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Abstract: Clouds are one of the most serious disturbances when using satellite imagery for ground
observations. The semi-translucent nature of thin clouds provides the possibility of 2D ground scene
reconstruction based on a single satellite image. In this paper, we propose an effective framework for
thin cloud removal involving two aspects: a network architecture and a training strategy. For the net-
work architecture, a Wasserstein generative adversarial network (WGAN) in YUV color space called
YUV-GAN is proposed. Unlike most existing approaches in RGB color space, our method performs
end-to-end thin cloud removal by learning luminance and chroma components independently, which
is efficient at reducing the number of unrecoverable bright and dark pixels. To preserve more de-
tailed features, the generator adopts a residual encoding–decoding network without down-sampling
and up-sampling layers, which effectively competes with a residual discriminator, encouraging the
accuracy of scene identification. For the training strategy, a transfer-learning-based method was
applied. Instead of using either simulated or scarce real data to train the deep network, adequate
simulated pairs were used to train the YUV-GAN at first. Then, pre-trained convolutional layers were
optimized by real pairs to encourage the applicability of the model to real cloudy images. Qualitative
and quantitative results on RICE1 and Sentinel-2A datasets confirmed that our YUV-GAN achieved
state-of-the-art performance compared with other approaches. Additionally, our method combining
the YUV-GAN with a transfer-learning-based training strategy led to better performance in the case
of scarce training data.

Keywords: thin cloud removal; generative adversarial network; residual encoding-decoding network;
transfer learning

1. Introduction

With the rapid development of remote sensing technology, high-resolution satellite
images are being widely used in resource surveys, environmental monitoring, and vegeta-
tion management [1,2]. However, nearly 67% of the earth’s surface is covered by clouds [3],
which reduces the availability of satellite images greatly. To be specific, thick clouds block
the ground in the form of opaque “white blocks”, resulting in local information loss of
ground targets. Thin clouds cover nearly the entirety of satellite images in the form of
semi-translucent “white gauze”, which causes changes of spectral information and the
blurring of ground features. Therefore, cloud removal is of great significance for improving
the availability of high-resolution satellite images.

Thick and thin clouds result in different applications being used on the images. In satel-
lite images polluted by thick clouds, more attention is paid to detecting cloud masks, which
essentially represent a dichotomy between cloud and non-cloud pixels. Promoted by ad-
vanced computer vision methods [4–7], the accuracy of thick cloud detection is constantly
being improved, but these methods [8–11] are not applicable to detecting semi-translucent
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thin clouds. Furthermore, the restoration of areas on the ground occluded by thick clouds
is not considered.

As far as thin cloud removal goes, suppressing thin cloud components from cloudy
pixels and then restoring the critical information of ground targets, such as colors and
textures, provide the possibility of cloud-covered satellite images for ground observation
tasks. In this paper, we propose a generative adversarial network in YUV color space and a
training strategy utilizing both real and simulated data for thin cloud removal. The main
contributions of this work are reflected in the following:

• The reconstruction of cloud-free images was conducted in YUV color space, which
is efficient at reducing the number of unrecoverable bright and dark pixels without
increasing the complexity of the algorithm.

• A residual symmetrical encoding–decoding architecture, without down-sampling
and up-sampling layers, was used as the generator to recover detailed information.
A mixed loss function combining `1 loss and adversarial loss in YUV color space
was employed to guide model training, which further improved the effectiveness of
detailed reconstruction and the accuracy of scene recognition.

• We conducted the first study of transfer learning upon simulated and real data for
thin cloud removal. Our results show that a network initialized with simulated data
and then optimized by real data has an advantage over a network trained only with
scarce real data.

• Both the public benchmark for thin cloud removal RICE1 and self-constructed Sentinel-
2A datasets were used to verify the effectiveness of the proposed method by ablation
study. Moreover, we demonstrate that the proposed method outperforms one tradi-
tional and two deep learning-based approaches based on quantitative indexes and
qualitative effects.

The remainder of this paper is organized as follows. In Section 2, we briefly present
the related works. Section 3 details the proposed method. Experimental results as well as
the analyses are given in Section 4. Section 5 provides discussions, and Section 6 concludes
this paper.

2. Related Works

A brief overview of typical works on thin cloud removal is provided in Section 2.1.
Moreover, we introduce previous studies about image reconstruction in different color
spaces in Section 2.2, and present a short introduction about transferring knowledge to
scarce target data in Section 2.3.

2.1. Typical Thin Cloud Removal Methods

According to different processing means, existing thin cloud removal methods are
mainly divided into frequency characteristic-based [12,13], spatial characteristic-based [14–16],
spectral characteristic-based [17,18], and image transformation-based methods [19–22].
In addition, in order to substitute cloud-contaminated pixels with real cloud-free observa-
tions, multitemporal approaches [23,24] are applied widely, but these approaches need to
exploit a series of multitemporal quantitative products, causing the acquisition of data to
be expensive. The dark channel prior (DCP) method [16] deriving from haze removal is
an effective spatial characteristic-based approach, which can achieve thin cloud removal
because the illumination component of clouds is highly correlated with that of haze [25].

Compared with the aforementioned traditional methods, deep convolutional neural
network (CNN)-based methods automatically learn features from datasets and achieve
impressive performance in thin cloud removal. Conditional generative adversarial net
(cGAN) [26] was directly applied in [27] to accomplish cloud removal on the Remote sens-
ing Image Cloud Removing dataset (RICE) [28] with various landforms. Enomoto et al. [29]
designed multispectral conditional generative adversarial net (McGAN), which extends
the input of cGAN by adding a near infrared (NIR) image concatenated with red, green,
and blue (RGB) images in a new channel. Grohnfeldt et al. [30] and Meraner et al. [31] used
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synthetic aperture radar (SAR) data as additional information. Cloud-GAN [32] contains
two generators to realize bidirectional mapping between the cloudy and cloud-free im-
ages. In order to strengthen the constraint of prior information on the model, introducing
the irradiance transmission model of cloudy images into the network was considered.
Zou et al. [33] re-examined cloud detection and removal as a mixed energy separation
process between foreground and background images. Unfortunately, their architecture
is more suitable for detecting the masks of thick clouds, while real thin cloud pixels are
easily misjudged as background pixels. To reduce the dependence on paired images, a
semi-supervised method CR-GAN-PM [34] is proposed, which mainly involves two steps:
the first step is to decompose cloud-free background layers and cloud distortion layers
from the input images utilizing GANs; the second step is to reconstruct the input images
by putting those layers into the redefined physical model of cloud distortion.

The above-mentioned deep CNN-based thin cloud removal methods suffer from
some deficiencies. From the perspective of network architecture, details of the image
are easily corrupted due to repeated down-sampling layers. To address this problem,
Li et al. [35] proposed a deep residual symmetrical concatenation network (RSC-Net)
without down-sampling and up-sampling operations to realize end-to-end thin cloud
removal. The RSC-Net is an encoding-decoding framework consisting of multiple residual
convolutional and deconvolutional blocks, thereby better preserving the details of images.
However, the `2 loss applied in RSC-Net is likely to cause image blurring [36,37]. Besides,
existing networks including RSC-Net are all performed in RGB color space, in which
the characteristic of clouds in each channel is significantly different because the light is
scattered unequally in each wavelength when passing through clouds [38]. Once the
network predicts the cloud component in a certain channel incorrectly, it is prone to cause
color distortion, especially for bright and dark pixels.

Another deficiency of the present approaches is that the training set is limited to
either simulated or real data. In [29,30], the networks remove thin clouds exclusively with
simulated image pairs, however, simulated clouds of that kind are significantly different
from actual clouds seen in visible light images. Considering the applicability of models to
real cloudy images, networks in [27,32–35] are trained with real image pairs. Actually, real
data acquisition is herculean and costly, and the reason has two folds. On the one hand, it
is impractical to capture truly paired cloud-free and corresponding cloudy images of the
same scene at consistent imaging conditions. On the other hand, only a few collected pairs
meet the requirement that the imaging conditions of the paired images are similar, making
the process of training set collection time-consuming. In a word, the limited paired data
becomes a great handicap to develop robust algorithms on thin cloud removal.

2.2. Image Reconstruction in Different Color Spaces

The often-used color space is RGB in most image reconstruction methods. However,
Jang et al. [39] indicated that the RGB color space does not consider the color perception
of the human visual system. Then they proposed that it’s more effective in CIELAB
color space to estimate high dynamic range images from low dynamic range images.
Markchom et al. [40] explored an algorithm to remove clouds in HSI color space, which
eliminates clouds only in the intensity channel to avoid the influence on the original color.
Wu et al. [41] considered the transformation (or inverse transformation) between YUV
and RGB is linear, realizing the remote sensing image colorization in YUV color space,
which will not generate a nonlinear error in the processes of color transformation and
prediction. Furthermore, the advantage of the YUV color space compared with the RGB
color spaces is that it can represent luminance and chromatic information independently.
All of these advantages inspire us to attempt the reconstruction of cloud-free images in
YUV color space.



Remote Sens. 2021, 13, 1079 4 of 22

2.3. Transferring Knowledge to Scarce Target Data

Transfer learning provides a powerful way in training a deep network using scarce
data, on the condition that the network has been initialized by a large-scale dataset.
Many approaches [42–44] pre-train CNNs on ImageNet, a large-scale natural image dataset,
and then fine-tune on target datasets relating to specific tasks. Considering the discrepancy
of different domains, Huang et al. [45,46] suggested using SAR images to pre-train the
model for SAR target recognition instead of solely applying optical ImageNet. Yosin-
ski et al. [47] discussed how to experimentally quantify the generality versus specificity
of neurons in each layer of a deep CNN. A final surprising result shows that transferring
and then fine-tuning features, from almost any number of layers, results in networks
generalizing better than those trained directly on the target dataset. Inspired by this,
Malmgren-Hansen et al. [48] transferred the knowledge from the simulated SAR data to
the real one by fine-tuning all parameters in the CNN with equal learning rate. In this
paper, the transferability between simulated and real data will be explored, to improve the
thin cloud removal performance of the model on truly cloudy images.

3. Method

In this study, a workflow is proposed for thin cloud removal on satellite images.
Methodologically, a YUV-GAN network architecture restoring cloud-free images in YUV
color space and a training strategy based on transfer learning are proposed to remove
thin clouds of real cloudy images. Figure 1 shows the overall framework of our method.
The simulated image pairs as source data and real image pairs as target data are pre-
processed by the color space transformation operation into images in YUV color space.
The step of initializing the network parameters is then conducted by pre-training the
YUV-GAN on sufficient simulated pairs, thereby avoiding collecting a large number of real
training pairs. Subsequently, all parameters in the pre-trained model are transferred and
the network is re-trained on scarce real pairs for real thin cloud removal. Finally, cloud-free
images in RGB color space can be obtained by the post-processing Inverse Transformation
operation. In the following, we will describe the proposed method in detail.

Figure 1. Overall framework of our method.
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3.1. Color Space Transformation and Inverse Transformation

Thin cloud removal is a task sensitive to luminance and chromaticity. We attempted
using RSC-Net [35] to remove thin clouds from cloudy images with some bright and
dark pixels. Three-channel values of a bright pixel approximate 255, and those values
of a dark pixel approximate 0. Figure 2 shows the failures of RSC-Net when predicting
bright and dark pixels. We attribute the failures of recovering bright and dark pixels
to luminance and chromatic information not independent of each other in R, G, and B
channels. When the luminance and chromatic information of thin clouds in any channel
cannot be accurately predicted, the pixels will have serious color deviations. In contrast, in
YUV color space, the Y channel indicates luminance, and the U and V channels indicate
chromatic information. Thus, the YUV color space is more suitable for recovering cloud-
free images, as the luminance can change independently without affecting the chromatic
information. For this reason, our method is implemented in YUV color space. RGB
values can be transformed into YUV color space that considers color sensitivity through
Equation (1). Additionally, YUV values can be transformed inversely into RGB color space
through Equation (2) [41].

Y = 0.299R + 0.587G + 0.114B
U = −0.147R − 0.289G + 0.436B
V = 0.615R − 0.515G + 0.100B

(1)

R = Y + 1.14V
G = Y − 0.39U − 0.58V

B = Y + 2.03U
(2)

Figure 2. The failures of RSC-Net when predicting cloud-free images with some bright and dark
pixels. Bright pixels are predicted to be turquoise and dark pixels are predicted to be red.

3.2. Architecture of YUV-GAN

The architecture enhances the quality of reconstructed cloud-free images via WGAN [49].
Residual blocks [50] are done in each layer of the generator and discriminator to replace
all conventional convolution and deconvolution operations. The main advantage of the
residual block is that the gradient of the former layer can be directly added into the latter
layer, so there is no gradient dispersion or explosion when the network is going deeper.
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Figure 3 shows the architecture of the residual block. The kernel size of each convolution
layer is 3 × 3, and each of them is followed by a Batch Normalization(BN) layer. Besides,
the rectified linear unit (ReLU), chosen as the activation function, is adopted behind the
first BN layer.

Figure 3. Architecture of the residual block.

The generator in our work is based on a residual encoding–decoding architecture,
as shown in Figure 4. There are no down-sampling and up-sampling layers, so detailed
information in restoration can be better preserved. Both inputs and outputs of the generator
are images of size 256 × 256 × 3 in YUV color space. On the encoding end, at first,
convolution kernels with the size of 3 × 3 are used to convert 3-channel images to 32
feature maps; next comes a ReLU. After that, each of the five convolutional residual
blocks produces 32 feature maps as outputs. The corresponding decoding end employs five
deconvolutional residual blocks; each of them takes 64 feature maps as inputs and produces
32 feature maps as outputs; 32 feature maps copied from the symmetrical convolution
layer constitute half of the deconvolutional inputs, and the other half are produced by the
deconvolutional residual block in the last layer. At the end of the generator, convolution
kernels with the size of 3 × 3 and a ReLU convert 32 feature maps to 3-channel images.

Figure 4. Architecture of the generator.

In order that the generator and discriminator can effectively optimize each other,
the discriminator uses a residual neural network as depicted in Figure 5. In our discrim-
inator architecture, the residual block applies leaky rectified linear units (Leaky ReLUs)
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instead of ReLUs. Leaky ReLU has a slope within the negative range, solving the problem
that neurons do not learn when the function enters the negative range. The 1 × 1 con-
volution between two adjacent residual blocks helps with obtaining a specific number of
feature maps.

Figure 5. Architecture of discriminator.

A mixed loss function including `1 loss and adversarial loss in YUV color space is
employed to guide model training. Compared with other deep CNN-based methods
applying `2 loss in RGB color space, our `1 loss in YUV color space has a higher correlation
with human color perception and can preserve more details. Let Y, U, and V be the
components of the reference image; and Ŷ, Û, and V̂ be the components of the reconstructed
image. The `1 loss of the reference and reconstructed image is formulated as follows:

`1(G) =
∥∥Y − Ŷ

∥∥
1 +

∥∥U − Û
∥∥

1 +
∥∥V − V̂

∥∥
1 (3)

The WGAN successfully solves the problem of unstable adversarial training and mode
collapse, and ensures the diversity of generated samples. The loss in Equation (3) as a
penalty item is added to the objective of the WGAN to encourage less blurring. The final
loss functions are divided into the generator and discriminator, which are shown as follows:

LG = −Ez∼pg(z)[D(G(z))] + λ`1(G)

LD = Ez∼pg(z)[D(G(z))]− Ex∼pdata(x)[D(x)]
(4)

where generator G and discriminator D play the minimax game. After several rounds of
the game, the distributions of real data x and fake data G(z) generated by G are similar,
noted as pdata(x) and pg(z), respectively. D(G(z)) represents the probability of D judging
reconstructed images as reference images, and D(x) represents the probability of D judging
reference images properly. The weight λ is set to 1. G tries to generate more “realistic”
samples until D is unable to distinguish between G(z) and x. The final objective is defined
as follows:

G∗ = arg min
G

max
D

−Ez∼pg(z)[D(G(z))] + `1(G) (5)

3.3. Transferring Knowledge from Simulated to Real Data

A large-scale dataset is indispensable when training a deep CNN. Unfortunately, there
exist few large-scale satellite datasets for thin cloud removal, as paired data acquisition is
costly. In this work, we try to avoid collecting a large number of real image pairs. Transfer
learning is necessary to alleviate the lack of sufficient amounts of real cloudy and cloud-free
images. Instead of training a deep network with limited real pairs from scratch, a large
number of simulated pairs as the source data, which are much more easily acquired than
real ones, are used to pre-train the YUV-GAN.

As for the simulation of cloudy images, firstly, we used FastNoise Lite, which is
an open-source noise generation tool integrated with a large collection of different noise
algorithms, to draw 700 cloud figures as the simulated cloud layers. Specific parameter
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settings were as follows: (1) The noise type was Perlin Fractal; (2) the frequency, between
0.0001 and 0.005, made the simulated clouds semi-transparent and distributed them evenly
in local areas; (3) The octaves describe the number of coherent noises, and the higher the
values the more natural images are, so we set the octaves to 9; (4) each time we changed
the number of seeds, ranging from 100 to 400, a cloud figure could be obtained. Secondly,
the simulated clouds were regarded as foreground and the cloud-free images are used
as background. Finally, the simulated clouds and cloud-free images were synthesized as
cloudy images by alpha blending [29]. Figure 6 shows effects of the synthesized cloudy
images. The alpha blending is formulated as follows:

R(cloudy) = α ∗ R(cloud) + (1 − α) ∗ R(re f erence)
G(cloudy) = α ∗ G(cloud) + (1 − α) ∗ G(re f erence)
B(cloudy) = α ∗ B(cloud) + (1 − α) ∗ B(re f erence)

(6)

where the α channel describes the transparency of the simulated cloud, R(cloudy),
G(cloudy), and B(cloudy) are three-channel values of the cloudy image, R(cloud), G(cloud),
and B(cloud) respectively represent R, G, and B channel values of the simulated cloud, and
R(re f erence), G(re f erence), and B(re f erence) are three-channel values of the reference
cloud-free image.

Figure 6. Synthesis of cloudy images: (a) reference cloud-free images, (b) simulated clouds using
Perlin Fractal noise, and (c) cloudy images synthesized by alpha blending.

When directly testing on real cloudy images, the performance of the model trained
only upon simulated data was unsatisfactory. To improve the model’s applicability to real
data, a small quantity of real pairs as the target data were used to re-train the YUV-GAN,
in which original network parameters were directly transferred from the pre-trained one.
All parameters in the network were fine-tuned with a reduced learning rate, as this was
experimentally shown to get the best performance in [47].

4. Experiments and Results

To evaluate the proposed method, in this section, we present the experiments. Firstly,
a brief introduction of the datasets is given in Section 4.1. Next, experimental settings and
evaluation indexes are described in Section 4.2. Then, in Section 4.3, the ablation study on
both on RICE1 and Sentinel-2A datasets will verifies the effectiveness of components in
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the proposed framework. Finally, comparative experiments in Section 4.4 demonstrate the
superiority of our method compared with other approaches.

4.1. Description of Datasets

In our experiments, two datasets, including the publicly released RICE dataset [28]
and a self-constructed dataset collected from high-resolution Sentinel-2A images, were
applied to analyze the effectiveness of thin cloud removal methods. Not limited to real
image pairs, we further expand the data through simulation. The following are brief
descriptions of these datasets.

(1) RICE dataset: This dataset consists of two parts: thin cloud-covered RICE1 and
thick cloud-covered RICE2. The spatial resolution of the former approximates 5m/pixel; it
is 30 m/pixel for the latter. The RICE1 dataset comprises the cloud set (cloudy images) and
the reference set (cloud-free images). At first, by deciding whether to display the cloud
layer on Google Earth, the paired cloudy and cloud-free images can be obtained. Then, all
image pairs are cut to the size of 512 × 512 pixels without overlapping. To better analyze
the reconstructed results of the model on complex ground scenes, we eliminate images of
desert, ocean, bare ground, and plain, in which the overall hue is consistent and textures are
smooth. In the RICE2 dataset, which is derived from the Landsat 8 OLI/TIRS, natural color
images and quality images of the LandsatLook images with geographic reference in Earth
Explorer are used. The LandsatLook natural color image is a composite of three bands
(Landsat 8 OLI, Bands 6,5,4), and LandsatLook quality images are 8-bit files generated from
the Landsat Level-1 Quality band to provide quick views of the quality of the pixels within
the scene to determine if a particular scene would work best for the user’s application.

(2) Sentinel-2A dataset: Sentinel-2A is a high-resolution multi-spectral imaging satellite
that carries a multi-spectral imager (MSI) for land monitoring. The dataset is composed
of Sentinel-2A Level-1C images, which are atmospheric apparent reflectance products
made via ortho-correction and geometric correction. True color images composited with
bands 2/3/4 of Sentinel-2A are used to construct the training and testing sets. The de-
tailed information of these bands is shown in Table 1. We collected Sentinel-2A images
of 257 Chinese municipalities and prefecture-level cities on the SENTINEL Hub website
(https://apps.sentinel-hub.com/sentinel-playground/, accessed on 28 January 2021), cover-
ing most of the land types distributed throughout China, including streets, meadows,
rivers, coasts, and mountains. Three-channel values of the images are between 0 and 255.
The cloud coverage of cloud-free images we chose was less than 10%, while for cloudy
images, the range of the cloud coverage we chose was between 10% and 50%. The period
of collecting two paired images ranged from 1 May–31 July 2020. When the interval is too
long, the features of the ground scenes are likely to change.

Table 1. Sentinel-2A bands used in experiments.

Band Number Band Name Central
Wavelength (µm) Bandwidth (nm) Spatial

Resolution (m)

Band 2 Blue 0.490 98 10
Band 3 Green 0.560 45 10
Band 4 Red 0.665 38 10

For both RICE1 and Sentinel-2A, non-overlapped clipping was performed to obtain
images with a size of 256 × 256 pixels from these datasets. The total of 840 pairs of the
RICE1 dataset were divided into the training set with 700 randomly selected pairs and
the test set with the remaining 140 pairs. Besides, we collected 240 Sentinel-2A image
pairs. One-hundred pairs were for training and the remaining 140 pairs were for testing.
Considering that there were too few training pairs, an additional 880 cloud-free Sentinel-2A
images were acquired alone, which were rrandomly combined with 700 cloudy ones to
obtain a large number of varying cloudy images using the simulation approach described
in Section 3.3. Ultimately, the Sentinel-2A training set included 100 real pairs and 880 ×

https://apps.sentinel-hub.com/sentinel-playground/
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700 simulated pairs, and the test set had 140 real pairs. Table 2 illustrates the compositions
of the RICE1 and Sentinel-2A datasets for our experiments.

Table 2. The composition of the RICE1 and Sentinel-2A datasets used in experiments.

Dataset Training Set Test Set

RICE1 700 real pairs 140 real pairs

Sentinel-2A 100 real pairs + 880 × 700
simulated pairs 140 real pairs

4.2. Experimental Settings and Evaluation Indexes

We trained the proposed network using the RMSProp optimizer that is demanded
by WGAN. In the pre-training process of 100 epochs, the learning rates were set to 10−4

for the generator and 10−5 for the discriminator. For the next 30 epochs, we conducted
transfer learning to real pairs based on the pre-trained model and reduced the learning
rates of the generator and discriminator to 1/10 of the original values. After each epoch,
the learning rates attenuated by 0.85 times using the decay step pattern.

Peak signal-to-noise ratio (PSNR) and structural similarity index measurement (SSIM)
are used as quantitative indexes to evaluate the results. In Equations (7) and (8), X and
Y represent the cloud-free reference and the cloud-free output, respectively. PSNR is
calculated by the errors of the corresponding pixels in the output image and reference
image, given by Equation (7). The value is inversely proportional to the distortion effect of
the image and directly reflect the image quality. SSIM presented in Equation (8) evaluates
the structural similarity between images. While the value is closer to 1, it means that the
two images are more similar.

MSE(X, Y) = 1
mn ∑m

i=1 ∑n
j=1(X(i, j)− Y(i, j))2

PSNR(X, Y) = 10lg 2552

MSE(X,Y)
(7)

SSIM(X, Y) =
(2µXµY + c1)(2σXY + c2)

(µ2
X + µ2

Y + c1)(σ
2
X + σ2

Y + c2)
(8)

where µX and σX represent the average gray level and variance of the reference image,
µY and σY represent the average gray level and variance of the output image, σXY is the
covariance between reference and output images. To remain stable, c1 and c2 are set to
6.5025 and 58.5225, respectively.

4.3. Ablation Study of the Proposed Method

In this section, the ablation study analyzes the importance of each component in the
proposed framework, including network architecture analysis of (1) YUV color space, (2) `1
fidelity loss, and (3) adversarial training; and (4) training strategy analysis of transfer
learning. Two sets of ablation experiments were carried out on RICE1 and Sentinel-
2A datasets respectively, and the corresponding results are analyzed quantitatively and
qualitatively.

4.3.1. Network Architecture Analysis

RSC-Net as the baseline was first evaluated, on the basis of which we integrated YUV
color space, `1 loss, and adversarial training (Adv-T) techniques step by step to compare the
performances of various architectures. From training the models with the RICE1 dataset,
which consisted of 700 real pairs, Table 3 shows the average PSNR and SSIM values of
reconstructed images with various architectures using the RICE1 test set. The highest
values in each index are marked in bold. Compared to 22.973169 dB (PSNR) and 0.888430
(SSIM) for the baseline approach, firstly, when we transformed the color space from RGB to
YUV, the PSNR value was over 23.5 dB and the SSIM value was over 0.9. Then, the model
in which the `2 fidelity loss is replaced by the `1 fidelity loss attained 24.506355 dB (PSNR)
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and 0.917344 (SSIM). In the end, on the basis of above two improvements, the final model
adding adversarial training achieved the best results, 2.15781 dB (PSNR) and 0.030093
(SSIM) higher than the baseline approach. This indicates an obvious conclusion that the
more techniques we integrate into the architecture, the greater the improvements yielded.
Various architectures in Table 4 were trained with the simulated pairs in the Sentinel-2A
training set, and the average PSNR and SSIM values of reconstructed images under the
Sentinel-2A test set are shown. The final model achieved improvements of 0.207529 dB
(PSNR) and 0.012592 (SSIM) over the baseline, indicating a consistent conclusion with
Table 3. Therefore, each component we proposed is indispensable.

Table 3. Average peak signal-to-noise ratio (PSNR) and similarity index measurement (SSIM) values of images reconstructed
with various architectures—the RICE1 test set.

Method Color Space Fidelity Loss Adv-T PSNR (dB) SSIM

1 RGB `2 No 22.973169 0.888430
2 YUV `2 No 23.579019 0.905411
3 YUV `1 No 24.506355 0.917344
4 YUV `1 Yes 25.130979 0.918523

Table 4. Average PSNR and SSIM values of images reconstructed with various architectures—the Sentinel-2A test set.

Method Color Space Fidelity Loss Adv-T PSNR (dB) SSIM

1 RGB `2 No 19.377462 0.626397
2 YUV `2 No 19.476388 0.629305
3 YUV `1 No 19.527454 0.630686
4 YUV `1 Yes 19.584991 0.638989

Apart from quantitative assessments, qualitative analyses are employed to evaluate
the effectiveness of the proposed method. We will analyze the effect of the color space,
fidelity loss, and adversarial training in detail. For the convenience of observation, each
close-up is marked with a yellow box and put beneath the corresponding image.

(1) Color Space. To reflect the effectiveness of the YUV color space in reducing the
number of unrecoverable bright and dark pixels, we compare the results of the RSC-Net in
RGB color space with this network in YUV color space. Reconstructed results in different
color spaces on RICE1 and Sentinel-2A samples are shown in Figures 7 and 8, respectively.
Columns (a) are input cloudy images and columns (d) are reference cloud-free images.
In terms of statistical results, there were 40 samples in the RICE1 test set having color
deviations (see Figure 7b1,b2 when the network was used in RGB color space; when the
network was used in YUV color space, a few restored pixels had the inaccurate luminance
in 26 samples; see Figure 7c2. Additionally, there were 57 samples in the Sentinel-2A test
set having color deviations, such as Figure 8b1,b2, when the network was used in RGB
color space; when the network was used in YUV color space, a few pixels in 39 samples
had inaccurate luminance; see Figure 8c1,c2. In a word, both the results of RICE1 and
Sentinel-2A datasets indicate that YUV color space shows more significant advantages in
recovering luminance and chromatic information than RGB color space.

(2) Fidelity Loss. For choosing of choosing an efficient fidelity loss, the comparisons
between the results with the `2 loss and the results with the `1 loss in YUV color space are
given in Figures 9 and 10. A pair of RICE1 images present in Figure 9a,d. A pair of Sentinel-
2A images present in Figure 10a,d. Figure 9c shows the reconstructed result with the `1
loss, where streets are more legible and edges are sharper than the result reconstructed
with the `2 loss, shown in Figure 9b. Besides, Figure 10c reveals that the `1 loss performs
better in retaining the color difference between green lands and deserts than the `2 loss
shown in Figure 10b. In summary, the `1 loss is more suitable to preserve some detailed
information than `2 loss for thin cloud removal.
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Figure 7. The thin cloud removal results of two RICE1 samples reconstructed in different color spaces:
(a1,a2) input cloudy image, (b1,b2) output images reconstructed in RGB color space, (c1,c2) output
images reconstructed in YUV color space, and (d1,d2) reference cloud-free image.

Figure 8. The thin cloud removal results of two Sentinel-2A samples reconstructed in different
color spaces: (a1,a2) input cloudy image, (b1,b2) output images reconstructed in YUV color space,
(c1,c2) output images reconstructed in YUV color space, and (d1,d2) reference cloud-free image.
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Figure 9. The thin cloud removal results of a RICE1 sample reconstructed with different fidelity losses: (a) input cloudy
image, (b) reconstructed image with the `2 loss, (c) reconstructed image with the `1 loss, and (d) reference cloud-free image.

Figure 10. The thin cloud removal results of a Sentinel-2A sample reconstructed with different fidelity losses: (a) input
cloudy image, (b) reconstructed image with the `2 loss, (c) reconstructed image with the `1 loss, and (d) reference cloud-
free image.

(3) Adversarial Training (Adv-T). We illustrate the utility of adversarial training by
comparing the no-Adv-T results with the Adv-T results, shown in Figure 11, in which col-
umn (a) has input cloudy images, column (b) has images reconstructed without adversarial
training, column (c) has images reconstructed with adversarial training, and column (d)
has reference cloud-free images. From the results shown in Figure 11, we can see that the
results with adversarial training are more accurate at restoring real ground scenes than
those without adversarial training. In Figure 11b1, greenbelts in green appear some black
patches. The river shown in Figure 11b2 does not present evenly-distributed color tones.
By contrast, the results in Figure 11c1,c2 are more similar to their reference cloud-free
images. Due to the discriminator encouraging generated images to be similar to reference
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cloud-free images in data distribution, the reconstructed images look more real than those
only predicted by the generator.

Figure 11. The thin cloud removal results under the influence of adversarial training: (a1,a2) input cloudy im-
age, (b1,b2) reconstructed images without adversarial training, (c1,c2) reconstructed images with adversarial training,
and (d1,d2) reference cloud-free image.

4.3.2. Training Strategy Analysis

In our transfer-learning-based (TL) training strategy, large-scale simulated pairs ini-
tialize the network parameters by pre-training the YUV-GAN; based on this, the initialized
network is re-trained by real pairs from scratch to transfer knowledge from simulated
to real data. For the RICE1 dataset, the model of YUV-GAN without TL was trained
on 700 real pairs in the training set, and the model of YUV-GAN with TL adopted our
transfer-learning-based training strategy. In the pre-training stage, just 700 cloud-free
images in the training set were used and randomly combined with simulated cloud figures
to obtain 700 × 700 cloudy images; in the re-training stage, 700 real pairs in the training
set were all included to further optimize network parameters. For the Sentinel-2A dataset,
100 real pairs in the training set were used to train the model of YUV-GAN without TL;
while training the model of YUV-GAN with TL, there were 880 × 700 simulated pairs
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for pre-training and 100 real pairs for re-training. To compare the model’s performances
in two cases, including with and without the transfer-learning-based training strategy,
Tables 5 and 6 show average PSNR and SSIM values of reconstructed images from the
RICE1 and Sentinel-2A test sets, respectively. From the results shown in Table 6, we can
see that the model with the transfer-learning-based training strategy achieved 0.320647 dB
(PSNR) and 0.017576 (SSIM) better results using the Sentinel-2A test set than that without
the transfer-learning-based training strategy. The obvious improvements of the model
with TL demonstrate the simulation approach and the transfer-learning-based training
strategy are effective when real pairs in the training set are scarce. However, in Table 5, real
cloud layers in the training set reaching the number of 700 are adequate, compared to 700
simulated cloud figures. The results show that the model with the transfer-learning-based
training strategy got 0.054802 dB (PSNR) and 0.004141 (SSIM) worse results under the
RICE1 test set than that without the transfer-learning-based training strategy. This indicates
that when there are adequate real pairs, the discrepancies between simulated pairs and
real ones will interfere with the model learning in actual scenes, causing the retrogressive
performance of the model with TL. We speculate that the fewer real cloud layers are, the
more effective our transfer-learning-based training strategy is.

Table 5. Average PSNR and SSIM values of reconstructed images from the RICE1 test set (YUV-GAN
with or without TL).

Method PSNR (dB) SSIM

YUV-GAN without TL 25.130979 0.918523
YUV-GAN with TL 25.076177 0.914382

Table 6. Average PSNR and SSIM values of reconstructed images from the Sentinel-2A test set
(YUV-GAN with or without TL).

Method PSNR (dB) SSIM

YUV-GAN without TL 22.136661 0.677236
YUV-GAN with TL 22.457308 0.694812

In order to verify the aforesaid speculation and show the advantages of our transfer-
learning-based training strategy in a further step, experiments have been conducted on
different sizes of the training sets. Due to the number of RICE1 real pairs, five sizes of the
training set in the RICE1 dataset were selected, including 140, 280, 420, 560, and 700 pairs;
each size of training set was used to construct three types of datasets. The first type was
simulated data, in which cloudy images were synthesized by combining paired cloud-free
images with 700 cloud figures randomly; the second type was real data, which included
all selected images pairs; the last type was our transfer-learning-based data, containing
the simulated data and the real data. Accordingly, each size of the training set was used
in three experiments for the simulated data-based, the real data-based, and our transfer-
learning-based training strategies. Both of the first two training strategies were to train the
proposed YUV-GAN network with their corresponding data from scratch. In our transfer-
learning-based training strategy, the simulated data were applied in the pre-training stage
and the real data were applied in the re-training stage, but the number of images collected
did not increase. When the size of the training set was fixed, all three strategies used the
same set of cloud-free images.

The trends of the PSNR values with increasing training sets is shown in Figure 12.
From the comparison between the red line and the green line, we can see that the model
transferring knowledge from simulated to real data achieved over 2.5 dB (PSNR) and 0.03
(SSIM) better results than that trained only with simulated data, no matter size of the
training set. Moreover, the comparison between the red line and the blue line indicates that
when there exist less than about 700 pairs, our method outperforms the real data-based
training strategy in PSNR, which contributes to the variety of simulated pairs, enhancing
the generalization of the model. Besides, when real pairs are scarcer, the improvements
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shown close-up are more obvious. Thus, it can be seen that the fewer real pairs there are,
the more appropriate our training strategy is for training the thin cloud removal network.
In summary, the simulation of image pairs can be regarded as an effective method of data
augmentation, which enriches complex scene information in limited real data, and the
transfer-learning-based method is a useful training strategy to enhance the PSNR index,
especially when real data are scarce.

Figure 12. The trend of the PSNR values with increasing training sets.

4.4. Comparison of Different Methods

We have compared the proposed method with the traditional DCP method [16] and the
state-of-the-art methods based on deep learning (McGAN [29] and RSC-Net [35]). The orig-
inal McGAN is just trained with the simulated data, while the original RSC-Net just uses
the real data-based training strategy. For fair comparisons, the two aforementioned CNNs
and our YUV-GAN used the same data and training strategy. Inspired by Figure 12,
700 real pairs in the RICE1 training set were sufficient, and the real data-based training
strategy performed best, so we trained three CNNs with only real data from scratch. Aver-
age PSNR and SSIM values of images reconstructed with various methods under the RICE1
test set are shown in Table 7. Considering that 100 real pairs in the Sentinel-2A training
set is scarce, and the transfer-learning-based training strategy can perform better than the
other two on a small training set, three CNNs were pre-trained with simulated data and
then re-trained with real data. Average PSNR and SSIM values of images reconstructed
with various methods under the Sentinel-2A test set are shown in Table 8.

For quantitative assessments, Tables 7 and 8 consistently show that our method
achieves the highest PSNR and SSIM values, compared to DCP, McGAN, and RSC-Net
approaches. For qualitative analyses, the reconstruction results of various methods using
a cloudy image from the RICE1 test set and a cloudy image from the Sentinel-2A test set
are shown in Figures 13 and 14, respectively. The results indicate that the DCP method
removes cloud components insufficiently, and the results have large color deviations, which
attribute to the discrepancy of imaging condition between clouds and haze. Compared with
the DCP method, the McGAN method is more effective at removing clouds and restoring
color information, but rough outputs with lost details are produced, caused by repeated
down-sampling and up-sampling layers in the network. The RSC-Net preserves details
well, due to its multiple residual convolutional blocks and residual deconvolutional blocks.
However, cloud-contaminated regions are prone to being rebuilt with chromatism, as
shown in Figure 14d, and there exist several dark pixels that are predicted colorfully shown
in Figure 13d. In our method, the thin clouds are basically removed and the ground scenes
can be reconstructed well. Generally speaking, our method has significant advantages in
both quantitative indexes and subjective visual appearance.
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Table 7. Average PSNR and SSIM values of images reconstructed with various methods using the
RICE1 test set.

Method PSNR (dB) SSIM

DCP [16] 20.64042 0.797252
McGAN [29] 21.162399 0.873094
RSC-Net [35] 22.973169 0.888430

Ours 25.130979 0.918523

Table 8. Average PSNR and SSIM values of images reconstructed with various methods using the
Sentinel-2A test set.

Method PSNR (dB) SSIM

DCP [16] 18.684304 0.608332
McGAN [29] 19.777914 0.636999
RSC-Net [35] 22.169535 0.669528

Ours 22.457308 0.694812

Figure 13. Thin cloud removal results of various methods on a cloudy image from the RICE1 test set: (a) input cloudy image,
(b) result of DCP, (c) result of McGAN, (d) result of RSC-Net, (e) result of our method, and (f) reference cloud-free image.
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Figure 14. Thin cloud removal results of various methods on a cloudy image from the Sentinel-2A test set: (a) input
cloudy image, (b) result of DCP, (c) result of McGAN, (d) result of RSC-Net, (e) result of our method, and (f) reference
cloud-free image.

5. Discussions

On RICE1 and Sentinel-2A datasets, the proposed method involving network architec-
ture and training strategy was verified to be effective for the removal of semi-translucent
thin clouds in Section 4.3. Not being limited to the above-mentioned datasets, there are
more complex and thick cloud-contaminated images in the RICE2 dataset, which consists
of Landsat 8 OLI/TIRS data, so the effects of the proposed method regarding removing
heavy clouds will be discussed in this section.

The same experimental settings of YUV-GAN as in Section 4.2 were adopted. Due to
recovering ground scenes based on a single satellite, an image factually benefits by the
semi-translucent nature of clouds; we selected 60 cloudy images in RICE2, among which,
although some thick cloud-covered areas are blurry, contours and colors of the surface can
be seen roughly. Then, the corresponding cloud-free images were selected out and these
pairs were cut down to 256 × 256 without overlapping. Finally, 150 pairs for training and
45 pairs for testing remained—clouds were heavy but not keeping sunlight completely out.

In actual environments, cloud shadows often appear when heavy, thick clouds exist
in the scenes—for example, in Figure 15a, heavy clouds cover the desert in local regions
and they produce some shadows presenting dark areas. From the point of view of the
reconstructed images predicted by YUV-GAN shown in Figures 15 and 16, the limitations
of the proposed method are obvious. To be specific, it is difficult for the model to identify
the ground under heavy clouds and under cloud shadows simultaneously. Therefore,
in Figure 15b, thick cloud-covered and cloud shadow-covered areas are all restored as
dark blocks. Additionally, the lack of additional information about opaque areas will
decrease the accuracy of the model restoring scenes. In Figure 16b, the model fails to
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predict a cloud-free image retaining colors and textures accurately, as the heavy clouds
have occupied most of the visible areas. The operable ways to solve these problems use
supplementing auxiliary data, such as multitemporal, NIR, or SAR images, so the more
detailed information can be utilized to help the networks reconstruct unseen scenes in
visible light bands.

Figure 15. The result of removing heavy clouds and cloud shadows with poor performance: (a) input
cloudy image, (b) reconstructed image by YUV-GAN, and (c) reference cloud-free image.

Figure 16. A failure case: smooth output for an image with overly heavy clouds: (a) input cloudy
image, (b) reconstructed image by YUV-GAN, and (c) reference cloud-free image.

6. Conclusions

In this paper, we optimize the thin cloud removal on satellite imagery from the network
architecture and training strategy. In terms of network architecture, a YUV-GAN, fully
considering the sensitivity of human eyes to color, conducts generative adversarial learning
in YUV color space. Compared with the latest advanced approach in RGB, our method
significantly reduces the number of unrecoverable bright and dark pixels. The generator,
adopting residual encoding-decoding network and the `1 fidelity loss in YUV color space,
is conducive to restoring the details of ground scenes. In addition, the experimental results
prove that the adversarial learning between the generator and residual discriminator can
improve the accuracy of ground scene identification.

Moreover, in order to avoid too much time spent on the acquisition of real image pairs,
a transfer-learning-based training strategy was introduced. We suggest pre-training deep
learning-based networks with a large number of simulated data and then fine-tuning them
with real cloudy and cloud-free images. Both quantitative indexes and qualitative visual
effects demonstrated that our method achieved the better performance, compared with the
state-of-the-art CNN-based methods and the conventional DCP approach, on RICE1 and
Sentinel-2A datasets.
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