear regression for virtual image construction is conducted based on image patches instead 743 
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of individual pixels. Different from ARRC that performs autoregression for all neighboring 744 

pixels and calculates the contribution of all neighboring pixels to the target pixel, the virtual 745 

image construction based on image patches can substantially improve the computation 746 

efficiency. The combination of patch-based virtual image construction and pixel-based residual 747 

distribution enables both good accuracy and efficiency. The promising performance and high 748 

computing efficiency highlighted the operationality of VICR for cloud removal from a large 749 

volume of Landsat datasets.  750 

5.4 Uncertainties and implications for future research 751 

In practical applications of VICR, there are some factors that lead to uncertainties in the 752 

cloud removal results. First, VICR still requires reference images to be cloud free within a cloud 753 

region. When the cloud region is too large, it may be difficult to select sufficient reference 754 

images. This problem can be addressed by time-series cloud removal strategy in Experiment 755 

VI. The images with low cloud cover are given higher priority for cloud removal, and these 756 

reconstructed images can be used as reference images to remove large cloud. One concern is 757 

that the errors produced in the images with small cloud cover may magnify the errors for cloud 758 

removal in the image with large cloud. To address this concern, we further conducted an 759 

experiment. We simulated a large cloud on the target images in Table 1. The shape of the cloud 760 

was taken from the real images in Fig. 13 for each site. We removed the cloud following the 761 

same procedure in Experiment III using VICR (we call single image reconstruction). We also 762 

put the cloud-simulated image into the time-series Landsat images and reconstruct each image 763 

in order of the cloud cover percentage (same as time-series cloud removal procedure in 764 

Experiment VI). The time-series Landsat images are listed in Table S1 and the reconstructed 765 
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images are shown in Figure S11. Fig. 16 shows that the RMSEs of the reconstructed images 766 

from the time-series cloud removal procedure are comparable or even lower than those from 767 

the single image reconstruction. This is because the cloud-removed images provide better 768 

temporally closer information for reconstruction of the image with larger cloud cover. 769 

Nonetheless, both results show acceptable RMSEs and good visual effects (Figure S11), 770 

indicating the time-series cloud removal strategy is suitable in the extreme cases where 771 

satisfactory reference images are hard to be found for the large cloud region.  772 

 773 

Fig. 16. RMSEs of the reconstructed images from VICR for single image cloud removal procedure and time-774 

series image cloud removal procedure at Jianghan Plain, Lower Gwydir Catchment, Beijing and Yellow River 775 

Delta. 776 

Second, in this study we only tested VICR on an identical Landsat sensor. Therefore, the 777 

shortest time interval from the reference image to the target image was 16 days. We didn’t 778 

incorporate Landsat ETM+ images mainly because the ETM+ sensor had missing strips owing 779 
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to the failure of the scan-line corrector after May 2003. As Landsat 9 OLI-2 sensor has similar 780 

spectral characteristics as Landsat 8 OLI and provides images with 8-day offset with Landsat 781 

8, the performances of VICR for cloud removal have great potential for enhancement when 782 

images from both sensors are included. In addition, future work may consider incorporating 783 

Harmonized Landsat-8 Sentinel-2 surface reflectance (Claverie et al., 2018) to generate time-784 

series cloud-free images with high temporal frequency. 785 

6. Conclusion 786 

This paper proposed a new thick cloud removal algorithm (VICR) for Landsat images 787 

based on the concept of virtual image. The optimal set of reference images is determined 788 

automatically by establishing two buffer zones around the cloud region. Similar pixels are 789 

selected based on the newly proposed TWSD and used to estimate residual image in the cloud 790 

region. Seven experiments were performed at four sites representing different landscape 791 

patterns and land change dynamics, and the proposed VICR was compared to existing mNSPI, 792 

WLR and ARRC algorithms. The main findings are summarized as follows: 793 

1) VICR achieved better reconstruction accuracies than mNSPI, WLR and ARRC. 794 

Results on the cloud-simulated images showed that VICR yielded higher CC, lower RMSE and 795 

higher SSIM than mNSPI and WLR (e.g., RMSEs of VICR vs. MNSPI: 0.0288 vs. 0.0405, 796 

0.0286 vs. 0.0382, 0.0193 vs. 0.0227, 0.0234 vs. 0.0317 in the NIR bands for four sites, 797 

respectively). VICR yielded higher CC and lower RMSE than ARRC and in most cases yielded 798 

higher SSIM than ARRC (e.g., RMSE of VICR vs. ARRC: 0.0193 vs. 0.0211, 0.0286 vs. 0.0302 799 

and SSIM of VICR vs. ARRC: 0.9374 vs. 0.9375, 0.8860 vs. 0.8898 in the NIR bands for 800 

Beijing and Lower Gwydir Catchment, respectively). Experiments on both cloud-simulated 801 
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image and real cloud-contaminated images showed that VICR generated visually better 802 

reconstruction results than the other algorithms. The accuracy improvement was especially 803 

obvious for the sites with abrupt land change, i.e., Lower Gwydir Catchment and Yellow River 804 

Delta. 805 

2) VICR is more robust than mNSPI, WLR and ARRC in terms of the sensitivities to 806 

reference image and different cloud sizes. When removing the temporally closest reference 807 

image, VICR still achieved the lowest RMSEs (e.g., RMSE: 0.0321, 0.0309, 0.0266 and 808 

0.02496 at NIR band for the four sites). The RMSEs of VICR were less affected especially for 809 

the Yellow River Delta with surface reflectance change induced by tidal inundation. In addition, 810 

VICR shows smaller fluctuations in RMSEs with increasing cloud size from 50×50 to 400×811 

400 pixels. 812 

3) VICR requires much less computation time than ARRC, and less computation time 813 

than mNSPI for irregular-shaped clouds. The processing time for cloud removal in 5-year 814 

Landsat images was reasonable (e.g., 32.8 hours in Yellow River Delta). 815 

4) The major advantages of VICR are that it allows automatics determination of optimal 816 

set of time-series reference images, and it better incorporates temporal change information. The 817 

robustness and efficiency of VICR can promote its operational use in large datasets processing. 818 
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(A) Jianghan Plain 

 
Actual image (09/14/15)      Reference image * (10/16/15)    Reference image ** (11/01/15) 

(B) Lower Gwydir Catchment 

 
  Actual image (12/12/04)      Reference image * (12/28/04)    Reference image ** (11/26/04) 

(C) Beijing 

 
  Actual image (09/12/17)      Reference image * (09/28/17)    Reference image ** (10/30/17) 

(D) Yellow River Delta 

 
  Actual image (07/31/18)      Reference image * (08/16/18)    Reference image ** (06/29/18) 

Fig. S1. The zoom-in actual image, reference image* and reference image** in the cloud region (polygon in white 19 

border) in standard false color composition in (A) Jianghan Plain, (B) Lower Gwydir Catchment, (C) Beijing and 20 

(D) Yellow River Delta. 21 



(A) Jianghan Plain, Landsat 8 OLI SR image acquired on 12/16/14 (image composition with SWIR1, Red 

and Green) 

   
Actual image Cloud simulation VICR 

   
mNSPI WLR ARRC 

(B) Lower Gwydir Catchment, Landsat 5 TM SR image acquired on 12/12/04 

   
Actual image Cloud simulation VICR 

   
mNSPI WLR ARRC 

  22 



(C) Beijing, Landsat 8 OLI SR image acquired on 05/23/17 

   
Actual image Cloud simulation VICR 

   
mNSPI WLR ARRC 

(D) Yellow River Delta, Landsat 8 OLI SR image acquired on 06/29/18 

   
Actual image Cloud simulation VICR 

   
mNSPI WLR ARRC 

Fig. S2. Visual comparisons between mNSPI, WLR, ARRC, and VICR the multi-clouds simulation images over 23 

(A) Jianghan Plain, (B) Lower Gwydir Catchment, (C) Beijing and (D) Yellow River Delta. The reference 24 

images for mNSPI, WLR, ARRC short-term component are acquired on 11/14/14 for (A), 12/28/04 for (B), 25 

05/07/17 for (C) and 07/31/18 for (D) 26 



(A) Jianghan Plain 

 

(B) Lower Gwydir Catchment 

 

(C) Beijing 

 

(D) Yellow River Delta 

 

 
Fig. S3. Comparisons of CC (left column), RMSE (center column) and SSIM (right column) between mNSPI, 27 

WLR, ARRC, and VICR for the multi-clouds simulation images over (A) Jianghan Plain, (B) Lower Gwydir 28 

Catchment, (C) Beijing and (D) Yellow River Delta. 29 

 30 



 31 
Fig. S4. The RMSEs of the reconstructed images from mNSPI, WLR, ARRC, and VICR at blue band for cloud 32 

sizes ranging from 50×50 pixels to 400×400 pixels. Note that the RMSEs were calculated for the 50×50 pixels in 33 

the center of the clouds. 34 

 35 

 36 

Fig. S5. The RMSEs of the reconstructed images from mNSPI, WLR, ARRC, and VICR at green band for cloud 37 

sizes ranging from 50×50 pixels to 400×400 pixels. Note that the RMSEs were calculated for the 50×50 pixels in 38 

the center of the clouds. 39 

 40 



 41 

Fig. S6. The RMSEs of the reconstructed images from mNSPI, WLR, ARRC, and VICR at red band for cloud 42 

sizes ranging from 50×50 pixels to 400×400 pixels. Note that the RMSEs were calculated for the 50×50 pixels in 43 

the center of the clouds. 44 

 45 

 46 

Fig. S7. The RMSEs of the reconstructed images from mNSPI, WLR, ARRC, and VICR at SWIR1 band for cloud 47 

sizes ranging from 50×50 pixels to 400×400 pixels. Note that the RMSEs were calculated for the 50×50 pixels in 48 

the center of the clouds. 49 



 50 

Fig. S8. The RMSEs of the reconstructed images from mNSPI, WLR, ARRC, and VICR at SWIR2 band for cloud 51 

sizes ranging from 50×50 pixels to 400×400 pixels. Note that the RMSEs were calculated for the 50×50 pixels in 52 

the center of the clouds. 53 

 54 

 55 

Fig. S9. Cloud cover percentage in the time-series Landsat images in (a) Jianghan Plain and (b) Yellow River 56 

Delta in Experiment VI. VICR was applied to the images in order of cloud cover rate, and the cumulative elapsed 57 

time in seconds are illustrated in (c) for Jianghan Plain and (d) for Yellow River Delta. 58 



 59 

Fig. S10. The values of coefficient at in NIR band when 1~12 reference images were used for (a) Jianghan Plain, 60 

(b) Lower Gwydir Catchment, (c) Beijing and (d) Yellow River Delta.  61 

 62 

 63 

(A) Jianghan Plain 

  

  64 



(B) Lower Gwydir Catchment 

  

(C) Beijing 

  

(D) Yellow River Delta 

  

Fig. S11. Left column: cloud removed image following the same procedure in Experiment III; Right column: 65 

cloud removed image following the time-series image cloud removal procedure in Experiment VI.  66 

 67 

  68 



Table S1. Input Landsat images for time-series cloud removal procedure in Section 5.4 for Jianghan Plain, Lower 69 

Gwydir Catchment, Beijing and Yellow River Delta. 70 

Jianghan Plain Lower Gwydir Catchment Beijing  Yellow River Delta  

Image date  
Cloud cover 

percentage 
Image date  

Cloud cover 

percentage 
Image date  

Cloud cover 

percentage 

Image 

date 

Cloud cover 

percentage 

07/09/14 22.8% 05/18/04 0.0% 09/25/16 46.1% 09/14/17 50.9% 

10/13/14 17.0% 06/03/04 0.0% 10/11/16 0.5% 09/30/17 0.8% 

11/14/14 0.0% 06/19/04 0.3% 11/12/16 43.6% 11/17/17 27.2% 

12/16/14 1.0% 07/05/04 0.0% 11/28/16 0.2% 12/19/17 14.9% 

01/01/15 5.1% 07/21/04 25.1% 12/14/16 0.1% 01/20/18 0.6% 

01/17/15 5.9% 08/06/04 0.0% 01/31/17 0.0% 02/21/18 46.5% 

03/22/15 0.1% 08/22/04 0.0% 03/04/17 0.1% 03/09/18 0.6% 

05/09/15 6.6% 09/23/04 0.0% 04/05/17 35.1% 03/25/18 35.8% 

07/12/15 24.2% 10/09/04 0.0% 04/21/17 0.5% 04/26/18 36.4% 

07/28/15 3.3% 10/25/04 0.0% 05/07/17 0.1% 05/28/18 39.5% 

08/13/15 67.4% 11/10/04 50.0% 05/23/17 0.1% 06/29/18 0.8% 

08/29/15 46.5% 11/26/04 0.0% 07/10/17 0.0% 07/15/18 21.0% 

09/14/15 0.0% (49.4%) 12/12/04 0.0% (71.3%) 09/12/17 0.1% (35.1%) 07/31/18 0.1% (41.8%) 

10/16/15 3.3% 12/28/04 0.0% 09/28/17 0.1% 08/16/18 6.2% 

11/01/15 3.2% 01/13/05 0.0% 10/30/17 0.2% 09/01/18 29.6% 

02/05/16 0.4% 01/29/05 0.0% 11/15/17 0.1% 09/17/18 1.9% 

03/24/16 42.5% 02/14/05 0.0% 12/01/17 0.2% 10/03/18 0.8% 

05/11/16 2.5% 03/02/05 0.0% 12/17/17 0.2% 10/19/18 22.8% 

07/30/16 1.1% 03/18/05 71.3% 01/02/18 6.9% 11/04/18 16.5% 

08/15/16 24.8% 04/03/05 0.0% 02/03/18 0.0% 11/20/18 13.7% 

08/31/16 6.6% 04/19/05 0.0% 04/08/18 0.0% 01/23/19 12.3% 

10/18/16 21.4% 05/05/05 0.0% 06/27/18 0.9% 02/24/19 35.4% 

12/05/16 0.9% 05/21/05 0.0% 07/29/18 62.6% 03/12/19 0.3% 

01/22/17 1.7% 06/06/05 0.1% 10/01/18 0.1% 04/13/19 5.3% 

03/27/17 5.5% 07/24/05 0.0% 10/17/18 0.1% 04/29/19 32.2% 

Image in bold font represents the target image. It is cloud free and we simulated cloud cover using real cloud shapes in Fig. 12. The 

simulated cloud coverages are in the parentheses.  
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