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ABSTRACT

Cloud segmentation is a vital task in applications that utilize
satellite imagery. A common obstacle in using deep learning-
based methods for this task is the lack of a large number
of images with their annotated ground truths. This work
presents a content-aware unpaired image-to-image transla-
tion algorithm. It generates synthetic images with different
land cover types from original images, while it preserves the
locations and the intensity values of the cloud pixels. There-
fore, no manual annotation of ground truth in these images is
required. The visual and numerical evaluations of the gener-
ated images by the proposed method prove that their quality
is better than that of competitive algorithms.

Index Terms— Cloud, Landsat 8, remote sensing im-
agery, unpaired image-to-image translation

1. INTRODUCTION

Obtaining an accurate measure of cloud cover is a crucial
step in applications of satellite imagery. Presence of clouds
and variant levels of cloud coverage could affect the value
of an image. Indeed, transferring images with a high level
of cloud coverage to a ground station is wasteful and unnec-
essary. On the other hand, cloud pixels in satellite images
hold valuable information about the atmospheric parameters
in weather studies [1]. The necessity for accurate identifi-
cation of cloud-covered regions in satellite images therefore
opens up an active research area. Automatic cloud detection
and segmentation is a more challenging task when there is
access to only a limited number of bands (e.g . Red, Green,
Blue, and Near-infrared (NIR)). Such spectral band limitation
exists in many satellites, such as HJ-1 and GF-2 [2].

In recent years, many cloud detection algorithms have
been developed [3, 4, 5]. Among these, deep learning-based
approaches have shown promising performance [6, 7, 8].
Access to vast satellite imagery datasets with corresponding
ground truths becomes essential for successful deep learning-
based segmentation algorithms. Unfortunately, remotely
sensed data requires manual annotation of images, which is
tedious and time-consuming due to the large size of images

(an average of 9000×9000 pixels for Landsat 8 images). Un-
like many other computer vision tasks, collecting additional
data and relevant ground truths is unfeasible, making the
expansion of existing training sets problematic.

In this work, we propose an approach for generating syn-
thetic satellite imagery. Generated images should satisfy two
main criteria: (1) they should exhibit realistic appearances
with the original training images in texture, style, etc., and
(2) the cloud pixel location and intensity values in the gener-
ated images should remain intact, so that the existing ground
truths can be reused in further cloud detection algorithm.

Clouds share similar reflection characteristics with a nu-
ber of ground objects such as snow and ice. Therefore, dis-
tinguishing these regions from clouds is a challenging task for
most cloud segmentation algorithms [9]. To generate more di-
verse and challenging examples for the cloud detection frame-
works, we narrow our focus to converting snowy landscapes
to non-snowy ones, and vice versa. For this task, we propose
an image-to-image translation model called CloudMaskGAN,
which is a modification of the well-known CycleGAN [10]
model. Our model is capable of capturing features from both
snowy and non-snowy land covers, converting them to one
another, while preserving cloud pixels.

2. RELATED WORKS

Generative Adversarial Networks (GANs), introduced by
Goodfellow et al. [11], have attained success in realistic im-
age generation tasks. Various versions of these generative
models have been developed for a variety of applications,
including text to image synthesis [12] and generating videos
[13].

Presenting an approach to unpaired image-to-image trans-
lation, CycleGAN has gained attention for its ability to trans-
fer characteristics from images in one domain to another one
and vice versa. A cycle-consistensy loss makes the training
process unsupervised, meaning that no example of paired im-
ages in both domains is required. Another well-known ap-
proach is called Multimodal Unsupervised Image-to-Image
Translation (MUNIT) [14]. In this method, a system learns



the style of the objects in one domain and the shared content
between two domains. Then it converts the style of one do-
main to the other one while preserving the content. Multiple
translated images can be obtained using this approach.

The flexibility of the above mentioned image-to-image
translation algorithms to work with unpaired images from two
domains is suitable for remote sensing data, where capturing
a scene from a specific location with consistent cloud regions
is not possible. Given our satellite image dataset, we would
like to translate images with non-snowy/non-icy land cover
to snowy/icy land cover while preserving the cloud pixels.
Unfortunately, CycleGAN does not guarantee this. Our ex-
periments in the non-snow to snow translation task show a
tendency for CycleGAN to convert cloudy regions to snow
(cloud elimination). We also observe that in the snow to non-
snow translation, MUNIT converts some snow-covered areas
to fake clouds. These drawbacks motivated us to modify Cy-
cleGAN to preserve clouds.

3. PROPOSED METHOD

3.1. CloudMaskGAN

To translate images from domain X to Y , CycleGAN model
estimates two mappings: G : X → Y and F : Y → X . In
this work, domain X is non-snow land cover and domain Y
is snow land cover. The mappings must satisfy a few require-
ments: (1)G should map an image x ∈ X to a realistic image
in domain Y (and similarly, F should create a realistic image
in domain X given y ∈ Y ), and (2) it should translate an im-
age x ∈ X into domain Y and translating the result back via
F should give a good estimate of x. The same logic should
also hold for the other direction of the translation. The first
requirement is encoded using an adversarial loss and the sec-
ond one is encoded as a cycle consistency loss. Starting from
domain X , the cycle consistency loss is denoted as:

Lcyc(G,F,X) = Ex∼pdata(x)

[
‖F (G(x))− x‖1

]
. (1)

A similar equation describes the cycle consistency starting
from Y domain. Also, an identity constraint helps to pre-
serve the color information that may not have been preserved
via the adversarial or the cycle consistency losses. This con-
straint requires the mapping G to act as identity when applied
to an image y ∈ Y :

Lidentity(G, Y ) =Ey∼pdata(y)

[
‖G(y)− y‖1

]
. (2)

Similarly, the mapping F applied to an image in domain X
should roughly result in the same image.

To make sure that translated images are realistic enough
and are generally similar to the original images of the target
domain, a discriminator DY tries to distinguish between real
images of y and the translated versions, G(x). This can be

summarized as an adversarial loss function by:

LGAN (G,DY , X, Y ) = Ey∼pdata(y)[log(DY (y))]

+ Ex∼pdata(x)[log(1−DY (G(x)))]. (3)

The same equation exists for the target domain X and Dx.
CloudMaskGAN forces the model to generate new syn-

thetic information only outside of the cloud pixels while re-
taining the cloud pixels. There are two ingredients to achieve
this goal: cloud ground truths, and a cloud consistency loss.
Cloud ground truths are utilized in all mentioned loss function
components to force the model to change only the non-cloud
regions. Therefore, modified loss functions for translating im-
ages from domain X to Y are:

Lcyc(G,F,X,MX)=Ex∼pdata(x)[‖F (G(x))∗MX− x∗MX‖1],
Lidentity(F,X,MX)=Ex∼pdata(x)[‖F (x)∗MX− x∗MX‖1],
LGAN (G,DY , X, Y,MX ,MY )=Ey∼pdata(y)[log(DY (y∗MY ))]

+ Ex∼pdata(x)[log(1−DY (G(x)∗MX))]. (4)

MX and MY denote the logical inverse of the cloud ground
truths of images in domains X and Y , respectively. ∗ denotes
element-wise matrix multiplication. For example, MX is a
matrix of the same size as the real image xwhere all the cloud
pixels are replaced with zeros, and all the non-cloud pixels are
replaced with ones.

The cloud consistency loss to preserve the cloud pixels
between real and generated images is described as:

Lcloud(G,X,MX) =

Ex∼pdata(x)[‖G(x) ∗ (1−MX)− x ∗ (1−MX)‖22]. (5)

The CloudMaskGAN loss function is a linear combina-
tion of the components in equations 4 and 5:

L(G,F,DY , X, Y,MX ,MY ) = LGAN (G,DY , X, Y,MX ,MY )

+ λ1Lidentity(F,X,MX) + λ2Lcyc(G,F,X,MX)

+ λ3Lcloud(G,X,MX). (6)

Here, λ1, λ2 and λ3 control the degree to which we enforce
the identity, cycle consistency, and cloud consistency. By set-
ting λ1 = 25, λ2 = 10 and λ3 = 20, found through trial and
error, we achieved the best results. The complete loss will
have four additional loss terms for translation from domain Y
to X . Fig. 1 displays CloudMaskGAN model in detail. The
utilized network for F andG is the one introduced in [15] and
for D is PatchGAN [10]. Both of these networks led to the
best results of CycleGAN model and we have reused them
in this work. The images are resized to 192 × 192 × 4 be-
fore being fed to the model. CloudMaskGAN is trained for
200 epochs with a starting learning rate of 0.0002. After the
100th epoch, the learning rate is linearly reduces to zero.
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Fig. 1: CloudMaskGAN model. This model learns F and G mappings such that G translates a non-snowy image (x) to a snowy one (G(x))
and F translates a snowy image (y) to a non-snowy one (F (y)) while preserving clouds. For simplicity, GAN loss is not displayed in this
figure. False color images are used here for further clarification. Regions in cyan represent snow.

4. EXPERIMENTS AND RESULTS

4.1. Dataset

38-Cloud, the dataset introduced in [16], is utilized for image-
to-image translation in this work. This dataset is a modified
version the dataset introduced in [2]. The images collected
cover various locations in North America. 38-Cloud contains
8400 patches that have been extracted from 18 Landsat 8 im-
ages for training. The ground truths of these images have been
manually annotated. Patches are of 384×384 pixels with a
spatial resolution of 30 meters. Each patch consists of four
channels of Blue, Green, Red, and NIR, which are band 2 to
band 5 of the Landsat 8 products.

The data for the training of CloudMaskGAN was selected
from the training set of the 38-Cloud dataset. We gathered
1854 patches for training and testing/evaluation of the pro-
posed CloudMaskGAN. The cloud coverage of these patches
is lower than 85%. 1069 of these patches have non-snowy
and 785 have snowy land cover. Snow or non-snow image
annotations were manually extracted for these patches. We
have kept the ratio of images in these two domains close to
that of Yosemite Winter and Summer Flickr dataset described
in [10]. Since the number of images available was not large
enough, we trained CloudMaskGAN on all 1854 images and
then used the trained model to generate synthetic images for
those 1854 images.

4.2. Evaluation Metrics and Experimental Design

By evolution of synthetic image generation algorithms, many
metrics for measuring the quality and diversity of the gen-
erated images have been developed, such as Inception Score

(IS) [17] and Fréchet Inception Distance (FID) [18]. Both
of these metrics are dependent on the response of generated
images to a pre-trained CNN on ImageNet dataset [19]. For
computing FID, the feature maps of real and generated images
are obtained using an Inception-v3 [20] network pre-trained
on ImageNet. Those features are then compared to each other
to obtain the disturbance level between them.

Unfortunately, these metrics are not a proper choice for
different types of images such as biomedical and remote sens-
ing [21]. Indeed, weights of a network pre-trained on Ima-
geNet are not able to capture the representative features of
remote sensing data since not only are this dataset’s images
completely different from remote sensing data, but also they
are colored. On the contrary, even RGB remote sensed images
are generally dark because of the specific settings of satellites’
image acquisition equipment. As a result, no natural color is
visible in these images. Observing the limitations of some
numerical metrics for measuring the quality of generated im-
ages, some researchers utilize the objective evaluation meth-
ods such as Amazon Mechanical Turk, which involves human
participants [22] to label fake and real images. Unfortunately,
these evaluations can be biased and far from accurate.

For evaluation of our image translation framework, we
have utilized the method introduced in [21]. This method con-
sists of two experiments: GAN-test and GAN-train. GAN-
test is to use a third party pre-trained network on real images
to test the generated data and obtain the performance. GAN-
train is to train a third party network on only the generated
data and test it on real test images and obtain the numerical
performance. The higher the performance measures of these
experiments, the better the quality of the generated data. In
our case, we should measure the performance of cloud seg-



mentation in GAN-test and GAN-train. Four pixel-wise met-
rics of precision, recall, Jaccard Index, and overall accuracy
are utilized to evaluate the performance with the following
formulations:

Jaccard Index =
TP

TP + FN + FP
,

Precision =
TP

TP + FP
,

Recall =
TP

TP + FN
,

Overall Accuracy =
TP + TN

TP + TN + FP + FN
.

(7)

Here TP, TN, FP, and FN are the total number of true pos-
itive, true negative, false positive, and false negative pixels,
respectively.

For our GAN-test, we have utilized the U-Net network
in [2] pre-trained on real Landsat 8 images of the introduced
dataset in [2]. For our GAN-train, we simplified this U-Net
to be trainable with 1854 images. Indeed, we have removed
two encoder blocks (Encode 5 and Encode 6) and two decoder
blocks (Decode 1 and Decode 2). The training and the test set-
tings of our GAN-train and Gan-test are the same as reported
in [2]. We have conducted GAN-test and GAN-train experi-
ments for the images generated by CycleGAN, MUNIT, and
CloudMaskGAN.

(a) (b) (c) (d) (e)

Fig. 2: Image-to-image translation visual results: (a) RGB image,
(b) ground truth, (c) CycleGAN, (d) MUNIT, (e) CloudMaskGAN.
First two rows are samples of snow to non-snow translation, while
the last two rows show samples of non-snow to snow translation.
Pixel values are adjusted for better visualization.

4.3. Results and Discussion

Table 1 shows the quantitative results associated with the gen-
erated images. As it is clear, the GAN-train Jaccard Index

Table 1: GAN-train and GAN-test of generated images (in %).

Method Jaccard Precision Recall Overall
Accuracy

CycleGAN GAN-train 26.17 54.14 38.56 69.09
MUNIT GAN-train - - - 31.21
CloudMaskGAN GAN-train 46.24 66.50 68.57 84.36
CycleGAN GAN-test 10.76 21.49 37.60 39.14
MUNIT GAN-test 15.17 33.25 42.35 61.86
CloudMaskGAN GAN-test 27.57 47.05 49.96 74.80

and overall accuracy of the proposed CloudMaskGAN out-
performs that of CycleGAN by 76.7% and 22.1%. Please
note that the images obtained by MUNIT led to overfitting
of the GAN-train training phase. Therefore, we report only
the overall accuracy of this experiment. Also, the GAN-test
Jaccard Index and overall accuracy of the CloudMaskGAN
are higher than that of CycleGAN by 156.2% and 91.1% and
that of MUNIT by 81.7% and 20.9%. This shows that images
generated by CloudMaskGAN are closer to the real remote
sensing data than those generated by CycleGAN and MU-
NIT. Therefore, a cloud detection network can perform better
over these images. Also, training a cloud segmentation net-
work on the generated images leads to better weights. Thus,
those weights yield superior cloud masks on unseen real re-
mote sensing images. Some visual results of the proposed
augmentation method are shown in Fig. 2. In the first row of
this figure, one can see the problem of cloud elimination made
by CycleGAN model and fake clouds generated by MUNIT.
Also, some fake clouds appeared in the MUNIT result of the
last row in Fig. 2. These problems do not exist in the gener-
ated image by the proposed method.

5. CONCLUSION

The proposed CloudMaskGAN is capable of generating re-
alistic synthetic remote sensing images. By incorporating
ground truths, CloudMaskGAN provides a content-aware
image-to-image translation approach that can be extended to
other computer vision tasks. Since cloud regions remain in-
tact in the generated images, no expensive annotation of these
images is required. Given imbalanced or limited datasets (and
ground truths), CloudMaskGAN has the potential to generate
high quality and diverse synthetic data that can retain pixel
values in specific regions. In future works, translating other
types of land covers in satellite images (such as vegetation,
water, bare soil, etc.) will be experimented.
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