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ABSTRACT
Thick clouds, thin clouds, and cloud shadows inevitably degrade high spatial resolution optical 
remote sensing images (HRIs), thereby greatly restricting their subsequent application. Thin 
and thick clouds often coexist in HRIs, and the existing methods rarely achieve integrated 
removal. In this paper, we propose a joint thin–thick cloud removal (JTTR) framework to 
effectively remove both types of cloud contamination. The JTTR framework employs a multi- 
scale cloud detection approach to automatically select clean samples for the estimation of 
a thin cloud thickness map. In addition, an information cloning model based on radiometric 
adjustment and boundary interpolation (ICM-RABI) is incorporated. For the first time, the ICM- 
RABI model was applied to thin cloud removal, enabling joint removal of both thin and thick 
clouds. The proposed JTTR framework achieved a satisfactory performance across multiple 
sensors and complex scenes in both real and simulated experiments using Gaofen satellite 
data, demonstrating its strong generalization ability and great potential for practical 
applications.
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1. Introduction

With the rapid advancement of satellite technology, 
high spatial resolution optical remote sensing images 
(HRIs) have been widely applied in various fields 
(Chen et al. 2022; Li et al. 2024; Xie et al. 2024; 
Zheng et al. 2021). However, due to the inherent 
limitations of optical imaging systems (Li et al.  
2017), HRIs are inevitably affected by clouds and 
cloud shadows, which significantly reduce the accu
racy of the subsequent application (Li, Xu, and Weng  
2024; Wu et al. 2021; Zhou et al. 2019). To date, most 
studies (Huang and Dewitt 2025; Li et al. 2024; Shao 
et al. 2019) have classified clouds into two categories – 
thin and thick clouds – based on their level of opacity. 
Thin clouds attenuate surface-reflected radiance, lead
ing to information degradation (Xu et al. 2019), 
whereas thick clouds completely block surface- 
reflected radiance, resulting in complete information 
loss (Shen et al. 2015). Consequently, cloud detection 
and removal methods to accurately identify and 
remove cloud-contaminated regions are essential pre
processing steps for HRIs.

Cloud detection methods can be divided into two 
categories: mono-temporal methods (Wright et al.  
2024, 2025; Zhu, Li, and Shen 2024; Zhu, Wang, and 

Woodcock 2015) and multi-temporal methods (Lee 
et al. 2025; Wang et al. 2024; Zhang et al. 2021). The 
mono-temporal methods exploit the spectral or mor
phological differences between clouds and cloud-free 
surfaces using physical rules or machine learning 
approaches, whereas the multi-temporal methods 
identify clouds by detecting abrupt changes across 
temporal image sequences. Benefiting from the 
advances in deep learning for image segmentation 
(Kotaridis and Lazaridou 2021) and classification 
(Chen et al. 2021), mono-temporal detection methods 
using deep learning have achieved notable success and 
been widely applied to HRIs. However, the current 
cloud detection methods for HRIs struggle to accu
rately detect haze and thin clouds, due to their weak 
spectral characteristics. The omission of haze and thin 
clouds significantly degrades the performance of the 
cloud detection methods and limits their applicability 
in downstream tasks.

The current thin cloud removal algorithms primar
ily employ image transformation techniques (Li et al.  
2024) and can be categorized into three main methods: 
physical-based methods (Bi et al. 2022; Chen et al.  
2016; Lv, Wang, and Shen 2016), band assistance- 
based methods (Jiang et al. 2024; Xu et al. 2019; 
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Zhang, Li, and Shen 2021), and deep learning based 
methods (Ding et al. 2024; Wu et al. 2023; Xu et al.  
2024; Xu et al. 2022). The physics-based methods 
leverage prior knowledge of thin clouds or specific 
image features to achieve thin cloud removal. The 
band assistance-based methods rely on specific spec
tral bands – such as shortwave infrared or cirrus 
bands – as auxiliary information to perform thin 
cloud removal. The deep learning-based methods 
train networks to learn the features of cloud- 
contaminated and cloud-free images from datasets. 
However, the applicability of thin cloud removal 
methods for HRIs is constrained by the limited spec
tral bands (blue, green, red, and near-infrared), result
ing in spectral distortion over bright surfaces and 
water regions.

Thick cloud removal in HRIs is generally treated as 
a process of reconstructing the missing information 
(Shen et al. 2015). The existing methods can be 
divided into spatial-based methods (Chen et al. 2023; 
Tao et al. 2022) and temporal-based methods (Chen 
et al. 2024; Yun, Jung, and Han 2024; Zhang et al.  
2025; Zhang et al. 2021). The spatial-based methods 
exploit auxiliary information from cloud-free regions 
within the same image to reconstruct the cloud- 
contaminated areas, whereas the temporal-based 
methods leverage complementary information from 
multi-temporal images. Although most thick cloud 
removal methods can effectively remove the thick 
clouds in HRIs, their performance in practical appli
cations is affected by haze and thin clouds, making it 
difficult to obtain visually satisfactory results that are 
consistent with those under ideal conditions.

In summary, although numerous cloud removal 
methods for HRIs have been proposed, thick and 
thin clouds often coexist and interact, making it diffi
cult to obtain satisfactory results using these methods 
individually. Some studies (Li et al. 2024) have 
attempted joint cloud removal by introducing syn
thetic aperture radar (SAR) images. However, the dif
ficulty of acquiring temporally close SAR images with 
a comparable resolution, along with the radiometric 
discrepancies between SAR and optical images (Xu 
et al. 2025), significantly limits their applicability and 
generalization. Other studies (Hu et al. 2014; Li et al.  
2020) have combined thin and thick cloud removal 
methods in a sequential manner to achieve joint cloud 
removal in HRIs. Nevertheless, such methods neglect 
the complementarity between the two processes, fail
ing to address the spectral distortion in thin cloud 
removal and the instability in relatively thicker thin 
clouds. Moreover, they often require substantial man
ual intervention to obtain satisfactory joint cloud 
removal results.

To address these limitations, we propose a joint 
thin–thick cloud removal (JTTR) framework to 
remove thin and thick clouds in multi-sensor HRIs. 

The proposed JTTR framework first employs cloud 
detection techniques to automatically estimate a thin 
cloud thickness map (TCTM) and identify the thick 
clouds. The TCTM is then utilized for global thin 
cloud removal. Based on an information cloning 
model (ICM), the original spectral characteristics of 
the ground surface are utilized to eliminate the spec
tral distortion in the global thin cloud removal results, 
while complementary information from multi- 
temporal images is introduced to reconstruct the iden
tified thick cloud regions, thereby achieving JTTR.

2. Methods

The workflow of the proposed JTTR framework for 
multi-sensor HRIs is shown in Figure 1. It should be 
noted that this study classifies the cloud-contaminated 
regions in HRIs into four categories: thick clouds, 
relatively thick thin clouds, haze/thin clouds, and 
cloud shadows, as shown in Figure 2. Given the 
unstable performance of thin cloud removal methods 
on relatively thick thin clouds (Jiang et al. 2025; Shen 
et al. 2020), as illustrated in Figure S1, the proposed 
framework treats thick clouds, relatively thick thin 
clouds, and cloud shadows as regions of complete 
information loss and reconstructs them using a thick 
cloud removal technique.

In addition, by deliberately diverting relatively 
thick thin cloud regions – that could otherwise be 
removed by thin cloud removal technique – into the 
reconstruction technique, a buffer is established 
between thin cloud and thick cloud removal processes, 
as shown in Figure 3. This strategy reduces the depen
dence of JTTR on the accuracy of cloud masks and on 
the stability of thin cloud removal methods in rela
tively thick thin cloud regions.

2.1. Cloud detection method based on multi-scale 
networks

Under clear-sky conditions, a strong correlation exists 
between the top-of-atmosphere (TOA) reflectance of 
the blue band Ib and the red band Ir, which can be 
defined as a clear-sky line (Zhang, Guindon, and 
Cihlar 2002). A robust linear fitting technique 
(Holland and Welsch 1977) is then applied to estimate 
the weight coefficient k between Ib and Ir in the clear- 
sky regions. Accordingly, the TCTM (Jiang et al. 2025) 
can be estimated as follows: 

where minΩ 3ð Þ is a minimum filter with a window size 
of 3.

Traditional TCTM estimation requires manual 
selection of reliable cloud-free regions. To avoid man
ual intervention and provide a reliable binary cloud 

2 S. ZHU ET AL.



mask for the subsequent thick cloud removal, a cloud 
detection method based on multi-scale networks is 
proposed, as shown in Figure 4. First, a pixel-level 
cloud detection network and three scene-level net
works at different scales (256 × 256, 128 × 128, and 
64 × 64) are trained using a pixel-level dataset. 
Subsequently, the scene-level networks are employed 

to automatically extract a 256 × 256 cloud-free patch 
with the highest confidence, which is utilized as the 
clear-sky region for TCTM estimation.

Owing to the distinct boundary characteristics of 
thick clouds (Huang, Wang, and Chen 2018; Wu et al.  
2022; Zhu et al. 2026), the gradient of the TCTM 
exhibits significantly higher values at thick cloud 

Figure 1. Workflow of the proposed JTTR framework.

Figure 2. Examples of typical cloud-contaminated regions in HRIs.
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boundaries. Leveraging this characteristic, images are 
classified into dense and large-area cloud categories by 
calculating the mean gradient values along the bound
aries of each cloud block in the initial pixel-level cloud 
mask generated by the pixel-level network.

For dense cloud images, an initial pixel-level cloud 
probability map PINIT xð Þ is generated using the pixel- 
level network. Adaptive distance-weighted compensa
tion is applied to PINIT xð Þ, and the compensated prob
ability map POPT xð Þ is segmented using the initial 
threshold to obtain a dense cloud mask. POPT xð Þ is 
calculated as follows: 

where Dist xð Þ denotes the distance from the current 
pixel to the nearest cloud block, and P is the compen
sation constant, calculated as the mean value of 
PINIT xð Þ within the initial pixel cloud mask.

For large-area cloud images, we adopt the multi- 
scale scene-level network strategy based on the 
SpecMCD method to generate a binary cloud mask, 
while replacing the cloud thickness map with the 
TCTM, which is more suitable for thin clouds. 

However, due to the imaging angle limitations of 
remote sensing sensors, large-area cloud shadow cov
erage is rare in HRIs, making it difficult to construct 
a suitable scene-level dataset for cloud shadows. 
Therefore, only pixel-level cloud shadow labels are 
utilized to train a pixel-level cloud shadow detection 
network, and the binary cloud shadow mask is 
obtained using the same optimization method as for 
the dense cloud mask.

In the proposed approach, cloud masks and cloud 
shadow masks are generated independently. To ensure 
spatial consistency in the final binary mask, a cloud 
mask prioritization strategy is applied to overlapping 
regions during the fusion process.

2.2. Joint thin–thick cloud removal via an 
information cloning model

We propose a JTTR framework via an ICM. The con
ventional thin cloud removal methods are unable to 
remove thick clouds and often lead to color distortion 
over complex surface regions. Moreover, the presence 
of thin clouds tends to interfere with the performance 

Figure 3. Cloud removal strategies for different cloud types of the JTTR framework. (a) Regions removed by thin cloud removal 
technique. (b) Regions removed by thick cloud removal technique. (c) Regions that can be effectively removed by thin cloud 
removal technique.

Figure 4. Framework of the cloud detection method based on multi-scale networks.
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of the thick cloud removal methods. To address these 
issues, the JTTR framework leverages the ICM to 
effectively transfer the local texture and spectral infor
mation between images. Specifically, the original sur
face spectral features are employed to correct the 
spectral distortion in the thin cloud removal results, 
while complementary information from multi- 
temporal images is incorporated to reconstruct the 
regions affected by thick clouds, thereby achieving 
JTTR.

2.2.1. Information cloning model
The major challenge of applying the ICM in HRIs lies 
in the large radiometric differences between images. 
To achieve seamless information cloning, an informa
tion cloning model based on radiometric adjustment 
and boundary interpolation (ICM-RABI) is proposed.

First, based on the valid pixels between the images, 
the values of the regions to be filled are adjusted as 
follows: 

where I�A represents the values to be filled into image 
A after radiometric adjustment; σA and σB are the 
standard deviations; and μA and μB are the mean values 
of the valid pixels within a local window of images 
A and B, respectively. The local window size is set to 
half of the smaller dimension of the minimum enclos
ing rectangle of the target filling region. To improve the 
computational efficiency, box filtering (Pires, Singh, 
and Moura 2011) is employed to compute the mean 
and standard deviation within each local window.

Subsequently, to eliminate the subtle radiometric dif
ferences between the filling region and the original clear 
region, a convolutional pyramid-based boundary inter
polation method (Farbman, Fattal, and Lischinski 2011; 
Shepard 1968) is employed for residual correction. Each 
pixel in the filling region can be calculated as follows: 

where IA represents the values after residual correc
tion; ~IA is the residual term; b xkð Þ is the value differ
ence between the filling region and the original clear 
region at the boundary; and ωk x0ð Þ is a weight func
tion, which can be empirically defined as follows: 

where d x0; xkð Þ is the distance between x0 and xk. To 
improve the efficiency of the image fusion, b xkð Þ is 
extended to the entire filling region: 

Equation (5) can then be rewritten as a ratio of 
convolutions as follows: 

where χr̂ is the characteristic function corresponding 
to r̂, which equals 1 where r̂ is non-zero and 0 other
wise. Equation (8) is efficiently evaluated using 
a convolution pyramid (Farbman, Fattal, and 
Lischinski 2011) with a set of separable filters: two 
5 × 5 kernels SF1

5�5 and SF2
5�5, and one 3 × 3 kernel 

SF1
3�3. In this study, the separable filters are config

ured as follows: 

Finally, residual correction is applied to the filling 
regions using Equation (4) to achieve seamless infor
mation cloning.

2.2.2. Joint cloud removal
As thin clouds affect surface reflectance and lead to the 
degradation of surface information, their effect on the 
image radiance (Zhang, Li, and Shen 2021) can be 
expressed as follows: 

where I is the TOA reflectance of the images with thin 
clouds, Is is the TOA reflectance of the clear-sky sur
faces, and Ic is the reflectance of the thin cloud. To 
remove thin clouds, the TCTM derived from Equation 
(1) is utilized to estimate Ic (Jiang et al. 2025), and the 
global thin cloud removal result is then obtained using 
Equation (11).

Constrained by the accuracy of the Ic estimation 
and the application of the minimum filter, the global 
thin cloud removal results may exhibit significant 
spectral distortion over bright surfaces, water regions, 
and image boundaries (Jiang et al. 2025; Makarau et al.  
2014; Shen et al. 2020). In the proposed approach, 
these regions in the global thin cloud removal results 
are regarded as areas with completely missing infor
mation. Subsequently, the regions covered by the 
cloud and cloud shadow masks, as well as the spec
trally distorted areas, are treated as the target regions 
to be filled in the global thin cloud removal results, 
while the remaining regions are treated as valid pixels. 
As shown in Figure 5, the radiometric information 
from the original image is then filled into the global 
thin cloud removal results via the ICM, yielding the 
final thin cloud removal results.

GEO-SPATIAL INFORMATION SCIENCE 5



In the process of thin cloud removal, spectral dis
tortion regions are identified by leveraging the TCTM, 
the normalized difference water index (NDWI) 
(McFeeters 1996), and the radiometric differences 
between the original image and the global thin cloud 
removal results, which can be calculated as follows: 

where x0ED represents pixels at the image boundary, 
defined as a region extending 20 pixels inward from 
the invalid data @Ωnull; ΩBound is the image boundary; 
and τ1 is the segmentation threshold for bright sur
faces, with values of 0.18, 0.15, and 0.16 for Gaofen-1 
multispectral (GF1) images, Gaofen-2 multispectral 
(GF2) images, and Gaofen-7 multispectral (GF7) 
images, respectively. τ2 is the segmentation threshold 
for water regions, with values of 0, 0.15, and 0.2 for 
GF1, GF2, and GF7 images, respectively.

After thin cloud removal, haze and thin clouds in 
HRI are effectively removed, whereas contamination 
from thick clouds, relatively thick thin clouds, and 
cloud shadows still remains. To reconstruct the sur
face information in these regions, a reference image 
from another temporal phase is introduced to provide 
complementary information. However, HRIs are 
highly sensitive to subtle surface changes (Wen et al.  
2021), and abrupt radiometric differences between 
multi-temporal images may lead to anomalous calcu
lations of correction coefficients in the ICM, as shown 
in Figure 6. Therefore, before applying thick cloud 
removal via the information cloning method, it is 
essential to first identify abrupt change regions 
between images from different temporal phases. The 
abrupt change regions are extracted as follows: 

where Idif represents the reflectance differences 
between the images from different temporal phases, Î 

Figure 5. Framework of thin cloud removal via the ICM.

Figure 6. Visual example of thick cloud removal using non-cloud pixels and stable pixels (red: cloud-covered regions; green: 
abrupt change regions; blue box: local window for radiometric adjustment).
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denotes the normalized reflectance, and MAC is the 
binary mask of the abrupt change regions.

The missing regions in the target image are then 
filled using the corresponding regions from the refer
ence image through the ICM, where the valid regions 
are defined as the areas not covered by MAC or the 
cloud/cloud shadow masks.

3. Experimental data and results

3.1. Experimental data and settings

As shown in Table 1, we adopted the pixel-level cloud 
detection generation method developed by Zhu, Li, 
and Shen (2024) to construct the pixel-level GF- 
Thick-WHU dataset and the multi-scale scene-level 
GF-Scene-WHU dataset for 8-m GF1 images, 
3.2-m GF2 images, and 3.2-m GF7 images. Given the 
scarcity of large-scale cloud shadow datasets for HRIs, 
we constructed the pixel-level cloud shadow GF- 
Shadow-WHU dataset by combining the pixel-level 
labels from the GF1-WHU dataset (Li et al. 2017) 
with manual annotation. To validate the effectiveness 
of different cloud and cloud shadow detection meth
ods, we divided the manually optimized dataset 
named GF1-Thin-WHU, containing both thin cloud, 
thick cloud, and cloud shadow labels, into training and 
validation sets at a 7:3 ratio. The validation images are 
shown in Figure S2.

To evaluate the effectiveness of the proposed JTTR 
framework for thin, thick, and mixed cloud removal, 
one thin cloud-contaminated image and its corre
sponding temporally adjacent cloud-free image were 
selected from each of the GF1, GF2, and GF7 images to 
assess the thin cloud removal accuracy. In addition, 
three pairs of cloud-free images from these sensors 
were utilized to conduct thick cloud simulation 
experiments for a comparative evaluation of the 
thick cloud removal. Furthermore, eight GF1 images, 
seven GF2 images, and nine GF7 images affected by 
both thin and thick clouds were employed as the target 
images to comprehensively validate the effectiveness 
of the JTTR framework. For each target image, 
a temporally adjacent reference image providing com
plementary information was selected for thick cloud 
removal, as shown in Figure S3. All the images were 
acquired between January 2020 and December 2021. 
The bandwidth information of the images utilized in 
this study was: blue (0.45–0.52 μm), green 

(0.52–0.59 μm), red (0.63–0.69 μm), and near- 
infrared (0.77–0.89 μm).

The cloud detection datasets used in this study were 
annotated in an automated manner (Zhu, Li, and Shen  
2024), which has been demonstrated to be well-suited 
for the RegNetY-4.0GF network (Radosavovic et al.  
2020). Therefore, the RegNetY-4.0GF network with 
ImageNet-pretrained weights (Deng et al. 2009) was 
selected as the cloud and cloud shadow detection net
work. Both the pixel-level and scene-level networks 
were trained with a cross-entropy loss function and 
the Adam optimizer. The parameters of all the com
parison methods were configured according to their 
original publications. All the experiments were con
ducted on a desktop computer with a Windows oper
ating system, Intel Core i7-10700 CPU @ 2.90 GHz, 32 
GB RAM, and an NVIDIA GeForce RTX 3070Ti GPU 
with 8 GB of memory.

3.2. Evaluation of the thin cloud removal 
performance

The effectiveness of the proposed JTTR framework for 
thin cloud removal (JTTR-Thin) was assessed by com
paring it with the state-of-the-art thin cloud removal 
methods. Two single-temporal thin cloud removal 
methods applicable to the visible and near-infrared 
bands – SSADCP (Shen et al. 2020) and DPASC 
(Jiang et al. 2025) – were selected as comparison 
methods. Quantitative evaluation was performed 
using the correlation coefficient (CC), root-mean- 
square error (RMSE), and spectral angle (SA) between 
the regions not covered by cloud masks in the thin 
cloud-removed images and their corresponding tem
porally adjacent cloud-free images. As shown in 
Table 2, the SSADCP method exhibits a lower accu
racy across all the evaluation metrics, compared with 
DPASC and JTTR-Thin. Although the JTTR-Thin 
method performs slightly worse than DPASC in 
RMSE for the GF2 experiment, it outperforms 
DPASC in all the other metrics.

To further validate the performance of the JTTR 
framework for thin cloud removal, we performed 
a visual comparison, as shown in Figure 7. The results 
demonstrate that all three methods are effective in 
removing thin clouds. However, the SSADCP method 
exhibits significant spectral distortion, particularly in 
cloud-free regions, and introduces noticeable radio
metric anomalies along image boundaries. Both 

Table 1. Summary of the cloud and cloud shadow detection datasets utilized in this study.
Dataset Image size Number Label type Label source

GF-Thick-WHU 256 × 256 >330K Pixel-level Automated annotation
GF-Scene-WHU 256 × 256 >330K Scene-level GF-Thick-WHU

128 × 128 >1.3 M
64 × 64 >5 M

GF-Shadow-WHU 256 × 256 >70K Pixel-level Manual annotation
GF-Thin-WHU >4500 × 4500 60 Pixel-level Manual annotation

GEO-SPATIAL INFORMATION SCIENCE 7



DPASC and JTTR-Thin achieve a satisfactory overall 
performance, but a detailed analysis reveals that 
DPASC causes color distortion over bright surfaces 
and water regions, whereas JTTR-Thin effectively 
removes thin clouds, while better preserving the ori
ginal spectral features of the ground surface.

3.3. Evaluation of the thick cloud removal 
performance
Based on cloud-free images from the GF1, GF2, and 
GF7 sensors, simulation experiments were conducted 
to evaluate the performance of thick cloud removal 

with the proposed JTTR framework. In the simulation 
experiments, the ground truth within the cloud masks 
of the target images was removed and reconstructed 
using complementary information from reference 
images. For comparison, we selected the dual- 
temporal optical image reconstruction methods of 
WLR (Zeng, Shen, and Zhang 2013), FRARC (Zhu 
et al. 2023), and PGFCTS (Wu et al. 2024). The per
formance of the different methods was then evaluated 
based on the CC, RMSE, SA, and structural similarity 
index (SSIM) between the reconstructed regions and 
the corresponding ground truth. Table 3 presents the 

Table 2. Quantitative evaluation of the state-of-the-art thin cloud removal methods on GF1, GF2, and GF7 
images.

Image source Image date Method CC (") RMSE (#) SA (#)

8-m GF1 
(5479 × 4742 × 4)

2020.12.22/ 
2020.11.11

SSADCP 0.7890 0.0787 1.5451
DPASC 0.8404 0.0338 1.5215
JTTR-Thin 0.8678 0.0267 1.5175

3.2-m GF2 
(6787 × 5958 × 4)

2021.09.18/ 
2021.09.23

SSADCP 0.7211 0.0759 1.5436
DPASC 0.9122 0.0205 1.5093
JTTR-Thin 0.9169 0.0218 1.5077

3.2-m GF7 
(6462 × 6669 × 4)

2021.11.28/ 
2021.12.03

SSADCP 0.5224 0.1847 1.4378
DPASC 0.7790 0.0468 1.2692
JTTR-Thin 0.7989 0.0447 1.2686

Figure 7. Thin cloud removal results of the different thin cloud removal methods (the red and yellow regions denote the cloud and 
cloud shadow masks generated by the proposed JTTR framework).
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quantitative evaluation results of the different thick 
cloud removal methods, showing that FRARC, 
PGFCTS, and JTTR-Thick achieve a superior accuracy 
across all the simulation experiments. Although 
PGFCTS yields the lowest RMSE values, its perfor
mance in SA is inferior to that of JTTR-Thick, sug
gesting that PGFCTS better preserves the radiometric 
intensity, while JTTR-Thick more effectively main
tains the spectral characteristics of the ground surface. 
Furthermore, as the image resolution increases, JTTR- 
Thick achieves the highest CC and SSIM, demonstrat
ing its superior ability to preserve structural details 
and its effectiveness in reconstructing HRIs with com
plex textures.

Subsequently, we compared the spectral profiles of 
the reconstructed regions obtained using the different 
thick cloud removal methods, as shown in Figure 8. 
The WLR method consistently underestimates the 
radiometric intensity in the GF2 and GF7 experi
ments, leading to a poor reconstruction performance. 
In contrast, PGFCTS tends to overestimate the visible- 
band values in the GF1 and GF7 images, while under
estimating in the GF2 imagery. FRARC and JTTR- 
Thick show partial overestimation in the visible 
bands but achieve a better overall radiometric recon
struction. In the near-infrared band, the reconstruc
tion is strongly affected by the abrupt surface changes 
between multi-temporal images. The similar pixel- 
based PGFCTS method is able to reconstruct the 
abrupt reflectance changes within the reconstructed 
regions. The ICM-based FRARC and JTTR-Thick 
methods tend to preserve the surface features of the 
reference images within the reconstructed regions, 
resulting in a lower near-infrared reconstruction accu
racy, compared with PGFCTS.

The visual results of the different thick cloud 
removal methods are presented in Figure 9. WLR 
and PGFCTS achieve seamless reconstruction in the 
small-area missing regions, but exhibit notable radio
metric inconsistencies in the large-area missing 
regions. The analysis of the enlarged regions reveals 
noticeable color distortions and artifacts in the com
plex-texture areas. In contrast, FRARC and Thick- 

ICM obtain satisfactory reconstruction results across 
cloud-covered regions of various sizes. Nonetheless, 
FRARC still shows slight color discrepancies in water 
regions. Considering the quantitative accuracy and 
visual quality, the proposed JTTR framework demon
strates a superior performance and is suitable for thick 
cloud removal in HRIs.

3.4. Evaluation of the mixed thin–thick cloud 
removal performance

To comprehensively assess the effectiveness of the 
proposed JTTR framework, we conducted 
a comparative analysis on mixed thin–thick cloud 
images with the state-of-the-art thin and thick cloud 
removal methods, as illustrated in Figure 10. First, the 
zoomed-in sub-regions of the DPASC results on GF1 
and GF7 images reveal that relying solely on the 
advanced thin cloud removal method is incapable of 
effectively eliminating thick clouds. This limitation 
leads to pronounced radiometric anomalies in thick 
cloud areas, manifested as abnormal red or green 
appearances, and introduces artifacts in relatively 
thick thin cloud regions along thick-cloud boundaries, 
where residual cloud textures remain visible. In the 
GF2 results, DPASC exhibits severe spectral distor
tions over certain land-cover types, where originally 
red-toned urban areas are incorrectly transformed 
into purplish hues after thin cloud removal.

For the PGFCTS method, although the detected 
thick clouds and cloud shadow regions are effectively 
reconstructed, the zoomed results from GF7 images 
indicate substantial artifacts and texture loss in urban 
areas with complex spatial details. Moreover, both 
global and local results on GF1 and GF2 images 
show that the reconstructed regions obtained by 
PGFCTS tend to exhibit abnormally elevated reflec
tance, resembling thin cloud or haze, indicating that 
undetected thin clouds can still adversely affect the 
reconstruction process and lead to an overall over
estimation of surface reflectance.

Compared to the other methods, the proposed JTTR 
framework not only removes the hard-to-detect thin 
clouds but also effectively reconstructs the detected 

Table 3. Quantitative evaluation of the state-of-the-art thick cloud removal methods on GF1, GF2, and GF7 images.
Image source Cloud percentage Image date Method CC (") RMSE (#) SA (#) SSIM (")

8-m GF1 
(5482 × 4707 × 4)

31.8% 2020.11.11/ 
2021.11.15

WLR 0.8537 0.0224 1.4433 0.7793
FRARC 0.8352 0.0246 1.4434 0.7883
PGFCTS 0.8613 0.0217 1.4428 0.8026
JTTR-Thick 0.8549 0.0232 1.4423 0.7947

3.2-m GF2 
(7100 × 5981 × 4)

70.6% 2020.05.23/ 
2020.03.05

WLR 0.6325 0.0555 1.2649 0.6761
FRARC 0.6644 0.0550 1.2564 0.7266
PGFCTS 0.6715 0.0516 1.2553 0.7215
JTTR-Thick 0.6784 0.0542 1.2542 0.7294

3.2-m GF7 
(6010 × 6828 × 4)

52.1% 2021.09.21/ 
2021.01.13

WLR 0.9068 0.0317 1.0640 0.8506
FRARC 0.9300 0.0283 1.0616 0.8581
PGFCTS 0.9351 0.0268 1.0630 0.8482
JTTR-Thick 0.9354 0.0274 1.0614 0.8620

Note: Bold numbers in the table indicate the best-performing method within each experiment.
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Figure 8. Spectral profile comparisons of the different thick cloud removal methods in the GF1, GF2, and GF7 experiments. (a) 
Example of the spectral profile regions in the simulated thick cloud removal experiment. (b) Spectral profile of region 1 in (a). (c) 
Spectral profile of region 2 in (a). (d) Spectral profile of region 3 in (a).
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cloud-contaminated regions. It demonstrates a superior 
performance in preserving the spectral-spatial fidelity 
and obtaining radiometrically consistent, spatially con
tinuous cloud-free images at the target temporal phase.

Subsequently, the effectiveness of the JTTR framework 
was comprehensively validated through real-data experi
ments involving both thin and thick clouds. Given the 
restriction of the manuscript length, Figure 11 only pre
sents parts of the results, whereas the results for all the 
experiments of each key step are shown in Figures S4–S9. 
The results demonstrate that the proposed JTTR frame
work effectively integrates cloud detection, thin cloud 
removal, and thick cloud removal, achieving 
a satisfactory performance across multi-sensor images 
in complex scenarios. Benefiting from the buffer strategy 
established between the thin cloud and thick cloud 
removal processes, JTTR achieves high-fidelity and radio
metric cloud removal in both large-area clouds and dense 
clouds images. In addition, the introduction of the 
boundary-interpolation step in the ICM ensures strong 
spatial continuity between reconstructed regions detected 
as clouds and regions corrected by thin cloud removal 
technique. This enables effective cloud removal regard
less of whether clouds are continuously distributed or 

exhibit distinct boundaries. Moreover, the detailed visual 
results further confirm that the JTTR framework is effec
tive across diverse landscapes, including urban areas, 
farmland, and water–land transitions.

4. Discussion

4.1. Accuracy assessment of the cloud and cloud 
shadow detection

In the proposed JTTR framework, thick clouds, rela
tively thick thin clouds, and cloud shadows are 
regarded as regions with completely missing informa
tion. Therefore, these three categories of cloud con
tamination were merged into a single class for the 
accuracy assessment. As the ultimate goal of JTTR is 
to achieve automated cloud removal, this study 
focused on the omission errors, so as to minimize 
manual intervention caused by missed detections. 
For the quantitative evaluation, the recall, F1-score, 
and F2-score were employed as the metrics, which can 
be calculated as follows: 

Figure 9. Thick cloud removal results of the different thick cloud removal methods (the red and yellow regions denote the 
simulated cloud and cloud shadow masks). (a) Target image. (b) The WLR method. (c) The FRARC method. (d) The PGFCTS method. 
(e) The JTTR-Thick method. (f) Ground truth. (g) Reference image.
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where TP denotes the number of pixels correctly pre
dicted as cloud, FP indicates the number of pixels 

Figure 10. Cloud removal results of the different methods on mixed thin–thick cloud images (the red-colored regions denote the 
cloud regions, and the yellow-colored regions denote the cloud shadow regions).
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incorrectly predicted as cloud, and FN stands for the 
number of pixels incorrectly predicted as non-cloud.

For a comparative analysis, two fully supervised 
cloud detection networks – RegNetY (Radosavovic 
et al. 2020) and BoundaryNet (Wu et al. 2022) – and 
two weakly supervised cloud detection methods – 
WDCD (Li et al. 2020) and SpecMCD (Zhu et al.  
2026) – were selected as fully supervised comparison 
methods. Table 4 presents the quantitative evaluation of 
the binary masks obtained by the different cloud detec
tion methods. RegNetY and BoundaryNet, trained 
solely on thick cloud pixel-level annotations, show 
poor thin cloud detection, with F1-score and F2-score 
values below 0.7. Although incorporating pixel-level 
thin cloud samples significantly improves the overall 
performance, the recall still remains lower than that of 
SpecMCD and JTTR-Cloud. Compared to the other 

methods, the proposed JTTR framework achieves the 
highest scores across all the metrics, demonstrating its 
superior capability in thin cloud detection, without 
introducing excessive false positives.

Due to the space limitations, the visual results of the 
binary masks generated by the different cloud detec
tion methods on the validation dataset are shown in 
Figure S10. RegNetY and BoundaryNet perform well 
in thick cloud detection but fail on the thin clouds. In 
contrast, RegNetY_Thin and BoundaryNet_Thin, 
trained with thin cloud pixel-level labels, produce 
satisfactory results for the dense cloud images but 
still suffer from notable omission errors in the large- 
area cloud images. The proposed JTTR-Cloud 
achieves a high accuracy in both dense and large- 
area cloud detection, demonstrating a superior overall 
performance.

Figure 11. Results of the proposed JTTR framework for cloud detection (JTTR-Cloud), independent thin cloud removal (JTTR-Thin), 
independent thick cloud removal (JTTR-Thick), and joint cloud removal (JTTR) on mixed thin–thick cloud images.

Table 4. Quantitative evaluation of the state-of-the-art cloud and cloud shadow detection methods on the 
GF1-Thin-WHU dataset.

Method Training dataset Recall F1-score F2-score

RegNetY GF-Thick-WHU 0.5495 0.6773 0.5923
BoundaryNets 0.5245 0.6376 0.5624
RegNetY_Thin GF-Thin-WHU 0.8876 0.9088 0.8943
BoundaryNets_Thin 0.8540 0.8807 0.8626
WDCD GF-Scene-WHU 0.8599 0.7847 0.8185
SpecMCD 0.9309 0.8945 0.9147
JTTR-Cloud GF-Thick-WHU + GF-Scene-WHU 0.9417 0.9109 0.9285
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4.2. Effectiveness of the information cloning 
model in thin cloud removal

Since the proposed JTTR method employs an ICM to 
correct the spectral distorted regions in the global thin 
cloud removal results and adopts a threshold-based 
strategy to extract the corresponding regions, we ana
lyze the effectiveness of the ICM in thin cloud removal 
as well as its sensitivity to the spectral distortion mask.

First, we compared the global thin cloud removal 
results with those adjusted using the ICM in the spec
tral distorted regions, as shown in Figure 12. The 
results indicate that the global thin cloud removal 
results exhibit notable spectral distortions in water 
regions, bright surfaces, and image boundaries. In 
contrast, correction with the ICM effectively restores 
the original spectral characteristics of the land cover, 
enabling high-fidelity thin cloud removal.

To assess the sensitivity of the ICM to the spectral 
distortion region mask, we applied 20-pixel morphologi
cal erosion and dilation to the extracted masks. We then 
evaluated the thin cloud removal accuracy for three 
image scenes using these modified masks and compared 
the results with those obtained using the original mask, 
as summarized in Table 5. The quantitative results 
demonstrate that the performance variations caused by 

the eroded and dilated masks are minimal across all 
experiments. Specifically, the original mask consistently 
yields the highest thin cloud removal accuracy. In con
trast, both the 20-pixel erosion and dilation introduce 
marginal degradations, indicating that the proposed 
method is robust to perturbations in the mask.

Subsequently, a visual comparison of the optimized 
results obtained using different masks was conducted, as 
shown in Figure S11. The results indicate that applying 
morphological erosion to the mask prevents the com
plete correction of spectral distortion; only the pixels 
within the eroded mask are corrected, leaving portions 
of the distorted regions unaddressed. By comparison, the 
dilated mask enables more comprehensive correction of 
the spectral distortion. Although its quantitative perfor
mance is slightly inferior to that achieved using the 
original mask, the visual quality remains essentially con
sistent. These results collectively demonstrate that the 
proposed method exhibits strong robustness to moderate 
mask perturbations, particularly in cases where the mask 
overestimates the distorted region, which has a negligible 
impact on the visual quality. Therefore, when an accurate 
spectral-distortion mask is difficult to obtain, applying an 
appropriate dilation can be an effective strategy to 
achieve optimal visual performance.

Figure 12. Examples of thin cloud removal results before and after spectral correction using the ICM. (a) Original image. (b) Global 
thin cloud removal result. (c) JTTR-Thin.

Table 5. Quantitative evaluation of thin cloud removal result using eroded, original, and 
dilated masks.

Image source Mask CC (") RMSE (#) SA (#)

GF-1 20-Pixel erosion 0.8464 0.0276 1.5177
Original mask 0.8678 0.0267 1.5175
20-Pixel dilation 0.8468 0.0277 1.5177

GF-2 20-Pixel erosion 0.9152 0.0220 1.5078
Original mask 0.9169 0.0218 1.5077
20-Pixel dilation 0.9150 0.0223 1.5076

GF-7 20-Pixel erosion 0.7862 0.0461 1.2688
Original mask 0.7989 0.0447 1.2686
20-Pixel dilation 0.7957 0.0486 1.2757
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4.3. Impact of reference image quality on JTTR 
framework
Due to the fact that completely cloud-free reference 
images are often difficult to obtain, we further analyze 
the impact of reference image quality on the cloud 
removal performance of the proposed JTTR frame
work. As illustrated in Figure 13, although the 
SpecMCD cloud detection method achieves relatively 

comprehensive detection of both thin and thick 
clouds, it inevitably causes the loss of a large amount 
of available surface information, resulting in numer
ous cloud-covered regions that cannot be effectively 
reconstructed. Moreover, the SpecMCD method is still 
unable to fully cover all thin clouds and haze, which 
results in locally radiometric overestimation in the 
SpecMCD-based reconstruction results. Moreover, 

Figure 13. Examples of different cloud removal frameworks using auxiliary images with incomplete complementary information. 
(b) and (d) show enlarged views of the subregions indicated by the blue boxes in (a) and (c), respectively.
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since the SpecMCD method is still unable to fully 
cover all thin clouds and haze, the corresponding 
reconstruction suffers from local radiometric 
overestimation.

In contrast, by integrating a thin cloud removal 
strategy, the proposed JTTR framework does not 
require the cloud mask to completely cover thin clouds 
or haze, thereby preserving a larger amount of available 
information. Consequently, even when the reference 
images also contain cloud-contaminated regions – par
ticularly in scenarios where sufficient complementary 
information is unavailable – the proposed JTTR frame
work is able to remove thicker clouds and generate 
cloud removal results with higher overall visual quality 
and improved radiometric fidelity.

4.4. Time efficiency of the dual-temporal joint 
thin–thick cloud removal framework

The proposed JTTR framework for HRIs is capable of 
performing three distinct tasks: cloud and cloud- 
shadow detection, thin cloud removal, and thick 
cloud removal. To verify its practical applicability, 
we conducted multi-sensor experiments to evaluate 
the computational efficiency of each step and com
pared the JTTR framework with the state-of-the-art 
methods for the corresponding tasks, as shown in 
Table 6. It can be observed that the proposed JTTR 
framework shows the highest computational efficiency 
across all the tasks. While the processing time 
increases with the image size, the relationship is not 
strictly linear, due to influencing factors such as land 
surface complexity and cloud coverage. Overall, the 
proposed JTTR framework requires approximately 
500 s for an image of size 6500 × 6500 pixels, which 
is sufficient to meet the requirements of practical 
applications.

4.5. Limitations and future perspectives

Most of the existing JTTR methods generally rely on 
manual adjustment of a cloud mask (Li et al. 2020) or 
the incorporation of auxiliary data, such as SAR data 
(Li et al. 2024), to achieve a satisfactory performance, 
which greatly limits their practical applicability. In 

contrast, the proposed JTTR framework can effectively 
remove both thin and thick clouds using only dual- 
temporal optical images, without the need for addi
tional data or manual intervention.

Despite its effectiveness, the JTTR framework still 
has several limitations. First, since this study focused 
on thin and thick cloud removal, cloud shadows were 
treated as missing information and removed using 
thick cloud removal methods. The simple shadow 
detection method adopted here can detect thick 
cloud shadows but struggles with thin cloud shadows, 
thereby degrading the visual quality of the final results, 
as shown in Figure S12(a). Future work will leverage 
the radiometric differences in dual-temporal images to 
further refine the cloud shadow mask or incorporate 
cloud shadow removal methods, thereby improving 
the visual quality of the reconstructed imagery.

Furthermore, although the JTTR framework can 
effectively suppress reflectance overestimation in 
urban regions under thin clouds, its ability to recon
struct complex textures remains limited, as illustrated 
in Figure S12(b). To address the loss of texture details 
in urban areas, future work will explore the recovery of 
these features using guided filtering or a generative 
adversarial network.

While the proposed JTTR framework demonstrates 
strong cloud removal capability, it does not account 
for radiometric anomalies in the original images. 
Consequently, the method is relatively sensitive to 
these anomalous regions, which can exacerbate radio
metric inconsistencies in the final results, as illustrated 
in Figure S12(c). To address this limitation, future 
work will incorporate a deep learning-based radio
metric anomaly detection approach to identify anom
alous regions and reconstruct the affected areas.

To validate the cross-sensor cloud removal cap
ability of the proposed JTTR framework, we eval
uated its performance on Landsat imagery using 
cloud masks generated by a dilated Fmask (Qiu, 
Zhu, and He 2019), as shown in Figure S13. The 
results indicate that, when reliable cloud masks are 
provided, the JTTR framework can achieve satisfac
tory cloud removal performance on Landsat 
images. However, the cloud detection component 
of JTTR relies on deep networks, and currently no 

Table 6. Time efficiency of the proposed JTTR framework compared with the state-of-the-art methods(s).

Task Method

Image (source, size, cloud percentage)

GF-1, 5342 × 4679 × 4, 44.52% GF-2, 6761 × 5969 × 4, 45.84% GF-7, 7060 × 6696 × 4, 5.99%

Cloud detection SpecMCD 156.3 284.5 293.1
JTTR-Cloud 100.2 89.2 117.5

Thin cloud removal DPASC 616.8 1471.7 1073.2
JTTR-Thin 157.3 327.0 453.6

Thick cloud removal PGFCTS 156.0 798.0 145.0
JTTR-Thick 38.1 48.0 39.1

Joint cloud removal JTTR 295.6 464.2 610.2
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cloud detection method can be directly generalized 
to all sensors without sensor-specific adaptation. 
Therefore, to fully extend the JTTR framework to 
other sensors, the cloud detection network must be 
retrained using data from the target sensor. Future 
work will focus on developing automated multi- 
sensor cloud detection strategies that reduce the 
need for extensive sensor-specific adjustments, 
thereby enabling the JTTR framework to be more 
widely applied in multi-sensor images.

5. Conclusions

In this study, we proposed a joint thin and thick cloud 
removal framework to remove thin and thick clouds in 
multi-sensor HRIs. By integrating multi-scale cloud 
detection with an ICM, JTTR enables high-fidelity 
thin cloud removal from single-temporal images and 
efficient thick cloud reconstruction using multi- 
temporal images. Quantitative evaluations on Gaofen 
satellite data demonstrate that JTTR achieves an average 
improvement of 1.4% in CC over the state-of-the-art 
DPASC method for thin cloud removal, and an average 
improvement of 1.1% in SA over the advanced PGFCTS 
method for thick cloud removal. In addition, JTTR 
significantly enhances computational efficiency, deli
vering more than a 2.4× speedup for thin cloud removal 
and a 3.7× speedup for thick cloud removal compared 
with other state-of-the-art approaches. Experimental 
results from 24 real-data experiments of different sen
sors further confirm that the proposed framework can 
effectively achieve joint removal of thin and thick 
clouds under complex mixed-cloud conditions, high
lighting its stability and robustness.

Nevertheless, the framework remains limited in 
cloud shadow detection and in recovering complex 
surface textures obscured by thin clouds. Future 
work will focus on refining cloud shadow detection 
and thin cloud removal techniques to further improve 
joint cloud removal performance.
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