
ABSTRACT

ZHAO, YIFAN. Multi-modal Data Fusion for Remote Sensing Cloud Imputation With User
Preference. (Under the direction of Ranga Raju Vatsavai and Nagiza F. Samatova).

For more than five decades, remote sensing imagery has been providing critical information

for many applications, such as crop monitoring, disaster assessment, and urban planning.

Unfortunately, historical records show that clouds contaminate more than 50% of optical

remote-sensing images. As a result, valuable information is hidden under the clouds. Histor-

ically, cloud imputation techniques were designed for single-sensor images; thus, existing

benchmarks were mostly limited to single-sensor images. However, single-sensor cloud im-

putation has limited effective data, practical use, and performance, since it precludes design

and validations on multi-sensor data. However, thanks to recent advances in remote sensing

instruments and preprocessing techniques, as well as the increase in the number of operational

satellites, we now have petabytes of multi-modal observations covering the globe. Our work

aims to extend the state-of-the-art cloud imputation to the multi-sensor and multi-resolution,

together referred to as multi-modal imagery, frontier.

In this dissertation, our contributions are as follows: (1) a new benchmark data set that

fills an important gap in the existing benchmark data sets, which allows the exploitation of

multi-sensor spectral information from the cloud-free regions of temporally nearby images;

(2) a new multi-stream deep residual network (MDRN) that addresses imputation using the

multi-resolution data with newly proposed components of multi-stream fusion and composite

up-sampling structure; (3) a novel instance normalization technique called CAINA, inspired

by the style transfer problem in the regular computer vision (CV) area, that exploits the style

information from the semantically close cloud-free regions to reduce the style differences

between the target and predicted image patches. (4) an adaptive segmentation-guided edge-

sharpening framework that accommodates the downstream user preference of preserving

sharp edges by exploiting land cover segmentation data and can be applied to various state-of-

the-art cloud imputation methods as an adaptive add-on module.
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Figure A.1 A zoomed-in example ( Requena-Mesa et al. (2021a)) for comparing
the gradient residual between predicted and ground truth image of ASE
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CHAPTER

1

INTRODUCTION

1.1 Research Motivation

Since the 1950s, remote sensing imagery has become an important part of the geospatial

research community. Many areas such as agricultural monitoring, urban planning, earth sci-

ence, and climate change research rely on remote sensing data. However, cloud cover could

be a serious problem for the application of remote sensing imagery and make the machine

learning methods perform poorly in tasks such as prediction, segmentation, and recognition.

Fortunately, the spatial and temporal density of multi-modal image collections has signi�-

cantly increased in recent years thus providing the possibility for improving machine learning

performance with cloud imputation.

A large number of both cloud imputation techniques and benchmark data sets have been

developed in recent years ( Stock et al. (2020); Kang et al. (2021); Zhang et al. (2018a); Weiss

et al. (2014); Yang et al. (2022); Requena-Mesa et al. (2021a); Verma et al. (2021); Sun et al.

(2022a); Cheng et al. (2017)). However, most of the existing benchmarks only use images from

a single sensor and the proposed methods are trained with single-sensor images for cloud

imputation. The practical use and performance of single-sensor methods are limited since

cloud-free images from a single-sensor collection could be temporally distant from each other

depending on satellites' revisiting cycles. As a result, changes on the ground during the long
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cloud-covered time could be missed by machine learning models if temporally distant cloud-

free images were used for cloud imputation. In contrast, temporally denser images could be

collected from multiple sensor collections and the temporal gaps between nearest cloud-free

images could be smaller. In such cases, multi-sensor imagery becomes an obvious choice for

improving cloud imputation performance.

However, the diversity of spatial and spectral resolutions presents a challenge when dealing

with multi-modal collections. The diversity of resolutions could make exploiting information

hard although diverse image collections provide better opportunities for improving cloud

imputation performance. Some recent works tried to utilize multi-sensor imagery for imputing

cloud-contaminated areas and correspondingly introduced multi-sensor benchmarks ( Ebel

et al. (2020); Meraner et al. (2020); Cresson et al. (2019); Srivastava et al. (2005); Cresson et al.

(2022); Sumbul et al. (2021); Hong et al. (2021)). But they did not explicitly address the multi-

resolution issue that arises in multi-sensor imagery collections. Instead, they only arti�cially

down-sampled the high-resolution images to match the lowest resolution images in the data

set before �tting the data into machine learning models. As a result, the spatial and spectral

information contained in remote sensing images were not fully exploited after arti�cial down-

sampling. Thus, the cloud imputation performance may not be optimal. To improve the state-of-

the-art, we introduced a multi-sensor benchmark data set and proposed models for improving

the cloud imputation performance on multi-sensor data in this dissertation.

1.2 Benchmark data set

We �rst introduce a new remote sensing benchmark data set for the multi-sensor and multi-

resolution cloud imputation task to �ll a gap in the existing benchmark data sets. The new

benchmark data set consists of Landsat-8 (30m resolution) and Sentinel-2 (10m resolution)

images. With this new benchmark data set, the spectral information in cloudy regions can

be inferred with geo-registered temporally nearby multi-resolution cloud-free images from

either Landsat-8 or Sentinel-2. The temporal gaps between nearest cloud-free images could be

smaller with denser images from multi-sensor collections. However, the ground truth under

real clouds cannot be evaluated. Thus, real-world cloud patterns from the EarthNet data set

( Requena-Mesa et al. (2021a)) are superimposed to cloud-free images for simulating real

cloudy images and evaluating the cloud imputation performance.
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1.2.1 Related Work

Single-image or single-resolution remote sensing benchmarks have been introduced in several

recent works ( Kang et al. (2021); Requena-Mesa et al. (2021a); Zhang et al. (2018a); Verma et al.

(2021); Sun et al. (2022a); Cheng et al. (2017); Ebel et al. (2022)). Kang et al. (2021); Zhang et al.

(2018a) considered single-image data for training and evaluating the model performance on the

cloud imputation task with data from the sensor of NOAA and MODIS, respectively. The tasks

of object detection and scene classi�cation were considered in Cheng et al. (2017); Sun et al.

(2022a). However, benchmarks for object detection and scene classi�cation only collected data

as single-image instances. However, the cloud imputation task relies on temporally neighboring

cloud-free images for predicting spectral values under clouds. Thus, benchmarks for object

detection and scene classi�cation cannot be applied to the cloud imputation task.

A multi-image yet single-resolution benchmark named EarthNet was proposed in Requena-

Mesa et al. (2021a) for forecasting climate impacts. EarthNet collected Sentinel-2 imagery at

10m resolution and tiled it to 128 � 128 patches. The geo-registered patches were organized as

data cubes by temporal order. The time step between each patch is �xed as all data were from a

single remote sensing imagery collection. While EarthNet provided stable and well-formulated

data cubes, it is possible that a data cube contains too many cloudy images and any two cloud-

free images could be temporally distant from each other. As a result, changes on the ground

during the long cloud-covered time could be missed by machine learning models if temporally

distant cloud-free images were used for cloud imputation. In contrast, multi-sensor remote

sensing benchmarks were introduced in Sumbul et al. (2021); Hong et al. (2021); Meraner

et al. (2020); Ebel et al. (2022). Although the multi-sensor image pairs were used for addressing

cloud imputation and land cover classi�cation tasks, they did not keep the multi-resolution

image combinations. Instead, the high-resolution data in these benchmarks were arti�cially

down-sampled to the same resolution as the low-resolution data before publishing the data

sets. Such processing could limit the capacity of the information contained in the benchmarks

while being applied to the cloud imputation task and could lead to suboptimal performance.

Hence in this chapter, we introduce a new remote sensing benchmark data set to �ll the gap for

the multi-resolution cloud imputation task. The original resolution of data from every sensor

collection was preserved in our benchmark for fully exploiting the unique spatial and spectral

information contained and improving the cloud imputation performance.

1.2.2 Satellite Collections

The remote sensing data products we used are from two satellite collections, Landsat-8 and

Sentinel-2. They are widely used and publicly available. There are many more sensors, such
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as WorldView and PlanetLab, but they are not freely available. In our research, we used some

of these high-resolution data sets from the sponsor (IARPA) for testing our machine learning

models.

Landsat-8

Landsat-8 has equipped with Operational Land Imager (OLI) sensor and Thermal Infrared

Sensor1. Landsat-8 provides 11 bands, 8 bands at 30m, 1 band at 15m, and 2 bands at 100m

spatial resolution. Landsat-8 revisits the same area every 16 days. The Landsat-8 data we used

were rescaled to the top-of-atmosphere re�ectance product. In the cloud imputation task, we

use its RGB bands with 30m resolution, however, our methods are �exible and can be applied

to any subset or full collection of bands by retraining the model.

Sentinel-2

Sentinel-2 has equipped with Multispectral Imager (MSI) 2. Sentinel-2 provides 13 bands,

4 bands at 10m, 6 bands at 20m, 3 bands at 60m spatial resolution. Sentinel-2 revisits the

same area every 10 days. Currently there are two identical polar-orbiting satellites compris-

ing in the same orbit, phased at 180 degrees to each other, thus the closest possible time

difference between two images is 5 days. The Sentinel-2 data we used are from the Level-1C

top-of-atmosphere re�ectance product and has values in the range of [0, 10,000]. In the cloud

imputation task, we use its RGB bands with 10m resolution, however, our methods are �exible

and can be applied to any subset or full collection of bands by retraining the model.

1.2.3 data set Formulation

As noted above in Sec. 1.2.2 and 1.2.2, both widely used satellite collections, Landsat-8 and

Sentinel-2, have their independent �xed revisiting frequencies and spatial resolutions. This fre-

quency difference provides us with temporally closer remote sensing images than either single

sensor collection. That is, images with smaller temporal gaps could be obtained with multi-

sensor collections. For example, the closest possible time difference between two Sentinel-2

images is 5 days. But it is possible that a Landsat-8 image is 2 days away from a Sentinel-2 image

since the two satellite collections are independent from each other. In this case, temporally

closer cloud-free images could be available from Landsat-8 for any cloudy Sentinel-2 image.

More spectrally close information could still be provided by images from the same sensor

1https: // landsat.gsfc.nasa.gov/ satellites/ landsat-8 /
2https: // sentinel.esa.int / web/ sentinel / missions / sentinel-2
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collection. Therefore, our benchmark data set is designed to have cloud-free images from both

Landsat-8 and Sentinel-2, either before or after the target cloudy image.

More speci�cally, the cloud imputation benchmark data set introduced in this work consists

of multi-resolution image triplets from both Landsat-8 and Sentinel-2 similar to Yang et al.

(2022). Considering Sentinel-2 has higher resolution, the target image for cloud imputation

task is set as Sentinel-2 images. The temporally closest cloud-free Landsat-8 image and another

temporally closest cloud-free Sentinel-2 image covering the same spatial extents are searched

and extracted with the extended Spatio-Temporal Asset Catalog (STAC) proposed by Zhao et al.

(2021b). Then the remote sensing images covering a large area are tiled into small 384 � 384

pixel patches for Sentinel-2 and 128 � 128 pixel patches for Landsat-8 without overlapping

for the ingestion into deep learning models. Furthermore, the same cloud detection method

as Meraner et al. (2020) and Google Earth Engine 3 is employed for cloud coverage �ltering.

Each patch with less than 10% of cloud coverage is considered as cloud-free and could be

used for training and evaluating cloud imputation models. In total, 5003 cloud-free triplets are

obtained in our benchmark data set.

Figure 1.1: The illustration of the data setting in multi-resolution cloud imputation task.
The cloud-free Landsat-8 image (low resolution) is denoted as X C F

1 , the cloud-masked target
Sentinel-2 image (high resolution) is denoted as X C

2 , the cloud-free Sentinel-2 image (high
resolution) is denoted as X C F

3 , and the cloud-free target Sentinel-2 image (high resolution) is
denoted as Y C F

2 .

Fig. 1.1 shows benchmark data set setting for cloud imputation task. Let X C F
1 (CF stands for

cloud-free) denote the cloud-free Landsat-8 patch, Y C F
2 denote the target cloud-free Sentinel-2

patch, and X C F
3 denote the cloud-free Sentinel-2 patch. For training and evaluating purposes,

the target Y C F
2 is arti�cially cloud-masked by random real cloud masks from the EarthNet data

set ( Requena-Mesa et al. (2021a)). This cloud-masked Y C F
2 is denoted as X C

2 (C stands for

3https: // earthengine.google.com /
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cloudy) and is used as an input patch. Therefore, the multi-resolution cloud imputation task

would be to get a mapping such that:

G(X C F
1 ,X C

2 ,X C F
3 ,M ) :! Y C F

2 (1.1)

where G(�) is the mapping, that is, the model will be trained and M is the transplanted cloud

mask as extra input.

1.3 Dissertation contributions

We now describe the methods developed and validated on these benchmark data sets.

Chapter-2: Multi-stream Deep Residual Network for Cloud Imputation Using

Multi-resolution Remote Sensing Imagery

With the multi-sensor benchmark data set ready, the diversity of spatial resolution among

the multi-sensor data could possibly be addressed by machine learning methods. However,

existing cloud imputation methods have not explicitly addressed the multi-resolution issue.

Hence, it motivated us to propose a new multi-stream deep residual network (MDRN). There

are two critical newly introduced components to address multi-resolution issue in MDRN

framework: the multi-stream-fusion structure and the composite upsampling structure. The

multi-resolution inputs are processed with three independent streams and the predicted fea-

tures are fused in the multi-stream-fusion module. Additionally, the low-resolution inputs are

upsampled to high resolution in the composite upsampling module with the extra information

provided by the high-resolution inputs.

Chapter-3: Cloud Imputation for Multi-Sensor Remote Sensing Imagery with

Style Transfer

In Chapter-3, we address the issue of spectral differences among multi-sensor data. Though

MDRN has improved imputation performance signi�cantly against single-sensor cloud imputa-

tion methods, they still have limitations. In particular, MDRN can preserve the spatial structure

of the imputed patches close to the input images. However, to the best of our knowledge,

MDRN and other existing multi-sensor cloud imputation models can't preserve the pixel-level

spectral properties of the target image. As a result, the imputed patches are not close to the

target images in terms of color (spectral values) style. To address this issue, we propose a novel
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style transfer module named CAINA that harmonizes the imputed cloudy patches to the target

image. The multi-sensor component of the network preserves the structure of the imputed

patch and CAINA learns to transfer the color style by utilizing the cloud-free background of the

target image.

Chapter-4: Segmentation-guided Edge Sharpening for Remote Sensing Cloud

Imputation

In Chapter-4, we address the issue of over-smoothness with cloud imputation only optimized

on MSE loss. In the remote sensing domain low-level features, such as edges are important for

downstream applications such as segmentation. If upstream tasks, such as cloud imputation

violate this preference, that is preserving discontinuities (edges), then it may lead to incorrect

segment boundaries ( Kantarcioglu et al. (2023)). In this chapter, we tackle the problem of

over-smoothness caused by MSE loss ( Ledig et al. (2017)) and attempt to preserve acutance

which helps downstream machine learning tasks like segmentation. We propose an adaptive

segmentation-guided edge sharpening framework (ASE) to exploit land cover segmentation

data ef�ciently for boosting the sharpness of the imputed images while reducing MSE simulta-

neously without introducing computationally expensive and over-complicated segmentation

networks.
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CHAPTER

2

MULTI-STREAM DEEP RESIDUAL

NETWORK FOR CLOUD IMPUTATION

USING MULTI-RESOLUTION REMOTE

SENSING IMAGERY

2.1 Introduction

Remote sensing imagery became a contributory research material since the 1950's until today.

Many areas such as agricultural monitoring, urban planning, earth science, and climate change

research rely on remote sensing data. However, cloud cover could be a serious problem for

the application of remote sensing imagery in these areas and making the applied machine

learning methods performed poorly in tasks such as prediction, segmentation, and recognition.

Fortunately, the spatial and temporal density of multi-sensor image collections have signi�-

cantly increased in recent years thus providing the possibility for improving machine learning

performance with cloud imputation.

A large number of both cloud imputation techniques and benchmark data sets have been

developed in recent years ( Stock et al. (2020); Kang et al. (2021); Zhang et al. (2018a); Weiss et al.
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(2014); Yang et al. (2022); Requena-Mesa et al. (2021a); Verma et al. (2021); Sun et al. (2022a);

Cheng et al. (2017)). However, most of these benchmarks only include images from a single

sensor and train the proposed methods with single-sensor images for cloud imputation. The

practical use and performance of single-sensor methods are limited since cloud-free images

from a single sensor collection could be temporally distant from each other. Hence, there are

signi�cant amount of effect-less and disturbing information in single-sensor data and it could

be more dif�cult and confusing for models to learn the real pattern from cloud-free images. In

such cases, multi-sensor imagery becomes an obvious option for improving cloud imputation

performance.

However, the diversity of spatial and spectral resolutions presented a challenge when dealing

with multiple sensor collections. The diversity of resolutions could make exploiting information

hard although diverse image collections provided better opportunities for improving cloud

imputation performances. Some recent works tried to utilize multi-sensor imagery for imputing

cloud-contaminated areas and correspondingly introduced multi-sensor benchmarks ( Ebel

et al. (2020); Meraner et al. (2020); Cresson et al. (2019); Srivastava et al. (2005); Cresson et al.

(2022); Sumbul et al. (2021); Hong et al. (2021)). But they did not explicitly address the multi-

resolution issue that arises in multi-sensor imagery collections. Instead, they only arti�cially

down-sampled the high-resolution images to match lowest resolution images in the collection.

As a result, the spatial and spectral information contained in remote sensing images cannot be

fully exploited after arti�cial down-sampling. Thus, the cloud imputation performance could

be compromised.

Therefore, in this work, a novel deep learning based imputation technique is proposed for

inferring spectral values under the clouds using nearby multi-resolution imagery. The proposed

multi-stream deep residual network (MDRN) exploits multi-resolution spectral information

from the cloud-free regions of corresponding temporally nearby images. A multi-stream-fusion

structure with two-phase losses is proposed to address the multi-resolution inputs and fuse

them for exploiting useful information to restore the cloud-contaminated regions. Besides,

a composite upsampling structure is proposed for better incorporating and exploiting the

spectral information in low-resolution inputs.

Contributions: A multi-stream deep residual network (MDRN) architecture is proposed for

imputing cloud-contaminated regions using the new benchmark data set. We have conducted

extensive experiments and compared MDRN against several state-of-the-art deep learning

architectures.
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2.2 Related Work

The remote sensing cloud imputation methods has been primarily considered in single-sensor

setting previously in Stock et al. (2020); Kang et al. (2021); Zhang et al. (2018a); Weiss et al.

(2014). Kang et al. (2021) employed a GAN architecture with contextual attention mechanism

proposed by Yu et al. (2018) for restoring cloud-contaminated sea surface temperature images.

Zhang et al. (2018a) proposed a spatial-temporal-spectral (STS) convolution network with

multi-scale features for predicting missing areas in remote sensing images. Although these

works made signi�cant improvements on cloud imputation tasks, single-sensor, single-image

setting can only provide limited information and be adopted to limited practical situations

compared to multi-sensor, multi-image setting.

Some recent works have considered multi-sensor imagery in the area of remote sensing.

Particularly, cloud imputation with multi-sensor data were experimented in Ebel et al. (2020);

Meraner et al. (2020); Cresson et al. (2019); Srivastava et al. (2005); Roy et al. (2008); Cresson et al.

(2022). Ebel et al. (2020); Meraner et al. (2020); Cresson et al. (2019, 2022) used optical and SAR

channels for cloud imputation tasks. The SAR sensor could penetrate clouds and always provide

high-resolution cloud-free images. Particularly, MSOP une t proposed by Cresson et al. (2022)

employed a similar tri-stream structure to us to encode the optical and SAR images separately.

However, the three encoder streams in MSOP une t shared the same weight values whereas

our proposed multi-stream structure with three independent streams could exploit multi-

sensor inputs more ef�ciently. Besides, they did not explicitly address the multi-resolution

issue between SAR and optical images but arti�cially down-sampled the SAR images to the

lower resolution as optical images instead. There is loss of information caused by arti�cial

down-sampling in their processing compared to the original multi-resolution data.

The multi-resolution issue in remote sensing imagery was considered while addressing

other problems such as land cover classi�cation and segmentation in Rudner et al. (2019); Ma

et al. (2021); Qu et al. (2021); Varshney et al. (2022); Sun et al. (2022b); Wang et al. (2021a,b);

Zhu et al. (2020). A deep learning fusion model, Multi 3Net, for multi-resolution remote sensing

imagery was proposed in Rudner et al. (2019) for image segmentation. The contextual informa-

tion of each resolution of images were extracted with a Pyramid Scene Parsing (PSP) module

( Zhao et al. (2017)). While performing our cloud imputation task, Multi 3Net could restore

the rough and overall contextual information well. However, comparing to the ground truth

and our proposed model's predictions, Multi 3Net's predictions could be inconsistent to the

cloud-free background due to the massive pooling performed in PSP modules.
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Figure 2.1: The overall data�ow and network architecture of our proposed method. The inputs
are formed by 3 images, X C F

1 , X C
2 , and X C F

3 . The cloud mask feature M is incorporated to
each image as an extra input feature. The three inputs are �rst processed with three separate
streams consisting of a series of residual blocks. Additionally, the Landsat stream is processed
with a composite upsampling structure with the extra information from the Sentinel stream to
increase its resolution and dimension to 10m (384 � 384). After the separate stream processing,
the three images are fused to one vector and processed by a series of residual blocks ( He et al.
(2016b)). Then the predicted output is formed by the 3-feature RGB image along with the long
skipped cloudy input ( Yu et al. (2017)). The bottom-right corner shows the basic residual block
that formed the network.
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2.3 Methodology

Given the data and training framework described in Chapter 1, we introduce our multi-stream

deep residual network (MDRN) architecture in this section. MDRN is inspired by the single-

resolution cloud imputation network, EDSR ( Meraner et al. (2020)). We propose the multi-

stream-fusion structure and the composite upsampling structure to address multi-resolution

tasks. The newly proposed structures and some other existing components of MDRN are

introduced in detail below.

Overall architecture

Fig. 3.3 shows the overall data�ow and network architecture of our proposed method, MDRN.

The architecture consists of three panels, 1. input, 2. model (MDRN), and 3. output. The inputs

are formed by 3 images, X C F
1 , X C

2 , and X C F
3 . Each image contains 3 features, R, G, and B. The

cloud mask feature M is incorporated to each image as an extra input feature. Then the inputs

are transferred to the model. The output of the model, Ŷ C F
2 is a single RGB image in the same

resolution as Sentinel-2 images. Then Ŷ C F
2 could be quantitatively evaluated and compared

with the cloud-free ground-truth Y C F
2 to verify the performance of the model. The detailed

speci�cations of the overall architecture are listed in Table 2.1.

Residual block

The basic component in our model is a residual block ( Meraner et al. (2020)) consisting of four

layers: convolution layer, ReLU activation, convolution layer, then a residual rescaling layer

( Szegedy et al. (2017)). Besides, a shortcut connection over these four layers is deployed to

overcome performance degradation possibly caused by the depth of the network ( He et al.

(2016a)). The residual rescaling layer can stabilize the features in the residual block by leveraging

the features to an appropriate scale ( Szegedy et al. (2017)).

Dilated convolution

Although the residual blocks with rescaling and shortcut connection can provide stable and

well-converged results, the performance of the model is limited by the small receptive �elds

in traditional convolution layers. Small size of receptive �elds can only capture information

from limited number of pixels. Whereas large size of receptive �elds would be a redundancy

and heavy burden in sense of computing. Therefore, we adopt some of the residual blocks in

our network with dilated convolution layers ( Yu and Koltun (2015)) in place of the traditional

convolution layers. The dilated receptive �elds could effectively capture information from

12
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distant pixels to learn the macro pattern well without tremendously increasing the number of

parameters in the convolution layer.

Multi-stream-fusion structure

For effectively exploiting the unique information in each input image, we propose a new multi-

stream-fusion structure here. The three input images with each concatenated with cloud mask

M are processed with three independent streams. Each stream consists of 6 residual blocks

and 6 dilated residual blocks. The intermediate output features of each stream are reshaped

to the same dimension ( 384� 384� 3) of the ground truth image Y C F
2 . Then the mean square

error (MSE) loss between each stream output, Ŷ 0
C F

1 , Ŷ 0
C F

2 , Ŷ 0
C F

3 and the ground truth image

Y C F
2 is computed for deriving each stream to learn the residual between its output and the

target image,

Lo s sŶ 0C F
1

= M SE(Ŷ 0
C F

1 ,Y C F
2 ),

Lo s sŶ 0C F
2

= M SE(Ŷ 0
C F

2 ,Y C F
2 ),

Lo s sŶ 0C F
3

= M SE(Ŷ 0
C F

3 ,Y C F
2 ).

After the separate processing by three streams, the three images can be concatenated to

one vector as they have the same resolution (10m) and dimension ( 384� 384) now. Then the

concatenated vector with 9 features is processed by three residual blocks �rst. Then the 9-

feature vector is compressed back to a 3-feature RGB image with a 3-�lter dilated residual

block. After that, the 3-feature RGB image is processed with 6 more dilated residual blocks and

3 residual blocks. Additionally, a long skip connection ( Yu et al. (2017)) is used over the whole

neural network to add the cloudy input X C
2 directly to the �nal output for deriving the model

to focus on the cloud-masked area.

Then the MSE loss Lo s sF us ion between the output image Ŷ C F
2 and the target image Y C F

2 is

computed for evaluating the overall performance of the network,

Lo s sŶ C F
2

= M SE(Ŷ C F
2 ,Y C F

2 ).

Overall, the network is trained and back-propagated by a tri-stream composite loss,

Lo s s= Lo s sŶ C F
2

+ � (Lo s sŶ 0C F
1

+ Lo s sŶ 0C F
2

+ Lo s sŶ 0C F
3

) (2.1)

where � is a hyperparameter (set to 0.12 in our experiments) for controlling the relative impor-

tance of the stream-wise losses.
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Composite upsampling structure

As the multi-resolution cloud imputation problem is tackled here, the Landsat-8 image X C F
1 has

lower spatial resolution than the Sentinel-2 features. Thus we propose a lightweight composite

upsampling structure in MDRN for upsampling the Landsat-8 features to the same spatial

resolution as the Sentinel-2 features. The Landsat-8 stream features are �rst deconvoluted to

384� 384 for the convenience of further processing. Then a copy of the cloud-free Sentinel-

2 RGB features X C F
3 are concatenated to the Landsat-8 stream. The concatenated X C F

3 are

expected to provide spatial information while X C F
1 contains spectral properties for the later

upsampled features. After that, a series of residual blocks are deployed for fusing the two

concatenated features. Then the Landsat-8 stream is upsampled to the high resolution as

Sentinel-2 images with Landsat-8's spectral properties.

Figure 2.2: The validation mean squared error (MSE) curve for our MDRN, and other compet-
ing methods: Multi 3Net, EDSR, and MSOPune t . It shows that our proposed method signi�cantly
outperforms the other three state-of-the-art compared here. MSOP une t is the closest model to
MDRN but it tends to over�t and has increasing MSE. MDRN also outperforms EDSR (see the
gap between curves). Multi 3Net is oscillating and still not fully converged after 120 epochs.
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2.4 Experimental results and analysis

In this section, we present experiments and comparisons for MDRN and three other closest

state-of-art deep learning models, EDSR ( Meraner et al. (2020)), Multi 3Net ( Rudner et al.

(2019)), and MSOPune t ( Cresson et al. (2022)) on our multi-resolution cloud imputation bench-

mark data set. Because EDSR is essentially a single-resolution cloud imputation model, we

add one deterministic interpolation layer for the low-resolution Landsat input to let the inputs

for EDSR have the same resolution. Multi 3Net is a multi-resolution model for image segmenta-

tion, we adopted it to cloud imputation task by adding a �nal layer for adjusting the output

dimensions. MSOP une t is the most comparable model experimented here since MSOP une t is a

recent multi-sensor cloud imputation model as MDRN. However, MSOP une t did not explicitly

address the multi-resolution issue. So we have to add one deterministic interpolation layer for

the same reason as for EDSR.

Environmental settings

All the experiments are performed on a TITAN RTX GPU with 24GB memory. Our training and

validations are implemented with the PyTorch framework. The benchmark data set is split to a

training set with 4,003 triplets and a validation set with 1,000 triplets. All the models are trained

with batch-size as 16, 120 epochs, mean squared error (MSE) loss, ADAM optimizer, and a step

learning rate scheduler starting from 0.01 and every 10 epochs decrease by the rate of 0.75.

2.4.1 Quantitative metrics

Fig. 2.2 shows the validation MSE loss curve of each model after each epoch. Our proposed

model, MDRN, consistently has the lowest loss curve among all the models compared. MSOP une t

is the closest model to MDRN but it tends to over�t and has increasing MSE. EDSR is outper-

formed by MDRN by an obvious gap even though it converged. Multi 3Net is oscillating and still

not fully converged after 120 epochs. Table. 2.3 shows the comparison of time and number

of epochs that each model took for reaching the minimal error shown in Fig. 2.2. Although

MSOPune t reached its minimal error earlier than MDRN, MSOP une t tends to over�t and has

increasing error after it. Additionally, we report other quantitative pixel-wise and structural

metrics on the validation set. For pixel-wise metrics, we present MSE of the entire patch and

MSE of only the cloud area for evaluating the overall restoring quality, peak signal-to-noise

ratio (PSNR) ( Hore and Ziou (2010)) for an approximation to human perception of the restored

image, and the spectral angle mapper (SAM) ( Kruse et al. (1993)) for showing the spectral

(RGB) angle between the target pixel and the restored pixel. For structural metrics, we show
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Figure 2.3: The comparison of restored RGB images and residual maps. The darker the residual
map, the closer the corresponding restored image is to the ground truth. From the left to the
right, (1) the cloud mask; (2) the ground truth; (3)-(6) the restored images by Multi 3Net, EDSR,
MSOPune t , and MDRN, respectively. (7)-(10) the residual maps of Multi 3Net, EDSR, MSOPune t ,
and MDRN, respectively. From top to bottom shows various types of land cover, (a) city; (b)
suburban farms; (c) grassland; (d) mountains. We can see obviously from the comparison that
MDRN yields the closest restored images to the ground truths and the darkest residual maps.

Table 2.3: The comparison on time and number of epochs for Multi 3Net, EDSR, MSOPune t ,
and MDRN to reach the minimal error in Fig.. 2.2.

Methods Multi 3Net EDSR MSOPune t MDRN
Time (Mins) 1633 1188 282 636
# Epochs 117 78 33 42
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structural similarity index (SSIM) ( Wang et al. (2004)) for measuring the image reconstruction

quality from a visual perception standpoint. Table. 2.2 shows the comparison between MDRN

and the state-of-art models on the metrics listed above. Speci�cally for cloud MSE, the per-

centage reduction of MDRN compared to each of the state-of-the-art methods is presented.

MDRN outperforms the state-of-the-art methods on most of both the pixel-wise and structural

metrics only except for SAM. Compared to the most comparable model, MSOP une t , MDRN

outperforms it on cloud MSE, the most important metric for the cloud imputation task, by

14.1%.

2.4.2 Qualitative veri�cation

Fig. 2.3 shows a few restored results and their residual maps for qualitatively verifying the

performance of the models with various types of cloud coverage from scattered to major blocks.

The darker the residual map, the closer the corresponding restored image is to the ground

truth. We also showed multiple types of land cover that need imputing: city, suburban farms,

grasslands, and mountains. MDRN outperformed the other compared methods on all the land

cover types shown in Fig. 2.3. The promising performance that MDRN has could lead to various

impactful applications such as crop monitoring, building recognition, and wild�re detection.

2.5 Ablation Studies

In this section, we show the results of an ablation study to verify the contributions of the newly

proposed components in MDRN, multi-stream-fusion structure, the composite upsampling

mechanism. Two simpli�ed models, each without one component noted above, are trained

and validated on the same settings as MDRN. Additionally, the in�uence of our proposed

multi-resolution benchmark is also evaluated with an experiment on a simpli�ed data set

where MDRN is trained and validated on the same data set only except that the low-resolution

cloud-free inputs from Landsat-8 are removed.

No multi-stream-fusion

For testing the contributions of the multi-stream-fusion structure, a simpli�ed model without

the multi-stream-fusion structure is experimented. The composite upsampling structure is

preserved for a fair comparison. The three inputs are concatenated �rst. The concatenated

inputs are processed with the same depth of residual blocks as MDRN. The two-phase stream

and fusion loss is replaced with one single MSE loss at the end of the network since the stream

losses are dependent to the separate streams.
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Figure 2.4: The validation mean squared error (MSE) curve for the ablation study for MDRN,
without the multi-stream-fusion structure, without the composite up-sampling structure, and
without the low-resolution Landsat-8 input, respectively.

No composite upsampling

For testing the contributions of the composite upsampling structure, a simpli�ed model with

the composite upsampling structure is replaced by a single interpolation layer is experimented.

The multi-stream-fusion structure is preserved for a fair comparison.

No Landsat-8 image

For evaluating the in�uence of including a temporally closest low-resolution Landsat-8 image

in the cloud imputation problem, a MDRN model is trained and validated on the same data set

only except that the low-resolution cloud-free Landsat-8 inputs are removed. The target cloud-

masked Sentinel-2 image and neighboring cloud-free Sentinel-2 image stay unchanged for a

fair comparison. Our proposed model, MDRN, only the Landsat Stream removed, is trained

and validated on the simpli�ed data set for showing the in�uence of the Landsat-8 input.

Fig. 2.4 and Table 2.4 show the quantitative metrics for the ablation study with our complete

proposed method, without multi-stream-fusion structure, without composite upsampling

structure, and without Landsat-8 input, respectively. The full MDRN model signi�cantly outper-

forms the simpli�ed (various components removed) framework. The improved performance

21



suggests that all three components tested here have positive contributions to the full model.

The multi-stream-fusion structure is the most contributing component among the three tested

here.

2.6 Conclusion

In this work, we proposed the multi-stream deep residual network (MDRN) that exploits

multi-resolution remote sensing images for cloud imputation. MDRN addressed the multi-

resolution issue with two newly-proposed components: a multi-stream-fusion structure and

a composite upsampling structure. Our experiments showed that MDRN outperforms other

state-of-the-art methods using both quantitative and qualitative measures. Our full MDRN

model has achieved an improvement of 14.1% to 41.6% cloudy MSE as compared to various

state-of-the-art methods.
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CHAPTER

3

CLOUD IMPUTATION FOR MULTI-SENSOR

REMOTE SENSING IMAGERY WITH STYLE

TRANSFER

3.1 Introduction

Remote sensing imagery has been widely used as an important research material and informa-

tion source in many applications ranging from crop monitoring, disaster mapping, nuclear

proliferation, and urban planning since 1950's. However, since more than 50% of Earth's surface

is covered by clouds ( King et al. (2013)) at any time, the performance of various downstream

tasks such as segmentation, recognition, and classi�cation on remote sensing images could

be seriously affected because of the cloud-contaminated pixels. Fortunately, the advancing

remote sensing technology and increasing number of satellite collections have signi�cantly

increased the spatial and temporal density of multi-sensor images.

Given the limitations of cloud-contaminated remote sensing images in the downstream

applications (e.g., classi�cation, change detection), a large number of techniques have been

developed for imputation under clouds by exploiting multi-sensor imagery collections ( Ebel

et al. (2020); Meraner et al. (2020); Cresson et al. (2019); Zhao et al. (2022b); Cresson et al. (2022)).
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Multi-sensor imagery is preferred for cloud imputation as the large revisit cycle of a single

satellite (more than 15 days) makes it hard to �nd temporally close-by images. In contrast,

the chance of �nding temporally close-by (less than a week) cloud-free images signi�cantly

increases if images from several satellites (that is, multi-sensor) are used ( Meraner et al. (2020)).

Multi-sensor cloud imputation problem is often formulated as an image restoration task with

a triplet consisting of the target, and before and after images ( Zhao et al. (2022b); Cresson et al.

(2022); Meraner et al. (2020)). Additionally, it is assumed that necessary cloud masks are often

given beforehand, as these masks help focus the imputation to cloudy regions ( Zhao et al.

(2022b); Requena-Mesa et al. (2021b)). Given the computation and memory limitations, deep

learning approaches often work with small images (e.g., 384 x 384). However, the typical size

of a remote sensing image is more than 7000x7000 for Landsat and 10000x10000 for Sentinel

satellites. In order to use these large images in training deep learning models, we often split

them into smaller patches. For convenience, we call these input patches as images. Any subpart

of this image is called as a patch (for example, the cloudy portion of an image is called a patch,

and any small portion of the background (non-cloudy image) is also referred to as a patch).

Usually, an image with a cloudy patch is treated as the target, and two temporally nearby

geo-registered cloud-free images as input. These nearby images may come from the same

sensor as the target image or a different sensor.

Though recent advances in deep learning-based multi-sensor cloud imputation methods

have improved imputation performance signi�cantly against single-sensor cloud imputation

methods, they still have limitations. In particular, these methods can preserve the spatial struc-

ture of the imputed patches close to the input images. However, to the best of our knowledge,

the existing multi-sensor cloud imputation models can't preserve the pixel-level spectral prop-

erties of the target image. As a result, the imputed patches are not close to the target images in

terms of color style (spectral values). To address this issue, we propose a novel deep learning

framework that harmonizes the imputed cloudy patches to the target image. The multi-sensor

component of the network preserves the structure of the imputed patch and the harmonization

component learns to transfer the color style by utilizing the cloud-free background and the

land cover information of the target image.

From computer vision literature, earlier methods of style transfer between images can be

attributed to the work of Gatys et al. (2016). They used VGG-based deep learning architecture

with a goal of style transfer to synthesize a texture from a source image, called “style,” while

preserving the semantic content of a target image called “content.” Later works by Ulyanov

et al. (2017); Dumoulin et al. (2016); Huang and Belongie (2017) found that the feature statistics

such as mean and standard deviation are highly effective in controlling the “style” of the

output images. In particular, the adaptive instance normalization (AdaIN) method proposed
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