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Abstract:

As high resolution imagery can be
very expensive, super resolution is be-
coming more and more researched.
Remote sensing is one of the fields
using super resolution to up sample
freely available satellite data. Genera-
tive adversarial networks or GANs are
usually used for super resolution and
has proven to yield good results. This
project looks into GANs, more specif-
ically Real-ESRGAN with a dataset
based on Greenlandic aerial imagery,
to best optimize the algorithm for
Greenlandic environment. The results
are run through an object detector, a
Mask-RCNN, to detect buildings. Al-
though the super resolution images
produced by the GAN network aren’t
visually appealing, an improvement in
building detection has emerged. The
new up sampled images find build-
ings better than a low resolution and
bicubic outputs. From previous im-
ages the detector had trouble finding
small buildings next to big buildings,
this problem was solved by introduc-
ing super resolution outputs.
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Preface

This project was written during the forth semester of the masters program of
Vision, Graphics and Interactive Systems or VGIS. The idea behind the project is
to learn about super resolution which is a hot topic in today’s computer vision
world and how it could upgrade the performance of a building detector. Python,
PyTorch and ArcGIS was used in this project.

The author would like to thank Mark Philip Philipsen, Anders Skaarup Jo-
hansen and Frederik Hass for their support and feedback during this project.

Aalborg University, June 1, 2022

Oscar Mäkinen
<omakin20@student.aau.dk>

1



1 - Introduction

The Government of Greenland is obligated to keep an up to date technical map
of it cities and settlements, the challenge becomes massive. As Greenland is the
largest island in the world the distance between cities and settlements are often
hours away or days even by airplane and reaching these remote places is time con-
suming and costly As close to real time satellite becomes more and more freely
available a super resolution solution combined with a object detector could reduce
cost for keeping such a map up to date. Super resolution is used in many �elds,
eg for medicine use, self-driving vehicles or remote sensing, what this project will
focus on. Generative adversarial networks are often used in super resolution prob-
lems [16]. The project will go through some of them like SRGAN[29], ESRGAN[53]
and Real-ESRGAN[54]. The project will then focus on Real-ESRGAN [54] as it is
the most developed and has achieved the best result of the previous mentioned
GAN's. The Real-ESRGAN is trained on aerial data from cities in Greenland to
make it more robust for the use in Greenlandic environment. Mask-RCNN makes
for a great detector when it comes to building detection as it overlays a mask on
the building footprint not just en-capturing it with a bounding box[19]. As the
technical map needs to be as accurate as possible and the outlines of the house as
perfect as can be, the Mask-RCNN is a great candidate

A delimitation is set as the world of super resolution is wide. This project
focuses on GANs and more speci�cally the SRGAN family with the Real-ESRGAN
implementation. The object detector has not been trained together with this project
although was trained by the author in an earlier project[39].

1.1 Initial problem description

How can super resolution and object detection work together for an optimized result in
Greenlandic conditions?
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2 - Theory

2.1 Super-resolution

Super-resolution is an imaging technique for enhancing the resolution of an image.
Super-resolution,2.1, is widely used in media up-sampling, medicinal research,
surveillance and remote sensing. In this project remote sensing will be explored.
The idea behind super resolution is to create a realistic high resolution images
from its low resolution counterpart. There are many methods for doing this, the
deep learning method using GAN networks will be discussed in this project. To
get a low resolution out of a high resolution can be done using a number of
techniques, such as adding noise, blur downsamlping and JPEG compression[11,
46, 54].

The equation 2.1 shows an image degradation formula, where Ix is the low
resolution image, Iy is the high resolution image, s is the noise and D is the
degradation function. The two later variables are unknown and the algorithm is
used to inversely �nd these parameters.

Ix = D( Iy; s) (2.1)

Figure 2.1: Comparison between different methods and their corresponding Peak Signal-to-Noise
Ratio,PSNR, metric [11]

The simplest and most common ways of upsampling are nearest neighbour, bi-
linear and bicubic interpolation. The nearest neighbour method spreads out the
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4 Chapter 2. Theory

pixels and �lls the holes with the values of the neighbouring pixels. Bilinear inter-
polation is an improvement of the previous method, it takes the weighed average
of the neighbouring pixels and �lls out the empty pixels. This creates a more
smooth looking image than the previous method. The third option is bicubic
interpolation, which is an improved bilinear interpolation. Bicubic takes the 16
closet diagonal pixels in contrary to bilinear which only takes the 4 closets. This
creates an even better outcome [17][59] examples can be seen in �gure 2.2.

Figure 2.2: Comparing different simple super-resolution techniques, from left to right, nearest neigh-
bour, bilinear, bicubic and ground truth. Depicted by Xu et. al.[59]

A simpli�ed image of super resolution process can be seen in �gure 2.3.

Figure 2.3: The main objective of super resolution is for the network to �nd a high resolution from
its low resolution counterpart [60]

Super resolution leans up on the data processing inequality concept, which
states that post-processing cannot increase data, as shown by the Markov chain
X ! Y ! Z where Z depends only Y and is conditionally independent of X
[28]. This concepts states that super resolution is not possible without further
information. By using of neural networks super resolution is indeed possible.
The network gathers information by training on datasets that are build for super
resolution problems, like the DIV2K dataset [4, 24]. The DIV2K dataset ??is built
up of 800 pictures for training, 100 pictures for validation and 100 pictures for
testing. Each high resolution image has 3 corresponding low resolution image
with different downscaling factors 2, 3 and 4.
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