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Abstract:
As high resolution imagery can be
very expensive, super resolution is becoming more and more researched.
Remote sensing is one of the fields
using super resolution to up sample
freely available satellite data. Generative adversarial networks or GANs are
usually used for super resolution and
has proven to yield good results. This
project looks into GANs, more specifically 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. Although 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 buildings better than a low resolution and
bicubic outputs. From previous images the detector had trouble finding
small buildings next to big buildings,
this problem was solved by introducing 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 Johansen and Frederik Hass for their support and feedback during this project.
Aalborg University, June 1, 2022

Oscar Mäkinen
<omakin20@student.aau.dk>
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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 consuming 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 fields,
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 problems [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 specifically 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?

2

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, σ is the noise and D is the
degradation function. The two later variables are unknown and the algorithm is
used to inversely find these parameters.
Ix = D ( Iy ; σ)

(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, bilinear and bicubic interpolation. The nearest neighbour method spreads out the
3
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pixels and fills the holes with the values of the neighbouring pixels. Bilinear interpolation is an improvement of the previous method, it takes the weighed average
of the neighbouring pixels and fills 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 figure 2.2.

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

A simplified image of super resolution process can be seen in figure 2.3.

Figure 2.3: The main objective of super resolution is for the network to find 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.

2.2. Generative adversarial network - GAN
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Figure 2.4: An extract of the DIV2K dataset [4]

2.2

Generative adversarial network - GAN

Generative adversarial networks or GANs, where introduced by Goodfellow et
al. [16] and works by training two sub-models at the same time, a generative
model and a discriminative model. The discriminative model is trained as an
image classifier and its purpose is to classify the images, that are produced by
the generative model, as fake or real data. A diagram of a GAN can be seen in
figure 2.6. GANs are most notable in the image-to-image translation field, such as
translating images from sunny to rainy and in generating realistic looking objects,
people, etc that humans can not distinguish if they are fake or not. Another GAN
usage is creating fake data or just creating data. A good example is face creation,
the network creates faces that do not belong to real people. A picture of generated
face by Nvidia [26] can be seen in figure 2.5

Figure 2.5: These people do not exist in real life and where created by a GAN designed by Nvidia
[26]

The discriminator is a neural network and is trained with real images from
a dataset and fake data from the generator. The loss function is maximised by

6
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increasing the gradient. The generator is trained by generating fake data and
passing it into the discriminator in order to trick it. The generator gradient is decreased in order to minimize the loss function. The generator is a neural network
that creates fake data to be used in the discriminator. It takes data in form of a
fixed length vector and adds noise to create fake data. The fake data is then run
thought the discriminator, also a neural network, to be classified as real or fake
data. A value of 0 to 1 is given to the data, 0 being fake and closer to 1 being real.
The losses gives a penalty to the generator for failing to produce data that is real
enough. Minmax loss was used by Goodfellow et al. [16].
Different models exists and GANs will be discussed and explored further in
this project.

Figure 2.6: Noise is added to the latent space and passed thorough the generator, G, and forwarded
to the discriminator, D, for evaluation. Tuning of the network is done by back propagation [15]

2.2.1

SRGAN

In 2017 Ledig et al. [29] proposed a new idea for super resolution problem and
introduced GANs to the super resolution world, achieving state of the art 4x upscaling. The SRResNet uses a simple MSE loss[51], but Ledig et al. proposed a
perceptual loss and content loss in their GAN version. The problem with earlier super resolution project where that the level of details where lacking, even
though the metrics, such as PSNR[21] (peak-signal-to-noise-ratio), showed good
results[23], this was solved by the introduction of GANs. By simply using SRResnet combined with MSE loss, shows that the results are a little blurry, to fix this
issue Ledig et al. [29] proposed a SRGAN that is a GAN network combined with

2.2. Generative adversarial network - GAN
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a perceptual loss. A comparison of results can be seen in figure 2.7. The SRGAN
is a GAN network and comprises of 2 networks competing against each other and
thus improving themselves along the way.

Figure 2.7: The SRGAN version outperforms the SRResNet by visually looking at it although the
metrics states otherwise and thus PSNR cannot be used as a standalone validation tool. [29]

Figure 2.8: Divided into two parts the first is the generator, which generates the super resolution
images and the second is the discriminator whose job is to determine the quality of the output from
the generator. [29]

An illustration of the SRGAN can be seen in figure 2.8 with kernels sizes,
feature maps and strides[29].The SRGAN takes a low resolution image as input
and passes it through a convolution layer follow by a parametric rectified linear
unit or PReLU. The idea of using PRelu[18] in the generator and Leaky ReLU[33]
in the discriminator comes from the finding of Radford et. al.[44], who found that
using these activation functions in this order gave good result, the SRGAN follows
that order. The Leaky ReLU differs from the normal ReLU in such way that it fixes

8
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the problem of a so called dead neuron. ReLU is an activation function where the
negative dimension is zero and the positive dimension is positive. On the negative
side all inputs become zero which results in a the so called dead neuron. To fix
that issue an improved ReLU was proposed, the Leaky ReLU. The Leaky ReLU
incorporates a slope for negative values and thus will have other values than zero.
This parameter is usually a small number, eg. 0.02, used in the SRGAN model[29].
The PReLu is a form of Leaky ReLU but the parameter is learned by the use of
backpropagation when training the network. The equation for ReLU, Leaky ReLU
and PReLU can be seen in equation 2.2, 2.3 and 2.4 and the slopes can be seen
in figure 2.9. In the first equation it can be seen that if everything up to zero, is
zero[58]. The second equation tells us that a small value, in this case 0.02, can be
used as a parameter used for multiplying every instance below zero, thus creating
a value other than zero[33]. From the last equation we can derive that if x is larger
then zero the output is linear and if x is less than zero, the output is a times x. a is
a trainable value and thus it becomes a generalized ReLU function[18].

f (x) =


0 for x < 0
x for x ≥ 0

0.02x
x

ax
f (x) =
x

f (x) =

for x < 0
for x ≥ 0
for x < 0
for x ≥ 0

(2.2)

(2.3)

(2.4)

Figure 2.9: As can be seen PReLU has a value of 0 for all negative in contrast to LeakyReLU which
multiplies the negative values with a small value and lastly PReLU which has the ability to learn
the slope parameter. [18]

The network was trained on ImageNet [10] pictures using bicubic kernel to
downsample the high resolution images to get the low resolution, a downsample
factor of 4 was used. The authors of SRGAN[29] proved that by using GAN loss
the results improved over MSE based loss. The MSE loss gives a better PSNR
score but is much smoother and not visually appealing, MSE takes the average of
all potential solution while the GAN wishes to trick the discriminator and creates
one solution that could be realistic, as seen in image 2.10[29].

2.2. Generative adversarial network - GAN
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Figure 2.10: The GAN based solution only outputs one image as for the MSE solution, the loss takes
an an average of all possible solutions [29]

2.2.2

ESRGAN

Xinntao et. al.[53] proposed in 2018 an improved version of the SRGAN, which
was described in the previous section, called Enhanced SRGAN or ESRGAN. Some
main components where improved e.g. the architecture, losses etc, some of them
will be discussed in this section. Image 2.11 shows that the ESRGAN and has
better texture detail than the previous SRGAN.

Figure 2.11: ESRGAN outperforms SRGAN in detail reconstruction.[53]

One of the main improvements is the change in architecture, namely the Residual Block is changed to a Residual-In-Residual dense block where the batch normalization is removed. Residual-in-Residual dense network (RRDB) was proposed
by Zhang et. al. [61] and showed great improvement in super resolution problems.

10
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The RRDB is based on the DenseNet model which connects all the layers within
a residual block to each other [22], it can be seen in figure 2.12 which is also the
proposed architecture for ESRGAN.

Figure 2.12: As can be seen the batch normalization (BN) is removed and dense blocks are introduced. This increases greatly the amount of convolutional layers by a great deal. The SRGAN had
32 convolutional layers versus the ESRGAN which has 345 layers.[53, 61]

By removing the batch normalization in the RRDB the computational complexity was removed and the performance was increased. Furthermore BN may
introduce artifacts when the network is deep and when the training and datasets
differs a lot, as seen in figure 2.13 [53, 61].

Figure 2.13: Artifacts can be minimized without batch normalization[53, 61].

A modified perceptual loss is also introduced, by measuring the loss before
activation and by this the authors of ESRGAN overcame two problems. The first
issue is the sparsity of the activated features, as is illustrated in figure 2.14. The
second issue was that the brightness wasn’t reconstructed properly when comparing to the ground truth[53].

2.2.3

Real-ESRGAN

As ESRGAN uses a bicubic downsampling that differs from the real world degradation, Xinntao et. al.[54] adopted an upgraded version of ESRGAN, called RealESRGAN. The authors of the new Real-ESRGAN introduced a so called second
order degradation process, incorporating a second degradation process directly
after the first one. The standard degradation first introduces blur, Gaussian blur,
next a downsampling operation, noise is then added to simulate camera sensor
artifacts, lastly JPEG compression is added to the image, [54, 12, 30]. Figure 2.15
shows the process follow by a second order degradation.

2.2. Generative adversarial network - GAN
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Figure 2.14: Feature maps before activation are more prominent than after.[53].

Figure 2.15: To improve super resolution results the creator of Real-ESRGAN introduced a high
order degradation process to better simulate real life degradation[54].

The equation 2.5 shows the degradation process, where x depicts the low resolution image, D is the degradation process of y. K denotes the blur, while r is the
downsampling process and n is noise, lastly jpeg compression is used.
x = D (Y ) = [(y ⊛ k ) ↓r +n] jpeg [54]

(2.5)

The degradation process in super resolution is used to form pairs of image in
a dataset. As single image super resolution is based on only one image the degradation process is necessary to create a complete dataset. Xinntao et. al.[54] argued
that a high order degradation was needed to replicate real life image degradation
as close as possible. Real world loss of quality comes from multiple combined
degradation over several different steps. E.g. images are captured using low
quality camera sensors, thus introducing the first step of loss of quality. Other
degradation process may include uploading to a social media account, editing using software, old photos being digitally scanned etc. In the process a lot of noise,
blur, compression and other artifacts are introduced. Ringing artifacts are a common issue in image processing. It appears on sharp edges of objects in an image.
The artifacts usually evolves from sharpening algorithms like the jpeg compression [37]. The sinc filter[9] is introduced as a method of creating ringing artifacts

12
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for image pairs in the dataset. The filter is used in the blurring process and as
the last degradation method in the degradation model[54]. Illustration 2.16 shows
the ringing and over shoot artifacts as well as the sinc filter with different cutoff
frequencies, marked ωc .

Figure 2.16: The top image sequence shows ringing and overshoot artefacts. The bottom sequence
shows how different ringing problems appear when using different cutoff frequencies. [54]

Based on the ESRGAN [53] the Real-ESRGAN needs to handle larger degradation processes and thus an update to the discriminator was needed. The U-Net
[49, 47] structure 2.17 was proposed for the discriminator architecture. The U-Net
uses skip connections and provides feedback on a pixel level[54].

Figure 2.17: The U-Net, a spectral normalization was also added for network stability[54, 36].

2.2.4

Other super resolution methods

A-ESRGAN 2.17 is based on the Real-ESRGAN architecture and incorporates the
same generator as earlier models but uses a Attention U-Net Discriminator. The
Attention U-Net is usually used for 3D medical image segmentation [41], but the
authors of A-ESRGAN have modified it to be used with 2D pictures [56]. The
attention U-Net focuses, or gives attentions, to the target details in an image on the
contrary of a standard U-Net.[36] This results in sharper edges and less distortion.

2.2. Generative adversarial network - GAN
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Figure 2.18: The generator design is the same as in Real-ESRGAN but a portion of the discriminator
is changed into a Attention U-Net [56]

Multiple Image Super resolution is a super resolution task solved by using
multiple images of the same object, eg. satellite imagery taken at different times of
the same location. By combining and comparing theses a super resolution image
can be created. Multiple image super resolution is not as widely studied as single
image, there are many challenges involved with multi-image super resolution, eg.
the scenery may change, the quantity of low resolution images may vary etc. To
overcome these challenges Nalepa et.al.[40] proposed a StatNet that could be used
for multiple image super resolution. StatNet includes a so called StatBlocks that
computes different pixel-wise statistics eg. Min, Max , etc. and from there the
feature maps are calculated, an illustration of the network can be seen in figure
2.19.

2.2.5

PSNR, SSIM and other quality metrics

Peak-Signal-to-Noise-Ratio - PSNR is one of the most widely used metrics and
is an expression of the ratio between signal and noise. PSNR can be expressed as
the equation2.8. L is the signal part and would be 255 in standard 8-bit image.
PSNR is measured in decibel and the higher the decibel the better se figure2.20
[27]. The short fall of PSNR is that it incorporates MSE, which looks at images on
pixel level, i.e. it may give a high error for an image that looks, in human eyes,
almost perfect.
psnr = 10 log10 ( L2 /MSE)

(2.6)

Structural Similarity Index Measure - SSIM 2.21 is a quality metrics that looks
at the image structure and is thus better for assessing super resolution images as
it is closer to what humans perceive an image. SSIM looks at groups of pixels and
is a product of luminance, contrast and structure as seen in equation 2.7, where
x and y denotes the input and the output respectively. SSIM has a defined range
and is always between -1 and 1. where 1 is a perfect match and -1 is an imperfect

14
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Figure 2.19: The StatNet starts by inputting several LR images that passes through a StatBlock
followed by an ExtractionBlock which is superseded by RecursviceBlock. Two convolution layers
and a pixelshuffler ends the network architecture [40]

Figure 2.20: Increased decibel improves the result[52].

match[55].
SSI M( x, y) = [l ( x, y)] ∗ [c( x, y)] ∗ [s( x, y)]

(2.7)

2.2. Generative adversarial network - GAN
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Figure 2.21: SSIM work flow represented in an image[55].

Perceptual-Distortion is a measure of rating super resolution results on an x-y
graph. Where the root mean squared error is on the x-axis and the perceptual
index is on the y-axis. Figure 2.22 shows different algorithms being ranked and
it can be determined that no algorithm is both good in distortion (RMSE) nor
perceptual quality, this is known as the Perception-Distortion trade off[35].

Figure 2.22: The x-axis shows the distortion measured in RMSE and the y-axis shows the Natural
Image Quality Evaluator, NIQE, an metric that is a close as possible to human perception.[35, 7, 32].

2.2.6

Loss

One of the most used loss functions in machine learning is mean squared error
loss. In super resolution problem the MSE function computes the average of the
squares of each pixel error[31] . The loss equation can be seen in equation 2.8.

16
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MSE =

1 m n
∑ (xij − yij )2
mn i∑
=1 j =1

(2.8)

i and j indicates the pixel location in the image, x and y are the the compared
images and m and n are their size[31]. The issue addressed by Ledig et. al. [29] is
that the MSE loss gives high value on the PSNR metric but visually looks overly
smooth[29]. This can be seen in figure 2.7, the second image from the left uses only
MSE loss. The authors of SRGAN[29] combined content loss and adversarial loss
to create a perceptual loss. Johnson et. al.[25] proposed in 2016 a perceptual loss
for super resolution and image transfer problems. The perceptual loss is based
on the idea of being closer to perceptual similarity[53, 8]. The authors of[29] used
a VGG-16 network to output a loss function. They used because of the good
mapping feature VGG-16 network has, it encodes information about the image
and has the capability of distinguishing one image from another thus giving it
perceptual abilities [29] 2.23 .

Figure 2.23: The image shows the architecture behind the VGG loss. [25]

Figure 2.24 shows a comparison between results of perceptual loss in both
super resolution and style transfer. In the style transfer case the pixel, in the
result, vary quite a bit and the MSE loss would give a low score on the other hand
the perceptual loss gives a high score[25].

2.3

Mask-RCNN

Mask-RCNN, which stands for Masked Regional Convolutional Neural Network,
is a instance segmentation neural network made by He et. al[19]. The Mask-RCNN
works by extracting regions of interest then passing them through a neural network that predicts the class and showing the end results in a mask form. This differs from other RCNN architectures by working on a pixel level and thus not just

2.3. Mask-RCNN
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Figure 2.24: A comparison between results of the VGG loss mapping. [25, 14]

outputting the bounding box but outputting the outlines of the object detected[39,
45]. Mask-RCNN is an image segmentation architecture, image segmentation is
a technique for partitioning images into different segments contain the object of
interest. Instance segmentation on the other hand is to differentiate the the objects segmented in image segmentation, thus combining semantic segmentation
and object detection, figure 2.25. Mask-RCNN can be used in many applications,
eg. COVID-19 detection in X-Ray images of patient lungs it was found that it was
far better then other deep learning methods [42], another good example would be
building detection or more specific to find the exact footprint of that building [39].

18
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Figure 2.25: The figure shows the different types of classification and segmentation. [13]

3 - Implementation
3.1

Method

As this project focuses on satellite data and upscaling it, the Real-ESRGAN[54]
algorithm was chosen for the project. ESRGAN [53] was initially explored but further investigation showed Real-ESRGAN proved to be superior in terms of training
data handling, as it uses a degradation solution to create synthetic dataset. Due
to the lack of paired training data this is optimal, often the freely available satellite data is usually of low resolution and high resolution data could be expensive.
The degradation process is explained in section 2.2.3 and the first training process
follows the standard degradation parameters as described in Wang et. al.[54]. The
algorithm is then finetuned by introducing different datasets, results are compared
and checked.

Figure 3.1: The ground truth shown in red and the trained Mask-RCNN shown in white.[39, 6]
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Figure 3.2: A Mask RCNN outputs the mask of the detected object and not the bounding box, which
is ideal for detecting house footprints.[19, 39]

As the final step the images are run through a building detection algorithm,
a Mask-RCNN [19], to asses if the super resolution images have an increase performance of detecting buildings in Greenland’s landscape. The Mask-RCNN is
trained on buildings in Greenland and was not trained as a part of this project
3.1[39]. Illustration 3.3 shows the flow of processes in this project.

Figure 3.3: A single satellite image is first converted to 112x112 pixels sized image crops and the
process continues with manually removing blank crops followed by the Real-ESRGAN degradation
process[54] after this step, the training begins. The blank corps are found on the edges of the satellite
image where no or very little data exists. Results are checked afterwards and finetuning is applied
if necessary and the end results are then investigated.

3.2

Dataset

Asiaq[6]has during many years acquired a lot of data, either drone-, satellite or
other remote sensing imagery. As the Real-ESRGAN [54] has been pretrained on
DIV2K dataset[4, 24], which contains daily life image such as image of landscape,
people etc, high resolution aerial imagery was chosen as dataset. Asiaq acquires
high resolution aerial data with a spatial resolution of 0.1m in combination with

3.2. Dataset
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technical map updating. The aerial imagery are orthophotos, meaning they are
geo-accurate and can be used as geo-referencing. The city of Ilullisat was chosen
as the training dataset area due to its large variety of landscape with a combination
of buildings, figure 3.4 shows a part of the dataset.

Figure 3.4: Ilullisat was chosen due to its variety of landscape and buildings[6].

The whole orthophoto of Ilullisat is 70000x90000 pixels so image crops where
exported using ArcGIS Pro [5]. The image crops where chosen to be 112x112 pixels, as earlier experiments showed that larger image crops would fill the GPU ram
and the computer was not able to process them. The data was then checked for
images not containing data, eg. in a corner of the orthophoto where no info exits,
and deleted. Images containing half and half where also deleted. The end result
was a dataset with more than 43000, 112x112 image crops. Around 30 images
where chosen as test images, the figure 3.5 shows some of these test images.
An extension to the previous dataset was also created, figure 3.6. This set contains more buildings and was used to fine tune the algorithm to make it more
robust when upsampling buildings, a total of 13198 images where produced. Although buildings where present in the first dataset less than 1% of image crops
contained buildings.
As the original plan was to upsample Sentinel 2 satellite imagery, Sentinel 2
dataset 3.7 was also created. Sentinel 2 imagery is freely available on Sentinel
EO hub[50]. The data was downloaded and imported into ArcGIS where it was
extracted to the desired dataset format which was explained earlier in this section.
The freely available Sentinel 2 data has a spatial resolution of 10m/pixel whereas
the earlier mentioned aerial imagery has a resolution of 0.1m/pixel [1, 6]. This
dataset contains 13608 images.
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Figure 3.5: Image crops from the test dataset[6].

Figure 3.6: More buildings where included in this dataset expansion.[6].

An additional dataset was also created from SPOT 3.8 satellite data. Unlike
Sentinel 2 data, SPOT is not freely available and has to be purchased. SPOT,
specifically SPOT 6 and 7 has a resolution of 1.6m/pixels and covers the whole

3.2. Dataset
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Figure 3.7: Freely available Sentinel 2 data has a spatial resolution of 10m/pixels and has 13 different
bands to choose from.[50, 1, 20].

coastal area of Greenland[48, 3]. This dataset was created for further training of
the algorithm and for testing consisting of 18122 images.

Figure 3.8: SPOT satellites 6 and 7 cover the whole coast of Greenland .[50, 1, 20].
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Data preparation

As there are no image pairs in the dataset, the pairs are made on the go. A
degradation process is used to degrade a high resolution image by adding noise,
blur etc and thus creating a low resolution image as close as possible to real life
degradation. Two full degradation process where used in sequence of each other.
By having two full processes after one another insures that the degraded image is a
close as real life degradation, that can come from many different factors, eg. sensor
artifacts, jpeg compression, uploading to the internet etc. In reality an image
degradation doesn’t follow a specific pattern and the source can be completely
unknown, thus resulting in a number of unknown degradation steps.

3.3

Training

Training was done on a Windows 10 operated computer with an Intel Xeon CPU,
an Nvidia Quadro K2200 GPU with 4gb of RAM and 68gb of RAM memory. PyTorch[43] was used as the python framework along with a diversity of python
libraries. 400k iterations was chosen initially and took around 17 days to train.
Due to hardware limitation a batch size of 8 was used and images of a size of
112x112 where used. Adam was used as an optimizer for both the generator and
the discriminator with a learning rate of 1e-4 and a multi step learning decay function [38], that reduces the learning rate by half every 100.000th iteration. The other
iterations follow the same parameters except for iterations, they where reduced to
100k to reduce time cost and with multi step learning rate decaying the rate every
33000th iteration.

3.4

Results

The model was tested on some of the 30 images randomly chosen to be test dataset.
The PSNR and SSIM where used as quality metrics as well as visually accessing the
images. PSNR and SSIM where calculated using Matlab[34], both metrics where
explained in section 2.2.5.Figure 3.9 shows 4 images, from left to right, the low
resolution image, a 4x bicubic upsampling, a 4x upsampling using Real-ESRGAN
[54] first iteration and a 4x upsampling using Real-ESRGAN second iteration. The
first iteration implies a training of the algorithm using a dataset mostly containing
landscape whereas the second iteration contains buildings, making the algorithm
more robust on buildings. The baseline is also compared against these two iterations.
At first glans the results looks good, it outperforms the bicubic upsampling and
is visually more fine than the coarse bicubic upsampling. A closer look reveals
that fine details are lost and have become rather smooth, as the project aims to
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Figure 3.9: Low resolution, bicubic, first iteration result and second iteration result. SSIM for the
figures are 0.82, 0.84 and 0.84, respectively The PSNR is 29.5dB, 29.4dB and 28.9dB

improve a building detector, this should not effect the results, the detection part
will be discussed later in the project. Some details on the house are lost in the
first iteration but are somewhat retrieved in the second. Ringing and overshoot
problem have been solved with the addition of houses to the training, as can bee
seen on figure 3.9 which is a shadow projected on a roof from figure 3.10.

Figure 3.10: Before and after the addition of houses to the dataset.

As the overall results look smooth the edges of the roof has been sharpened in
the second iteration. The transition between building and ground is more notable
in the later, this may greatly affect the outcome of the detector, figure 3.11.
A second example can be seen in figure 3.12, here a house with a terrace, where
some terrace details have been improved 3.13. This can also be seen in figure 3.14
The important factors for an object detector is that the edges of the houses
needs to be clearly distinguishable from the surrounding environment. Wherever
or not a patch of grass is visible or recognizable is not so important in this matter.
More examples can be seen in figures below.
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Figure 3.11: The edge has been improved in the second iteration.

Figure 3.12: Sharper edges means more accurate object detection

Figure 3.13: Some of the details on the terrace have been improved.

In figure 3.15 we can see that the bicubic upsampling has made swirls in the
image and the results looks unnatural. The first and second iteration has yielded
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Figure 3.14: An example of a house with a terrace.

Figure 3.15: A good example where bicubic has having a hard time reconstructing images.

good results. Although this figure shows non man made objects there has been an
improvement between iteration one and iteration two. Cut outs from the respective image can be seen in figure 3.16 and 3.17.

Figure 3.16: The rock appear less smooth on the right.

The figures 3.18 to 3.26 shows additional results, the low resolution and its
super resolution counterpart.
A finetuning of the algorithm was also performed by adding Sentinel 2 images
to the dataset. Even though the initial project was directed towards Sentinel 2
image upsampling. The finetuning was conducted with a Sentinel 2 dataset containing around 13000 images and was trained for 100000 iterations. The outcome
was not as good as expected and resulted in discolouring of the super resolution
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Figure 3.17: Less pixelated on the right.

Figure 3.18

images. The results can be seen in the figures 3.27.
The main object was to investigate if a dataset containing aerial imagery from
Greenland could improve an object detector for detecting building in Greenland
environments. The object detector is a Mask-RCNN trained on buildings in the
Greenlandic city of Ummannaq and has proven to yield good results. A minor
flaw that was found during this project was the detector has problems detecting
small building when next to bigger houses. This problem was helped by introducing super resolution imagery. Images of the settlement of Kangaamiut was chosen
as testing grounds for the detector. Image crops of 300x300 pixels where extracted
over different parts of the settlement. The crops where manually chosen to diversify the objects found in the images, images without buildings where also chosen
to check the performance of the detector. Figure 3.28 shows the low resolution
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Figure 3.19

Figure 3.20

Figure 3.21

30

Chapter 3. Implementation

Figure 3.22

Figure 3.23

Figure 3.24
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Figure 3.25

Figure 3.26
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Figure 3.27: The color mismatch originates from the Sentinel 2 dataset

compared to the super resolution, in both cases the detector does a descent job of
finding the house, but has trouble accurately outlining the buildings, this could be
a result of having trained the algorithm on low resolution training data and thus
not making it as accurate on the newly produced super resolution imagery.
In some cases the detector didn’t succeed in finding small buildings, especially when close or next to a larger structure, when using low resolution images.
The figures 3.29 and 3.30 show that when including a super resolution image the
problem was solved.
The asses the object detector the precision and recall was calculate with a 50%
Intersect over Union or IoU. The precision, 3.2 is the ratio of detected true positives
and all the detected objects and the recall, 3.3 is the ratio between detected objects
and actual amount of objects. A true positive needs to be in the right place and
have the right classification, in this project there is only one class, building The
IoU, figure 3.31, on the other hand is the ratio of overlap between the detected
object and the ground truth. A 50% overlap is sufficient for assessing a detector
model.
T

Area(b pred bgt )
S
IoU (b pred , bgt ) =
Area(b pred bgt )

(3.1)

Precision( P) = ( TP/( TP + FP)) x100

(3.2)
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Figure 3.28: The detector has found all buildings in both cases(The low resolution image is enlarged
for visual convenience).

Figure 3.29: Super resolution solved the problem of finding this small building(The low resolution
image is enlarged for visual convenience).
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Figure 3.30: As can be seen in the lower left corner the low resolution(The low resolution image
is enlarged for visual convenience) the building ha not been found, but in the super resolution the
building is found.

Figure 3.31: The IoU is the area of overlap divided by the area of union. [2]

Recall ( R) = ( TP/( TP + FN )) x100

(3.3)

bgt represents the ground truth mask and b pred is the max for the predicted
result of the algorithm. The IoU threshold is usually set to 50% [39, 57]. The
results can be seen in table 3.1
Method:
Low resolution
Bicubic
Real-ESRGAN
Real-ESRGAN GL

Precision:
81.8%
82.7%
85.3%
87.5%

Recall:
92.5%
87.9%
90.2%
97.5%

Table 3.1: The precision for the different methods

In the following figures shows different methods of super resolution are compared and and run through the Mask-RCNN building detection.
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Figure 3.32: The first figures shows a bicubic upsampling the second a plain Real-ESRGAN and
lastly the Real-ESRGAN with Greenland data.
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Figure 3.33: Another example where the detector fails in finding buildings in the bicubic image and
the plain Real-ESRGAN. But the later found "houses" along the dirt road.

In figure 3.32 we can see that the bicubic version fails to find the building in
the right upper corner and only finds half a house in the right center but finds a
"house" in the water. The second figure finds two out of three houses and the last
finds all houses. Anothe example can be seen in figure 3.33.
In some cases all three algorithms fail to find a specific building. In figure 3.34
the building with the green roof has gone unnoticed, but the building next to it
with grey roof is detected. This could be caused by similarity, since the majority
of houses in the Mask-RCNN training dataset has grey roof. This can be solved
by adding a Digital Surface Model, DSM, data to the dataset, as explained by
Mäkinen et. al. [39]. The DSM is not color specific and only accounts for elevation
data.

3.4. Results

Figure 3.34: In this example all three models failed to find the building with the green roof.
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4 - Conclusion
As more and more freely low resolution satellite data is available and the Greenland government needs to keep an up to date technical map, a combination of
super resolution and object detection was investigated, that could solve for a more
accurate building detector. A 4x upsampling was achieved by combining RealESRGAN and aerial data from different cities in Greenland. Firstly the super
resolution algorithm was trained and when results where satisfactory the up sampled images where tested on a Mask-RCNN object detector. The detector was
not trained in conjunction with this project. The overall results where good, with
an improvement when using super resolution image on the Mask-RCNN, even
though the detector was not trained on super resolution images it achieved good
results. Some buildings went undetected, as seen in figure 3.34, the building with
a green roof has been missed by the detector. This is probably caused by the similarity in the detector dataset. As the majority of houses have grey roofs, a roof
with a different colour could cause the detector to miss that building.

4.1

Future work

Although the images are not visually perfect to the human eye, the object detector
does a descent job of finding buildings. A perfect outline of the image was not
accomplished, as seen in figures 3.29 and 3.30, but could be resolved by re training
or finetuning the detector with super resolution images, as the detector is now
trained on low resolution imagery. Digital Surface Model could be introduced to
the dataset when training the detector. As explained by Mäkinen et. al. [39] the
DSM adds elevation data as an extra band to a satellite image and has shown to
improve the Mask-RCNN detector. A DSM accounts only for elevation data and
is a powerful extra data in the Greenlandic landscape as there are minimal trees
and other high bushes to confuse with buildings. Figure 4.1 shows a DSM and a
Digital Terrain Model.
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Figure 4.1: The DSM is a powerful tool in the tree-free Greenlandic environment.
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